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lower bounds for the number of points are surveyed and characterizations of
minimal cubature formulae are given. We include references to all known
minimal cubature formulae. Finally, some methods to construct cubature
formulae illustrate the previously introduced concepts and theorems.
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2 R. CooLs

1. What to expect

This is a paper for patient readers. The reader has to digest several pages
before being enlightened on the direction taken by this paper. Following a
short section with historical notes, Section 3 describes the problem this paper
concentrates upon, approximating multivariate integrals, and presents my
favourite quality criteria. Section 4 sketches several ways to construct such
approximations, one of which is this paper’s real subject. After introducing
concrete integrals and a tool to deal with symmetries in Section 5, we are
ready for the real work.

In Section 6, interpolatory cubature formulae are characterized and the
connection with orthogonal polynomials and ideal theory is in the spotlight.
Sections 7 and 8 are devoted to the determination of lower bounds and the
characterization of minimal cubature formulae. Finally, Sections 9 and 10
concentrate on the art of constructing cubature formulae.

Readers familiar with the construction of quadrature formulae may find
it helpful to spell out the meaning in one dimension of the definitions and
theorems given for arbitrary dimensions.

2. On the origin of cubature formulae
2.1. The prehistory

According to the Oxford English Dictionary, cubature is the determination
of the cubic contents of a solid, that is, the computation of a volume. We
are interested in the construction of cubature formulae, that is, formulae
to estimate volumes. The problem of measuring areas and volumes has
always been present in everyday life. The ancient Babylonians and Egyp-
tians already had precise and correct rules for finding the areas of triangles,
trapezoids and circles (for the Babylonians 7 equalled 3, for the Egyptians
235/81) and the volumes of parallelepipeds, pyramids and cylinders. They
thought of these figures in concrete terms, mainly as storage containers for
grain. They discovered these rules empirically.

The first abstract proofs of rules for finding some areas and volumes are
said to have been developed by Eudoxus of Cnidus in about 367 BC. About
a century later, his method was further developed by Archimedes. In the
middle of the 16th century Archimedes’ work became available in Greek and
Latin and in the 17th century his method became known as the method of
exhaustion. It culminated in the 19th century in the isolation of the concept
of Riemann integration, defined by approximating Riemann sums.

In southern Germany, due to increased commerce, measuring the contents
of wine barrels became important in the 15th century, and therefore approx-
imations were introduced. In 1613, Johannes Kepler witnessed a salesman
using one gauging-rod to measure the contents of all Austrian wine barrels
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without further calculations. This was the motivation for what became his
book Nova Stereometria Doliorum Vinariorum® (Kepler 1615). It turned
out that for the type of barrels used in Austria, the approximation used by
the salesman was quite good. At the end of the book Kepler wrote that
his book was longer than he had expected and people could just as well
continue to use the approximation. In his final sentence he philosophizes on
the eternal compromise between approximations and exact calculations:

Et cum pocula mille mensi erimus,
Conturbabimus illa, ne sciamus.?

The start of the modern study of volume computation is usually linked with
Kepler.

The word ‘cubature’ appeared in the written English language around
the same time. The oldest known reference, according to the Oxford English
Dictionary, is a letter from Collins in 1679 containing the sentence: ‘In order
to the quadrature of these figures and the cubature of their solids.” From
1877 we cite Williamson: ‘The cube ...is ...the measure of all solids, as the
square is the measure of all areas. Hence the finding the volume of a solid
is called its cubature.’

The formulation of the problem of measuring in terms of integrals and
functions is much more recent. The first cubature formula in the form we
are now familiar with was constructed by Maxwell (1877). And that is when
our story starts. For us, a cubature formula is a weighted sum of function
evaluations used to approximate a multivariate integral. (The function is not
necessarily the integrand, nor is the same function used for each evaluation.)
The prehistory of our field of interest thus ends in 1877. In the following
section we briefly sketch different approaches and specify the approach we
follow in the rest of this paper.

2.2. In search of a pedigree

There are several criteria to specify and classify cubature formulae based on
their behaviour for specific classes of functions. A classical way to present
a survey is to sketch the pedigree of different approaches.

The oldest criterion is the algebraic degree of a cubature formula, used by
James Clerk Maxwell in 18773. This criterion is obviously inherited from
the work on quadrature formulae. We have no idea what a cubature formula
of algebraic degree d will give us when applied to a function that is not a
polynomial of degree smaller than or equal to d.

! Solid Geometry of Wine Barrels

2 After measuring a thousand cups, we will be so confused that we lose our head.

3 When we write that something happened in a particular year, we in fact refer to the
year the results were published.
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The second oldest approach to approximate multivariate integrals does
not have this problem. One evaluates the integrand function in a number
of randomly selected points and uses the average function value. This is
the classical Monte Carlo method. The idea came to Stanislaw Ulam, Nick
Metropolis and John von Neumann while working on the Manhattan Project
in 1945. From the Strong Law of Large Numbers it follows that the expected
value this method delivers is the integral. If one restricts the integrands to
the class of square integrable functions, the Central Limit Theorem gives
rise to a probabilistic error bound known as the ‘N/2 law’: for a fixed level
of confidence, the error bound varies inversely as N/2.

Because truly random samples are not available and the error estimate of
the Monte Carlo method is only probabilistic, researchers in the early 1950s
became interested in quasi-Monte Carlo methods. The method received
its name from R. D. Richtmyer (1952). In these methods one uses, as in
the classical Monte Carlo method, an equal-weights cubature formula but
chooses the points to be ‘better than random’. One obtains rigorous error
bounds that behave better than the N/2 law. The first quasi-Monte Carlo
methods were based on low discrepancy sequences. Another type of quasi-
Monte Carlo method is the method of good lattice points introduced by
Nikolai M. Korobov (1959). The more general notion of a lattice rule was
introduced by Konstantin K. Frolov (1977) and rediscovered by Ian H. Sloan
and Philip Kachoyan (1987).

It should be noted that Frolov did not see his rules as quasi-Monte Carlo
methods. He constructed cubature formulae that are exact for a set of trigo-
nometric polynomials, that is, his criterion is the trigonometric degree. It is
strange that his paper is not cited in the Russian literature on cubature for-
mulae of trigonometric degree. We will see that there are many similarities
between the construction of cubature formulae of algebraic degree and the
construction of formulae of trigonometric degree. In addition, Frolov made
the link with lattice rules. Hence the pedigree approach breaks down here
and we will use another thread for this story.

We will focus on cubature formulae that are exact for a certain class of
functions: polynomials, both algebraic and trigonometric. Cubature formu-
lae of algebraic degree and lattice rules fit in this single framework.

Cubature formulae of algebraic degree play an important role for low di-
mensions and are essential building blocks for adaptive routines to compute
integrals. Practical experience with lattice rules is still limited. Most people
expect them to be important for high dimensions. However, there already
exist two-dimensional applications that benefit from their properties.
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3. Problem setting and criteria

An integral [ is a linear continuous functional

1)i= [ wix)f(x) dx (3.1)
where the region 2 C R™. We use x as a shorthand for the variables
z1,T9,...,Ty. We will always assume that w(x) > 0, for all x € , that is,

I is a positive functional.
It is often desirable to approximate I by a weighted sum of (easier) func-
tionals such that

I[f] ~ Q[f] = Zw]L [f] (3.2)

where w; € R. We will only consider approximations that are exact for
a given vector space of functions and we start with a very general result
on the existence of such approximations, due to Sobolev (1962); see also
Mysovskikh (1981).

We will need the following lemma.

Lemma 3.1 The system of linear equations
Ax=b with AcC*, beCHt, xcC”

has a solution if and only if Z] 1 b;¥; = 0 for all solutions y of A*y =0
(A* = AT § is the complex conjugate of ¥).

Proof. Let L be the vector space generated by the columns a®, ... a®
of A, and L+ C C" the orthogonal complement of L. Thus y € Lt if and
only if y is orthogonal to all columns of A. Hence L' is the subspace of all
solutions of A*y = 0.

Ax = b has a solution if and only if b € L. But b € L if and only if b is
orthogonal to y and A*y =0. O

Let F be a vector space of functions defined on Q@ C R™ and Fy C F
a subspace. Let I be a linear, continuous functional defined on F', that
is approximated by a linear combination of other functionals (3.2) with
constant coefficients. Let

Foz{fEFlZLj[f]:O,jzl,...,N}CFI.

Theorem 3.1 A necessary and sufficient condition for the existence of an
approximation (3.2) that is exact for all f € Fj is

feF,=If] =0. (3.3)

Proof. Tt is trivial that the condition is necessary. It remains to be proven
that it is sufficient.
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Let fi, ¢ = 1,...,u be a basis of Fj. Then the approximation (3.2) is
exact for all f € F if and only if it is exact for f;, i =1,..., u:

Zw] 1fi] = I[fi]. (3.4)

(3.4) is a system of linear equations for the weights w;, j =1,...,N.
Let (a1, ...a,)T be the solution of the adjoint homogeneous system:

f:ajLi[fj] =0, i=1,...,N. (3.5)
=1

The lemma implies that (3.4) has a solution if and only if 3°%_; a;I[f;] =0
which is equivalent to

7
I [Z a; f]] = 0. (3.6)
j=1

But (3.5) is equivalent to

7]
L; [Zajfj] =0, i=1,...,N,
=1

which means that f = 3°%_, a;f; € Fy. Hence the necessary and sufficient
condition (3.6) for the solvablhty of (3.4) can be written as I[f] = 0. From
the solvability of (3.4) follows the sufficientness of (3.3). O

We will only consider functionals L; that are point evaluations. Most

often L;[f] = f(yO) for a y¥) € R™ but occasionally one encounters ap-
proximations that use partial derivatives of f, that is,

6_71+ +]nf (])
oaT md{,(y ).

Unless stated otherwise, we shall concentrate on approximations that use
function values only. If n = 1, then @ is called a quadrature formula. If
n > 2, then @ is called a cubature formula. If partial derivatives are used,
@ is called a generalized cubature formula. So, for our purposes, a cubature
formula @ has the form

Li[f] =

N
I1f]~ QIf] =3 _w; f(y?). (3.7)

j=1
The choice of the points y) and weights wj; is independent of the function

f. They are chosen so that the formula gives a good approximation for some
class of functions.
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According to Rabinowitz and Richter (1969), a good quadrature or cub-
ature formula has all points y) inside the region © and all weights wj
positive. Positive weights imply that @ is also a positive functional. As
Maxwell (1877) noted when he obtained a cubature formula for the cube
with 27 points, some outside the cube, it might be difficult to apply a cub-
ature formula when points are outside the region 2

This, of course, renders the method useless in determining the integral from the
measured values of the quantity u, as when we wish to determine the weight of
a brick from the specific gravities of samples taken from 27 selected places in the
brick, for we are directed by the method to take some of the samples from places
outside the brick.

In the remainder of the paper, we will only consider cubature formulae
that are exact for algebraic or trigonometric polynomials.

Let a = (a1,a2,...,0n) € Z" and |o] = X7, |aj|. An (algebraiq)
monomial in the variables xq, x5, ..., T, is a function of the form H;”Zl 33?1,

also denoted by x%, for a € N". A trigonometric monomial is a function of
the form

n
H e?™ %% where %= -1,
=1

also denoted by €271, An algebraic, respectively trigonometric, polynomial
in n variables is a finite linear combination of monomials, that is,
o0 o0
p(x) = Z anx%, respectively t(x) = Z age’™ o,
ay,...,an=0 A ,yeey Qi =—00

For trigonometric polynomials, some authors add the restriction that a,
and a_, are complex conjugates. One can of course also use sine and cosine
functions to describe real trigonometric polynomials. This restriction is
unnecessary here.

The degree of a multivariate algebraic or trigonometric polynomial v is
defined as

deg(o) = { el a0 # 0} i 20,

The vector space of all algebraic polynomials in n variables of degree at
most d is denoted by P7. The vector space of all trigonometric polynomials
in n variables of degree at most d is denoted by 77. The dimensions of these
vector spaces are:

d

s = $(2) (9

1=0

dimP? = (”+d) and
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We can now formulate the criterion we will most often use.

Definition 3.1 A cubature formula @ for an integral I has algebraic, re-
spectively trigonometric, degree d if it is exact for all polynomials of algeb-
raic, respectively trigonometric, degree at most d and it is not exact for at
least one polynomial of degree d + 1.

Cubature formulae of algebraic degree are available for a large variety of
regions and weight functions. For a survey, we refer to Stroud (1971) and
Cools and Rabinowitz (1993). Cubature formulae of trigonometric degree
are only published for 2 = [0,1]" and w(x) = 1, and in this paper we will
only consider this region. For a survey, we refer to Cools and Sloan (1996).

The overall degree of a multivariate polynomial v is defined as

d—eg(v)z{ max{max{|a;|: j=1,...,n} 1 aq #0} ifv#0,

—o0 ifv=0.

The vector space of all algebraic polynomials in n variables of overall degree
at most d is denoted by 52. The vector space of all trigonometric poly-
nomials in n variables of overall degree at most d is denoted by 7. The
dimension of these vector spaces are:

dimP; = (d+1)" and dim7, = (2d+1)".
We can now define another criterion for cubature formulae.

Definition 3.2 A cubature formula () for an integral I has algebraic, re-
spectively trigonometric, overall degree d if it is exact for all algebraic, re-
spectively trigonometric polynomials of overall degree at most d, and it is
not exact for at least one polynomial of overall degree d + 1.

A notable example of cubature formulae with overall algebraic degree d
is the family of Gauss-product rules, obtained from quadrature formulae of
degree d.

Most known cubature formulae for integrals of periodic functions on the
unit cube [0,1)" are so-called lattice rules and for them a criterion used
much more often than the trigonometric degree is the Zaremba index. The
Zaremba index is related to the dominant terms in the error of the lattice
rule for a worst possible function in a particular class of functions.

Definition 3.3 A multiple integration lattice L in R™ is a subset of R™
which is discrete and closed under addition and subtraction and which con-
tains Z™ as a subset. A lattice rule is a cubature formula for approximating
integrals over [0,1)" where the N points are the points of a multiple integ-
ration lattice L that lie in [0,1)"™ and the weights are all equal to 1/N.
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Fig. 1. Monomials for which a two-dimensional cubature formula is exact

Definition 3.4 A cubature formula @ for an integral I has Zaremba index
d if it is exact for all trigonometric monomials €27 1°* with

{ 1 if =0,

Hr,—<d with 7, := | if s #£0
1 b

i=1
and it is not exact for at least one monomial with d = [, .

Why is the algebraic degree of a cubature formula a measure of its qual-
ity? The main argument is that a well-behaved function is expected to be
well approximated by a polynomial (for instance a Taylor series) and con-
sequently its integral is expected to be well approximated by a cubature
formula of a suffienciently high algebraic degree. Another argument, which
applies only to some regions, is that the rate of convergence of a compound
cubature formula as the mesh size shrinks is directly related to the algeb-
raic degree of the basic cubature formula. This follows from the asymptotic
error expansion for compound cubature formulae, which we will encounter
in Section 4.

Why is the trigonometric degree, as well as other criteria based on trigo-
nometric polynomials, a measure of the quality of a cubature formula? The
main argument is that a well-behaved function is expected to be well approx-
imated by a trigonometric polynomial (for instance its Fourier series) and
consequently its integral is expected to be well approximated by a cubature
formula of a sufficiently high trigonometric degree.

One uses other criteria, such as the overall algebraic or trigonometric
degree or the Zaremba index, if one has reasons to believe that the corres-
ponding set of monomials is more relevant. This is obviously connected to
one’s favourite way to study the error of a cubature formula when applied
to a function for which it does not give the exact value of the integral.

We will use the symbol V7 to refer to one of the vector spaces P75, Py, T%
or 73. The results we present in this paper are also valid for other vector
spaces, but one has to be cautious. A property that is needed to generalize
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several proofs is that the convex hull of the powers of « of the monomials
in V¢ contains only these monomials. In Figure 1 we illustrate this for the
trigonometric degree, overall trigonometric degree and Zaremba index. It is
obvious that the Zaremba index no longer has a role to play in this paper.
The role of this criterion is important in the context of quasi-Monte Carlo
methods. For readers who want to know more about this, we recommend
Niederreiter (1992) and Sloan and Joe (1994).

4. Different ways to construct cubature formulae

In Section 2.2 we mentioned that there is more than one way to obtain a
cubature formula. Much depends on the quality criterion used. As stated
earlier, in this paper we restrict our attention to cubature formulae that
are designed to be exact for a vector space of algebraic or trigonometric
polynomials. Even then there are several ways to reach this goal and in this
section we will briefly outline some of these. The examples in this section will
only be two-dimensional but the ideas behind them are perfectly general.

4.1. Repeated quadrature

No doubt the field of quadrature is more threaded and explored than its
multivariate counterpart. It is hence not surprising that even today many

people use the product of two quadrature formulae to integrate over a square.
Let

1 N :
/ g(z)dr ~ ijg(a:(”) (4.1)
0 et

be a quadrature formula of degree d., then

1,1 N N

/ / flz,y)dzdy ~ Z Zwiwjf(m(i),a:(j)). (4.2)
0 J0 i=1j=1

If the quadrature formula (4.1) has algebraic degree d, then the cubature
formula (4.2) has overall algebraic degree d.

One can use different quadrature formulae for each of the one-dimensional
integrals. Even the one-dimensional integrals may have different limits or
weight functions. If the quadrature formula in x has degree d, with N,
points and the formula in y has degree d, with NV, points, the resulting
cubature formula will be exact for a space of polynomial ‘between’ P} and
Pp with d := min{d;,d,} and D := max{d;,d,}, and has N = NN,
points.

4.2. Change of variables

If one encounters a new problem, it is tempting to transform it into a problem
for which a solution is familiar. For instance, an integral over a circle or
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triangle can be transformed into an integral over a square:

/Ol/ozf(at,y)dyd:c = /Olzv/olf(a:,xt)dtd:c,

1 V1—x2 1 p2rn
z,y)dydx = / / cosf,rsinf)dfdr.
[ T T i —

One can then use repeated quadrature, preferably using quadrature formulae
that take the Jacobian of the transformation into account. For the above
examples a possible choice is a combination of a Gauss-Legendre and an
appropriate Gauss—Jacobi quadrature formula. This results in a so-called
Conical Product rule for the triangle and a Spherical Product rule for the
circle (Stroud 1971).

Transformations can have surprising advantages and disadvantages. For
example, the above transformation of a triangle into a square, mentioned
by Stroud (1971), but now usually referred to as the Duffy transformation
(Duffy 1982), removes some types of singularity from the integrand (Lyness
1992, Lyness and Cools 1994), but the resulting cubature formula lacks
symmetry. In fact there are three distinct Conical Products rules for each
degree, depending on which vertex of the triangle is the preferred one.

4.83. Compound rules and copy rules

It can happen that the given integration region has an unusual shape for
which no cubature formula is available, but that it can be subdivided into
standard regions for which cubature formulae are available. The sum of
all cubature formulae on all subregions is a so-called compound rule. If a
cubature formula on a standard region does not give a result that is accurate
enough, because it is applied to a function for which it was not designed to
give the exact result, one can also subdivide and apply a properly scaled
version of the given cubature formula on each subregion. And so on until
one obtains the desired accuracy.

If the given region can be subdivided in congruent regions, a special kind
of compound rule, the copy rule, becomes interesting. If, for example, the
integration region is a square, one can divide this into m? identical squares,
each of side 1/mth the original side, and apply a properly scaled version of
the given cubature formula to each. This approach looks expensive, espe-
cially if the dimension goes up, but is appealing because an error expansion
is readily available.

So far, we have considered cubature formulae that are exact for a certain
vector space. Almost all users will apply them to functions for which they
do not give the exact result. So, we have arrived at a point where we need
to say something about the error, that is, Q[f] — I[f].
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For regular f(z,y) € CP, p € N, the almost self-evident extension of the
one-dimensional Euler-Maclaurin expansion may be expressed as

p—1
Qs 11f1 = Y, PLD 4 ogm), (43)
i=1
where Q™) is the m?-copy of @ and the coefficients B; depend on the cub-
ature formula @, the integral I and the integrand f.

Once it is known that an error expansion such as (4.3) exists, Richardson
extrapolation (Richardson 1927) can be used to speed up convergence (by
eliminating terms of the error expansion). In order to apply extrapolation
one need not know all details: the value of the B; need not be known.

The m-copy rules for cubes and simplices have received considerable at-
tention, because for some classes of non-regular functions, error expansions
are also available and Richardson extrapolation can be used to speed up
convergence. It is beyond the scope of this text to pursue this further. The
situation seems to be that for many algebraic or logarithmic singularities
that occur at a vertex or along a side, an appropriate expansion exists. For
a brief survey of what is available for a triangle we refer to Lyness and
Cools (1994). Readers who want to know more about this topic will find
it in Lyness and McHugh (1970), Lyness and Puri (1973), Lyness (1976),
de Doncker (1979), Lyness and Monegato (1980), Lyness and de Doncker-
Kapenga (1987), Lyness and de Doncker (1993), Verlinden and Haegemans
(1993).

4.4. Direct construction of cubature formulae

In the previous subsections we described indirect approaches to constructing
cubature formulae. These are not the main subject of the article. We are
especially interested in the direct approach.

Suppose one wants a cubature formula that is exact for all functions of a
vector space of functions. Because an integral and a cubature formula are
linear operators, it is sufficient and necessary that the cubature formula is
exact for all functions of a basis of the vector space. Hence, if one desires a
cubature formula that is exact for a vector space V§ and if the functions f;
form a basis for V7, then it is necessary and sufficient that

Qlfy=11f], i=1,...,dimVj. (4.4)

If the f; are monomials, then the right-hand sides of (4.4), the so-called
moments, are known in closed form or can be evaluated. When the left-
hand sides of (4.4) are replaced by the weighted sum of function values (3.7)
and the number of points NV is fixed, then one obtains a system of nonlinear
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equations in the unknown points y) and weights w;

N
Swifily?)=1I[f], i=1,...,dimV3. (4.5)

i=1

We are interested in cubature formulae with a ‘low’ number of points. In
Section 7.1 we will search for a lower bound for the number of points de-
pending on V7.

At this point we want to mention that one can distinguish between two
approaches to construct cubature formulae the direct way:

e one may proceed directly to solve the system of nonlinear equations, or
e one can search for polynomials that vanish at the points of the formula.

The foundation for successful application of the first approach is laid in Sec-
tion 5. The building blocks for the second approach are presented in Section
6. The second approach has been very successful in (one-dimensional) quad-
rature. Most published cubature formulae were, however, obtained using the
first approach.

5. On regions and symmetry

We will always try to be as general as possible but we will soon discover
that, for instance, lower bounds for the number of points depend on the
specific region © and weight function w(x). In this section we will define
some standard regions and describe their most important property, namely
symmetry.

5.1. Standard regions

In this paper we will encounter the following regions and weight functions
for the algebraic-degree case:

C,: the n-dimensional cube
Q:={(z1,...,2n): —1<2; <1,i=1,...,n}
with weight function w(x) := 1,
C$: the square
Q:={(z1,22): -1 <z; < 1,1 =1,2}
with weight function

w(zy,z2) = (1 — a:%)"‘(l — x%)a, a > —1,
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Sp: the n-dimensional ball

with weight function w(x) := 1,
U,: the n-dimensional sphere, that is, the surface of the ball

Q=< (z1,...,7 Z.’L‘
Jj=1

with weight function w(x) := 1,

T,: the n-dimensional simplex

n
Q::{xl,.., Z landmiZO,izl,...,n}

with weight function w(x) := 1,

: the entire n-dimensional space  := R"™ with weight function

n
w(x) = e ™ with 7%= Zw?,
j=1

E7: the entire n-dimensional space 2 := R™ with weight function
w(x) :=e"".

The trigonometric-degree case deals usually with the following region:

Cr:

»: the n-dimensional cube

Q:={(z1,...,20):0< 2z, < 1,i=1,...,n}
with weight function w(x) := 1.
We will use the above notation to refer to both the region and weight function
and to the integral over this region with this weight function.
5.2. Symmetry groups

The symmetry of an integral is described by its symmetry group. Let G
be any group of orthogonal transformations that have a fixed point at the
origin, and let |G| denote the order of the group.

Definition 5.1 A set {2 C R" is said to be invariant with respect to (w.r.t.)
a group G if Q is left unchanged by each transformation of the group, that
is, g(Q) = Q, for all g € G. A function f is said to be invariant w.r.t. G
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if it is left unchanged by each transformation of the group, that is, f(x) =
f(g(x)) for all g € G. An integral is invariant w.r.t. G if both its region and
weight function are invariant w.r.t. G.

Note that Sy, Uy, E,’f and E] are invariant w.r.t. each group of orthogonal
transformations.

Definition 5.2 The G-orbit of a point y € R" is the set {g(y) : g € G}.

A G-orbit of a given point is obviously an invariant set w.r.t. G. Observe
that the number «f points in an orbit depends on the given point.

Example 5.1 Letn =2, Q= {(z,y) : =1 < z,y < 1} and G the group
of linear transformations for which € is G-invariant. The group can be
represented by the following set of matrices:

o) (L) (o L) (1 d)
(o &) (1 o) (5 1) (5 0

The orbit of an arbitrary point (a,b) is

{(a’v b)’ (b7 _a)’ (_a’ _b)? (_bv a), (a7 _b)’ (b’ a)’ (_av b)a (—b, -a)}'
Orbits can have less than 8 points:
e the orbit of (a,a), a # 0, is {(a, a), (—a,a), (a, —a), (—a,—a)}
e the orbit of (a,0), a # 0, is {(a,0), (—a,0),(0,a),(0,—a)}
e the orbit of (0,0) is {(0,0)}.

The most important symmetries for our purposes are central symmetry
and shift symmetry.

Definition 5.3 A set, integral or, respectively, cubature formula is called
centrally symmetric if it remains unchanged under reflection through the
origin, that is, it is invariant w.r.t. the group of transformations

Ges == {x— x,x — —x}.

Given a € R", let {a} € [0,1)™ denote the vector each of whose compon-
ents is the fractional part of the corresponding component of a.

Definition 5.4 A set, integral or cubature formula is called shift symmet-
ric if it is invariant w.r.t. the group of transformations

Gooi= {x—xx = {x+ (3o ).

Shift symmetry is for the trigonometric-degree case what central sym-
metry is for the algebraic case. C, is centrally symmetric and C is shift
symmetric.
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The other important groups are the symmetry groups of regular polytopes
and their subgroups. The most common are:

An,n>2 : symmetry group of a regular simplex
B,,n>2 : symmetry group of a cube

F',n =2 : dihedral group, that is, symmetry group of regular m-gon
Is,n=3 : symmetry group of a regular icosahedron.

(The origin is the barycentre of the regular polytopes.)

In addition, the associated group A} is obtained from A, by adding the
reflection through the origin as generator to the group.

Regions and cubature formulae are often called fully symmetric when they
are By,-invariant, that is, when they are invariant w.r.t. the following group
of transformations:

Gp, = Grs:={(z1,...,2n) = (S1Zp;,-- ., SnTp,) :
sie{-1,+1}ie{1,....,nh{p,...,on} ={1,...,n}}.

Example 5.1 dealt with this group. Observe that fully symmetric regions
are also centrally symmetric.

Regions and cubature formulae are often called symmetric when they are
invariant w.r.t. the following subgroup of Grg:

Gs :={(z1,...,2n) — (81Z1,...,8nZn) : 8; € {—1,+1},i € {1,...,n}}.

Definition 5.5 A cubature formula is said to be invariant w.r.t. a group
G if the region €2 and the weight function w(x) are G-invariant and if the
set of points is a union of G-orbits. All points of one and the same orbit
have the same weight.

A G-invariant cubature formula can be written as

K
Q] ==Y wiQa(y)[f, (5.1)

=1

where the functional Qg(y¥)) is the average of the function values of f in
the points of the G-orbit of y(). Qc(y) is called a basic G cubature rule
operator.

5.8. Usefulness for cubature formula construction

The usefulness of symmetry groups in the context of constructing cubature
formulae is highlighted by the following result, due to Sobolev (1962). Let
F be a vector space of functions defined on ©Q C R™ that is G-invariant, so
that g(f) € F for all f € F and g € G.
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The G-invariant functions of F'
F(G):={feF:g(f)=f for all g € G}.
form a subspace

Theorem 5.1 Let G be a finite group of linear transformations acting
on F. Then, every G-invariant linear functional on F' is determined by its
restriction to F(G).

Proof. For every h € G we have

h (Z g(f)) =D h(g(f)) = > hg(£)) =D 9(f),

geG geG hgeG geG

hence 37 ¢ 9(f) € F(G).
Let I be a G-invariant linear functional on F', so that I[g(f)] = I[f] for

all f € F and g € G. Hence we have

I1f) = ﬁ S Ig(f) =1 [l—él ) g(f)} |

geG e

This proves the theorem, since we showed that for each f € F, a function
in F(G) exists such that the functional gives the same result for both. O

The usual formulation of this theorem is an obvious corollary and is gen-
erally known as Sobolev’s theorem.

Corollary 5.1 (Sobolev’s theorem) Let the cubature formula @ be G-
invariant. The cubature formula has degree d if it is exact for all invariant
polynomials of degree at most d and if it is not exact for at least one poly-
nomial of degree d + 1.

The exploitation of the symmetry of the region by imposing a structure
to the cubature formula has a simplifying effect. If one wants a G-invariant
cubature formula (5.1), the necessary and sufficient conditions (4.4) can be
replaced by the reduced system of nonlinear equations

Qloi] =I[gs), i=1,...dimVZ(G), (5.2)

where the ¢; form a basis for V(G). The larger the symmetry group G,
the lower the dimension of the space of all G-invariant functions and, con-
sequently, the easier it will be to determine a cubature formula.

Example 5.2 If p(x) is an algebraic monomial, deg(p) is odd, and Q is
a centrally symmetric cubature formula, then I[f] = Q[f] = 0. If ¢(x) is a
trigonometric monomial, deg(t) is odd and @ is a shift symmetric cubature
formula, then I[f] = Q[f] = 0. So the symmetry of the cubature formula
suffices to integrate odd-degree monomials exactly. This is in agreement
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with Sobolev’s theorem because all invariant polynomials for both groups
have even degree, and thus odd-degree monomials need not be taken into
account.

§.4. Invariant theory

We will now mention some results from invariant theory, a tool for working
with vector spaces of invariant polynomials. This will help us to set up the
system of nonlinear equations (5.2).

Definition 5.6 The G-invariant polynomials ¢1,...,¢; form an integrity
basis for the invariant polynomials of G if and only if every invariant poly-
nomial of GG is a polynomial in ¢4,...,¢;. Each polynomial ¢; is called a
basic invariant polynomial of G.

Because the degree of a polynomial is left unchanged by a linear trans-
formation of the variables, one can restrict the search of basic invariant
polynomials to homogeneous polynomials. If the number of basic invariant
polynomials | > n, then there exist polynomials equations, called syzygies,
relating ¢1, ..., ¢;. Syzygies come into play when calculating the dimension
of a vector space of invariant polynomials.

Some properties are summarized by the following theorems.

Theorem 5.2 There always exists a finite integrity basis for the invariant
polynomials of a finite group G.

Theorem 5.3 Let G be a finite group acting on the n-dimensional vector
space R™. G is a finite reflection group if and only if the invariant polyno-
mials of G have an integrity basis consisting of n homogeneous polynomials
which are algebraically independent.

Example 5.3 For the symmetry group of a regular m-gon, H7", it is very
convenient to use basic invariant polynomials in the variables ¢ and y, or in
polar coordinates r and 6:

oy = r? =x2+y2,

Om = r™cos(mf) =Y (—1) (727;) TN
=0

In HJ' one can distinguish two types of element: there are orientation-
reversing transformations (reflections) and orientation-preserving transform-
ations (rotations). The rotations of HJ* form a subgroup R% of order m.

5 is not a reflection group and thus an integrity basis consists of more than
two polynomials. In addition to o9 and o, one can use as basic invariant
polynomial

o, = r™ sin(mb).
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The syzygy relating oa, 0., and o), is

o — ok, — o2 = 0.

For proofs of the theorems, basic invariant polynomials and other inform-
ation we refer to Fisher (1967) and Flatto (1978).

6. Characterization of cubature formulae
6.1. Interpolatory cubature formulae

Because we are interested in cubature formulae with a ‘low’ number of
points, we can restrict our attention to interpolatory cubature formulae.
Indeed, when a non-interpolatory cubature formula is given, by applying
Steinitz’s Austauschsatz (Davis 1967) an interpolatory cubature formula that
uses a subset of the given points can be constructed.

Definition 6.1 If the weights of a cubature formula of degree d are uniquely
determined by the points, the cubature formula is called an interpolatory
cubature formula.

A cubature formula that is exact for all elements of V7 is determined by
a system of nonlinear equations (4.4) or (5.2):

Q[fl] ZI[fi}, 1= 1,...,dimvg, (61)

where the f; form a basis for V7. If the points of a cubature formula are
given, then (6.1) is a system of dim V} linear equations in the N unknown
weights. Hence an interpolatory cubature formula has N < dimV} and
there exist N linearly independent polynomials Uy, ...,Uny € V} such that

Ul(y(l)) UN(y(l))
det : : # 0.

Ul(y(N)) e UN(y(N))

These polynomials generate a maximal, not uniquely determined, vector
space of polynomials that do not vanish at all given points.

One can always find ¢ := dim V] — N polynomials py, ..., p; such that the
polynomials

Ul?"'aUN?pl""apt

form a basis for V]. Then one can solve

Ui(y®) ... Un(yD) a1 pi(y®)

U (y™M) ... Un(y™) a;N pi(y™)
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and so obtain ¢t = dim Vj; — N linearly independent polynomials
N
Rfi:pi_zaijij i=1,...,t (62)
j=1

that vanish at the given points of the cubature formula. We can replace the
polynomials p; in the basis of V}; by the polynomials R;.

With every cubature formula of degree d one can associate a basis of Vj
that consists of dim V; — N polynomials R; that vanish at all the points of
the cubature formula and N polynomials U; that do not vanish at all points.
A cubature formula is thus fully characterized by the polynomials R;. The
polynomials U; give rise to a linear system that determines the weights.

These characterizing polynomials provide the links between cubature for-
mulae on one hand, and orthogonal polynomials and ideal theory on the
other hand.

6.2. Orthogonal polynomials
Because each R; (6.2) vanishes at all points of the cubature formula,
Q[R:P] =0, forall PeV".
Because the cubature formula has degree d,
IR;P] = Q[R;P] =0 whenever R;P € Vj}.
And that brings us to orthogonality.

Definition 6.2 A polynomial f € V" is called d-orthogonal (w.r.t. a given
integral I), if I[fg] = 0 whenever fg € V}.

Definition 6.3 A polynomial f € V" is called orthogonal (w.r.t. a given
integral I), if I[fg] = 0 whenever deg(g) < deg(f).

The polynomials R; that characterize a cubature formula of degree d are
d-orthogonal.

In contrast with the one-dimensional case, in the n-dimensional case more
than one orthogonal polynomial of a given degree d exists. Sequences of or-
thogonal polynomials can be constructed with dim Vz”l linearly independ-
ent polynomials of degree d and many such sequences exist.

The trigonometric case
For the integral with region C7,

1= [ 76 ax

any trigonometric monomial is orthogonal to every trigonometric monomial
of a lower degree. Hence, these are the obvious choice when w(x) = 1.
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We have only found other weight functions in theoretical results where
orthogonal polynomials are only used implicitly.

The algebraic case
It is a generalization of a result of Jackson (1936) that there exist dim P7
unique orthogonal polynomials of degree d of the form

POLEZ O (g o Ty) = 270X X0 4+ Q (6.3)

with 37" a; = d and @ € Pj_;. The polynomials of the form (6.3) are
called basic orthogonal polynomials.

For so-called product regions, that is, when the region of integration is
a product of intervals and the weight function is a product of univariate
functions, so that

by bn
I[f] = wy(z1) ... wp(zn) f(x)day, ... dag,

ax an

the basic invariant polynomials are products of monic univariate orthogonal
polynomials. For example, in Ca, we have P®!(x,y) = Py(z)P,(y), where
P;(z) is the monic Legendre polynomial of degree ¢ in xz. The regions C,
and E,le are product regions and their basic invariant polynomials are the
product of monic Legendre and Hermite polynomials, respectively.

As the explicit expressions for the basic orthogonal polynomials for S,
and T, are not well known, we list them here.

Sp: Let @ € N* and 8 < /2 (that is, 0 < 8 < o;/2 for i = 1,...,n).
Then,

-3 (1 |;3|F lal — 18] + n/2) H a;! <28
B<a/2 |a| + n/2)22|ﬁ| j=1 ( - 25])'/6]
See Appell and Kampé de Fériet (1926).

T,: Let o € N* and # < « (that is, 0 < 8; < ; for i =1,...,n). Then,

o) = 7 (—p)el+iai ol + 18l n — 1! ( <>_)ﬂ
P(x) = (-1l 2la] +n—1)! 1;11 5 a1 <

B<a

See Appell and Kampé de Fériet (1926) for n = 2 and Grundmann and
Moller (1978) for n € N.
ET‘

T An explicit expression for the basic invariant polynomials has not yet
been shown.

The basic orthogonal polynomials reflect the symmetry of the integral. If
the integral is centrally symmetric then the basic orthogonal polynomials
of even (odd) degree consist of even (odd) degree monomials only. If the
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integral is fully symmetric then the basic orthogonal polynomial P*(x) with
all a; even (odd) consists only of monomials with even (odd) powers of z;,
for all i € {1,...,n}. Furthermore, PP(?)(x) = P*(p(x)) where p performs
a permutation on the components of its vector argument.

The structure of basic invariant polynomials motivates the following.

Definition 6.4 A set of polynomials S is called fundamental of degree d
whenever dim Vs_l (= dim Vj —dim V}* ;) linearly independent polynomials
of the form 27" ... 20" + Qq, Qa € V§_;,|a] = d, belong to span S.

6.3. Polynomial ideals

The polynomials U; and R; are not uniquely determined. The direct sum of
the vector spaces generated by these polynomials is

span{U;} @ span{R;} = V7.

span{R;} is more than simply a vector space. Indeed, if one multiplies a
polynomial that vanishes at all points of the cubature formula by an arbit-
rary polynomial, the product also vanishes at all points. And that brings us
to ideals.

Definition 6.5 A polynomial ideal 2 is a subset of the ring of polynomials
in n variables V" such that if fi, fo € 2 and g1, g2 € V", then f1g1+ fogo € 9.

The genesis of ideal theory is described in Edwards (1980). In this section
we describe the part of ideal theory needed in this paper.

Definition 6.6 If 2 is a polynomial ideal, then the set of polynomials
{f1,..-, fs} C A form a basis for 2 if each f € A can be written in the form

)
f= Zgjfj where g; € V".
j=1
The ideal generated by {f1,..., fs} is

(fl,...,fs) = {f= Zg]’f]’ 1 g5 GV”}.
j=1
The polynomials R; that characterize a cubature formula generate an
ideal, denoted by (R;y,..., Ry).
Theorem 6.1 For any polynomial ideal there exists a finite basis.
Proof. See Hilbert (1890). O

There are several types of bases for ideals. For our purposes, H-bases
and G-bases are important. H-bases are important as a theoretical tool.
Their power will be shown by the short proof of Theorem 6.7. G-bases
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are important because algorithms exist to construct them and to derive
properties of the ideal. It is thus very convenient for us that with some
restrictions a G-basis is also an H-basis (Buchberger 1985, Moller and Mora
1986, Sturmfels 1996).

Definition 6.7 Let 2 be a polynomial ideal. The set {f1,..., fs} C 2 is
an H-basis for 2 if for all f € A there exist polynomials g1, ..., gs such that

F=Yg;if; and deg(g;f;) <deg(f), j=1,...,s.

j=1
Theorem 6.2 For any polynomial ideal an H-basis exists.

Proof. See Moller (1973). O

Other names for an H-basis are canonical basis and Macaulay basis.

Before defining G-bases, also called Grébner-bases, we have to introduce
some notation. Let the set of monomials M = {x® : o € N"} be ordered
by < such that, for any f, fi,fo € M, 1 < fand fi < fo imply ffi <
ffe. Let f =32 ¢ fi with f; € M and ¢; € Rg. Then the headterm of
f = Hterm(f) := fm, and the mazimal part of f = M(f) := cnfm. For
f,g € P"\{0} let

H(f,g) :=lcm{Hterm(f), Hterm(g)}. (6.4)

Let F C P™\{0} be a finite set. We write f —F g if f,g € P™ and
there exist h € P", f; € F such that f = g + hf;, Hterm(g) < Hterm(f) or
g = 0. The map - is called a reduction modulo F. By 7)+ we denote

the reflexive transitive closure of T

Definition 6.8 A set F := {f1,..., f1} is a Grobner basis (G-basis) for
the ideal 2 generated by F' if

f € 2 implies f?"rO.
Theorem 6.3 Let F' := {f1,...,fs} C P"\{0} and let A be the ideal
generated by F'. Then the following conditions are equivalent.

e F'is a Grobner basis of 2.

e For all (4,j) with 1 <i< j<s,
M(f:)

Proof. See Méller and Mora (1986). O

H(f:, f;)

SP(fisf;) = T3

fi—

, +
fJ—;’ 0.

Theorem 6.3 provides an algorithmic way to verify if a given set is a
G-basis. Practical implementations incorporate several shortcuts. For ex-
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ample, according to Gebauer and Moller (1988), a pair (f;, f;) is superfluous
if H(f1, f;) divides properly H(f;, f;) and I < j.

Theorem 6.4 If < is compatible with the partial ordering by degrees,
that is, deg(f) < deg(g) implies Hterm(f) < Hterm(g), then a G-basis with
respect to < is also an H-basis.

Proof. See Moller and Mora (1986). O
Definition 6.9. (Nullstellengebilde) The zero set of an ideal  is
NG(Rt) :={yeC": f(y)=0 forall feA}

If NG(2) is a finite set of points, then the ideal is called zero-dimensional,
and obviously any basis for 2 consists of at least n polynomials.

An important function of a polynomial ideal is the Hilbert function (Hil-
bert 1890). It is useful to count the number of elements of NG(2).

Definition 6.10 The Hilbert function H is defined as

dimP? — dim(ANPY), k€N,
i P07 Ko,

Theorem 6.5 If H(k;™) = H(K ;) for all £k > K holds for a sufficiently
large K, then the polynomials in 2 have exactly H(K;2) (complex) common
zeros if these are counted with multiplicities.

Proof. See Grobner (1949). O

Definition 6.11 An ideal 2 is a real ideal if all polynomials vanishing at
NG(2) NR™ belong to o, that is,

fen ifandonlyif f(y)=0, forallye NGA)NR".

Note that the theorems given in this subsection are proven only for algeb-
raic polynomials in the literature. We do not see any problem in their ap-
plication to ideals of invariant algebraic polynomials or trigonometric poly-
nomials.

Within the ideal theoretical framework we can rephrase Theorem 3.1.

Theorem 6.6 Let I be an integral over an n-dimensional region. Let
{yO, .. ,yW™M}lccrand 2 := {f e V*: f(y®D) =0,i=1,...,N}. Then
the following statements are equivalent.

e feANVy implies I[f] = 0.

e There exists a cubature formula @ (3.7) such that I[f] = Q[f], for all
f € V3, with at most H(d;A) (complex) weights different from zero.

Proof. 'This theorem is proven by Moller (1973) for the case Vi = P7. O
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The role of H-bases is illustrated by the following theorem by Méller
(1973).

Theorem 6.7 If {fi,...,fs} is an H-basis of a polynomial ideal 2 and
if the set of common zeros of fi,..., fs is finite and nonempty, then the
following statements are equivalent.

e There is a cubature formula of degree d for the integral I which has as
points the common zeros of fi,..., fs. (These zeros may be multiple,
leading to the use of function derivatives in the cubature formula.)

e f; is d-orthogonal for I, =1,2,...,s.
Proof.
‘=’: Let gf; € P}. Then I{gf;] = Zé‘v:l w;g(y9) f;(y9) = 0, since f; € 2.
‘=’: Let f € AU Py. Then, with g; as given in the definition of H-basis,
I[f] =13 9fil = 0.
O

Schmid managed to give a characterization of cubature formulae with real
points and positive weights using real ideals.

Theorem 6.8 Let {R;,...,R;} C Pj,; be a set of linearly independent
d-orthogonal polynomials that is fundamental of degree d + 1. Let % :=
(R1,...,Rt) and V := span{Ry,...,R;}. Let N+t =dimPy, , and U an
arbitrary but fixed vector space such that Pj,, = V@U. Then the following
statements are equivalent.

e There exists an interpolatory cubature formula of degree d
N . .
QU =Y w;f(yY), yDeRr", w;>0
j=1
with {y(M, ...y} c NG(2).
e 2 and U are characterized by:

(i) ANU = {0}
(ii) I[f? — R*] > 0 for all f € U, where Rt € 2 is chosen such that
fA— Rt ePL.

e A is a real ideal and [NG(2) NR™| = N. The points of the cubature
formula are the elements of NG(21) NR™.

Proof. See Schmid (1980a). O

This characterization was used to develop the T-method for constructing
cubature formulae; see Section 9.2.
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6.4. Tchakaloff’s upper bound

To conclude this section we will prove an upper bound for the number of
points in an interpolatory cubature formula using the concepts from ideal
theory just introduced. We mentioned this result at the beginning of this
section.

Corollary 6.1 If an interpolatory cubature formula of degree d for an
integral over an n-dimensional region has N points, then N < dim Vj.

Proof. Suppose a given cubature formula of degree d has M points. Let
A be the ideal of all polynomials that vanish at these points. According
to Theorem 6.6, there exists a cubature formula with N < H(d;%) < M
of these points, and from the definition of the Hilbert function, it follows
immediately that N < H(d;2) < dim V. A basis of any complement of
2ANV7Y in Vj can be used to construct a set of linear equations to determine
the weights.

The above corollary is an elementary version of Tchakaloff’s theorem.

Theorem 6.9 (Tchakaloff’s theorem) Let I be an integral over an n-
dimensional region {2 with a weight function that is nonnegative in {2 and
for which the integrals of all monomials exist. Then a cubature formula of
degree d with N < dim V} points exists with all points inside 2 and all
weights positive.

Proof. This theorem was proven by Tchakaloff (1957) for bounded regions
and by Mysovskikh (1975) for unbounded regions for Vj = Pj. O

We will now prove, along the lines of Mysovskikh (1981), that this is the
smallest general upper bound. We will construct an n-dimensional region
for which a cubature formula of degree d with fewer points than dim V; does
not exist.

Let i := dim V] and choose distinct points al ... a® ¢ R™ that do not
lie on a curve of order d. Let C; be a cube with centre al® and side p, such
that the p cubes do not intersect. We will now show that, for sufficiently
small p, no cubature formula of degree d exists for d = C; U ... UC, and
w(x) = 1 with all points inside Q and all weights positive.

Assume that such a cubature formula exists and let C; be the subregion
containing no point of the cubature formula. Let p(x) € V} satisfy

p(a(l)) =1, p(a(i)) =0 for i=2,...,u,
and ¢ a number such that

1
0<o< —. (6.5)
21
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Take p small enough such that p(x) > 1 -0, for x € (1, and |p(x)| < o, for
x € UL ,C;. Then

/Qp(x)dx‘ = ’/Clp(x)dx+i/>p(x)dx

TRG tz/ )dx

=2
2 (1-0)p"—(p—1)op
= p"(1—po).

v

On the other hand,

p p
S wip(y") <o 3wy =opp™
j=1

j=1
From the exactness of the cubature formula it follows that

(1—po)p™ <opp™ ifandonlyif 1< 2u0,
which contradicts (6.5).

7. In search of minimal formulae
7.1. A general lower bound

We consider cubature formulae of the form
N
Q) =Y wify), w;eR, (7.1)
j=1

for the approximation of the integral (3.1). In this section we identify the
polynomials which are identical on the integration region €2, and we restrict
our attention to cubature formulae with all points inside 2. This identifica-
tion leaves the polynomial space unchanged if and only if 2 contains inner
points.

Example 7.1 Consider the surface of the unit balt: Q = {x: Y1 2% =

1}. Then the polynomials (3°%,z?)?, p € N, are all identified w1th the
constant polynomial 1. So,

anin- ("9)-(4°%)

Theorem 3.1 can be used to derive a very general lower bound. Good lower
bounds are important because any method to construct cubature formulae
(implicitly or explicitly) depends on a bound or estimate of the number of
points. If a lower bound is known, then a method to construct cubature
formulae attaining this bound is usually known.
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Theorem 7.1 If the cubature formula (7.1) is exact for all polynomials of
V3., then the number of points N > dim VZIQ.

Proof. Let F =V"q, F1 = V¢|a and
Fo={feF :fy?)=0j=1,...,N}

If f € Fy, then deg(f) < k and f(y@)) =0, j=1,...,N. Because f? is of
degree at most 2k, the cubature formula is exact and I[f?] = 0. Hence, on
Q, f =0. So far, we have proved that

f € Fy implies f=0.
Let @ be a linear functional defined on Vi|q. Then
feFR=f=0=>Q[f]=0.

From Theorem 3.1 it follows that weights w; can be found such that
N .
Qlf) =3 w;f(y"), forall feVy.
j=1

So, the vector space spanned by the functionals L;[f] = f (y9) is equal
to the space of all linear functionals defined on V%|q. Its dimension is also
dim V%|o. Hence N > dim Vi|q. O

For regions with interior points and algebraic degree, Theorem 7.1 is given
by Radon (1948) for n = 2, and for general n by Stroud (1960). It should be
noted that the well-known proof of the Radon—Stroud lower bound does not
assume all points are inside the region. This restriction plays a role if one
includes regions such as the surface of the n-ball, without interior points.
For the surface of the n-ball, this result was given by Mysovskikh (1977).
Table 1 lists all known formulae that attain the lower bound, for the regions
we mentioned in Section 5.

For trigonometric degree, this theorem was probably first mentioned by
Mysovskikh (1988). Table 2 lists all known formulae that attain the lower
bound. Cools and Reztsov (1997) proved it for other spaces of trigonometric
polynomials.

For regions with interior points and product algebraic degree, this theorem
was presented by Gout and Guessab (1986). The bound is attained by Gauss
product formulae. For other spaces of algebraic polynomials it was presented
by Guessab (1986). The general formulation we gave is from Moller (1979)
with a proof due to Mysovskikh (1981).

Because dimP, = (dimf}i)" and dim7, = (dimT}i)", this bound is
attained for the overall degree case by the product rules based on minimal
quadrature rules. Hence in the rest of this paper, not much attention is paid
to this case. As Tables 1 and 2 illustrate, the ordinary degree case is totally
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Table 1. Minimal formulae of algebraic degree

n [ d | N [ regions | references
n| 2 n+1 Cr, Sn,Tn, U, | see Stroud (1971), Mysovskikh (1981)
21d |d+1 U, see Stroud {1971)
2k % CcY5 Morrow and Patterson (1978)
4 |6 Cy, 85,15, E5 | see Stroud (1971),
Cools and Rabinowitz (1993)
6 | 10 Cs Schmid (1983)
Ty Rasputin (1983a)
Ss Rasputin (1986),
Wissman and Becker (1986)
8 |15 Csy Morrow and Patterson (1978)
T, Cools and Haegemans (1987¢)
314 10 Cs Weif} (1991)

Table 2. Minimal formulae of trigonometric degree for C},

n | d | N ] references
n|2 |[2n+1 Noskov (1988b)
2 | 2k | 2k® + 2k + 1 | Noskov (1988b)

different: odd degree formulae do not appear in these tables (except for Us)
and the known even degree formulae are rare.

The following theorem teaches us something about the weights. It gener-
alizes a theorem from Mysovskikh (1981).

Theorem 7.2 If the cubature formula (7.1) is exact for all polynomials
of degree d > 0 and has only real points and weights, then it has at least
dim V} positive weights, k = | £].

Proof. According to Theorem 7.1, N > dim V; = k. Because d > 0, the
cubature formula is exact for f = 1, that is, Z;-V:l w; = I[1] > 0. Hence
there must be positive weights. If d = 1, then x = 1 and the theorem holds.

We now consider d > 2 and assume the theorem does not hold. Let the
number of positive weights v < k and order the points of the cubature
formula such that these positive weights correspond to y, ..., y®). Then
one can find a polynomial p € V} such that p(y(j)) =0,j=1,...,v.
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The cubature formula is exact for p?, hence
N .
Ip? = Y wip*(y?).
j=v+1
Because I[p?] > 0, p?(y"")) > 0 and w; < 0 we obtain a contradiction, hence
our assumption was wrong. O

Corollary 7.1 If a cubature formula attains the lower bound of Theorem
7.1, then all its weights are positive.

Theorem 7.1 gives the same lower bound for cubature formulae of degree
2k and 2k + 1.

7.2. The characterization of minimal formulae and the reproducing kernel

For even degrees, I am unaware of any greater lower bound than that given
in Theorem 7.1. The fact that not many formulae that attain this bound
exist for the ordinary algebraic or trigonometric degree case has to do with
the practical problems one encounters while attempting to construct these
formulae. In this section, the reproducing kernel approach to construct
cubature formulae is explained.

The concept of ‘reproducing kernel’” was first used for the construction
of cubature formulae of algebraic degree by Mysovskikh (1968). For the
trigonometric degree case it was first used by Mysovskikh (1990).

Choose the polynomials ¢1(x), ¢2(x),... € V™ such that ¢;(x) is ortho-
gonal to ¢;(x), for all j < i, and I[¢;¢;] = 1. This means that {¢;(x)}; is
an orthonormal basis of V". For a given k € N we set x := dim V} and

K(xy) = Y 8i(0bi(y).

=1

K (x,y) is a reproducing kernel in the space Vi: if f € Vg, then f coincides
with its expansion in ¢;, so that for a € C" fixed,

f(a) = I[f(x)K(x,a)] = Y IIf(x)¢i(x)]¢i(a).
i=1
The reproducing kernel K(x,y) plays an important role in connection

with Theorem 7.1, as the next theorem illustrates.

Theorem 7.3 A necessary and sufficient condition for the points y(?,
j=1,...,N =dim V%, to be the points of a cubature formula that is exact
for V3, is that

K(y",y®) = b6, (7.2)
with b, # 0 and é,; the Kronecker symbol.
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Proof. To prove the necessity, assume a cubature formula (7.1) exists that
is exact on V5. Hence, it is exact for

¢I(X)¢m(X), l’m:]-?"'aNa

and due to the orthonormality of the ¢;, we obtain
N - . .
> wibi(yD)pm(yD) = G- (7.3)
j=1

Let W := diag(wy,...,wn), E the unit matrix, and let A be
oi(y®) ... aily™)
A= : :
on(yM) ... on(y™)
Then (7.3) can be written as
AWA* = E,

where A* denotes the Hermitian conjugate of A. A is non-singular, for
otherwise there is an element of V}} that vanishes at all points of the cubature
formula, which is impossible.

W is also non-singular, so we obtain

W =A"ta")"!
or
A*A=W"1
We deduce (7.2) with

N
b = 1/we =Y |1 (y™)> > 0.
i=1

(Remember Corollary 7.1!)
Sufficiency remains to be proven. Conditions (7.2) can be written as

A*A = B,
where B := diag(by,...,bx) is non-singular. This is equivalent to
AB7'A*=E,
which in turn is equivalent to saying that the cubature formula with points
y9),j=1,...,N, and weights w; = 1/b; is exact for
o (X)pm(x), I,m=1,...,N,

and thus for all elements of V5;. (The final step of this proof motivated the
warning at the end of Section 3.) O
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For the algebraic-degree case, the reproducing kernel approach has not
been very successful in constructing minimal cubature formulae. It can,
however, also be used to construct non-minimal formulae; see Moller (1973)
and Mysovskikh (1980). Moller (1973) also gave a modified reproducing
kernel method to construct centrally symmetric cubature formulae of odd
algebraic degree. This modification is based on the same idea we use in the
following section to derive a lower bound for such formulae. Cools and Sloan
(1996) used a similar modified method to construct minimal shift symmetric
cubature formulae of odd trigonometric degree. In this case an infinite
number of minimal cubature formulae for each odd degree was obtained in
the two-dimensional case.

The reproducing kernel approach has also led to interesting results on
the weights of cubature formulae (Cools and Haegemans 1988¢, Cools 1989,
Beckers and Cools 1993). Such results have also led to the following theorem.

Theorem 7.4 A cubature formula of degree d = 2k with N = dim P}
points does not exist for U, if n > 2 and k£ > 2.

Proof. See Taylor (1995). O

For other characterizations of cubature formulae attaining the bound
of Theorem 7.1, see, for instance, Morrow and Patterson (1978), Schmid
(1978), and Schmid (1995).

7.8. The general lower bound for some invariant formulae

Although Theorem 7.1 has already shown many of its faces in the literature,
it has not yet unveiled all. We will now show what it can teach us about
centrally symmetric cubature formulae. In combination with Theorem 5.1,
Theorem 7.1 gives a lower bound for the number of G-orbits in a G-invariant
cubature formula. This can be translated into a lower bound for the number
of points by multiplying it with the highest possible cardinality of a G-orbit,
but one expects this will not usually give strict bounds. There is, however,
an interesting exception ...

Consider centrally symmetric cubature formulae of algebraic degree 2k +1
with & even. According to Theorem 7.1, the number of orbits of this cubature
formula, K, satisfies

k/2 :
K >dimPY(Ges) =Y (n— 1 +2z) '

n—1
i=0

A Gcs-orbit has one or two points and there can be only one orbit with one
point. Hence the above bound for K implies a bound for the number of
points:
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For example, for n = 2, we obtain

k/2 2
. k k+2 k
N>2Y) (2i+1)—1=—+2k+1= =
_izo(H) 5 t2k+ (2)+2

For Cy, for instance, this bound is now known to be sharp for degrees 1,5
and 9. Consider shift symmetric cubature formulae of trigonometric degree
2k + 1. A G4s-orbit always has two points. Using the same arguments as in
the previous paragraph, we obtain the lower bound

N > 2dim THGys).

for the number of points.

These results, which are derived under the restriction of central symmetry
and shift symmetry, will appear again in Section 8.3.

The following questions have probably already occurred in the reader’s
mind while reading this section.

e Under what conditions is the lower bound of Theorem 7.1 sharp?

e What is the minimum number of points for a cubature formula for a
given region?

e Is the symmetry of the region somehow reflected in the structure of
minimal formulae?

These questions have kept researchers busy for approximately 50 years now,
and are still only partially answered. We return to them in the next section.

8. In search of better bounds for odd degree formulae
8.1. The need for a better bound

In Section 7.1 we obtained a lower bound for the number of points N of
a cubature formula that is exact on a vector space of functions V7. This
bound, presented in Theorem 7.1, depends only on V7, restricted to €. In
this section we will see that this bound is in general too low for odd degrees
d. Higher lower bounds have to take into account more information on the
region {2 and weight function w(x).

Suppose we have a cubature formula of algebraic degree d = 2k + 1 that
attains the lower bound of Theorem 7.1, and let A be the corresponding
ideal. Then

H(k; %) =dim Py = N = H(d; ).

Hence the ideal contains dim Py, — dim P} linearly independent polyno-
mials of degree k 4+ 1. These polynomials must be d-orthogonal and thus,
because of their degree, simply orthogonal. So we have in fact proved the
following theorem.
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Theorem 8.1 A necessary condition for the existence of a cubature for-
mula of algebraic degree 2k + 1 with N = dim P}, points is that the basic
orthogonal polynomials of degree k + 1 have N common zeros.

The condition of Theorem 8.1 does not hold for standard regions such as
Ch, Ty, Sn, E}f and E]. Radon (1948) discovered that no cubature formula
of degree 5 with 6 points exists for Cy, T3, and S5.

8.2. The quest for exceptional regions

Fritsch (1970) searched for an n-dimensional region for which a formula of
degree 3 with n + 1 points exists. He defined a region S,(d) as follows. Let
Sr be the n-simplex with vertices vg,vy,...,v, and centroid c. Let F} be
the face of S, that does not contain the vertex v; and let ¢; be the centroid
of Fi. Let d > 0 and define the points ux(d) by

ug(d) =dex + (1 —d)c, k=0,1,...,n.
Let Spi(d) be the simplex with base Fj, and vertex ux(d). Define

f SuU(Upo Sukld), d> 1,
i@ ={ g R Ty, 02d<n

Fritsch constructed a cubature formula of degree 3 with n+ 2 points depend-
ing on n and d for the region S,(d). He proved that there exists a d, > 1,
a zero of a known polynomial, such that his formula has a zero weight, and
thus uses only n + 1 points. For two dimensions he found two such regions,
as shown in Figure 2. He also proved that there exists one d}, for which
a formula of the form he looked for does not exist. For two and three di-
mensions the region S,(d}) is centrally symmetric (that is, the region and
weight function remain invariant after reflection through the centre) and we
will see later that the minimal number of points in a formula of degree 3 for
such a region requires 2n points.

Mysovskikh and Cernicina (1971) constructed a region Q = Q; Uy with

& = {("E7y):_TS$§T,OSyS6_|1‘|},
QB = {(r,y):—0<z<0o, —e<y<0},

T7T=3, ¢~0.048, 0 ~ 1.266,

for which there exists a cubature formula of degree 5 with 6 points.
Recently, Schmid and Xu (1994) found a two-dimensional region for which
formulae with dim ’P% points exist for each degree 2k + 1.

Theorem 8.2 Let W (u,v) := w(z)w(y) with w(t) := (1 —t)*(1 +¢t)? and
let
Q={(u,v): (z,y)c[-L1]?, z<y,u=z+y, v=ay}.
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dy = 5.15815028... d = 0.77547178...

Fig. 2. Regions Sy(dz) for which a formula of degree 3 with 3 points exists

Fig. 3. Region for which a formula of degree 2k + 1 attains the bound of
Theorem 7.1

Then there exists an infinite number of minimal cubature formulae of degree
2k and one (uniquely determined) minimal formula of degree 2k + 1 (both
with dim P2 points) for the following two classes of integrals,

/Qf(u,v)W(u,v)(u2 —4v)"dudv with a,8> -1, v= :!:%.

Proof. See Schmid and Xu (1994). O

Figure 3 displays Q. Berens, Schmid and Xu (1995) obtained a similar
result for arbitrary dimensions.

8.3. Improved bounds for centrally symmetric formulae

In Example 5.2 and at the end of Section 5 we encountered the pleasant
effect of central symmetry on cubature formulae of algebraic degree. Myso-
vskikh (1966) showed that for centrally symmetric n-dimensional regions,
the minimal number of points in a cubature formula of algebraic degree 3
is 2n. The construction of such formulae is summarized by Stroud (1971).
Méller (1973) generalized this improved lower bound for all odd degrees.
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Theorem 8.3 Let Ry, denote the vector space of even polynomials of
P3i41lo and Rogy denote the vector space of odd polynomials of P35y 4|,
k € Ng. If the algebraic degree of the cubature formula (7.1) for a centrally
symmetric integral is d = 2k + 1, then

N > 2dim Ry — 1, if k even and 0 is a point,
N > 2dim Ry, otherwise.

A cubature formula that attains this bound is centrally symmetric and has
all weights positive.

Proof. See Moller (1973) for the case where 2 has interior points and Méller
(1979) for the general case. O

A similar result holds for cubature formulae of trigonometric degree.

Theorem 8.4 Let R;, C 7} denote the vector space of polynomials whose
degree has the same parity as k. If the trigonometric degree of the cubature
formula (7.1) for an integral over C is d = 2k + 1, then

N >2 dim Rk.
Proof. See Mysovskikh (1988). O
A nice result about the weights was obtained using the reproducing kernel.

Theorem 8.5 A cubature formula that attains the bound of Theorem 8.4
has all weights equal to 1/N.

Proof. See Beckers and Cools (1993). O

To illustrate my belief in the similarities between the algebraic degree case
and the trigonometric degree case, as well as the similarities between central-
symmetry and shift symmetry, I dare to pose the following conjecture.

Conjecture 8.1 Any cubature formula attaining the bound of Theorem
8.4 is shift symmetric.

How good are the lower bounds of Theorems 8.3 and 8.47 For two di-
mensions it is now known that these bounds are the best possible if further
information on the integral is not available.

For the regions C$-% and cy 05 cubature formulae attaining the lower
bound of Theorem 8.3 exist for arbitrary odd degree (Cools and Schmid
1989). In Table 3, we list the known minimal formulae for standard regions.
For some regions, for instance S and Ej 2, it has been proved that the bound
of Theorem 8.3 cannot be attained for degrees 4k + 1, & > 1. For Cy, it
is known that a cubature formula of degree 13 with 31 points cannot exist.
For these regions at least one additional point is required (Verlinden and
Cools 1992, Cools and Schmid 1993).
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Table 3. Minimal formulae of odd algebraic degree

references
n|d | N Co | Su | EL | EF,
213 |4 1 |1
5 |7 1y | 1]
7l ||
9 | 17(18) | 3] | [2] | [4]
11 | 24 5]
303 |6 1]
s 0 forwlm |
(1] = Stroud (1971), [2] = Piessens and Haegemans (1975), [3] = Méller (1976),
[4] = Haegemans and Piessens (1977), [5] = Cools and Haegemans (1988a),

* = Many known formulae; see also Cools and Rabinowitz (1993).

Table 4. Minimal formulae of odd trigonometric degree for C},

n|d ‘ N | references
nil 2 Mysovskikh (1988)
3 4n Noskov (1988a)
2
2id @ Beckers and Cools (1993)

Cools and Sloan (1996)
315 38 Frolov (1977)

For C3, cubature formulae attaining the lower bound of Theorem 8.4
exist for arbitrary odd degree (Cools and Sloan 1996). In Table 4, we list
the known minimal formulae for C7.

8.4. An improved general bound for odd degrees

We will now present a lower bound especially derived for odd algebraic
degrees, d = 2k + 1, without any assumptions on the symmetry of the
region. Let

Ort+1:={f € Piy1:9 € Py = I[fg] =0},
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Table 5. Minimal formulae of odd algebraic degree for T,

n|d| N | references
2134 Stroud (1971), Hillion (1977)
5|7 Stroud (1971)
7112 Gatermann (1988), Becker (1987)
n | 3 | n+2| Stroud (1971)
413|6 Stroud (1971), Grundmann and Méller (1978),
de Doncker (1979)

and define for arbitrary [ € {2,...,n}

v o= dim{(fla---afl)EOfﬂd

l
szfz € Pz-f—l } ’

i=1

!
> aifi€ Ok+1} :

i=1

~ dim{(fl,...,fl) € 0L,y

Theorem 8.6 If a cubature formula has algebraic degree 2k + 1, then
N > dim P} + 2.

Proof. See Moller (1976) (I = 2, 2 with interior points), and Méller (1979).
O

For two dimensions, the bounds of Theorems 8.3 and 8.6 coincide for
centrally symmetric integrals:

(k+1)2(k+2)+[k;1J'

For more than two dimensions, Theorem 8.3 gives a higher lower bound than
Theorem 8.6 for centrally symmetric integrals. Theorem 8.6 was applied by
Moller to the triangle To. He obtained (8.1) for 0 < k < 5. Rasputin
(1983b) generalized this to all k. Berens and Schmid (1992) proved that
the same lower bound is obtained for some non-constant weight functions.
In addition, Mdller (1976) obtained the following results for 7,: for k = 1,
v2 = 2 and for k = 2, o0 = 2n — 2. In Table 5 the known minimal formulae
for this region are listed.

N> (8.1)

8.5. The quality of lower bounds

In this section we have presented the best known lower bounds for the num-
ber of points in cubature formulae of odd degree. We gave examples showing
that these bounds can be attained for some regions. If one looks at Tables
3, 4 and 5, the results for standard regions look meagre: minimal formulae,
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that is, formulae attaining a known lower bound, are known only for low
dimensions and low degrees. It is likely, but not certain, that these bounds
are too low for standard regions and for higher degrees or dimensions. This
uncertainty is one of the main problems in the construction of cubature for-
mulae and the construction methods based on characterizing polynomials
suffer from it, as we shall see in the following section.

9. Constructing cubature formulae using ideal theory
9.1. A bird’s-eye view

Orthogonal polynomials were already being used by Appell (1890) and
Radon (1948) to construct cubature formulae of algebraic degree for two-
dimensional integrals. Radon tried without success to construct cubature
formulae of degree 5 with 6 points. He constructed formulae of degree 5 with
7 points using the common zeros of three orthogonal polynomials. His work
marked a starting point of a theory. During the 1960s, Stroud and Myso-
vskikh studied the relation between orthogonal polynomials and cubature
formulae for n-dimensional integrals. In the mid-1970s, many new, mainly
symmetric, cubature formulae were obtained using the common zeros of
three orthogonal polynomials in two and three variables; see, for instance,
Piessens and Haegemans (1975), Haegemans and Piessens (1976), Haege-
mans and Piessens (1977), Haegemans (1982). The theoretical results were
put in the framework of ideal theory by Moller (1973). Methods to construct
cubature formulae based on these and other theoretical achievements were
derived by Morrow and Patterson (1978), Schmid (1980b) and Cools and
Haegemans (1987b), amongst others.

We mentioned that one can also work with ideals of invariant polyno-
mials. Gatermann (1992) combined ideal theory with the theory of linear
representations of finite groups.

We will now present two successful methods to construct cubature for-
mulae of algebraic degree. In order not to over-complicate everything, we
restrict this to two dimensions.

9.2. The T-method

A starting point in Theorem 6.8 is that the ideal 2 is fundamental of degree
d+1. In general, 2 will be fundamental of degree [, [+1, ... where [d/2]|+1 <
I < d+ 1. Let m be such that 2 is fundamental of degree m, but is not
fundamental of degree m — 1. One can try to determine a set of polynomials
of degree m that form a basis of an ideal satisfying the conditions of Theorem
6.8. This idea was first suggested by Morrow and Patterson (1978) and
Schmid (1978) for two-dimensional regions. It was further developed by
Schmid (1980a); see also Schmid (1980b) and Schmid (1995).
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Consider the case where the ideal 2 associated with a cubature formula
of degree 2k — 1 is fundamental of degree k+ 1. Let Ry, ..., Rx+1 be linearly
independent polynomials of degree k£ + 1 in two variables, £ and y. These
polynomials are orthogonal to all polynomials of degree k — 2 if they vanish
at the points of a cubature formula of degree 2k — 1. Thus the R;s can be
written as

k k—1
Ry = PM1m0t 4 N B PRI 4 N PRI =0, k4 1,
§=0 §=0

where the P%® are the basic orthogonal polynomials (6.3). The B35 and ~;;
are parameters which have to be determined such that the R;s belong to
an ideal 2 satisfying the conditions of Theorem 6.8. When the integral is
centrally symmetric, the basic orthogonal polynomials have a special form
and the 3;; vanish.

The construction is based on the following observations.

o Let Q;,:=yR;,—xR;11,1=0,...,k. Then Q; is a polynomial of degree
k and @; has to be orthogonal.

e The polynomials z@Q;, yQi,¢ = 0,...,k, are of degree k + 1 and they
belong to 2. Thus zQ;, yQ; € span{ Ry, ..., Rk+1}

Both conditions lead to necessary conditions: linear and quadratic equations
in the ;;s. Starting from the explicit expressions for the basic orthogonal
polynomials, a computer algebra system can be programmed to derive these
equations. The linear equations can then be used to reduce the number
of unknowns in the system of quadratic equations. In the resulting system
the number of equations and unknowns is usually different. More recently,
Schmid (1995) worked this out in detail using matrix equations.

The inequality in Theorem 6.8 translates into inequalities for the ~;;.
These inequalities together with the linear and quadratic equations give ne-
cessary and sufficient conditions for the ;;s so that all conditions of Theorem
6.8 are satisfied. Schmid (1983) used this method to construct cubature for-
mulae of degree < 9 for C§. Cools and Schmid (1989) used it to construct
formulae of arbitrary odd degree for Cy 0-5 and C95.

We will now prove, using G-bases, that the above method works. A similar
proof for the n-dimensional case is given by Moller (1987).

Theorem 9.1 Let
R4 = Pk+1_i7i + Z.I;;é 7ijpk_1_j’j’ .] = 07 LR k + ]-7

i = yRi—zRip, i=0,....,k
If the polynomials @; are (2k —1)-orthogonal and if all polynomials zQ;, yQ;

are elements of span{Ry,..., Rkt1}, then F := {Ry,..., Rk41,Qo,--.,Qr}
is a G-basis.

(9.1)
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Proof. We use the term ordering 1 <y < z < y?> < zy < z? < ..., apply
Theorem 6.3 and distinguish three cases.

Case 1: (R;,R;),4,j=0,...,k+ 1.
H(R;, R;) = o**171yJ. This is a divisor of H(R;, R;) = z*+1~%yJ for
i < j, if i < l. Hence the pair (R;, R;) is superfluous if there exists a [
such that i < I < j. Therefore we only have to check pairs (R;, R;y1).

But
H(R;, Riy1) H(R;, Ri11)
SP(R;, R; = ; — ;
(Ri, Rit1) M(R,) R; M (B Rin

ghHl=igi+l ghH1—ig it

= Rt Iy R; - ph—iyitl Rit

= yRi—zRin

= Qi)

and thus SP(R;, R;+1) TWL 0.

Case 2: (Qi,Q;),1,j=0,...,k.
If Hterm(Q;) = Hterm(Q;) then SP(Q;, Q;) € span{Q;} and thus
SP(Qi,Qj)—F—>+0.
If Hterm(Q;) # Hterm(Q;) then there exist u,v € {z,y} for which
SP(Qs, Q) = SP(uQi, vQ;).
Because zQ;, y@; € span{Ry, ... Rk41} this reduces to Case 1.

Case 3: (R;,Qj),1=0,...,k+1,=0,...,k.
One can always find a u € {z,y} such that SP(R;, Q;) = SP(R;,u@;).
Since z, Q;, yQ; are in span{Ry, ..., Ri41}, this reduces to Case 1.

O

Theorem 9.2 Let F be as defined in Theorem 9.1. If the common zeros
of the polynomials in F are real and simple, then there exists a cubature
formula of degree 2k — 1 with the elements of NG(F') as points. The number
of points N < m
Proof. The ordering used in the proof of Theorem 9.1 is compatible with
the partial ordering by degree. According to Theorem 6.4, F is thus an H-
basis. Theorem 6.7 then guarantees the existence of the cubature formula.
An upper bound for the number of points in the cubature formula is given
by the Hilbert function. Because F' is fundamental of degree k& + 1,

H(2k —1,F) = H(k,F)
= dimP% — dim(P2N F)
= dimPZ_, 4+ codim(F NP3).
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There will be at least one polynomial Q;, hence codim(F NP3%) < k. Thus
N<HED Lk O

The upper bound of Theorem 9.2 is very weak. A tighter result is known.

Theorem 9.3 If the ideal of all polynomials that vanish at the N points
of a cubature formula of degree 2k — 1 contains a fundamental set of degree
k + 1, then

k(k + 1) k(k+1) |k
ML ]

k

— < <
NI :
Proof. See Cools (1989) or Schmid (1995). O

This clearly shows that the success of this method strongly depends on
the quality of the lower bound (8.1) for the particular integral for which a
cubature formula is wanted.

If the lower bound (8.1) underestimates the real minimal number of points
by more than one, then the method is useless. At the moment it looks as if
this is the case for d > 15 for the regions Ca, Sy E2 and Ej. The known
exceptions are C3° and C;%°

9.3. The S-method

The S-method was suggested by Cools and Haegemans (1987b) in an at-
tempt to find a method that is less dependent on the lower bound (8.1)
than the T-method. If the T-method is used to construct symmetric cub-
ature formulae for a two-dimensional symmetric integral, then ~;; = 0 if
i+ 7 is odd, in the polynomials R; (9.1). The polynomials R; can be divided
into two sets: A := {R; : i is even} and B := {R; : 7 is odd}. Instead of
demanding that (AU B) C 2, as in the T-method, we demand that A C «
or B C 2. We assign C := A and ¢ := 0 if we want to investigate the case
A C A We assign C := B and q := 1 if we want to investigate the case
B C A. The S-method is based on the following observations.

o Let S; ;== y°R;—2*R;,2,i=¢q,q+2,...,k—1. Then S; is a polynomial
of degree k + 1 and S; must be orthogonal to all polynomials of degree
k—2.

e Because S; has degree k + 1, S; € span(C).

Both conditions lead to necessary conditions for v;;: linear and quadratic
equations in the +;;s. In Cools and Haegemans (1988b), necessary and suf-
ficient conditions are given for this method, with proofs along the lines of
the proof of Theorem 9.1.

The S-method has been used to construct cubature formulae of degree 13
with 36, 35 and 34 points for Cs, Ss, E2 , and of degree 17 with 57 points
for C.
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9.4. FEvaluation

Orthogonal polynomials and ideal theory are powerful tools for theoretical
investigations of cubature formulae. The most complex concepts of ideal
theory have only been used to develop construction methods and to prove
theorems about cubature formulae. The reader has probably noticed that
we do not need the most sophisticated part of ideal theory to construct
formulae: operations on vector spaces of polynomials suffice. This is one of
the beautiful aspects of ideal theory. The construction methods described
require the solution of systems of linear and quadratic equations. These
systems are in general smaller than the systems that determine the formulae.
One problem for these methods is that they stand or fall with the quality of
the lower bounds given in Sections 7 and 8.

10. Constructing cubature formulae using invariant theory
10.1. A bird’s-eye view

In this section we will describe how one tries to construct cubature formulae
by solving the associated system of nonlinear equations (4.4). Sobolev’s
theorem plays a very important role: it is essential to limit the size of
the nonlinear system by imposing structure on the cubature formulae. It
suggests that we look for invariant cubature formulae, that is, solutions of
the equations

Qlgil = Il¢s], i=1,...,dimP3(G), (10.1)

where the ¢; form a basis for the space of G-invariant polynomials P}(G).

The idea of demanding that a cubature formula has the same symmetries
as the given integral is as old as the construction of cubature formulae itself.
Indeed, when Maxwell (1877) constructed cubature formulae for the square
and the cube, he considered only cubature formulae that are invariant with
respect to the groups of symmetries of these regions, that is, Gpg.

There is no reason why a cubature formula should have the same structure
as the integral. (What should a formula for a circle look like?) Cubature
formulae that are invariant with respect to a subgroup of the symmetry
group of the integral were already obtained by Radon (1948). His formula
for Cy is symmetric, that is, Gs-invariant, and his formula for Sy has the
origin and the vertices of a regular hexagon as points, that is, H8-invariant.

Russian researchers, aware of Sobolev’s result, applied the tools of in-
variant theory to construct cubature formulae invariant with respect to the
symmetry groups of regular polytopes An, B, and I3 and the extension
group A%. Notable results are those of Lebedev (1976) for U, (see also
Lebedev and Skorokhodov (1992) and Lebedev (1995)) and Konjaev (1977)
for Ss, E§2 and Ej.
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Table 6. Different types of Hy-orbit

type | generator | number of | number of points { unknowns
unknowns in an orbit
0 (0,0) 1 1 weight
1 (a,0) 2 4 a, weight
2 (a,a) 2 4 a, weight
3 (a,b) 3 8 a, b, weight

Western researchers also considered subgroups without using the general
theory. They realized that imposing too much structure on a formula prohib-
its attaining the minimal number of points. For instance, a fully symmetric
formula for C; of degree 9 requires 20 points, a symmetric formula 18, but a
rotational invariant (R4) cubature formula requires 17, and this is minimal.
Humans seem to have a preference for certain symmetries. Symmetry with
respect to the axes (Gs) is studied regularly but symmetry with respect
to the diagonals has been used only recently. The symmetry groups are
nevertheless isomorphic. Rotational symmetries turned up unexpectedly in
Moéller (1976) and were later used to construct some other minimal formulae
(Cools and Haegemans 1988a).

We will now present the consistency conditions approach to construct-
ing fully symmetric cubature formulae. For simplicity, we again restrict
ourselves to two dimensions.

10.2. Consistency conditions and fully symmetric regions

In this section, fully symmetric cubature formulae for two-dimensional in-
tegrals will be considered. The symmetry group is the dihedral group
H§ = By = Gpg. In Example 5.1 it was shown that not all orbits have
the same number of points. Each orbit in an invariant cubature formula
introduces a number of unknowns in the nonlinear equations (5.2) and gives
a number of points in the cubature formula (5.1). The role of the different
types of orbit is described in Table 6.

Let K be the number of orbits of type ¢ in an invariant cubature formula.
One does not expect a solution of a system of nonlinear equations if there
are more equations than unknowns. The previous sentence is the foundation
upon which all work in this area is based. It sounds very reasonable but it
also incorporates the weakness of this approach.

Rabinowitz and Richter (1969) introduced the notion of consistency con-
ditions. A consistency condition is an inequality for the K; that must be
satisfied in order to obtain a system of nonlinear equations where the num-
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ber of unknowns is greater than or equal to the number of equations in each
subsystem. Cubature formulae that do not satisfy the consistency conditions
are called ‘fortuitous’ and are thought to be rare.

We encountered basic invariant polynomials for H3 in Example 5.3:

oo:=2>+y*> and o4:=z* —62%y% + 4.

For this particular group it is more common to use ¢; := z? + 32 and
#2 := z2y? as basic invariant polynomials.

Demanding that the number of unknowns exceeds the number of equations
gives a first consistency condition:

Ko + 2K + 2K, + 3K3 > dim P3(GFs). (10.2)

For d = 2k + 1, dim P3(Grs) = 1+ k + | ].

A cubature formula that is exact for ¢2 cannot use orbits of types 0 and
1 only, because such orbits have a zero contribution in a Gpgg-invariant
cubature formula. Thus, to integrate the polynomials

Go(di ) foralli,j:0<2i+4j<d-—4,

orbits of types 2 and 3 are needed. So we obtain the second consistency
condition:

2K5 + 3K3 > dim P3_,(GFs). (10.3)

A cubature formula that is exact for (z — y)?(z +y)? = ¢? — 4¢2 cannot use
orbits of types 0 and 2 only, for the same reasons as in the previous case.
Analogously, the third consistency condition is obtained:

2K} + 3K3 > dim P%_,(Grs). (10.4)

A cubature formula that is exact for z2y?(z —y)%(z +y)? = ¢?¢2 — 4¢3 must
use orbits of type 3 because all other orbits have a zero contribution. Thus,
to integrate the polynomials

(P3¢ — 492)(¢h)) foralld,j:0<2i+4j<d—8,
orbits of type 3 are needed. From this follows the fourth consistency condi-
tion:
3K3 > dimP2_4(GFrs). (10.5)

The final consistency condition is that there can be only one orbit of type 0:
Ko <1. (10.6)

The above consistency conditions were first derived by Mantel and Rabinow-
itz (1977).

If the structure of a cubature formula with N = Ky + 4K, + 4K + 8K3
points satisfies the consistency conditions (10.2), (10.3), (10.4), (10.5) and
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(10.6), the system of nonlinear equations (10.1), as well as each subsystem,
has a number of unknowns that exceeds the number of equations and that
looks promising to those interested in a solution of such a system. However,
appearances can be deceptive.

The construction of a cubature formula with the lowest possible number
of points requires two steps.

(1) Solve the integer programming problem:
minimize N(K;:i=0,1,...),
where the integers K; satisfy the consistency conditions.

(2) Solve the system of polynomial equations (10.1). If no solution of the
polynomial equations is found, then another (non-optimal) solution of
the consistency conditions must be tried.

Example 10.1 For a fully symmetric formula of degree 7, the consistency
conditions become

Ky+ 2Ky +2Ks +3K3 > 6,
2K, +3K3 > 2,

2K1 +3K3 > 2,

3Ks > 0,

Ky < 1.

Optimal solutions are [Ky, K1, K2, K3] = [0,1,2,0], and [0,2,1,0]. (Optimal
solutions are not necessarily unique!) This second structure corresponds to
a cubature formula of the form

Qlf] = wi(f(x1,0) + f(—21,0) + f(0,z1) + f(0, —z1))
+w2(f(-’1:270) + f(—l'g,O) + f(07'r2) + f(07 _I2))
+w3(f(x3, x3) + f(—z3,x3) + f(x3, —73) + f(—23, —73)).

The system of nonlinear equations (5.2) for this case is

{ dwspa(rs, T3) = 4wz = I[¢2],
dwsy(z3, T3) P2 (w3, ¥3) = Bwsz§ = I[¢162)]

4wq + 4dwo = I[O] — 4ws,
dw1¢1(21,0) + dwag1(22,0) = I[¢1] — dwsi(z3, T3),
4w ¢3(z1,0) + dwadi (x2,0) = I[¢F] — 4wsg? (x3, 23),
4w1¢3 (1, 0) + dwadp3(22,0) = I[¢3] — dwsd3(z3, x3).
From the first two equations one determines w3 and x3. Then w;, x1, ws,

and xo follow from the remaining four equations. Both systems have the
familiar form of systems that determine a Gauss quadrature problem.
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10.3. How to exploit symmetries

Invariant theory is very useful for constructing a system of nonlinear equa-
tions that determines a cubature formula with a particular structure. One
advantage of imposing a structure is that the number of nonlinear equa-
tions is reduced. For instance, a cubature formula of degree 7 for a two-
dimensional region is a solution of a system of dim P2 = 36 equations. A
fully symmetric formula of the same degree is determined by 6 equations.

A second advantage is that one can often find a basis for the invariant
polynomials such that the equations are easy to solve. Typically, the system
of nonlinear equations is split into several smaller subsystems which can be
solved sequentially.

A third advantage is that, if the basis is chosen carefully, then each of
these subsystems of nonlinear equations can be solved easily, because they
have the same form as the systems that determine a quadrature formula.

The success of this approach depends on the selection of a proper basis
for the invariant polynomials, and that is definitely more of an art than a
science. This is clearly illustrated in Example 10.1. Other nice examples are
given by Cools and Haegemans (1987a) and Beckers and Haegemans (1991).

10.4. Some critical notes

Consistency conditions can be derived for every structure and dimension.
They can help to set up a system of nonlinear equations where in each
subsystem the number of unknowns is larger than or equal to the number
of equations. See, for example, Lyness and Jespersen (1975), Mantel and
Rabinowitz (1977), Keast and Lyness (1979), Cools (1992), and Maeztu and
Sainz de la Maza (1995).

In general, the system of nonlinear equations is still too large to be solved
completely with currently available tools. One usually has to use an iterative
zero finder and must provide very good starting values.

It must be emphasized that consistency conditions are neither sufficient
nor necessary conditions. Even if a system of equations has more unknowns
than equations, it might not have a real solution. Furthermore, fortuitous
cubature formulae are known, for instance the minimal formulae for C9-3
and C; 95

The success of this approach depends on the quality of the lower bound
for the number of points provided by the integer programming problem. For
higher degrees and dimensions, many solutions of the consistency conditions
exist for which no solutions of the nenlinear equations are known.

Most researchers have studied consistency conditions without worrying
about the associated cubature formula. It is often easier to derive these
conditions and, at the same time, obtain a system with a special structure
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that makes it easier to solve it, using the tools from invariant theory. See,
for example, Beckers and Haegemans (1991).

Although the foundations of consistency conditions are built on quicksand,
it must be said that most known cubature formulae of algebraic degree are
obtained this way. In fact, for higher dimensions and higher degrees, only
this approach has so far delivered cubature formulae.

11. A never-ending story

Let those patient readers who have borne with me thus far now join with
me in looking back. We started from a solid, general theoretical foundation.
Almost immediately we restricted our attention to the most common vector
spaces, hence limiting consideration to cubature formulae of algebraic and
trigonometric degree. We paid attention to lower bounds for the number of
points and saw that they can easily be attained in the overall algebraic or
trigonometric degree case. Following that, we searched for better bounds
that, at least in the two-dimensional case, are attained for the trigonometric
degree case. The rest of our time we spent on the most difficult and inter-
esting algebraic degree case and ended with two approaches to constructing
such formulae.

From the above, it is clear that solving systems of polynomial equations
is very near to our heart. We therefore welcome the survey of Li (1997) in
this volume.

Our list of references may seem long, yet it is incomplete. And there is
much more to say: see also Engels (1980) and Davis and Rabinowitz (1984),
and, if you can wait, Davis, Rabinowitz and Cools (199x). Let me whet your
appetite.

A cubature formula is meant to be used to approximate integrals. Users
want to have an indication of the accuracy of the approximation. A classical
way to obtain an error estimate is to compare several approximations of
different degrees of precision. Sequences of embedded cubature formulae
help to reduce the burden. Indeed, these have already been investigated.
As Cools (1992) incorporates a survey of some of the obtained results, 1
resist the temptation to elaborate on this subject.
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1. Introduction

More than anything else, the increase of computing power seems to stimulate
the greed for tackling ever larger problems involving large-scale numerical
simulation. As a consequence, the need for understanding something like
the intrinsic complerity of a problem occupies a more and more pivotal po-
sition. Moreover, computability often only becomes feasible if an algorithm
can be found that is asymptotically optimal. This means that storage and
the number of floating point operations needed to resolve the problem with
desired accuracy remain proportional to the problem size when the resolu-
tion of the discretization is refined. A significant reduction of complexity
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is indeed often possible, when the underlying problem admits a continuous
model in terms of differential or integral equations. The physical phenom-
ena behind such a model usually exhibit characteristic features over a wide
range of scales. Accordingly, the most successful numerical schemes exploit
in one way or another the interaction of different scales of discretization.
A very prominent representative is the multigrid methodology; see, for in-
stance, Hackbusch (1985) and Bramble (1993). In a way it has caused a
breakthrough in numerical analysis since, in an important range of cases,
it does indeed provide asymptotically optimal schemes. For closely related
multilevel techniques and a unified treatment of several variants, such as
multiplicative or additive subspace correction methods, see Bramble, Pasciak
and Xu (1990), Oswald (1994), Xu (1992), and Yserentant (1993). Although
there remain many unresolved problems, multigrid or multilevel schemes in
the classical framework of finite difference and finite element discretizations
exhibit by now a comparatively clear profile. They are particularly powerful
for elliptic and parabolic problems.

1.1. Is there any vision?

Much more recently, the wavelet concept has (at least initially) raised high
expectations. Traditional primary applications of wavelets have been signal
analysis/processing, image processing/compression, etc. What are the reas-
ons for the recent explosion of activities centred upon wavelets in connection
with the numerical treatment of PDEs? Of course, anything that looks new
inspires curiosity: there is certainly a bandwagon effect. Also, mathematical
beauty plays a role. Perhaps it is just a fashionable new wave that will soon
come to rest. In any case, comparisons of wavelet methods with conven-
tional schemes should help in finding an answer. However, it is not that
simple. First of all, the picture of wavelet concepts appears to be still quite
fuzzy for several reasons. On one hand, at the present stage there simply
do not yet exist complete software packages for complex real life problems,
which would admit fair performance comparisons. On the other hand, the
development of concepts and ideas is still far from steady state.

To find a reasonable path through the jungle, it is therefore worth spend-
ing some time on what could actually be expected.

First of all, is there any need to look at alternatives to multigrid? Of
course, curiosity is a perfect reason. But looking again more closely at the
multigrid methodology, its performance is best understood with respect to
uniform mesh refinements and asymptotic optimality in the above sense
refers to such settings. However, a fully refined mesh may not be necessary
to resolve sufficiently the desired solution. To avoid this potential waste, ad-
aptive techniques have to be and are indeed employed. There are many pos-
sibilities ranging from a priori local mesh refinements to fully self-adaptive
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schemes. In this regard, problems of a different type are encountered. On
one hand, we need a thorough analysis to control the local refinement steps.
The corresponding local information is usually implicit: it is derived by com-
paring different discretizations. At this point some heuristics usually enter.
On the other hand, the mesh refinements cause geometrical problems that
have nothing to do with the underlying problem. Overall, these matters
appear to be somewhat better understood for the additive version (Oswald
1994) (which by the way is closer to the wavelet concept), while otherwise
the multiplicative version is often more efficient. So there still appears to be
a strong need for a better understanding of adaptivity in this context, both
with regard to the underlying analytical concepts and to the corresponding
data structures.

On the other hand, by their very nature, wavelet representations have
a naturally built-in adaptivity through their ability to directly express and
separate components living on different scales. This, combined with the fact
that many operators and their inverses have (nearly) sparse representations
in wavelet coordinates, may eventually lead to competitive or even superior
schemes with regard to the following goal: keep the computational work
proportional to the number of significant terms in the wavelet expansion of
the searched object, which in some sense should reflect its intrinsic com-
plexity; see, for example, Beylkin and Keiser (1997) and Dahlke, Dahmen,
Hochmuth and Schneider (19975).

The potential of this point of view will be one of the main themes of sub-
sequent discussions. Wavelets are in some sense much more sophisticated
tools than conventional discretizations. It will be seen that this also facil-
itates a refined analysis. One central objective of this paper is to highlight
some of the underlying driving analytical mechanisms.

The price of a powerful tool is the effort required to construct and un-
derstand it. Its successful application hinges on the realization of a number
of requirements. Some space has to be reserved for a clear identification of
these requirements as well as for their realization. This is also particularly
important for understanding the severe obstructions that keep us at present
from readily materializing all the principally promising perspectives.

These obstructions are to a great extent related to constraints imposed by
domain geometries. There may be a good chance to reduce many problems
to a periodized one (by an additional separate treatment of boundary condi-
tions). In the periodic case ideal wavelets are available. Nevertheless, there
will still remain important problem classes for which this strategy does not
work. Therefore I will deviate from the usual way of motivating and devel-
oping wavelet concepts by means of Fourier analysis. Instead, some effort
will be spent on formulating a sufficiently general and flexible framework
of multiresolution decompositions that can host a variety of specializations.
Moreover, appropriate substitutes for the Fourier tools have to be developed.
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Wavelets are traditionally associated with orthonormal bases. A closer
look reveals that orthogonality is often convenient but not essential. In
presenting the material I will deviate sometimes from the original sources
by formulating things in the more flexible context of biorthogonality. While
this often supports locality and helps to bring out what really is essential, it
will also be seen sometimes to be simply better, and even offers interesting
new combinations of different concepts.

Of course, the acceptance of new concepts increases with their practical
success. Somehow the measure is set by the existing modern multigrid
techniques. The competition between different methodologies can be very
stimulating. It should not be the primary point of view though. I person-
ally believe that the additional insight gained from different, yet related,
concepts will be mutually beneficial. Perhaps at a later stage, a marriage
of complementary components and an enriched supply of tools will lead to
true improvements.

As mentioned before, the presentation of material will necessarily be very
selective. The selection criteria will not include optimal performance in
existing algorithms, but will instead attempt to bring out ideas and concepts
that bear some potential for future developments or, on the other hand,
explain inherent limitations. Last but not least, my ignorance is to blame.
I apologize to all those whose contributions do not get a proper share.

I shall next briefly discuss some simple examples in connection with ad-
mittedly trivial problems. Their purpose is only to help in identifying a
few characteristic features that will then serve as a guideline for subsequent
developments.

1.2. The Haar basis
The scaled shifts

¢j,k:2j/2¢(2j~—k), k=0,...27 -1,

of the box function

1, 0<z<1,
d)(.’l:) - { 0’ else, (11)

form an orthonormal basis of their linear span S; relative to the standard
1
inner product (f,g) = (f, g)jo.] := | /(z)g(x) dz. Since
0
d(x) = ¢(2x) + ¢(2z — 1),
so that

1
bik = E(¢j+1,2k + dj+1,2k+1 ) (1.2)



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 59

the S; are nested and the closure of their union relative to || - ||z,(jo,1)) =
(-,)1/2 is all of Ly([0,1]) (the space of square integrable functions on [0, 1]).
Thus, denoting by P;f the orthogonal projection of f onto Sj, one has the
representation

f=Pf+Y (P—P1)f.

Jj=1

The components (P; — Pj_1)f represent the ‘detail’ added to a given ap-
proximation when progressing to the next higher scale of discretization. In
the present situation it can be conveniently encoded by the functions

1 .
Vjk = E(¢j+1,2k — $jr12k+1), k=0,...,27 —1, (1.3)

where, as before, ¥, x := 29/29(27 - —k), and ¥(z) 1= ¢(22) — ¢(2z — 1). In
fact, one easily verifies that

(@(-=E),9(-=0)) =0, (b(-—k),¥(-=1)) =bks, k1=0,...,27-1, (1.4)
so that
(Vi Yn) = 6jnbk- (1.5)
Thus
U= {¢p}U{¢jr:k=0,...,27 =1, =0,1,2,...} (1.6)

constitutes an orthonormal basis for L2(]0,1]) and every f € Ly([0,1]) has
a unique expansion

F=50  Ifliqonp= 2 H9)2 (1.7)
Yewr

Yew

The equivalence between continuous and discrete norms will frequently play
a pivotal role in subsequent discussions.

As a first instance, relation (1.7) suggests the following simple strategy for
approximating a given f by a piecewise constant with possibly few pieces.
Suppose that all the wavelet coefficients {f, ), € ¥, were known, and that
the set A C ¥, such that #A < N, contains the N largest terms |(f,v¥)|,
then the function Py f = 3-,,c5(f, %)% would, on account of (1.7), minimize
the error among all piecewise constants on dyadic partitions with at most
N pieces.

The selection of the N biggest terms is of course a nonlinear process. This
aspect has been thoroughly discussed, for instance by DeVore and Lucier
(1992) and DeVore, Jawerth and Popov (1992), and will be taken up in
more detail again later in connection with adaptive methods. Here we add
only a few comments, which are similar in spirit. Suppose that g; € Sy is
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some approximation of g. It therefore has a representation

271

971=Y_ ckbik

k=0

in terms of the single scale basis functions ¢ on the highest scale J. Note
that although g¢g; may have a very simple structure, such as a constant
throughout a large part or even all of [0,1], all the 27 coefficients could be
stgnificant in that they are needed to preserve accuracy. On the other hand,
g has a wavelet or multiscale representation

J—12i-1

97 ={g,000)000+ >_ > dikVjk-

7=0 k=0

If g; were a constant, all the d;; would vanish.
In general, one expects the d; to be very small where g; does not vary
much. In fact, if f were differentiable on the support of ;x, then, since

1
<¢o,o,wj,k>=/wj,k(a:> dz=0, k=0,....2%—1, j>0, (18)
0

one obtains
(fsdim)l = i (f = eyl < E1F = cll Ly e-sk2-5 k1))
< 270 f N Laqa-sk2-s ey (1.9)

Thus, discarding wavelet coefficients that stay below a given threshold
may compress the representation significantly, while the accuracy is, in view
of (1.7), still controllable. The key is (1.8), which is often referred to as
moment conditions. Obviously, the vanishing of moments of even higher
polynomial order would increase the compression effect.

Of course, to exploit these facts practically requires switching back and
forth between single- and multiscale representation. This issue will be ad-
dressed later in more generality.

1.8. The Hilbert transform

The compression of functions has a counterpart for operators. The fact that
differential operators admit sparse representations is not surprising. Instead,
consider the Hilbert transform

(1)(e) = 2o [ L gy (1.10)
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as an example of a typical singular integral operator. Here p.v. means

‘principal value’, that is, p.v. [ f(z)dz = lim._,o+ [ f(z)dz. Its rep-
R R\(—¢,€)

resentation relative to the Haar basis requires the\ entries H; 1) am) =

(HY1m, ¥jk). Suppose now that 274 m + 1) < 277k, and | > j, that is,

the supports of ¢y, and v, are disjoint. Then, by (1.8) and Taylor’s

expansion around y = 2~‘m, one obtains

m ‘H (j,k>,(l,m)‘
279 (k+1) , 27 (m+1)

-/ { / (xiy—x_é_lm)wz,mw)dy}wj,k(:c)dx

2=ik 2-lm

27 m41) , 279 (k+1)

— 9ol
= / / (31_2__)1%-,]9 (z) dx}d)l,m (y) dy

_ (x — yl,m)2
2-lm 2-Jk

3

for some ¥ ,,, in the support [27'm, 27 (m + 1)] of Y1.m. Repeating the same
argument, one can subtract a constant in x which yields

7f ‘H(j,k),a,m)’ =

{ 279 (k+1)

On account of Taylor’s expansion around z =‘2'j k, the factor in front of
¥; k() can be written as —2(y — _2_lm)(x —279k) /(xjk — Yim)3, where z;
is some point in the support [277k,277(k + 1)] of the wavelet ;. Noting
that

2=Hm+1)

— 2‘lm — 2_lm
<((Z- _ yl,m)z) B (2(EJJ']C — yl,m>)2> wj,k(x) dx}wl,m(y) dy

2=tm 27k

[ Win(@)ldo < 27972
R

a straightforward estimate provides

—li-13
—(n+5)319—7 -1 _-3_ 2 2
7| Hj, tmy| < 273277k — 270 = k=2 tmp

(1.11)

Thus the entries H(j ) (m,) exhibit a decay with increasing distance of
the supports of the wavelets as well as with increasing distance of scales. In
essence this behaviour persists for a large class of integral operators and is
the key to sparsify the discretization of such operators.
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1.4. A two-point boundary value problem

Consider
—u" = f on[0,1], u(0)=u(l)=0, (1.12)

as a simple model for an elliptic second-order boundary value problem. Al-
though there are, of course, much simpler ways of solving (1.12), we start
from the standard weak formulation

(W', v') = (f,v), ve HO,1)]). (1.13)

Here H}([0,1]) is the closure of all C* functions with compact support in
(0,1) relative to the norm ||f||H1([0,1]) = (”f”%z([o,l]) + ”f’”%z([o,l]))l/z- To
make our point, we use a standard Galerkin approach and solve (1.13) on
finite-dimensional spaces S; C H}([0,1]). The simplest conforming choice
of the trial spaces S; are the spans of scaled tent functions

dik(@) = 2292 - —k), k=0,...,27, (1.14)

where
pz)=< 11—z, 0<z <1, (1.15)

14z, -1<z<L0,
0, otherwise.

Choosing the ¢, as basis functions for Sy, the Galerkin conditions
(uj,v) = (f,v), ves; (1.16)
give rise to a linear system of equations
Aju=f, (1.17)

where A is the stiffness matrix relative to the basis functions ¢;; and u,
f are corresponding vectors with fx = (f,¢jx). Clearly A; is tridiagonal.
Hence (1.17) is very efficiently solvable. However, for higher-dimensional
analogues the matrix would no longer have such a narrow bandwidth and
one has to resort to iterative methods to preserve sparseness.

On the other hand, recalling the min-max characterization of the smallest
and largest eigenvalue of a symmetric positive definite matrix, it is easy to
see that the condition numbers of A grow like 22/, which renders classical
iterative methods prohibitively inefficient.

To remedy this, one has to precondition the linear systems. One way is to
exploit suitable multiscale decompositions of the trial spaces S;. First note
that, since

b(z) = %qs(za: +1) + ¢(23) + %¢(2x 1), (1.18)
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the S; are nested and, of course, their union is dense in Ly([0, 1]).

In order to successively update solutions from coarser grids, we con-
sider the following hierarchical decomposition of the trial spaces (Yserentant
1986). Instead of using orthogonal projections as in Section 1.2, we consider
the Lagrange projectors

23
Lif =Y 2792 f(27k) ¢, (1.20)

k=0
and note that the complements
Wj = (Ljt1 — Ly)Sjn1 (1.21)

are simply spanned by the tent functions on new grid points on the next
higher scale

;= {jk = djr126+1: k=0,...,27 — 1}, (1.22)

Note that neither the ¢;; nor the v, are orthogonal but it is not hard to
show that they satisfy the stability condition

9i 1/2 9 o 1/2
1 (Z |Ck|2) < Z CkPjk < e (Z |ck|2) (1.23)
k=0 k=0 La(0,1]) k=0

for some constants ¢, c3 independent of the sequence {ck}%io. Keeping this
in mind, we now consider stiffness matrices relative to the hierarchical bases
composed of the bases ¥;, and note that

d d .3
E;ij,k(x) = %¢j+l,2k+l(m) =272yl (z), (1.24)

where z/)fk are the Haar wavelets from (1.3). Therefore one obtains from (1.5)

i d . s
<%¢j,ka %¢n,z> = 2/tns <¢fk,¢gz> = 275436, g

Hence A is, up to a 2 x 2 upper left block stemming from the coarse grid
space Sy, a diagonal matrix, which is trivially preconditioned by symmetric
diagonal scalings.

Now, one has to be somewhat careful when extrapolating from this ob-
servation. The fact that the hierarchical basis functions v;; are actually
orthogonal relative to the energy inner product is an artefact. In two dimen-
sions this is no longer the case but it turns out that the hierarchical stiffness
matrices can still be preconditioned by diagonal scaling to efficiently reduce
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the growth of the condition numbers to logarithmic behaviour. Moreover,
it has suggested similar strategies involving other multiscale bases which do
better. Corresponding preconditioning techniques are a central theme in
subsequent discussions.

1.5. Some basic ideas

Next, I would like to blend these examples into a general picture to provide
some orientation and unifying structure for the subsequent discussions of a
diversity of ideas.

To this end, suppose that

U= {y): A€V} (1.25)

is a countable basis of some Hilbert space H. Thus every v € H has a unique
convergent expansion in terms of elements of ¥

v=Y" dapx (1.26)

Aev

The dependence of the coeflicients {dy)} on v can be expressed via the dual
basis. This is a collection of functionals

U= {’l[;,\ A€ V},
such that
(Vx,ox) =, MNNEV, (1.27)

where (-, -} denotes the inner product on H. When H is infinite-dimensional,
the notion of basis has to be further specified, but we will defer this issue
for the moment. The collection of Haar functions z/)Hk forms such a basis for
H = Ly([0,1]). In this case the indices A = (j, k) encode the information
about scale and location. Of course, in the case of the Haar basis ¥ = U
one has ¥ = ¥. Equation (1.27) means that the coefficients dy in the
expansion of v relative to ¥ are given by dy = (v, ¥,).

To simplify further exposition, I now introduce a compact notation for
bases and their transforms that will be consistently used throughout the
rest of the paper. Formally, let us view a given (countable) collection of
functions ® in H as a (column) vector (of possibly infinite length), so that
an expansion with coefficients ¢y, ¢ € ® can be formally treated as an ‘inner

product’
cTo =3 cyp.
o
The sum is always understood to converge in the norm of the underlying

space, and the superscript T' denotes ‘transpose’. Likewise, for any v € H,
the quantities (®,v) and (v, ®) mean the column-, respectively row-vector,
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of coefficients (¢, v), (v, ¢), ¢ € ®. Thus (1.26) can be written for short as
dT¥. Boldface lower case or capital letters will always denote sequences or
matrices acting on sequences, respectively.

To push this a little further, for any two countable collections ®,= of
functions, we consider the (possibly infinite) matrix

(®,5) = ((¢,€)) peca ez
Specifically, the above biorthogonality relations (1.27) then become

(U, 0) =1, (1.28)

where I denotes the identity matrix (whose dimension should be clear from
the context).

The examples in Sections 1.3 and 1.4 can be viewed as special cases of the
following situation. Suppose that H; and Ho are Hilbert spaces such that
either one of the continuous embeddings

HCHCH; or HCHCH

holds. In many cases of interest, Ho is the dual of Hy, that is, the space of
bounded linear functionals on H; relative to the duality pairing induced by
the inner product (-, -) on the (intermediate) space H. Furthermore, suppose
that £ is a bounded linear bijection that maps Hy, onto Ho, that is,

1Lolla, ~ lvllm, v e H, (1.29)

where here and below a ~ b meansa < band b < a. The latter relations
express that b can be bounded by some constant times a uniformly in any
parameters on which a and b may depend. Hence the equation

Lu=f (1.30)

has a unique solution u € H; for every f € H;. In Section 1.3 we had
L = H, Hy = Hy = Ly(R), while in Section 1.4 £ = — 25 H; = H{([0,1]),
Hy = H71([0,1]), the dual of Hj([0, 1]).

The basic idea is to transform the (continuous) equation (1.30) into an
infinite discrete system of equations. This can be done with the aid of
suitable bases for the spaces under consideration.

Given such bases, seeking the solution u of (1.29) is equivalent to finding
the expansion sequence d of u = d?¥. Inserting this into (1.30) yields
(L¥)Td = f. Now suppose that © = {f) : A € V} is total over Hy, that
is, (v,0) = 0 implies v = 0 for v € Hy. Then (L¥)Td = f becomes the
(infinite) system

(£¥,0)Td = (f,6)T. (1.31)
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The objective now is to find collections ¥ and © for which the system (1.31)
is efficiently solvable. This can be approached from several different angles.

(a) Diagonalization

The ideal case would be to know a complete system ¥ of eigenfunctions so
that the choice © = ¥ would diagonalize (1.31). Of course, in practice this
is usually not feasible. However, when ¥ and ¥ are regular enough in the
sense that the collections

0:=(LTH W cH, ©:=LVCH,, (1.32)
then biorthogonality (1.28) implies

that is, biorthogonality of the pair O, 6. Here L£* denotes the dual or adjoint
of £ defined by (Lu,v) = (u,L*v). In this case the solution u = d7V¥ is
given by

d=1(6,f), u=/(f0)W. (1.34)

When V¥ is a wavelet basis, it will be seen that under certain assumptions
on L (defined on R™ or the torus), the elements of © share several properties
with wavelets. The ) are then called vaguelettes. Truncation of (f, ©)W¥
would readily yield an approximation to u. Note that this can be viewed as
a Petrov-Galerkin scheme.

(b) Preconditioning

One expects that vaguelettes are numerically accessible only in special cases
such as for constant coefficient differential elliptic operators on R™ or the
torus. However, these cases may be in some sense close to more realistic
cases, which opens possibilities for preconditioning.

Alternatively, one could relax the requirements on the bases ¥ and ©.
Again one could view the eigensystem as the ideal choice. A simple diagonal
scaling would then transform (£¥, ¥)7 into I. Thus one could ask for bases
¥ such that for a suitable diagonal matrix D,

B:=D(L?, "D <1 (1.35)

is spectrally equivalent to the identity, in the sense that B and its inverse
B! are bounded in the Euclidean norm Id[l7, (v := d*d, where d* := d’
is the usual complex conjugate transpose.

Note that the principal sections of the infinite matrix B correspond to the
stiffness matrices arising from a Galerkin scheme applied to (1.30) based on
trial spaces spanned by subsets of ¥. Relation (1.35) means that these
linear systems are uniformly well conditioned. Such a ¥ would be in some
sense sufficiently close to the eigensystem of £. It will be seen that for
a wide class of operators wavelet bases have that property. The precise
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choice of D depends on £ or, more precisely, on the pair of spaces Hy, Ha
in (1.29). For instance, in Section 1.4 the diagonal entries of D would be
2) for A := (j,k). In this context Sobolev spaces play a central role and
the question of preconditioning will be seen to be intimately connected with
the characterization of Sobolev spaces in terms of certain discrete norms
induced by wavelet expansions.

(c) Sparse representations

The similarity between wavelet bases and eigensystems extends beyond the
preconditioning effect. Indeed, for many operators the matrices B in (1.35),
as well as their inverses, are nearly sparse. This means that replacing entries
below a given threshold by zero yields a sparse matrix. When £ is a dif-
ferential operator and the wavelets have compact support this may not be
too surprising (although the mixing of different levels creates, in general, a
less sparse structure than shape functions with small support on the highest
discretization level). However, it even remains true for certain integral op-
erators as indicated by the estimate (1.11) for (H¥# ). Quantifying this
sparsification will depend on £ and on certain properties of the wavelet basis
that will have to be clarified.

(d) Significant coefficients and adaptivity

Once you can track the wavelets in ¥ needed to represent the solution u
of (1.30) accurately, one can, in principle, restrict the computations to the
corresponding subspaces. Combining this with the sparse representation
of operators is perhaps one of the most promising perspectives of wavelet
concepts. A significant part of subsequent discussions will be initiated by
this issue.

1.6. The structure of the paper

Here is a short overview of the material and the way it is organized. Sec-
tion 2 outlines the scope of problems to be treated and indicates corres-
ponding basic obstructions to an efficient numerical solution. It is clear from
the preceding discussion that, for each problem, the properties of underlying
function spaces, in particular Sobolev spaces, have to be taken into account.
A few preliminaries of this sort will therefore be collected first.

The objective of this paper is by no means the construction of wavelets.
However, the performance of a wavelet scheme relies on very specific prop-
erties of the wavelet basis. I find it unsatisfactory to simply assume these
properties without indicating to what extent and at what cost these prop-
erties may actually be realized. Therefore the construction of the tools also
provides the necessary understanding for its limitations. Consequently some
space has to be reserved for discussing properties of multiscale bases. Guided
by the examples in Sections 1.2 and 1.4, Section 3 begins by describing a
general framework of multiresolution decompositions: this is to provide a
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uniform platform for all the subsequent specifications, in particular, those
which involve more complex domain geometries. The simple but useful con-
cepts of stable completions is emphasized as a construction device that can
still be used under circumstances where, for instance, classical arguments
based on Fourier techniques no longer apply.

Section 4 outlines some examples of multiscale decompositions and wave-
let bases, which will later be referred to frequently. So-called hierarchical
bases on bivariate triangulations (as a straightforward generalization of the
construction in Section 1.4) will serve later as a bridge to developments in
the finite element context. Wavelets defined on all of Euclidean space, their
periodized versions, and wavelets on cubes are by far best understood. A few
facts are recorded here which are important for further extensions needed
later on.

Multiresolution originates from the classical setting concerning the full
Euclidean space. The shift- and scale-invariance of its ingredients provide a
comfortable basis for constructions and admit in combination with Fourier
techniques best computational efficiency. While wavelets are usually as-
sociated with orthogonal bases, the concept of biorthogonal wavelets is em-
phasized, because it offers much more flexibility and localization (in physical
space). I will try to indicate later that this actually pays dividends in several
applications.

Much of the comfort of shift- and dilation-invariance can still be retained
when dealing with wavelets on the interval (and hence on cubes). This
still looks very restrictive, but it will turn out later to be an important
ingredient for extending the application of wavelet schemes, for instance to
closed surfaces or other manifolds. I have collected these construction issues
in one section, so that those who are familiar with this material can easily
skip over this section.

Section 5 addresses the heart of the matter. Once one is willing to
dispense with orthogonality, one has to understand which type of decom-
positions are actually suitable. A classical theme in functional analysis is
to characterize function spaces through isomorphisms into sequence spaces.
The discussion in Section 1.5 has already stressed this point as a basic vehicle
for developing discretizations. Orthonormal bases naturally induce such iso-
morphisms. When deviating from orthogonality, the leeway is easily seen
to be set by the concept of Riesz bases, which in turn brings in the notion
of biorthogonal bases. Whereas biorthogonality is necessary, it is not quite
sufficient for establishing the desired norm equivalences. The objective of
Section 5 is to bring out what is needed in addition. In order to be able
to apply this to several cases, this is formulated for a general Hilbert space
setting (see Section 5.2). It should be stressed that the additional stability
criteria concern properties of the underlying multiresolution spaces not of
the particular bases. Therefore things are kept in a basis-free form. Again,
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to guarantee flexible applicability, these criteria do not resort to Fourier
techniques but are based on a pair of inequalities, describing regularity and
approzximation properties of the underlying multiresolution spaces (see Sec-
tion 5.1). The most important application for the present purpose is the
characterization of Sobolev spaces in Section 5.3 for all relevant versions of
underlying domains, including manifolds such as closed surfaces. These facts
will later play a crucial role in three different contexts, namely precondition-
ing (recall Section 1.5, (b)), thresholding strategies for matriz compression
(see Section 1.5, (c)) and the analysis of adaptive schemes (see Section 1.5,
(d)).

A first major application of the results in Section 5 is presented in Sec-
tion 6. It is shown that (1.35), namely the transformation of a continuous
problem into a discrete one, which is well-posed in the Euclidean metric,
is realized for a wide class of elliptic differential and integral operators, de-
scribed in Section 2.3. The entries of the diagonal matrix D depend on
the order of the operator L. Preconditioning is seen here to be an immedi-
ate consequence of the validity of norm equivalences for Sobolev spaces. It
simply means that the shift in Sobolev scale caused by the operator £ in
(1.30) can be undone by a proper weighting of wavelet coefficients. Diagonal
matrices act in some sense like differential or integral operators much like
classical Bessel potentials.

To bring out the essential mechanism, this is formulated for a possibly
abstract setting. One should look at the examples in Section 2.2 to see what
it means in concrete cases. On the other hand, it is important to note that
the full strength of wavelet bases is actually not always needed. When the
order of the operator L is positive, the weaker concept of frame suffices. This
establishes a strong link to recent, essentially independent, developments
of multilevel preconditioning techniques in a finite element context. Both
lines of development have largely ignored each other. Although the present
discussion is primarily seen from the viewpoint of wavelet analysis, I will
briefly discuss both schools and their interrelation.

While the concepts in Section 6 can also be realized in a finite element
setting, Section 7 confines the discussion to what will be called the ideal
setting, meaning problems formulated on R™ or the torus. As detailed in Sec-
tion 4.2, an extensive machinery of wavelet tools is available and much more
refined properties can be exploited. Last but not least, through marriage
with Fourier techniques such as FFT, this could be a tremendous support of
computational efficiency. Some of the insight into local phenomena gained
in this way can also be expected to help under more general circumstances.
Of course, all these properties are preserved under periodization, so that
wavelets still unfold their full potential for periodic problems.

One further reason for reserving some room for this admittedly restricted
setting is to think of a two-step approach. Exploiting all the benefits of the
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ideal setting, one aims at developing highly efficient techniques that are to
cope with the bulk of computation determined by, say, the spatial dimension
of the domain. This should then justify efforts to treat geometric constraints
entering through boundary conditions separately, hopefully at the expense
of lower-order complexity.

The common ground for all the techniques mentioned in Section 7 is that
the inverse of an elliptic operator is fairly well accessible in wavelet coordin-
ates. This concerns vaguelette techniques, which in the spirit of Section 1.5
(a), aim at diagonalizing the operator £ (see Section 7.2). Several issues
such as the (adaptive) evaluation of vaguelette coefficients, freezing coeffi-
ctent techniques for operators with variable coeflicients and relaxed notions
like energy-pre-wavelets are discussed.

The next step is to consider a class of univariate (periodic) nonlinear evol-
ution model equations (Section 7.7). Several different approaches such as
vaguelette schemes and best bases methods will be discussed. The so-called
pseudo-wavelet approach aims at a systematic development of techniques
for an adaptively controlled accurate application of evolution operators and
nonlinear terms. An important vehicle in this context is the so-called non-
standard form of operators. I will try to point out the difference between
several approaches which are based on a number of very interesting and
fairly unconventional concepts.

These evolution equations are to be viewed as simplified models of more
complex systems like the Stokes and Navier-Stokes equations. In Sec-
tion 7.11 some ways of dealing with corresponding additional difficulties
are discussed. It seems that biorthogonal vaguelette versions combined with
(biorthogonal) compactly supported divergence-free wavelet bases offer an
interesting option, which has not been explored yet.

As mentioned before, a major motivation for the developments in Sec-
tion 7 was to embed problems defined on more general domains into the
ideal setting and then treat boundary conditions separately. Section 8 is
devoted to a brief discussion of several such embedding strategies. I will
focus on three options. The first is to use extension techniques in conjunc-
tion with the multilevel Schwarz schemes described in Section 6.5. This is
particularly tailored to variational formulations of problems involving self-
adjoint operators. An alternative is to correct boundary values by solving
a boundary integral equation. Finally, one can append boundary conditions
with the aid of Lagrange multipliers.

Section 9 deals with pseudo-differential and integral operators. As an
important case, this covers boundary integral equations. This type of prob-
lem is interesting for several reasons. First of all, it naturally came up in
Section 8 in connection with partial differential equations. Second, it poses
several challenges. On one hand, boundary integral formulations frequently
offer physically more adequate formulations and reduce, in the case of exter-
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ior boundary value problems, the discretization of an unbounded domain to
a discretization of a lower-dimensional compact domain. On the other hand,
they have the serious drawback that (in some cases in addition to precondi-
tioning issues) the resulting matrices are dense. However, as indicated by the
example in Section 1.3, such operators have a nearly sparse representation
relative to appropriately chosen wavelet bases. What exactly ‘appropriate’
means, and some ingredients of a rigorous analysis of corresponding compres-
sion techniques will be explained in this section. The issue here is twofold,
namely reducing a matrix to a sparse matrix without losing asymptotical
accuracy of the solution, and the efficient computation of the compressed
matrices at costs that remain proportional to their size. Moreover, when the
operator has negative order (see Section 2.2) preconditioning does require
the full strength of wavelet decompositions. So, in principle, wavelets seem
to be particularly promising for this type of problem. One expects that
they offer a common platform for (i) efficiently applying operators that are
otherwise dense, (ii) preconditioning the linear systems and (iii) facilitating
adaptive strategies for further reducing complexity.

However, the embedding strategies from Section 8 do not apply to closed
surfaces. So appropriate notions of wavelets on manifolds have to be de-
veloped. Discontinuous multi-wavelets have been employed so far. But ac-
cording to the results in Section 6, they are not optimal for preconditioning
operators of order —1. Therefore Section 10 is devoted to the construc-
tion of wavelet bases on manifolds that have all the properties required by
the analysis in Section 9. This rests on two pillars: the characterization of
Sobolev spaces with respect to a partition of the manifold into parametric
images of the unit cube (recall that the classical definition of Sobolev spaces
on manifolds is based on open coverings), and certain biorthogonal wavelet
bases on the unit cube that satisfy special boundary conditions. The con-
struction of such bases, in turn, can be based on the ingredients presented
in Section 4.4. This refers partly to work in progress. Some consequences
with regard to domain decomposition are briefly indicated.

In Section 11 we take up again the issue of adaptivity. The main ob-
jective is to outline a rigorous analysis for a possibly general setting that
covers the previously discussed special cases. Some comments about relat-
ing this to adaptive strategies in the finite element context are included. In
addition, this part should complement the intriguing algorithmic concepts
discussed before. The section concludes with a brief discussion of the rela-
tion between the efficiency of adaptive approximation and Besov regularity
of the solutions of elliptic equations.

Finally, in Section 12 some further interesting directions of current and
perhaps future research are indicated.
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2. The scope of problems

The objective of this section is to put some meat on the skeleton of ideas in
Section 1.5 by identifying first a list of concrete model problems satisfying
(1.29) and (1.30). This requires some preparation.

2.1. Funclion spaces and other preliminaries

It is clear from the discussion in Section 1.5 that certain functional analytic
concepts related to Sobolev spaces play an important role. This section
contains corresponding relevant definitions, notation and conventions.

For any normed linear space S the norm is always denoted by || - ||s. The
adjoint or dual of an operator L is denoted by L£*.

Important examples are L, spaces. For 1 < p < oo (with the usual sup-
norm interpretation for p = co) and for any measure space (€2, du), the space
L,(§2) consists of those measurable functions v such that

i/p
[olzpi0) = ( / lv(w)l”du(:v)) < o0.
Q

For simplicity, we usually write dz instead of du(x), since only the Lebesgue
measure will matter. The case p = 2 is used most often. In this case

| - “%2(9) = (-, ")q, where

(u, v)q = / u(z)o(z) dz
Q

denotes the corresponding standard inner product. Here 2 may be R™ or
a domain in R™ or, more generally, a manifold such as a closed surface.
The latter interpretation is needed when dealing with boundary integral
equations.

Partial derivatives are denoted by 8, or 0, if it is stressed with respect
to which variable it applies. Common multi-index notation is used, that is,
z* =g 28, ol = |Jaa] + - + |ag, for a € Ng, Ng :={0,1,2,3,...}.

Suppose now that 2 C R™ is a domain. We shall always assume that
Q2 is a bounded, open, and connected (at least) Lipschitz domain. This
covers all cases of practical interest. If m is a positive integer, the Sobolev
space W™P((Q)) consists of all functions f € Lp(£2), whose distributional
derivatives 0" f, |v| = m, satisfy

'f’vaVm,p(n) = Z Han”}zp(Q) < o0 (2.1)
lv|l=k

see, for example, Adams (1978). The pth root of (2.1) is the semi-norm for
W™P(QQ), and adding to it || f||1,(q) gives the norm || f|lym.rq) in W™P(Q).
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For the present purposes the most important case is again p = 2, which is
denoted for short as H™(Q) := W™?2(Q). Furthermore, Sobolev spaces with
noninteger index s € R are needed. There are several ways to define them.
For 2 = R" one can use Fourier transforms

fw = [ r@e=vay,

RrR™

and set

Ho®") = {f € La(®") : [ (1+1y")°|f(w)[*dy < oo},

RrR"

where || is the Euclidean norm on R®. When 2 # R", the Lipschitz property
implies that there exist extension operators E that are bounded in H™ for
any m € N. For s > 0 one can define || f||gs(q) = inf{||gllgs@®n) : 9 o= f}-
Alternatively, H*(2) can be defined by interpolation between Lo(§2) and
H™(Q), m > s; see Bergh and Lofstrom (1976), DeVore and Popov (1988a)
and Triebel (1978). When s < 0 one can use duality. For any normed
linear space V, the dual space, consisting of all bounded linear functionals
on V| is denoted by V*. It is a Banach space under the norm ||w|y+ =
SUpP|y|, =1 [w(v)|- Specifically, when @ is a closed manifold (H*(Q))* =
H™3(Q).

We will briefly encounter Besov spaces Bj(Ly(€2)); see again Bergh and
Lofstrom (1976), DeVore and Popov (1988a), DeVore and Sharpley (1993)
and Triebel (1978). They arise by interpolation between L,(2) and W™P(Q).
Recall that H*(2) = B3(L2()).

As mentioned before, lower case boldface letters such as ¢,d will always
denote sequences over some (finite or infinite) index set A. As usual, for the
same range of p as above, we set

1/p
liclle,(a) (Z |Ck|p) -

keA

By convention, the elements of £,(A) will always be viewed as column vec-
tors, that is, cT, c* are rows, the latter indicating complex conjugates when
using the complex field. Analogously, for a matrix M the transpose is M7,
while M* denotes its complex conjugate transpose.

When there is no risk of confusion the reference to the domain or index
set will sometimes be dropped, that is, we write (-,-), H®, fa, etc.
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2.2. A general class of elliptic problems

(a) Scalar elliptic boundary value problems
For 2 C R™, an example of £ in (1.30) is

Lu:=i"" Y aap(2)0*0°u=f onQ, Bu=0 ond, (22)

la),| Bl<mn

where B is a suitable trace operator, and the polynomial

P(E) = Y aap(@)*?
ol |Bl=m

satisfies
P)>6>0, £€R™ zeq. (2.3)

Depending on the regularity of the domain, (1.29) holds with H; = H*(2),
Hy = H°72™(Q) for a certain range of s. An important special case is

—div (A(z)Vu) +a(x)u=fon Q, wu=0on o1, (2.4)

where A(z) is uniformly positive definite and symmetric on Q and for a
vector field v the divergence operator is defined by divv := 377, B_%UJ"

Clearly A = I, a(x) = 0, gives Poisson’s equation with Dirichlet boundary
conditions. Here H; = H}(2) and Hy = H~1(Q) = (H}(R))*. Likewise, one
could take the Helmholtz equation £ = —A+al fora > 0,or L= —A+3-V.
Similarly with £ = A2, H; = HZ(), Hy = H~?(), fourth-order problems
are covered as well.

The special case that L is positive definite and selfadjoint is of particular
interest, that is,

a(u,v) = (Lu,v) (2.5)

is a symmetric bilinear form. Ellipticity here means that

a(-,) ~ - 3 (2.6)

which implies (1.29). Clearly (2.4) falls into this category.

Such problems can be solved approximately with the aid of finite element-
based Galerkin schemes. There are several different problems that arise. For
n > 2 one obtains large linear systems, usually with sparse matrices which,
for instance in the case (2.4), are symmetric positive definite. Thus a major
challenge lies simply in the size of such problems. Since direct solvers based
on matrix factorizations would cause a significant fill-in of nonzero entries
in the factors, and therefore prohibitively limit storage and computing time,
one has to resort to iterative solvers for large problem sizes. Unfortunately,
the condition numbers of the system matrices grow with their size N like
N2m/n Tt is therefore of vital importance to precondition these sytems.
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In fact, an asymptotically optimal scheme would require uniformly bounded
condition numbers.

When L is not selfadjoint, efficient schemes such as preconditioned conjug-
ate gradient (PCG) iterations have to be replaced by more expensive ones,
whose performance is no longer a simple function of the spectral condition
numbers.

Finally, the coefficients in A(z) or a(x) may vary rapidly. On one hand,
this may adversely affect the constants in (1.29). On the other hand, the
resolution of such fluctuations may require too small mesh sizes, so that
questions of homogenization arise. In the following we will primarily address
the first two issues.

(b) Saddle point equations
An important example for a system of partial differential equations is the
Stokes problem

—Au+Vp = f, onf, u=0 on 09, (2.7)

divu = 0,

as a simple model for viscous incompressible flow. The vector valued func-
tion u and the scalar field p represent velocity and pressure of the fluid,
respectively. Obviously, one has to factor the constants from p, for instance
by requiring [ p(z)dz = 0.

Q

The weak formulation of (2.7) requires finding (u,p) € V x M, where

Vi= (H)@)", M =Loo() = {f € Lo(®) S (@) de = o}, (28)

such that
a(u,v) +b(v,p) = (fiv)g, veV
(2.9)
blu,p) = 0, neM,
with
a(u,v) = (Vu,Vv)q, blv,p) = (dive, p)q. (2.10)

So-called mized formulations of (2.4) for a(x) = 0 arise when introducing
the flur 0 := —AVu as a new variable, so that —div(AVu) = f yields a
coupled system of first-order equations

AVuyu = —0, diveo = f,

whose weak formulation is

a(o,7) = b(r,u) = 0, veV = H(div,Q),
(2.11)
~blo,v) = —{(f,v)q, vEM :=Ly(N).
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Here a(-,-) = (-, )q, b(,-) is defined as before in the Stokes problem, and

H(div,Q) := {7 € (L2())(™: divT € L2(Q)},

endowed with the graph norm ||7| g(giv.0) = (“T”2L2(Q) + ||div 7'||%2(Q))1/2.

Both cases (2.9) and (2.11) can be viewed as an operator equation of the

form (1.30) with
_ (A B
£_<B ; ) (2.12)

and A:V - V* B:V — M* are defined by
(Au,v)q = a(u,v), veV, bl,u)=(Bv,uq, peM.

It is well known that in both cases £ is an isomorphism from H; := V x M
onto Hy := V* x M*, that is, (1.29) is valid (Braess 1997, Brezzi and Fortin
1991, Girault and Raviart 1986), which in this case means that

b
inf sup (v, 1)

>8> 0. (2.13)
weM vev [[vllv ||l m

Note that in the case (2.11) the Galerkin approximation of A is a mass
matriz. Introducing suitable weighted inner products on a high discretiza-
tion level would precondition this part well, which is one possible strategy
for dealing with fluctuating coefficients.

However, the numerical solution of (2.9) or (2.11) now poses additional
difficulties. The operator L is no longer definite. Preconditioning there-
fore requires additional care. Furthermore, the discretizations of V' and M
must be compatible, that is, (2.13) has to hold uniformly in the family of
trial spaces under consideration. Both issues, preconditioning as well as the
construction of compatible trial spaces, will be discussed below.

(¢) Time-dependent problems
Once elliptic problems of the above type can be handled, the next step is to
consider problems of the form
Ou n
E+£u+g(u) = 0, uk)=ulk+l), klez", (2.14)
u(-,0) = up,

where L is an elliptic operator of the form (2.4), and G is a possibly nonlinear
function of u or a first-order derivative of u. Prominent examples are reaction
diffusion equations

ou 02

a = VWU +up, p > 1, v > O, (215)
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or the viscous Burgers equation

ot ox  0x2
which describes the formation of shocks. Several wavelet schemes for this

type of equation will be discussed. Some will also apply to problems such
as the Korteweg-de Vries equations

Ou Ju o3

a, 3 constant, having special soliton solutions (Fornberg and Whitham 1978).

(2.16)

(d) Boundary integral equations

Many classical partial differential equations can be transformed into bound-
ary integral equations. This includes the Lamé-Navier equations of linear-
ized, three-dimensional elasticity, (Wendland 1987), the oblique derivative
problem (Michlin 1965), arising in physical geodesy, the exterior Stokes flow
(Ladyshenskaya 1969); see Schneider (1995) for a brief overview. Here it
suffices to describe a simple example that exhibits the principal features of
this class of problem. Consider the boundary value problem

AU=0,0onQ, 9U=f onl :=0Q, (2.18)

where (2 is a bounded domain in R® and 8, denotes the derivative in the
direction of the outer normal to I". It is well known that this boundary value
problem, which arises, for instance, in the computation of electrostatic fields,
is equivalent to the following integral equation of second kind provided by
the so-called indirect method

Lu=f, (2.19)
where £ = %I + K and
T _
(Ku)(z) = 4—17; / ’%iTlfj)u(y) ds,. (2.20)
r

Here v, denotes the exterior normal of I' at y. K is called double layer
potential. For smooth I' the operator K is compact on Ly(T') so that the
principal symbol of £ is 1/2. Thus (1.29) holds with Hy = Hy = Lo(T)
and K is a zero order operator. Clearly, denoting by G(z — y) := ﬁ_—yl

the fundamental solution of (2.18), one has Ku(z) = [ 0, ,G(x — y)u(y) dSy
r
and the solution U of (2.18) can be obtained by evaluating U(z) = [ G(z —
r

y)u(y) dsy, where u is the solution of (2.19).



78 W. DAHMEN

This approach is particularly tempting when (2.19) is to be solved on the
exterior R3 \  of some bounded domain. In this case one has to append
certain radiation conditions at infinity to determine the solution uniquely.

The so-called direct method arises in connection with transmission prob-
lems and is well suited to dealing with other boundary conditions. Problem
(2.18) subject to Dirichlet conditions U = f on I' is known to be equivalent
to

Lu=Vu= (%I - IC) f, (2.21)

where

Vo) = [ 0 dy 2.2
r

is the single layer potential. In this case (1.29) can be shown to hold for
H; = H™Y2(I") and Hy = H'/?(T"), and £ has order minus one.

In both cases the unique solvability of (1.30) and (1.29) can be established
along the following lines, which work for a much wider class of pseudo-
differential operators. In fact, for smooth I' these operators are classical
pseudo-differential operators characterized by their symbol; see Hildebrandt
and Wienholtz (1964), Kumano-go (1981). Equation (1.29) follows from the
boundedness of £, its injectivity on Hy, and coercivity of the principal part
of its symbol.

The advantages of the approach are obvious. A 3D discretization of a
possibly unbounded domain is reduced to a 2D discretization of a compact
domain. One can also argue that in many cases the integral formulation is
physically more adequate.

On the other hand, there are serious drawbacks. If the order of the op-
erator L is different from zero, as in the case of the single layer potential
operator, the need for preconditioning remains. In addition, conventional
discretizations of the integral operators lead to dense matrices, which is per-
haps the most severe obstruction to the use of these concepts for realistic
problem sizes N. Appropriate wavelet bases will be seen to realize both
desired effects (b), (¢) in Section 1.5 for this class of problem.

2.3. A reference class of problems

The examples in Section 2.2 illustrate the variety of problems that will be
discussed in this paper. To get some structure into the diversity of existing
studies of various special cases, I stress the fact that certain results, mainly
concerned with (b) in Section 1.5, actually hold in remarkable generality.
Presenting them in this generality will help to bring out what really mat-
ters. In all the above examples the operator £ satisfies (1.29) where Hy, H,
are Sobolev spaces or products of such. In order to keep the discussion
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homogeneous, we will confine the formulation of a model class of problems
to the scalar case. So we assume that there exist some positive constants
c1, ¢ < oo such that

cllCull -+ < Jullge < collCullg-, (2.23)

where H* stands for a suitable (subspace of a) Sobolev space (for instance,
determined by homogeneous boundary conditions) and H~* for its dual
space. The underlaying domain may be a bounded domain in R”, R" itself
or a more general manifold such as a closed surface according to the above
examples. Thus the problem

Lu=f (2.24)

has for every f € H™! a unique solution.
The analysis that follows will also cover operators with global Schwartz
kernel

Lu = /K(,:L')u(x) dez,
r

as considered in Section 2.2. As in the above examples, K will always be
assumed to be smooth off the diagonal x = y. Moreover, it is to satisfy the
following asymptotic estimates, which obviously hold in the above cases as
well,

agagK(x,y)\ < dist(z, y) " (H2HelI8), (2.25)

where r = 2t is the order of the operator.

3. Multiscale decompositions of refinable spaces

In Section 1.5 the transform point of view has been stressed. As indic-
ated there the corresponding numerical schemes can be viewed as Galerkin
or, more generally, (generalized) Petrov-Galerkin schemes. The point is
that these schemes are always seen in connection with a whole ascending
sequence of trial spaces, often referred to as multiresolution analysis. This
permits the interaction of different scales of discretizations. In basis or trans-
form oriented methods this is effected with the aid of appropriate multiscale
bases of hierarchical type. Following Carnicer, Dahmen and Pena (1996),
Dahmen (1994), Dahmen (1996) and Dahmen (1995) a general framework
of multiresolution and multiscale decompositions of trial spaces is described
next in a form which will later host all the required specializations. The
examples in Sections 1.2 and 1.4 can be used as a conceptual as well as a
notational orientation.
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3.1. Multiresolution

The concept of multiresolution analysis plays a central role in the context
of classical wavelets on R™. The anticipated applications here require a
suitable generalization. In the spirit of Section 1.5, let H be a Hilbert space
with inner product (-,-) and associated norm || - || = || - |z = (-,-)}/2. A
multiresolution sequence S = {S;},cn, consists of nested closed subspaces
S; C H whose union is dense in H

Sj - Sj+1, closy ( U S]> = H. (3.1)

J€ENg
Define for any countable subset ® C H
S(®) := closy(span{®}),

the closure of the linear span of ®. In all cases of practical interest the
spaces S; have the form

Sj = S(‘I)j), ‘I’j = {(,bjyk ke Aj} (3.2)

for some (possibly infinite) index set A, where {®;} = {®;};en, is uniformly
stable in the sense that (see (1.23))

lclleaa,) ~ €7@l e (3.3)

The ®; will sometimes be called generator bases or single-scale bases. The
elements ¢; typically have good localization properties such as compact
supports whose size depends on the scale j.

An arbitrary but fixed highest level of discretization will usually be de-
noted by J, and

Njy:=#Ay
abbreviates the dimension of the corresponding space S(® ).

Examples are H = Ly([0, 1]) and ¢;x the box or tent functions (see Sec-
tions 1.2 and 1.4) with A; = {0,...,2? =1} or A; = {0,...,27}, respectively.

Two-scale relations
Nestedness of the spaces S(®;) combined with (3.3) means that every ¢, €
S(®;) possesses an expansion

Gik= D, ™ pPit1

l€Aj1
with a mask or filter sequence mfc = {m{,k}leAHl € €2(Aj41); recall (1.2)
and (1.19). In our compact notation this can be rewritten as

oT = a7, My, (3.4)



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 81

where the refinement matrix M, o contains the mfc as columns.

I will make frequent use of this notation, for two reasons. First, it saves
several layers of indices. Second, it clearly brings out the conceptual simil-
arities shared by all the technically different subsequent specializations. On
the other hand, a word of warning is also appropriate. The special features
of the actual implementation remain somewhat obscure. For instance, it will
by no means always be necessary to assemble the complete matrices M.
In most cases its application to a vector amounts to applying local filters.
Keeping this in mind, I still grant priority to convenience.

To illustrate (3.4), recall from (1.2) that the refinement matrix for the
box functions is the 271 x 27 matrix

% 0 0 0
% 0 0
0 % 0
M, = ], 3.5
j 0 % 0 (3.5)
0 % 0
0 0 —%
0 0 0 %

whose dependence on j concerns only its size. Likewise, (1.19) gives the
(2741 — 1) x (27 — 1) matrix

1
73 0 0
1 1 9
22 2\1/5
0 75 0
o L 1 0
2v/2  2vV2
M;o = 0 0 (3.6)
0
1 1
22 2\1/5
0 0 7
0 1

S
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3.2. Stable completions

Since the union of S is dense in H, a basis for H can be assembled from func-
tions which span complements between any two successive trial spaces. One
may think of orthogonal complements as in Section 1.2 or of the hierarchical
complements in Section 1.4 induced by Lagrange interpolation (1.21). De-
pending on the case at hand, different choices will be seen to be preferable.
So at this point we follow Carnicer et al. (1996) and keep the specific choices
open. Thus one looks for collections ¥; = {1; 1 : k € V;} C S(®;41), such
that

S(®j41) = S(®;) @ 5(¥;), (3.7)
and {®; U ¥;} is still uniformly stable in the sense of (3.3). Like refinabil-
ity, such decompositions may be expressed equivalently in terms of matriz
relations that will provide a convenient algebraic platform for a unified treat-

ment of subsequent specializations. As above, (3.7) implies that there exists
some matrix M, ; such that

vl = T, M. (3.8)
It is easy to see that (3.7) is equivalent to the fact that the operator

M; = (Mj 0, Mj1),
defined by Mj (S) = Mj,oc+M]-,1d, forc e fg(Aj), de ZQ(Vj), is invertible
as a mapping from £2(A;) x €2(V;) onto £2(Aj1). Moreover, {®; U ¥,} is
uniformly stable if and only if

IM [, IM; ) = 0(1), jeN, (3.9)
where || - || is the spectral norm (Carnicer et al. 1996).
It is convenient to block Mj_1 as
M =G = (%?) : (3.10)
so that
I=M;G; =M,;0Gjo+M;1G; (3.11)
and
GjeM; o =601, e, €{0,1}. (3.12)

Of course, those who are familiar with wavelets recognize in (3.11) the
classical filter relations. The matrix M; describes a change of bases and
hence the reverse change Gj, that is, ;41 can be expressed in terms of the
coarse scale basis ®; and the complement basis ¥;. One readily concludes
from (3.4), (3.8) and (3.11) the reconstruction relation

QJT_H = ‘-‘D;I‘Gjyo + \IIJTGj)l. (3.13)
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In general it may be difficult to identify the inverse G;, or, better, to ar-
range M, 1 in such a way that also G; has a nice structure such as sparseness.
One rather expects that when M; is sparse, G; will be full. In some sense,
the art of wavelet construction can be viewed as finding the exceptions.

It is again instructive to recall the examples in Section 1. The rela-
tion (1.3), defining the Haar wavelet, corresponds to the 27+ x 27 matrix

‘%1 0 0 ... 0
~7 0 0
0 5 0
M;, = 0 % 0 . (3.14)
0 -5 0
0 0 5
0 0 0 -
Since the Haar system is orthonormal, one simply has in this case
G;=MJ, [Myl=|Mj'|=1. (3.15)
Adding and subtracting (1.2) and (1.3), one could also deduce directly that
1 1

Gir1,2k = \/i((ﬁj,k +9h), Girrzksr = \/i(‘bj,k —yi).

For the hierarchical basis from Section 1.4 one obtains the (2/+! — 1) x 27
matrix

10
0 0
01

o O O

Mjp=1]: @ ¢ N (3.16)

o o O
o O e
- o O

Moreover, since by (1.19) and (1.22),
birrak = V2hik — % (Dj+1,2k—-1 + Pjr1,2k41)
= V28— % (ip-1+¥jk), k=1,...,27 -1,
Gir10 = V2¢i0— %lbj,O» Pjt1,05+1 = \/§¢j,21 — %%,2]‘—1,
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while
Git12k+1 = Vjk, k=0,...,27 — 1,

one readily identifies, in view of (3.13), the inverse G; as

0v2 0 0 0 ... 0 0
0 0 0 V2 0 S0 0
Gjo=|: : : S (3.17)
V2 0 0 0
0o 0 ... 0 0 v2 0
and
1 —% 0 01
Gj1= . (3.18)
_% 0
—3 1

Again one trivially has ||M;|], ||G;|| = O(1), j € Ng, so that the hierarch-
ical complement bases are also uniformly stable in the above sense.

Remark 3.1 Evidently, the identification of a complement basis (3.7) is
equivalent to completing a given refinement matrix M, to an invertible
mapping. Any M;; for which the completed matrix M; satisfies (3.9) will
be called stable completion of M; .

3.83. Multiscale bases

Repeating the decomposition (3.7), one can write each space S(®;) as a
sum of complement spaces

J-1
S(2) = 5(20) P S(L,).

J=0

Accordingly, g; € S(®;) can be expanded in single-scale form with respect
to &5 as

gs = ®Tc’, (3.19)
as well as in multiscale form as

g5 =03 +9fd’ + ...+ 9T 4/, (3.20)
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with respect to the multiscale basis
v = | U, (3.21)
Hence, by the denseness of S (3.1), the union

o
Ti=0;U | U= {yr: eV} (3.22)
J=jo
is a candidate for a basis for the whole space H. Here jy is some fixed
coarsest level (which, for simplicity, will usually be assumed to be jo = 0).
We will always use the convention

Vi=A,UV_, (3.23)
where
A= Bj, Y= Pjgk, A= (Jo, k), V_:={(j,k) ke Vi, j € No}.

In principle, there is no need to consider only subsets ¥” of ¥ defined by
levelwise truncation. Instead one can select arbitrary subsets A C V to form
trial spaces

Spa = 8S(Wa), WYa:={v: A€ A},

to discretize (1.30), say. According to (d) in Section 1.5, the selection of A,
depending on a particular problem at hand, is a very natural way of steering
adaptivity. This is perhaps one of the most promising aspects of multiscale
basis-oriented methods in comparison with conventional discretizations.

3.4. Multiscale transformations

On the other hand, working with arbitrary subsets A C V will be seen to
cause practical problems that should not be underestimated. Adequate data
structures have yet to be developed. Things are much simpler for the special
case

Aj={deV: |\<J} (3.24)
where
|/\|= ] if 1[JA€‘I/j,
jo—1 if Ae Ay,

which deserves some special attention.

To this end, both coefficient vectors ¢ and d appearing in (3.19), (3.20),
respectively, convey different information. While ¢/ in (3.19) indicates in
many cases, for instance, the geometrical location of the graph of g, the d’
in (3.20) have the character of differences. While usually all the entries of ¢/
are needed to represent g accurately, many of the entries in d may be small,



86 W. DAHMEN

and replacing some of them by zero may still permit a sufficiently accurate
approximation to g; (recall (1.9) in Section 1.2). On the other hand, the
pointwise evaluation of g; is much simpler in the single-scale form (3.19).
These questions will be encountered repeatedly in the course of subsequent
developments.

To exploit the benefits of both representations, one needs a mechanism
to convert one into the other. These transformations all have a common
pyramid structure, which is explained next. Since by (3.4) and (3.8},

@;rcj + \Il;rdj = @};1 (Mj,Ocj + Mj,ldj) ;

the transformation

Ty;:d—c (3.25)
is schematically given by
My M Mj_1p0
CO — Cl — C2 _— e e C
MO,l Ml,l MJ_LI (326)
/" /! S /
dO dl d2 dJ—l

To express this in terms of matrix multiplications, define for 7 < J the

#® ;5 x #P; matrix
—(M; 0
TJ,] = ( 0 I ) 4

where I is the identity block of size #®; — #®;41. Then (3.26) becomes
T;=Tss_1 T (3.27)
As for the inverse transformation, since, by (3.13),
(I);f+lcj+1 - q’;-T(Gj,OCj+1) + ‘I’J’I‘(Gj,lcj+1) - q)Jch + \I/;Fdj,

T}l is realized by

Gi-1p0 G20 Go,0
¢/ - It - 7?2 ... -
G111 Gj_21 Go,1 (3.28)
N \ N N\
dJ—l dJ—2 dO,

which, of course, has a similar product structure as (3.27) involving the
blocks G;.
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Complexity of multiscale transformations

Let us comment first on the complexity of the transformations T, T;l. In
the above two examples (see (3.5), (3.6), (3.14), (3.16)) the matrices M;
and G; have only finitely many nonzero entries in each column and row.
Thus the operations that take ¢/,d’ into ¢/*! as well as ¢/*! into ¢7,d?
require the order of #A;,, operations uniformly in j. Since in both cases
#Aj11/#A; ~ o > 1 (here p = 2), one concludes that the execution of
T; and T requires the order of #A; = dim S(®;) operations uniformly
in J € N. Note that one need not assemble the global transformation T ;
but rather apply local filters like (1.2) and (1.19) which correspond to the
successive application of the factors T ; ;. This pattern holds in much greater
generality, as long as #A,/#A;_1 > ¢ > 1, and the matrices M;, G; stay
uniformly sparse. By this we mean that the columns (rows) of M;, (G;)
contain only a uniformly bounded number of nonzero entries. Thus one may
record the following for later use.

Remark 3.2 When all M; are uniformly sparse and the cardinality of ®;
grows geometrically, then the application of T ; requires O(#A ;) operations.
Under the same assumptions on the G; an analogous statement holds for
the inverse transformation T;l.

Let us see next how the transformation T ; may enter a numerical scheme
for the approximate solution of (1.30). Suppose one wants to employ a
Galerkin scheme based on S(®;), that is, one has to compute uy € S(®)
satisfying

(Lug,v) ={f,v), veSDy). (3.29)

If uy is to be represented in single-scale form uy = (c’/)T®, this amounts
to solving the linear system

(L2, @) c! = (f,0,)T (3.30)

for the unknown coefficient vector ¢/. As pointed out in Section 2.2, the
matrix Ag, = (LD, P 7)T may be sparse but increasingly ill-conditioned
when J grows. In the special situation of Section 1.4 it has been observed
that the stiffness matrix relative to the hierarchical basis has more favourable
properties. One readily checks that, in general, the stiffness matrix Ays :=
(LY, /)T relative to the multiscale basis ¥/ (see (3.21)) has the form

Ay =TYAs,T;. (3.31)
Hence Ay is a principal section of the (infinite) matrix
Ay = (LT, 0)T, (3.32)

which is often called standard representation of L.
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Let us assume that £ is a differential operator, so that, when ®; con-
sists of compactly supported functions, Ag, is sparse and has only O(Ny)
nonvanishing entries, where, as before, Ny = #A ;. Hence its accurate com-
putation requires only the order of N; operations and storage. Since the
basis ¥/ contains functions defined on coarse levels, basis functions from
different scales will generally interact, so that Ag.s will generally be much
denser. However, in the context of iterative schemes, only the application
of a matrix to a vector matters. By (3.31), the application of Ags to a
vector reduces to applying successively T, Ag, and T?, each requiring, on
account of Remark 3.2, the order of N; operations.

In the above form these multiscale transformations are very efficient rel-
ative to the complexity of the full space S(®;). At this point, though, it is
not clear how to deal with spaces S(¥,) spanned by subsets of ¥,

Stability and biorthogonality

There is obviously a continuum of possible complement bases ¥; that yield
decompositions (3.7), and the question arises whether they are all equally
suitable. The Haar basis corresponds to taking orthogonal complements
relative to the £s-inner product, while the hierarchical basis spans orthogonal
complements relative to the inner product a(u,v) = (u/,v’)[g ) in Hi([0,1]).
Thus orthogonal complements appear to be a canonical choice. However,
they are frequently not easy to realize. For instance, any stable completion
for (3.6), which induces orthogonal complements, is either dense or gives
rise to dense inverses G;. Moreover, we will encounter situations where
orthogonal complements are actually not the best choice.

At any rate, the qualification of the complement bases ¥; will be seen to
depend crucially on the topological properties of their union ¥. Aside from
efficiency, a first reasonable constraint on the choice of the ¥; is the stability
of the multiscale transformations; see, for example, Dahmen (1994, 1996).

Theorem 3.3 The transformations T ; are well conditioned in the sense
that

ITs), 1T = 0(1), JEeN, (3.33)

if and only if the collection ¥, defined by (3.22), is a Riesz basis of H. This
means that every f € H has unique expansions

F= (000 = D (£, 020 (3.34)

AEV AV
where ¥ C H is a biorthogonal Riesz basis, that is,
(O, 0) =1, (3.35)
such that
£z~ I W) lep(wy ~ 1Fs B)llea(w)- (3.36)



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 89

Thus biorthogonality is as far as one can deviate from orthogonality. It will
be seen that the framework of biorthogonal bases offers a much more flexible
setting for constructing multiscale bases such that the matrices M; as well
as their inverses G; are uniformly sparse and give rise to well-conditioned
multiscale transformations. Moreover, several schemes that have originally
been formulated for orthogonal wavelets (at the expense of infinite although
decaying filters) can be adapted to the biorthogonal setting with better
localization in physical space.

Remark 3.4 Biorthogonality came out as a necessary condition. In gen-
eral, it is not quite a sufficient condition for the Riesz basis property (3.36).
In fact, as observed by Meyer (1994), not every Schauder basis in a separable
Hilbert space is a Riesz basis. Additional conditions ensuring (3.36) will be
discussed later.

3.5. Stable completions continued

Constructing a stable completion in the sense of Section 3.2 does not yet
guarantee that a collection ¥ of the form (3.22) is a Riesz basis in H. Since
in general we cannot resort to Fourier techniques, other tools are needed. As
we have seen in Sections 1.2 and 1.4, sometimes certain stable completions
can be found that may not yet have the desired form. For instance, the
hierarchical bases in Sections 1.4 and 4.1 are not Riesz bases. In such cases
a simple device will help, that allows one to modify the complement bases
(Carnicer et al. 1996). It will have several applications later. The first
important observation is that, once some stable completion is known, all
others can be parametrized as follows.

Proposition 3.5 Suppose that ®; are uniformly stable with refinement
matrices Mo and let M, ; be some (uniformly) stable completion of Mj .

Let G; := (g"l’) denote the inverse of M; = (M, M, 1). Then M; is also
I
a stable completion of Mg, if and only if there exist
Lj : 6(V;) = b(8;), Kj:£(V;) = £(V))
such that L;, K, Kj_1 are uniformly bounded as operators and
Mj,l = Mj,()Lj + Mj,lKj. (3.37)
Moreover, the inverse G; of M; = (M;0, M, 1) is given by
Gj,o = Gj,() — LjKj_IGj,l, Gj,l = Kj—léj,l. (3.38)
Thus, given ijl, varying L; and K; produces a whole family of fur-

ther stable completions and corresponding decompositions of the spaces
S(®;). The special case K; = I covers the lifting scheme proposed by
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Sweldens (1996, 1997). In this case one has
UT = @] M1 = 3], \ MjoL; + 8], | M, = ®TL + ¥,

j+1 j+1
that is, in terms of individual functions, one has
Yk = Z (Lj)ix®s1 + JJj,k- (3.39)
lEA]'

Thus the new wavelet 1; 1, is obtained from the initial wavelet T/V)j,k by adding
a linear combination of coarse scale generating functions.
Now the task remains to pick from the above family of stable completions
a certain desired one. Specifically, we will have to identify stable completions
associated with linear projectors of the form (-, Z;)®; where (®;,Z;) =1L
In fact, Carnicer et al. (1996) have shown that

M1 = (I—M;o(®j41,55)T) Myt (3.40)
are also stable completions with
Gjo=Gjo+ (®j+1,5)™,1Gj1, Gj1=Gj1. (3.41)
This obviously corresponds to the case K; =1 and
Lj = —(®j+1,5;) M. (3.42)

To see the relevance of this latter observation in the present context, let
forany ACV

Wp = {yh: A€ A} (3.43)
If ¥ and ¥ are biorthogonal collections (3.35), then
Qav = (v, Tp) Ty,  Qhv:= (v,Tp) Ty, (3.44)

are projectors onto the spaces S(¥y ), S (\il A), respectively, which are adjoints
of each other. In particular, for A = A; we simply write Q; = Q4.

Remark 3.6 If ¥ and ¥ are biorthogonal, then
QaQj =Qa when AC Acv. (3.45)

If in addition (3.36) holds, then the Q4,Q} are uniformly bounded in H,
AcCV.

Suppose now that the desired biorthogonal multiscale bases are not yet
known. Projectors can be also represented with respect to the basis ®; of
S(®;) = S(W). So let

Qv = (v, ®;)®;, (3.46)
where
(®5,9;) =1, (347)



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 91

for some ®; C S(¥7). We will see next what (3.45) means for the ®;.

Remark 3.7 The ¢); defined by (3.46) satisfy (3. 45) if and only if the
collection ¢I> is refinable, that is, there exists a matrix MJ o such that

o7 = o7 1M 0, (3.48)
and

M; oMo =1 (3.49)

The key to constructing biorthogonal wavelet bases is the following ob-
servation (Carnicer et al. 1996). The point is that if dual pairs of refinable
generator bases ®;, ®; satisfying (3.47) are given and some initial stable
completion is known, then biorthogonal wavelets can easily be obtained as
follows. One infers from (3.40) and (3.41) the following.

Proposition 3.8 Under the assumptions of Proposition 3.5,

M = (T— M;M;,) M, (3.50)
are also stable completions with
Gjo =M, Gj1=G;1. (3.51)
Moreover, 1\7[]-,1 = Gj, is a stable completion of 1\~/Ij,0 and the collections
¥, ¥ obtained from
vl =0l My, 97 =& M;,, (3.52)

by (3.22), are biorthogonal.

Note that when M, G; and M; ¢ are sparse, then the biorthogonal wave-
lets in ¥ and ¥ have compact support.

4. Examples

The objective of this section is to identify several specializations of the set-
ting described in Section 3, which will be needed later.

4.1. Hierarchical bases

The first example concerns the bivariate counterpart to the construction in
Section 1.4. It has attracted considerable attention in connection with the
hierarchical bases preconditioner (Yserentant 1986).

Suppose € is a bounded polygonal domain in R? and 7; is some trian-
gulation of Q. This means the union of triangles in 7y agrees with § and
the intersection of any two different triangles 7,7’ € 7y is either empty or a
common vertex or a common edge. A sequence of triangulations 7; is then
obtained by subdividing each T € 7;_; into four congruent triangles. With
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each 7; we associate the space S; of continuous piecewise linear functions
on . Thus, as in the univariate case (see Section 1.4), tent functions form
a basis for S;. In fact, denoting by ¢, 1 the unique piecewise linear function
which has the value 27 at the vertex k of 7; while vanishing at all other
vertices, one can show that the corresponding collections ®; are uniformly
stable (3.3); see, for instance, Oswald (1990). It is clear that the union of
the S(®,) is dense in H = Ly(2).

The hierarchical bases are obtained by adding to ®; just those basis func-
tions on the next level that correspond to the new vertices at the midpoints
of the edges in 7;. Thus, denoting by A; the vertices in 7; and by V; the
midpoints of the edges in 7; or, equivalently, V; = A1 \ Aj, and calling
Ntk for k € Aj the set of neighbouring vertices of k in Aj41, one has

Gk = > 277715 k(M)bjr1m, k€A, (4.1)
mE{k}U./\/'j_*_lyk

that is, the entries of M are given by

%, m =k,
(M;.0) ik = 2797 gjk(m) = %, m € Nji1k, (42)
0, else.
Since
Yik = Oj+1k kEV; (4.3)
one has the completion
(Mj,l)m’k =0mk, MEAN; 1, keEV; (4.4)

On the other hand, since also for m € A; one has N1, C V;, (4.1) and
(4.3) imply

Gjtim = 205m — D %%’,k, (4.5)
keENj11,m
so that in this case we infer from (3.13)
(Gj,o)km =20km, M€ N, kKEA (4.6)
and ~
—%, mEAj,kE./\/jH,m,
(Gjkm =19 Okm> k,meV;, (4.7)

0, else.
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Since obviously {|M;||, |G;|| = O(1), j € N, the Mj; 1, defined by (4.4), are
indeed uniformly stable completions.
However, note that

S(¥;) = (Lj+1 — L;j)S(®j41) (4.8)
where the L; are the interpolation projectors defined by
Lif =Y 27 f(k)ojx-

kGAj
Hence the basis ¥ obtained in this way (see (3.22)) has no dual in Ly(Q)
and is therefore not a Riesz basis. However, it will serve as a convenient

initial stable completion in the sense of Proposition 3.8. Some consequences
of these facts will be discussed later in connection with preconditioning.

4.2. Wavelets on R™

The construction of wavelet bases is best understood for H = Ly(R), where

the notion of multiresolution analysis has originated from Mallat (1989),
Meyer (1990) and Daubechies (1988).

Stationary multiresolution
Let us first consider the univariate case n = 1. Suppose that ¢ € Lo(R) has
stable shifts

lellez ~ || D cud(- — k) (4.9)
kezZ L2(R)
and is refinable, that is, there exists a mask a € ¢3(Z) such that
z) = Z ar®(2z — k), z € R, almost everywhere. (4.10)

kez

Hence the collections
;= {pjp = 2%¢(2 - —k) : k € 2}

are uniformly stable (3.3) and satisfy (3.4) with Mo = Mg = (a;—2k)1,kez-
Thus the refinement matrices are stationary, that is, they are independent
of the scale 5 and the spatial location k. The examples from Sections 1.2
and 1.4 are obviously obtained by restricting collections ®; of this type
to [0,1]. The function ¢ is often called scaling function or generator of
the multiresolution sequence S = {S(®;)} ez, which is known to be dense
in Lo(R); see, for example, de Boor, DeVore and Ron (1993) and Jia and
Micchelli (1991).

Time-frequency analysis and Fourier techniques have been an indispens-
ible source of construction tools. It is well known (de Boor et al. 1993,



94 W. DAHMEN

Daubechies 1992, Mallat 1989, Jia and Micchelli 1991) that, in terms of the
Fourier transform, stability (4.9) is equivalent to

3 Iy +27k)* > ¢ >0, (4.11)
kezZ

while the refinement relation (4.10) reads

$(y) = 2" a(e™/*)(y/2). (4.12)
The Laurent polynomial

a(z) = Z arz®

kez

is called the symbol of the mask a. Since under the present assumptions ¢§
is continuous, reiteration of (4.12) yields

oo
oy) = {H (27a(e=2™Y)) } $(0), (4.13)
j=1

where the product converges uniformly on compact sets so that we always
have ¢(0) # 0. Thus we may assume that ¢ is normalized to ¢(0) = 1.

An important special case arises when the shifts ¢(- — k) are orthonormal
so that (4.9) becomes an equality. An example is the scaling function (see
Daubechies (1992, page 137))

1, ly| < 2m/3,
b(y) = cos (Fu(Elyl - 1)), 2r/3 <yl <4n/3, (4.14)
0, otherwise,

where v is a smooth function satisfying

Another interesting example is

$ly) =2+ (1 — e ¥)q(y), (4.15)

where the trigonometric polynomial ¢ is chosen, so that the shifts ¢(-—k), k €
Z are orthonormal and

d -
d_yl¢ ly=0= 604, 1=0,...,d—1.

This latter condition means that

/x’qs(z) dz=6p5 1=0,...,d—1, (4.16)
R
that is, the scaling function ¢ also has certain vanishing moments. Using
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essentially the same Taylor expansion argument as in Section 1.3, condition
(4.16) implies that, for smooth f, one has (f, ¢ x)r ~ 27/2f(277k). In fact,
one can show that, for instance,

Y @RI - k) — F27D)| S 277 fllwaco (4.17)

kez

so that the expansion Y ¢, f(277k)¢(27z — k) almost interpolates f. While
¢ from (4.14) has global support, the support width of ¢ from (4.15) is 3d—1
(Daubechies 1992, page 258).
The now famous scaling functions ¢ with orthonormal shifts of smaller
support (of width 2d—1) have been constructed by Daubechies (1988, 1992).
When the shifts of ¢ are orthonormal, it can be verified that the shifts of

$(@) = Y (~1)Fer_kp(2z — k) (4.18)

kEZ

form an orthonormal basis of the orthogonal complement of S(®¢) in S(®,),
so that the corresponding ;; constitute an orthonormal basis for L2(R).
The function ¢ from (4.14) gives rise to the Meyer wavelet (Meyer 1990)
which has extremely good localization in Fourier space but has rather slow
decay in physical space. The wavelets for (4.15) are called coiflets and will
be referred to later again.

In general one can say that QAS and 1/3 act like low pass and band pass filters.
For an extensive discussion of this background see Daubechies (1992).

However, orthonormality will merely be viewed as a special case of the
more flexible concept of biorthogonality that came up in Section 3.4; see
Cohen, Daubechies and Feauveau (1992).

Dual pairs _
The scaling functions ¢, ¢ are said to form a dual pair if

6.8~ B)x:= [$@)da—Rdo=op, kez  (419)
R

We will sometimes refer to ¢ and ¢ as primal and dual generator, respect-
ively. It is easy to see that compact support of ¢ and ¢ implies that the
masks a and & have finite support and that (4.19) implies stability (4.9).
Moreover, it is known that the functions

W) = Y (-Dra 192 — k), $(2) = Y (-1 xd(2z— k) (4.20)

kez kez
satisfy

<¢a"Z( - k)>1R = <(};,1/)( - k)>IR = 0’ <¢"¢;( - k»R = 60,]0; ke Z, (421)
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which obviously covers (4.18) as a special case. Observe next that straight-
forward computations confirm that the relations (4.19) and (4.21) are equi-
valent to

( a(z) a(-2) > ( a(z) Iz(z) ) _ ( 40 ) (4.22)
b(z) b(—z) a(=z) b(—2) 0 4

This can be used for the construction of the dual generator ¢. Given the
mask a one can determine a satisfying the first relation in (4.22) and then
show that the product (4.13) with &, instead of a, is the Fourier transform
of an Lo-function.

One easily deduces from (4.10) and (4.21) that for ¥; := {¢;x : k € Z},
W, := {1, : k € Z} the collections

Ui=0 |JU;, T:=%) Y (4.23)
720 120

are biorthogonal.
To relate this to the discussion in Section 3.2, note that with by :=
(~1)*ay_y, b = (=1)*a;_; the bi-infinite matrix M; 1 =My := (b—ok)1kez
is a stable completion of My above and that in this case (see Proposition

3.8),
Go =M = <(:ll—2k)

G =Mj = (Z:)l—2k) (4.24)

klez’ kilez’

B-splines as primal generators give rise to an important class of dual
pairs where both generators have compact support. Let |z| ([z]) denote
the largest (smallest) integer less (greater) than or equal to x, and define
Na = X[o,1) * - - - * X[o,1) as the d-fold convolution of the box function (1.1).
Then, for

_a\d
¢ =qd:= Ny ( + HJ) , Na(y) = (1 —° ) : (4.25)

iy
(4.10) becomes
4] .
ad(z) = 21‘d(k . [g])m(zx—k)- (4.26)
w=—T4)

Cohen et al. (1992) have shown that for every d, de N, d>d, d+d even,
there exists a compactly supported scaling function , ;¢ such that (44, ; ;¢)

form a dual pair. The role of the parameters d, d will be pointed out below.



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 97

Polynomial exactness
It is remarkable that in the present stationary setting the refinement equa-
tion (4.12) has further important consequences. In fact, since, by (4.12),

P(2mk2™) = {H (2_1a(e—i2"_j2”)>} d(27k),
j=1
letting n tend to infinity and applying the Riemann-Lebesgue lemma yields

d(2rk) =0, kez\ {0} (4.27)

By the Poisson summation formula, this means that (Cavaretta, Dahmen
and Micchelli 1991)

1= z oz —k), ze€R. (4.28)

kez

Similarly, a somewhat refined argument shows that ¢ € H"(R) implies
oW@2rk)y=0, kez\{0}, [=0,...,r (4.29)

(Cavaretta et al. 1991) so that Poisson’s summation formula again implies
that, for any polynomial p of degree at most r, there exists some polynomial
q of lower degree such that

p(z) = p(k)o(z — k) + q(x). (4.30)
kez

In particular, when the scaling function ¢ also has vanishing moments
(4.16), then the polynomial g can be shown to vanish. Combining this poly-
nomial reproduction property with arguments from the proof of Proposition
5.1 below yields estimates of the form (4.17) above. The fact that shifts of
¢ represent polynomials of degree r exactly is reflected by the fact that the

symbol a(z) contains a power of (1 + z), that is
a(z) = (1 + 2)"q(2) (4.31)
where g(1) = 277 (Daubechies 1992). .
Returning to the above family (4¢, ; ;¢) of dual pairs, the parameters d, d
are exactly the respective orders of polynomial reproduction. Thus (4.19)

yields
T

o= Y () ga( — K)rad(@—k), r=0,...,d—1,

kez

" = Z((‘)r,m('—k)>1kd,g¢~5($—k), r=0,...,d—1,

kez

(4.32)

which has two important consequences. On one hand, as indicated above,
the order of polynomial reproduction governs the approximation power of
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the spaces S(®;); see, for instance, Cavaretta et al. (1991). This will be
established later in somewhat greater generality. Here we mention first the
following important further implication.

Moment conditions
As an immediate consequence of (4.21) and (4.32), we state that

=
=

3 (4.33)
when 1,7 are the wavelets (4.20) relative to the dual pair (¢, ; ;¢) from

above. The wavelets 1,9 are said to have vanishing moments of order d,d,
respectively. Recall from Section 1.3 that the order of vanishing moments
governs the compression capacity of a wavelet. The fact that in connection
with biorthogonal wavelets the order of vanishing moments can be chosen
independently of the order of exactness will play an important role later.

Integration by parts

There is an important trick for generating a dual pair from another one,
essentially by integrating up and differentiating down (Dahmen, Kunoth and
Urban 1996¢, Lemarié-Rieusset 1992, Urban 1995a). To this end, suppose
that (¢, ¢) is a dual pair and ¢ € H!*¢(R). By the previous remarks, its
symbol a(z) is divisible by (1 + z). The new symbols

2 142
1+Za(z), at(z):= Rk

obviously still satisfy the first relation in (4.22). Moreover, the refinement
relations (4.11) relative to the masks a—,a" can be shown still to possess
solutions ¢~, ¢ € Lo(R) with compact support, which are related by

a”(z2):= a(z) (4.34)

Lo(@)= ") =970 =1), 5@ =Fa+ )= fla) (43
Since one still has a™(2)a*(z) + a™ (—2)a*t(—z) = 4, (¢~, #t) is still a dual

pair. Moreover, the corresponding wavelets ¢, 9+, defined by (4.20), are
related to 1,9 by

d d - ~
_— = 4op~ — Pt (z) = — . 4.
(@) = 7 (2), (@) = ~4b() (4:36)
We will have several opportunities to make use of these facts later.
The multivariate case

The simplest way of generating orthogonal or biorthogonal wavelets on R"
is via tensor products. Given any dual pair (¢, @) of univariate scaling
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functions, the products

$(z) = p(@1) - p(n), (z) = @(21) - B(zn) (4.37)

obviously form a dual pair in La(R™).

The corresponding masks are obtained from the univariate ones in a
straightforward fashion. Ome should note that for scalings by powers of
two one now needs 2™ — 1 different wavelets whose shifts span the comple-
ment spaces. Setting E := {0,1}", E, := E'\ {0}, it is convenient to index
these mother wavelets as follows,

Ye(x) = Ve, (z1) - Ve, (x), €€ E,, (4.38)
where we sometimes denote for convenience g := . The e are defined
analogously. Thus, while associating the functions

Gk = 2M2¢(27 - k), kezm, (4.39)

with the index set or grid A; := 277Z", the wavelets e j k. &e,j,k correspond
to Ve ;= 27 (% + Zn), so that Aj-i-l = A]‘ U (UeeE* Ve,j).

Several alternatives have been studied. First, one might look for genu-
inely multivariate scaling functions and wavelets. The practical relevance
in terms of small masks and locality seems to be confined to a few spe-
cial cases; see, for instance, Cohen and Schlenker (1993). On the other
hand, the tensor product structure offers numerous advantages with regard
to computational efficiency, via reduction to univariate problems, and data
structures, as long as the underlying grid structure is regular. However, to
reduce the number of mother wavelets, one might employ scalings by suit-
able integer matrices M with all eigenvalues strictly greater than one. One
then needs |det M| — 1 mother wavelets (Gréchenich and Madych 1992, Co-
hen and Daubechies 1993, Dahlke, Dahmen and Latour 1995). Again, much
less machinery is available in this case. Finally, instead of considering spaces
generated by a single scaling function, one can use a fixed finite collection of
generators. In summary, however, since none of these approaches overcomes
the obstructions posed by more complex domain geometries, it is fair to
say they do not offer any significant advantages for the problems considered
here.

Computational issues

Obviously, the stationary setting offers a variety of computational advant-
ages. One need not assemble any level dependent refinement or completion
matrices. The multiscale transformations (3.26) and (3.28) reduce to local
applications of finite filter masks which are fixed once and for all; see Barsch,
Kunoth and Urban (1997) for a discussion of these issues. The main point
of this section is to present some computational techniques for basic tasks
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like evaluating function values, derivatives and integrals of wavelets, which
have no counterpart in conventional discretization settings.

Even though many scaling functions and hence corresponding wavelets
possess no closed analytic representation, all essential information can be
drawn from the masks. We will briefly exemplify this fact for the com-
putation of integrals of products of scaling functions and wavelets or their
derivatives. More details of the following facts can be found in Dahmen and
Micchelli (1993) and Latto, Resnikoff and Tenenbaum (1992), and corres-
ponding implementations are documented in Kunoth (1995).

Due to the two scale relations (4.20), integrals involving wavelets can
be reduced to integrals involving only scaling functions. Thus Galerkin
discretization of a partial differential equation requires evaluating terms like

[ e@0%6;4(@)0°6;4(2) s, (4.40)

Q

where a successive application of (4.10) has been used when wavelets on
different levels j,j’ are involved. Assuming for simplicity that £ is a union
of rectangular domains, the above integral can be written as

> / X (@)a(2)0% ;1 (2)0° b4 (x) dz, (4.41)

mezr Rn

where x = xno is the characteristic function of the unit cube O = [0,1]™.
Due to the compact support of ¢, the sum is actually finite and involves at
most | supp ¢| terms.

Applying quadrature to quantities like (4.40) may not always be advis-
able, since although a(z) may be very regular the accuracy of the quadrat-
ure is limited by the factors %@, which may have very low regularity.
Let us therefore point out how to evaluate (4.40) up to an accuracy that
only depends on a(z). To this end, let § be any other scaling function
such as a (tensor product) B-spline. Replacing a(x) by some approximation
Y 1ezn ai95,(x) =: a;(x) which could, for instance, be obtained by interpol-
ation, the compact support of § again ensures that, when replacing a(z) by
aj(x) in (4.41), the sum over | € Z" is again finite, so that one ultimately
has to compute after rescaling the quantities

/ xo(@)0(z — k1 )0%(z — k)P d(z — k?) da. (4.42)

Similar expressions arise when discretizing nonlinear terms such as those
appearing in Burgers equation.

Here a new idea enters. The point is now that, given any finite number
of (possibly different) scaling functions ¢;, (with finitely supported masks),
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1=0,...,m, with ¢; € C"(R™) say, then expressions of the form

IR, k™ pt o u™) ::/ Haﬂ ¢i(z — k') dz (4.43)

R"™ =1

can be computed ezactly (up to round-off). Thus the accuracy of the quant-
ities in (4.40) depends only on the approximability of the coefficient a(z).

This is essentially a consequence of refinability and its close connection
with subdivision techniques; see Cavaretta et al. (1991), Dahmen and Mic-
chelli (1993) and Latto et al. (1992). The main ideas are now sketched.
Suppose ¢ is a scaling function. Differentiating and evaluating (4.10) at
(multi-)integers, yields

2 Mot p(k) = > am_10"¢(1). (4.44)

lezn

Clearly (0#¢(k) : k € Z™) is finitely supported. Thus (4.44) may be seen as
an eigenvector relation, that is, the vector V¥ = (0*¢(k) : k € supp ¢) is an
eigenvector of a finite section of the transpose of the refinement matrix for
the eigenvalue 27#I. When n > 1, that is, p is a multi-integer, every V#
with |u| = r is an eigenvector with eigenvalue 27".

To exploit these relations for evaluating 0“¢(k), k € Z", one therefore has
to find suitable additional conditions and show that they actually identify
each V# uniquely. Before we describe such conditions we point out that,

(i) once 0*¢|,n» is known, successive use of (4.10) yields 0|, m,7 €N
(ii) this can be used to determine the integrals (4.43).

To explain this latter fact, let us catenate (k!,...,&k™), (u!,...,u™) to
vectors k, p in Z°, Z% , respectively, where s = mn. Note that

where
F) = [ o(@)r(a—3")-- émla —y™) da.
RTL

The point is that F' is again a refinable function with mask coefficients

k=2") af Hal pis (4.46)

lezn =1

where a’ is the mask of ¢;.
Theorem 4.1 (Dahmen and Micchelli 1993) Suppose that all ¢; are

stable in the sense of (4.9) and ¢; € C"(R"), i = 1,...,m. Then for any
p € Z7", |p| < 7, there exists a unique sequence V* of finite support in
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z™", satisfying

7MVE = N eV, kezm™, (4.47)
lezmn
and
S (kVE =6, W <|ul, vpeNpT,  (448)

kezmn

where c is defined by (4.46). Moreover, one has
Vi =0FF(k) = (1) I(k,p), kez™. (4.49)

The moment conditions (4.48) are implied by the polynomial reproduction
(4.30), (4.32). The proof that these conditions determine the V* uniquely,
employs the concept of subdivision algorithms (Dahmen and Micchelli 1993,
Cavaretta et al. 1991).

Other variants of similar nature can be found in Dahmen and Micchelli
(1993) and Sweldens and Piessens (1994), among them recursions for eval-
uating moments like [, 2°¢(z — ) dz.

Remark 4.2 The efficiency of this concept deteriorates when the factors
in the integrals (4.40) or (4.41) involve functions on different scales, since
this requires correspondingly many prior applications of refinement matrices.
This problem does not arise when working with the so-called non-standard
representation, which will be introduced later. Likewise, when £ is a differ-
ential operator and ¢ has compact support, the above scheme can be used to
compute the stiffness matrix Ag, := (£LP;, ® ;)T accurately and efficiently.
The multiscale transformation T'; (3.26) can then be employed to generate
the stiffness matrix Ays (3.32) at the expense of O(NN;) operations. Again
this may not be the best strategy for dealing with matrices Ay, for arbitrary
ACV.

4.8. Periodization

The above setting is clearly not suitable yet for the treatment of operator
equations which are usually defined on bounded domains.

A very special but nevertheless important framework is the periodic setting
(Meyer 1990). It essentially retains all the structural and computational
advantages of the stationary shift-invariant case considered above. There
are at least two reasons for addressing this case with great care. First, many
effects will be seen to be local in nature and hence also provide important
insight for more general situations. Second, one might aim at a two-stage
process, trying to carry out the bulk of computation via the full spatial
dimension relative to a periodized problem, while treating domain-related
effects like boundary conditions separately.
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The simple trick is to replace the meaning of g; ;, := 2™/2¢(2/.—k), k € Z",
for compactly supported or rapidly decaying g € Lo(R™) by its periodized
counterpart

9jk(x) == ond/2 Z g (Qj(x +1) — k) . (4.50)
lezn
Given any dual pair (gb,(i)) on R", and setting A; := Z"/2JZ", the corres-
ponding sets

(I)j = {¢j,k ke Aj}, \I/e,j = {we,j,k 1k € Aj}, e € FE,, (4.51)

and likewise i)j, ifm-, have finite cardinality 2™ and consist of functions
which are one-periodic in each variable. Note that this preserves orthogon-
ality relations. One easily checks that (4.19) and (4.21) still imply that

(Diks bit)D = /¢j,k(m)¢~5j,l(x) dz =8y, k1€ Ay, (4.52)
G

and that the collections
U:=ouU|J ( U \Ife,j>, ¥:=dU | ( U \IIJ) (4.53)
j=0 ecE,
are biorthogonal
(U, ¥)g =L (4.54)

Hence the S = {S(®;)}jeng; S = {S(®;)}jen, form two biorthogonal
multiresolution sequences fitting into the framework of Section 3 for H =
Ly(R™/Z™). One readily verifies that

din(@) = Y ( > 2—n/2al—2k+2j+1m> Bi+1,0s (4.55)
leA; 1 \mezZr

that is, the new masks are obtained by 2/*!-periodization. Thus the refine-
ment matrices M g have circulant structure and analogously the completion

Mj,l (as well as Mj,o, Mj,l).
Defining the discrete Fourier coefficients

Fi(f) = /f(x)e‘Q"”'k dx, kezm,
u!

it is clear that for the periodization (g] := }_,,czn 9(- + m) one has

Fi(lg) = g(k), kez™

Hence any results relative to R™ are readily related to corresponding results
for R™/Z"; see also Frohlich and Schneider (1995).
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4.4. Wavelets on the interval

There is one further extension beyond R™ or R™/Z" that is worth mentioning,
namely wavelet-like bases on [0, 1]. This still seems to be awfully restrictive.
However, it will later be seen to be a key ingredient for the construction of
wavelets on any domain that can be represented as a disjoint union of para-
metric images of cubes. This includes closed surfaces arising in connection
with boundary integral equations (see Section 2.2).

Wavelets on the interval have been discussed in several papers; see, for
instance Andersson, Hall, Jawerth and Peters (1994), Cohen, Daubechies
and Vial (1993), Chui and Quak (1992) and Dahmen, Kunoth and Urban
(1996b). The basic idea common to all these approaches is to construct
multiresolution sequences S on [0, 1], which, up to local boundary effects,
agree with the restriction of the stationary spaces defined on all of R. Thus
one retains possibly many translates 27/2¢(27 - —k) whose support is strictly
inside (0,1). In addition, one takes fixed linear combinations of those trans-
lates interfering with the boundaries in such a way that the original order
of polynomial exactness is preserved. The following discussion is based on
Dahmen et al. (1996b), which differs somewhat from the other sources but
seems to be tailored best to the needs of subsequent applications.

_ For any dual pair (¢, ¢) from the spline family (4.25), that is, ¢ = 49,
¢ = d’J¢>, d > d, d+ d even, define

ol =222, 202427 . —m))g = ((-)7, (- — M) =t Oy, (4.56)
and

afl = 202(29(1 - )", 29/2¢(27 - —m))g = (20 — )", ¢(- —m))x, (4.57)

forr=0,...,d — 1. Likewise dﬁm,r, dfm’r, r=20,...,d— 1, are defined by
replacing ¢ by qg It is known that the support of q~5 always contains supp ¢. It
turns out that things depend somewhat on the parity I(d) := dmod 2. So fix
[ € N, such that for j > jo, supp @(27-—m) C (0,1), for I <m < 27— —I(d).
Define left (L) and right (R) boundary functions by

-1
L .o 312490 . —
Figr = L om0 —m)
m=—Ilo+1
27 -l1—1 )
LR — R 9j/27(9j . _ _ 7
O v = O Um0 m)‘m, r=0,..,d-1,

m=27 —[—Il(d)+1
(4.58)

where supp ¢ = [I1,l2]. Since by (4.56), (4.57), the functions qz;;k,qﬁfk are
simply truncations of the polynomial representations (4.32), it is easy to see
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that the collections of left and right boundary functions
. - o -
o = {¢j,f—rf+r .T—O,...,d—l},
5 L d—

§F = [gF r=0,..

{¢J,21—i—l(d)+d—r 1} (4.59)

together with the interior translates
of = {212(2 - —m) :m =1,..., 2 — - U(d)}
span all polynomials IT; of degree < d —1 on [0, 1], that is,
m; C § (&) udjudl). (4.60)
Setting
l:=1-(d-d),

the functions ¢][f’k, d)ﬁk are defined in exactly the same way with all tildes
removed, providing

I, C S(@f ueluak), (4.61)
Also, by construction,

#(oF uefuel) = #(dfudlUBH).

However, while the interior functions in <I’]I- , &)JI are still biorthogonal, the
boundary modifications have certainly destroyed biorthogonality of the ele-
ments in <I>]X , @f , X € {L,R}. Nevertheless, it can be shown that these
collections can always be biorthogonalized. Moreover, this is a completely
local process, which need be done only once. In this and in several other re-
spects it is very fortunate that things have been set up to exploit symmetry
as much as possible. In fact, using the fact that ¢ and ¢ are symmetric
around [(d)/2, one can show that

Srai 1 iyrd—r(1 =) = 6f1_gsr(®), T=0,...,d—1, (4.62)
and likewise for d;ﬁk, éﬁ x- Thus one ends up with pairs of collections
@j = {d’j,k 1k € Aj}, (i)j = {(Z;j,k ke A]‘},

where A; := {I —d,...,20 — | — I(d) + d}, with the following properties
(Dahmen et al. 1996b).

(i) The functions in ®;, ®; have small support, that is,
3» i
diam(supp #; 1), diam(supp ¢;x) ~ 27. (4.63)
(ii) The ®;, ®; are biorthogonal
<q)j ) (I)]T> =L
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(iii) The spaces S(®;), S (i)j) are exact of order d, d, respectively, that is,
Iy C S(®;), Mj;C S(®;). (4.64)

(iv) The spaces S(®;), S(®;) are nested. This can be verified by exploiting
trivial scaling properties of polynomials and refinability of the interior
translates.

It is worth commenting on the structure of the corresponding refinement
matrices in

®f = @7, ,M;o, @ = o7, M. (4.65)
Each M, M, consists of a stationary interior block, whose size grows
like 27, as well as an upper left and lower right block, which are completely
independent of j and of fixed size. The interior blocks are just finite sections
of the bi-infinite refinement matrices (ax—2m )k mez, (8k—2m)k,mez. Moreover,
symmetry surfaces again. Denoting for a given matrix M by M! the matrix
obtained from M by reversing the order of rows and columns, one can show
(see also (4.62)) that

M},O = ijO’ ME’O = Mj,0~ (4.66)

The next step, namely to construct corresponding biorthogonal bases,
is somewhat more involved. Using tools from spline theory, one can first
construct suitable initial stable completions. Then Proposition 3.8 can be

applied providing new (sparse) stable completions M; 1, M;; of the above
refinement matrices, which have completely analogous structure and satisfy

M;oMT, +M; MY, =1, MIM;. =6..1, ee €{0,1}. (4.67)
Thus the wavelet bases
o7 =01, M, ¥T:=0] M;, (4.68)
satisfy (¥, ¥;)0,1) = 6,71 and hence

(U, Wy =1, ¥:=0,,uJ¥;, ¥:=0,ul]T,, (4.69)
Jj=jo Jj2jo
are biorthogonal.

All filters have finite length so that the v;, z[zj,k also satisfy (4.63). The
filters are stationary in the above sense. Thus the multiscale transformations
T; (3.26) and T;* (3.28) are still efficient and require the order of N;
operations. Finally, observe that the techniques described in Section 4.2
still apply, since all operations ultimately reduce to restrictions of ¢(27 - —k)

to [0,1] which can be realized by choosing x;x as an additional factor in
(4.43).
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5. Norm equivalences and function spaces

One of the most important properties of wavelets is that they can be used
to characterize function spaces; see, for example, (DeVore et al. 1992, Meyer
1990). The Riesz basis property (3.36) which came up in connection with
the stability of multiscale transformations (Theorem 3.3) is a special case
in a whole scale of similar relations. This will be seen to play a vital role
for preconditioning, matrix compression and adaptive techniques (recall (b),
(c) and (d) in Section 3.1).

In the classical stationary shift invariant or periodic setting such results
are established by making heavy use of Fourier techniques. They no longer
apply in a straightforward manner for other domains such as the interval
or more complex cases such as closed surfaces yet to come. Recall from
Section 3.4 that the Riesz basis property as one instance of such norm
equivalences naturally leads to the concept of biorthogonal bases. When
these bases correspond to orthogonal complements between successive spaces
S(®;), S(®;41), the Riesz basis property reduces to the Pythagorean the-
orem, once the complement bases ¥; are uniformly stable relative to each
level. However, orthogonal decompositions are often difficult to realize, lead
to dense matrices G, and in some cases are not optimal for the application
at hand. Thus understanding the general class of biorthogonal multiscale
bases is vital. However, while being necessary, biorthogonality by itself is
not quite sufficient to imply the Riesz basis property (Meyer 1994). The
developments in this section are therefore guided by the following point:

o find criteria for the validity of the Riesz basis property and other norm
equivalences for biorthogonal bases, which can still be employed in
situations where Fourier techniques no longer work.

A key ingredient is a pair of direct and inverse estimates; these are also
known to play an important role in convergence theory of multigrid al-
gorithms.

5.1. Direct and inverse estimates

The type of estimate we are aiming at is rooted in approximation theory,
concerning approximation and regularity properties of the trial spaces. To
formulate versions suitable for the present purpose, suppose that & C R” is
an open connected domain (the case Q = R” included). If 2 has a boundary
we assume that it has some minimal regularity such as the uniform cone
condition; see, for instance, DeVore and Sharpley (1993) and Johnen and
Scherer (1977). Thus there exists an extension operator E : L,(£2) — Ly(R™)
that is bounded in W;*(Q2) for any m € N. The estimates we require are

. —dj d
veg}&j)Hf—UHLp(Q) < 2 J“f”W;}(g;), fe Wy (). (5.1)
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We will refer to such estimates as direct or Jackson estimates. By interpol-
ation, one derives from (5.1) a scale of similar estimates with the right-hand
side replaced by 27%|| f|| gs(L,(92))>  <m, 1 < ¢ < 00, where Bg(Ly(£2)) are
corresponding Besov spaces (see Section 2.1).

There is often a counterpart called inverse or Bernstein estimate

ol Bz < 27Nl v € S(®)). (5.2)

We next give a simple criterion for verifying (5.1) that will apply in all
cases of interest.

Proposition 5.1 Let ®; C L,(?) and E; C Ly () with % + 1% =1 have
the following properties:

(i) E; and ®; are biorthogonal,
(®5,Z5)a =1 (5:3)
where (-, -)q denotes the dual pairing for L,(€2) x Ly ().
(ii) The elements of ®; and =; are uniformly bounded, that is,

I65kllL,0 165kl @) = O), JEN, ke, (5.4)

(iii) The collections ®;,Z; are locally finite, that is, there exists a constant
C < o0 such that

#{k/ : Dj,k N Dj,k’ # 0} < C, diam Dj,k 5 2_j (5.5)

where [J; 1, is the smallest cube containing supp ¢;x and supp§; k.
(iv) The spaces S(®;) contain all polynomials of order d (degree <d —1)
on €2,

II; € S(®;). (5.6)
Then one has
1f = (£, EDa®illL,@ < 2_dj||f||wg(9)- (5.7)

The type of argument needed here is essentially folklore. Since it plays a
central role we sketch a proof. By (5.6), one has for any P € Il

A Z0al o S WP gt 3 -Péuwallew, o
EI] & N0;, £ 70
(5.8)
On account of (5.5), the sum involves a uniformly bounded number of sum-
mands. Using (5.4) gives

P .
(F=Pgiwda| I65ull7 0y S 1F=PIE 0y S 2%, ) (B:9)

where a Bramble-Hilbert-type argument has been used in the last step.
A little care has to be taken near the boundary. In order to employ the
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scaling argument needed for the Bramble-Hilbert argument, one can employ
extension techniques; see Oswald (1997) for details. Bearing (5.5) in mind,
and summing over k € A;, yields (5.7). O

Estimates of the type (5.1) readily lead to estimates without regular-
ity assumptions. Consider the K-functional (see, for instance, Bergh and
Lofstrom (1976))

Ka(f,t) = K(f,t,Lp, Wy) = _inf {I1f = gllzp0) + tlglwgce }- (5:10)
P

One immediately infers from (5.1) that

inf If =l S Kalf,277). (5.11)
veo;

Remark 5.2 Under assumptions (5.4) and (5.5), the ®; are uniformly
stable (relative to || - ||1,q) and || - ll¢,(a;))-

Remark 5.3 Obviously Proposition 5.1 applies to all the above examples
of biorthogonal multiresolution sequences (with Z; = ®;). In fact, for wave-
lets on R" recall (4.32), the multiresolution on [0,1] was constructed in
Section 4.4 so that (5.6) holds, while all other conditions are obviously sat-
isfied. Thus we will assume from now on that the direct estimate (5.1) is
valid for the order d of polynomial exactness.

Remark 5.4 Suppose ¢ € La(R™) is a (compactly supported stable) scal-
ing function. Let
v:=sup{s: ¢ € H*(R")}.
Then
[llgsrny S 290l py@ny, v € S(Dy), (5.12)

~

holds for any s < 7. It is also known that ¢ € Lo(R™) implies ¢ € H*(R")
for some s > 0 (Villemoes 1993).

For a proof see, for instance, Dahmen (1995). One can show that when ¢, é
is a dual pair of compactly supported generators, then their integer shifts
are locally linearly independent. Then || - || gs(my and || - || ) are equivalent
norms on S(®g) and the claim for integer s follows from summing the local
norms and rescaling.

Remark 5.5 (Dahmen 1995, Dahmen et al. 1996b) Let ®; C L2([0, 1])
denote the generator bases constructed in Section 4.4. Then

lollgeaqoay S 29 M0llzyqop, v € S(®5), s<7. (5.13)

Finally, the inverse inequalities can be expressed in terms of the K-
functional as well. In fact, from (5.2), one can deduce that

Ka(v,t) < minfL, 2} o), veS@).  (5.14)
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The form (5.10) and (5.14) of the direct and inverse estimates will guide the
subsequent discussion.

5.2. The Riesz basis property

As pointed out in Section 3.4, the stability of multiscale transformations
(3.26), (3.28) is equivalent to the Riesz basis property of the basis ¥ (and
). It turns out that sufficient conditions which apply in our cases of interest
can be formulated in a general Hilbert space setting. This will shed some
light on the essential mechanisms. An important point is that, as one will
see, once a biorthogonal pair ¥, ¥ is given, additional conditions implying
the Riesz basis property only concern properties of the spaces spanned by
subsets of ¥ and V¥, not of the particular bases. These properties can be
formulated in terms of the estimates (5.10), (5.14).

In order to stress this point, we will first reformulate the problem some-
what, which, by the way, corresponds also to the strategy of constructing
Riesz bases employed in Section 4.4. First of all, it is usually not so difficult
to assure stability of a complement basis ¥; = {1+ : kK € V;} in the space
®,.1. We will therefore assume in the following that

1[dT ;)1 ~ [ld]le,(v,)- (5.15)
Moreover, recall from (3.45) that biorthogonality is equivalent to
QiQ=Q; for j<I, (5.16)

where the Q; are the projectors Qju = (v, ®;)®; = (v, W)W of (3.44),
(3.46), which, by Remark 3.6, have to be uniformly bounded when ¥ and
¥ are Riesz bases. Then, by (5.15), the norm equivalence (3.36) can be
equivalently expressed as

Iflla ~ No(f) ~ No-(f), (5.17)
where, for Q_; :=0,

Z (@ - Qj1 f”H (5.18)

The objective now is to establish the validity of (5.18) for a given sequence
Q of projectors satisfying the necessary conditions of uniform boundedness
and (5.16). It is important to note that in this form the result applies when
the ; are given only in the form Q;v = (v, <i>j)<1>j, that is, without explicit
knowledge of the right complement bases ¥; yet. Note also that the con-
dition (5.16) implies that the ranges 5']- of the adjoints Q] are also nested.
Moreover, these spaces are also dense in H (Dahmen 1994, 1996). Let us
denote the corresponding sequence by S. The following result says that the
Riesz basis property holds when, in addition to biorthogonality, the primal
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and dual multiresolution sequences S, S both have some approximation and
regularity properties expressed in terms of pairs of direct and inverse estim-
ates (Dahmen 1996).

Theorem 5.6 Let S be an ascending dense sequence of closed subspaces
of H and let Q be a sequence of uniformly H-bounded projectors with
ranges S satisfying (5.16). Let S be the ranges of the adjoint sequence Q*.
Suppose there exists a family of uniformly bounded subadditive functionals
w(+t) : H— Ry, t > 0, such that lim;_,y+ w(f,t) = 0 for each f € H and
that the pair of estimates

I =l S wl(f27), (5.19)

and
w(vj,t) S (min{1,12'})Y|vsllm, v; €V, (5.20)

holds for V = & and V = § with some 7,5 > 0, respectively. Then
Il ~ No(-) ~ No+(-). (5.21)
Here is an immediate consequence of Theorem 5.6.

Remark 5.7 Note that the K-functional Ky(-,t) defined by (5.10) has,
by (5.11), (5.14),(5.13), (5.12), all the properties of w(-,t) required above.
Thus the biorthogonal bases constructed in Sections 4.2 and 4.4 are indeed
Riesz bases.

A few comments on the proof of Theorem 5.6 are in order; see Dahmen
(1996) for details. First one observes that (Cohen 1994)

No(-) S Il-llg ifandonlyif |||z < No-(-)
Thus it suffices to prove that
|-z S No() and | |l < No-(), (5.22)

or the corresponding pair of opposite inequalities. To prove estimates of the
form (5.22) one can employ a technique which is also familiar in the analysis
of multilevel preconditioners.

Strengthened Cauchy inequalities
To this end, suppose there is a (dense) subspace U C H with a (stronger)
norm || - ||y such that, for some ¢ > 0,

If = Qifllo < 27%fllws If —Qifller < 27| fllu, (5.23)
and

lilly S 280l Nvile S 2Flvillvs, v € S;. (5.24)

~ ~
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Then one can estimate

(Q5 — Qj—1) [, (Qi — Qi—1)f)
{ Q5 — Qi—1)flly- Qi — Qi) flly  if i<,
(Q; — Qi-1)flly Qi — Qi) flly« if >4
Thus by (5.23), (5.24),

o

IfIE = D {Q—Qi—1)f (Qi — Qi—1)f)
i,j=0
< S 27 Q) - Qi—) Flgll(@i — Qi) fllg S Nal(f)™
1,j=0

When Q is uniformly bounded on U* the estimates (5.23) and (5.24) can
be shown to hold by duality also for @*. Thus the same argument also yields

IFIE < No-(H)*.

A scale of interpolation spaces
So, it remains to find such a subspace U. Natural candidates are the spaces
o which are defined for s > 0 as the collection of those f € H for which

£ 58, = D 2271H(Q5 — Qy—1)f Iy < o0
7=0

They are dense reflexive subspaces of H, and, with a proper understanding
of continuously extended projectors, one has a representation of their duals
in terms of the dual projectors Q* (Dahmen 1996)

(A3)" = Ag:. (5.25)

Moreover, these spaces are defined so that, again under assumption (5.16),
a pair of direct and inverse inequalities hold, namely

If = Qiflla S 2770 fllag,  1If - Qifllag.y S 272\ flm,  (5:26)
and

lvillag, < 2%lvsllms Noilla < QjSHUjH(AsQ*)*- (5.27)

Finally, by (5.16), Q is trivially uniformly bounded on A for all s, that is,

1Qjllag, =1, Jj€Ng,s€ER. (5.28)

Thus one almost has the pair of inequalities (5.23), (5.24) without any
assumption on Q beyond (5.16) and uniform boundedness. What is missing
is the relation between the spaces (A%.)" and (A5)". If they were equi-
valent, (5.26) and (5.27), together with the strengthened Cauchy inequality
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argument, would confirm (5.22) and hence the claim of Theorem 5.6. This
is where the direct and inverse inequalities (5.19), (5.20) come into play. In
fact, with the aid of these inequalities one can prove that

I llag, ~ 1 llgg, ~ Il - lag,  for 0 <'s < min{y,%}, (5.29)
where
m . .
I£11Es = 1F1% + D 2°%7w(f,277)2, (5.30)
=0

which closes the gap.

These results are closely related to interpolation theory. In fact, the A%
are interpolation spaces obtained by the real method; see, for instance, Bergh
and Lofstrom (1976), DeVore and Popov (1988a), DeVore and Sharpley
(1993) and Peetre (1978). A detailed discussion of this point of view can be
found in Dahmen (1995).

As mentioned before, the role of w(-, t) is typically played by a K-functional
or a modulus of smoothness, which under our assumptions on the underlying
domain are equivalent seminorms (Johnen and Scherer 1977). In that sense
the spaces Bf, can be viewed as generalized Besov spaces. Thus, in addition
to the Riesz basis property, the above criteria automatically establish norm
equivalences for a whole scale of spaces. The equivalence of the artificial
spaces Ag with the Besov-type spaces B;, in some range of s immediately
yields norm equivalences for these (classical) function spaces, which will be
addressed next.

5.8. Characterization of Sobolev spaces

When  is a domain in R™ as above and w(-,t) is an Ly modulus of smooth-
ness

w(f,t) = walf t) o) = |i1|l£t AL N Lo(9n)

where A% = AL AT Apf = f(-+h)— f(-) and Qup = {z:x+lh e Q1=
0,...,d}, or when w(-,t) is the K-functional from (5.10), the norm in (5.30)
is equivalent to || - || gs(qy for 0 < s < d, and

H*(Q) ~ B3(L2(12))- (5.31)

We will now apply the above results for H = H*(Q). For simplicity we focus
on H%(Q) = Ly(R2). Moreover, let us denote for s > 0 by H® some closed
subspace of H*(Q2) (or H*(R) itself) which is, for instance, determined by
some homogeneous boundary conditions. The key role is again played by a
pair of direct and inverse inequalities

inf |lv—vjllL, S 2 9 vllgs), veH’, 0<s<dy,  (5.32)
v €V;
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and
lvillgs@) S 290villiy@)y v € Vi s <. (5.33)

Recall from Section 5.1 under which circumstances such inequalities hold.
The direct inequality may be affected by homogeneous boundary conditions
incorporated in S. If this is done properly the argument stays essentially
the same, since near the boundary not all polynomials are needed.

From (5.29), (5.28) and duality (5.25) one infers the following fact.

Theorem 5.8 Let Q be uniformly bounded with range S and suppose
that (5.16) holds. Moreover, assume that S and the range S of Q* satisfy
(5.32) and (5.33) for some d := dg,d := dg, 0 < v := min{7s,d} and
0 < 4 := min {3, d}, respectively. Then

N 1/2
(Zsz(Qj—Qj_nfnizm)) ~ @, s € (=3, (5:34)
7=0

where it is to be understood that H*(Q) = (H*(Q2))* for s < 0. Moreover,
@ is uniformly bounded in H*® for that range

1Qivllas) < lvllasy, v € H(Q). (5.35)

When H® = H*(Q2) and both sequences S, S have a high order of exactness
d,d, respectively, the above range may have a significant part for s < 0.
There is, however, always some 4 > 0 reaching into the negative range. It
could be small if H® is a true subspace of H*(2) and the corresponding
boundary conditions are incorporated in §. What matters, though, is that,
by (5.25), (5.31) and the above result applied to s > 0, one still has

o 1/2
(Z 2—28j“(Q;f _ Q;—l)fuig(ﬂ)) ~ N fllg-sy s €1[0,79). (5.36)

Jj=0
It is convenient to express these relations in terms of the operators

o0

Bsf =) 2%(Q5 — Q-1 (5.37)

j=0
which act as a shift in the Sobolev scale

”ESf”Ht(Q) ~ ”f“HH'S(Q), t+se (_:5/’,7)’ (538)

just like classical Bessel potential operators in harmonic analysis. Due to
(5.16), one has

Sil=n, =320 (Q- Q) (5.39)
=0
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It is important to note that one-sided estimates of type (5.34) hold for a
wider range of s. In fact, the uniform boundedness of the Q; ensures that

1Q;f = fllL,i0) < veis‘%fp,.) If = vl

Thus by Proposition 5.1 and (5.11) one obtains
Q) = Q- fllyey S K (£,277, Lo, HY).

Since
o _ N\ 1/2
<||f||%2(n) + > 2K (f,2_3+1,L2,Hd) )
J=0

is known to be a norm for the Besov space B3(L2(2)) = H*(f2), one obtains,
for instance,

[e o]

> 20Q5 — Q- flILyi) S WMl —F<s<d (5.40)
=0

If corresponding wavelet bases ¥, U are known, &, can be written as

Sef = 3 22, ), (5.41)
AEV
and (5.34) becomes
1fllzzs ~ ID°Cf, O ey (v 5 € (=5:7), (5.42)
where D? denotes the diagonal matrix
(D*)an = 2565 . (5.43)

Remark 5.9 In view of Proposition 5.1, Remark 5.4, Remark 5.5, The-
orem 5.8 implies that the wavelet bases constructed in (4.23) for La(R), in
(4.53) for the periodic case and (4.69) for the interval [0, 1] all satisfy (5.42)
for s € (—%,7)-

Frames

It is important to note that norm equivalences of the type (5.34) for s > 0
do not require knowlege of concrete bases for decompositions (Q; —Q;-1)S;.
Instead one can prove that (Dahmen 1995, Oswald 1994, Oswald 1992, Os-
wald 1990)

£ s () ~ inf {Z 22| fill Ty s f =D fj} : (5.44)
=0 =0

In terms of interpolation theory, norms of this type correspond to the J-
method (Bergh and Lofstrom 1976, Peetre 1978). Such norm equivalences
will play a crucial role in preconditioning.
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These results have further natural extensions to other (reflexive) Banach
spaces like Ly-spaces (1 < p < oc). Interpolation between L,(€2) and
W (Q), say, leads to Besov spaces By (L,(£2)) endowed with the norms

ad o » q
115 r 0y = IS, oy + D0 299K (£,277, Ly, W) (5.45)
7=0

for d > s > 0. Assuming that ¥, ¥ are biorthogonal wavelet bases (in
L2(?)) one still obtains norm equivalences of the form

. 1/q

17115z ~ (l|<f, Bolalla,, + 30T \Pmn‘é,,(vp)
j=jo
(5.46)

which, of course, reduce to (5.42) for s > 0, p = ¢ = 2. These norm
equivalences play an important role in nonlinear approximation (DeVore

and Lucier 1992, DeVore et al. 1992). This, in turn, will be of interest in
connection with adaptive schemes (see Section 11).

6. Preconditioning

This section is only concerned with preconditioning systems arising from
discretizations of operator equations, which in a loose sense may be termed
elliptic. In particular, all the examples in Section 2 are covered (see also (b)
in Section 1.5). I would like to stress the following points.

e Once the norm equivalences discussed in Section 5.3 are available, the
principal argument is rather simple and applies to a relatively wide
range of cases, represented by the reference problem in Section 2.3. To
bring out the basic mechanism, I will address it first in this generality,
which will cover various special cases treated in the literature.

e The strongest interrelation between rather independent developments
in the area of wavelets on one hand and finite element discretizations
on the other hand occurs in connection with preconditioning. Since
these developments usually ignore each other, I will comment on both.
In view of the existing excellent treatments of multilevel subspace cor-
rection methods seen through the finite element eye, the main focus
here will be on the wavelet or basis oriented point of view.

o In the present generality the results are purely asymptotical. The ac-
tual performance of corresponding schemes depends very much on the
concrete case at hand. In general, it is hard to say which concept is
best able do cope with near degeneracies or strong isotropies.
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6.1. Discretization and projection methods

Consider problem (2.24) for the spaces H!, H!, Ly as described in Sec-
tlon 2.3. Throughout the following we will assume that ¥ = {¢) : A € V},

= {» : A € V}, with V = A, UV_, are biorthogonal wavelet bases in
L2 such that the norm equivalences

I £l ~ D (f, 0) T llgyewy, s € (=9,7), (6.1)

hold.

The numerical schemes to be used for the solution of (2.24) may be viewed
as generalized Petrov—Galerkin schemes. To describe this, we adhere to
notation (3.43) and suppose that ©, is a collection of functionals that is
defined and total over S(LW¥,). To solve (2.24), the objective is to determine
up € S(¥,) such that

(Lup,On) = (f,On). (6.2)

Of course, © = ¥ gives rise to a classical Galerkin scheme, while colloca-
tion is obtained when O involves Dirac functionals. In the latter case the
right-hand side has to be taken from a sufficiently smooth space. This is
appropriate when £ is also known to be boundedly invertible as an oper-
ator from H*® into H%~2% for some larger s € R. To explain what is meant
by stability of the scheme, it is convenient to reinterpret (6.2) as a projec-
tion method. Suppose that © is a sufficiently regular dual set for © and let
Py := (-,04)O4 be an associated projector. Then (6.2) is equivalent to

PALQAu = Pypf. (6.3)
The scheme (6.2) is said to be (s, 2t)-stable if for #A large
|PaLv||grs—2: ~ ||v|lgs, v € S(¥a), (6.4)

that is, the finite-dimensional operators £ := PALQ are uniformly bounded
invertible mappings from H*NS(¥,) onto H5~%NS(O4). In terms of linear
systems, substituting us = d7 ¥, into (6.2) yields the linear system

AT (LTs,On) = (f,On). (6.5)
In particular, for the Galerkin case, (6.3) becomes
QALQAur = QLS. (6.6)

The most important case for the subsequent discussion is (t, 2t)-stability, in
brief stability, which then means

1QALv] -« ~ v,  u € Sy (6.7)

In general not much is known about stability for the above general class of
Petrov—Galerkin schemes. For (nonconstant coefficient) pseudo-differential
operators on the torus, stability conditions are established in Dahmen,
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Proidorf and Schneider (1994c¢); see also Dahmen, Kleemann, Préfidorf and
Schneider (1996a) for an application to collocation.

When L is a pseudo-differential operator, its injectivity, boundedness and
coercivity of the principal part of its symbol also imply stability (6.7) of the
Galerkin scheme (Dahmen et al. 1994¢, Dahmen, Profidorf and Schneider
19945, Hildebrandt and Wienholtz 1964). Of course, when L is selfadjoint
in the sense that

a(u,v) = (Lu,v) (6.8)

is a symmetric bilinear form, ellipticity (2.23) means that

-1 = aly ) ~ - llae, (6.9)

and the Galerkin scheme is trivially stable.

We think of the trial spaces having large dimension so that direct solv-
ers based on factorization techniques are prohibitively expensive in storage
and computing time. On the other hand, in the symmetric case (6.9), for
instance, the speed of convergence of iterative methods is known to be gov-
erned by the condition numbers

”52([’A) = Amax(cA)//\min(ﬁA), (610)
where
(Lv,v) . (Lv,v)
Amax(LA) = ——— Amin(Lp):= f . 6.11
max(L4) v:g‘ng) (v,v) (£4) veg(l\ll,\) (v,v) (6-11)

Note that when t # 0, the condition numbers grow with increasing #A. In
fact, on account of the norm equivalence (6.1) and (6.9), one obtains

Amin(‘CA) < <£¢A»¢A>/”¢A”Lz ~ 22t|)‘l7
while
Amax(£4) 2 (Lx, 92}/ [9allz, ~ 22,
Thus choosing |A| as the lowest or highest level in A, depending on the sign
of t, it is clear that
ra(La) 2 22N (6.12)
where |A| := max{|\| — |X|: \,\ € A}.
Thus, in such cases the objective is to find a symmetric positive definite

operator Cp such that ka(CoLA) remains possibly uniformly bounded, so
that schemes like

ubl =l +Ca (LAt — f),

or, better, correspondingly preconditioned conjugate gradient iterations,
would converge rapidly.
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6.2. An application of norm equivalences

With the results of Section 5.3 at hand, the task of preconditioning has
become relatively easy. Since, under the assumption (2.23), £ acts as a shift
in the Sobolev scale, it is reasonable to exploit the fact that ¥, from (5.37)
does that too. Hence 3 should have the capability of undoing the effect of
L. By the previous remarks, the stiffness matrix

Ay = (LT, Tp)T (6.13)

relative to the wavelet basis W, is ill conditioned for ¢ # 0 and large #A.
However, a diagonal symmetric scaling suffices to remedy this. This observa-
tion has been made on various different levels of generality in several papers;
see, for instance Beylkin (1993), Dahmen and Kunoth (1992), Dahmen et
al. (1996¢), Dahmen et al. (1994b), Jaffard (1992) and Oswald (1992).

Theorem 6.1 (Dahmen et al. 1994b) Suppose that the Galerkin scheme
(6.6) is stable (6.7) and that the parameters 7v,% in (6.1) satisfy

It| <,%. (6.14)
Let D} be the diagonal matrix defined by (5.43). Then the matrices
B, := D;'AA\D}’ (6.15)
have uniformly bounded spectral condition numbers
IBallIBX | =0(1), AcV. (6.16)

Proof. Consider any v € S and set w := v (see (5.37)). Thus, by (6.14)
and (5.38), one obtains

lwllz, = [1Zevllp, ~ ol ~ |QALQAVI| - ,

where we have used the stability (6.7) in the last step. Employing the norm
equivalence (5.38), now relative to the dual basis, and bearing (5.39) in
mind, yields

lwllz, ~ “E*—thxﬂQAE—tw“L2 .
This means that the operators
Lip =S, QALQAZ ¢ : Sp — Sa
are uniformly boundedly invertible, that is,
1CeAllILEAII= OQ),  #A — co. (6.17)

It is now a matter of straightforward calculation to verify that the matrix
representation of L; 5 relative to ¥ is

(Lea¥p, Up)T = Dy'AADYY, (6.18)

which proves the claim. O
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Letting #A tend to infinity, the original equation Lu = f can be viewed
as an infinite discrete system (recall (1.35) in Section 1.5)

D!AD'd=D"'f (6.19)

where D~% and A are the infinite counterparts of D/_\t, A ), respectively, and
f := (f,U)T is the coefficient sequence of f expanded relative to the dual
basis ¥. The sequence d then consists of the wavelet coefficients (relative
to ¥) of the solution

u=dTv

of (2.24). The infinite matrix B := D=*AD™! is, on account of Theorem 6.1,
a boundedly invertible mapping from ¢5(V) onto £3(V).

It is remarkable that similar techniques also lead to preconditioners for
collocation matrices (Schneider 1995). In brief, recall that (6.3) defines a
collocation scheme, when the Py in (6.3) are interpolation projectors. Let
us consider full sets A, defined in (3.24), which means S(®;) = Sa,, and
assume that for a suitable mesh of points {zjx}rea,, the corresponding
projectors have the form

Paf=Lsf=Y 272 f(xsn)bk = (f,65)0,,
keAy

that is, 6jk0sm = Osm(zsK) = 2Jd/2(5k’m, k,m € Ay. For instance, 6
could be a spline function interpolating the Kronecker sequence. Moreover,
assume that

(Lj+1 — Ly) f = (£, 95)%) (6.20)
where

9 = LMy, v = O, (621

are corresponding stable completions.

Theorem 6.2 (Schneider 1995) Suppose that the collocation method
(6.3) relative to Py, = L is (s, 2t)-stable in the sense of (6.4), and assume
that

n

n
Pcs—ot,
s 2

5 <7 >0, s<n. (6.22)

Then the matrices
T
D5 (37, 97) D} (6.23)

have uniformly bounded spectral condition numbers.
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Details of the proof can be found in Schneider (1995). It uses continuity
of L as a mapping on Sobolev spaces, the stability (6.4) and the fact that

o0

£ ~ S22 |(Liqn — L) fI13,

Jj=0

for n/2 < 7 < 5. As for this norm equivalence, note that the L; do
satisfy (5.16). But they are only bounded in higher Sobolev spaces, which
causes conditions (6.22). Keeping this in mind, the above equivalence can
be deduced from the general results in Sections 5.2 and 5.3. For details see
Dahmen (1996).

The above simple argument is designed to show the qualitative role of
norm equivalences in connection with preconditioning. In practice, the con-
stants involved will matter. However, in principle, it should be noted that,
in Theorem 6.1, neither

e selfadjointness of £, nor
e positive order 2¢ > 0

is required for the validity of (6.16).

For unsymmetric problems, (6.16) alone is not sufficient to imply the
efficiency of corresponding variants of the preconditioned conjugate gradi-
ent method, such as GMRES. But behind the validity of (1.29) or (2.23)
there is usually a symmetric principal part of the operator £, in which case
GMRES will perform well, provided that the condition numbers stay small.
Alternatively, if the constant in (6.16) stays moderate, one can square the
preconditioned system and the conjugate gradient scheme works well. We
can summarize this under the following purely asymptotic result.

Remark 6.3 Suppose that every matrix vector multiplication with A
can be carried out in O(#A) operations uniformly in A C V, and assume
that the (exact) Galerkin solution up of (6.6) in Sy satisfies

lu — uallge = ea.

Then an approximate solution @ of (6.6) satisfying ||ju — @Azt = O(ea)
uniformly in A can be computed at the expense of O(#A) operations.

The argument is based on standard nested iteration. Solving first on a
small Ag C V, then doubling #A¢ to Aj, say, and noting that ep,/er, < C,
only O(A;) iterations on the preconditioned system are needed to reduce
the error from €5, to €a,, when using 4,, as a starting solution. Repeating
this argument confirms the assertion.

Next, let us address some algorithmic issues. When £ is a differential
operator, the stiffness matrices

A<I>J = <‘C(I>Ja q)J)T
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relative to the fine scale (nodal) bases ®; are sparse under the usual as-
sumption (5.5). Due to the larger supports of wavelets from coarser scales
the corresponding stiffness matrices A, relative to the wavelet bases of
S(® ) are less sparse. Thus, assembling the wavelet stiffness matrix exactly
would increase computational and storage complexity. However, when work-
ing with the fully refined sequence of spaces S(®;), this can be remedied as
follows. All that is needed in an iterative scheme is the application of the
preconditioned matrix. Since by (3.31),

Apr, =TTAs,Ty, (6.24)

where T'; is the multiscale transformation from (3.25), (3.26), the applica-
tion of the preconditioned matrix By := szAA JD[_\z to a vector v can be
carried out as follows.

ALGORITHM 1 (CB: CHANGE OF BASES)

(1) Compute w = TJDXiV. Due to the pyramid structure of T; (3.26)
and the geometrical increase of #®;, this requires O(#® ) operations,
where the constant depends on the length of the masks in M;.

(2) Compute z := Ag,w, which, due to the sparseness of Ag, is again a
O(#® ;) process.

(3) Compute DKﬁT}‘z, which corresponds to the first step.

Remark 6.4 When £ is a differential operator, the application of the
preconditioned matrix DKﬁAA JDX3 relative to the full spaces S(®;) to a
vector requires the amount of O(#®;) = O(N;) operations and storage.

Remark 6.5 In the periodic case, or when working on the interval, Ag,
can be computed very efficiently (even for variable coefficients) by the meth-
ods described in Section 4.2.

Remark 6.6 It is also important to note that the above preconditioner
only requires knowlege of the transformation T in (3.26) not of the inverse
T;l (see Section 3.4). Recall that T; involves the refinement matrices for
®; and the stable completions M 1, j < J, that is, the masks of the wavelets
(see (3.27)). Hence this method can still be used in the present context with
the same efliciency when only the matrices M; are sparse while the inverses
G; are fully populated. This is the case for many pre-wavelets, that is,

for stable complement bases ¥;, which span the orthogonal complement of
S(®;) in S(®j41).

So far this strategy refers to fully refined spaces S(®;). Things change
when the trial spaces are to be adapted during the solution process. This
means that one actually wants to compute a solution from spaces Sp where
A is a much smaller lacunary subset of Ay, J = max{|A|+1: X € A}. To
take full advantage of the corresponding principal reduction of complexity,
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any steps requiring the computational complexity of the full space S(® )
should be avoided. This suggests building up the matrix A directly but
only relative to the elements in A. How to do this efficiently depends very
much on the particular operator £. We will comment on this issue later
in more detail for operators satisfying (2.25). In this case one can exploit
certain decay properties of the entries of Aj to compute A, approximately
to any desired accuracy.

6.3. Hierarchical bases preconditioner

The change of bases preconditioner has already been employed in connection
with hierarchical bases (Yserentant 1986). The corresponding setting of
piecewise linear bivariate finite element and associated hierarchical bases
was described in Section 4.1. Due to the simple and very sparse structure
of the matrices M; (see (4.2) and (4.4)), Algorithm 1 above is very efficient.
However, the hierarchical bases are invariant under the application of L; —
L;_1 asin (6.20), where the L; are Lagrange interpolation operators relative
to the triangulation 7;. Hence they are not bounded in Ly(Q2) and the
collection ®oULJ;Z, ¥, is not a Riesz basis for L2(€2). Moreover, ||-|| g1 is not

equivalent to the discrete norm (L_; := 0) ( 20 2% ||(Ljqr1 — Lj)f||iz) 1/2
for n > 2. Hence the hierarchical basis preconditioner, based on Algorithm
1, is not asymptotically optimal. For n = 2, the condition numbers grow
like the square of the number of levels, while for n = 3 they already exhibit
an exponential growth. Nevertheless, its extreme simplicity accounts for its
attractiveness for n = 2. Ways of stabilizing it, for instance with the aid of
the techniques in Section 3.5, will be presented later.

6.4. BPX scheme

Although, as it stands, the simple hierarchical complement bases do not
provide an asymptotically optimal scheme with regard to preconditioning,
it turns out that the full power of wavelet decompositions is needed only
for operators of non-positive order. Throughout this section we will assume
that £ is selfadjoint positive definite (6.8), (6.9) and that the order 2t of
L is positive. In this case one gets away with much less. So, suppose the
bases ¥ are stable in the sense of (3.3) and give rise to a hierarchy of
nested spaces S; = S(®;) C H' as before. The following discussion reflects
an approach to multilevel preconditioners developed in the context of finite
element discretizations (Bramble et al. 1990, Oswald 1992, Yserentant 1990,
Xu 1992, Zhang 1992). The objective is to find a positive definite selfadjoint
operator C; on Sy such that

C;lv,v) ~ (Lyv,v) = a(v,v), vES]y, (6.25)
J
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which means that Cy and L ; are spectrally equivalent. In fact, the uniformity
of (6.25) in J implies, in view of the min-max characterization of eigenvalues,

that
(c”c c}”)
Amin <C1/2£ C}/2)

To describe a candidate for Cj, let P; denote the orthogonal projector onto
Sj. Clearly the Py satisfy (5.16) and P; = Pjy. Thus Theorem 5.8 applies
and (5.38) means that

~ 1. (6.26)

J
Z 229(P; - Pji_1), P-p:=0,

satisfies
(€5v,0) = (€5 %0,65 %) = IZll, ~ e (6:27)
Hence, by ellipticity,
(C5lv,0) ~a(v,v), vES], (6.28)
so that C;P;LP; have uniformly bounded condition numbers. This corres-
ponds to the situation assumed in Theorem 6.1, since the evaluation of C;

seems to require knowledge of explicit bases for the orthogonal complements.
However, since, clearly, by (5.39),

J
Cs= 22_2tJ(Pj - Pj—1)7
Jj=0

andt > 0, Cy is easily seen to be spectrally equivalent to Cj := ijo 272 p;,
which, by the uniform stability of the ®;, is spectrally equivalent to

Cjv:i= 22 2N (v, 05 k) Bj k- (6.29)
keA;

Combining the spectral equivalence of C; and C; with (6.27) and (6.29)
yields

(CyPyLPyv,v) ~ (v,v). (6.30)
Hence (Dahmen and Kunoth 1992, Oswald 1992, Zhang 1992),
ke (C;P;LPy) =0O(1), j€EN. (6.31)

Note that application of C; does not require explicit knowledge of any com-
plement basis. It also requires only the order of #®; operations. For more
details about the actual implementation, the reader is referred to Bramble
et al. (1990) and Xu (1992).
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Exact decompositions in terms of complement bases have been replaced
by redundant spanning sets, which consist here of properly weighted nodal
basis functions on each level. In brief, the collections {2 %%, : k € A, j =
0,...,J} form frames for H*(Q2). Here {g;} is called a frame for H, if

llIE ~ > (v, g))ul’, veH. (6.32)
J

It is perhaps worth stressing the relation to the wavelet transforms.

Remark 6.7 The corresponding wavelet preconditioner looks like

J-1
Cyv= Y 27% Z (v, 905 k)Y k-

Jj=-1 kEVj

Since the 1;x are linear combinations of the ¢;i1,, its evaluation always
seems to be more expensive than that of (6.29). The cost of each iteration
increases with the lengths of the masks of the wavelets (Griebel and Oswald
19956, Oswald 1994).

Adaptive grids

Theorem 6.1 has been formulated for arbitrary subsets A € V. Thus ad-
aptivity can be based, in principle, on adapting the choice of A to the prob-
lem at hand. It will be explained later how to arrange that. Roughly speak-
ing, the behaviour of the wavelet coefficients themselves is an indication for
the selection of relevant indices. The point is that this kind of adaptation
essentially requires managing indez sets.

So far, in a finite element context, the above discussion of the BPX scheme
refers to spaces generated by uniform refinements. Adaptivity usually re-
quires mesh refinement strategies based on monitoring the current solution
through additional local comparisons. It is interesting to see how precondi-
tioning is affected when working with adaptively refined meshes. Employing
hanging or slave nodes, that is, adding locally further nodal basis functions,
corresponds, roughly speaking, to considering submatrices of those stem-
ming from uniform refinements. Since the convex hull of the spectrum of the
latter matrices contains the spectrum of the submatrices, the BPX scheme
is trivially adapted to nonuniform refinements and the condition numbers
remain bounded.

Slave nodes require a little care retrieving stable bases for the resulting
finite element spaces. If one wants to avoid slave nodes, the nonuniform re-
finements have to be closed by introducing suitable transition elements; see,
for instance, Bank, Sherman and Weiser (1983). In this case, the submatrix
argument does not work in a strict sense. Nevertheless, one can prove that
for such adaptive refinements resulting in highly nonuniform meshes, the
BPX scheme still produces uniformly bounded condition numbers. This has
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been shown first in Dahmen and Kunoth (1992), where further details can
be found; see also Bornemann and Yserentant (1993).

An analogous result holds for fourth-order problems. As a model case, one
could consider £ = A? with homogeneous Dirichlet boundary conditions. A
convenient conforming finite element discretization can be based on certain
piecewise cubic macro patches generated by suitable subdivisions of (non
rectangular) quadrilaterals. These are obtained by connecting the intersec-
tion of diagonals with the midpoint of the edges of the quadrilateral. The
nodal basis functions are fundamental interpolators relative to point values
and gradients at the corners of the quadrilaterals and normal derivatives at
the midpoints of edges. The resulting spaces are nested and the underlying
mesh refinements stay regular, in the sense that smallest angles are bounded
away from zero. See Dahmen, Oswald and Shi (1993a) for more details. Ad-
aptive refinements analogous to the piecewise linear case are discussed by
Kunoth (1994), where the corresponding result about uniformly bounded
condition numbers is also established. One should note that the classical
cubic Clough—Tocher macro element is not suited for refinements. Since the
quintic C'-Argyris element requires higher smoothness at the vertices, its
refinement leads to nonnested trial spaces.

The hierarchical basis and BPX preconditioner are special instances of
the following more general class of schemes that have a long tradition in the
finite element context.

6.5. Multilevel Schwarz schemes

We will briefly indicate how the above material ties into the more general
setting of Schwarz schemes and stable splittings, which is also a conveni-
ent framework for incorporating domain decomposition and multigrid tech-
niques. For a more extensive treatment of these issues, as well as further
details concerning the following discussion, we refer, for example, to Griebel
and Oswald (1995a), Oswald (1994), Xu (1992) and Yserentant (1993). As
above, £ will be selfadjoint positive definite on some separable Hilbert space
H = Hj, that is, a(u,v) := (Lu,v) is a symmetric bilinear form and we as-
sume that (6.9) holds with H? replaced by H. We wish to find v € H such
that

a(u,v) = f(v), wveH, (6.33)

where f is a linear functional on H. In fact, at this point one can think of
H being some Sobolev space H as above but also of the finite dimensional
trial space S(®;) of highest resolution. Let {V;} be an at most countable
collection of closed nested subspaces of H such that every v € H has at least

one expansion
v=> v
J
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which converges in H, in brief H =}, Vj.

The basic idea is to solve for each V; the problem restricted to V; and then
add these solutions up. This corresponds to (block) Gauss—Seidel or Jacobi
relaxation. The solution of the subproblems will be based on auxiliary inner
products b;(-,-) on V; which approximate a(:,-). Following Oswald (1994),
we write {H;a}, {V};b;} to express that each V;, H, are Hilbertian relative
to the scalar products b;, a. The subspace splitting

{H;a} =3 {Vj;b5)
7
is called stable if

|||v|||%b]_} := inf { ij(vj,vj) tvj € Vj,v= Zvj} ~ a(v,v). (6.34)
o ; I
Taking V; = S(®;), bj(v,v) := 229 (v,v), H = H*(Q), we see that the
norm equivalence (5.44) is a special case of (6.34). -Alternatively, setting
Vo1 :=8(®0), V; = S(¥;), 5 >0, v; = (Q; — Qj—1)v, bj(v,v) as before, it
is clear that [|v[|(;; < ||v|| As,- Now consider the following Riesz operators

~

T;, g; which interrelate the scalar products.

T, H—V;: b (Tv,v;) = a(v,v;),
(6.35)
gi€Vj: bi(gj vi) = flv;), v €Vj.

Defining B; : H — V; by b(v,v;) = (Bjv, v]) vj € Vj}, and recalling that
a(u,v) = (Cu v), we 1nfer that 7; = B; £, so that each application of
T; corresponds to the solution of a restrlcted (typically small) problem. A
central observation in this context is the following result; see Oswald (1994)
for the background and further references.

Theorem 6.8 Let

T::Z’Z}, gZZgj. (6.36)
J J

Then equation (6.33) is equivalent to the operator equation
Tu=g, (6.37)

which is called the additive Schwarz formulation of (6.33). Moreover, 7 is
selfadjoint positive definite and when H is finite-dimensional its smallest
and largest eigenvalue are Apin(7), Amax(7), where

A (T) = a(v,v)

a(v,v)
2R,

Amax(7) = sup
)= R,

respectively.
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Since

Amax(T)
/\min(T) ’

the condition of (6.37) is bounded by the ratio of the constants in the upper
and lower bound in (6.34). A corresponding asymptotic statement requires
the ratio of the upper and lower bound to remain uniformly bounded when
the dimension of H increases. The quantitative relevance of such statements
again depends, of course, on the problem at hand.

Theorem 6.8 can be deduced from the following result, which is interesting
in its own right and has several further applications mentioned below.

Theorem 6.9 (Nepomnyaschikh 1990) Let H, H be two Hilbert spaces
with scalar products (-, -)u, (-, ) gz, respectively, and with bilinear forms a, a
induced by symmetric positive definite operators £: H — H, £ : H — H.
Suppose that there exists a surjective bounded linear operator R : H — H
such that

Kko(T) = (6.38)

a(v,v)~ inf a(9,0):=|v|, ve€H.
e Hv=R%

Then P := RLIR*L : H — H is symmetric positive definite with

Amax(P) = sup —(2%),
ver vl

a(v,v)

Amin(P) = inf ol

Of course, Theorem 6.8 is obtained by taking H = {# = {v;} : v; €
Vi, 224 bi(vi, v;) < 00}; see, for example, Oswald (1994).

An interesting case is, for example, H = S(®;) for some (large J) where
the splitting consists of one-dimensional subspaces V; := S({#;r}). Thus
the corresponding Riesz operator 7 has the form 7 xv = c; x¢;x where

ik = a(v,05k) /b5 k(D) ks Djk)- (6.39)
Thus

Tv= alv, bir) o 4
]z%kg bik (ks 85, byx (@ i) 7 (640
Hence (6.34) means that {¢;x/b;x(¢jk, ¢5k)} forms a frame for {H;a}.
The BPX scheme and the hierarchical basis preconditioner are examples
of this type. To see this, let f(v) = (f,v), where (-,-) is induced by the
Ly inner product. Let B; be defined by b; x(u;k, vjx) = (Bjrujk, Vjk), SO
that 7, = B; +P; L, Pj) the orthogonal projection onto Vjx. Then one
can write

J
= (Z Z Bj_’kl,Pj,k) L=CL.

J=0keA;
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Thus, choosing bji(-,-) = 2%4(-,-) and Vi = S({djk}).k € Aj, Vjp =
S({ojr}), k € A; \ Aj_1, yields the BPX and hierarchical basis precondi-
tioner, respectively (see (6.29)).

There is obviously great flexibility in choosing the subspaces V;. In gen-
eral, realization of the operators 7; requires solving linear systems of the size
determined by V;. In the context of parallel computing one might accept
spaces V; of growing dimension. For instance, the V; could be chosen as
subspaces of H associated with a decomposition of the underlying domain.
A survey of applications of this type can be found in Chan and Mathew
(1994).

The proofs establishing the critical equivalence (6.34) are, of course, re-
lated to the concepts discussed in Section 5.3. The norm || - ||5,} can in
certain cases be evaluated exactly, which greatly simplifies the analysis;
compare Griebel and Oswald (1995a), and NieBen (1995). The bounds
- |||%bj} < af(-,-) typically involve approximation theory tools. The converse
estimates are often reduced to the validity of a strengthened Cauchy-Schwarz
inequality (recall Section 5.2), which in this context has the form

a(vj,vk) < kb5 (v, v5)bk(vk, V), vy € Vj, vk € Vi, (6.41)

where (7;x) should be bounded in #;. For a detailed discussion of these
issues, compare Griebel and Oswald (1995a), Yserentant (1993).

Again following Oswald (1997), we mention an interesting extension of
the splitting concept which aims at relaxing the assumption of nestedness
V; C Vjt1, as well as of conformity V; C H. This, again, is an application
of Theorem 6.9. It requires introducing mappings R; : V; — H such that
R:=3%;R;:]l;V; — H is onto and

Il 5.7,y = inf{ij(vj,vj) tv; €V v= ZR]'UJ'} ~a(v,v), v € H.
J J
(6.42)

In this case, 7 in (6.37) has to be replaced by 7’ := Zj(Rij—lR;)E,
where B; : V; — V; is now defined by b(uj,v;) = (Bjuj,vj)v;, v; € Vj.
Equivalently, one can write 7' = 3, R;7;, where 7/ : H — Vj is given by
b(T}v,v5) = a(v, Rjv;), v; € V;. See Oswald (1994), Griebel and Oswald
(1995a).

We now indicate a typical iteration based on (6.35) and (6.36). The
additive version A creates a sequence of approximations {u'} given by

J
ut =l 4w Z(gj — T;uh). (6.43)
=0

Here w plays the same role of a relaxation parameter as in the Jacobi or
Richardson iteration. Recall that each iteration requires the solution of
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variational problems on the spaces V. Perhaps the structure of the iteration
(6.43) becomes more transparent on recalling that 7; = B; £, so that

9; — ’Z}ul = Bj_lrl, where ! = f — Lu! is the residual from the last step.

Likewise, in the more general version (6.42), g; — ’Z}ul has to be replaced by
R;B;'Ryrt.
The multiplicative version M reads

W0 =
utl = J+l

)

generalizing SOR. The corresponding iteration operators are
Mp=I-wT, My=(-wTo)(I-wh)- (I -w).

The convergence theory is given by Bramble (1993), Griebel and Oswald
(1995a), Xu (1992) and Yserentant (1993). For the interpretation of these
schemes in the multigrid context, see Bramble (1993) and Griebel (1994).
Here we quote the following result from Griebel and Oswald (1995a).

Theorem 6.10 Assume that H is finite-dimensional and the algorithms
M and A are given by (6.43) and (6.44).

(i) A converges for 0 < w < 2/Amax(7). The optimal rate is achieved for
w* = 2/(Amax(7T) + Amin(7)) and equals

2
= min ||M =1—-—F-:.
A 0<w<2/A,,JLx Alla 1+ ko(7)
(if) Suppose (6.41) holds with v;; = 1. Then M converges for 0 < w < 2.
The optimal rate is bounded by

)\min (T)

<1 fminiZ)
PM = D max(T) + 1

For various modifications see Oswald (1997) and the literature cited there.

6.6. Finite element-based wavelets

The previous discussion shows that preconditioning matrices stemming from
Galerkin discretizations of elliptic operators of positive order does not re-
quire explicit knowledge of wavelet bases. Nevertheless, a number of recent
studies have addressed the construction and application of wavelets in a fi-
nite element context, to obtain wavelet-based stable splittings for Schwarz
schemes. Let us briefly postpone giving reasons why the additional effort
might still pay in this context, and first outline some ingredients of the
various approaches.
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Fig. 1. Pre-wavelets for H}([0,1])

Pre-wavelets

Recall from (6.24) that preconditioning based on a change of basis does
not require the transform T}l. Thus it suffices to make sure that the
scheme (3.26) is efficient, which means that the masks of the wavelets have
possibly small support. Most of the presently known FE-based wavelets still
refer to an underlying uniform grid structure for multilinear finite elements
on regular lattices hZ? (type-1 mesh) or to regular triangulations of the
plane which are generated from the standard uniform rectangular mesh by
inserting in each square element the southwest-northeast diagonal (type-2
mesh).

When dealing with meshes of type 1 restricted to the unit square O =
[0,1]?, say, one can employ tensor products of biorthogonal wavelets on
[0, 1] discussed in Section 4.4. For k € Z, e € {0,1}2, j > jo, they have the
form

¢e,j,k (l‘) = wely]}h (ml)wez,j,kz ($2)

where g ;x = @jk, Y1,k = ¥jk are the corresponding univariate gener-
ator and wavelet functions. When ¢ is the standard piecewise linear tent
function (1.15) and the dual bases are exact of order 2 as well, the mask coef-
ficients can be found in Dahmen et al. (1996b), and Dahmen and Schneider
(1997q).

In most cases, however, so-called piecewise linear pre-wavelets have been
used; see, for example, Griebel and Oswald (19955). Interior and boundary
wavelets are shown below in Figure 1.

Here, pre-wavelet means that these wavelets form uniformly Lo-stable
bases for orthogonal complements between two successive trial spaces. Hence
they also form a Riesz basis for L([0,1]). In this case the masks in the in-
verse transformations are not local but, as mentioned before, this is harmless
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here. Obviously the masks for the tensor product wavelets have 15 or 25
nonzero coefficients.

Piecewise linear pre-wavelets for meshes of type 2 have been constructed
by Kotyczka and Oswald (1996). Those of smallest possible support have
13 nonzero coefficients. The construction principle is to make an ansatz of
a linear combination of tent functions on the fine scale so that, for possibly
few nonzero coefficients, orthogonality to the tent functions on the coarser
scale holds. Usually, the difficult part is to verify that three such linear
combinations form a stable basis on each given level. Also, the adaptation
to the boundary is in this case more difficult than in the tensor product
case.

The resulting pre-wavelets still have relatively large support. Therefore
several alternatives have been proposed resulting in complement spaces that
are no longer orthogonal but are spanned by functions of smaller support,
while still exhibiting better stability properties across levels than the hier-
archical bases.

For instance, the discretization of the double layer potential equation on a
polyhedron in Dahmen, Kleemann, Proidorf and Schneider (1994a) involves
piecewise linear wavelet type functions of the form shown in Figure 2.

Fig. 2. Short support wavelets

The stencils in this case are

0 0 —1/2 0 0 0 0 —1/2 0
o 1 o |,\-121-172),l0 1 o0
~1/2 0 0 0 0 o0 0 —1/2 0

Here the central coefficient refers to a point in the coarse mesh, while all
neighbours refer to points in the next finer mesh. Its univariate counterpart
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for ¢ defined by (1.15) is

9(w) = ~ 39023 + 1) +6(20) = 3622~ 1), (6.45)

used by Dahmen et al. (1996a) to discretize the Helmholtz equation on a
closed curve. The fact that these functions actually span Riesz bases in
Ly was shown by Stevenson (1995b). More precisely, as pointed out by
Lorentz and Oswald (1996, 1997), the functions give rise to Sobolev norm
equivalences (6.1) for n < 3 in the range s € (—0.992036,3/2).

Motivated by earlier work by Hackbusch (1989) about frequency filtering,
an interesting systematic approach to constructing Lo-stable finite element
wavelet bases was proposed by Stevenson (19955, 1996, 1995a). Again let .S;
denote the space of piecewise linear finite elements on meshes of type 2 with
scale 277 = h. The central idea is to employ level dependent discrete scalar
products which on those spaces are uniformly equivalent to the standard
Lo-inner product. For instance, writing

[ f@)g(@)dz = (f.900 = 3 (.90 (6.46)
Q

T€T;

where 7; is the triangulation of level j of €2, the terms (f, g), are replaced
by a quadrature rule. The rationale is that orthogonality with respect to
discrete inner products is often easier to realize and corresponding masks
are shorter, which gives rise to functions with smaller support. Thus, when

7 = [z, 22, 23] € T; has vertices 2!, %, 23 one can set

(f:9)rj = Z fz (6.47)

Now, given the usual tent functions ¢;; from (4.1) as generators for Sj;, one
then seeks for a biorthogonal collection Z; C 511 of linear combinations on
the next higher level, that is,

(®;,%;) =1, (6.48)

where the (;; € Z; have possibly small support. These auxiliary collec-
tions E; are then used to construct complement functions in S;;1 which are
orthogonal to S; relative to the level dependent inner product. As men-
tioned before, one exploits the fact that orthogonality with respect to the
discrete inner products is much easier to realize than for the standard inner
product. Details and concrete examples can be found in Stevenson (19955,
1996, 1995a). In light of Section 5.2, the discrete inner products have been
used here to construct a Riesz basis in Ly without identifying the dual basis
relative to the standard inner product. Compared with orthogonal split-
tings, one takes advantage of significantly smaller filters.
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Stabilization of hierarchical bases

A further alternative has been proposed by Carnicer et al. (1996) for re-
finements 7T; of arbitrary triangulations described in Section 4.1. Again
denoting by ®; the Lo-normalized tent functions relative to 7, a biortho-
gonal collection E; is constructed which consists of (discontinuous) piecewise
linear functions. To describe this briefly, let A; again denote the set of ver-
tices of triangulation 7; and let 7 = [k, m,p] be a triangle in 7;. Then
there exist unique affine functions o7, such that Tf $jq(@)0] (@) dT = 84,91,

q,q € {k,m,p}. Set

0, ¢ supp ¢k,
where nj is the number of triangles having k as a vertex. Thus (6.48)
(®;,E;) = I again holds, and the question arises of how to identify a stable
basis ¥; for the complement space

W = {{(9,Ej+1)0®j+1 — (9. 55)a®; : g € S}, (6.50)

induced by the projectors (-,Z;)q®;. As in the previously discussed case,
this can be done by exploiting the fact that some initial complement space
is available, namely the one spanned by the hierarchical basis described in
Section 4.1. To distinguish it, it will be denoted here as

Uj = {gjrh: k€ Bjp1\ A5} (6.51)
At this point the techniques described in Section 3.5 come into play. In

particular, (3.40) applies. In fact, Mo, M1, G;0, G;1 are given by (4.2),
(4.4), (4.6), (4.7) respectively. Thus, with Z; defined by (6.49), the new
stable completions M ; defined by (3.40) are readily computable. In view
of the form (3.39) of the new basis functions, this process may be viewed
as a coarse grid stabilization. The construction is not restricted to regular
triangulations. In the case n = 2 and the special case of regular triangula-
tions of type 2 (see above), the stabilized complement basis functions have

the form

Lo (z), zeT,7C é;
Ginl(@) r—{ T3k T ETT - SUPP Ok, (6.49)

4
ik = Gk — Dbk, Kk EDjr\A, (6.52)
=1
where k are the midpoints of the edges in the triangulation 7;, and the k(1)
denote the vertices of the parallelepiped having the edge associated with k as
a diagonal. The construction obtained above through (6.49) is a special case

of a whole family of stabilizations (6.52) of the form (Lorentz and Oswald
1996, Lorentz and Oswald 1997)

1
a1 = az = q, a3=a4:§—a, a € R, (6.53)
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namely for a = 1/6. The corresponding basis for the uniform setting is shown
by Lorentz and Oswald (1996, 1997) to satisfy (6.1) for s € (—0.35768, 3/2).
The choice a = 3/16 from Lorentz and Oswald (1996) gives a somewhat
larger range s € (—0.440765,3/2), which is maximal in this class.

There is a closely related but slightly different approach to such coarse
grid stabilizations, proposed by Vassilevski and Wang (1997a). Recall that
the multiscale transformations T associated with the hierarchical bases \Il
from (6.51) are extremely efﬁment Since it only involves nodal basis func-
tions, not with respect to the full bases on each level but with respect to
the complements only, it is even more efficient than BPX. The objective is
to stabilize the hierarchical basis while retaining as much of its efficiency as
possible. When switching to another stable completion of the form (3.40),
the efficiency of ’i‘j can still be exploited. In fact, the multiscale transform-
ation T; can be performed in two stages. First perform a step of Tj and
then correct it, on account of (3.39) or (6.52), by terms involving only the
coarse scale generator basis functions. Relevant algorithmic details are given
in Sweldens (1996, 1997). The idea is to construct complement functions,
that are close to functions which span the orthogonal complement between
two successive trial spaces. 1 would like to deviate from the original ap-
proach and phrase this here in terms of the stable completions described in
Section 3.5. Again, straightforward computations show that, given Mj,l as
above,

My = (T— (M;o(®;, 8;)7H@;, @541) ) ) My, (6.54)

gives rise to a basis ¥T = <I> +1 M1 spanning the orthogonal complement
of S(®;) in S(®;41). In other words

Lj = —(®;,®;) " (®), ®41)M;1, K;=1, (6.55)

(see (3.37)) yield a suitable new stable completion. Note that, by (3.4),
(®;,®+1) = M;o(®j1,Pj+1). Of course, the matrix (®;, ®;)~! is dense
and so is M;;. However, to compute M, 1d for any coefficient vector d
it suffices to compute Mj,ld =:d and (<I>j,<I>j+1)& =: b. Next, instead of
computing (®;, ®;)~!b exactly, one performs only a few relaxation sweeps
for the linear system

<q)j’ ‘bj)y =b,

followed by d— M, oy. Note that (®;, ®;) is positive definite and uniformly
well conditioned, since the ®; are uniformly stable. Further details are found
in Vassilevski and Wang (1997a), Vassilevski and Wang (1997b). Special
cases again lead to (6.52) with coefficients g; as in (6.53) with a = 5/48 and
s € (0.248994, 3/2) (Lorentz and Oswald 1996).
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Efficiency and robustness
Which of these options should be preferred? There is, of course, no uni-
form answer. The decision would depend on the precise problem, on the
mesh and on many other side constraints. As soon as one fixes a particular
model problem, some aspects become prominent. Nevertheless, there have
been some recent comparisons that provide interesting information. These
comparisons address two important issues, namely efficiency and robustness.
Firstly, efficiency comparisons are discussed by Ko, Kurdila and Oswald
(1997) for the model problem

—Au+qu=fon, wu=0ondN, (6.56)

where Q C R? is a simple domain such as a rectangle, so that wavelet-based
preconditioners can compete without struggling too much with technicalit-
ies.

Poisson-like problems

The tests in Ko et al. (1997), Lorentz and Oswald (1996) and Lorentz and
Oswald (1997) indicate that, for the Poisson problem ¢ = 0 in (6.56), the
BPX scheme is superior to the wavelet-based methods, both with regard
to the number of iterations needed to ensure a desired accuracy and to
the cost of each iteration. As for the cost, this is obvious (recall Remark
6.7). Several types of wavelets, such as Daubechies wavelets, the above finite
element-based wavelets, and so-called multi-wavelets, were included in the
comparisons. For this kind of problem, the scheme based on Daubechies
wavelets appears to be the weakest, since the cost per iteration is higher
due to larger masks, while a careful study of corresponding condition num-
bers(Lorentz and Oswald 1997) shows that the frame bounds for the H{-
frames behind the BPX scheme are tighter than those of all wavelet bases.
However, the finite element-based wavelets with small support come quite
close. The condition numbers produced by the BPX- and by the coarse grid
corrections (6.52) with @ = 1/6 and a = 3/16 are reported to stay below 11
(Lorentz and Oswald 1997). The fact that the wavelets also form a Riesz
basis in L9 is not crucial in this case.

Helmholtz problems

The situation changes when ¢ > 0 in (6.56) is increased. Now the additional
zero-order term starts to affect stability. The efficiency of the BPX scheme
in its original form starts to deteriorate. However, a suitable (inexpensive)
modification, namely including a properly weighted zero-order term in the
auxiliary form b; (-, ) has been observed to stabilize it (Oswald 1994). The
condition numbers for the wavelet schemes are now smaller and the finite
element-based wavelets with small support do quite well (Stevenson 1996,
1995a. These schemes are in that sense more robust for the class of prob-
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lems (6.56). The reason is that, in contrast to the H}-frames behind the
BPX scheme, the wavelets form a Riesz basis for a larger range of Sobolev
spaces including Lo, so that the zero-order term gu is handled better. In
particular, when ¢ gets very large, the condition numbers for orthonormal
wavelets tend to one, simply because the operator approaches (a multiple
of) the identity. Eventually this starts to offset the higher cost per itera-
tion. This is of particular importance for implicit discretizations of parabolic
problems

0

at"
where for each time step an elliptic problem £ = I — At A has to be solved.
Here wavelet preconditioners work well for a wide range of time steps without
additional tuning.

The same robustness issue is also treated by Stevenson (1995b), using
the wavelet (6.45) derived from the frequency decomposition approach men-
tioned in Section 6.6. It is shown to be superior to the BPX scheme for this
type of problem with regard to efficiency and robustness.

Of course, when the solution is very smooth, the higher cost of a higher-
order wavelet scheme per iteration may well be offset by the better approx-
imation. Also, the effect of adaptive refinements has not been taken into
account in the above comparisons.

= Au, (6.57)

Anisotropies
A similar observation can be made for problems of the type
0%u %
83’:12 31?22
where (2 is again a rectangle for simplicity and ¢ is small. Such anisotropies
aligned with coordinated lines arise, for instance, when employing boundary-
adapted grids with high-aspect ratios in flow computations. Griebel and
Oswald (1995b) compare multilevel Schwarz preconditioners based on tensor
product pre-wavelets (see Figure 1) with nodal basis oriented splittings for
problems of the type (6.58). Again, the latter method is typically twice as
efficient as the wavelet scheme when using proper tuning, while the wavelet
scheme is clearly more robust relative to varying ¢ and ¢ in (6.58). Moreover,
in the 3D case it still works in combination with sparse grid techniques.
The same issue is treated by Stevenson (1996) (for ¢ = 0) with the aid
of the modified frequency decomposition multilevel schemes discussed in
Section 6.6. Moreover, triangular-based wavelets constructed via discrete
inner products are applied by Stevenson (1995a) to several types of second-
order elliptic boundary value problems with leading term div (A grad). In
particular, the case where A is a piecewise constant diagonal matrix with
large jumps is considered. The main result is to show that the proposed

—€ +qu=fon$, wu=0onodf, (6.58)
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wavelet-based multilevel scheme is robust for the class of problem where
A exhibits possible anisotropies along the three directions of a type-2 grid,
when this mesh is used for the discretization.

More detailed information about comparisons can be found in Ko et al.
(1997), Lorentz and Oswald (1996) and Lorentz and Oswald (1997). In
summary, it seems that the robustness issue is in favour of wavelet-based
discretizations. One should not forget, though, that the comparisons did not
include multiplicative multigrid schemes, which are usually more efficient
than additive counterparts such as the BPX method. Of course, the story
changes again when nonuniform grids and complicated domain geometries
are considered. Classical wavelets no longer apply directly (see below for a
two-stage approach), while the above coarse grid corrected wavelets are still
defined.

Finally, a more interesting question occurs when adaptivity is employed,
for instance, for a domain with reentrant corners. To my knowledge, direct
comparisons have not yet been made. It will be seen later that wavelets
seem to have a great potential in this regard.

7. The ideal setting
7.1. Preliminary remarks

Preconditioning is only one aspect of wavelet schemes. At least for posit-
ive order operators it does not require the full sophistication of wavelets,
since simpler suitable frames are seen to work as well, often even better,
and for more flexible meshes. In this sense, preconditioning puts only weak
demands on the wavelet as a discretization tool. To exploit the full potential
of wavelets one is led to ask for more. Two possible directions are, firstly, to
consider operators such as integral operators whose conventional discretiza-
tion gives rise to dense matrices, or, secondly, when dealing with differential
operators, to try to diagonalize L in the sense of Section 1.5 (a). We will
first address the latter issue. Of course, one cannot expect such an objective
to be feasible under the most general circumstances. The basic rationale
is to develop a two-stage process. First design highly efficient schemes for
an ideal setting (ideal with regard to highest efficiency and availability of
the tools) and then try to reduce realistic problems to the ideal case at an
additional expense which, however, should be of lower order. As indicated
in Sections 4.2 and 4.3, wavelets unfold their full potential when working on
the whole Euclidean space R" or on the n-torus R"/Z"™. 1 will refer to this
as the ideal setting.

A great deal of effort has been spent on studying elliptic operators £ of
the form (2.4), where a > 0 and A(z) is a symmetric matrix satisfying

sup [|A(2)]| < oo, ETA(2)¢ > 8%, z,6 €RT, (7.1)
TERM
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for some § > 0, and whose coeflicients satisfy certain (weak) regularity prop-
erties. The subsequent discussion mainly reflects related work by Angeletti,
Mazet and Tchamitchian (1997), Liandrat and Tchamitchian (1997) and
Tchamitchian (1996). Typical questions to be studied are

i) the continuity of £~! in Sobolev scales W*? depending on the coeffi-
g
cients of A(x)
(ii) the boundedness of associated Galerkin projections in this scale
iii) eflicient numerical procedures for the approximate solution of
(iif) p pp

Lu=f onR" or R"/Z" (7.2)
with the aid of wavelet bases.

These questions are clearly closely interrelated. Our main concern here
will be (iii), while recent studies of (i) and (ii) are given by Angeletti et al.
(1997).

Recall from Section 4.2 the format of the biorthogonal wavelet bases ¥ =
{¥» : A € V} and likewise ¥ to be used when Q = R™. By (4.38), one has
to deal with 2™ — 1 mother wavelets v, e € E, := {0,1}" \ {0}. In this
case it is convenient to take jo = —oo as the coarsest level so that V= V_.
When working on the torus it will always be tacitly assumed that jg > 0 is
fixed. In either case, the indices A € V have the geometric interpretation
A=27(k+ shkez, j€Z,j> jo, e € E.. We continue denoting by d,d
the order of polynomial exactness of the spaces S(®;), S (<f>j), so that the
direct inequalities (5.1) hold with d, d, respectively.

The principal goal is to diagonalize the operator £ in (7.2) as indicated
in Section 1.5 (a). The relevant theoretical background is the theory of
Calderén-Zygmund operators. To support the understanding of the sub-
sequent developments I include some brief comments in this regard, mainly
following Tchamitchian (1996).

7.2. Vaguelettes and Calderon—Zygmund operators

The subsequent discussion first follows the original development that has
been tailored to orthonormal wavelets and therefore admits wavelets with
global support as long as there is enough decay. Orthonormality is not
crucial, though, and analogous statements can be made for the biorthogonal
case as well. So assume that the 9, decay rapidly along with their derivatives
up to some order 9 > 3. For |a| = ry, 0%, is supposed to be defined almost
everywhere while ¢, € C""}(R"), e € {0,1}™

In addition to the wavelet basis ¥ we consider another family © = {6, :
A € V} which is related to ¥ by

TT =0, (7.3)
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for some linear operator 7. Ultimately, we will be interested in 7 = (£~1)*.
Unfortunately, the 8y will not arise from finitely many mother functions by
means of dilation and translation. However, in cases of interest to us, the 8,
still share the following properties with the ¥, A € V: there exist positive
numbers C, ¢, r and a non-negative integer d € [0, g), such that for A € V_,

Or@) < C22 (142 —A)) ", zer™ (7.4)

Furthermore, 8y € CU/(R™), (|a| being the largest integer less than or equal
to a), and for all o« € Z%, |a| < |r] one has

0°0x(2)| < €D (14275 - A)) Y, mern (75)

Moreover, for |a| = |r| the 0% are Holder continuous, that is,

10%60x(z + h) — 8°0,(z)| < C29(3+7) |p)r—r] (1+2|z - A|)_n_q, z € R,

(7.6)

and for every polynomial P of order at most d one has

/ P()0r(z)dz =0, AeV_. (7.7)
R‘n
The set © is called a family of vaguelettes with index (ci, q,7). Note that
the kernel of the operator 7 defined by (7.3) has the form

K(z,y) = Y 0\(x)day). (7.8)
AeV

One can then show (see, for instance, Tchamitchian (1996)) that the estim-
ates (7.4), combined with corresponding standard estimates for the wavelets,
imply that there exist constants C, 6 > 0, such that

|Mawsﬁga,w¢u (7.9)

and
T
|me—wa»HKmm—K@,n<qfﬁ%g, (7.10)

when |z—12'| < |z—y|/2. An operator T, such that for any two test functions
f, g with disjoint compact supports

(T f,9) / K(z,y)f(y)g(x) dydz,

is called a Calderdn-Zygmund operator (CZO) if T is continuous on Ly and
K satisfies the so-called standard estimates (7.9), (7.10). The above notions
are now interrelated by the following result, whose proof can be found in
Meyer (1990).
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Theorem 7.1 Suppose © is a family of vaguelettes with index (ci,q,r).
Then 7 defined by (7.3) extends to a CZO. It is continuous on W*P(R™) for
1 < p < oo and |s| < inf(rg,7,d + 1,¢). The corresponding operator norms
depend on the parameters and on the constant C in (7.4)—-(7.7).

Let us denote by LM.A the collection of operators 7 such that © = 7T¥
is a family of vaguelettes.

Theorem 7.2

(i) LMA is independent of the choice of ¥ (provided that r¢g > 0).
(i) LMA is an algebra which is stable under taking adjoints.
(iil) LMA is exactly the set of CZOs 7 such that 7(1) = 7*(1) = 0.
(iv) LMA is not stable under taking inverses.

Assertions (i) to (iii) are due to Lemarié (1984); (iii) is related to the T1-
Theorem by G. David and J. L. Journé, which characterizes the continuity
of an operator 7 satisfying the estimates (7.9), (7.10). This result will be
mentioned later again. As for (iv), we refer the reader to Tchamitchian
(1996), and its implications will become clearer later on. Since a CZO takes
L(R™) into the space of functions of bounded mean oscillation (BMO),
7 (1) and T7*(1) are indeed defined. Recall that a locally integrable function
f belongs to BMO if and only if, for any cube C, there exists a constant a
such that

&1 [ 1f@ —alde <1,
C

where |C| denotes the volume of C.

The following characterization of LM.A in terms of matrices will be im-
portant in the present context. Let M denote the set of matrices A such
that for some v > 0 one has

o= A=V (v+%)
(1 + 2min{|/\|,|)\'|}|/\ _ )\/|)1+'7'

Thus the entries of A decay with increasing difference in scale and spatial
location of the indices A, \'. Recall that this estimate is of the type (1.11).
In fact, essentially the same argument can be employed to show that, when
f0,=0, X€V,then (0©,0) € M. Moreover, the following result can be
found in Angeletti et al. (1997).

Theorem 7.3 7T belongs to LMA if and only if the matrix (¥, 7¥) be-
longs to M.

|[Aax] S

(7.11)

Next, we will describe an approach, initiated by Tchamitchian (1987),
which is based on the above concepts and aims at avoiding the solution of
linear systems essentially by diagonalizing the operator.
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7.8. Constant coefficient operators

The basic strategy is to proceed again in two steps: first treat carefully
the case of constant coefficient operators and then use a freezing coefficient
technique. We will specify the operator £ from (2.2) first to the special case
where aqo3(z) = aqg are constant so that

Lu=— Y aqp0°0° +a. (7.12)
leel,1B1=1
The operator £ will always be assumed to be elliptic, which here means that
the principal part og(y) of its symbol o is strictly positive on R™, that is,

oo(y) == Y. aapy®™P >8>0, yeR", o(y) =oo(y)+a. (7.13)
lalBl=1

We follow Liandrat and Tchamitchian (1997) and try to solve Lu = f con-
ceptually by applying the inverse £~! to the right-hand side f. Although
at first glance this may contradict basic principles in numerical analysis, it
does have tempting aspects, as shown next.

Suppose that ¥, ¥ are biorthogonal Riesz bases in La(R"). Then the
solution u of (7.2) has the form u = d7 ¥ with unknown coefficient sequence
dT = (u, ¥). Inserting u = L~1f, one obtains

d” = (u,¥) = (L71f,0) = (f,(L7)"T) = (£,6), (7.14)

that is, the roles of 7 and ¥ in (7.3) are played here by (£!)* and ¥,
respectively. Thus the solution u of Lu = f is formally given as

u={f,O)V. (7.15)

Proposition 7.4 (Angeletti et al. 1997) The collection ©, defined
by © = (£71)*¥, is a family of vaguelettes.The constant C in (7.4)—(7.7)
depends on the ang and ¥, ¥ but not on a.

Thus the image of ¥ under (£71)* still has nice localization properties
reflected by estimates (7.4)—(7.7). This suggests the following approach
(Liandrat and Tchamitchian 1997).

A projection scheme

A natural idea is to compute an approximate solution of (7.2) by truncating
(f,©). Fixing any finite A C V, this corresponds to projecting u into the
finite-dimensional space Sy = S(¥p) U = {¥x : A € A}, (see (3.43)), that
is,

up = (u, Up)Wp = (f,04) V4. (7.16)
Note that this is a Petrov—Galerkin approximation (6.2).
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Convergence

Under assumptions (7.13), £ is also a boundedly invertible mapping from
H?*3(R™) to H*(R™), s € R. Thus, noting that, by (7.15), upn = Qau =
QAL7Yf, one has up — u = (Qp — I)L~1 f. Employing our direct estimates
(5.1) (for p = 2), we obtain

lun = ulle, = [|@a = DL, 5 279ONLT fllga,  (717)

where j(A) = max {j : [A\| < j = X € A}. Continuity of £~! in the Sobolev
scale gives

lua = ullz, S 279N f || . (7.18)

Analogous estimates for the spaces W*P are obtained in exactly the same
way as long as one has continuity of £~! (see question (ii) in the Section 7.1).
Moreover, standard interpolation arguments yield

lus = ullz, < 279W| a2, d>s>2. (7.19)

~

Estimates of this type are very crude. They guarantee convergence as long
as the spaces Sy include sufficiently many low frequencies, that is, j(A) grows
with #A. The interesting part, of course, concerns the adaptation of A to
the problem at hand, which may result in a selection of highly nonuniformly
shaped subsets A C V. In view of (7.16), this is closely related to the next
point.

7.4. Evaluation of (f,O4)

By (7.15), the success of the approach hinges on identifying and computing
the significant coefficients of (f,©), represented here by the finite array
(f,©A). The important point is that, by Proposition 7.4, £L™* is a CZO;
here and elsewhere, we shall write £~* instead of (£*)~!. Hence, according
to (7.11), £7* has a quasi sparse matrix representation.

Noting that (Lu)"(y) = o(y)i(y), where o is by (7.13) strictly positive on
R™, the definition (7.14) of © means that

1 PR 1
(f,0\) = W(fﬂx) = @nn

Since the wavelets are well localized in Fourier space, one could employ

(F,57 4.

quadrature to compute f, 571 ) up to any desired precision.

Projections into S and convolutions

We now describe an alternative approach proposed by Liandrat and Tcham-
itchian (1997). Due to the vaguelette estimates, §) belongs up to a desired
tolerance to S(®||4+p) for some p € N, which depends on £, ¥ and ¥ but
not on |A|. This suggests projecting f into the space S(®|y4p). As before,
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we will always denote by @; or Q4 the canonical projectors onto the spaces
5(®;), S(¥4), respectively. This suggests replacing (f,0x) by (Qprj+pf>0)-
In fact, since

[(£305) = (@3 f, 0] < I Fllz.ll(T — @7)0A]l L,

the precision depends on the approximation properties of the spaces S(®;)
and on the regularity of the 6y and hence of the i,. Now suppose |[A| = j
and write
p—1 p—1
Qjtpf = Qjr1f + Y Qi1 — Qi) f = cF @ + AT, ¥4,
=1 =1
where c;ﬂl =(f,®j+1) , df+l = (f, ¥;41), so that

p—1
(Qiapf,0x) = €Ty 1 (Bjir1,00) + D AL (W44, 03). (7.20)
=1
This amounts to discrete convolution of the wavelet coefficients of f with
filters that depend only on ¥ and £. To compute these filters once and for
all, one can again resort to Fourier transforms.

Moreover, if the right-hand side f is smooth except at isolated points,
then only a small number of the coefficients d) = (f,v,) exceed a given
threshold in magnitude. The sequences (¥;1;,0,),!=1,...,p— 1, describe
how the wavelet coefficients dy, |A\| = j + [, are smeared by the application
of £7*. Thus (7.20) is to be applied to the compressed arrays of wavelet
coefficients, which result from thresholding.

Let us first add a few comments on the structure of the sequences (¥, 6y)
which can be viewed as one column of the matrix (¥;;;, ©;) where ©; :=
{6x : |A] = j}. Recalling the two-scale relations (3.4) and (3.8), U] =
@}+1Mj,1a (which is here stationary in j but would sizewise depend on j in
the periodic case), one obtains

(U541,05) = (Wypp, L£705) = MY, (Bj4011, L7°D541)M )

= M (P41, L7140 M 410 - - Mjp1,0Mj 1
~ (7.21)
Thus, once the arrays Fg := (&4, L7*®,) are known, the matrices (¥;,;,0;)
are obtained with the aid of pyramid-type schemes like (3.26). Moreover, a
typical entry of F; has the form

(Sakr L7 Bat) = (27) ™o 5 001)

" = . 7.22
= e [dwaen) ety

RTL
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As for the cost of these operations, let us consider the periodic case (see
Section 4.3), where J denotes the highest discretization level and p as above
is fixed. Suppose that the arrays Fy have been (approximately) computed
once and for all in an initialization step. Note that the fast decay of o(29y)~?
for large g implies that F, can be ever better approximated by a bounded
matrix with small bandwidth. Hence the computation of all vaguelette coef-
ficients on level r boils down to

p—1
— T \/ T \/ \/ \/
(QH—pf, @r> = Cr+1Fr+1Mr,1 + Z d,«+lM,«T+l’1Fr+l+er+l,O o Mr-i-l,OMr,l-

=1
(7.23)
Thus, when the wavelets have compact support and each F, ;1 is replaced
by a sparse matrix, this requires the order of 2("+p)n (n being the spa-
tial dimension) operations, where the constant depends on ¥, ¥ and the
accuracy of F,;+1. Consequently, the computation of uy is of the order
2+IADR  Np, Ny = dim S(®4|), where |[A]| := max{|]X\| +1: X € A},
with a constant depending on p. Note that when rapidly decaying wave-
lets with global support (but very good localization in Fourier space — see
Section 4.2) are used, the matrices Mo, M; 1 are no longer sparse but, in
the periodic case, are circulants, so that FFT can be employed to limit the
order of operations to Ny log Nj.

On the other hand, the above work estimate has been very crude. In fact,
when the right-hand side f is smooth except at isolated points, only very few
of its wavelet coeflicients dy are expected to exceed a given tolerance € > 0.
Due to the localization and cancellation properties of the vaguelettes 65, the
coeflicients (f, 0y) are expected to exhibit similar behaviour. In fact, since
L~* is a CZO the decay of the entries in (¥;;, ©;) is governed by estimates
of the form (7.11), and the spread of the wavelet coefficients of f due to
L7* can be seen from (7.20). This suggests computing (f,8)) or, better,
{Qx+pf>0x) only for those A in a certain neighbourhood of the significant
coefficients of f. The number of these coefficients may, of course, be much
smaller than dim S(®4|). A more formal treatment of this issue in Liandrat
and Tchamitchian (1997) is based on the notion of (g, s)-adapted spaces.

Nevertheless, it does not appear to be completely obvious how to carry
out all computations without requiring the full complexity of the highest
discretization level at some point. In fact, while thresholding the arrays
d,4; on the right-hand side of (7.23) facilitates the successive multiplication
with possibly very short vectors, the first summand involving ¢, does not
seem to be compressible in this form.

Remark 7.5 Another point concerns the various tolerances in the above
procedure. Uniformity of the work estimates in #A are ultimately of lim-
ited value when the involved tolerances and thresholds are kept fized. In
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fact, increasing #A should produce better overall accuracy. Correspond-
ingly tighter thresholds, in turn, are expected to require a larger p, and
hence a higher computational cost that may no longer stay proportional to
#A. Questions of this form will be encountered in similar contexts several
times.

A hybrid scheme

There exist several variants of the above scheme (see, for instance, Ponenti
(1994)) among which I would like to mention the hybrid scheme proposed
by Frohlich and Schneider (1995), which differs from the above procedure
in an essential way. The main point in Frohlich and Schneider (1995) is to
economize the evaluation of the vaguelette coefficients (f, ) by incorporat-
ing interpolation techniques. Again it is designed for the periodic case. For
simplicity, we consider bases on R and refer the reader to Section 4.3 for
standard periodization (see also Frohlich and Schneider (1995)) and tensor
product versions for the bivariate situation.

m
Let £ =37 _0am (%) be an elliptic operator; that is, as before, its
symbol o(y) 1= 3_;,—0am(iy)™ is strictly positive on R. By construction,

the family © := LV is biorthogonal to © = (L71)*¥. Hence one has
f = (f,0)0. (7.24)

Thus, instead of approximating f first by projecting into the spaces S(®;),
as in the previous approach, one could try to expand f approximately with
respect to ©. Thus, consider the spaces

Sey:=8({0,€®: )\ <J})=S(LD,). (7.25)

The idea is now to employ Lagrange interpolation to efficiently obtain an
approximation to f in S j, say. Therefore one is interested in finding the
fundamental Lagrange functions

Li(x) = gk (L) (z) = gTLD;(x), (7.26)
kE€Z
such that
Li(277k) = éok, k€L (7.27)

This is equivalent to saying that
L= (L;(277),8( = k))e™ =2 3 L;(2 (y + 2nk)).
kez keczZ
Standard arguments (Dahmen et al. 1994¢, Frohlich and Schneider 1995)
yield
~ o A 2‘.7
Li(y) = _a(y)9(277y) ,
Z o(Qy+ 22xk)p(y + 27k)
kez

(7.28)
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which, of course, requires the sum in the denominator to be nonzero.
Recall that, by (7.14), the solution u of Lu = f is given by

u={(f,LT*®0)®y + (f,O)V. (7.29)

In order to project the right-hand side f first into S, ;, one can use the
samples of f at 27/k. In view of (7.27),

=Y f(27k)Ls(z - 277k) (7.30)
kez
interpolates f in S¢ ;. Thus, to obtain an approximation to the coeflicients
in (f, ©7), say, one has to rewrite f; in (7.30), in view of (7.24), in terms of
©7 = £¥7. Since this is the central point, we describe this change of bases
in a little more detail. Let L; = (L;(- —277k) : k € Z) and define
D, := (Lj,0;1), j=1,...,J, D_;:= (Lo, (L 1)*®), (7.31)
f]‘ = (f](2_3k) (ke Z).
Since fy € 5,7, it can be expanded as
fr=fTL; = (§TL,,L7*0,) Ly =] (L, LT*0,)LD,.

Now, combining (3.11) and (3.13) with Proposition 3.8, one obtains T =
<I>J 1My 10+ \IIJ 1M5_, ;. Substituting this into the above relation and
using (3.12) yields
fr=fT (L, L7*®; )L 1 +£T(L;,0,.1)0, 1, (7.32)
where
fro1=fN L, LT7®; )LD 1 € Sr,y-1. (7.33)

Thus we have determined the vaguelette coefficients (f,©-1) =~ (f;,0,-1)
of f relative to © as

d;_1 =f] Dy, (7.34)

where Dy is given by (7.31). To continue this process, one only has to
determine the samples of f;_; defined in (7.33) on the coarse grid, that is,

fro1277 k) = fr(2772k) —dY_,0,1(277k), (7.35)

once one has computed ©;_; = L¥;_;. Instead of performing (7.35) ex-
actly, one can discard entries in dj_; that stay below a certain threshold,
to generate step-by-step compressed vectors d;, 7 < J, such that

ujy = ng’o + Z d;r\I/j
0<5<J

approximates u in (7.29). The following algorithm, from Fréhlich and Schnei-
der (1995), does exactly that.
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ALGORITHM 2 (FS)
Initialization: Compute the filters D; and L¢g 0, L1050, 7 =0,...,J — 1.

(1) Set j = J and determine f;(277k) = f(2=7k), k € Z.
(2) Forj=J-1,J-2,...,0,

. — T .
d; = fj+1DJ+1?

£ = (fi27k):kez), fi(27k)=f1(277k) —dTO;(27 k).
(3) Compute cg with the aid of the filter in (Lo, £~*®).
A few comments on this scheme are in order.

o When the change of bases is done exactly and no thresholding is ap-
plied, the above scheme is a collocation scheme.

e Instead of starting with a set ®; of orthonormal scaling functions as
in Frohlich and Schneider (1995), we have kept the flexibility of using
biorthogonal pairs ®;, ®;. In Frohlich and Schneider (1995), orthogon-
ality was paid for by infinite masks which require additional truncation.
Starting with biorthogonal spline wavelets (4.25), the collection © still
consists of compactly supported functions. Likewise the representation
of uy involves only the compactly supported functions in ¥ and ®.
This might favour embedding techniques for more general domains. It
is clear that the L; have typically global support but decay exponen-
tially. Here the actual computation requires a truncation. Of course,
the D; are obtained by computing only one mask, which involves trun-
cation of the vaguelettes too. The matrix formulation for the periodic
case is identical once Z is replaced by Z/2Z.

e In Frohlich and Schneider (1995), it is assumed that a reduced set
A C {X: [N < J} is given from the start. The above algorithm is
formulated there in a way that takes advantage of this data reduction.
This requires a priori knowledge about the solution u. Such informa-
tion is often available when dealing with time-dependent problems and
an initial guess of A can be obtained from the approximation on the
previous time level. In this case the samples of f are not required on
the full grid of level J. This can be incorporated above as well by
requiring samples only at places determined by significant vaguelette
coeflicients.

The scheme is applied by Frohlich and Schneider (1996) to Helmholz-type
problems as well as to nonlinear parabolic PDEs and to the computation of
flame fronts. The experiments indicate dramatic savings if the computation
can be fully confined to the significant wavelet contributions.
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7.5. Freezing coefficients

The numerical feasibility of the above vaguelette schemes hinges in an es-
sential way on the constant coefficient model problem. Let us now sketch
some ideas from Lazaar, Liandrat and Tchamitchian (1994) about how to
extend these techniques to the case of non-constant coefficients. Roughly
speaking, an exact solver on a coarse scale is employed in conjunction with

a freezing coefficient/vaguelette scheme on higher scales. For simplicity, we

consider the univariate case n = 1 only, that is, L =7 — a% (u(x)%) where

v(z) > v > 0 is Lipschitz continuous. Here we have £ = L*.
The objective is to evaluate a projection of the inverse £~1. Consider the
Galerkin projection of the low-frequency part

Ag = Qq(Q;‘EQq)_lQ;‘ (7.36)

of the inverse, where Qqf = (f, @q><1>q. Due to the variable coefficient v(z),
the evaluation of £714, is not feasible where, as before, A = 277 (k + %)
Instead one defines functions 8 by

d2

_V(/\)wez\ =1, A€V, (7.37)

which, according to the preceding discussion, are vaguelettes (see Tchamit-
chian (1997)), so that the operator P, defined by

P ={ ¢ A28 (7.38)

is a bounded mapping from Lo(R) to H?(R). Here, P, is often termed a
parametriz of £, that is, the exact inverse of an approximation to £ at high
frequencies. In fact, by definition, one has, for |A| > g,

~ d d d?
LPa(¥r) = Ox— - (() V(X)) 7 Ox = v(A) 756,
=1 Rg(¥r) +¥n,
while £P,(4,) = 0 for |A| < g. Hence one obtains

and one can show that (Lazaar et al. 1994)
IRogllz. < 2799z, (7.40)

Now A4 + P, is expected to approximate L1 well. In fact, a von Neumann
series argument yields the following theorem.
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Theorem 7.6 (Lazaar et al. 1994) Let U, := I — L(Ag + Pg). Then
42|z, < 279 so that, for ¢ sufficiently large (depending on ¥, ¥ and v),

o0
L7 = (Ag+Py) > U (7.41)
=0
As for the numerical realization, choose some J > ¢q. The idea is to replace
the role of Ly in the above scheme by S; = S(®;), that is, let £; := Q%5LQ,
and denote by A, the Galerkin projection obtained by replacing £ in (7.36)
by L J-
The next step is to approximate E;l in the neighbourhood of each wavelet
on high scales by P, defined by

Pqug = Z <g7¢/\>T/\a

g<A<J

where the 7, are here defined by
—v(NQ502Quma =Pa, 1A >g,

As above, A4 + Pj, approximates [Zjl on Sj. One can now formulate an
analogue to Theorem 7.6, setting Uy, =7 — Ly(Ajq + Pgq), so that

L3' = (Asq+Prg) Y Uy,
1>0

Thus the solution of Lu = f in S is given by
uy =Y fr, (7.42)

E>1
where

fo =T —(Asq+Prg)L)fr—1, k>1,

and fi := (Ajq + Pjq)f. An approximate solution in S; is obtained by
truncating the series (7.42).
Note that, in view of (5.16), A4 is defined by

Q;(QjﬁQJ)QqAJ,q = Q;ﬁQqAJ,q = I,

so that the application of A, requires solving the (small) linear system in
Sq C S;. However, the discretization of £ that involves inner products with
non-constant coefficients has to have the accuracy of the highest discretiz-
ation level J in order not to spoil the overall accuracy. The application of
Pjq again requires a sufficiently accurate evaluation of the vaguelettes 7.
Here the remarks of the preceding discussion apply. Again, in the periodic
setting wavelets with global support are usually admitted at the expense
of an additional log term introduced by FFT. Employing compactly sup-
ported wavelets and approximating the vaguelettes as indicated before, one
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may still hope to keep the computational work proportional to dim S;. Of
course, the practical realization involves several approximation and trunca-
tion steps depending on the choice of J, ¢ and ¥, ¥, and these have to be
carefully balanced. One has to keep in mind that the general philosophy is
to spend quite some effort on initialization and precomputation in order to
reduce the solution to rapid evaluation schemes. It should be interesting to
compare the scheme with conventional preconditioning schemes. Numerical
tests for a periodic model problem show rapid convergence of the scheme
(Lazaar et al. 1994). Details of the numerical schemes, their analysis and
numerical experiments are presented in Lazaar (1995).

7.6. Energy pre-wavelets

One drawback of the above vaguelette schemes is that even when biortho-
gonal pairs ¥, ¥ of compactly supported wavelets are used, the collections
O generally involve globally supported functions. This can be remedied in
certain cases at the expense of exact diagonalization. In fact, consider again
a constant coefficient elliptic operator £ = 3", g/<s aagaaaﬁ with strictly
positive symbol o. Suppose that ¢ € Ly(R™), n < 3, is a stable generator
(see (4.9)), which is smooth enough to satisfy

2

> | (#) oy + 4nk) ~ 1, (7.43)
kezr
—2
and [ ( Y oz — k)]) dz < oco. Moreover, assume that ¢ is skew-
0,1 \kezr

symmetric about some point a € R", that is, ¢(a + z) = ¢(a—z), =z
R™. It was shown by Dahlke and Weinreich (1994) (see also Dahlke (1996
and Dahlke and Weinreich (1993)) that there exist ¢, € S(®1), e € E,
{0,1}™\ {0}, such that

S(®1) = S(@0) ® S({we(- — k) : k€ 2" e € E*}),

m

~—

and
(LD, V) =0, e€kE,. (7.44)

Thus the 1. generate complement spaces that are orthogonal relative to
the energy inner product a(u,v) = (Lu,v) (when L is symmetric, recall
Section 1.4). One should note that this also covers genuinely multivariate
generators ¢ not obtained by tensor products of univariate ones. The re-
striction to spatial dimensions n < 3 arises from the fact that in these cases
the masks for the wavelets can be retrieved from the mask of the generators
in an explicit way, which plays a central role in the construction.
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The above result (7.44) concerns the decomposition for one level. Due
to the appearance of the symbol o, the adapted wavelets are (as in the
vaguelette case) scale-dependent. To obtain a complete wavelet basis, one
has to demand that (7.43) holds for all symbols o} := 0(27-). Let {t)je}ecE.
be the wavelet family constructed above relative to 0. Then {¢(- —k) : k €
ZPYU{;e(2 - —k): k€ Z" e € Ei, j =0,1,2,...} forms a wavelet basis
satisfying

(Lje(- = k)b e(-—K)) =0, ee €E kK ez, j#j, (745)

(Dahlke and Weinreich 1994, Dahlke 1996).

Returning to the periodic case, the stiffness matrices relative to this basis
is therefore block-diagonal. In particular, the case L = —A +a, a > 0 is
covered. In this case the wavelets can be chosen to have compact support.
Therefore the diagonal blocks are sparse. Properly scaled, each block is well
conditioned. Thus such matrices are easily inverted, which suggests using
them for preconditioning purposes, when £ has a more complicated form.

7.7. Bwolution equations

The next step is to consider problems of the form (2.14) described in Sec-
tion 2.2. A common approach to such problems is to fix a time discretization
that is ¢mplicit in the leading second-order term Lu and explicit in G(u).
The simplest example is the Euler scheme

W0+ _ O
At

where the upper index [ denotes the time level, that is, u(!) is an approxim-
ation to u(-,t;), t; = tj—1 + At. Thus for each time step one has to solve an
elliptic problem

+ LY 4 @) =0, (7.46)

(I + AtL)uH) = 4 — AtG(uW), (7.47)

of the form discussed in previous sections. Of course, any elliptic solver such
as the robust FE-based wavelet preconditioners discussed in Section 6 can
be used for that purpose too. Once space discretizations £;, G; for £ and G
relative to the spaces S(®;) =: S;, say, have been chosen, one has to solve
linear problems

In particular, when G = 0 one formally obtains

uf™ = (1 + Aty 0. (7.48)

Note that the projection scheme from the previous section, with respect to
orthonormal wavelet bases, gives rise to a conceptually somewhat different
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scheme of the form

u{* = (@I + AtL)™H, (7.49)

where one can use the fact that
(Qi(I+ AtL)™) = (Q;(I + AtL) Q) QI+ AtL)™Y).  (7.50)

Liandrat and Tchamitchian (1997) have pointed out that there exists no
discretization £; of £, independent of At, such that (I +AtL;)~! = Q;(I+
Atﬁ)_lQJ’.

An algorithm based on (7.49) is proposed and analysed in Liandrat and
Tchamitchian (1997). This time-dependent vaguelette scheme looks schem-
atically as follows.

ALGORITHM 3 (TIME-DEPENDENT V-SCHEME)

(1) Choice of ¥, ¥, At.
(2) Initialization:

e When globally supported wavelets are used, fix truncated versions
of the filter matrices Mo, M;; from (3.4), (3.8).
e Approximate the filters

F,:= (9, (I + AtL)71D,).
(3) Compute the scalar products
(W — Atg ), 65)

according to (7.23) (or the hybrid evaluation scheme in Section 7.4).

(4) The representation of ugl) in terms of ®; is obtained with the aid
of (3.26).

To ensure that this scheme is competitive with finite element schemes,

an efficient evaluation of the nonlinear terms G (ug-l)) is needed. This is a
nontrivial task when working in the wavelet representation. Some proposals
on how to deal with this task can be found in Liandrat and Tchamitchian

(1997). We will address this issue again later.

Wavelet representation of evolution operators

We will now briefly describe an alternative approach pursued by a number of
researchers; see, for example, Beylkin and Keiser (1997), Dorobantu (1995),
Enquist, Osher and Zhong (1994) and Perrier (1996). The order of time and
space discretization is now reversed. The basic ideas will be explained again
for the model case of univariate evolution equations on [0, 1] with periodic
boundary conditions of the form

Ou

i Lu+G(u), ul(ty) =ug, ulzx,t)=ulz+1,1t), (7.51)
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where, as before, G is a possibly nonlinear operator and £ is a constant
coefficient second-order operator Lu = 1/5%22, v > 0. Again the examples
(2.15) and (2.16) are covered.
A key role is played by the classical semi-group approach. In fact, by
Duhamel’s principle the solution u(z,t) to (7.51) is given by
t
u(z,t) = ey (z) + /e(t_T)ﬁg(u(x, 7)) dr. (7.52)
to

In particular, for the heat equation where ¢ = 0 and v = 1, the solution
operator £ has the form

(e v)(z) = lmm/e(zzty)zv(y) dy. (7.53)

V2t

The reason why the use of this representation has been mainly confined
to theoretical purposes is that conventional discretizations of the involved
operators are not sparse. The main thrust of the above mentioned papers
is that this is different when employing wavelet-based discretizations (recall
Section 1.5 (c)).

An example of this type is the following proposal from Enquist et al. (1994)
concerning long time solutions. It begins with a conventional discretization
by the method of lines
iU =L;U+F (7.54)
dt
of %—‘t‘ = Lu + f, where U = (Uk(t) ~ w(k27, )2t F o= (Fi(t)i)
Fy(t) = f(k277,t) and

(L;U) = 122 (Up_1(t) — 2Uk(t) + Upsa(2))

is the classical second divided difference operator. Now Duhamel’s principle
applied to (7.54) yields

t+AL
U(t + At) = 25U (8) + / e(tHHA=9)L R (5) ds. (7.55)
t
Conventional numerical schemes are now obtained by expanding the evolu-
tion operator eAt£i. For instance, Taylor expansion and truncation yields
explicit schemes with the usual stability constraints on the time step At

relative to spatial mesh size Az = 277 in the present case. Any such ap-
proximation £ to e2t£i provides

U(nAt) x Ut =£"U%+ > €™ 'F (7.56)

i=1
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as a discrete counterpart of (7.55). The simplest examples are £ = (I +
AtL;) or € = (I — AtL;)™! for the explicit and implicit Euler schemes,
respectively. Alternatively, & = (I — §:.£;)"}(I 4+ §LL;) corresponds to the
Crank-Nicholson scheme.

Now, suppose one is interested in long time solutions of the heat equation.
This requires high powers of £. In particular, the powers £ 2" can be obtained
by repeated squaring. Setting Sy, := €2, Cp = Z?:o_l E'F, and noting
that

2m_1
No& = I+E+EIH+E+ET+E+E +E)+ -
i=0

+ETT I+ E+ -+ ETTTY, (7.57)

the following algorithm approximates the solution at time ¢ = 2™At after
m steps.

ALGORITHM 4
Set S :=&,Cy =F.

(1) Fori=1,2,...,m:

Si = Si2—17
Ci = (I+8i-1)Ci—a1.

(2) Then U®™ = §,,U® 4 ¢, is the approximate solution of (7.54) at
time 2™A¢.

The conceptual advantage is that time is rapidly advanced by a few applic-
ations of powers of £. However, in this form Algorithm 4 cannot be applied
in practice since the corresponding matrices fill up after a few squarings, so
that each step becomes too costly. The basic idea of Enquist et al. (1994) is
to transform Algorithm 4 in such a way that the S; become sparse (within
some tolerance). One exploits the fact that wavelet representations of CZO
(and their powers) are nearly sparse (recall Section 7.2). Similar ideas are
used by Perrier (1996). Consider again the 1-periodic case and a corres-
ponding dual pair of periodized generator bases ®;, ®;. Let N = 27, Each
c € RY can then be indentified with ¢T®; € S(®;) and the transform Tj_1
defined by (3.28) transforms c into the corresponding wavelet coefficient vec-
tord = Tj_lc. If ®; consists of pairwise orthogonal functions, for instance

periodized Daubechies scaling functions, so that ®; = éj, the transforma-
tion T; is orthogonal and Tj_1 = T;r. Hence the application of S? in wavelet
representation becomes

TTS}c = TTS8/T;d = (T7S,T;)d.

Replacing Sy in Algorithm 4 by T}gTj produces an equivalent scheme.
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The gain lies in the fact that the iterates S; now become sparse (cf. (7.11),
(6.24)). To increase the efficiency of the above scheme, one can introduce
the operation trunc(S;, €), which sets all entries to zero whose absolute value
stays below the threshold £ > 0. This leads to the following.

ALGORITHM 5
Set S, = trunc(T;rETj, €) and Cy = T;rF.

(1) Fori=1,2,...,m:

S; = trunc(S2 ,,¢),
C; = (I+8-1)Cia,

U =TS, TTUO 1 Cp).

Of course, the threshold ¢ has to be chosen appropriately. Also, modi-
fications and additional assumptions are necessary when f depends on t
explicitly. The error analysis carried out by Dorobantu (1995) indicates
that € < At is a reasonable choice. Although an explicit scheme constrains
At relative to Az = 277, the experiments in Dorobantu (1995) suggest that
a simple explicit Euler scheme & = (I + AtL;) is in this context superior to
an implicit scheme, although the solution of corresponding systems benefits
from the preconditioning effects of the wavelet bases. One should also note
that the choice of the wavelet basis is not necessarily related to the space
discretization, which above was just finite differences. On one hand, this in-
creases flexibility and reminds us of algebraic multigrid. On the other hand,
the scope for rigorous analysis of the scheme certainly decreases.

The non-standard form

The key idea of the above scheme is that, as soon as sparse representations
of evolution operators are available, discretizations of the integral repres-
entation (7.52) reduce to matrix-vector multiplications with (nearly) sparse
matrices. Therefore, the efficiency of this operation is crucial (just as in
the context of iterative solvers). So far, we have primarily exploited the
(near) sparseness of the matrices (7¥, ¥)T, which are often referred to as
the standard form of the operator 7. In particular, in the context of peri-
odic problems the following alternate representation has been propagated
by several researches. It is called non-standard (NS) form; see, for ex-
ample, Beylkin, Coifman and Rokhlin (1991), Beylkin and Keiser (1997)
and Dorobantu (1995). While (7¥, ¥)T arises from the formal expansion
(see (5.37))

o0

T=%T% =) (@ - Q)T (Q— Q1) (7.58)

J1=0
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setting (J_1 = 0, the alternative telescoping expansion gives
T = i(@;ﬂmﬁl ~QiTQ;) + QT Qo,
j=
where as before Q; f = (f,®;)®; = (f, 0)®o + Si_L(f, ¥;)¥;. One readily
checks that
7= 3 (@1 Q)T(Q- Q) + Q) T(@pa= Q)+ (@h= ©)TQ))
j=

+ Q7 Qo. (7.59)

Of course, one can start the expansion at any other fixed coarsest level jg
instead of jo = 0. Another way of looking at the NS form is to expand the
kernel of T relative to the dilates and translates of the bivariate wavelets

V(@)Y(y), @)v(y), Y(x)o(y).

Since
Qi1 — QNT(Qjr1 — Qj)v = (v, U;)(TT;, U;)¥y,
(@1~ Q)TQv = (v, 9;)(T9;, ¥

the matrix representations of the block operators are

Aj = (T9;,05) = M (T, ®551)My,
B; = (T®;,¥;) = MI(T®;1,9;11)M;1, (7.60)
Cj = <T\I/j,(1)j> = M}:1<T¢j+1,q)j+1>Mj70’

and Hy := (7 ®g, ®¢) for the coarse level contribution. Thus these blocks
involve the three types of scalar products

oy = (T, bia)s Bl = (Thiwit), vy = Tik dis),  (7.61)

which, in contrast to the standard form, involve only functions on the same
level j in each block.

As a consequence, several practical advantages can be attributed to the
NS form. In contrast to the standard form, the NS form maintains the
convolution structure of an operator. Thus FFT can be used to enhance
further the efficiency of matrix vector multiplication in NS form. Moreover,
since the scalar products only involve functions on the same level, the meth-
ods described in Section 4.2 can be used to calculate them efficiently. Only
finitely different coefficients are needed to represent a constant coefficient
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Fig. 3. Schematic view of the NS form

differential operator in NS form. For an extensive discussion of the rep-
resentation of operators in wavelet bases, the reader is referred to Beylkin
(1992). However, one has to stress that one consequence of uncoupling levels
in the NS form is that the vectors it applies to are not representations of the
original vector with respect to any basis. Instead they could be viewed as
coefficient vectors relative to a redundant spanning set. Accordingly the size
of the NS form is up to almost twice the size of the corresponding standard
form; see, for example, Beylkin (1992) and Beylkin and Keiser (1997).

More precisely, the action of the truncated operator 77 := Q%57 Q; can
be described as

J-1
Tw = Tow+ Y {©T)AE; + (v, 8)B;¥; + (v, 9;)C;8; }
j=
J-1 . -
= Y {dT¥; +&Td;), (7.62)
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where
df = (v, 9,)A;+ (v,®;)B;, j=0,...,J -1,
&F = (v, ¥)Cy, j=1,...,J-1, (7.63)
& = (v, B)(T®o, ®o) + (v, ¥o)Bo.

Thus the application of 77 in the NS form requires, in addition to the wavelet
coefficients (v, ¥;) of v in S(¥;), the scaling function coefficients (v, ®; i)
on level j. Hence when v € S(®,) is given in single-scale representation
v = (v, <I)J><I>J, the array dNS = (co,do, & 1,dy_ 1) representing the
application of 7; to v is obtamed according to (7.63), by applying the blocks
A;,B;,C; to the result of the pyramid scheme (3.28) for the corresponding
level.

Conversely, to transform the output &I}IS back into a coefficient vector
relative to a basis of S(®;), one can proceed as follows. Since by (3.4),
(38),

Tq) = ¢; MJOq)]-Hv d ‘I’ &}“M;{léjﬂ,

the pyramid scheme

€ - & - & - - > &1 — &y (7.64)
dg,¢;  di, &2  dg,¢3 -+  dyj_1,€5 R
where

Co := €y, éj = Mj—l Oéj-l +Mj_.1 1d;_1 +éj, i=1,...,J,
J

sumlarly to (3.26) produces, in view of (7.62), the single-scale representation
Tiv==¢ J<I> J- Likewise, in view of

&T®; = T (M;_109; 1+ M;_1,%;1),
(recall (3.13))
&-1,dj2 — &2,dj3 — &r3djy — - — &
d; N odyoe N dyos N N do
where
& =& + Mj&jz1, dji=d; + M 841, j=J-2,...,0,
generates the wavelet representation

Tv=¢&l® +di¥o+... +d} ¥y o +dT_ T 1. (7.66)

Computation of the blocks Aj;,B;j, C;
When 7 is a convolution operator one only has to determine the filter coef-
ficients ar{ B8] ,7] Moreover, in view of (7.60), it suffices to determine the
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coefficients of (7®;,®;) and then apply portions of the pyramid schemes
(3.26). When 7 is a homogeneous operator of order p such as (%)p this is

not even necessary, and one puts
(T®;,8;) =27 U=7(Td;, ;). (7.67)

Specifically, when 7 = (%)p, the coefficients in (7®;, ®;) form finite dif-

ference approximations of 7 in S(<i> s) of order d + J~— 1, when d,d are
the respective orders of exactness of the ®;,®; and d > d. In fact, let
Oj == 277(k +[0,1]) and v € C*°(R). Hence there exists a polynomial P
of degree d — 1 and a smooth remainder R so that

vlg,, =P+ 2_de)|Dj,k-
Thus
QTQv—Tv = QTP+27Q;TR—TP—277TR
= (@ -NTP+274Q; - I)TR.

Since for 7 = (%)p, T P is a polynomial of degree at most d—1—p < d, the
first summand on the right-hand side vanishes. Moreover, locally (Q; -NTR

behaves for smooth R in a neighbourhood of 0; ;. like 2=% in the Loo-norm,
say (see Proposition 5.1).

Moment conditions of the B-blocks

By (7.62), the blocks A; and C; are multiplied by vectors that contain
wavelet coefficients. Since possibly only a few of these coefficients exceed
a given threshold, one expects that these multiplications can be carried
out efficiently within a desired accuracy. Instead, the vectors multiplying
the blocks B; consist of scaling function coeflicients representing averages.
Therefore these arrays are generally dense. However, it is important to note
that the matrices B; = (7 ®;, ¥;) have vanishing moments when

T=H or’T:f(%), (7.68)

where H is the Hilbert transform (see Section 1.3) and f is analytic. More
precisely, for any p := (P(l));cz, P a polynomial of degree < d —1, one has

p™B; =0 (7.69)

for any 7 from (7.68); see Beylkin and Keiser (1997). In fact, by (7.60), one
has

p'B; = (TpT®;,¥;). (7.70)
By (4.30), pT®;, is a polynomial of degree d — 1. Expanding f (%) in powers
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of %, it is clear that f (%)pnbj is a polynomial of degree < d — 1. Since,
by assumption d > d, (7.69) follows in this case from (4.33). When 7 = 'H
an argument similar to the one used in Section 1.3 also confirms (7.69); see
Beylkin and Keiser (1997).

Some theoretical remarks
Due to the appearance of at least one wavelet in the scalar products (7.61)
there is still a compression effect. In fact, if the kernel K of 7 satisfies

7T T

K < (1) .
s K@)+ | 5K @) £ oy (771)
for z # ymod 1, one can show that (Tchamitchian 1996)

lodi| + (82 + 1| < k—ar, (7.72)

provided that the corresponding functions with indices k and [ have disjoint
supports. For the remaining cases the additional assumption

o[+ |8+ £ 1 kLiez (7.73)

is needed, which is called the weak boundedness property. This condition is
weaker than Lo-boundedness of the operator. It plays an important role in
the following celebrated theorem due to G. David and J. L. Journé; see, for
instance, Tchamitchian (1996).

Theorem 7.7 Suppose that the kernel of 7 satisfies (7.9), (7.10). Then
T is continuous on Ly if and only if it has the weak boundedness prop-
erty (7.73), 7(1) € BMO and 7*(1) € BMO.

7.8. A pseudo-wavelet approach

The previous section contains major ingredients of an approach to solving
periodic nonlinear equations of the form (7.51) proposed by Beylkin and
Keiser (1997). There it is termed the pseudo-wavelet approach. It is a
systematic attempt to compute an approximate solution to (7.51) at the
expense of a number of arithmetic operations proportional to the number
of wavelet coefficients required for representing the approximate solution to
the desired accuracy. The central idea is to employ appropriate discretiza-
tions of (7.52) which ultimately reduce to the adaptive application of certain
operators in the NS form to corresponding coefficient vectors.

One basic tool is a class of time discretization schemes presented by
Beylkin, Keiser and Vozovoi (1996). For instance, in the case of Burgers’
equation (2.16) the term

¢
I(t,tp) := /e(t_T)Eu(-,'r)—(%u(-,T) dr (7.74)
to



162 W. DAHMEN

is approximated by
I(t+ At,t) (7.75)

= %(9571 <u(, to)%u(-, t+At) +u(,t+ At)a%u(-, t)) + O((At)?),

where

Opm i= (™A —T) L7, (7.76)

So the idea is to discretize G(u(-, 7)) in the time variable 7 so that the ezract
t+At
application of [ et*+A*=7)Ldr reduces to the application of Of ;. This

is essentially dif%erent from the procedure in Section 7.7 where the space
discretization was fixed before. For the derivation of higher-order schemes
and a corresponding stability analysis see Beylkin et al. (1996). Here it is
important that the operators £~! or e™** can be evaluated ezactly within
any chosen accuracy. Again in the case of Burgers’ equation one has to
evaluate

u(x,t + At) = eAu(z, t) — I(t + At, 1), (7.77)

2
where L =v (%) and O ; is given by (7.76).

In order to apply the operator functions et and O, efliciently one is

interested in computing their NS form. Therefore it is important to determ-
ine the NS form of f (a%) when f is analytic. Beylkin and Keiser (1997)
propose two approaches, namely to compute

Qrf ( ) Qs (7.78)

( aﬂ ) (7.79)
aﬁ

via (7.79) one can diagonalize 2 55 With

or

fle
To compute the NS form of f (

the aid of the discrete Fourier transform and apply the spectral theorem
(Beylkin and Keiser 1997).
Using (7.78), according to the discussion in the previous section (see

(7.60)), one can first determine the arrays ¢ := (f (%) ®;,®;), consist-
ing of the coefficients

. . . 8 . .
=¥ [ 620~ 0)f (5 ) #(2a — K)dz = €Ly
R
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Using Fourier transforms, one can show that (Beylkin and Keiser 1997)

21
¢ = / g;(6)ee de, (7.80)
0

where

9;(6) = Y F(—i27 (¢ + 2mk))|(€ + 27k) 2,

kez

and exploit the fact that |$(€)|? acts like a cut-off function. Thus g;(€) can
be approximated arbitrarily well by a finite sum §;(£) which can be used to
discretize (7.80). Recall the similar reasoning in the vaguelette approach.

Adaptive application of operators in NS form
According to (7.63), the application of an operator in NS form requires
evaluating

A’ = (v, ¥;)A; + (v, ®)B;, € = (v,¥;)C;.
To accomplish the goal of realizing an overall solution complexity, which
is proportional to the number of significant wavelet coefficients of the solu-
tion relative to a given accuracy, each calculation of 7jv has to be realized
within this order of complexity. A heuristic reasoning towards this goal can
be summarized as follows. The solution to the differential equations under
consideration are typically smooth except at isolated locations where singu-
larities such as shocks can build up. Consequently, many wavelet coefficients
of the solution can be expected to stay below a given threshold. Hence the
arrays (v, \ilj) are typically short. However, the arrays (v, ®;) consist of
averages and may be dense in spite of the smoothness of v. At this point
the vanishing moment property of the B-blocks established in the previous
section is crucial. Exploiting this property, Beylkin and Keiser (1997) argue
that, when a smooth vector is applied to Bj, the result will be sparse. In
fact, Beylkin and Keiser (1997) indicate how to use the wavelet coefficients
of v to replace the dense array (v, <i>j) by a sparse vector s/ so as to realize an
efficient application of the B; block within a desired tolerance of accuracy.
For a more detailed discussion of the components of such a scheme we refer
to Beylkin and Keiser (1997) and the literature cited there.

In addition, some interesting numerical experiments are discussed by
Beylkin and Keiser (1997). First a classical Crank-Nicholson scheme for
the heat equation % = V%u is compared to the wavelet-based scheme,
which consists in this case of a repeated application of the NS form of et
via

u( tie1) = eALul- 1),  ul:,to) = uo.

This is an explicit procedure, yet unconditionally stable, once the evalu-
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ation of eAt£ is accurate enough to cope with the higher-order oscillations
introduced by the nonlinear terms. In particular, the advantage of higher-
order schemes is stressed. In fact, due to the higher number of vanishing
moments, they result in better sparseness of the NS form of the operators.
Subsequently, the scheme is tested on several versions of Burgers’ equation
and its generalizations. These experiments apparently confirm that the num-
ber of operations needed to update the solution in each time step remains
proportional to the number of significant wavelet coefficients.

7.9. Wavelet packets and best bases

There is yet another technique for discretizing evolution equations of the
form (2.14), which has been proposed by Joly, Maday and Perrier (1997),
for instance. It aims at realizing best possible compression of the approx-
imate solution by employing the concept of wavelet packets and best bases
developed by Coifman, Meyer, Quake and Wickerhauser (1993) and Coif-
man, Meyer and Wickerhauser (1992). This technique is also used by Farge,
Goirand, Meyer, Pascal and Wickerhauser (1992). Therefore we will briefly
indicate some of the ideas in Joly et al. (1997), where further details and
relevant references can be found.

To describe the concept of wavelet packets, we confine the discussion to
scaling functions ¢ € L(R), whose translates ¢(- — k), k € Z, are orthonor-
mal, that is, ¢ = ¢. Let us denote by a, b the masks of ¢ and the wavelet
W, that is, by = (=1)*a;_, k € Z (see (4.20)). One can use these masks to
recursively generate further basis functions, defined with ¥y = ¢, ¥, = ¥,
forn > 1 by

Yon(x) =D ap¥n(2z — k),  tont1(z) = Y bthn(2z — k). (7.81)
kEZ k€Z

One can then show that
S5(®;) = 5({%(' —k):0<n<2? ke Z}),

so that a variety of orthonormal bases are available. Let £;, respectively
&, denote any subset of N x (Z N (—o0, J]), respectively N x Z. With each
(n,j) € N x Z associate the interval I, ; := [2/n,2/(n + 1)). Let

Vi k(@) =22 (2z — k).

Theorem 7.8 (Coifman et al. 1992) Any collection {¢, jx : (n,5,k) €
Ey X Z resp. £ x Z} is an orthonormal basis of S(® ), respectively La(R), if
and only if

i) U In;=1T0,27), resp. U In;=R"
(n.J)€Es (n.j)e€y
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(i) for all (n,7),(n, ') € &1, resp. &, one has I, ; NV Ly 3 = 0 if (n,j) #
(n', ).

It is again convenient to abbreviate A = (n,j, k) € £ x Z. For a given

problem, the point is now to select that basis which is best in a certain

sense, rather in the spirit of signal analysis. The decision is based on an
appropriate notion of entropy. For a given v € Lo(R), let

v = Z ey,

AEEXT

For D C £ and any € > 0, the quantity
HEP(v) := #{cy : |ea] > e, A € D x Z} (7.82)

is called the cardinal entropy of v. Note the difference from the following
more familiar measure for the content of information,

HP(v):=— Y l|eal’Infenl, (7.83)
AEDXZ

which is called Shannon entropy. Minimizing the cardinal entropy over D
corresponds to selecting a basis with respect to which the representation of v
has possibly few coefficients above the threshold €. The adaptation of these
notions to the periodic case is again standard. Corresponding decomposition
and reconstruction algorithms as well as the recursive determination of best
bases are described in Joly et al. (1997). A comparison between the different
notions of entropy favours the cardinal entropy for present purposes. Let us
denote by B:(v) C &£; the index set for a best basis for v relative to (7.82)
and set A.(v) := {\ = (n,5,k) : (n,j) € B:(v),k € Z/2Z}.

To make use of these concepts here, one associates with each A the centre
x) of the basis function ¥,. Moreover, one assigns to A = (n,j,k) an
influence rectangle centred at (xy,n2’) in the position—frequency diagram,
which symbolizes the time—frequency support of ¥5. Once the position of ¥y
is determined, one can define the neighbours of each 1y; see Joly et al. (1997)
for the precise definition. Given the best basis, the reduced representation
of v is given by

Qui= Y (v,¥)v, (7.84)
AeAc(v)
where
As(v) ={X € A:(v) : |[{v,¥n)| > €}. (7.85)

The central step of the adaptive procedure proposed by Joly et al. (1997)
is to add to A, (v) the neighbours of its indices, which typically results in a
set that is not much larger than Ac(v). In fact, for most elements in A.(v),
one expects that its neighbours already belong to A.(v).
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Of course, for non-stationary problems the solution will change in time.
Small variations of a function may actually cause significant changes of the
best basis. However, Joly et al. (1997) observe that the entropy does not
change much when dealing with evolution equations like Burgers’ equation.
Thus the best basis does not have to be updated after each time step.

We now outline the algorithm from Joly et al. (1997) for Burgers’ equa-
tion (2.16). We wish to approximate the solution u(mAt,-) at time mAt by
u™ =uf € S(®;) as follows.

ALGORITHM 6 (JMP)
Let u be the approximation of the initial value u° and let B(u}) denote
its best basis. Let

A% = A (uY)
be the reduced index set after thresholding.
(m + 1)st step: Given

where A™ C A(uY).

(i) Form A™ as in (7.85) and 4™ as in (7.84) (relative to A™).
(ii) Form A™%1 by adding to A™ those elements in A.(uY) that are
neighbours of elements from Am.
(iii) Determine

™t = Z ex(m + 1)y

A€A™F
by requiring that the following Galerkin conditions hold:

i m+l _ ~m 1_8_ ~m\2 >__ <£~m3 >
<At(u u )+281L' (U*) 7¢>\ = -V 8mu*’0xw>‘ 3

for A € A™*1 where @™ := 3a™ — lgm—1,
b * 2 2

We conclude with a brief discussion of the implementation.

Since the sets A™ change, the stiffness matrices needed in (7.86) change
as well. Therefore Joly et al. (1997) propose to precompute the whole stiff-
ness matrix relative to the entire (periodized) basis ®;. To generate the
possible wavelet packets, one then has to use the corresponding multiscale
transformations, providing a matrix of size 27 x J27.

Using orthonormal spline wavelets, the masks are no longer short, so that
one has to resort to FFT in the multiscale transformations. This introduces
additional log factors in the operation count. The decomposition of the
columns in the extended stiffness matrix according to the chosen best basis
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requires the order of J22/ operations. It seems that this strategy at some
stage requires computational work which is quadratic in the dimension of
the uncompressed problem size corresponding to S(®;). This may be a
serious drawback when dealing with several spatial variables.

The evaluation of nonlinear terms requires special care, which will be
discussed in the following section.

7.10. Ewaluation of nonlinear terms

A critical role in all the above developments is played by the evaluation
of nonlinear terms. It is perhaps worthwhile to comment briefly on the
principal problems arising in this context. As before, let ¥4 = {¢) : X €
A}. So far the discussion has stressed important advantages of multiscale
representations of the form up = dK\I' A, Where A selects only those wavelets
that are needed to represent a function v to some given tolerance. However,
note that at any point in the domain, wavelets from all levels appearing
in A may contribute. Thus the cost of evaluating a function in multiscale
representation at a single point could be proportional to the highest level
J appearing in A. When frequent evaluations are necessary, this could of
course significantly diminish efficiency. In contrast, evaluating a function
in single-scale representation requires only a finite number of operations
independent of the level J. On the other hand, #A could be very small
compared to dim S(®;). Thus the transformation of ua into single-scale
representation in S(®;) would produce a much larger array of coefficients
which, due to their nature of representing averages, may all be significant.
This would waste the significant reduction of complexity gained by the sparse
representation of ua in wavelet coordinates.

This problem is exacerbated when, instead of point evaluations, one has
to compute nonlinear functionals of a function u given in multiscale repres-
entation. A typical example arises in connection with the elliptic problem
(7.47). Suppose that the approximate solution u® from the previous time
step ! is given as ul) = d;"{\ll A, Where A is a possibly small lacunary subset
of V. If one uses a collocation scheme for solving (7.47), one has to evaluate
the nonlinear term G(ul)) on some grid. This requires the evaluation of u(®)
on that grid, which is the task discussed above, followed by the application
of G. If the application of G is expensive, an alternative is to approzimate
G(u®) first and then evaluate this approximation. When J is the highest
scale in A, depending on the nature of G, one expects that G(d{W¥,) can
be accurately resolved on a level J > J. But, again, if the approximation
were given in a single-scale form, its evaluation would be inexpensive, but
the representation itself would possibly involve far more coefficients than
those in the array ds. This suggests also seeking some lacunary multiscale
representation d};E AR G(d¥,) with respect to a suitable basis = (not
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necessarily equal to ¥). In fact, when (7.47) is to be solved by a Galer-
kin scheme, one would have to approximate the quantities (G(d{W,), ).
Thus, for = = U, the array (Ai;"; would readily provide these quantities.

Overall, since in many cases one expects that the somewhat higher cost
of evaluating a function in multiscale representation is by far offset by the
sparseness of the representation, the central objective can be summarized
as follows. If, for e > 0, the set A C V is needed to approximate the
solution by up = d¥ A\I/ A within a tolerance ¢, find a possibly small set A and
an approximation d’= 124 to g (dT\I! A) that is sufficiently accurate to preserve
the overall precision of the solution scheme. Moreover, when ¢ tends to zero,
so that the cardinality of A = A, increases, the ideal situation would be that
the corresponding size of A = A, stays proportzonal to #A,. uniformly in €.
Likewise, the computational work needed to determine the approximation
dKGE A, should also be of the order of #A. (perhaps times a logarithmic
term).

It seems that we are at present far from this goal, at least in the above
strict asymptotic sense. Since this is currently a subject of intense research,
the state of the art will probably change quickly in the near future. Giving
a detailed account of the various existing approaches would certainly go
beyond the scope of this paper. Nevertheless, sketching some ideas, at least,
should be worthwhile.

A typical nonlinear term arising, for instance, in (2.16) and (2.17) is ua—axu
Since products of functions can be obtained as differences of squares, it
suffices to consider f(u) = u?. The approach pursued by Beylkin and Keiser
(1997) starts with the expansion

J-1
(Qrv)* ~ (Qov)* = ((Qj+1v)2‘(QjU)2)
j=0
J—-1
= 3 (@R + (Rpv)?),  (787)
j=0

where we abbreviate R; := Q11 — Q.
In fact, within a given tolerance, one has v = @ yv for J sufficiently large.
This gives

J-1
v? = (Qov)? + Z (2(ij)(ij) + (ij)2> . (7.88)
7=0

The evaluation of (Qgv)? is inexpensive. The problem is that products in
the summation will generally not belong to the same space as the factors.
Since products correspond to convolutions in the Fourier domain, one can
estimate the extent to which higher oscillations are introduced. To resolve
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them accurately enough one needs a higher level of resolution. However, es-
timating the spread in the Fourier domain, one can argue that, again within
some tolerance, (Q;v)(R;v) and (R;v)? belong to S(®,j,) for some positive
jo. For any given tolerance a positive jg does indeed exist independent of j
(Beylkin and Keiser 1997). Thus, by repeated application of the refinement
matrices, one can determine the representation of Q;v and R;v in S(®;44,),
for instance,

RjU = (dj+j0)T<I)j+j0 .

If, in addition, the functions in ®; were interpolatory, that is, ¢(- —k) = bo,
the assumption v, f(v) € S(®;) would give

F) = fler)d(-—k), v=73 (- —k). (7.89)
k k

In this case one would have (Rjv) = ((di+0)2)T &, ;. where the square is
to be understood componentwise. Thus the coefficients ¢/77 (v?) in S(®;,,)
are computed (approximately) as

oI+ (u?) = 2(IH0(Qu)) (@I (Ryv)) + (d°(R0))2. (7.90)

The justification for taking componentwise products of the coefficient se-
quences assumes the use of scaling functions whose shifts are orthogonal
and which are almost interpolatory in the sense of (4.17). Recall that this is
the case when the scaling function has sufficiently many vanishing moments
(4.16); see Beylkin et al. (1991).

Note that at least one factor in each product on the right-hand side of
(7.90) involves wavelet coefficients. These arrays are usually sparse, so that
only significant products need be calculated. Accordingly, one should only
compute those scaling function coefficients in ¢/790(Q;v) affected by large
wavelet coefficients. This requires suitably localized multiscale transform-
ations. Depending on the context, the resulting (local) single-scale arrays
c/*J0(v?) can be used for point evaluations, or have to be transformed into
wavelet representations. Therefore, the development of appropriate data
structures is certainly an important issue.

A promising alternative is offered by an adaptation of Algorithm 2 from
Section 7.4, by which an interpolating approximation is transformed into a
wavelet representation. A different strategy is pursued in Joly et al. (1997);
see also related work in Danchin (1997), Maday, Perrier and Ravel (1991).
Joly et al. (1997) propose interpolating the reduced approximation @™ at all
the points ) corresponding to the entire basis. The values at these points
are computed through a fast evaluation scheme (setting those coefficients to
zero whose indices do not belong to A™: see the algorithm in the previous
section). The values of (@™)? are then computed at each point and (4™)?
is interpolated with respect to the best basis. The overall cost is O(J27),
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which unfortunately exceeds the number of significant coefficients in A™. If
the best bases need not be changed, the collocation can be based on the
centres ), A € A™*! (Danchin 1997).

7.11. Stokes and Navier-Stokes equations

Of course, the above evolution equations can be viewed as simplified test
cases for the next higher mathematical model, namely the Navier—-Stokes
equations for incompressible fluids, which, properly normalized, read

ou
o ~vAut(w VutVp = f, (7.91)

V-u = 0

see, for example, Girault and Raviart (1986). Here u : R® x Rt — R"
represents the velocity of the fluid, and p : R x Rt — R the pressure, and
v is a positive number called the kinematic viscosity. So when v gets small
the formally parabolic first system becomes hyperbolic. One usually looks
for (u, p) satisfying (7.91) in some domain {2 subject to initial and boundary
conditions

u(-,0) =uy inQ, wu=0ondadN x[0,T], (7.92)
and

/ p(z,t)dz =0, te€(0,T), (7.93)
Q

since p is only determined up to a constant. In this section we outline some
recent attempts that tackle the numerical solution of this kind of problem
by means of wavelet discretizations.

Amongst the difficulties in treating (7.91) numerically is the constraint
V -u = 0. One way to avoid this is to write (7.91) in the so-called vorticity
stream function formulation

% +u-Vw—vAw = 0, (7.94)

Vxu = w,

which is valid in this form for n = 2; see, for example, Quartapelle (1993).

For 2 = R%/Z? and periodic boundary conditions, Algorithm 2 (see Sec-
tion 7.4) is applied to (7.94) by Frohlich and Schneider (1996). Wavelet
schemes based on the methodologies described in Section 7.7 are applied
to (7.94), among other model problems, in Charton and Perrier (1996), ac-
companied by a complexity analysis which indicates that the complexity
of the scheme is proportional to the dimension of the highest resolution.
Although working with possibly highly lacunary sets A of wavelet indices,
one has to employ at some stage the transformation between single and
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multiscale representation. So part of the principal efficiency is diminished
again by this typical bottleneck. On the other hand, if this is the only place
where the complexity of the full spaces enters, the constants appearing in
the complexity estimates can be expected to be moderate.

To become competitive with the existing numerical methods, it is concep-
tually important to overcome the restriction to the vorticity stream function
formulation, which is convenient only in the two-dimensional case. When
working with the primitive variables u, p in (7.91), it is known that the con-
straint V-u = 0 imposes certain compatibility conditions on the trial spaces
for velocity and pressure that are necessary for an asymptotically stable
solution procedure Suitable families of such finite element spaces are known
(Girault and Raviart 1986). However, for n = 3, they become quite involved
when trying to raise the order of exactness. We will therefore briefly dis-
cuss what potential contributions of wavelet concepts in this regard can be
expected.

Saddle point formulation
Suppose we fix trial spaces V}, C (H(Q))" and

My C Lao(Q) = {g € La(Q) : /g(x) dz = 0).
Q

A semi-implicit discretization of (7.91) in conjunction with a weak formula-
tion of the corresponding linear problem yields

(up ™, vn) + Atw(Vut ™, Vop) + (o, V) = (f — ' - Vup', o), vn € Vi,

(divul™ ) = 0,  pn € M. (7.95)

One may question for which time steps and under which circumstances it is
reasonable to use an explicit discretization of the transport term uj® - Vuj*
and put it on the right-hand side. But for the time being we ignore this
point and remark that (7.95) corresponds to the linear system of equations

Ah,a BE ) up _ Fh

( B o (m) = ( N ) (7.96)
Here A}, 4 is the stiffness matrix of the operator £L = I — aA, a = Atv, and
BE is the discretization of the gradient V relative to the chosen bases in
Vi, Mp,. Recall from Section 2.2 (b) that the stationary Stokes problem (2.7)
leads to an analogous system where Ay , is replaced by the discretization

of £ = vA. Both share the same operator By, however.
To ensure that the discretizations are stable, that is, that the inverses of

the discretized operators £}, are uniformly bounded, the pairs (V4, M}) have
to satisfy the Ladysenskaya—Babuska—Brezzi condition (LBB), which means
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that the inf-sup condition (2.13) holds uniformly in h

inf sup b(vh, /J‘h)

e T A P oy Py (7.97)

where as before b(v, u) = (div v, u). The following well-known fact charac-
terizes the validity of (7.97); see Fortin (1977).

Proposition 7.9 Suppose (2.13) holds for the pairs (V, M) and some § >
0. Then the subspaces Vj,, M}, satisfy (7.97) uniformly in A, if and only if
there exist linear operators Qp : V — V}, satisfying

Qnvllv S llvllv, wveV, (7.98)

and
blv—Qpu,up) =0, veEV, pup€ M, (7.99)

While in the finite element context this observation is primarily of the-
oretical use, it does offer a constructive angle in the wavelet setting. We
briefly sketch the approach of Dahmen et al. (1996¢). In fact, (7.99) may
be viewed as a biorthogonality condition with respect to b(-,-). Again this
is most conveniently explained first for the case 2 = R".

To describe this consider any dual pair of biorthogonal compactly sup-
ported generators ¢, ¢ € Lo(R™) (see (4.19)). Assuming that ¢ € H!*¢(R),
the procedure mentioned in Section 4.2 (see (4.34)) yields another dual pair
(¢~,¢") of biorthogonal compactly supported generators. More generally,
let us set

Yg =T, wr=vT, A =6t O =gt
and likewise ¥, ¢, i = 0,1. Here ¢, ¢ are the corresponding compactly
supported new biorthogonal mother wavelets, which, by (4.36), arise from ¢
and 1 essentially by differentiation and integration, respectively. The trial
spaces on R™ are again obtained by taking tensor products. In particular,
the multivariate scaling functions and mother wavelets ¥ (z), 3! (z) are
obtained for e € £ = {0,1}", i = 1,...,n, by replacing in (4.38) the ith
factor by 1, (mz),gﬁz (z;), respectively. Specifically, we set ¢=' =: 9",

Fri = g
Now let
Vi={veV:ivueS@"),i=1,...n} (7.100)
and
M; := 5(®;). (7.101)

Thus we can also write

Vi=8(8y), ®lg=8"x o x ", (7.102)
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and the pairs $I®, <I>;® are biorthogonal, where <I>j_’® is defined analogously.
Hence

Qjv = (v, 87 5)®7 ¢ (7.103)
are projectors from V onto V;. Since

o

v-Qu= Y (Qu1—Q)v (7.104)

I=j+1
and
(Qui — Qu)v), = (w3, O )T,
we conclude from (4.36) that
0
ox;

But since biorthogonality of ¥ and ¥ ensures that (®5, ;) =0,1> 7, one
immediately infers from (7.101), (7.104) and (7.105) that

(div (v — Qjv),i;) =0, forall p; € M; = S(P;). (7.106)

(Que1 — Qu)v); = —4{vs, ‘I’l_’i)\i’l- (7.105)

Moreover, for ¢~S € H'¢ Theorem 5.8 implies that the Q; are uniformly
bounded on V. Thus Proposition 7.9 applies and confirms that the spaces
Vj, M; defined by (7.100) and (7.101) do satisfy the LBB condition (7.97).

There is no difficulty in adapting this construction to the periodic case.
It is perhaps more interesting to note that it can also be extended to
Q = 0 = (0,1)" and homogeneous boundary conditions (7.92). This is
done in Dahmen et al. (1996¢) by starting with a dual pair ¢, ¢ as above
and constructing biorthogonal refinable bases ®;, ®; adapted to [0, 1] as in-
dicated in Section 4.4. The key is that the modified dual pair ¢~, " again

gives rise to pairs of refinable biorthogonal bases o7, <i>;’ where, however, we

now have the inclusion S (‘i>J+) C H}(DO). Defining the collections \I/j_’i, \il;"z
in analogy to the previous construction, one can prove that one still has

9 - . 5
S ( o, \I/j) = S(T;). (7.107)
Thus the same reasoning as before shows that for analogously defined pro-
jectors Q; (7.106) is still valid. The validity of the LBB condition (7.97)
also follows in this case from Proposition 7.9.

Solving the linear systems

Since the matrix in (7.96) is indefinite, the solution of (7.96) by iterat-
ive methods requires a bit more care; see Bramble and Pasciak (1988).
The upshot of all the options is that, whenever a good preconditioner for
the (positive definite) matrix A;,, as well as for the Schur complement
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Ko = BjAj_’ClyB;r, is available, one can combine both so as to obtain a
correspondingly efficient iterative scheme for the treatment of (7.96). An
example is mentioned below in Section 8.3 in a different context. In the
case of the stationary Stokes problem, the block A, corresponds to a stiff-
ness matrix for the Laplace operator A. Asymptotically optimal precon-
ditioners for this component were discussed in Section 6. In this case the
Schur complement is an operator of order zero and hence does not require
any further preconditioning. In the time-dependent case, the roles are re-
versed: A;, is a discretization of the Helmholtz operator I —aA, which, for
small o, resembles the identity. Thus A;, is already moderately well con-
ditioned. Nevertheless, the robust wavelet-based preconditioners discussed
in Section 6.6 would here cover the full range of possible values of a. Now,
for small o the Schur complement tends more and more to a second-order
operator, so that preconditioning becomes necessary; see Bramble and Pas-
ciak (1994). Again, an asymptotically optimal preconditioner-based on the
above wavelet bases, namely Algorithm 1 in Section 6.2, is proposed by
Dahmen et al. (1996c). The concrete examples considered there are based
on dual pairs ¢, ¢ where ¢ is chosen as a B-spline (see Section 4.4). All
basis functions and wavelets for V; and M; have compact support. The con-
struction allows one to realize any desired order of exactness for any spatial
dimension. The numerical experiments in Dahmen et al. (1996¢) for the lin-
earized problem cover two- and three-dimensional examples and confirm the
predicted asymptotic optimality, that is, iteration numbers are independent
of the size of the problem.

Divergence-free wavelets

Instead of seeking pairs of trial spaces V;, M; satisfying the LBB conditions,
one could try to find trial spaces V; which satisfy the constraint div v = 0,
v € V; weakly, that is, b(v,u) = 0 for all p € M;, v € V;. This has
been realized in the finite element context but corresponding constructions
are rather involved, in particular for the 3D case. One could even go one
step further and try to construct spaces Vj0 c V0 = {v e (H}))" :
div v = 0}. Orthogonal divergence-free wavelets have been constructed
by Battle and Federbusch. These wavelets have necessarily global support
(Lemarié-Rieusset 1994) although they decay exponentially. A somewhat
different line based on Section 4.2 has been pursued by Jouini (1992) and
Lemarié-Rieusset (1992). Dispensing with orthogonality, one can construct
divergence-free biorthogonal wavelets with compact support. This point was
taken up by Urban (1995a, 1995b), where, in addition to tensor products,
genuinely multivariate divergence-free wavelets are constructed.

Using such trial spaces, the weak formulation (7.95) reduces to

Wt vy) + Atv(Vult, V) = (Fyvg), v € V), (7.108)



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 175

that is, to a Helmholtz problem on V0. Here F collects the terms on the
right-hand side of (7.95).

First, numerical experiences for the 3D case are reported by Urban (1995c¢,
1996). These experiments concern classical Galerkin schemes. On the other
hand, the above reduction to the Helmholtz problem suggests the following
interesting alternative. Because of the constraint divu = 0, the fast vague-
lette evaluation schemes based on orthonormal wavelets have been confined
to the vorticity stream function formulation and thus to the bivariate case.
Recalling that the vaguelette approach can be extended to biorthogonal
wavelet bases, one can combine it with the above divergence-free wavelets,
which also work in the three-dimensional case.

We conclude this section with some brief remarks on the construction.
The key observation (Lemarié-Rieusset 1992, Urban 19954, Urban 1995b) is
the commutation property '

o, B i\

To make use of this fact for the construction of divergence-free wavelets, one
has to iterate the modifications from Section 4.2 by setting

¢—,(i,l) — (¢—,i)—,l,

and analogously for ¢,v and ¢. For i € {1,...,n} let N; = {1,...,n}\ {5}
and define functions z,bz,,, ve{l,...,n}, by

0, i ¢ {v,ie},
(zjjzy)i - w;er” A 7= v,
i, i =,
where i, € {1,...,n} is any index such that e; = 1. The collections

UV = (Y, € € By, v # e, j € L,k € Z™}

can then be shown to be a divergence-free wavelet basis (Urban 1995a,
1995b). Again, further analysis, implementations and numerical experiments
can be found in Urban (1995b), (1995¢) and (1996).

8. Extension to more general domains

Except for the extensions to wavelets on cubes (see Section 4.4 and the
comments in the previous section) all approaches described so far rely in an
essential way on the underlying stationary shift-invariant structure of the
discretization. It has long been known in numerical analysis that, beyond
mere asymptotic estimates, regular discretizations often support efficiency
in many ways, reflected by superconvergence effects, for instance. Therefore
it may pay in the end in many situations to exploit such advantages for
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the bulk of computation and treat boundary effects separately. The mat-
rix capacitance method is an example of such a strategy which has been
extensively studied in connection with finite difference schemes. Moreover,
when dealing with problems where the geometry changes in time, such a
concept may even be a necessity rather than an option. One possibility
that may come to mind first is to enforce essential boundary conditions by
means of penalty terms; see, for example, Glowinski, Pan, Wells and Zhou
(1996) and Glowinski, Rieder, Wells and Zhou (1993). Aside from accur-
acy issues, a conceptual difficulty with this approach seems to be that it
stiffens the problem significantly and thereby wastes previously gained ad-
vantages on the preconditioning side. A relatively simple alternative is to
refine the spaces near the boundary. Incorporating additional basis functions
on higher discretization levels whose supports are still inside the domain can
compensate the loss of accuracy encountered otherwise. From a complexity
point of view this works in the bivariate case but no longer for domains in
R3 (Jaffard 1992, Oswald 1997). Therefore we will now concentrate on three
alternative possibilities.

8.1. An extension technique

Throughout this subsection assume that L is a selfadjoint elliptic operator so
that, for a(-, -) defined by (2.5), with respect to natural boundary conditions,
the problem in variational form is to find u in H = H*(Q2) such that

a(u,v) = (f,v), veH (8.1)

for some f € H* (¢f. (6.9)). We briefly sketch some ideas from Oswald
(1997) that fit into the multilevel Schwarz concepts described in Section 6.5.

The starting point is a nested sequence of finite element or spline spaces
S;, j € Ny, defined on regular meshes of types 1 or 2 (see Section 6.6). Now
2 C R"™ is supposed to be an arbitrary bounded domain with sufficiently
regular boundary to admit the existence of extension operators E, which
are bounded in an appropriate Sobolev scale. For instance, the validity of
a uniform cone condition or Lipschitz boundaries would do (Johnen and
Scherer 1977).

The first step is to construct collections ®; o consisting mainly of functions
¢(27 - —k), k € Z", whose support does not intersect 952, where ¢ is in this
case a tensor product B-spline, say. In addition, one needs functions that are
adapted to the boundary. Their restriction to  is supported in a margin of
width ~ 277 along the boundary. They consist of fixed linear combinations
of ¢(27 - —k) designed in such a way that the span of the entire collection
®; contains all polynomials up to some degree d —1 on 2. This is similar to
the ideas presented in Section 4.4 and to the recent developments in Cohen,
Dahmen and DeVore (1995). However, in order to keep these boundary-near
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cluster functions as simple as possible, they are, in contrast to Cohen et al.
(1995), not required to be refinable. Thus one generally has

S(@;0) ¢ S(@j41.0)- (8.2)

However, along with ®;q, a biorthogonal collection Z; o is constructed in
such a way that the projectors

ij = (U,Ej@)q)j’g (8.3)

satisfy the direct estimates (5.7). Essential hypotheses are that the ¢(- — k)
are locally linearly independent (that is, the vanishing of a linear combina-
tion on any neighbourhood implies that the coefficients of the overlapping
translates ¢(- —k) are zero), as well as the availability of extension operators.

Due to the lack of nestedness (8.2), the techniques from Section 6.5 can-
not yet be applied directly. To remedy this, Oswald (1997) shows how to
construct another sequence of nested spaces S’j C HY(R) spanned by suit-
ably chosen B-splines (on all levels | < j) which overlap Q. In addition,
appropriate restriction and extension operators

Rj : Sj - S(q)jvg), Ej : S(@j’g) - Sj,
are identified. In fact, Rjv = (v, 5;0)®;0. The E; have the form

J

Ejyvy:= Z(Pj - Pj—l)'UJ € SJ:
=0

where the P; are similar quasi-interpolant type operators as the @; in (8.3)
above. In fact, Pju = (v1E;)®;, where the elements §;; € E; are either
supported in © when supp ¢(27 - —k)NQ # @, or zero otherwise. To establish
suitable norm estimates for these operators, one needs certain additional
requirements on the domain which, for instance, ensure that the margin of
boundary affected basis functions has width ~ 277 on level j. One can then
prove that (Oswald 1997)

RjEjv]- = ’Uj, ’Uj & S(q)J,Q),
and
a(R;05, Rivj) < |oilkemny, 05 € S, 54)
“Ejvj”%{t(]kn) < a(vj,vj), Vj S S((I)jyg).

~

One can then proceed as follows. Fix any H*(R")-elliptic form a(-,-) and de-
termine a preconditioner C; on S; for the operator £; defined by a(4;,9;) =
(L;0j,0;), 4,0; € S;, by the methods from Section 6.5. Then, defining
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and £; by (Luj,vj) = a(uj,v;), uj,v; € S(P;0), the operators C;L; satisfy
ﬁz(Cj[:j) ~1 if Hz(éjﬁj) ~ 1. (8.6)

The proof relies on the fictitious space Theorem 6.9 (Nepomnyaschikh 1990);
see Oswald (1997) for details. The treatment of essential boundary condi-
tions and further extensions are also discussed in Oswald (1997).

In this form the scheme does not make explicit use of any wavelet basis
or a corresponding exact representation of complement components. Hence
it is tailored to the selfadjoint case but otherwise very flexible in connection
with many standard discretizations.

8.2. Boundary value correction

Consider operators of the form (2.4), that is, £ = —div(A(z)V) + a(z)T.
Suppose 2 C R™ is a bounded domain. The following strategy for solving

Lu=f on®, Bulsa=yg, (8.7)

where B is some boundary value operator, has been proposed in Averbuch,
Beylkin, Coifman and Israeli (1995). Without loss of generality one may
assume that @ c O:= (0,1)".

(1) Determine a smooth extension fext and an operator Lex; of f and £
respectively, from 2 to O.
(2) Solve the problem
Eextu = fext on [ (88)

with periodic boundary conditions.

(3) Given the solution ueyy of (8.8), solve the homogeneous problem

Lu=0 on € (8.9)
subject to the boundary conditions
Bulan = g — Buext|on, (8.10)

with the aid of a boundary integral method (see Section 2.2 (d)).

Averbuch et al. (1995) only address (8.8), arguing that efficient methods
for (8.9), (8.10) are available. The rationale is that fast wavelet methods
such as those described in Section 7 do a particularly efficient job on the
bulk of the problem. In fact, in the periodic setting, the significant wavelet
coefficients are indeed determined by the significant wavelet coefficients of
the right-hand side in the following sense. Suppose that Ay is the subset of
wavelet coefficients needed to represent fexy on (0 with accuracy €. Then the
set A, ¢ of coefficients needed to represent the solution uext with accuracy
€ is contained in a certain ‘neighbourhood’ of Ay, that is, a somewhat



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 179

larger set containing Ay, where #A, . is claimed to be proportional to
#As .. However, it is not apparent how this proportionality depends on ¢
and on the norm with respect to which accuracy is measured. Nevertheless,
according to Theorem 6.2, a diagonally preconditioned conjugate gradient
scheme constrained to the space S(¥,, ) would produce (perhaps combined
with nested iteration) an approximate solution of accuracy ¢ at the expense
of O(#A, ) operations. For higher dimensions, in particular, this seems
very tempting, since a high degree of adaptivity can be obtained without
worrying about the substantial complications caused by mesh refinement
strategies in conventional finite-difference or finite-element schemes.

On the other hand, there are still many points that need to be carefully
addressed.

(1) If the boundary 09 is fairly regular, a standard multilevel finite element
scheme, at least in the 2D case, combined with the existing adapt-
ive refinement schemes (see, for instance, Bornemann, Erdmann and
Kornhuber (1996), Bank and Weiser (1985)) applied directly to the
problem on 2 would realize at least the same favourable complexity.

(2) If the boundary has very little regularity, it is not clear how to properly
balance the regularity of the extension to avoid introducing artificial
singularities, and how to realize the extension numerically.

(3) For problems in R™ with n > 2, and nonconstant diffusion matrix
A(z) in (2.4), the treatment of the boundary integral equation arising
from (8.9) and (8.10) may no longer be so trivial, let alone the extension
problem.

Nevertheless, this approach offers a methodology for separating the bulk of
computation in the highest spatial dimension from the boundary treatment.

8.3. Lagrange multipliers

The following alternative is in principle by no means new, but has been to
some extent revived by the development of wavelet schemes; see, for example,
Babuska (1973) and Brezzi and Fortin (1991). The idea of appending essen-
tial boundary conditions by means of Lagrange multipliers has been taken
up again and analysed from the point of view of multilevel schemes, in Kun-
oth (1994) and Kunoth (1995). Suppose that  is a cube containing €, let

a(u,v) = (Lexttt,v)g and M = (Hs—ﬁ(aa))*, when B maps H*({2) onto
H*B8(dQ). Choosing H = H*(Q) or H = HS(Q) or the subspace H;(Q)

consisting of periodic functions in H* (Q) and defining

b(v, p) := (v, whaq, (8.11)
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the corresponding weak formulation of (8.7) requires finding (u,p) € H x M
such that
a(u,v) +b(v,p) = (f,v)g, vEH,

(8.12)
b(u, p) = 9 peM.
The solution (u,p) of (8.12) solves the saddle-point problem
1
inf — b — 5 —b 8.13
JQHES{}{Q“(”’”) +0(v, 1) = (f,v)g (g,u)} (8.13)

(recall (7.91) and (7.95)). For general conditions under which (8.12) and
(8.13) are equivalent see Brezzi and Fortin (1991). It is also known that,
for instance for £ = —A + a and B = I, the Lagrange multiplier p in the
solution of (8.12) agrees with g% on 0f) where Ov denotes the derivative in
the direction of the outward normal of 0€.

Let us again denote by

(& 9)()-C) -

the operator equation corresponding to (8.12) projected on Sp x My, C H x
M. Recall that solving (8.14) (and hence solving (8.7) approximately for
the above choice of a(-,-) and b(-,-)), requires addressing the following two
issues.

e Ensure that (Sp, M},) satisfies the corresponding LBB condition.
e Find an efficient iteration scheme coping with the fact that the matrices
in (8.14) are indefinite.

The first issue depends on the particular situation at hand; see Bramble
(1981) and Glowinski et al. (1996). Following Bramble and Pasciak (1988),
Kunoth (1994) and Kunoth (1995), the second task can be tackled for in-
stance as follows.

Suppose that the selfadjoint positive definite operator Cj, is a precondi-
tioner for Ay, satisfying

(Cilv,v) ~ (Apv,v), (A — Ch)v,v) < p{Apv,v), v € Sp  (8.15)

Moreover, assume that KXp is a preconditioner for the Schur complement,
that is,

(Kh, 1 mon ~ (BrAy ' Bip, m)aq, b € M. (8.16)

According to Bramble and Pasciak (1988) (see also Kunoth (1995)), one can
use the fact that (8.14) is equivalent to

uy CrAn CrnBB} uy Cnf
My (p) = ( Bh(ChAh —I) thhg’;‘; ) <p> - <thhf _g)a (817)
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and then show that, under the assumption (8.15), My, is positive definite
relative to the inner product

UV = (An = v )+ (i, von.
m v O

Moreover, when in addition (8.16) holds, one can verify that

w2 (G *MuGY?) ~ 1, h—0, (8.18)

T 0
gh‘:(o ICh)‘

Kunoth (1994, 1995) has shown how to construct preconditioners Cp, and
K1, based on multilevel decompositions of appropriate trial spaces S; = S,
M; = My,;, 7 € Ng. For Cp one could use a multilevel Schwarz scheme
or a wavelet-based preconditioner, as detailed in Sections 6.2 (Algorithm
*
1), 6.4 and 6.5. The operator ByA; "B takes (HS_B(BQ)) = HA=3(09Q)
into H5~3(0Q) and thus has typically negative order and BPX or Schwarz
schemes do not apply directly. The following strategy is suggested by the
results in Kunoth (1995). Let I' = 89 and suppose that T, ¥T are biortho-

gonal Riesz bases for Lo(T") with corresponding single-scale bases @g,i);-.
Let

where

Qi = (u, 5 )r@%,
and define B; by

(Bjv, wyr = (Q5 B, u)r, v € Sjyjo, 1€ S(®}),

that is, M; = S(@g). Here the choice of jy € Z leaves some flexibility
for satisfying the LBB condition. One can then realize an asymptotically
optimal preconditioner K; = K, for the Schur complement Bj.A;.'lBj with
the aid of the change of bases scheme (Algorithm 1) from Section 6.2. For
further details see Kunoth (1995).

The tempting aspect of this strategy is that it has the potential to be
extended to a wider class of problems. For instance, using divergence-free
wavelets for discretizing the Stokes problem on a cube or torus and ap-
pending boundary conditions by Lagrange multipliers leads to the type of
saddle-point problem considered above with £ = —A. Moreover, in view
of (8.17), one need not deal with the exact Schur complement but retain
sparse representations of the zero-order operator on I'. ~

On the other hand, one needs suitable multiscale bases ¥, UT on I". When
n = 2, I' is a curve and one can readily resort, at least for sufficiently smooth
curves, to periodic univariate wavelets, or to composite wavelet bases of the
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type considered in Section 4.4. When n > 2, things are more complicated.
However, due to the typically low order of the Schur complement, the bases
Ul WL generally need not be very regular. A more detailed discussion of
constructing wavelet bases on manifolds such as closed surfaces, particularly
in the context of boundary integral equations, is given in Sections 9 and 10.

9. Pseudo-differential and boundary integral equations

So far the discussion has been essentially confined to differential operat-
ors. Of course, the appearance of integral operators is also implicit in
the vaguelette concept. Moreover, they occur explicitly in Section 8.2 as
a solution component for treating partial differential equations (see also
Section 2.2 (d)). In addition to the issue of preconditioning, the numerical
treatment of integral operators or, more generally, of operators with global
Schwartz kernel faces a further serious obstruction: conventional discretiz-
ations lead to dense matrices so that both assembling these matrices and
solving the linear systems quickly become prohibitively expensive for real-
istic problems. In fact, direct solvers require the order of N3 operations
when N denotes the problem size, and each matrix vector multiplication in
an iterative method is of the order N2. A conceptual remedy is to perform
the matrix vector multiplications only approximately within some tolerance.
In many cases this indeed allows one to reduce the computational complexity
to almost linear growth, if the analytical background of the problem is prop-
erly exploited. Examples of this type are panel clustering (Hackbusch and
Nowak 1984, Hackbusch and Sauter 1993, Sauter 1992) or the closely related
multipole expansions (Carrier, Greengard and Rokhlin 1988, Greengard and
Rokhlin 1987, Rokhlin 1985). A similar finite difference-based approach is
presented in Brandt and Venner (preprint) and Brandt and Lubrecht (1990).

Yet another direction has been initiated by the startling paper by Beylkin
et al. (1991). As announced in Section 1.5 (c), the representation of cer-
tain integral operators in wavelet coordinates is nearly sparse (see Sec-
tion 1.3). Roughly speaking, the idea is to replace the exact stiffness matrix
Ay = (L¥;,9,)T by a compressed matrix A§ arising from A by setting
all entries below a given threshold to zero. Beylkin et al. (1991) have shown
that the product A%d, d € RN, Ny = dim S(® J), is still within accuracy
€ from A ;d if only the order of Nylog N; entries in A are different from
zero. This result has since started a number of investigations centred upon
the following questions.

(1) How to deal with operators of nonzero order?

(2) What can be said about other schemes such as collocation?

(3) How to deal with nonperiodic problems, specifically with boundary in-
tegral equations on closed surfaces?

(4) What can be said about asymptotics, that is, how sparse can A§
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be made while still guaranteeing that the solution exhibits the same
asymptotic accuracy as the solution of the uncompressed system?

(i) Beylkin et al. (1991) consider a zero-order operator, so that no precon-
ditioning is necessary. Important applications (see Section 2.2 (d)) involve
operators of order different from zero, such as the single-layer potential
operator. Aside from a possible need of regularization in such cases, pre-
conditioning again becomes necessary. For operators of order minus one,
a preconditioner-based on multigrid techniques was developed by Bramble,
Leyk and Pasciak (1994), by introducing a suitable discrete norm for H~!.
One then obtains a fast method by combining this concept with any of the
above mentioned fast matrix-vector multiplication schemes. It seems that,
in the context of wavelet-based schemes, the preconditioning of operators of
any order, as explained in Section 6.2, and its effect on matrix compression
were first solved by Dahmen, Prodorf and Schneider (19935) and Dahmen
et al. (1994b).

(ii) While Beylkin et al. (1991) only consider a ‘classical Galerkin scheme’,
in practice collocation is often preferred to Galerkin schemes as a discretiza-
tion tool for integral operators, because it reduces the dimension of numer-
ical integration. Comparatively little is known about stability criteria for
collocation schemes in that context. The class of classical periodic pseudo-
differential operators

(L)) = 3 o(x, k)a(k)e2™*=, (9.1)

kezn

where 4(k) are the Fourier coefficients of u, was chosen by Dahmen et al.
(1994¢) as a model setting for studying the following issues: stability criteria
for various types of elliptic pseudo-differential operators and various types
of generalized Petrov—Galerkin discretization in a multiresolution context,
as well as an asymptotic analysis of fast solution by compression techniques.
The schemes considered there are of the type (6.3) with projectors of the
form

Piv =" 1k(v)bjk,

kezn /29Zn

where ®; are periodized refinable single-scale bases and

njk(v) = 27" 2 (v(27(- + k)

arise from some fixed functional 7 defined on S(L®;). Thus n = 6(- — o)
corresponds to collocation while n = ¢ covers the Galerkin scheme. The
operators £ under consideration are assumed to be elliptic in the sense that
the principal part og(z,§) of their symbol o(z,&) is coercive, that is, for
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some 6 > 0 one has
Reoy(z, &) = |€)2H, for |€] > 6, =z eR"/zZ™ (9.2)

The main result of Dahmen et al. (1994c¢) can be stated as follows. For
any fixed y € R"/Z", let o,(k) := oo(y, k) induce the constant coefficient
operator L. Let

an(w,y) == Z oy(w + onk)(w + 2mk)H(w + 27k)
kezn
denote the numerical symbol relative to L,, which under suitable assump-
tions on ¢ is well defined. Here 7 is the Fourier transform of n in the

distributional sense. The numerical symbol is called elliptic (see Wendland
(1987)) if

jon(w,9)] 2 |0l forwe [-1,1]", andyer?/z".  (9.3)

A freezing coefficient technique based on superconvergence results in con-
nection with the so-called discrete commutator property is used by Dahmen
et al. (1994¢) to show that the generalized Petrov—Galerkin scheme (6.3) is
(s, r)-stable, in the sense of (6.4), if and only if the scheme is (s, r)-stable for
Ly for all y € R®/Z™. This in turn finally yields that, under the above as-
sumptions on £, the scheme (6.3) is (s, r)-stable if and only if the numerical
symbol oy, is elliptic in the sense of (9.3). Condition (9.3) naturally extends
the stability condition (4.11), which refers to £ = 7.

This criterion is useful for verifying stability of collocation schemes where

f) = 1 (compare with (7.28)); see, for instance, Dahmen et al. (1996a).
(iii) The above-mentioned results on periodic pseudo-differential equations
immediately apply to boundary integral equations for two-dimensional do-
mains with smooth boundary, which, via a smooth reparametrization, can
be identified with the circle. Univariate periodic wavelets provide all the
necessary tools for this case. Important contributions for Galerkin schemes
are given by von Petersdorff and Schwab (1997b).

However, when the boundary integral equation lives on a surface of higher
dimension, being able to treat periodic problems is ultimately not sufficient
any longer. This puts conceptually new demands on the tools, that is, on
the construction of appropriate wavelets. This issue will be addressed later
in more detail.

To see how well the analysis of the periodic case predicts the right be-
haviour in more realistic situations, a multiscale collocation method for the
double-layer potential equation on two-dimensional polyhedral surfaces in
R3 was developed and tested by Dahmen et al. (1994a). The multiresolu-
tion spaces consist of continuous piecewise linear finite elements relative to
uniform triangulations of the (triangular) faces of the polyhedron. The func-
tions indicated in Figure 2 were used as wavelets. Since in this construction
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the order of vanishing moments decreases near face edges, this approach was
still provisional. Although, in contrast to the torus, the surfaces considered
by Dahmen et al. (1994a) were no longer smooth, by and large the same
compression and convergence behaviour could be observed as predicted by
the analysis of the idealized situation. However, full practical use of these
findings requires computing the compressed matrices A5 at costs which are
essentially of the order of nonvanishing entries. Meanwhile substantial pro-
gress has been made in this regard, which we sketch later; see Dahmen and
Schneider (1997b) and von Petersdorff and Schwab (1997a).

(iv) While in Beylkin et al. (1991) the compression rate referred to a
fized accuracy €, an asymptotic analysis was carried out in Dahmen et al.
(1993b), Dahmen et al. (1994b), von Petersdorff and Schwab (1997b) and von
Petersdorff, Schneider and Schwab (1997). In particular, Schneider (1995)
has shown that, under certain assumptions on the domain and on the wavelet
bases, A can be compressed to O(/N;) nonvanishing entries while still real-
izing the asymptotic accuracy of the unperturbed scheme. Recently, signific-
ant progress on a practicable realization in terms of a nearby asymptotically
optimal fully discrete scheme for zero-order operators was accomplished by
von Petersdorff and Schwab (1997a).

In summary, the practical success of such concepts requires handling the
following central tasks.

(a) Construct appropriate wavelet bases ¥, ¥ defined on a manifold T such
that the underlying operator can be preconditioned well and efficiently
compressed.

(b) Develop a scheme for computing the compressed operator at an expense
that stays proportional to the number of nonvanishing entries.

(c) Combine these techniques with adaptive space refinement strategies,
that is, with identifying sets A C V adapted to the problem at hand.
By Remark 6.3, these together would provide an asymptotically optimal
scheme.

In principle, all three goals are in sight. We will first sketch some basic
ingredients of several contributions to (a) and (b).

9.1. Geometry considerations

The numerical treatment of realistic boundary integral equations obviously
requires more than periodized wavelets. A natural starting point is the
representation of the boundary manifold I' = 9. In the context of boundary
integral equations, one is primarily interested in spatial dimensions n = 1,2
of I'. However, the same ideas also apply in principle to other manifolds,
such as bounded domains in R3, so it is worth keeping n arbitrary at this
point.
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Concrete free-form surface representations are generated by CAD pack-
ages. There, a surface I' is usually parametrically defined, that is, " is a
disjoint union of (open) patches I,

M
r=Jn, LoinTy=0, i#l (9.4)
i=1
The global regularity of I' is usually described with the aid of an atlas
{(T';, k) }M,. This consists of a covering I' = U, I'; and associated regular
mappings
Fii:ﬁiﬁfi, E]iCRn, i=1,...,M,

that is, x; and K, 1 are smooth mappings so that, in particular, the corres-

ponding functional determinant |Ox;(z)| does not vanish on I';. Moreover,
for 0 c NM, G;, one has

Iﬁ:iID:Fi, i=1,...,M. (95)

The set T is called a C™ manifold, respectively Lipschitz manifold, if the
mappings are C™, respectively Lipschitz. In practice, one does not work
with coverings. Instead the global smoothness requirements are then trans-
lated into relations between the control parameters in the mappings x; cor-
responding to adjacent patches. Again, these considerations also apply to
domain decompositions of domains in R3.

9.2. Function spaces on I’

The discussion in Section 6 has made it very clear that the qualification
of a wavelet basis ¥ for a given problem is closely related to the relevant
function spaces. Thus one has to understand such function spaces defined
on I'. Denoting by ds the surface measure on I', the space Ly(T") of square
integrable functions on I' is a Hilbert space with respect to the inner product

(u,v)p = /u(m)@dsx (9.6)
r
With the aid of the above atlas, one can also define Sobolev spaces H*(T")
on I'. On the other hand, it would be extremely useful to relate the function
space structure back to the parameter domain [J. Locally this is possible.
Since the k; are smooth, it is easy to see that for s > 0

H*(T;) ={v € Lo(Ty) : vo k; € H¥(O)}. (9.7)

Moreover,
M

(u,v) := Z(u, V)5, (9.8)

i=1
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where

(u,v); = /(u o k;)(x)(v o K;)(x) dx, (9.9)

0

defines an inner product on I' and
(0,0) ~ (v,0)r, € Ly(T). (9.10)
Equations (9.7) and (9.8) suggest the norms

M
[WlI2 == lvll3sr,y, 0 <s, (9.11)
=1

for the space [T, H*(T;).

Since the properties of the operator equation are usually specified in terms
of a global topology on I, such as the one induced by spaces H*(I"), say, it
is important to know how these spaces relate to each other. While H*(T') is
generally a closed subspace of [T}, H*(I';) with respect to the norm (9.11),
one even has

M
1 1
HYT) =[] H*(TY), —5<s<3 (9.12)
=1

that is, both spaces agree as sets and the norms are equivalent. However,
there is, of course, the restriction s < 1/2, which will be seen later to be an
unfortunate obstruction.

9.3. Multi-wavelets

The above geometric setting suggests the following natural concept; see
Alpert (1993), Alpert, Beylkin, Coifman and Rokhlin (1993), von Petersdorff
and Schwab (1997a) and von Petersdorff et al. (1997). Let II; be the set
of polynomials of total degree less than d on R™ and let P := {P, : |[v| =
V1 + ...+ v, < d} be an orthonormal basis of Il on O, which can be
generated by the Gram—Schmidt process from the monomial basis. For
simplicity, let us now write O = (0,1)". A similar variant of what follows
can be developed for the standard simplex (and even more generally for
invariant sets (Micchelli and Xu 1994)) as well. Let O be divided into 2/
congruent cubes

Qjy:=2"7(n+0), ne{0,...,27 —1}" = Ej,

and let 7;,(z) := 2/z — 1 denote the affine transformation that takes O;,,,
onto 0. Now one easily generates spaces of (discontinuous) piecewise poly-
nomials of degree < d relative to the partition of O into O;,, n € E;. Trans-
porting these spaces to the patches I'; then creates ‘piecewise polynomials’
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defined on I'. Formally, this can be described as follows. Let
Aj:={k=(i,nv):neE;vell,|v|<di=1,..., M},

and set for k = (¢,7,v)

— 2jn/2(¢jnv0”"i_1)(w)v zeT;,
¢J,k($) = { 0, z ¢ T,
. _ (pv o Tj,n)(y)a y € Ojq,
Cimv(y) = { 0 olse. (9.13)

Obviously the spaces S(®;) are nested and their union is dense in L(T').
The construction of orthogonal complements between adjacent trial spaces

works as follows. Again using Gram—Schmidt, one can construct an ortho-

gonal basis {r; : [ = 1,...,(2" — 1)(";‘_111)} of the local space S(P) in

SH{e1,ny : 1 € Er,|v| < d}). The complement basis ¥; in S(®;41) is then
obtained by (9.13) with p, replaced by r;. The collection

v = (I)()UU\I/]'
j=0
= @U{pa:A=(,5),1<i<M,j>0,1<1< (2 - )"},

is by construction orthonormal with respect to the inner product (-, -) defined
by (9.8), (9.9). Thus every v € Ly(I') has a unique expansion

v=(v, )T, |ollym) ~ 1, B)lle,- (9.14)

Moreover, for every ¢ € {1,..., M} and any polynomial p € II; the general-
ized moment conditions hold

(porl9)=0, e\ (9.15)

This relation implies that for any smooth function f on I' one has for A =
(4,3,0), (A =17,

(Aol € 27D flypesuupp ) (9.16)

In fact, setting w;(y) = |0ki(y)|, 9(y) := wi(y)(f o Ki)(y), yields

(oonr = [ 9@ e r) ) dy.
O

Since, by construction, [ p(z){¥xok;)(x)dz =0, p € Il4, (9.16) follows from
0

Taylor expansion of g around any point in supp ) o x;, and the fact that
w;i(y) and k; are smooth.
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Using Proposition 5.1, it is also standard to confirm the direct estimates
(Dahmen and Schneider 1996)

o= (0,20%sl 0y S 277 I0la, (9.17)

provided that I' is smooth enough to admit the definition of H%(T) in the
above sense.

This approach can be extended to other parameter domains exhibiting
a certain selfsimilarity; see Micchelli and Xu (1994). The following points
should be kept in mind, however.

(i)

(i)

Note that the order of moment conditions in (9.15) equals the order
of accuracy in (9.17). It will be seen later that asymptotic optimality
sometimes demands that the order of moment conditions is higher than
the order of exactness.

The multi-wavelet basis is very flexible and relatively easy to imple-
ment. On the other hand, due to the discontinuous character of the
trial functions, dim S(®;) = N2 ("jf;l). This effect could be damped
by forming composite wavelet bases according to the following recipe
(Dahmen and Schneider 1996).

e Construct biorthogonal wavelet bases U5, U on the parameter do-
main O by taking tensor products of the bases discussed in Sec-
tion 4.4.

e Lift these bases with the aid of the parametric mappings «; as

above to composite biorthogonal bases W,V with respect to the
inner product (-,-) (9.8).

This alternative has the following attractive features.

e Although the same order d of exactness (9.17) is retained, one has
dim S(®;) < N2™, which is the fraction (”;ﬁ;l) ! of the dimension
of the corresponding discontinuous space. Moreover, on each patch
the trial functions are still d — 2 times differentiable.

e The order d of vanishing moments can be chosen as d > d inde-
pendently of the order d of accuracy, which will be seen to support
compression.

e The Riesz basis property of the biorthogonal bases is not quite
as straightforward as in the orthonormal case. However, it is still
straightforward to verify the validity of direct and inverse estimates
as in Section 5.1 (see Proposition 5.1), so that Theorem 5.8 applies
and confirms, among other things, (9.14) in this case.

e Recall from (6.14) and Theorem 6.1 that optimal preconditioning
depends on the validity of norm equivalences (6.1) in a range (—7%, 7)
containing t, where 2t = r is the order of £. Thus, by (9.12), bases
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of the above type are not optimal for the single-layer potential op-
erator, which requires —% € (—%,7). Since discontinuities are con-
fined to the patch boundaries, this adverse effect is expected to be
milder than for a basis with increasingly dense discontinuities. The
validity of norm equivalences of the form (6.1) for function spaces
on manifolds will be seen later to be closely related to suitable char-
acterizations of the function spaces with respect to partitions, not
coverings, of the manifold (see Section 10.1 below).

Nevertheless, for operators of order zero, multi-wavelets are admissible.
This program has been carried through by von Petersdorff and Schwab
(1997a), arriving ultimately at a fully discrete scheme which solves the
discretized boundary integral equation with matrices of size Ny at a cost
of O(Nj(log Nj)*) operations and storage up to nearly asymptotically op-
timal accuracy. Some ingredients of the schemes in Dahmen et al. (1994b),
Dahmen and Schneider (1997b) and Schneider (1995) will now be sketched,
primarily from the point of view taken in Dahmen et al. (1994b), namely to
identify the precise requirements on a pair of biorthogonal bases ¥T, T for
L (T") that gives rise to an symptotically optimal scheme. These findings, in
turn, will then guide the construction of suitable bases for the general case.
One can then also get rid of logarithmic factors in the work estimates.

9.4. A basic estimate

In the following we will assume that the operator

Lv= / K(-,z)v(z) ds, (9.18)
r

satisfies the estimate (2.23) and that its Schwartz kernel K is smooth except
on the diagonal, such that (2.25) holds (see Section 2.3). I is an (at least
Lipschitz) manifold of dimension n. To solve the equation

Lu=f, (9.19)

we wish to employ a pair of biorthogonal wavelet bases ¥ = {5 : A € V},
U = {¢h: A € V} with V = AL UV_ as before. We will assume for the
moment that this pair is ideal in the following sense.

Assumptions. For any order of accuracy d we have dth order of vanishing
moments

(pos™h4x)=0, AeV_, pell (9.20)

where  is a regular parametrization as above. Moreover, the pair of biortho-
gonal bases ¥, ¥ satisfy the norm equivalence (6.1) (or (5.42)) for the range
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€ (—9,7). The regularity bounds -, ¥ are related to £ by
it <77 (9.21)

where again r = 2t is the order of £. Of course, we will also assume that
the Galerkin method is stable, that is, (6.7) holds.

The first important step is to verify an estimate of the type (7.11) (see
also (1.11)). Denote again by |A| the scale associated with 15 and by (2, the
support of 1y. In view of the moment condition (9.20), the argument leading
to (9.16) can be applied to each variable consecutively (recall Section 1.3),
which provides

9= (|A[+X)){(n/2+4)
(dist (€2, Qy))r2d+2t’

whenever dist(2y, Qy) = 2~ ™(ALND (Dahmen et al. 19945, von Petersdorff
and Schwab 19975, von Petersdorff and Schwab 1997a). When the supports
of ¢, and v/ overlap, or more generally, when dist(€2y,Qy) < 27 min(|ALIND)
one can use the norm equivalence (6.1) as follows (Dahlke et al. 1997b). To
this end, suppose that £ has the following additional continuity properties.
There exists some 7 > 0 such that

|Av|| gr-e+s < |[0llprevs, vE HT,0< |s| < 7. (9.23)

(9.22)

[(Loa, )| S

Without loss of generality one can assume that [A| > |N|, that is, A €
V_, X € V. Using Schwarz’s inequality and the continuity of £ (9.23) gives

(Lon, )| < NLoxll-esall¥allme-o S Ilox o [allae-o. (9.24)
Thus, when
c<T, t+o<y, t—ao>-7%,

one can apply now the norm equivalence (5.42) to each factor on the right-
hand side of (9.24) which, upon using biorthogonality, yields

[(Lapxr, p)] < 2 NFIND Qo (IXI=IAD (9.25)
Combining (9.22) and (9.25) and assuming that
n/2+d+t>o, (9.26)

one arrives at the following central estimate

o= lIA=Vi]o

2= NN (Lap < —.
I( P 7,D,\>| ~ (1+2min(|/\|,|)\’|) diSt(Q)\,Q,\’))n+2d+2t

This is exactly of the form (7.11). Note that the preconditioning has already
been incorporated so that, in agreement with (7.11), the quantities on the

(9.27)
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left-hand side now represent a zero-order operator. Note also that the num-
ber of vanishing moments d determines the decay on fixed levels. It was
important above in (9.26) to be able to choose d large enough.

As earlier, let ¥/ = @, Uj:() ¥;. The idea is to replace by zero those
entries in the stiffness matrices

A‘I/J = <£\IJJ7 QJ)%:

which, according to the a priori estimates (9.27), are guaranteed to stay
below a given threshold. However, that would leave the order of J27 entries
for which no decay is predicted by (9.27) (Dahmen et al. 19945, Dahmen
and Schneider 19975, von Petersdorff and Schwab 1997b, von Petersdorff
and Schwab 1997a). A further reduction requires more subtle estimates
developed by Schneider (1995). To this end, we will assume that the wavelets
are, up to parametric transformation, piecewise polynomials, and we will
denote the singular support of ¥y (Dahmen, Kunoth and Schneider 1997,
Schneider 1995) by

Qﬁ/ = Sing supp ’(b)‘/,

which consists of the boundaries of the subdomains in 2y, whose parametric
preimages in [ are maximal regions where ¥y o k; is a polynomial (in this
case of order d). If |N| < |A] and dist (2, Q) < 27V then it is shown
in Schneider (1995) that the estimate

c < 9—[Al(1+d)g|N| 0.98
[(LYar, ¥a)r] < Jp— Sird (9.28)
(dist (2, 23/))

holds.

9.5. Matriz compression

With the above estimates at hand, a level dependent a priori truncation rule
can be designed in such a way that, on zeroing all entries which stay below
the corresponding threshold, the resulting compressed matrix A{,, is sparse
and contains only O(N;) nonvanishing entries. As earlier, Ny := dim S(®)
is the dimension of the trial space of highest resolution. In addition to the
above constraint (9.26) on d it is important here to have

d<d+2t. (9.29)

Thus for operators of nonpositive order the order of vanishing moments
should ezceed the order of accuracy of the underlying scheme.

The compression proceeds in two steps. Fixing some a > 0 and d' €
(d,d+2t), let for j = |Al, 5" = |N|

bjj ~ max {a277,a 279 a2V L -2 I (@+d)—j@d+d)/@d+20) (g 30)
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and set

! i i ’ < NI
CL}\’)\/ = { (A\PJ)X,)\ 5 if dlSt(QAa Q)\ ) = bj,] 5 (931)

0, otherwise.

Hence the bands get narrower when progressing to higher scales. In a second
step, one sets

a}\’)\,, 4" < j and dist(Qy,05/) < b;.g .,
(Ao AN = j < j' and dist(Q5, Qx) < b7, (9.32)
0, otherwise.

Here the truncation parameters bf ;+ controlling the distance from the sin-
gular support are given by

b‘.]sz ., ~ max {al 2—j,a/ 2—j”al2(J(2d'—2t)—max{j,j'}d—(j+j')d’)/(d+2t)}’ (9‘33)
and the parameters a, a’ are fixed constants independent of J. For instance,
a determines the bandwidth in the block matrices Aj; = (Ay)gg =

({Lrr, ¥a))ja,|aj=g- The choice of a,a’ will be further specified later (Dah-
men et al. 19945, Schneider 1995).

Theorem 9.1 If the moment conditions (9.20) hold for d satisfying (9.29),
then under the above assumptions on £ and ¥, ¥ the compression strategy
(9.31), (9.32) generates matrices Ay, containing only O(N;) non-vanishing
entries.

9.6. Asymptotic estimates

The basic tool for estimating the effect of the above compression is a suitable
version of a weighted Schur lemma. Recall that if for some matrix A =
(as,5)ijer there exists a positive constant ¢ and a sequence b with b; > 0,
such that

Z la; ;lbi < cb; forall jel,

i€l
and
> laijlb; <cb; forall jel,
jel
then ||A|| < ¢, where || - || denotes the spectral norm. In the present context

the b; are chosen as 27%7 for suitable choices of s > 0. Again denoting by
D? the diagonal matrix with entries (D®)y x = 2s|’\|5,\,>\/, the Schur lemma
can be used to show that

ID7(A gy —AfI,J)D}gH < J—la—Zt—2J2—J(s+§—2t)‘
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At this point the norm equivalences enter again. In fact, one infers from the
above estimate combined with (6.1) consistency estimates of the form

1(Ls = L) ull oz S @~ 2729276 u (9.34)

~

where a > 1 is fixed, £;, LS are the finite-dimensional operators corres-
ponding to Ay and Ay, respectively, and the range of the parameters s
and 7is —d+ 2t < s <, =y < 7 < d. As before, v and d reflect the
regularity and the order of accuracy of the trial functions. In particular, for
any € > 0 one can choose a > 1 such that

I(£r = L ullg-+ < ellullge - (9.35)

~

A perturbation argument combined with these estimates ensures stability of
the compressed operator in the energy norm and even for lower norms, we
have

1L5vsllgs-2e 2 vsllms, v € S(®g), (9.36)

for 2t — d < s < t; see, for example, Dahmen et al. (1994b).

These facts can then be combined to prove the following result (Dahmen
et al. 19945, Dahmen et al. 19935, Dahmen and Schneider 19975, Schneider
1995).

Theorem 9.2 Under the above circumstances the compressed system

AS,dy = (f, )T

possesses a unique solution and uS := dZW¥’ has asymptotically optimal
J J Y
accuracy
J(r—
le =Sl < 2707 Jull e (9.37)

where ~d+ 2t < 7 < v, 7 <s,t<s <dand u is the exact solution of
Lu = f. Moreover, the matrices B = ’tAfI, ;D7 have the order of N;
nonvanishing entries and uniformly bounded condition numbers.

By Remark 6.3, one obtains a scheme that solves (9.19) with asymptotic-
ally optimal accuracy in linear time.

We summarize the required conditions on the wavelet basis. To realize an
asymptotically optimal balance between accuracy and efficiency, the regu-
larity v of W, the regularity ¥ of the dual basis W, the order of vanishing
moments d and the order of exactness d of the trial spaces S(® ;) should be

related in the following way.

Regularity v > t conformity 4 > —t preconditioning
Order d convergence rate 277 (2d+2-2t)
Vanishing moments | d > d — 2¢
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9.7. Adaptive quadrature

In the above analysis it has been assumed that the matrix entries (L, ¥a)r
are given exactly. Of course, in general they have no closed analytical rep-
resentation.

In principle, one can first compute the stiffness matrix (L® 7, )T relative
to the single-scale basis ®; (for instance with the aid of the techniques
described in Section 4.2) with sufficient accuracy to preserve the overall
precision of the above scheme. In fact, the multiscale transformation T ;
from (3.25) yields

Ags =T5(LD;,0,)IT;.

However, since (L®;, ®;)r is a dense matrix, this process requires at least
the order of N? operations and storage which would completely destroy the
efficiency of the fully discrete scheme.

To find a more economic strategy, one has to bear the following points in
mind.

e There is an a priori criterion to decide whether a matrix coefficient
must be computed or can be neglected.

e Note that dist (Qx,Qx) > bjx, x| implies that dist (2, Q) > by
holds for 2, C Q, and Q, C Qy, |v| > [A, || = |N|. Thus, one
does not have to check condition (9.31) or (9.32) for all pairs A, .
Exploiting the hierarchical structure of multiscale bases, one needs at
most O(2™/) = O(N;) checks to decide whether or not an entry has to
be computed.

An accurate computation of the remaining nonzero coefficients by numer-
ical quadrature is a difficult task. Significant coefficients involving low-level
wavelets have to be computed with accuracy determined by the discretiza-
tion error of the scheme. We will see later that, based on the construction
outlined in Section 4.4, wavelets with the above ideal properties can be
constructed whose pullbacks to the parameter domain are piecewise poly-
nomials. Hence the approximation of (L, ¥y )r can be reduced to the
evaluation of integrals of the form

K(&, 9)¥x(2)x (9) dsz dsy, (9.38)
ri(00) m(@y)

where O, C O denotes a cube such that ¥ ok; |g, is a polynomial of degree
d — 1. Thus one ultimately has to compute expressions of the type

[ [ H@ym@py ) dsdy, (9:39)

O, Oy
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where py, py are polynomials of degree d — 1 satisfying
IPallweceoy) < 20721, (9.40)

When £;(0)) N 5 (0Ox) = 0, H(z,y) = K(ki(z),ki1(y))|0ki(x)||0ki(y)] is
arbitrarily smooth. Thus high-order quadrature can be used to compute
entries not discarded by the decay estimates. When integrating over pairs
of domains that share an edge, a vertex or are identical, then in general the
integral is singular. In this case some sort of regularization should be ap-
plied to reduce the integral to a weakly singular integral (Nedelec 1982, von
Petersdorff and Schwab 19974a). Then one can use transformation techniques
like Duffy’s trick proposed by Sauter (1992) to end up with analytical in-
tegrals (von Petersdorff and Schwab 19974, Schwab 1994).

The central objective is now to balance the error caused by quadrature
with the desired overall accuracy of the scheme, while preserving efficiency.
Employing adaptive quadrature in connection with a multi-wavelet discret-
ization for zero-order operators, a fully discrete scheme has recently been
developed in von Petersdorff and Schwab (1997a), where essential use is
also made of the analyticity of the kernel K in a neighbourhood of the two-
dimensional surface T in R3. The resulting fully discrete scheme requires
O(N;(log Nj)*) operations. A somewhat different approach is given by
Dahmen and Schneider (1997b), ending up with a slightly more favourable
complexity analysis.

The balancing of errors is guided by the following considerations. The
problem of quadrature has to be seen in close connection with compression
and the special features of multiscale bases. Basis functions from coarser
scales introduce large domains of integration while requiring high accuracy.
In particular, on the coarsest scale A\, \' € A_ the full accuracy 277 (2d'-2t)
depending on J is required, while on the highest scale |A|, || = J the
computation of each entry requires only a fixed number of quadrature points
independent of J. In fact, diam suppwy ~ 277 and (L, ¥ )r) < 272
for |\| = |N| = j. Thus, many entries only have to be computed with low
accuracy, while high accuracy is merely required for a small portion of the
matrix. Using the analysis of matrix compression as a guideline, a careful
balancing of the various effects shows that most matrix entries (L1, ¥\ )r
must be computed with a precision

exn < 277 =20gmax{INLN[H@ +1) gmin{ LN} +1) g -2 max{ AL 1V}
for some d’ > d (Dahmen et al. 1997, Dahmen and Schneider 1997b).

The fully discretized Galerkin method in Dahmen and Schneider (1997b)
is based on product-type Gaussian formulae of order D for approximating
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inner and outer integrals

// dxdy—QD(X)Qy (p-p), forall p,p €llp, (9.41)

where the domains 7 and 7’ are congruent to 0. According to the previous
remarks, the error estimate for the quadrature method has much in common
with estimating matrix coeflicients relative to wavelet bases. The relevant
estimates are summarized as follows.

Lemma 9.3 Let QP ®QB be a product-type Gaussian quadrature method
of order D and 7 C Oy, 7 C Oy/. Furthermore, suppose that £ is a boundary
integral operator with the above properties and I' is a piecewise analytic
boundary surface. In local parametrization let the kernel be denoted by
H(z,y) as above and set G(z,y) := H(z,y)pr(z)px(y). I 7N 7" = 0, then
there exists a constant ¢ such that the estimate

[ [ ¢y dedy— QP  QB(G)

< . 2(|)‘|+l’\'|)(max{diam 7,diam T’})D_d(diam 7)2(diam 7/)?
< st (ma(77), () FFEH D2

holds, provided that 2+ 2t + D — d > 0.

The principal strategy is to choose the diameter of the subdomains pro-
portional to the distance from the singularity while the degree D has to be
adapted to maintain the desired accuracy taking the decay of the entries
into account. Details can be found in Dahmen et al. (1997) and Dahmen
and Schneider (1997b):

In summary the following result can be proved (Dahmen et al. 1997, Dah-
men and Schneider 1997b).

Theorem 9.4 Under the above assumptions the fully discretized com-
pressed system A dF = (f, /)T possesses a unique solution and u‘jq =

(dcq)T\IJJ realizes asymptotlcally optimal accuracy

lu —ufl g S 27079 Jull e (9.42)

~

where —d+ 2t <7 <7, 7<s,t<s < dand uis the exact solution
of Lu = f. Moreover, the nonzero coefficients of the matrix A yos can be
computed at the expense of O(N;) floating point operations and storage.

10. Wavelets on manifolds and domain decomposition

The periodic case is certainly the most convenient setting for constructing
wavelets and exploiting their full computational efficiency. On the other
hand, the application of embedding techniques as described in Section 8
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is certainly limited. For instance, problems defined on closed surfaces, as
discussed in Section 9, cannot be treated in this way. Also, the resolution
of boundary layer effects may cause difficulties.

This has motivated various attempts to extend wavelet-like tools to more
general settings. This is, for instance, reflected by the general framework
in Section 3, and concepts like stable completions; see Section 3.2 and Car-
nicer et al. (1996). The so-called lifting scheme (Sweldens 1996, Sweldens
1997) is very similar in spirit. Its applications, for instance in computer
graphics, also demonstrate its versatility and efficiency in connection with
unstructured grids (Schroder and Sweldens 1995). Unfortunately, the un-
derstanding of analytical properties like stability and norm equivalences in
a more general setting still appears to be in its infancy. Attempts to develop
stability criteria that work in sufficiently flexible settings have been sketched
in Section 5; see Dahmen (1994) and (1996). Some recent consequences of
these developments will be indicated next.

Many problem formulations suggest in a natural way a decomposition of
the underlying domain into subdomains, which in turn are often represent-
able as parametric images of cubes. As was indicated in Section 4.4, wavelet
bases on cubes are well understood and much of the efficiency of wavelet
bases in the ideal setting can be retained. This can readily be combined
with the idea described in Section 9.2 to obtain wavelet bases with essen-
tially the same nice properties on any domain €2, as long as Q@ = x(0) is a
smooth regular parametric image of the unit cube, that is,

|Ok(z)| #0, ze€O. (10.1)

In fact, the canonical inner product (-,-)o can be replaced by the inner
product (see (9.9))

(u,v) = / (wo k)(@)(vor)(@) de, (10.2)
0
which induces an equivalent norm for Ly(2), say. Moreover, when F C
L9(92) denotes a Besov or Sobolev space on 2, it can be pulled back to a
corresponding space on O by

FQ) ={gox1:gc F(O)}, (10.3)

with
[ollF@) ~ llvo sl p@)- (10.4)
Any biorthogonal wavelet bases U, ¥ on O then induce collections ¥ :=
Wok™ !, ¥ := ¥o k! which are biorthogonal Riesz bases on Q relative
to the inner product (10.2). On account of (10.4), they inherit all the norm

equivalences satisfied by ¥, ¥. In this way, all computations are ultimately
carried out on the standard domain 1.
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Of course, the qualitative properties of the bases U<, U depend on the
mapping k, which in practice confines this approach to rather simple do-
mains §2. However, the next step, which was made, to some extent, in
Section 9, is to consider domains that are disjoint unions of such simple do-
mains. Modelling closed surfaces, as considered in Section 9.1, falls exactly
into this category. Although the following facts are by no means restricted
to this case, we will adopt the same notation and assumptions made in Sec-
tion 9.1 but keep in mind that I' may as well denote some bounded domain
in Euclidean space.

The whole preceding development shows that the power of wavelet dis-
cretizations hinges on its relation to certain function spaces, in particular,
on corresponding norm equivalences. However, this is exactly the point
where one easily gets stuck. In fact, recall from (9.12) that managing norm
equivalences on the individual spaces F(I';) with the aid of the transpor-
ted bases UTi, ¥ does not generally imply corresponding relations with
respect to the global space F(I'). The problem is that the norms || - ||z

and (XM, |- “%‘(Fi))l/ 2 do not generally determine the same space. Below we

indicate several attempts, mostly referring to work in progress, to overcome
this difficulty.

10.1. Composite wavelet bases

The following comments are based on Dahmen and Schneider (1996), and
related special cases considered in Jouini and Lemarié-Rieusset (1993). The
basic idea is to glue the bases defined on each patch together so that the
resulting global bases are at least continuous on all of I". One way to achieve
this is to carefully inspect the construction of biorthogonal spline wavelets
on [0,1], described in Section 4.4. One can show that the biorthogonal gen-
erator bases ®; and ®; on [0, 1] can be arranged to have the following prop-
erty. All but one basis function at each end of the interval vanish at 0 and 1.
This fact can then be exploited to construct pairs of refinable biorthogonal
generator bases @5, <I>5, which belong to C(I'). Unfortunately, the wavelets
corresponding to these global generator bases cannot be easily obtained by
stitching local wavelet bases together. The reason is that not all the wavelets
for the local bases can be arranged to vanish at the patch boundaries. Nev-
ertheless, one can employ the concept of stable completions from Section 3.2
to construct compactly supported biorthogonal wavelet bases WT', U on T,
which also belong to C(I") (Dahmen and Schneider 1996). The disadvantage
of this construction is that, since some wavelets have support in more than
one patch I';, moment conditions of the form (9.20) no longer hold in full
strength near the patch boundaries.

Nevertheless, since all basis functions are local and since the trial spaces
S (CI)E) retain the same approximation properties as the local spaces transpor-
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ted from O, these spaces can be used for conforming Galerkin discretizations
for second-order problems, even in connection with nonoverlapping domain
decomposition strategies, for instance. On the other hand, it is clear that
such an approach is limited for principal reasons. For example, it does not
provide the ideal bases in the sense of Section 9.6 for operators of order
minus one. More generally, this approach is not suited for handling duality.

An alternative approach, which is interesting from several points of view,
will be outlined next.

10.2. Characterization of function spaces via partitions of domains

In the following we will denote by F'(I') spaces of the form H*(I') or Besov
spaces, where IY C T'. The problem with (9.12) is that the spaces F(T') are
usually defined through overlapping coverings of T', not through a partition
of I'. Therefore a fundamental step towards overcoming limitations of the
type (9.12) is first to derive a characterization of function spaces on I' in
terms of partitions. Such characterizations were developed by Ciesielski and
Figiel (1983), in terms of mappings

M M
T:F(0) - [[xe (R(FD)), V:FI) = [[xe.(P(FD)), (10.5)
1=1 i=1
defined by
Tv = (xr, Py, Vo= (xrPo)l;. (10.6)

Here xr, denotes the characteristic function of I'; and the P; are certain
projectors on Lo(T"), constructed in such way that T and V are actually
topological isomorphisms with respect to F, and the factors xr, (P (F(I)))
are closed subspaces of F'(I';) determined by certain homogeneous trace con-
ditions.

The main focus of Ciesielski and Figiel (1983) was the existence of un-
conditional bases of Sobolev and Besov spaces on compact C°°-manifolds.
The objective of Dahmen and Schneider (1997a) is to employ such concepts
for the development of practicable schemes. This requires us to identify
practically realizable projections P; needed in (10.5) and to combine this
with the recently developed technology of biorthogonal wavelet bases on O.
This provides practically feasible wavelet bases for the component spaces
xr; (P (F(T))), and hence through (10.5) also for I'. The resulting bases can
be shown to exhibit all the desired properties listed in Section 9.6. The main
ingredients of this program can be outlined as follows.

Ordering of patches o
First one orders the patches I'; in a certain fashion. If I NI'; := ¢;; is a
common face and ¢ < [, then ¢;; is called an outflow (inflow) face for I'; (I';).
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8F1T , BI‘f are called the outflow and inflow boundary of the patch I';. Let
I‘I denote an extension of I'; in I" which contains the outflow boundary 6I‘1T
in its relative interior and whose boundary contains the inflow boundary
GF% of I';. Thus FI could be taken as the union of I'; and those patches
whose closure intersects the relative interior of the outflow boundary BFJ .
Analogously one defines F% with respect to the reverse flow.

Extensions

Now suppose that E; is an extension operator from the domain I'; to FI .
It turns out that the topological properties of the projectors P; to be con-
structed for (10.5) hinge upon the following continuity properties of the
extensions E;. To describe this, the following notation is convenient. Let

Fi’

denote the trivial extension of f € F(I';) to I‘I and define
FIT) = {f € FT): fTe FTDY, WMlrey = 1M ey

Thus F(I';)T consists of those elements in the local space F(I';) whose trace

vanishes on the outflow boundary BFI. Again the spaces F(T;)! are defined
analogously.
Now suppose that the extensions E; satisfy

IEifl gy S Wfle@y, WED rey S Ifllpgy. (10.7)
T) (T3)

Due to the simple form of the parameter domain 0O, such extensions can
be constructed explicitly as tensor products of Hestenes-type extensions
(Ciesielski and Figiel 1983, Dahmen and Schneider 1997a). However, some
deviations from the construction in Ciesielski and Figiel (1983), which are
essential from a practical point of view, will be mentioned later.

Topological isomorphisms
Given F; as above, one now defines

Pif =B (xof), P =B (f - S Bf), i=2...,M. (108)

I<i

One can prove the following facts (Dahmen and Schneider 1997a).
Theorem 10.1 One has
xr, (P(F(D))) = F(Ta)',  xr (P (F(D))) = F(Ty)T. (10.9)
The mappings
T:fo {xnPfhl, Vife B L (10.10)
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define topological isomorphisms acting from F(T') onto the product spaces
M 1F (Ty)t, TIM, F(T;)1, respectively, whose inverses are given for v =

(vi)M, € Hz 1 L2(F ) by
M

M
Sv = ZPiXFi’U,', Uv = ZPi*Xpivz-, (10.11)
i=1 =1

respectively. Specifically, one has

M M
FIT) = [[Fa@)t = JIF@)T,
i=1 =1
and
1
3 M , 3
IU”F(F) (Z“PU”FF)) N(Z“Pi*U“F(Fi)T> , veFD).
i=1

(10.12)
Moreover, the maps T, V extend to isomorphisms from F*(I") onto the spaces
[IM, F*(Ty)! and HM F*(T';)7, respectively, and

M 2
lollpery ~ (Z ||P]-v||2p*(rj)i) L wePD).  (10.13)
]:
Note that duality is incorporated in a natural way.

10.83. Biorthogonal wavelets on T’

With Theorem 10.1 at hand, one can now construct wavelet bases on I that
give rise to the desired norm equivalences. The basic steps can be roughly
sketched as follows.

First, for each 7 let &; be an extension of x; (with as much smoothness

as permitted by the regularity of I‘ll) and Dil a hyperrectangle such that
;%,(E]ll) = Ff and &; |o= k;. As above, the spaces F(O)* then consist of
those elements in F'(0O) whose trivial extension to Df by zero belongs to
F(@@}).

e For each pair of complementary homogeneous boundary conditions in
F([0,1]), construct biorthogonal wavelet bases on [0, 1] based on the
schemes described in Section 4.4. By this we mean, for instance, that
when the wavelets and generators on the primal side are to vanish
up to some order at zero, there are no boundary constraints at zero
for the functions in the dual system (and analogously for all possible
combinations).
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e Using tensor products, this leads to biorthogonal wavelet bases

voi c Fo)bd, 9 c POy

e The bases
Pl = o k7t C F(Ty)Y, W= 0okt F(TY)T,
are biorthogonal with respect to the inner product (-,-); defined by
(9.9).
e The collections
V= S, W= U, (10.14)

where S,U are defined in (10.11), are biorthogonal wavelet bases on I'
relative to the inner product (9.8). Moreover, from Theorem 10.1 and
(10.3), (10.4) one infers that for F = H*®

1T sy ~ [D*dle,. (10.15)

The range of s € R is constrained here by the regularity bounds v, of
the bases U0 W respectively, and by the regularity of I', which re-
stricts the range of Sobolev indices. As before, D? denotes the diagonal
matrix with entries (D®), » = 25|’\'5>\7,\/.

10.4. Computational aspects

In practice one would not compute W' explicitly. To discuss this issue,
consider the inner product

M

(viu) := Z(Uz', Ui,

=1

on ITM, Ly(T;), which is of course also equivalent to (-,-) defined by (9.8).
Formally the stiffness matrix relative to ¥T constructed above is given by

(L, W) = (S*L{T i, (¥ }idm,

where S is defined in (10.11). When £ is an isomorphism from F(T') into
F*(T'), Theorem 10.1 assures that £ := S*£S is an isomorphism from
I, = [IM, F(Ty)! into T := [T, F*(T;)", that is

£yl ~ IvVlim, v ell,. (10.16)
Thus the problem Lu = f is equivalent to
Lnu = f, (10.17)
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where f = S§*f = V f. Of course, when u solves (10.17), then u = Su is
the solution to the original problem. Straightforward calculation shows that
(10.17), in turn, can be stated as

M
S Liu=fi,, i=1,...,M,
=1

where
Liy=xr, P LPxr,, fi=xr,P'f, il=1,...M. (10.18)
If, in addition, £ is selfadjoint, one infers from (10.16) that
VI, ~ (Lav, v)m.
Thus, choosing v := {vé;;}},, this yields
|1 Liivllpepyt ~ I0lp@y, i=1,..., M, (10.19)
which suggests solving (10.17) by an iteration of the form

M
Wt =l +wli - L), i=1,...,M. (10.20)
=1

In fact this fits into the framework of Schwarz-type iterations described
in Section 6.5. Specifically, on account of Theorem 10.1, one can apply
Theorem 6.9, where S, defined by (10.11), plays the role of the mapping R
in Theorem 6.9, so that convergence of the iteration follows from Theorem
6.10.

Hence the solution of (10.17) has been reduced to the parallel solution of
local problems of the form

Ei,iui:gi, izlv-'wM’ (1021)

which may be viewed as a domain decomposition method. On account of the
relation F(T;)! = {gok; ' : g € F(O)“*} (¢f. (9.7)) and the definition of the
bases Wi, each equation in (10.21) is in effect an elliptic problem defined
on the unit cube. On the unit cube O, wavelet bases with all the desired
properties are available. In addition, full advantage can be taken of highly
efficient tensor product grid structures. As will be shown in Section 11,
the adaptive potential of wavelet bases for elliptic problems can be fully
exploited to facilitate an economic solution of each equation (10.21).

Note that, in principle, the approach works for differential as well as
integral operators £. The practical realization of the pullback of £;; to O
depends, of course, on the type of £. Let us therefore briefly comment on
the practical aspects. First observe that, on I';,

YLt = xr, Pl = xr, Bl (10.22)
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Now, if a wavelet ¢Li is supported inside I';, then its trivial extension (1L#)T
to I‘g (by zero) already belongs to F (I‘I ). However, the extensions construc-
ted by Ciesielski and Figiel (1983) may still give rise to a nontrivial extension
Pyl = E;pLi, which on Fg \ T; differs from zero, and hence from (y/L:)T,
even though the wavelet ¥L¢ is not close to the outflow boundary. To sup-
press this strong coupling between adjacent patches, Dahmen and Schneider
(1997b) have shown how to construct extensions with the required continu-
ity properties for which all wavelets in ¥ that already belong to F(I';)T
are extended by zero. This is again done by exploiting properties of suit-
able local multiscale bases on (0. The nontrivial extension of the remaining
(boundary-near) wavelets represent the (scale-dependent) coupling condi-
tions for the domain decomposition method. Thus Lagrange multipliers
are not necessary for coupling the subproblems so that indefinite sytems
are avoided. Note also that the discretizations, particularly their respective
order of exactness, can be chosen independently on each patch T;.

Since domain decomposition is comparatively less developed for integral
operators, we take a closer look at the case where £ has a global kernel
K. One can show (Dahmen and Schneider 1997b) that the entries of the
stiffness matrices then take the form

(el = [ [ K@l @ ayds,  (023)
0o

where the kernel K;; depends on the indices v, A of the wavelets in the
following way. When both wavelets are supported in the interior of the cube,
one has K; (z,y) = |0ki(x)||0ki(y)| K (ki(x), ki(y)), where |Ok;| denotes the
functional determinant of the mapping ;. However, when both wavelets
have nontrivial extensions, for instance, one has to set

Kii(z,y) = |0ki(2)]|0m1(y) (] © Ef)K)(ki(x), ki(y))-

The remaining mixed cases are analogous. Hence, in this case the coupling
conditions simply boil down to modifications of the kernel. Note that (E; ®
E}) are restriction operators. In particular, this enforces the appropriate
boundary conditions. In fact, one (locally) has

Ki(y) € FO)Y, Hy(z,) € FO)M, (10.24)

as long as the parameters y, z stay away from the respective outflow bound-
aries. This has the following important consequences (Dahmen and Schnei-
der 1997b).

Moment conditions

Due to the complementary boundary conditions satisfied by the pairs of
bases W54, W on O, the spaces S (@?’l) generally do not contain all poly-
nomials of order d on O. Hence the wavelets 9™ near the outflow boundary



206 W. DAHMEN

do not have vanishing moments of corresponding low orders, but annihilate
only those polynomials locally contained in F(0)"¢. Therefore the wavelets
still satisfy the estimate (9.16) for any function f € F(O)™*. In view of
(10.24), the kernel K;; satisfies these boundary conditions. Hence the same
argument that led to (9.27) still applies to K, ;(z,y). Therefore the wavelets
still give rise to estimates like (9.22), (9.27) and hence to optimal compres-
sion determined by the order d of the dual multiresolution. In particular,
the kernels K;; become more and more negligible when I'; and I'; are far
apart.

Norm equivalences

Since the wavelets on O give rise to norm equivalences of the form (6.1),
the individual equations (10.21) are easily preconditioned. Moreover, the
analysis of corresponding adaptive schemes described in the next section
applies to the situation at hand.

11. Analysis of adaptive schemes for elliptic problems
11.1. Some preliminary remarks

The motivation for the following discussion is twofold. On one hand, the
inherent potential of wavelet discretizations for adaptivity has been stated
often above. However, as natural as it appears, a closer look reveals that on
a rigorous and on a conceptual level a number of questions remain open. The
discretizations typically involve several types of truncation that often remain
unspecified. It is not always clear how corresponding errors propagate in
the global scheme and how the tolerances have to be chosen to guarantes a
specified overall accuracy. Moreover, thresholding arguments are often not
clearly related to the norm, that is to measure global accuracy.

In many studies, some a priori assumptions are made about the type of
singularity, for instance, in terms of the distribution of significant wavelet
coefficients. For periodic problems the singularities of the solution are de-
termined by the right-hand side alone (when the coefficients are smooth).
This is no longer the case when essential boundary conditions for more com-
plex geometries are imposed. Finally, what is the preferred strategy? In
the spirit of image compression, a fine-to-coarse approach would aim at dis-
carding insignificant wavelet coefficients, starting from a discretization for
a fixed highest level of resolution. The obvious disadvantage is that such
an approach accepts the complexity of a fully refined discretization at some
stage. Alternatively, in a coarse-to-fine approach, one would try to track the
significant wavelets needed to realize the desired accuracy, starting from a
coarse discretization. The risk of missing important information along the
way is perhaps even higher in this approach. However, the analysis outlined
below indicates ways of dealing with this problem. So the subsequent dis-
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cussion can be viewed as an attempt to address such questions on a rigorous
level, and thereby complement the intriguing adaptive algorithmic develop-
ments discussed before.

On the other hand, adaptive techniques have been extensively studied in
the context of finite element discretizations of (primarily) elliptic differential
equations; see, for instance, Babuska and Miller (1987), Babuska and Rhein-
boldt (1978), Bank and Weiser (1985), Bornemann et al. (1996), Eriksson,
Estep, Hansbo and Johnson (1995) and Verfiirth (1994). These methods are
based on a posteriori error indicators or estimators. In practice they have
been proven to be quite successful. However, the analysis and the schemes
are rather dependent on the particular problem at hand and on the partic-
ular type of finite element discretization. The geometrical problems caused
by suitable mesh refinements become nontrivial for 3D problems. From a
principal point of view, it is furthermore unsatisfactory that the proof of
the overall convergence of such schemes usually requires making an a priori
assumption on the unknown solution, as explained below in more detail.

The adaptive treatment of integral equations in the context of classical
finite element discretizations is comparatively less developed. The global
nature of the operator makes a local analysis harder. Typical a posteriori
strategies therefore constrain the structure of admissible meshes (Carstensen
1996), which certainly interferes with the essence of adaptive methods.

These considerations have motivated recent investigations by Dahlke et
al. (1997b), which substantiate that the main potential of wavelet discret-
izations lies in adaptivity. Some of the ingredients of the analysis will be
outlined next. As in the context of preconditioning, a wide range of prob-
lems, including differential as well as integral operators, can be treated in a
unified way. A convergence proof is only based on assumptions on the (ac-
cessible) data rather than on the (unknown) solution. Furthermore, there is
no restriction on the emerging index sets.

Again, a key role is played by the validity of norm equivalences of the form
(6.1) in combination with compression arguments based on the estimates
(9.27) or (11.2) below.

To bring out the essential mechanisms, we will refer to the general problem
in Section 2.3. Thus we will assume throughout the rest of this section that £
satisfies (2.23) and (2.25). We consider stationary elliptic problems because
they also arise in timestepping schemes. In fact, time-dependent problems
are in some sense even easier, because information from the preceding time
step can be used. Likewise the present formulation can be viewed as an
ingredient of an iteration in nonlinear problems.

Moreover, in view of the developments in preceding sections, it is justified
to assume that ¥ and ¥ are biorthogonal wavelet bases satisfying the norm
equivalences (6.1). Their range of validity is to satisfy (6.14). Specifically,
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there then exist finite positive constants c3, ¢4 such that
c3| D, < |dT T ¢ < ca DMl (11.1)

Moreover, the corresponding spaces S(®;) are assumed to be exact of order d
and the wavelets ¥\, A € V_, satisfy a suitable version of moment conditions
of order d (see, for instance, (9.15)) when L is an integral operator, or are
regular enough when £ is a differential operator, so that in either case the
estimate

2= 1A=l

o~ (INT+ADE L) < i
'< T/’Aﬂ/’A)l ~ (1+2min(|A[,|A'|) diSt(Q)\,Q)\’))n+2d+2t

(11.2)

holds (see (9.27)). Finally, we will assume that the Galerkin scheme is stable
(6.7) (recall the comments in Section 9).

11.2. The saturation property

Suppose for a moment that £ is selfadjoint, in which case (2.23) means that
the bilinear form

a(u,v) = (Lu,v) (11.3)
induces a norm which is equivalent to || - || g
1112 = als ) ~ I I (11.4)

In this case a well-known starting point for finite element-based adaptive
schemes is the following observation concerning the equivalence between the
validity of two-sided error estimates and the so-called saturation property
(Bornemann et al. 1996). The basic reasoning can be sketched as follows.
Suppose that S C V C H? are two trial spaces with respective Galerkin
solutions ug, uy. By orthogonality one has

luy —usl| < flu - us].
Moreover, one easily checks that
lu = wy || < Bllu — us|| (11.5)
holds for some 8 < 1, if and only if
(1= 82w —usl < lluy - usll- (11.6)

Here and elsewhere u denotes the exact solution to Lu = f. Thus, if the
refined solution uy captures a sufficiently large portion of the remainder
(11.6) the global energy error is guaranteed to decrease by a factor 3 when
passing to the refined solution uy. Moreover, one has the bounds

luy — us|| < llu—us|l < (1= 8272wy - usl, (11.7)
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which are computable. In practice one controls the local behaviour of uy —ug
and refines the mesh at places where (an estimate for) this difference is
largest. This results in balancing the error bounds. Although this has been
observed to work well in many cases, the principal problem remains that, to
prove convergence of the overall adaptive algorithm, something like (11.6)
has to be assumed about the unknown solution.

Dahlke et al. (19975b) pursue a similar updating strategy. Let some current
solution space Sx and a Galerkin solution us be given. The objective is to
find for a fixed decay rate 3 < 1, a possibly small ACV=A,UV_,ACA
such that

lw = ugllae < Bllu— uallge,

which implies convergence.

11.3. A posteriori error estimates

It is well known that for elliptic problems the error in energy norm can be
estimated by the residual in a dual norm which, at least in principle, can be
evaluated. In fact, since

T := Lup — f = L(up — u),
the bounded invertibility of £ (2.23) yields

cillrallg-+ < llu —uallae < ealiralig—- (11.8)

Expanding the residual rj relative to the dual basis ¥ and taking the Galer-
kin conditions into account, the norm equivalence (11.1) and (11.8) provide

AEVAA AEV\A

1/2 1/2
C1Cs< > 5,\(/\)2) < lu — uallge SCQC4( > 6,\(A)2) . (11.9)

where the quantities
8y = 8x(A) =27 |(ry, ), Ae VA,

are, in principle, local quantities bounding the error ||u — up|| gt from below
and above. They indicate which wavelets are significant in the representation
of u. However, since these quantities involve infinitely many (unknown)
terms, (11.9) is in its present form of no practical use.

The objective of the following considerations is to replace the quantit-
ies 6x(A) in (11.9) by finitely many computable ones which, up to a given
tolerance depending only on the data, still provide lower and upper bounds.

Denoting by uy = (uA,qz))\/), fr = (f,¥») the wavelet coefficients of the
current approximation us and the right-hand side f with respect to ¥ and
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W, respectively, it is helpful to rewrite

Sa(A) =27 £y = S (Lypn, ha)un| - (11.10)

ANeEA

This shows that the size of §5(A) is influenced by two quantities. First, if
the right-hand side f itself has singularities, this will result in large wavelet
coefficients fy. Second, the sum Y ca (L9, ¥a)un gives the contribution
of the current solution which, for instance, could reflect the influence of the
boundary. Thus, to estimate the §x(A) one needs

(a) estimates on the smearing effect of £
(b) some a priori knowledge about f.

So far we have only used the ellipticity (2.23) of £ and the norm equi-
valence (11.1). To deal with (a) one has to make essential use of the decay
estimates (11.2). We now describe their use. Let § < 0—n/2, where ¢ > n/2
is the constant in (11.2). Choose for any € > 0, positive numbers €;, €2 such
that

7 _45
€%d+2t +92 e <e.
For each A € V, define the influence sets

Vae:={NeV: ’!AI —|N|| < &5t and 2@ ALV dist(Qy, Q) < €71},

where (1 again denotes the support of 1. The sets V . describe the signi-
ficant portion of (Lup, 1)) appearing in the residual weights 6,(A) (11.10).
In fact, using the estimate of (9.35), one can show the existence of a constant
c5 independent of f and A, such that the remainder

exi= Y. (Lon,¥a)uy

/\'EA\V,\,e

can be estimated by

—

( Z 2~ A2t ‘6)\|2)§ < cseljuall; (11.11)
AEVAA

see also Dahlke et al. (1997b), Dahmen et al. (1993b) and Dahmen et al.
(1994b). Note that, again by (6.1},

luall ~ uallge ~ 1D ua, ©adlles,

so that the right-hand side in (11.11) can be evaluated by means of the
wavelet coefficients of the current solution up. Moreover, one can even give
an a priori bound. In fact, the stability of the Galerkin scheme (6.7) states,
on account of the uniform boundedness of the Q% in H™* (see Theorem 5.8),
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that
luall < NQASflg— < Il (11.12)

As for (b) above, by construction, the significant neighbourhood of A in
VA

NA,E = {/\GV\A : AﬂV)\,e#@} (11.13)
is finite
#]VA’€ < 00.

Outside Ny, the quantities 6,(A) in (11.10) are essentially influenced by
wavelet coefficients of f. But this portion is a remainder of f. In fact, by
(6.1),

1
¥ 9=2t1A] lfA|2) P <l f - Qhuny Na-

)\EV\(AUNAYE)

< ¢cg inf ||f —v|g-t <o inf ||f —vllgt,
VESAUN, vESy

for some cg < oo. This suggests defining

(A€ =27 ST Ly, vau|, Ae VA
NEANV

Note that, in view of (11.13),
da(A,e) =0, AeV\A, AXgN,,. (11.14)
The main result can now be formulated as follows (Dahlke et al. 19975).
Theorem 11.1 Under the above assumptions, one has
fu—uallge < coer(( 5 dr(A,02)* +chellfllgos +co inf If —vlly-:)
AENA veSa

as well as

1
1 1 )
(X dr(8,07)" < = lu—unllye + chel|flly—e + 6 inf [If = vl
AENY c1¢3 vESA

Moreover, for any A C V, A C A, one has
1
1 1 )
( Z dA(A»f):Z) ' < cien luz — UA“Ht‘*‘ClsE | fllg-et+ce inf ||f —vll g
AANN, 173 vESa
This result provides, up to the controllable tolerance

T(A,€) := cseps || fll - + c6 inf ||f —v|lg-e,
VESA
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computable lower and upper bounds for the error ||u — ual|4:. For second-
order two-point boundary value problems, estimates of the above type were
first obtained by Bertoluzza (1994). Under much more specialized assump-
tions, results of similar nature have also been established in the finite element
context; see, for example, Dorfler (1996).

11.4. Convergence of an adaptive refinement scheme

In the present setting, it can be shown with the aid of Theorem 11.1 that,
under mild assumptions on the right-hand side f, a suitable adaptive choice
of A enforces the validity of the saturation property (11.6). We continue
with the notation of Section 11.3. However, for simplicity we confine the
discussion to the selfadjoint case (11.3), (11.4), that is, the norm || - || g+ is
replaced by the energy norm || - ||. The constants ¢; have to be properly
adjusted. The following theorem was proved by Dahlke et al. (19975).

Theorem 11.2 Let tol > 0 be a given tolerance and fix 8 € (0,1). Define

C* = (i+ 1_9), (11.15)

CiC3 26204

choose p > 0 such that

1-0
i — 11.1
e < 2(2 — B)eaey’ ( 6)
and set
u tol
€= —————. (11.17)
2c5 | fll g

Suppose that for A C V, one has

. 1
cg inf ||f —vllg- < ;p tol.
VESH 2
Then, whenever A € V, A C A is chosen so that
1 1
(L ane?) 20-0( X dne?)
AEANN, AENA,e

there exists a constant 8 € (0,1) depending only on the constants y, 8, ¢;,
i=1,...,6, such that either

Ju—ug| < Bllu—wuall

or

(ML
(NI

< tol.

( Z dA(A,€)2> =( Z d/\(A7f)2>

AEN ¢ AEVAA
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For the discussion of unsymmetric problems see Dahlke et al. (19975) and
Hochmuth (1996).

Of course, the idea is to choose A D A as small as possible, that is, in any
case A\ A C Np .. This leads to the following.

ALGORITHM 7
Choose Ag =, eps > 0, tol > eps, 6 € (0,1).

(1) Compute C*, u according to (11.15), (11.16).
(2) Compute € = e(u,tol) by (11.17).

(3) Determine A C V, Ag C A such that

1
cg inf || f —v||g-¢ < p tol.
vESA 2

(4) Solve
(Lup,v) = (f,v), forall ve Sx.
(5) Compute

MAc :=< > d,\(A,f)2>%-

AENA e
If npe < tol:

o If tol < eps, accept up as solution and stop.

e Otherwise set A — Ag, 28 — tol, and go to (2).

Otherwise, go to (6).
(6) Determine A with A C A C AU Ny ¢ such that

(> d,\(A,e)2>% > (1 - )mae.

PYTN
Set A — A and go to (4).

Although quite different with regard to its technical ingredients, the above
algorithm is very similar in spirit to the adaptive scheme proposed by Dorfler
(1996) for bivariate piecewise linear finite element discretizations of Poisson’s
equation. As above, Dorfler (1996) chooses the coarsest grid in such a way
that all errors stemming from data are kept below any desired tolerance.

A brief comment on step (4) in Algorithm 7 is in order. By Theorem 6.1,
the principal sections of the matrix Bp := DLW, U4)TD~* are well con-
ditioned. This can be exploited to update a current Galerkin approximation
up, as follows. Let uy = (uA,\I~1A)T be the vector of wavelet coefficients
of up. To compute the coeflicient vector uz of uj we choose an initial
approximation v according to

{’U,)\, AEA,
vy =

wr. AEALA, (11.18)
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where Wi\ are the coefficients of the Galerkin solution Wi\A of the com-
plement system

(Lwgyp,v) = (fiv), v € Sy, =span{yhy : A€ A\ A}.

The corresponding matrix entries have to be determined anyway for the
adaptive refinement. Since, by (6.16), the corresponding section B Aa of By
is well conditioned, only a few conjugate gradient iterations are expected to
be necessary to approximate w A\A well enough to provide a good starting
approximation of the form (11.18). This will then have to be improved by
(a few) further iterations on the system matrix Bjy.

11.5. Besov regularity

The results of the previous section imply convergence of the adaptic scheme
but do not provide any concrete information about the efficiency, for in-
stance by relating the final accuracy to the number #A needed to realize it
by the scheme. The ideal case would be that the scheme picks at each stage
the minimal number of additional indices needed to reduce the current error
by a fixed fraction. This cannot be concluded, since the scheme selects the
indices with respect to bounds, not with respect to the true error. Never-
theless, since these bounds are lower and upper ones, one expects that the
selected index sets are close to minimal ones. Given this assumption, the
question of for which circumstances the above adaptive scheme is signific-
antly more efficient than working simply with uniform refinements is closely
related to characterizing the efficiency of so-called best N-term approxim-
ation, or nonlinear approrimation. A beautiful theory for these issues has
been developed in a number of papers; see, for instance, DeVore and Popov
(1988a), DeVore et al. (1992) and DeVore and Lucier (1992). Here we in-
dicate very briefly some typical facts suited to the present context. To this
end, consider

O'N,t(g) = inf{”g— Zd)\l/l)\HHt cdy ER,AEACV, #A =N} .
A€A

Employing the norm equivalence (5.38) yields
ont(v) ~ ono(Zv) = on(Zev), (11.19)
which in turn leads to the following (Dahlke, Dahmen and DeVore 1997a).

Remark 11.3 Let v € H'. We take Ay to be a set of N indices A for
which 28X |(v,4,)| is largest. Then one has

ont(v) ~ |[v — Qayvllmt, N EN. (11.20)
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Thus, picking the N first largest weighted coeflicients realizes asymptotically
the best N-term approximation relative to the norm | - ||+ and hence, in
case (11.4), also relative to the energy norm || - ||.

Combining (11.20) with analogous results about on+ for t = 0, the best N-
term approximation of a function v relative to || - ||zt can be characterized
in terms of its Besov regularity (Dahlke et al. 1997a).

Proposition 11.4 Assume that a — ¢ < 7y and let for ¢t < o

1 a—-1t 1
== + 2 (11.21)
Then one has
oo T*
> (N gy w)) < oo (11.22)

N=1

(where n is again the spatial dimension of the underlying domain Q), if and
only if v € B&(L,+(12)). Recall the characterization of Besov norms (5.46).

Proposition 11.4 has an interesting application to the Poisson equation
—Au=f in Q, u=0 on 99, (11.23)

when 2 is a bounded Lipschitz domain in R™. The efficiency of the best
N-term approximation when applied to the solution of Laplace’s equation
has been studied by Dahlke and DeVore (1995). However, these results were
formulated with respect to approximation in Ly(2). For elliptic equations,
the energy norm is more natural. A combination of Proposition 11.4 and the
results of Dahlke and DeVore (1995) provides the following result concerning
approximation relative to || - |1 (Dahlke et al. 1997a).

Proposition 11.5 Let  be a bounded Lipschitz domain in R™, and let u
denote the solution of (11.23) with f € B¢} (L2(R)), a > 1. Then

Z (NS/HO'N’l(U))T <oo forall 0<s<s*/3, (11.24)
N=1

where s* = min{ﬂf’j,a +1}and 7 =(s—1)/n+1/2.

To illustrate this result, consider the example where n = 2. If & > 2, then
s* = 3. Hence, in this case, the nonlinear method gives an H'-approximation
to u of order up to N~1/2 whereas a linear method, that is, uniform refine-
ments, using N terms could only give N~1/4 in the worst case.

These facts indicate that adaptive refinements will generally perform sig-
nificantly better. Establishing a closer connection between the adaptive
scheme discussed in the preceding section and N-term approximation is an
interesting question under current investigation.
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12. What else?

Evidently a lot more than could be included in a survey. Therefore I would
like to add only a few brief comments on further interesting directions.

Collocation

It has been pointed out that collocation plays an important role in con-
nection with the fast evaluation of nonlinear terms. Bertoluzza (1997) has
discussed some promising features of collocation in connection with highly
accurate discretizations. There, interpolatory scaling functions are employed
and corresponding analogues to hierarchical bases are established. Again,
interpolatory representations are helpful with regard to evaluating nonlinear
terms.

Transport problems

The above concepts are more or less tailored to elliptic problems. It is less
clear how to treat transport terms. Typical model problems are convection—
diffusion problems of the form

—Au+pf(z)-Vu=f in 2, u=0 on 099, (12.1)

where the convection term is strongly dominant. Canuto and Cravero (1996)
have proposed discretizing (12.1) with a conventional finite element method
and use wavelet expansions of the current solution to determine successive
mesh refinements at locations where wavelet coeflicients are large. First res-
ults by Dahmen, Miiller and Schlinkmann (199x) indicate that the concept
of stable completions can be successfully employed to design level-dependent
Petrov—Galerkin discretizations, which in a multigrid context recover the
usual multigrid efficiency for elliptic problems even in the case of strong
convection terms.

Discrete multiresolution concepts have been developed by Harten (1995),
with special emphasis on the treatment of hyperbolic conservation laws. It
is well known that such systems can be viewed as evolution equations for
cell averages. This fact serves as the basis for finite volume discretizations.
However, when advancing in time, these schemes require at some stage the
computation of fluxes across cell boundaries, which in turn need pointwise
values of the conservative variables. To realize high accuracy, one therefore
has to design highly accurate reconstruction schemes to recover the point-
wise values from the cell averages, which is actually the only place where a
discretization error is introduced. Unfortunately, in realistic problems the
evaluation of corresponding numerical fluxes is very costly. The main thrust
of Harten’s concept therefore aims at reducing the cost of numerical flux
computations according to the following idea. Fluxes are initially computed
only on a very coarse grid (using, however, data corresponding to the highest



WAVELET AND MULTISCALE METHODS FOR OPERATOR EQUATIONS 217

level of resolution). The flux values on successively finer grids are then de-
termined either by cheap interpolation schemes from those on coarser levels,
whenever they are smooth, or otherwise by expensive accurate schemes.
This decision is based on a suitable multiscale representation of the data.
This is highly reminiscent of data compression techniques. The underlying
multiscale decomposition concept proposed by Harten is very flexible and
has to be made concrete in each application. The multiscale transformations
have the format (3.26) and (3.28), although, in principle, no explicit know-
ledge of underlying bases ®;, ¥; is required. Nevertheless, many technical
as well as conceptual problems arise when applying this methodology to
concrete problems, in particular, when dealing with several space variables.
Some recent contributions can be found in Gottschlich-Miller and Miiller
(1996), Sjogreen (1995) and Sonar (1995), for instance.

Software

To unfold the full efficiency of most of the concepts discussed so far, rather
new data structures are needed. It does not seem to be possible to simply
hook wavelet components to existing software for conventional discretization
schemes. Existing codes still seem to be confined to model problems. The
beginnings of a systematic software development for wavelet schemes in a
PDE context are discussed by Barsch et al. (1997), for example.

Wavelets as analysis tools

The primary objective of the developments detailed in this paper is the un-
derstanding and design of highly efficient solvers for large-scale problems. 1
find the variety of contributions very promising and interesting. However,
because of the state of the software development, and for conceptual reas-
ons mainly in connection with geometry constraints, it is fair to say that
wavelet schemes have not yet become quite competitive with well tuned
multigrid codes for realistic problems. On the other hand, the discussion
also indicates that the potential of wavelets has not yet been exhausted, and
that the results that have been achieved so far provide a highly stimulating
source of ideas and further progress. In fact, the above comments on the
convection—diffusion problem suggest that true benefit for future generations
of multiscale techniques may result from a marriage of different methodolo-
gies. I would be very pleased if the present paper could be of some help in
this regard.

On the other hand, it has already been indicated that, aside from al-
gorithmic developments, wavelets offer powerful analysis tools. An example,
namely investigating the boundedness of Galerkin projectors in Ly-Sobolev
spaces has already been mentioned by Angeletti et al. (1997). The determ-
ination of Besov regularity of solutions to elliptic boundary value problems
(Dahlke and DeVore 1995, Dahlke 1996) is another intriguing instance which
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is important for the understanding of adaptivity. The multiresolution ap-
proach to homogenization (Brewster and Beylkin 1995, Dorobantu 1995)
opens further startling perspectives. Wavelets have recently been employed
in the study of turbulence and multiscale interaction of flow phenomena
(Elezgaray, Berkooz, Dankowicz, Holmes and Myers 1997, Wickerhauser,
Farge and Goirand 1997, Farge et al. 1992).

In summary, it seems that wavelets have become indispensible as a con-
ceptual source for understanding multiscale phenomena and corresponding
solution schemes.
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1. Introduction

In this paper, we introduce a new version of the Fast Multipole Method
(FMM) for the evaluation of potential fields in three dimensions. The scheme
evaluates all pairwise interactions in large ensembles of particles, ¢.e. expres-
sions of the form

)] 1.1
(73) Z e (1)
Z#J

for the gravitational or electrostatic potential, and

gi (1.2)
Z ' ||:L‘] - %”3

z#]
for the field, where x1,9,...,z, are points in R%, and q1,¢2,...,qn are a
set of (real) coefficients. Here || - || denotes the Euclidean norm.

The evaluation of expressions of the form (1.1) is closely related to a
number of important problems in applied mathematics, physics, chemistry
and biology. Molecular dynamics and Hartree-Fock calculations in chem-
istry, the evolution of large-scale gravitational systems in astrophysics, ca-
pacitance extraction in electrical engineering, and vortex methods in fluid
dynamics are all examples of areas where simulations require rapid and ac-
curate evaluation of sums of the form (1.1) and (1.2). When certain closely
related interactions are considered as well, involving expressions of the form

N giklei—ail

B(z;) = (1.3)

AT
= Il — il
i)
the list of applications becomes even more extensive.

This paper is a continuation (after an interval of several years) of a se-
quence of joint papers by the authors, starting with Greengard and Rokh-
lin (1987) and Carrier, Greengard and Rokhlin (1988) which introduced
the Fast Multipole Method in two dimensions. Subsequent work extended
the method to three dimensions (Greengard 1988, Greengard and Rokhlin
19884, 1988b), and there followed a number of versions of the scheme, both
by the present authors and by other researchers; see, for example, Anderson
(1992), Nabors, Korsmeyer, Leighton and White (1994), Berman (1995),
Epton and Dembart (1995), Elliott and Board (1996). After about ten
years of research, however, a somewhat unsatisfactory picture has emerged.
In short, there now exist extremely efficient algorithms for the evaluation of
the two-dimensional analogues of (1.1), (1.2) with (practically) arbitrarily
high precision, as well as very efficient and accurate algorithms for a host of
related problems (Rokhlin 1988, Alpert and Rokhlin 1991, Beylkin, Coifman
and Rokhlin 1991, Coifman and Meyer 1991, Greengard and Strain 1991,
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Strain 1991, Alpert, Beylkin, Coifman and Rokhlin 1993). However, for the
sums (1.1) and (1.2), there are few practical schemes, and these provide only
limited accuracy. Since most real-world problems are three-dimensional, it
can be said that analysis-based ‘fast’ methods are a promising group of
techniques, but that they have not yet lived up to all their expectations.

In the present paper, we try to remedy this situation. We describe a ver-
sion of the Fast Multipole Method in three dimensions that produces high
accuracy at an acceptable computational cost. As will be seen from the
numerical examples in Section 9, the new scheme has a break-even point of
n ~ 2000 when compared with direct calculation in single precision; with
10-digit accuracy, the break-even point is n ~ 5000; with 3-digit accuracy,
it is n ~ 500. The approach uses a considerably more involved mathem-
atical (and numerical) apparatus than is customary in the design of fast
multipole-type algorithms. This apparatus is based on a new diagonal form
for translation operators acting on harmonic functions, extending the two-
dimensional version introduced by Hrycak and Rokhlin (1995). The overall
approach bears some resemblance to that used in Fast Multipole Methods
for high-frequency scattering problems, which are based on diagonal forms
of translation operators for the Helmholtz equation (Rokhlin 199056, 1995,
Epton and Dembart 1995).

2. Philosophical preliminaries

We begin with an overview of analysis-based ‘fast’ numerical algorithms,
concentrating on the evaluation of expressions of the form (1.1). Where
possible, we summarize the current ‘state of the art’ in the field.

If we define the n x n matrix A by the formula

1

A=
Y e -l

(2.1)

we can rewrite (1.1) in the form

with ®,¢q € R™ (the expression (1.2) can be rewritten in a similar fashion).
Obviously, straightforward evaluation of either of the expressions (1.1), (1.2)
requires O(n?) operations (evaluating n potentials at n points), and for large-
scale problems this estimate is prohibitively large. On the other hand, the
evaluation of expressions of the forms (1.1), (1.2) is an integral part of the
numerical solution of many important problems in applied mathematics, and
during the last decade, several ‘fast’ schemes have been proposed for this
purpose, that is, schemes whose computational cost is less than O(n?). Typ-
ically, such methods require O(n) or O(nlogn) operations (Rokhlin 1985,
Anderson 1986, Greengard and Rokhlin 1987, Carrier et al. 1988, Rokhlin
1988, 1990b, Brandt and Lubrecht 1990, Brandt 1991, Alpert and Rokhlin
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1991, Beylkin et al. 1991, Coifman and Meyer 1991, Greengard and Strain
1991, Strain 1991, 1992, Epton and Dembart 1995). All of them are based
on the straightforward observation that the potentials are smooth functions
in R3, except when z; is near z;, and as a result, large submatrices of A are
well approximated by low-rank matrices. Clearly, applying a matrix of di-
mension n X 1 but rank J to an arbitrary vector requires only nJ operations
(as opposed to n?); this simple observation leads directly to a variety of
asymptotically ‘fast’ schemes for the evaluation of (1.1); below, we illustrate
the construction of such schemes with a simple example.

Suppose that, in the expression (1.1), the points 1,2, ...,z, are equi-
spaced and lie on the interval [—1,1], so that

r1=-1, za=-1+h, ..., Tp_1=1—h, xz,=1, (2.3)

where h = 2/(n — 1). Given three integers [, m, k such that

1 < I <n,

1 < m<n,

1 < k<n—-1,

1 < kE<n-—m, (2.4)

we will denote by A; ., r the submatrix of A consisting of such elements A;;
that

<
m ; J<m+k-1, (2.5)
and say that A;,, j is separated from the diagonal if
[l—(m+k-1)|>k, (2.6)
and
|lm—(I+k-1)|>k. (2.7)

In other words, we will say that the submatrix A;,,  of the matrix A is
separated from the diagonal if its distance from the diagonal of A is greater
than or equal to its own size (Figure 1). We will construct a rudimentary
‘fast’ algorithm for the application of the matrix A to an arbitrary vector
by means of the following lemma; its proof is based on several well-known
facts, all of which can be found in Dahlquist and Bjork (1974).

Lemma 2.1 For any integer p < 1, and any [, m, k satisfying the condi-
tions (2.4), there exists a matrix By, 1, of dimension k x k and rank J, such
that

1
| ALmk — Brmkll < Yok (2.8)
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Fig. 1. Subdivision of matrix into well separated blocks. The submatrices marked
by an X are not well separated from the diagonal

In other words, any submatrix of A separated from the diagonal is of rank
J, to the precision 1/47.

Outline of proof. We start by defining the function f : R? — R! by the
formula
1

f(x’y)znm——yH’

(2.9)

and observing that f is smooth everywhere in R?, except when z = y. We
will say that the square [a,a + c] x [b,b + ¢] C R? is separated from the
diagonal if

la+c—0b|>c¢ (2.10)
and
|b+c—al>c (2.11)

and observe that on any such square, the function f can be expanded in a
two-dimensional Chebychev series, that is, represented in the form

flz,y) = i Ty (22_0%—2(1) T, <2_y_c+2b)’ (2.12)

Pg=0 C c Cc Cc

with T} denoting the jth Chebychev polynomial. Finally, we observe that
for any a, b, ¢ satisfying the conditions (2.10), (2.11), the convergence of the
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expansion (2.12) is given by the formula

flz,y) — Zapq <23:_c+2a)Tq<2_y_c+2b) -

Pa=0 [ Cc Cc

1
4_.].

(2.13)

In other words, for any square separated from the diagonal, the expansion
(2.12) converges to accuracy ¢ after no more than log,(e) terms. Combining
(2.6), (2.7) and (1.1) with (2.12) and (2.13), we observe that, for any ¢,
satisfying the inequalities (2.5),

2 2 29 2b
S (e ()
p,g=0

with a = (21)/n—1, b = (2m)/n—1, ¢ = (2k)/n. The matrix B, defined
by

1
4_Ja

(2.14)

2z c+ 2a 2ui ¢+ 2b
Blmk Z opg Ty (cz . )Tq (—:cyl———c—) (2.15)
p,g=0

clearly satisfies the desired condition (2.8). O

In order to develop a fast algorithm, we first subdivide the matrix A into
a collection of submatrices, as depicted in Figure 1. Each of the submatrices
in this structure is separated from the diagonal, except the submatrices near
the diagonal whose ranks are small simply because their dimensionality is
small. By virtue of Lemma 2.1, each of the separated submatrices is of rank
J, to the accuracy 4=7. In order to apply A to an arbitrary vector with fixed
but finite accuracy (which is always the case in numerical computations),
we can apply each of the submatrices to the appropriate part of the vector
for a cost proportional to kJ, where k is the size of the submatrix. Adding
up the costs for all such submatrices, we obtain the operation count of

1
Jnlogn ~ log (g) nlogn, (2.16)

instead of n?.

The scheme outlined above is extremely simple, but representative of the
current approach to the design of ‘fast’ summation algorithms. Several com-
ments are in order.

1. It is easy to see that the matrix A defined in (2.1) with the spacing
defined by (2.3) is in fact a Toeplitz matrix that can be applied to an
arbitrary vector for a cost proportional to nlogn via the Fast Fourier
Transform. This situation occurs sometimes, both in one and higher
dimensions. However, the Toeplitz nature of the matrix A is lost when
the points are not distributed on a uniform grid, and direct application
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of the FF'T becomes impossible. For ‘somewhat uniformly’ distributed
points x;, various types of local corrections have been successfully util-
ized. When the points are not distributed uniformly (for example, on
a curve or surface), FFT-based methods become ineffective.

. As described, the scheme is only applicable to one-dimensional prob-
lems, and under very limited conditions. In most situations, the subdi-
vision of the matrix has to be modified, taking into account the geomet-
ric distribution of points in order to locate submatrices whose ‘numer-
ical rank’ is low. Examples of such subdivisions can be found in Carrier
et al. (1988), Van Dommelen and Rundensteiner (1989), Beylkin et al.
(1991) and Nabors et al. (1994).

. The scheme is extremely simple and general. It is entirely unrelated
to the detailed nature of the matrix A, needing only some inequality
like (2.13). In other words, so long as the entries of the matrix A are
smooth functions of their indices away from the diagonal, a scheme of
the type outlined above will work. In fact, even that is not necessary;
the elements of the matrix have only to be sufficiently smooth functions
of their indices on a sufficiently large part of the matrix.

. The scheme admits a large number of modifications; the most obvious
ones replace the Chebychev expansion in (2.12) with other approxim-
ations; one should be careful in doing so, since under many conditions
the Chebychev approximation is optimal (among polynomial approx-
imations), or nearly so. Some of the special-purpose approximation
schemes that have been used successfully employ wavelets and related
bases (Beylkin et al. 1991, Alpert et al. 1993).

Another obvious modification is a change in the choice of submatrices of
low rank; the use of rectangular submatrices (as opposed to the square
ones in Figure 1) permits coarser subdivisions and tends to result in
more efficient algorithms.

. Algorithms of the type described above usually do not work for prob-
lems where the matrix A is a discretization of an integral operator with
an oscillatory kernel, since such discretizations (normally) have a more
or less constant number of nodes per wavelength of the dominant os-
cillation. As a result, the rank of each submatrix is proportional to its
size, and the resulting algorithms have CPU time estimates of the or-
der O(n?). Sometimes, the calculation can be accelerated by reducing
the size of the constant (Wagner and Chew 1994), but the asymptotic
complexity in such cases is the same as for the direct approach. For cer-
tain classes of oscillatory problems (such as Helmholtz and Schrédinger
equations at high frequency), there exist asymptotically ‘fast’ schemes
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based on a different (and considerably more involved) analytical ap-
paratus; see, for example, Rokhlin (1988, 19905, 1993), Canning (1989,
1992, 1993), Coifman and Meyer (1991), Bradie, Coifman and Gross-
mann (1993), Coifman, Rokhlin and Wandzura (1993, 1994), Wagner
and Chew (1994), Epton and Dembart (1995). As noted in the intro-
duction, these schemes are related to the scheme we will present below.
They are, however, outside the scope of this paper.

3. Mathematical preliminaries I

In this section, we briefly derive the multipole expansion of a charge dis-
tribution and refer the reader to Kellogg (1953), Jackson (1975), Wallace
(1984), and Greengard (1988) for more detailed discussions.

If a point charge of strength ¢ is located at Py = (xo, Yo, 20), then the
potential and electrostatic field due to this charge at a distinct point P =
(z,y, 2) are given by

1

¢ = (3.1)

and

E:—v(’p:(””—m”y_yo Z_ZO), (3.2)

R3 > R3 ° R3
respectively, where R denotes the distance between points Py and P.

We would like to derive a series expansion for the potential at P in terms
of its distance from the origin r. For this, let the spherical coordinates of P
be (7,0, ¢) and of Py be (p, e, 8). Letting -y be the angle between the vectors
P and Py, we have from the cosine rule

R* =712+ p? — 2rpcosy, (3.3)
with
cosy = cos 6 cos a + sin 0 sin a cos(¢p — G). (3.4)
Thus,
1 1 1
}_z:r\/l—Zg(:OS’Y-f-f; T VI 2up 2 &
having set

= g and wu = cos~. (3.6)

For p < 1, we may expand the inverse square root in powers of u, resulting
in a series of the form
1 o0
= P, (u)p™ 3.7
e SO (3.7)
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where

3 1
Py(u)=1, Pi(u)=u, P(u)= 5 <u2 — §> y e (3.8)
and, in general, P,(u) is the Legendre polynomial of degree n. Our expres-
sion for the field now takes the form

» Z ntl Po( (3.9)

The angular parameter u, however, depends on both the source and the
target locations. A more general representation will require the introduction
of spherical harmonics, which are solutions of the Laplace equation obtained
by separation of variables in spherical coordinates. Any harmonic function
® can be expanded in the form

o0 n M
e=>" Y (Lmr" + ) Y6, p). (3.10)
n=0m=—n
The terms Y;]*(0, ¢)r™ are referred to as spherical harmonics of degree n
or solid harmonics, the terms Y;"*(0, ¢)/r"*! are called spherical harmonics
of degree —n — 1 or multipoles, and the coefficients L and M]* are known
as the moments of the expansion.

The spherical harmonics can be expressed in terms of partial derivatives
of 1/r (Wallace 1984) as

Y2(6,9) _ 00" (1
. T <;> . (3.11)
For m > 0, we have
Ynm(e,(z))_ m(ﬁ 'gm én—m 1
") —ar (2 +zay) (8z> <T> (3.12)
and
Y,™0,6) . (3 . 0 )m ( 0 )"‘m (1)
T Ay 9z Zay 5 - ) (3.13)
where
(-1)”
A = 3.14

They also satisfy the relation

— | .
(n ml)'P,L"”(cos 6)e'™?, (3.15)

m _ ]
Y (0,9) = (n 1 jml)!
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where we have omitted the normalization factor of \/(2n + 1)/4x, to match
the definitions (3.11)—(3.13) given above. The special functions PJ* are
called associated Legendre functions and can be defined by Rodrigues’ for-
mula

Theorem 3.1 (Addition theorem for Legendre polynomials) Let
P and @ be points with spherical coordinates (r, 8, ¢) and (p, a, 3), respect-
ively, and let v be the angle subtended between them. Then

w(cosy) Z Yy, ™ )Y (6, ). (3.16)

m=—n
Combining Theorem 3.1 and equation (3.9), we have

:i i‘ Y™ ﬁ)YmTSf_l‘ﬁ). (3.17)
n=0m=

It is now straightforward to expand the field due to a collection of sources
in terms of multipoles.

Theorem 3.2 (Multipole expansion) Suppose that k charges of
strengths {¢;, ¢ = 1,...,k} are located at the points {Q; = (p;, s, 5i), i =

..k}, with |p;| < a. Then for any P = (r,0,¢) € R® with » > a, the
potential ®(P) is given by

P)=3 3 Y 0,9), (3.18)
n=0m=—n
where
Zqu ™ (0, Bi)- (3.19)

Furthermore, for any p > 1,

&(P) — Z )y n+1Y’”(9 )| <

n= Om——n a\r

- 4 (ﬁ)pﬂ . (3.20)

where

k
A=>"lgil. (3.21)
=1
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Proof. The formula (3.19) follows from equation (3.17) and superposition.
The error bound is obtained from the triangle inequality and the fact that
the ratios p;/r are bounded from above by a/r. O

Suppose now that r = 2a in the context of the preceding theorem. Then
the error bound (3.20) becomes

Z Z n—?lYm 0 d))

n= Om——n

p+1
< g (%) : (3.22)

and setting p = log,(1/¢) yields a precision ¢ relative to the ratio A/a.

4. An N log N algorithm

Theorem 3.2 is all that is required to construct a simple fast algorithm of
arbitrary precision. To reduce the number of issues addressed, we assume
that the particles are fairly homogeneously distributed in a square so that
adaptive refinement is not required.

In order to make systematic use of multipole expansions, we introduce a
hierarchy of boxes which refine the computational domain into smaller and
smaller regions. At refinement level 0, we have the entire computational
domain. Refinement level [+ 1 is obtained recursively from level [ by subdi-
vision of each box into eight equal parts. This yields a natural tree structure,
where the eight boxes at level [+ 1 obtained by subdivision of a box at level
l are considered its children.

Definition 4.1 Two boxes are said to be near neighbours if they are at the

same refinement level and share a boundary point (a box is a near neighbour
of itself).

Definition 4.2 Two boxes are said to be well separated if they are at the
same refinement level and are not near neighbours.

Definition 4.3 With each box i we associate an interaction list, consisting
of the children of the near neighbours of i’s parent which are well separated
from box i (Figure 4).

Definition 4.4 With each box 7 at level [ we associate a multipole expan-
sion ®;; about the box centre, which describes the far field induced by the
particles contained inside the box.

The basic idea is to consider clusters of particles at successive levels of
spatial refinement, and to compute interactions between distant clusters by
means of multipole expansions when possible. It is clear that at levels 0
and 1, there are no pairs of boxes that are well separated. At level 2, on
the other hand, sixty-four boxes have been created and there is a number
of well separated pairs. Multipole expansions can then be used to compute
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X

Fig. 2. The first step of the algorithm, depicted in two space dimensions for
clarity. Interactions between particles in box X and its near neighbours (grey) are
not computed. Interactions between well separated boxes are computed via
multipole expansions

interactions between these well separated pairs (Figure 2) with rigorous
bounds on the error. In fact, it is easy to see that the bound (3.20) applies
with the ratio a/r < 1/4/3. Thus, to achieve a given precision &, we need to
use p = log (1/¢) terms.

It remains to compute the interactions between particles contained in
each box with those contained in the box’s near neighbours, and this is
done recursively. We first refine each level 2 box to create level 3. For a
given level 3 box, we then seek to determine which other level 3 boxes can
be interacted with by means of multipole expansions. Since those boxes
outside the region of the parent’s nearest neighbours are already accounted
for (at level 2), they can be ignored. Since interactions with near neighbours
cannot be accounted for accurately by means of an expansion, they can also
be ignored for the moment. The remaining boxes correspond exactly to the
interaction list defined above (Figure 3).

The nature of the recursion is now clear. At every level, the multipole
expansion is formed for each box due to the particles it contains. The
resulting expansion is then evaluated for each particle in the region covered
by its interaction list (Figure 4).

We halt the recursive process after roughly logg N levels of refinement.
The amount of work done at each level is of the order O(NN). To see this, note
first that approximately N p? operations are needed to create all expansions,
since each particle contributes to p? expansion coefficients. Secondly, from
the point of view of a single particle, there are at most 189 boxes (the
maximum size of the interaction list) whose expansions are computed, so
that 189 N p? operations are needed for all evaluations.
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Fig. 3. The second step of the algorithm, depicted in two space dimensions. After
refinement, note that the particles in the box marked X have already interacted
with the most distant particles (light grey). They are now well separated from the
particles in the white boxes, so that these interactions can be computed via
multipole expansions. The near neighbour interactions (dark grey) are not
computed

Fig. 4. Subsequent steps of the algorithm. The interaction list for box X is
indicated in white. In three dimensions, it contains up to 189 boxes
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Fig. 5. At the finest level, interactions with near neighbours are computed
directly. In three dimensions, there are up to 27 near neighbours

At the finest level, we have created roughly 888" = N boxes and it
remains only to compute interactions between nearest neighbours. By the
assumption of homogeneity, there are O(1) particles per box, so that this
last step requires about 27 N operations (Figure 5). The total cost is ap-
proximately

189Np?logg N + 27N. (4.1)

The algorithm just described is, in essence, a nonadaptive version of the
one proposed by Barnes and Hut (1986), except that it achieves arbit-
rary precision through the use of high order expansions. Two-dimensional
schemes of this type are due to Van Dommelen and Rundensteiner (1989)
and Odlyzko and Schénhage (1988). Unfortunately, while such schemes have
good asymptotic work estimates, the three-dimensional versions provide only
modest speedups at high precision for the values of N encountered in present
day applications. At N = 100,000, for example, seven digits of accuracy re-
quire p ~ 20, and the N log N scheme is only two to three times faster than
the direct O(N?) method. In order to accelerate the calculation significantly,
we need some further analytic machinery.

5. Mathematical preliminaries II

The FMM relies on three translation operators, acting on either multipole
(far field) or solid harmonic (local) expansions. They are described in the
next three theorems (Greengard and Rokhlin 1988a, Greengard 1988).

Theorem 5.1 (Translation of a multipole expansion) Suppose that
[ charges of strengths g1, g, ..., q are located inside the sphere D of radius
a with centre at @ = (p, @, 3), and that for points P = (r, 6, ¢) outside D,
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the potential due to these charges is given by the multipole expansion

®(P) = Z Z ,n+1Ym(9’ ¢'), (5.1)

n= Om——n

where P — Q = (r',6,¢’). Then for any point P = (r,6,¢) outside the
sphere D, of radius (a + p),

- i Z WY’“ (5.2)

i 2 Ofzmilkl=Iml=lk=m] gm gk—m ;ny—m(y g)
k _ -n n- < yp—m n )
M=y Y A 7 63

n=0m=—n

with AT" defined by equation (3.14). Furthermore, for any p > 1,

é: i a+ p+1
33 hes| < (ZRE) () e

J=0k=—j
Definition 5.1 The linear operator mapping old multipole coefficients
{O;-c :0<n <p —n<m < n}, to new multipole coefficients {MJ’-C :
0 <n<p —n <m < n} according to equation (5.3) will be denoted by
TvmMm.

Theorem 5.2 (Conversion of a multipole expansion into a local
expansion) Suppose that | charges of strengths ¢1, ¢, ..., q are located
inside the sphere Dg of radius a with centre at Q = (p, @, ), and that
p > (¢ + 1)a with ¢ > 1. Then the corresponding multipole expansion (5.1)
converges inside the sphere Dy of radius e centred at the origin. Inside
Dy, the potential due to the charges q1,¢2,...,q is described by a local
expansion:

lltllﬂﬁg

}i LY} (0, ¢)r (5.5)

where
(—1)» A;T_L‘,nkpﬁnﬂ ) .

n=0m=-n
with A? defined by equation (3.14). Furthermore, for any p > 1,

(%ﬂg&) (E)”“, (5.7)

p J
Z kyk ,,.J+1
=0 k=j
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Definition 5.2 The linear operator mapping truncated multipole expan-
sion coefficients {O;C :0 < j <p —j <k < j} tolocal coefficients
{Lf :0 < j<p —j <k <j} according to equation (5.6) will be de-
noted by Tasr.

Theorem 5.3 (Translation of a local expansion) Let Q = (p,a,f)
be the origin of a local expansion

P n
P)=3 >, ORY(¢,¢)r'™, (5.8)

n=0m=-n

where P = (r,0,¢) and P — Q = (r',8',¢’). Then

®(P) = Z Z_L;?ij(e,@rj, (5.9)

el —lm— k| — — —k _
P n ornnzlml |m—k IklAnm_jkA;?yﬁj (o, B)p" 7

Ly=3% > (—1)nti Am ’

n=jm=-n

(5.10)

with A? defined by equation (3.14).

Definition 5.3 The linear operator mapping old local expansion coeffi-
cients {O : 0 < n < p, —n < m < n} to new local expansion coefficients
{L?:0 <n<p, —n <m < n} according to equation (5.10) will be denoted
by Tpr.

6. The original FMM

We can now construct a scheme with cost proportional to N, by using The-
orem 5.2 to convert the far field expansion of a source box into a local
expansion inside a target box, rather than by direct evaluation of the far
field expansion at individual target positions.

Definition 6.1 With each box ¢ at level I we associate a local expansion
V; ; about the box centre, which describes the potential field induced by all
particles outside box ¢’s near neighbours.

Definition 6.2 With each box i at level [ we associate a local expansion
V¥, ; about the box centre, which describes the potential field induced by all
particles outside the near neighbours of i’s parent.
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ALGORITHM 1

The parent of a box j will be denoted by p(j). The list of children of a box
J will be denoted by ¢(j). The interaction list of a box j will be denoted by
ilist(7).

Upward pass

Initialization

Choose the number of refinement levels n =~ logg N, and the order of the
multipole expansion desired p. The number of boxes at the finest level is
then 87, and the average number of particles per box is s = N/(8").

Step 1
Form multipole expansions ®,,; of potential field due to particles in each
box about the box centre at the finest mesh level, via Theorem 3.2.

Step 2

For levels [ =n—1,...,2,
Form multipole expansion ®; ; about the centre of each box at level [
by merging expansions from its eight children via Theorem 5.1.

®rj = Xkecy) IMMPri1 k-

Downward pass
Initialization
Set \1’1,1 = \1’172 == \1/1,8 = (0,0,,0)

Step 3

For levels | =2,...,n,
Form the expansion \i/l,j for each box j at level I, by using Theorem
5.3 to shift the local ¥ expansion of j’s parent to j itself.

U5 =ToLVi 1,p()-

Form ¥; ; by using Theorem 5.2 to convert the multipole expansion
®, i of each box k in the interaction list of box j to a local expansion
about the centre of box j, adding these local expansions together,
and adding the result to \i/l,j.

Uy =W+ She tise(5) ML L1 k-

Step 4
For each particle in each box j at the finest level n,
evaluate ¥, ; at the particle position.

Step §
For each particle in each box j at the finest level n,
compute interactions with particles in near neighbour boxes directly.
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Since s is the average number of particles per box at the finest level, there are
approximately N/s boxes in the tree hierarchy. Therefore, Step 1 requires
approximately Np? work, Step 2 requires (N/s)p* work, Step 3 requires
189(N/s) p* work, Step 4 requires N p? work, and Step 5 requires 27N s
work. Thus, a reasonable estimate for the total operation count is

N
191 (?) p* +2Np® + 27Ns. (6.1)

With s = 2p?, the operation count becomes approximately
150N p?. (6.2)

This would appear to beat the estimate (4.1) for any N, but there is a
subtle catch. The number of terms p needed for a fixed precision in the
Nlog N scheme is smaller than the number of terms needed in the FMM
described above. To see why, consider two interacting cubes A and B of unit
volume, with sources in A and targets in B. The worst-case multipole error
decays like (v/3/3)P, since v/3/2 is the radius of the smallest sphere enclosing
cube A and 3/2 is the shortest distance to a target in B. The conversion
of a multipole expansion in A to a local expansion in B, however, satisfies
an error bound which depends on the smallest sphere enclosing B as well as
the smallest sphere enclosing A. From equation (5.7), the worst case error is
less than (0.76)P, although with more detailed analysis, one can show that
the error is bounded by (0.75)P (Petersen, Smith and Soelvason 1995).

In the original FMM (Greengard and Rokhlin 1988a, Greengard 1988), it
was suggested that one redefine the nearest neighbour list to include ‘second
nearest neighbours,’” so that boxes which interact via multipole expansions
are separated by at least two intervening boxes of the same size. The error
can then be shown to decay approximately like (0.4)P. However, the number
of near neighbours increases from 27 to 125 and the size of the interaction
list increases from 189 to 875.

It is clear that the major obstacle to achieving reasonable efficiency at high
precision is the cost of the multipole to local translations (189p* operations
per box). There are several schemes that have been suggested for reducing
the cost of applying translation operators. The simplest is based on rotating
the coordinate system so that the vector connecting the source box B and
the target box C' lies along the z-axis, shifting the expansion along the z-axis,
and then rotating back to the original coordinate system.

6.1. The FMM using rotation matrices

We begin with the following obvious result.
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Lemma 6.1 Consider a harmonic function given by
m

2p)=3 3 (urm+ M) o),

n=0m=-n

where (r,8, ¢) are the spherical coordinates of the point P. If we rotate the
coordinate system through an angle 3 in the positive sense about the z-axis,
then
- < rm,.n MgL m /
®(P) = Z Z Lyr™ + e Y, (0,9'),

n=0m=—n

where (7,8, ¢') are the new coordinates of P,
LM =L"e™  and M™ = MMe™,

Definition 6.3 Given a rotation angle 3, the diagonal operator mapping
old multipole coefficients to rotated multipole coefficients (O — O ¢™¥)
will be denoted by R.(3).

We also need to be able to rotate the coordinate system about the y-axis.

Lemma 6.2 Consider a harmonic function given by
m
n

2p)=3 3 (e + M) v,

n=0m=-n

where (r,8, ¢) are the spherical coordinates of the point P. If we rotate the
coordinate system through an angle « in the positive sense about the y-axis,
then there exist coefficients R(n,m,m’, @) such that

= = rm' . n M;.n, m/
(D(P) = Z Z (Ln T +?m) Yn (0,,¢,),

n=0m'=—n

where (r, 6, ¢’) are the new coordinates of P,

Im = %" R(n,m,m, a)LT (6.3)
m=—n
and
M™M= 5" R(n,m,m,a)M. (6.4)
m=-n

Proof. See Biedenharn and Louck (1981) for a complete discussion and for a

variety of methods that can be used to compute the coefficients R(n, m, m/, ).
O
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Lemma 6.3 In order to shift a multipole expansion a distance p along the
z-axis, one can replace equation (5.3) with the simpler formula
Ok A% A:  pnY)(1,0)

k )
Mj = ZO i . (6.5)
n=| J

In order to convert a multipole expansion centred at the origin into a local
expansion centred at (0,0, p), one can replace equation (5.6) with the simpler
formula
© OmAkARYD  (1,0)
k _ n J J+n\>
LJ’ - Z (—1)n A9, pi+ntl” (6-6)
]+n

n=0

In order to translate the centre of a local expansion from the origin to the
point (0,0, p), one can replace equation (5.10) with the simpler formula

P OmAO AkYO (170),071—]

k _ n—j*7j
L _gj C 1)n+JA£ , (6.7)

Definition 6.4 Given a rotation angle «, the diagonal operator mapping
old multipole coeflicients to rotated multipole coeflicients according to for-
mula (6.3) or (6.4) will be denoted by Ry (). The special cases of the linear
operators Tarpr, Tprr, and 7, which shift a distance p in the 2-direction
according to the formulae (6.5), (6.6), and (6.7) will be denoted by T ,,(p),

Ty11(p), and T (p).

We can now combine Lemmas 6.1, 6.2 and 6.3 to obtain the desired fac-
torizations of Tasas, Timr, TorL-

Lemma 6.4
Tum = Ro(=B)Ry(—a)Tirn(p)Ry(a)R.(5),
Tur R(=B)Ry(—a)Tyy1(p)Ry(a)R:(B),
Tor = Ra(=B)Ry(—a)Ti(p)Ry()R:(8),
where (p, a, §) is the desired shifting vector.

Clearly, the cost of applying Tasas, Tarr, or 71 by means of the preceding
factorization is

O@") + 0(p*) + O(*) + O(p*) + O(p°).

Thus, the total computational cost of the FMM can be reduced to approx-
imately

N
191( )3;0 + 2Np? + 27Ns.

With s = 3p/2, the operation count becomes

270N p®/% 4+ 2N p2. (6.8)
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7. Mathematical preliminaries I1I

Over the last few years, a number of ‘fast’ or diagonal translation schemes
have been developed that require O(p?) work (Greengard and Rokhlin 19885,
Berman 1995, Elliott and Board 1996). Unfortunately, they are all subject
to certain numerical instabilities. The instabilities can be overcome, but at
additional cost, the details of which we leave to the cited papers.

The latest generation of fast algorithms is based on combining multipole
expansions with exponential or ‘plane wave’ expansions. The reason for
using exponentials is that translation corresponds to multiplication and,
like the earlier fast schemes, requires only O(p?) work. Unlike in the earlier
diagonal schemes, however, no numerical instabilities are encountered. The
two-dimensional theory is described in Hrycak and Rokhlin (1995), and we
present the three-dimensional theory here.

Remark 7.1 A complicating feature of the new approach is that siz plane
wave expansions will be associated with each box, one emanating from each
face of the cube. To fix notation, we will refer to the +2z direction as up, to
the —z direction as down; to the +y direction as north, to the —y direction
as south; to the +x direction as east, and to the —x direction as west. The
interaction list for each box will be subdivided into six lists, one associated
with each direction.

Definition 7.1 The Uplist for a box B consists of elements of the inter-
action list that lie above B and are separated by at least one box in the
+z direction (Figure 6). The Downlist for a box B consists of elements of
the interaction list that lie below B and are separated by at least one box
in the —z direction. The Northlist for a box B consists of elements of the
interaction list that lie north of B, are separated by at least one box in the
+y direction, and are not contained in the Up- or Downlists. The Southlist
for a box B consists of elements of the interaction list that lie south of B,
are separated by at least one box in the —y direction, and are not contained
in the Up- or Downlists. The FEastlist for a box B consists of elements of the
interaction list that lie east of B, are separated by at least one box in the +x
direction, and are not contained in the Up-, Down-, North-, or Southlists.
The Westlist for a box B consists of elements of the interaction list that lie
west of B, are separated by at least one box in the —z direction, and are
not contained in the Up-, Down-, North-, or Southlists.

It is easy to verify that the original interaction list is the union of the Up-,
Down-, North-, South-, East- and Westlists. It is also easy to verify that

C € Uplist(B) <« B € Downlist(C)
C € Northlist(B) < B € Southlist(C)
C € Eastlist(B) < B € Westlist(C). (7.1)



250 L. GREENGARD AND V. ROKHLIN

- T T T
. | I
I -‘--"'- 1 I

I
[] e I I
|

R P ot e e S e o T i i I o
\:-T::_W-a : E
1 i S e :
U T
‘—'H"‘:_-:!“'.H_F__‘_'
S 0o
E | B 7 v
B - |
W ey T Yl |
N
D

Fig. 6. The Uplist for the box B (see Definition 7.1)

Given a source location P = (zg, y9, 20) and a target location Q = (z,y, 2),
our starting point is the well-known integral representation (Morse and Fesh-
bach 1953, p. 1256)

1
V(@ —20)% + (y — y0) + (z — 20)2

— 1 / —)\(z zo)/ zz\(w o) cos a+(y—yo) sin &) da dX
or

= [T om0 @ - o + (- ) d, (72)

valid for z > zg.

To get a discrete representation, we must use an appropriate quadrature
formula. The inner integral, with respect to «, is easily handled by the
trapezoidal rule (which achieves spectral accuracy for periodic functions),
but the outer integral requires more care. Laguerre quadrature is an ap-
propriate choice here, but even better performance can be obtained using
generalized Gaussian quadrature rules (Yarvin and Rokhlin 1996). These
have been designed with the geometry of the interaction list in mind.

Because of the restriction that z > zp, we will assume, for the moment,
that the source P is contained in a box B and that the target @ lies in a
box C € Uplist(B). The following lemma describes several discrete approx-
imations of the double integral in (7.2) as double sums.
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Lemma 7.1 Let P € B and Q € C € Uplist(B), where B is a box of unit
volume. Then

1 9
k=1 J
where a; = 27j/M(k), and the weights wy,...,wg, nodes Ai,..., A, and

values M(1),..., M(9) are given in Section 12, Table 5. (The total number
of exponentials required is 109.)

g

(k)
e~ k((z—20)—i(z—20) cos a; — (y—yo) sin o]

<1073, (7.3)

ﬂ.

M(k)
Z Z —Ax[(z—20)—i(x—2x0) cos a; — (y—yo) sin o]

<1078, (7.4)
T'PQ k= 1 _

where a; = 2mj/M(k), and the weights wy,. .., wis, nodes Ay, ..., A1, and
values M (1), ..., M(18) are given in Section 12, Table 6. (The total number
of exponentials required is 558.)

<5x 1071,

‘ (7.5)
where «; = 2§ /M (k), and the weights ws,. .., w3p, nodes Ay,..., A3, and
values M(1),..., M(30) are given in Section 12, Table 7. (The total number
of exponentials required is 1751.)

Remark 7.2 The formulae (7.3)—(7.5) are somewhat complex, but have a
simple interpretation. The outer sums use the generalized Gaussian weights
and nodes {wg, Ax} obtained in Yarvin and Rokhlin (1996) to approxim-
ate the outer integral (with respect to A), while the inner sums use the
trapezoidal rule to approximate the inner integral (with respect to «). The
number of nodes in each inner integral depends on the value A\ for which the
integration is being performed, and is denoted by M (k). These are derived
from standard estimates concerning Bessel functions (Watson 1944, pp. 227,
255; Rokhlin 1995).

Remark 7.3 In the remainder of this paper, we will assume that the de-
sired precision ¢ is clear from the context, and will write

e—)\k(z—ZO)eiAk((Z—mo) cos aij+(y—yo) sin a;) <&, (76)

where a; = 27j /M (k). This is a mild abuse of notation, since the weights,
nodes and values M (k) depend on ¢ as well. The total number of exponential
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basis functions used will be denoted by S, so that

s(e)
Sexp = Y M(k).
k=1

Corollary 7.1 Let B be a box of unit volume centred at the origin con-
taining N charges of strengths {¢;, | = 1,..., N}, located at the points
{@Qi = (z1,y1,21), | = 1,...,N}. Then, for any P contained in Uplist(B),
the potential ®(P) satisfies

s(e) M(k) . .
‘I)(P) _ Z Z W(k,j)e—)\kzez/\k(zcosaj—f—ysmaj) < As, (77)
k=1 j=1
where A = YI¥ | |q;| and

N
W(k‘,]) — Z qie)\kzle—i/\k(z, cos a;+y; sinaj). (78)
=1
Corollary 7.2 (Diagonal translation) Let B be a box of unit volume
centred at the origin containing N charges of strengths {q;: l =1,...,N},
located at the points {@Q; = (z,y1,21) : 1l = 1,...,N} and let C be a box
in Uplist(B) centred at (z1,y1,21). For P € C, let the potential ®(P) be
approximated by the exponential expansion centred at the origin

s(e) M(k) - .
(I)(P) — Z W(k,j)e_)‘kzel)\k(z00501+y51naj) + 0(6) (79)
k=1 j=1
Then
s(e) M(k)
q)(P) _ V(k’j)e—/\k(z—zl)ei/\k((z—xl)cosaj+(y—y1)sinaj) + 0(6),
k=1 j=1
(7.10)
where
V(k,]) — W(k,]) e—)\kzlei)\k(zl cos aj +y1 sincxj)‘ (7‘11)

Definition 7.2 The diagonal operator mapping the original set of expo-
nential expansion coefficients {W (k, j)} to the shifted exponential expansion
coefficients {V(k,j)} according to (7.11) will be denoted by Dy, where

BC = (21,41, 21) is the vector from the centre of B to the centre of C.

In the FMM, we will be given the multipole expansion of a charge dis-
tribution for a box B rather than the charge distribution itself, and will
need to convert it to an exponential expansion. This is accomplished by the
following theorem.
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Theorem 7.1 Let B be a box of unit volume centred at the origin con-
taining N charges of strengths {q;, | = 1,..., N}, located at the points
{Qi = (=1, y1,21), I =1,...,N}. Let P € C € Uplist(B) and suppose that
the potential ®(P) is given as the multipole expansion

L 0). (7.12)
n= Om——n
Then
s(e) M(k)
Z Wk e~ Mz giAk(z cosajtysina;)| Age, (7.13)
k=1 j=1
where A = Z{\il lq:] and
oo o0 m
' wy ] ) M)
Wk, ) = (—imlemes M. (T14)
M (k) m:z_oo n%nl\/n_ JHn+m):

Proof. The formula (7.14) follows from the definitions (3.11) (3.12) and
(3.13). The estimate (7.13) follows from Corollary 7.1. O

Definition 7.3 The linear operator mapping a finite multipole expansion
{M:0<n<p —n<m<n}, to the corresponding set of coefficients
in an exponential expansion {W (k, j)} according to equation (7.14) will be
denoted by Carx.

Once the multipole expansion for a source box has been converted into
an exponential expansion (via Theorem 7.1) and translated to a target box
centre (via Corollary 7.2), we will need to convert the exponential expan-
sion back into a solid harmonic series. The following theorem provides the
necessary machinery.

Theorem 7.2 Let B be a box of unit volume containing N charges of
strengths {¢;, | = 1,..., N}, located at the points {Q; = (x;,y1,2), | =

., N}. Let P be contained in a box C' € Uplist(B), centred at the origin,
and suppose that the potential ®(P) is given as the exponential expansion

s(e) M(k
Z Z k J —)\kz z)\k(a:cosaj+ysmag | < Ag (7.15)

where A = "I |q;|. Then

O(P) - N LTY8,0)r"| < Ag, (7.16)
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where
(_,[:)|m| s(g) M(k) o
Ln - W—m)'(n%—m)' kzl(—)‘k) i=1 W(k,J)e h (717)

Proof. Equation (7.17) follows easily from the formula in Hobson (1955,
p. 123),

(z + iz cosa + iy sin a)” =

{ (cos ) +2 Zl (_n—i——m)'( 1)™ P (cos 8) cosm (¢ — a)} ,
where (r,8,¢) are the spherical coordinates of the point with Cartesian
coordinates (z,y,z). O

Definition 7.4 The linear operator mapping the set of coefficients in an
exponential expansion {W(k,j)} to the coefficients in the corresponding
truncated solid harmonic expansion {L* : 0 < n < p, —n < m < n},
according to equation (7.17) will be denoted by Cx .

Remark 7.4 Theorems 7.1 and 7.2, like Theorem 5.2, are not quite the
right tools needed to obtain rigorous error estimates for the FMM. In both
cases, we have ignored the fact that the multipole and local expansions are
truncated. It is straightforward but tedious to derive precise estimates, and
we ignore this issue in the present paper. We should note that the nature of
such estimates depends on how the multipole-to-exponential, multipole-to-
solid harmonic or exponential-to-solid harmonic conversion is carried out.
Formulae (7.14), (7.17) and (5.6) are the easiest to derive, being the Taylor
expansions of the potential ®. However, each of these conversions is simply
a linear mapping from one set of basis functions to another. The formulae
(7.17), (7.14), and (5.6) can be shown to correspond to minimizing the Lo
error on the surface of a sphere enclosing the given source or target box.
One could choose a variety of other possible projections, such as minimizing
the Lo or Lo error on the surface of the corresponding box itself.

Remark 7.5 By inspection of formula (7.14), it is clear that the cost of
applying the operator Tasx is p?s(€) + pSexp- The same is true for the
operator Txr. It is also worth noting that Fast Fourier Transforms can be
used to reduce the cost of the outer sum in the truncated version of formula
(7.14) and the inner sum in the truncated version of formula (7.17).

Corollary 7.3 (Multipole to local factorization) Let B be a box
of unit volume and C a box in Uplist(B). If Ty is the translation oper-
ator converting the multipole expansion centred in B to the local expansion
centred in C, then

Tarr = Cx1 Dy Carx- (7.18)
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Remark 7.6 It is important to note that Lemma 7.1 provides a carefully
designed quadrature formula which assumes that the source box B has unit
volume and that the target is in B’s Uplist. In order to use these quadrature
weights and nodes, we need to rescale the multipole and local expansions so
that the box dimension always has unit volume. To accomplish this, if

Z Z i Yn (0,9) (7.19)

n= Om-—n

is the multipole expansion for a box B of volume d2, we simply write

n m | qn+1
Z > A({,/ﬁH)YJ"(G,@- (7.20)
n=0m=-—-n

The local expansion for a target box in B’s interaction list is accumulated
as

Z Z LY d’Yk(o ¢)( ) (7.21)

Jj=0k=~j

Corollary 7.4 (Scaled multipole to local factorization) Let B be a
box of volume d* and C a box in Uplist(B), with the vector from the centre
of B to the centre of C given by (z1,y1, 21). If Tasy, is the translation oper-
ator converting the multipole expansion centred in B to the local expansion
centred in C, then

Tymr = Da L Cx1D5aCrmx Daus (7.22)
where
Dy MT = MT/d"*!, DyrL7 = L7/d",

and BC = BC/d.

The cost of a single multipole-to-local translation using the factorization
of Corollary 7.4 is

2p% + 2p?s(€) + 2pSexp = 20,

since s ~ p and S.,, 2 p?. If each translation were carried out in this man-
ner, we would not improve on the rotation-based scheme discussed in Section
6.1. However, once the multipole expansion for a box B has been converted
to an exponential expansion (via the application of Dy s and Carx), it can
be translated to each box in its Uplist at a cost of S.,, & p? operations.
Conversely, once a box B has accumulated all the exponential expansions
transmitted from its Downlist (see equation (7.1)), a single application of
the operators Cxy, and Dy 1 yields the local harmonic expansion describing
the field due to the sources in the Downlist of box B (Figure 7).

Up to this point, we have considered only the exponential representation
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Multipole Local
representation representation
[ my T m

P P
2
ey ) =
\\Eg) % Exp
Exponential Exponential
representation representation

Fig. 7. In the new FMM, a large number of multipole-to-local translations,
costing O(p®) or O(p*) work, can be replaced by a large number of exponential
translations, costing O(p?) work

needed to shift information in the upward (+z) direction. As noted in the
beginning of this section, however, there are six outgoing directions that
need to be accounted for. The most straightforward way of generating the
appropriate expansions is to rotate the coordinate system so that the z-axis
points in the desired direction. The following lemma provides the necessary
formulae.

Lemma 7.2 Let B be a box of volume d® and C a ‘target’ box. Let Tay,
be the translation operator converting the multipole expansion centred in B

to the local expansion centred in C.
If C € Downlist(B), then

Tit™ = Da,r Ry(~7) Cx1 D5z Crx Ry(m) Dy -
If C € Eastlist(B), then
Tart' = Dar Ry(—7/2) Cx 1. Dz Crx Ry(n/2) Dy
If C € Westlist(B), then
Tar* = Da,r. Ry(7/2) Cx1Dpp Crrx Ry(—7/2) Damr-
If C € Northlist(B), then
Tai™ = Dap Ry(—7/2) R (—7/2) Cx 1 Py Crx Ry(m/2) Rao(m/2) Dy -
If C € Southlist(B), then
Tt = Dy, r Ry(m/2) Ro(—=7/2) Cx 1 DgeCrmx Ry(—7/2) R(7/2) Dy p,

where BC is the appropriately scaled vector from the centre of B to the
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centre of C in the rotated coordinate system. The operators R, and R, are
defined in Section 6.1.

Definition 7.5 Let 7, A‘,}‘I’J be given by the operator Ty, defined in equation
(7.22). Then, for Dir € {Up, Down, East, West, North, South}, we will write

Dir __ Dir Di
TH8 = QP D POV,

so that
Q" = Dy1Cxr,
P = Cuyx Dam,
QP = Dy Ry(—7)CxL,
PP = Cuyrx Ry(m) Do,
etc.

We are now in a position to describe the new FMM in detail.

8. The new FMM

ALGORITHM 2

The parent of a box 7 will be denoted by p(j). The list of children of a
box j will be denoted by ¢(j). For each box j, the ‘outgoing’ exponential
expansion with coefficients {W(n,m) : 1 < n < s(¢), 1 < m < M(n)},
will be denoted by W;. We will also associate an ‘incoming’ exponential
expansion with each box, denoted by V.

Upward pass

Initialization

Choose the number of refinement levels n ~ logg N, and the order of the
multipole expansion desired p. The number of boxes at the finest level is
then 8", and the average number of particles per box is s = N/(8").

Step 1
Form multipole expansions ®,; of potential field due to particles in each
box about the box centre at the finest mesh level, via Theorem 3.2.

Step 2

Do forlevelsl=n~-1,...,2,
Form multipole expansion ®; ; about the centre of each box at level [
by merging expansions from its eight children via Theorem 5.1.

D15 = 2kee(s) Tum @it k-

(In applying Tasa, use the factorization of Lemma 6.4.)
End do
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Downward pass

Initialization

Set \111,1 = \111’2 == ‘1/1,8 = (0,0,...,0).
Step A

Do for levels | = 2,...,n,

Form the expansion \ill,j for each box j at level [ by using
Theorem 5.3 to shift the local ¥ expansion of j’s parent to j itself.

‘i,lJ = TLL\I/Z"LP(]).
(In applying 77z, use the factorization of Lemma 6.4.) Set ¥, ; = ‘i’l,j-

Step 3B

For each direction Dir = Up, Down, North, South, East, West, the opposite
direction will be denoted by —Dir, so that —Up = Down, —Down = Up,
etc. Thus, if a box B sends an outgoing expansion in direction Dir to Box
C on its Dirlist, then C' can be viewed as receiving the expansion from B
which is an element of its —Dirlist (see equation (7.1)).

Do for Dir = Up, Down, North, South, East, West,
For each box j at level [, convert the multipole expansion ®; ;
into the ‘outgoing’ exponential expansion for direction Dir.

W]‘ = PDircbl’j.
For each box j at level I, collect the ‘outgoing’ exponential

expansions from the —Dirlist of box 7 as an ‘incoming’
exponential expansion

Vi = ke Dirtist Dk“j Wk,

where k; j is the appropriately scaled vector from the centre of
box k to the centre of box j in the rotated coordinate system.

For each box j at level [, convert the accumulated ‘incoming’
exponential expansion V; into a local harmonic expansion and
add result to ¥, ;.
q’l,j — \IJl,j + QDirV}.
End do
End do

Step 4
For each particle in each box j at the finest level n,
evaluate ¥, ; at the particle position.

Step 5
For each particle in each box j at the finest level n,
compute interactions with particles in near neighbour boxes directly.
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Since we are using the rotation scheme for applying 7asas and 717, in Steps 2
and 3A, these now require a total of 3p® (N/s) work, where s is the number
of particles per box on the finest level. In Step 3B, the applications of
the multipole to exponential operators PP and the exponential-to-local-
operators QP'r require a total of approximately 6p3(NN/s) work, while the
exponential translations require approximately 189 p? (N/s) work. The total
operation count is therefore of the order

N N
189?p2+2Np2+27Ns+6;p3.

With s = 2p, the total operation count is about
150 N p 4+ 5N pZ.

8.1. Current improvements

There are several ways in which the algorithm described above has been
accelerated. Symmetry considerations, for example, allow the pairs of oper-
ators {PUp PpPDown}  (pNorth ‘pSouth} “and {PEast pWestl 5 be applied sim-
ultaneously. The same is true for the adjoint pairs {QYP, QP°""}  ete. Thus,
the 6 p>(N/s) work needed in Step 3B can be replaced by 3 p3(N/s) work.

Even more significant is the fact that the number of translations per box
can be reduced from 189 to less than 40. To see why, suppose that a box B
at level | has eight children, denoted By,..., Bg, and that boxes C1,...,C
lie in the Uplist of each child. In the new FMM described above, we accu-
mulated an ‘incoming’ exponential expansion in each box C; as

8
‘/j = Z DBij Wk’
k=1

where W, is the ‘outgoing’ exponential expansion for By. Repeating this for
j =1,...,J requires a total of 8 J translations. Since all translations are
diagonal, however, it is easy to verify that

8

Vi = 2 Ds5DasWe
k=1

8
= DBCJ- Z DBk_BWk'
k=1

Thus, by first merging the ‘outgoing’ expansions, and then translating their
sum to each target box C, only 8 + J translations are needed. It should
be emphasized that this improvement relies on the diagonal form of the
operators. One could try to merge expansions in this manner in the context
of the original FMM, but the local expansion coefficients computed with and
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without merging would not be the same. There would be a significant loss
of precision, consistent with the error bound (5.7).

8.2. Further improvements

There are several ways in which the scheme can be accelerated that have not
been incorporated into the existing code. The most significant of these is
probably a change in the choice of the translation operators Tpspr and Tpp,
as well as the multipole-to-exponential and exponential-to-local conversion
operators Caprx and Cxy. As mentioned previously, the obvious formulae
(5.3), (5.10), (7.14), and (7.17) are obtained via Taylor expansion and are
clearly not optimal. Preliminary numerical experiments indicate that repla-
cing them with more carefully optimized tools will reduce the cost of these
calculations within the FMM by a factor of three. Furthermore, the im-
provement described in Remark 7.5 has not yet been implemented; we are
using the explicit matrix form of the discrete Fourier transform in applying
Cumx and Cxp, rather than the FFT.

The incorporation of all these modifications is likely to reduce the overall
cost by a factor of two.

9. Numerical results

The new FMM has been implemented in Fortran 77 and tested on uniform
random distributions. The results of our experiments are summarized in
Tables 1-4, with all times calculated in seconds using a Sun Ultra-1/140
workstation. In each table, the first column lists the number of particles,
the second column lists the number of levels used in the multipole hierarchy,
the third column lists the order of the multipole expansion used, and the
fourth column lists the corresponding number of exponential basis functions.
Columns five and six indicate the times required by the FMM and the direct
calculation, respectively, and column seven lists the {2 norm of the error in
the FMM approximation

~ 1/2
B ( iy |9(zi) — ‘I’(l‘z’)|2>
Yty @(xs)?
For the largest simulations, with N > 10000, we have carried out the direct
calculation on a subset of only 100 particles. The stated times, indicated in

parentheses, are then computed by extrapolation and the errors are obtained
by restricting the formula (9.1) to this subset.

(9.1)
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Table 1. Timing results for the FMM using fifth-order expansions and
twenty-eight exponential basis functions

N | Levels p Sexp TFMM Tdir Error
500 3 5 28 0.18 020 45x1073
5000 4 5 28 1.9 201  7.6x1073
40000 5 5 28 20 (1461) 7.0x 1073
300000 6 5 28 175 (82475) 1.3 x 1072

Table 2. Timing results for the FMM using ninth-order expansions and 109
exponential basis functions

N | Levels p  Sexp Trmm Tair Error
2000 3 9 109 1.4 337 14x10¢
10000 4 9 109 7.9 83 3.6x 10~
80000 5 9 109 111 (5838) 4.1 x107*

Table 3. Timing results for the FMM using eighteenth-order expansions
and 558 exponential basis functions

N |Levels p  Sexp Trmm Tair Error
4000 3 18 558 8.3 13.4 1.1 x 1077
25000 | 4 18 558 68  (567) 1.5x10-7

150000 5 18 558 495 (20100) 1.9 x 1077

Table 4. Timing results for the FMM using thirtieth-order expansions and
1751 ezponential basis functions

N | Levels p  Sexp Trmm Tair Error

5000 3 30 1751 22 20.8 6.2x 10712
50000 4 30 1751 316  (2280) 6.2 x 10712
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10. Extensions and generalizations

The scheme presented in this paper is not adaptive and assumes that the
distribution of points is reasonably uniform in space. In order to handle
more general distributions, one needs to allow some regions to be subdivided
into finer refinement levels than others. Adaptive structures of this type
have been designed by several groups (Carrier et al. 1988, Van Dommelen
and Rundensteiner 1989, Nabors et al. 1994) and we are in the process of
incorporating these structures into the new FMM.

While a number of techniques now exist for high-frequency scattering
problems (Rokhlin 1988, 1990, 1993, Canning 1989, 1992, 1993, Coifman
and Meyer 1991, Bradie et al. 1993, Coifman et al. 1993, 1994, Wagner
and Chew 1994, Epton and Dembart 1995), an important generalization of
the algorithm of this paper is to the calculation of potentials governed by
the Helmholtz equation at low frequency. By this we mean an environment
in which the region of interest is no more than a few wavelengths in size,
but contains a large number of discretization points (for example, due to the
complexity of some structure being modelled). Algorithms for such problems
are currently being designed.

11. Conclusions

A new version of the FMM has been developed. It is based on a new diag-
onal form for translation operators, and is significantly faster than previous
implementations at any desired level of precision. Of particular interest is
the fact that high precision calculations have been brought within practical
reach.
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12. Tables: quadrature weights and nodes
Table 5. Columns 1 and 2 contain the nine weights and nodes needed for

discretization of the outer integral in (7.2) at three-digit accuracy. Column
3 contains the number of discretization points needed in the inner integral,

which we denote by M (k)

Node Weight M(k)
0.09927399673971  0.24776441819008 4
0.47725674637049  0.49188566500464 7
1.05533661382183  0.65378749137677 11
1.76759343354008 0.76433038408784 15
2.57342629351471 0.84376180565628 20
3.44824339201583  0.90445883985098 20
4.37680983554726  0.95378613136833 24
5.34895757205460 0.99670261613218 7
6.35765785313375  1.10429422730252 1
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Table 6. Columns 1 and 2 contain the eighteen weights and nodes for
discretization of the outer integral in (7.2) at siz-digit accuracy. Column 3

contains the number of discretization points needed in the inner integral,
which we denote by M (k)

Node Weight M(k)
0.05278852766117 0.13438265914335 5
0.26949859838931  0.29457752727395 8
0.63220353174689  0.42607819361148 12
1.11307564277608 0.53189220776549 16
1.68939496140213 0.61787306245538 20
2.34376200469530 0.68863156078905 25
3.06269982907806  0.74749099381426 29
3.83562941265296  0.79699192718599 34
4.65424734321562  0.83917454386997 38
5.51209386593581  0.87570092283745 43
6.40421268377278  0.90792943590067 47
7.32688001906175 0.93698393742461 51
8.27740099258238 0.96382546688788 56
9.25397180602489  0.98932985769673 59

10.25560272374640 1.01438284597917 59
11.28208829787774  1.04003654374165 51
12.33406790967692 1.06815489269567 4

13.41492024017240

1.10907580975537

1
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Table 7. Columns 1 and 2 contain the thirty weights and nodes for
discretization of the outer integral in (7.2) at ten-digit accuracy. Column 3
contains the number of discretization points needed in the inner integral,
which we denote by M (k)

Node Weight M(k)
0.03239542384523  0.08289159611006 7
0.16861844033714 0.18838810673274 10
0.40611377169029 0.28485143005306 14
0.73466473057596  0.37041553715895 18
1.14340561998398  0.44539043894975 22
1.62232408412252  0.51100452150290 26
2.16276138867422 0.56865283856139 30
2.75739199003682 0.61958013174010 35
3.40002470112078  0.66481004321965 39
4.08539104793552  0.70517204769960 43
4.80897515497095 0.74134967169016 48
5.56688915983444  0.77392103530415 53
6.35578243654166 0.80338600122756 57
7.17277232990713  0.83018277269650 62
8.01538803542112 0.85469824839953 66
8.88152313049502  0.87727539085565 71
9.76939480982937  0.89821948245755 76

10.67750922034750 0.91780416582368 80
11.60463289992789 0.93627766216629 85
12.54977061299652 0.95386940504388 89
13.51215012257297  0.97079739700556 94
14.49121482655196  0.98727684670885 97
15.48662587630224 1.00353112433459 103
16.49827659770404  1.01980697905712 107
17.52632405530625 1.03639774457222 110
18.57124579700721 1.05368191266322 112
19.63393428118300 1.07219343903929 108
20.71585163675095 1.09278318162014 84
21.81939113866225 1.11737373706779 4

22.95080495008893

1.15786184931141
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Among the iterative methods for solving large linear systems with a sparse
(or, possibly, structured) nonsymmetric matrix, those that are based on the
Lanczos process feature short recurrences for the generation of the Krylov
space. This means low cost and low memory requirement. This review article
introduces the reader not only to the basic forms of the Lanczos process and
some of the related theory, but also describes in detail a number of solvers that
are based on it, including those that are considered to be the most efficient
ones. Possible breakdowns of the algorithms and ways to cure them by look-
ahead are also discussed.
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1. Introduction

The task of solving huge sparse systems of linear equations comes up in
many if not most large-scale problems of scientific computing. In fact, if
tasks were judged according to hours spent on them on high-performance
computers, the one of solving linear systems might be by far the most im-
portant one. There are two types of approach: direct methods, which are
basically ingenious variations of Gaussian elimination, and iterative ones,
which come in many flavours. The latter are the clear winners when we
have to solve equations arising from the discretization of three-dimensional
partial differential equations, while for two-dimensional problems none of
the two approaches can claim to be superior in general.

Among the many existing iterative methods, those based on the Lanczos
process — and we consider the conjugate gradient (CG) method to be in-
cluded in this class — are definitely among the most effective ones. For
symmetric positive definite systems, CG is normally the best choice, and
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arguments among users are restricted to which preconditioning technique to
use and whether it is worthwhile, or even necessary, to combine the method
with other techniques such as domain decomposition or multigrid.

For nonsymmetric (or, more correctly, non-Hermitian) systems it would
be hard to make a generally accepted recommendation. There are dozens
of algorithms that are generalizations of CG or are at least related to it.
They fall basically into two classes: (i) methods based on orthogonalization,
many of which feature a minimality property of the residuals with respect
to some norm, but have to make use of long recurrences involving all pre-
viously found iterates and residuals (or direction vectors), unless truncated
or restarted, in which case the optimality is lost; and (ii) methods based
on biorthogonalization (or, duality) that feature short recurrences and a
competitive speed of convergence. It is the latter class that is the topic of
this article. The gain in memory requirement and computational effort that
comes from short recurrences is often crucial for making a problem solv-
able. While computers get faster and memory cheaper, users turn to bigger
problems, so that efficient methods become more rather than less important.

The application of recursive biorthogonalization to the numerical solu-
tion of eigenvalue problems and linear systems goes back to Lanczos (1950,
1952) and is therefore referred to as the Lanczos process. In its basic form,
the process generates a pair of biorthogonal (or, dual) bases for a pair of
Krylov spaces, one generated by the coefficient matrix A and the other by
its Hermitian transpose or adjoint A*. This process features a three-term
recurrence and is here called Lanczos biorthogonalization or B1O algorithm
(see Section 2). A variation of it, described in the second Lanczos paper,
applies instead a pair of coupled two-term recurrences and is here referred
to as BIOC algorithm, because it produces additionally a second pair of
biconjugate bases (see Section 7). Both these algorithms can be applied for
solving a linear system Ax = b or for finding a part of the spectrum of
A. For the eigenvalue problem it has so far been standard to use the B1O
algorithm, but there are indications that this may change in the future (see
the comments in Section 7).

The emphasis here is neither on eigenvalue problems nor on symmetric
linear systems, but on solving nonsymmetric systems. Although the determ-
ination of eigenvalues is based on the same process, its application to this
problem has a different flavour and is well known for additional numerical
difficulties. Moreover, for the eigenvalue problem, the spectrum of a tridiag-
onal matrix has to be determined in a postprocessing step. For generality,
our formulations include complex systems, although the methods are mainly
applied to real data.

For symmetric positive definite systems, the Lanczos process is equival-
ent to the conjugate gradient (CG) method of Hestenes and Stiefel (1952),
which has been well understood for a long time and is widely treated in the
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literature. Related algorithms for indefinite symmetric systems are also well
known. Therefore, we can concentrate on the nonsymmetric case.

For an annotated bibliography of the early work on the CG and the
Lanczos methods we refer to Golub and O’Leary (1989). The two Lanczos
papers are briefly reviewed in Stewart (1994).

There are several ways of solving linear systems iteratively with the Lan-
czos process. Like any other Krylov space method, the Lanczos process
generates a nested sequence of Krylov subspaces! K,: at each step, the
so far created basis {yo,...,¥n-1} is augmented by a new (right) Lanczos
vector y, that is a linear combination of Ay,_1 and the old basis. The
starting vector yg is the residual of some initial approximation xp, that is,
yo := b— Axg. The nth approximation x,, (the nth ‘iterate’) is then chosen
to have a representation

n
Xp = X + Zyjﬁj so that x, — xq¢ € KC,,. (1.1)
j=0

This is what characterizes a Krylov space solver. Note, however, that the
algorithms to be discussed will not make use of this representation since it
would require us to store the whole Krylov space basis. It is a feature of
all competitive Lanczos-type solvers that the iterates can be obtained with
short recurrences.

The Lanczos process is special in that it generates two nested sequences of
Krylov spaces, one, {K,}, from A and some yy, the other, {,} from A* and
some yo. The iterates of the classical Lanczos-type solver, the biconjugate
gradient (BICG) method, are then characterized by K, L r,, where r, :=
b — Ax,, is the nth residual. N

In the ‘symmetric case’, when A is Hermitian and yo = yg, so that K, =
K, (for all n), this orthogonality condition is a Galerkin condition, and the
method reduces to the conjugate gradient (CG) method, which is known to
minimize the error in the A-norm when the matrix is positive definite. Of
course, the minimization is subject to the condition (1.1). By replacing in
the symmetric case the orthogonality by A-orthogonality, that is, imposing
Kn L Ar,, we obtain the conjugate residual (CR) or minimum residual
method — a particular algorithm due to Paige and Saunders (1975) is called
MINRES, see Section 5 — with the property that the residual is minimized.
As a consequence, the norm of the residuals decreases monotonically.

_ For non-Hermitian matrices A the two Krylov spaces are different, and
K, L r, becomes a Petrov—Galerkin condition. In the BICG method the
short recurrences of CG and CR survive, but, unfortunately, the error and
residual minimization properties are lost. In fact, in practice the norm of

! Throughout the paper we refer for simplicity mostly to Krylov spaces, not subspaces,
as do many other authors.
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the residuals sometimes increases suddenly by orders of magnitude, but also
reduces soon after to the previous level. This is referred to as a peak in
the residual norm plot, and when this happens several times in an example,
BICG is said to have an erratic convergence behaviour.

There are two good ways to achieve a smoother residual norm plot of
BICG. First, one can pipe the iterates x, and the residuals r, of BICG
through a simple smoothing process that determines smoothed iterates X,
and r, according to

Xn = Xp—1(1 — 0p) + Xnbn, Tpn:=Tp_1(1—0y)+r,6,,

where 6, is chosen such that the 2-norm of T, is as small as possible. This
simple recursive weighting process is very effective. It was proposed by
Schénauer (1987) and further investigated by Weiss (1990). Now it is re-
ferred to as minimal residual (MR) smoothing; we will discuss it in Sec-
tion 17.

An alternative is the quasi-minimal residual (QMR) method of Freund
and Nachtigal (1991), which does not use the BICG iterates directly, but
only the basis {y;} of K, that is generated by the Lanczos process. The
basic idea is to determine iterates x,, so that the coordinate vector of their
residual with respect to the Lanczos basis has minimum length. This turns
out to be a least squares problem with an (n + 1) x n tridiagonal matrix,
the same problem as in MINRES; see Section 5.

QMR can also be understood as a harmonic mean smoothing process
for the residual norm plot, and therefore, theoretically, neither QMR nor
MR smoothing can really speed up the convergence considerably. In prac-
tice, however, it often happens that straightforward implementations of the
BiCG method converge more slowly than a carefully implemented QMR
algorithm (or not at all).

At this point we should add that there are various ways to realize the
BICG method (see Sections 4, 8 9), and that they all allow us to com-
bine it with a smoothing process. In theory, the various algorithms are
mathematically nearly equivalent, but with respect to round-off they differ.
And round-off is indeed a serious problem for all Lanczos process based al-
gorithms with short recurrences: when building up the dual bases we only
enforce the orthogonality to the two previous vectors; the orthogonality to
the earlier vectors is inherited and, with time, is more and more lost due to
round-off. We will discuss this and other issues of finite precision arithmetic
briefly in Section 18.

In contrast to smoothing, an idea due to Sonneveld (1989) really increases
the speed of convergence. At once, it eliminates the following two disad-
vantages of the nonsymmetric Lanczos process: first, in addition to the
subroutine for the product Ax that is required by all Krylov space solv-
ers, BICG also needs one for A*x; second, each step of BICG increases
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the dimension of both /C,, and i&n by one and, naturally, needs two matrix-
vector multiplications to do so, but only one of them helps to reduce the
approximation error by increasing the dimension of the approximation space.
To explain Sonneveld’s idea we note that every vector in the Krylov space
Krn+1 has a representation of the form p,(A)yo with a polynomial of degree
at most n. In the standard version of the BICG method, the basis vectors
generated are linked by this polynomial:

Yn = pn(A)yOa g’n = p—n(A*)S;O

Here, the bar denotes complex conjugation of the coefficients. Since y,
happens to be the residual r, of x,, p, is actually the residual polynomial.
Sonneveld found with his conjugate gradient squared (CGS) algorithm a
method where the nth residual is instead given by r, = p2(A)yo € Kop.
Per step it increases the Krylov space by two dimensions. Moreover, the
transpose or adjoint matrix is no longer needed. In practice, the conver-
gence is indeed typically nearly twice as fast as for BICG, and thus also in
terms of matrix-vector multiplications the method is nearly twice as effect-
ive. However, it turns out that the convergence is even more erratic. We
will refer to this method more appropriately as biconjugate gradient squared
(BICGS) method and treat various forms of it in Section 14.

To get smoother convergence, van der Vorst (1992) modified the ap-
proach in his BICGSTAB algorithm by choosing residuals of the form r, =
(At (A)yo € Kaop, where the polynomials ¢, are built up in factored form,
with a new zero being added in each step in such a way that the residual
undergoes a one-dimensional minimization process. This method was soon
enhanced further and became the germ of a group of methods that one might
call the BICGSTAB family. It includes BICGSTAB2 with two-dimensional
minimization every other step, and the more general BICGSTAB(¥) with ¢-
dimensional minimization after a compound step that costs 2¢ matrix-vector
products and increases the dimension of the Krylov space by 2¢. The BICG-
STAB family is a subset of an even larger class, the Lanczos-type product
methods (LTPMs), which are characterized by residual polynomials that are
products of a Lanczos polynomial p,, and another polynomial ¢, of the same
degree. All LTPMs are transpose-free and gain one dimension of the Krylov
space per matrix-vector multiplication. Basically an infinite number of such
methods exist, but it is not so easy to find one that can outperform, say,
BICGSTAB2. One that seems to be slightly better is based on the same
idea as BICGSTAB2 and, in fact, requires only the modification of a single
condition in the code. We call it BICGxMR2. It does a two-dimensional
minimization in each step. LTPMs in general and the examples mentioned
here are discussed in Section 16.

Another good idea is to apply the QMR approach suitably to BICGS.
The resulting transpose-free QMR (TFQMR) algorithm of Freund (1993)
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can compete in efficiency with the best LTPMs; we treat it in Section 15. It
is also possible to apply the QMR approach to LTPMs; see the introduction
of Section 16 for references.

A disadvantage of Krylov space methods based on the Lanczos process
is that they can break down for several reasons (even in exact arithmetic).
Particularly troublesome are the ‘serious’ Lanczos breakdowns that occur
when

<§'n7Yn> =0, but y, 7& 0, yn 7é 0.

Though true (‘exact’) breakdowns are extremely unlikely (except in con-
trived or specially structured examples), near-breakdowns can be (but need
not be) the cause for an interruption or a slow-down of the convergence.
These breakdowns were surely among the reasons why the BICG method
was rarely used over decades. However, as problem sizes grew, it became
more and more important to have a method with short recurrences. Fortu-
nately, it turned out that there is a mathematically correct way to circum-
vent both exact and near-breakdowns. The first to come up with such a
procedure for the B1O algorithm for eigenvalue computations were Parlett,
Taylor and Liu (1985), who also coined the term ‘look-ahead’. In their view,
this was a generalization of the two-sided Gram-Schmidt algorithm. In 1988
look-ahead was rediscovered by Gutknecht from a completely different per-
spective: for him, look-ahead was a translation of general recurrences in the
Padé table, and a realization of what Gragg (1974) had indicated in a few
lines long before. Although classical Padé and continued fraction theory
put no emphasis on singular cases, the recurrences for what corresponds
to an exact breakdown had been known for a long time. Moreover, it was
possible to generalize them in order to treat near-breakdowns. This theory
and the application to several versions of the BICG method are compiled
in Gutknecht (1992, 1994a). The careful implementation and the numerical
tests of Freund, Gutknecht and Nachtigal (1993) ultimately proved, that all
this can be turned into robust and eflicient algorithms. Many other authors
have also contributed to look-ahead Lanczos algorithms; see our references
in Section 19. Moreover, the basic idea can be adapted to many other related
recurrences in numerical analysis.

Here, we describe in Section 3 in detail the various ways in which the
B10O algorithm can break down or terminate. Throughout the manuscript
we then point out under which conditions the other algorithms break down.
Although breakdowns are rare, knowing where and why they occur is im-
portant for learning how to avoid them and for gaining a full understanding
of Lanczos-type algorithms. Quality software should be able to cope with
breakdowns, or at least indicate to the user when a critical situation occurs.
Seemingly, we only indicate exact breakdowns, but, of course, to include
near-breakdowns the conditions ‘= o’ and ‘= 0’ just have to be replaced
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by other appropriate conditions. In practice, however, the question of what
‘appropriate’ means is not always so easy to answer. It is briefly touched on
in Section 19.

The derivations of the look-ahead B1O and BIOC algorithms we present
are based on the interpretation as two-sided Gram—Schmidt process. The
algorithms themselves are improved versions with reduced memory require-
ment. The look-ahead BIO algorithm makes use of a trick hidden in Freund
and Zha (1993) and pointed out in Hochbruck (1996). We establish this
simplification in a few lines, making use of a result from Gutknecht (1992).
For the look-ahead B1OC algorithm the simplification is due to Hochbruck
(1996), but also proved here in a different way.

We give many pointers to the vast literature on Krylov space solvers
based on the Lanczos process, but treating all the algorithms proposed is far
beyond our scope. In fact, this literature has grown so much in the last few
years that we have even had to limit the number of references. Moreover,
there must exist papers we are unaware of. Our intention is mainly to give
an easy introduction to the nonsymmetric Lanczos process and some of the
linear system solvers based on it. We have tried in particular to explain the
underlying ideas and to make clear the limitations and difficulties of this
family of methods. We have chosen to treat those algorithms that we think
are important for understanding, as well as those we think are among the
most effective.

There are many aspects that are not covered or only briefly referred to.
First of all, the important question of convergence and its deterioration due
to numerical effects is touched on only superficially. Also, we do not give
any numerical results, since giving a representative set would have required
considerable time and space. In fact, while straightforward implementation
of the algorithms requires little work, we believe that the production of
quality software taking into account some of the possible enhancements we
mention in Section 18 — not to speak of the look-ahead option that should be
included — requires considerable effort. Testing and evaluating such software
is not easy either, as simple examples do not show the effects of the enhance-
ments, while complicated ones make it difficult to link causes and effects. To
our knowledge, the best available software is Freund and Nachtigal’s QM-
RPACK, which is freely available from NETLIB, but is restricted to various
forms of the QMR and TFQMR methods; see Freund and Nachtigal (1996).

While we are aware that in practice preconditioning can improve the con-
vergence of an iterative method dramatically and can reduce the overall
costs, we describe only briefly in Section 11 how preconditioners can be in-
tegrated into the algorithms, but not how they are found. For a survey of
preconditioning techniques we refer, for example, to Saad (1996).

Also among the things we skip are the adaptations of the Lanczos method
to systems with multiple right-hand sides. Recent work includes Aliaga,
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Hernandez and Boley (1994) and Freund and Malhotra (1997), which is
an extension of Ruhe’s band Lanczos algorithm (Ruhe 1979) blended with
QMR.

The Lanczos process is closely linked to other topics with the same math-
ematical background, in particular, formal orthogonal polynomials, Padé
approximation, continued fractions, the recursive solution of linear systems
with Hankel matrix, and the partial realization problem of system theory.
We discuss formal orthogonal polynomials (FOPs) briefly in Section 12, but
the other topics are not touched on. For the Padé connection, which is very
helpful for understanding breakdowns and the look-ahead approach to cure
them, we refer to Gutknecht (1994b) for a simple treatment. The relation-
ship is described in much more detail and capitalized upon in Gutknecht
(1992, 1994a), where Lanczos look-ahead for both the B1O and the BIOC
process was introduced based on this connection. The relations between vari-
ous look-ahead recurrences in the Padé table and variations of look-ahead
Lanczos algorithms are also a topic of Hochbruck (1996). A fast Hankel
solver based on look-ahead Lanczos was worked out in detail in Freund and
Zha (1993). For the connection to the partial realization problem; see Boley
(1994), Boley and Golub (1991), Golub, Kagstrom and Van Dooren (1992),
and Parlett (1992).

In the wider neighbourhood of the Lanczos process we also find the Eu-
clidean algorithm, Gauss quadrature, the matrix moment problem and its
modified form, certain extrapolation methods, and the interpretation of con-
jugate direction methods as a special form of Gauss elimination. But these
subjects are not treated here.

A preliminary version of a few sections of this overview was presented as an
invited talk at the Copper Mountain Conference on Iterative Methods 1990
and was printed in the Preliminary Proceedings distributed at the conference.
The present Section 14 (plus some additional material) was made available
on separate sheets at that conference. We refer here to these two sources as
Gutknecht (1990).

Notation

Matrices and vectors are denoted by upper and lower case boldface letters.
In particular, O and o are the zero matrix and vector, respectively. The
transpose of A is AT; its conjugate transpose is A*. Blocks of block vec-
tors and matrices are sometimes printed in roman instead of boldface. For
coefficients and other scalars we normally choose lower case Greek letters.
However, for polynomials (and some function values) we use lower case ro-
man letters. Sets are denoted by calligraphic letters; for instance, Py, is the
set of polynomials of degree at most n.
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We write scalars on the right-hand side of vectors, for instance xa, so
that this product becomes a special case of matrix multiplication?. The
inner product in CV is assumed to be defined by (x,y) := x*y, so that
(xa,yB) = aB(x,y). The symbol := is used both for definitions and for
algorithmic assignments.

To achieve a uniform nomenclature for the methods and algorithms we
consider, we have modified some of the denominations used by other authors
(but we also refer to the original name if the identity is not apparent). We
hope that this will help readers to find their way in the maze of Lanczos-type
solvers.

2. The unsymmetric Lanczos or BiO algorithm

In this section we describe the basic nonsymmetric Lanczos process that
generates a pair of biorthogonal vector sequences. These define a pair of
nested sequences of Krylov spaces, one generated by the given matrix or
operator A, the other by its Hermitian transpose A*. The Lanczos algorithm
is based on a successive extension of these two spaces, coupled with a two-
sided Gram—Schmidt process for the construction of dual bases for them.
The recurrence coefficients are the elements of a tridiagonal matrix that is,
in theory, similar to A if the algorithm does not stop early. In the next
section we will discuss the various ways in which the process can terminate
or break down.

2.1. Derivation of the B1O algorithm

Let A € CV*¥ be any real or complex N x N matrix, and let B be a
nonsingular matrix that commutes with A and is used to define the formal
(i.e., not necessarily symmetric definite) inner product (y,y)s := y*By
on CN x CY. Orthogonality will usually be referred to with respect to
this formal inner product. For simplicity, we do not call it B-orthogonality,
except when this inaccuracy becomes misleading. However, we are mostly
interested in the case where B is the identity I and thus (¥,y)Bs is the
ordinary Euclidean inner product of CV. The case B = A will also play a
role. Due to AB = BA we will have (y, Ay)s = (A'y,y)s. Finally, we
let %o, yo € CV be two non-orthogonal initial vectors: (¥o,yo)B # 0.

The Lanczos biorthogonalization (B1O) algorithm, called method of min-
imized iterations by Lanczos (1950, 1952), but often referred to as the un-
symmetric or two-sided Lanczos algorithm, is a process for generating two
finite sequences {yn};’l;é and {?n};;}), whose length v depends on A, B,

2 To see the rationale, think of the case where a turns out to be an inner product or
where we generalize to block algorithms and o becomes a block of a vector.
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Vo, and yo, such that, for m,n=0,1,...,v — 1,

Yn € ’Cn+1 ‘= Span (y07AyOa s aATLYO)a

. - - . N (2.1)
Ym € Kmy1 := span (Yo, A*Yo, . .., (A)™¥o)
and
~ _J0 if m#n,
(ym7Yn>B == { 671 # 0 if m=n. (2.2)

K, and K, are Krylov (sub)spaces of A and A*, respectively. The condition
(2.2) means that the sequences are biorthogonal. Their elements y,, and y.,
are called right and left Lanczos vectors, respectively. In view of (2.1) y,
and y, can be expressed as

Yn = pn(A)YO» }N’n = 5n(A*)}~’O’ (23)

where p, and p, are polynomials of degree at most n into which A and A*
are substituted for the variable. We call p, the nth Lanczos polynomial3.
We will see in a moment that p, has exact degree n and that the sequence
{¥m} can be chosen such that p, = p,, where p, is the polynomial with the
complex conjugate coefficients. In the general case, p, will be seen to be a
scalar multiple of p;,.

The biorthogonal sequences of Lanczos vectors are constructed by a two-
sided version of the well-known Gram—Schmidt process, but the latter is not
applied to the bases used in the definition (2.1), since these are normally very
ill-conditioned, that is, close to linearly dependent. Instead, the vectors that
are orthogonalized are of the form Ay, and A*y,; that is, they are created
in each step from the most recently constructed pair by multiplication with
A and A*, respectively.

The length v of the sequences is determined by the impossibility of ex-
tending them such that the conditions (2.1) and (2.2) still hold with &, # 0.
We will discuss the various reasons for a termination or a breakdown of the
process below. _ B

Clearly Kny1 2 Ky, Knt1 2 Ky, and from (2.2) it follows that equality
cannot hold when n < v, since (y,yn)p =0forally € K, and (¥n,y)B =0
for all y € K, or, briefly,

’ETL —LB Yn, S’n J—B }C’n’ (24)
but Iznﬂ AB ¥n, ¥n AB Kni1. Consequently, forn=1,...,v —1,

Yn € ’Cn+l\’Cna S;n € ’Cn+1\’Cn (25)
3 In classical analysis, depending on the normalization, the Lanczos polynomials are

called Hankel polynomials or Hadamard polynomials, the latter being monic (Henrici
1974).
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(where the backslash denotes the set-theoretic difference), and thus

’Cn+1 = Span (YO,}’h---,}’n), ’Cn+1 = Span (5’035’1)"'35’71)' (26)
Note that the relation on the left of (2.4) is equivalent to y, Lp+ Ky, but
not to y, L K,, in general.

From (2.5) and (2.6) we conclude that for some complex constants 7 n_1,
Tkm—1 (k=0,...,nsn=1,...,v—1)

YnTpn-1 = Ay,_1— Yn-1Tn—1n—-1— """ — Y070,n-1,

o i A 070 (2.7
YnTon-1 = A*Yn—l —Y¥Yn-1Tn—-1n-1 — " — Y070,n-1, )

where 7, ,—1 # 0 and T, ,—1 # 0 can be chosen arbitrarily, for instance, for
normalizing y, and y,. The choice will of course affect the constants §,,
and the coeflicients 7, ,,, and T, for m > n, but only in a transparent way.

For n = v, (2.7) can still be satisfied for any nonzero values of 7,,,_; and
Tyy—1 by some y, Lp~ IE,, and some y, 1 g K., but these two vectors may
be orthogonal to each other, so that (2.2) does not hold. In particular, one
or even both may be the zero vector o. Nevertheless, (2.4) and (2.6)—(2.7)
also hold for n = v.

For n < v, let us introduce the N x n matrices

Yo:=[vo y1 - ¥n1]y Yn:=[%0 F1 - Fn1l], (28)
the diagonal matrices
Dg;n = diag(ég, 51, ey (5n_1),
1

and the n x n Hessenberg matrices T, := [Tk,j]z,;io and T, := [Tr.51k =0
Then (2.2) and (2.7) become

Y;BY, = D5, (2.9)

and
AY, =Y, T, +y,nall, AY,=Y,T,+¥.7,11, (2.10)
where y,_1 := Tpp—1 and Yp_1 := Ty n—1, and where II is the last row of

the n x n identity matrix. n < v. Using (2.9) and IE,, 1By, ¥, 1B K, we
conclude further that

Y:BAY, = D4, T,, Y;B*A'Y, =D;,T,, (2.11)

and hence
Ds,, T, = T:Ds,, . (2.12)

Here, on the left-hand side we have a lower Hessenberg matrix, while on the
right-hand side there is an upper Hessenberg matrix. Consequently, both
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T, and T, must be tridiagonal. We simplify the notation by letting

ap Po
Y o1 B
TTL =: T (053 . b

ﬁn—Q

Tn—2 On-1 |

and naming the elements of T, analogously with tildes.
By comparing diagonal and off-diagonal elements on both sides of (2.12)
we obtain

Oy = Gn, (2.13)
and
8nBn = 6nt1Tm,  Sn417%n = 6. (2.14)
Hence,
BrAn = Bntn, (2.15)
which could be satisfied by setting?
Bn = Bns An:=Tn, i€, T,:=T,. (2.16)

This would further allow us to set 7, := 1 (for all n) Another frequent choice
is

B = Yy n = Bn, e, T,:i= T, (2.17)
which according to (2.14) yields é,, = § for all n.

However, we want to keep the freedom to scale y,, and y,, since most
algorithms that apply the Lanczos process for solving linear systems make
use of it. (As, for instance, the standard BiCG algorithm discussed in
Section 9 and the QMR approach of Section 5). Moreover, v, = 1 (for all n)
can cause overflow or underflow. In view of (2.14), we have in general

Ba = Fabnt1/8ns B = 1aBur1/60 = Butn/Fn, (2.18)

in accordance with (2.15). The choice between (2.16) and (2.17), and more
generally, any choice that can be made to satisfy (2.14)—(2.15) only affects
the scaling (including the sign, or, in the complex case, the argument of all
components) of y, and ¥,,. As we will see, it just leads to diagonal similarity
transformations of the matrices T, and i‘,,.

* By replacing the Euclidean inner product (¥,y) = y*y by the bilinear form ¥y, and
replacing A* by AT, we could avoid the complex conjugation of the coefficients of A
and of the recurrence coefficients; see, for instance, Freund et al. (1993). We prefer here
to use the standard inner product.
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After shifting the index n by 1, (2.7) can now be written as

Ynt1Vn = AYn — YnOn — Yn-10n-1,

Tl S et (2.19)
Ynt1Tn = AYn — Ynln — Yn—18n-1,

n=20,...,v—1, withy_{ :=y_1 := o0, f_1 := f_; := 0. Taking inner
products of the first formula with ¥, 1, ¥», and ¥,41 we get three relations
involving 8,41, n, 6n_1, and the recurrence coefficients ap, Bpn—1, Yn. In par-
ticular, ap = (¥n, Ayn)B /6n and, as is seen by inserting A*y,_; according
to (2.19),

ﬂn—l = <)N’n—1»AYn>B /6n—1 = <A*)~’n—laYn>B /671—1 = in—lén/én—l (2~20)

as in (2.18). Since (2.13) and the second relation in (2.18) determine &, and
57;—1 we are left with two degrees of freedom that can be used to fix two of
the three coefficients v, 75, and 6,41. We just exploit here the fact that
the relations (2.9)—(2.11) can be used to determine Y,, Y,, T,, T,, and
Ds., column by column. Altogether we get the following general version of
the unsymmetric Lanczos or biorthogonalization (BIO) algorithm.

ALGORITHM 1. (BIO ALGORITHM)
Choose yo, ¥o € CV such that & := (¥o0, Yo)B # 0, and set 8_; := 0. For
n=201,... compute

(
S;temp = A*yn - yn&n - g’n-—lﬁn—la (221f
6temp = <S;tempaytemp>B; (221g
if btemp = 0, choose v, # 0 and 7, # 0, set

on = (Yn, Ayn)B /bn, (2.21a)
& = o, (2.21b)
Br_1 = Yp_16n/bn_1 (if n >0), (2.21c)
Br-1 = Ya-160/6n-1 = Bu1¥n—-1/Fn-1 (if n>0), (2.21d)
Ytemp = AYn — YnQn — Yn—16n-1, 2.21e)
)

)

vi=n+1l, y,:= Ytemp/’)’ny Yo = g’temp/’?m Opt1:=0, (2-21h)
and stop; otherwise, choose 7, # 0, ¥, # 0, and 6,41 such that
Y ¥nOnt1 = Gremps (2.21i)
set
Ynt+l = Yiemp/Tns  Yn+1 = Yeemp/Vns (2.21j)
and proceed with the next step.

The definitions in (2.21h) will guarantee that formulae we derive below
remain valid for n = v.
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In exact arithmetic, which we assume throughout most of the text, the
following basic result holds.

Theorem 2.1 The two sequences {yn};’l;é and {in};’l;é generated by the
B1O algorithm satisfy (2.1) and (2.2), and hence (2.4)-(2.5). Moreover,
(2.1) and (2.2) also hold when m = v or n = v, except that §, = 0.

Conversely, if (2.1) and (2.2) hold for m,n =0, ..., v, except that 6, = 0,
and if the choice (2.16) for satisfying (2.15) is made, then the recurrence
formulae of the B1O algorithm are valid for n = 0,...,v — 1, but the al-
gorithm will stop at n = v — 1 due to iemp = 0. The conditions (2.1) and
(2.2) determine {yn}’_, and {yn}%_, uniquely up to scaling.

Proof. The second part is covered by our derivation. It remains to prove the
first part by induction. Assume that the sequences {yn};’l;(l) and {ym}:n;lo
have been generated by the B1O algorithm and that (2.1) and (2.2) hold for
m,n=0,...,k (<v). (For k=0 this is clearly the case.) Then the validity
of (2.1) for m = k+ 1 or n = k+ 1 is obvious from (2.21e) and (2.21f).
Moreover, by (2.21j), (2.21e), and (2.21f),

(Ym:sYe+1)B = (Ym> AYk — YO0k — Yi—-15k—1)B / Yk (2.22a)
= <<’~Ym}~’m+1 + amg'm + Bm—lg’m—l;Yk>B

— (Ym, Ykok)B — <)~’maYk—lﬁk—1>B) /- (2.22b)

If m < k — 2, all terms on the right-hand side of (2.22b) vanish. For
m = k — 1, we use (2.20) and (2.2) to obtain on the right-hand side of
(2.22a) (Br-10k—1 — 0 — Br—16k-1)/v = 0. Next, using (2.21a) and (2.2)
we get for m = k in (2.22a) (okbr — axdx)/v = 0. Analogous argu-
ments yield (Yx4+1,¥n)B = 0 for n = 0,..., k. Finally, by (2.21g)—(2.21j),
(¥k+1,¥Yk+1)B = 0. This completes the induction. O

In summary, the Lanczos process generates a pair of biorthogonal bases of
a pair of Krylov spaces and does this with a pair of three-term recurrences
that are closely linked to each other. In each step only two pairs of ortho-
gonality conditions need to be enforced, which, due to the linkage, reduce
to just one pair and thus require only two inner products in total. All the
other orthogonality conditions are inherited: they are satisfied automatic-
ally, at least in theory. Of course, if we want normalized basis vectors, we
need to invest another two inner products per step. Clearly, we also need
two matrix-vector products per step to expand the two Krylov spaces.

2.2. Matriz relations

The matrix relations (2.9)—(2.11) can be considered as a shorthand notation
for the B1O algorithm: the relations (2.10) describe the recurrences for y,
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and ¥, while (2.9) and (2.11) summarize the formulae for determining the
elements of T, ’i‘,,, and Ds,. These matrix relations hold as well after
n < v steps, and in fact are obtained for such an intermediate stage by
considering submatrices of the appropriate size.

Equation (2.10) can be simplified by introducing the (n + 1) x n leading
principal submatrices of T, and T, the extended tridiagonal matrices®

ao Po
Yo o1 B
T, N
In = == ’Yl 2 s
/Bn—2
’Yn—ll;[ Tn—-2 On-1
L Tn—1 |
and the analogous matrices with tildes. Then we have altogether
AY, =Y, 1T,, AY,=Y.uT, (n<v), (2.23)
Y:BY, =Ds,, Y:BAY,=D;,T, (n<v), (2.24)
Ds., T, = T:Ds..  (n < ). (2.25)

The first relation in (2.23) means that T, is the representation in the basis
{¥0,-..,¥n} of the restriction of A to the subspace K,,, which is mapped into
Kr+1. The subspace K,, is ‘nearly invariant’ as its image requires only one
additional space dimension. When it turns out that the component of Ay,,_1
in this direction is relatively short, then we can expect that the eigenvalues
of T, are close approximations of eigenvalues of A. This is vaguely the
reasoning for applying the B1O algorithm to eigenvalue computations. There
are several reasons that make this argument dangerous. First, the basis is
not orthogonal, and thus T,, is linked to A by an oblique projection only:
while in the Hermitian case the eigenvalues of T,, are Ritz values, that is,
Galerkin or Rayleigh-Ritz approximations, they are in the non-Hermitian
case only Petrov-Galerkin approximations, which are sometimes referred to
as Petrov values. Second, since neither A nor T,, are Hermitian in the case
considered here, eigenvalues need not behave nicely under perturbation.

A notorious problem with the Lanczos process is that in finite precision
arithmetic round-off affects it strongly. In particular, since only two or-
thogonality conditions are enforced at every step, while orthogonality with
respect to earlier vectors is inherited, a loss of (bi)orthogonality is noticed

5 By underlining T, we want to indicate that we augment this matrix by an additional
row. We suggest reading T, as ‘T sub n extended’. The same notation will be used on
other occasions.
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in practice, which means that Ds., is not diagonal. This is also a serious
problem in the Hermitian case; we will return to it briefly in Section 18.

2.3. Normalization; simplification due to symmetry

As discussed before, in the B1O algorithm (Algorithm 1) the coefficients o,
Qn, Bn_1, Bn_l, Yny Yn, and 6,41 are defined uniquely except that in (2.21i)
we are free to choose two of the three quantities 7y, 7, and 6,41. Special
versions of the algorithm are found by making a particular choice for two
of the coefficients 7y, ¥n, and 6,41, and capitalizing upon the particular
choice. The classical choices for theoretical work are +,, := 7, := 1 (Lanczos
1950, Lanczos 1952, Rutishauser 1953, Householder 1964) or 7, = 7, and
On+1 := 1. The latter makes the two vector sequences biorthonormal and
yields Bp—1 = Yn_1; that is, T,, = T, is real or complex symmetric, cf.
(2.18). (Consequently, (2.16) and (2.17) then coincide.) For numerical com-
putations the former choice is risky with respect to overflow, and the latter
is inappropriate for real nonsymmetric matrices since it may lead to some
complex v,. Therefore, in the real nonsymmetric case, the two choices

Tn = ;771 = V ‘6temp| s 6n+1 = 6temp/(’7nﬁn) = 6temp/|6temp|7 (226)

Tn = ”ytemP“ s ﬁn = “S’temp“ 5 6n+1 = 6temp/(’)’n'7n)a (2-27)

are normally suggested, but there may be a special reason for yet another
one. Note that (2.27) requires two additional inner products. These are often
justified anyway by the necessity of stability and round-off error control; see
Section 18.
Replacing, say, 7, = 1 (for all n) by some other choice means replacing
Yn by
Yn:=¥n/Tn, where I'n =71 Yn-1, (2.28)

which in view of (2.23) amounts to replacing T, by
T, := DL T,Dr;, where Dry, :=diag(To,T1,...,Tno1),  (2.29)

If v, and 7, are chosen independently of Yiemp and Yiemp, the formulae
(2.21e)-(2.21j) can be simplified; c¢f. Algorithm 2 below.

If A and B are Hermitian and B is positive definite, starting with yo = yo
and making the natural choice ¥, := v, and 6, > 0 leads to T, =T, =T,
(that is, T, = T, is real) and ¥, = y, (for all n). Thus, the recursion
(2.21f) for y, is redundant, the costs are reduced to roughly half, and the
Lanczos vectors are orthogonal to each other. Moreover, one can choose
¥n > 0 (for all n), which then implies that 8,_1 > 0 also. Finally, choosing
6n := 6o (for all n) makes T, real symmetric. Then the BI1O algorithm
becomes the symmetric Lanczos algorithm, which is often just called the
Lanczos algorithm.
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If A is complex symmetric and yo = yo, then ¥, = y, (for all n). Again,
the costs reduce to about half. Now, setting é, := 1 (for all n) makes T,
complex symmetric, but this can be achieved in general and has nothing to
do with A being complex symmetric. See Freund (1992) for further details
on this case.

In Section 6 we will discuss yet other cases where the BIO algorithm
simplifies.

3. Termination, breakdowns and convergence

The BIO algorithm stops with v := n + 1 when ¢emp, = 0, since a1 would
become infinite or indefinite. We call v here the index of first breakdown
or termination. Of course, v is bounded by the maximum dimension of the
Krylov spaces, but v may be smaller for several reasons. The maximum
dimension of the subspaces K,, defined by (2.1) depends not only on A but
also on yyp; it is called the grade of yqo with respect to A and is here denoted
by ¥(yo, A). As is easy to prove, it satisfies

7(yo,A) =min {n: dimK, =dimK,41},

and it is at most equal to the degree 7(A) of the minimum polynomial of A.
Clearly, the Lanczos process stops with Yiemp = Yeemp = 0 when v = 5(A).
If this full termination due t0 Yiemp = Yiemp = O happens before the degree
of the minimum polynomial is reached, that is, if v < P(A), we call it an
early full termination. However, the B1O algorithm can also stop with either
Ytemp = O OF ¥iemp = 0, and even with (Yiemp, Ytemp)B = 0 when Yien, # 0
and Yiemp 7# 0. Then we say that it breaks down, or, more exactly, that we
have a one-sided termination or a serious breakdown, respectively®.

Lanczos (1950, 1952) was already aware of these various breakdowns.
They have since been discussed by many authors; see, in particular, Fad-
deev and Faddeeva (1964), Gutknecht (1990), Householder (1964), Joubert
(1992), Parlett (1992), Parlett et al. (1985), Rutishauser (1953), Saad (1982),
and Taylor (1982).

Of course, in floating-point arithmetic, a near-breakdown passed without
taking special measures may lead to stability problems. Therefore, in prac-
tice, breakdown conditions ‘= o’ and ‘= 0’ have to be replaced by other
conditions that should not depend on scaling and should prevent us from
numerical instability. We will return to this question in Section 19.

6 Parlett (1992) refers to a benign breakdown when we have either an early full termination
or a one-sided termination.
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3.1. Full termination

In the case of full termination, that is, when the B10 algorithm terminates
with

Yiemp = itemp =0, (31)

we can conclude from (2.10) that
AY,=Y,T,, AY,=Y,T,. (3.2)

This means that K, and IE,, are invariant subspaces of dimension v of A
and A*, respectively. The set of eigenvalues of T, is then a subset of the
spectrum of A.

The formula AY, = Y, T, points to an often cited objective of the B1O
algorithm: the similarity reduction of a given matrix A to a tridiagonal
matrix T,. For the latter the computation of the eigenvalues is much less
costly, in particular in the Hermitian case. However, unless v = N or the
Lanczos process is restarted (possibly several times) with some new pair y,,
y, satisfying (2.4), it can never determine the geometric multiplicity of an
eigenvalue, since it can at best find the factors of the minimal polynomial of
A. In theory, to find the whole spectrum, we could continue the algorithm
after a full termination with v < N by constructing first a new pair (y,,¥,)
of nonzero vectors that are biorthogonal to the pair of vector sequences
constructed so far, i.e., satisfy (2.4); see, for instance, Householder (1964),
Lanczos (1950), Lanczos (1952), and Rutishauser (1953). Starting from a
trial pair (y,y) one would have to construct

v—1

Yo =y — Y Y(¥,¥)B /bk, (3.3a)
k=0
v—1 .

Yo =5 — > Yklyr. ¥)B+ /0, (3.3b)
k=0

and hope that the two resulting vectors are nonzero. Then, one can set
Yy—1 := By—1 := 0, so that after the restart the relations (2.10) hold even
beyond this v. If no breakdown or one-sided termination later occurs, and
if any further early full termination is also followed by such a restart, then
in theory the algorithm must terminate with yiemp = Ytemp = 0 and v =
N. The relations (3.2) then hold with all the matrices being square of
order N. The tridiagonal matrix T may have some elements v, = [ =
0 due to the restarts, and the same will then happen to Tx. Since Yy
and Yy are nonsingular, Ty is similar to A, and Ty is similar to A*.
Unfortunately, in practice this all works only for very small N: first, as
is seen from (3.3a)—(3.3b), the restart with persisting biorthogonality (2.2)
requires all previously computed vectors of the two sequences, but these are



290 M. H. GUTKNECHT

normally not stored; second, completely avoiding loss of (bi)orthogonality
during the iteration would require full reorthogonalization with respect to
previous Lanczos vectors, which means giving up the greatest advantages of
the Lanczos process, the short recurrences.

For the same reasons, finding all the roots of the minimal polynomial
with the Lanczos process is in practice normally beyond reach: due to loss
of (bi)orthogonality or because #(A) is too large and the process has to
be stopped early, only few of the eigenvalues are found with acceptable
accuracy; fortunately, these are often those that are of prime interest.

3.2. One-sided termination
When the B1O algorithm stops due to
either yiemp =0 O Yiemp = O

(but 10t Ytemp = Yiemp = 0), we call this a one-sided termination. In some
applications this is welcome, but in others it may still be a serious difficulty.
In view of (2.10), it means that either K, or K, is an invariant subspace of
dimension v of A or A* respectively. For eigenvalue computations, this is
very useful information, although sometimes one may need to continue the
algorithm with a pair (y,,¥,) that is biorthogonal to the pairs constructed
so far, in order to find further eigenvalues. Determining the missing vector of
this pair will again require the expensive orthogonalization of a trial vector
with respect to a v-dimensional Krylov subspace, that is, either (3.3a) or
(3.3b).

In contrast, when we have to solve a linear system, then yiemp, = 0 is
all we aim at, as we will see in the next section. = Unfortunately, when
Ytemp = O but Yiemp 7 0, We have a nasty situation where we have to find a
replacement for Yiemp that is orthogonal to . In practice, codes either just
use some Yiemp that consists of scaled up round-off errors or restart the B1O
algorithm. In either case the convergence slows down. The best precaution
against this type of breakdown seems to be choosing as left initial vector yo
a random one.

3.8. Serious breakdouns

Let us now discuss the serious breakdowns of the BIO algorithm, which
we also call Lanczos breakdowns to distinguish them from a second type of
serious breakdown that can occur additionally in the standard form of the
biconjugate gradient method. Hence, assume that the B1O algorithm stops
due to

Stemp = 0, but neither yie,, = 0 nor yiemp = 0.



LANCZOS-TYPE SOLVERS 291

In the past, the recommendation was to restart the algorithm from scratch.
Nowadays one should implement what is called look-ahead. It is the curing
of these breakdowns and the corresponding near-breakdowns that is ad-
dressed by the look-ahead Lanczos algorithms which have attracted so much
attention recently. We will discuss the look-ahead B1O algorithm and some
of the related theory in Section 19, where we will also give detailed refer-
ences. In most cases, look-ahead is successful. Oversimplifying matters,
we can say that curing a serious breakdown with look-ahead requires that
(¥,,AFy,)p # 0 for some k, while the breakdown is incurable when

<S;I/aAkyu>B =0 (for all k& Z 0)

In theory, the condition (¥,, A¥y,)g # 0 has to be replaced by a positive
lower bound for the smallest singular value of a k x k matrix, but in practice
even this condition is not safe.

The serious breakdown does not occur if A and B are Hermitian, B is
positive definite, yo = yo, n = 7n, and 6, > 0 (for all n), since then
Yn = ¥n (for all n), and (.,.)g is an inner product. Also, choosing v,, ¥n,
or 6, differently will not destroy this property. On the other hand, serious
breakdowns can still occur for a real symmetric matrix A if yg # yo.

Under the standard assumption B = I it was shown by Rutishauser (1953)
(for another proof see Householder (1964)) that there exist yo and yo such
that neither a serious breakdown nor a premature termination occurs; that
is, such that the process does not end before the degree of the minimal
polynomial is attained. Unfortunately, such a pair (yg,¥o) is in general not
known. Joubert (1992) even showed that, in a probabilistic sense, nearly all
pairs have this property; that is, the assumption of having neither a prema-
ture termination nor a breakdown is a generic property. This is no longer
true if the matrix is real and one restricts the initial vectors by requiring
Yo = yo € RY. Joubert gives an example where serious breakdowns then
occur for almost all yo. Of course, the set of pairs (yg,¥o) that lead to
a near-breakdown never has measure zero. But practice shows that near-
breakdowns that have a devastating effect on the process are fairly rare.

3.4. Convergence

Although in theory the BIO algorithm either terminates or breaks down in at
most min{7(yg, A), 7(¥o, A*)} steps, this rarely happens in practice, and the
process can be continued far beyond N. For small matrices this is sometimes
necessary when one wants to find all eigenvalues or to solve a linear system.
But the B1O algorithm is usually applied to very large matrices and stopped
at some n < N, so that only (2.10) and (2.11) hold, but not (3.2). The
n eigenvalues of T, are then considered as approximations of n eigenvalues
of A, and typically they tend to approximate eigenvalues that lie near the
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border of the spectrum. For eigenvalues of small absolute value, the absolute
error is comparable to the one for large eigenvalues; hence, the relative error
tends to be large. Therefore, the method is best at finding the dominant
eigenvalues. Lanczos (1950, p. 270) found a heuristic explanation for this
important phenomenon. Some remarks and references on the convergence
of Lanczos-type solvers will be made in the next section when we discuss
the basic properties of the BICG method.

An additional difficulty is that due to the loss of biorthogonality, eigenval-
ues of A may reappear in T,, with too high multiplicity. One refers to these
extra eigenvalues as ghost eigenvalues. We will come back to this problem
in Section 18.

4. The BIORES form of the BiCG method

Let us now turn to applying the Lanczos BIO algorithm to the problem
of solving linear systems of equations Ax = b. We first review the basic
properties of the conjugate gradient (CG) and the conjugate residual (CR)
methods and then describe a first version, BIORES, of the biconjugate gradi-
ent (BICG) method. In the next section we will further cover the MINRES
algorithm for the CR method and a first version of the QMR method.

We assume that A is nonsingular and denote the solution of Ax = b by
Xex, its initial approximation by xg, the nth approximation (or iterate) by
Xn, and the corresponding residual by r, := b — Ax,. Additionally, we let
Yo := rg, or yo := ro/||ro|| if we aim for normalized Lanczos vectors. As in
(2.1), K, is the nth Krylov space generated by A from yo, which now has
the direction of the initial residual. From time to time we also refer to the
nth error, Xe, — X,. Note that r, = A(Xex — Xp).

4.1. The conjugate gradient and conjugate residual methods

We first assume that A and B are commuting Hermitian positive definite
matrices and recall some facts about the conjugate gradient (CG) method
of Hestenes and Stiefel (1952). It is characterized by the property that the
nth iterate x, minimizes the quadratic function

X <(xex - X), A(xex - X))B

among all x € xg + K,,. The standard case is again B = I. By differenti-
ation one readily verifies that the minimization problem is equivalent to the
Galerkin condition

(y,rp)B =0 (forally € Kp), e, K, Llprs. (4.1)
Note that
r,=b— Axg+ A(X() — Xn) erg+ AK, C ’Cn+1. (4.2)
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In view of (4.1) and (4.2), r, spans the orthogonal complement of X, in
Kn+1. Hence, if we let yo := rg and generate the basis {yx}3_, of Kny1 by
recursively orthogonalizing Ay, with respect to Kpppy (m =0,...,n = 1),
then y, is proportional to r,, and by suitable normalization we can achieve
¥n = rn. This recursive orthogonalization procedure is none other than the
symmetric Lanczos process, that is, the B1O algorithm with ¥ = yg and
commuting Hermitian matrices A and B. Note also that by (4.2), r, =
pn(A)yo, where p,, is a polynomial of exact degree n satisfying p,(0) = 1.
This property, which is equivalent to x, € xg + K, means that CG is a
Krylov space solver, as defined by (1.1). Of course, up to normalization,
the residual polynomial p,, is here the Lanczos polynomial of (2.3).

The directions x,, —X,_1 can be seen to be conjugate to each other (i.e., A-
orthogonal with respect to the B-inner product, or, simply, AB-orthogonal),
whence CG is a special conjugate direction method. In their classical CG
method Hestenes and Stiefel (1952) chose B = I and thus minimized x —
((Xex —X), A(Xex — X)), which is the square of the A-norm of the error. (This
is a norm since A is Hermitian positive definite.) With respect to the inner
product induced by A, we then have from (4.1) and (4.2)

ICn —LA (xex - Xn), (xex - xn) - (Xex - XO) € ’Cn

This means that xg — X, = (Xex — Xpn) — (Xex — Xo) is the A-orthogonal
projection of the initial error x., — X¢ into X,,, and the error x., — x5, is
the difference between the initial error and its projection. Therefore, the
CG method can also be viewed as an orthogonal projection method in the
error space endowed with the A-norm. Moreover, it can be understood as
an orthogonal projection method in the residual space endowed with the
A~ lnorm.
If B= A = A* instead, we have

(Xex = %), A(Xex = %))B = ||A(xex — %)|I* = [|b - Ax|]%, (4.3)

which shows that the residual norm is now minimized. The B-orthogonality
of the residuals means here that they are conjugate. The method is therefore
called conjugate residual (CR) or minimum residual method. Normally, the
abbreviation MINRES stands for a particular algorithm due to Paige and
Saunders (1975) for this method. We will come back to it in Section 5.
Like some other versions of the CR method, MINRES is also applicable
to Hermitian indefinite systems; see Ashby, Manteuffel and Saylor (1990),
Fletcher (1976).

From (4.1) and (4.2) we can conclude here that r, is chosen so that it is
orthogonal to AX,, and rg — r,, lies in AK,. In other words, with respect
to the standard inner product in Euclidean space, rg — r, is the orthogonal
projection of ry onto AK,. Therefore, the CR method is an orthogonal
projection method in the residual space.
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From the fact that the CG-residuals are mutually orthogonal and the
CR-residuals are mutually conjugate, it follows in particular that in both
cases r, = o for some v < N, and thus x, = x.,. However, in practice
this finite termination property is fairly irrelevant, as it is severely spoiled
by round-off.

So far we only know how to construct the residuals, but we still need an-
other recurrence for the iterates x,, themselves. As we will see in a moment,
such a recurrence is found by multiplying by A~! the one for the residuals,
that is, the one for the appropriately scaled right Lanczos vectors. This then
leads to the three-term version?, ORES, of the conjugate gradient method
(Hestenes 1951). The standard version of the CG method, OMIN, instead
uses coupled two-term recurrences also involving the direction vectors, which
are multiples of the corrections x,, 11 — X,. In the rest of this section and in
Section 8 we want to describe generalizations to the nonsymmetric case.

4.2. Basic properties of the BICG method

If A is non-Hermitian, the construction of an orthogonal basis {y,} of
the Krylov space becomes expensive and memory-intensive, since the re-
currences for y, generally involve all previous vectors (as first assumed in
(2.7)). Therefore, the resulting Arnoldi or full orthogonalization method
(FOM) (Arnoldi 1951, Saad 1981) has to be either restarted periodically or
truncated, which means that some of the information that was built up is
lost. The same applies to the generalized conjugate residual (GCR) method
(Eisenstat, Elman and Schultz 1983) and its special form, the GMRES al-
gorithm of Saad and Schultz (1986), which extends the MINRES algorithm
to the nonsymmetric case.

However, we know how to construct efficiently a pair of biorthogonal se-
quences {yn}, {¥r}, namely by the B1O algorithm of Section 2. By requiring
that iterates x,, € x¢ + K, satisfy the Petrov-Galerkin condition

(¥,rn)p =0 (forally € /En), i.e., Kn LBTn, (4.4)

we find the biconjugate gradient (BICG) method. In contrast to the Galerkin

condition (4.1) of the CG method, this one does not belong to a minimiza-

tion problem in a fixed norm?3.

" The acronyms OREs, OMIN, and ODIR were introduced in Ashby et al. (1990) as
abbreviations for ORTHORES, ORTHOMIN, and ORTHODIR. We suggest using the short
form whenever the basic recurrences of the method are short. Note that our acronyms
BIORES, BIOMiN, and BIODIR for the various forms of the BICG method fit into this
pattern, as these algorithms also feature short recurrences.

8 Barth and Manteuffel (1994) showed that BICG and QMR fit into the framework of
variable metric methods: in exact arithmetic, if the methods do not break down or
terminate with v < N, then the iterates that have been created minimize the error in a
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Now r, is chosen so that it is orthogonal to Izn and so that ro — r,, lies
in AK,. This means that ro — r, is the projection of rg onto AKX, along a
direction that is orthogonal to another space, namely K,, and, hence, is in
general oblique with respect to the projection space AK,,. Therefore, the
BICG method is said to be an oblique projection method (Saad 1982, Saad
1996).

Since both the residual r,, and the right Lanczos vector y,, satisfy (4.4) and
both lie in K, 41, and since we have seen in Section 2 that y,, is determined up
to a scalar factor by these conditions, we can again conclude that the residual
must be a scalar multiple of the Lanczos vector and that by appropriate
normalization of the latter we could attain r, = y,.

The most straightforward way of taking into account the two conditions
X, € X9 + K, and K, L ry, is the following one. Representing x, — xg in
terms of the Lanczos vectors we can write

Xn =%0+ Y.k, r,=r9—AY,k,, (4.5)
with some coordinate vector k,. Using AY, = Y, 1T, see (2.23), and

ro = Yopo = Yn+1€;100,

withe; :=[1 0 0 ---]T € R*™! and po := ||ro|| (assuming ||yo|| = 1
here), we find that

rn = Yn+t1(e1p0 — Trkn). (4.6)

In view of ?;BY,LH = [ Ds;p l o |, the Petrov—Galerkin condition (4.4),

which may be written as Y;Br, = o, finally yields the square tridiagonal
linear system

T, k., = e1p0, (4.7)

where now e; € R™. By solving it for k,, and inserting the solution into (4.5)
we could compute x,,. However, this approach, which is sometimes called the
Lanczos method for solving linear systems, is very memory-intensive, as one
has to store all right Lanczos vectors for evaluating (4.5). Fortunately, there
are more efficient versions of the BICG method that generate not only the
residuals (essentially the right Lanczos vectors) but also the iterates with
short recurrences. We could try to find such recurrences from the above
relations, but we will derive them in a more general and more elegant way.

Unless one encounters a serious breakdown, the BICG method terminates
theoretically with r, = o or ¥, = o for some v. Therefore, the BICG
method also has the finite termination property, except that it is spoiled
not only by round-off but also by the possibility of a breakdown (a serious

norm that depends on the created basis, that is, on A and yo. This result also follows
easily from one of Hochbruck and Lubich (1997a)
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one or a left-sided termination). We must emphasize again, however, that
it is misleading to motivate the CG method or the BICG method (in any
of their forms) by this finite termination property, because this property
is irrelevant when large linear systems are solved. What really counts are
certain approximation properties that make the residuals (and errors) of the
iterates x,, decrease rapidly. There is a simple, standard error bound that
implies at least linear convergence for the CG and CR methods (see, for
instance, Kaniel (1966), Saad (1980, 1994, 1996)), but in practice superlinear
convergence is observed; there are indeed more sophisticated estimates that
explain the superlinearity under certain assumptions on the spectrum (van
der Sluis and van der Vorst 1986, 1987, Strakos 1991, van der Sluis 1992,
Hanke 1997). These bounds are no longer valid in the nonsymmetric case,
but some of the considerations can be extended to it (van der Vorst and
Vuik 1993, Ye 1991). The true mechanism of convergence lies deeper, and
seems to remain the same in the nonsymmetric case. For the CR method
and its generalization to nonsymmetric systems it has been analysed by
Nevanlinna (1993). For the BICG method convergence seems harder to
analyse, however. Recently, a unified approach to error bounds for BICG,
QMR, FOM, and GMRES, as well as comparisons among their residual
norms, have been established in Hochbruck and Lubich (1997a).

The BICG method is based on Lanczos (1952) and Fletcher (1976), but,
as we will see, there are various algorithms that realize it.

4.3. Recurrences for the BICG iterates; the consistency condition

The recurrence for the iterates x, is obtained from the one for the re-
siduals by following a general rule that we will use over and over again.
By definition, x, — x¢ € K,, for any Krylov space solver, and thus (4.2)
holds; here K, is still the nth Krylov space generated by A from yy = ry.
Since r, = pp(A)yo with a polynomial p, of exact degree n, the vectors
ro,...,rn—1 span I, (even when they are linearly dependent, in which case
Krn = Kn—1). Therefore, if we let

Rp:=[ro 11 -+ tnha1], Xp:=[X0 X1 '+ Xn_1],
and define the extended (n + 1) x n Frobenius (or companion) matrix

-1 =1 .-+ =1

then we have, in view of x,, — x¢ € K,

X 1P, = R, U, (4.8)
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with some upper triangular n x n matrix U, and an extra minus sign. Each
column sum in F,, is zero, thatis, [ 1 1 --- 1]F, =o', and therefore,
for an arbitrary b € C, multiplication of F,, from the left by the N x (n+1)
matrix [ b b --- b ]yields an N x n zero matrix. Therefore,

R'n+1En = ([ b - b ] - AXn+1) F,= _AXn-HEn = AR, Un. (4-9)

Since r,, and Ar,,_1 are both represented by polynomials of exact degree
m, the diagonal elements of U, cannot vanish. Hence, if we let

H, =F,U;",
we can write (4.8) and (4.9) as
R,=-X,+1H,, AR,=R,1H, (4.10)
where H,, is an (n + 1) x n upper Hessenberg matrix that satisfies®
e'H, =o', wheree :=[1 1 --- 1], (4.11)

as a consequence of e F,, = o'. This is the matrix form of the consistency
condition for Krylov space solvers. It means that in each column of H,
the elements must sum up to 0; see, for instance, Gutknecht (19895). This
property is inherited from F,,. The relations in (4.10) are the matrix rep-
resentations of the recurrences for computing the iterates and the residuals:
Xn is a linear combination of r,,_1 and xg,...,Xn_1, and ry, is a linear com-
bination of Ar,_; and rg,...,r,_1. Note that the recurrence coefficients,
which are stored in H,,, are the same in both formulae.

Another, equivalent form of the consistency condition is the property
pn(0) = 1 of the residual polynomials.

We call a Krylov space solver consistent if it generates a basis consisting
of the residuals (and not of some multiples of them).

4.4. The BIORES algorithm

In the usual, consistent forms of the BICG method, the Lanczos vectors y,,
are equal to the residuals r,, and thus the Lanczos polynomials satisfy the
consistency condition p,(0) = 1. To apply the above approach, we have to
set H, := T,, and R, := Y,. Therefore, the zero column sum condition
requires us to choose v, = —a, — Bn—1. However, this can lead to yet
another type of breakdown, namely when ay, + 8,1 = 0. Following Bank
and Chan (1993) we call this a pivot breakdown (for reasons we will describe
later, in Section 9), while a breakdown due t0 6iemp = 0 in the BIO algorithm
is referred to as a Lanczos breakdown'?, as before.

¥ The dimension of the vectors o and e is always defined by the context.
10 In Gutknecht (1990) we suggested calling a pivot breakdown a normalization breakdown,
which is an appropriate name in view of its analogous occurrence in other Krylov space
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Recalling that the formulae for the BIO algorithm can be simplified if v,
is independent of 6iemp, and adding the appropriate recurrence for the ap-
proximants X,, we find the following BIORES version of the BICG method.

ALGORITHM 2. (BIORES FORM OF THE BICG METHOD)

For solving Ax = b, choose an initial approximation xg, set yg := b — Axg,
and choose yo such that 8 := (yo,yo)B # 0. Then apply Algorithm 1
(B10) with

Yo = —0n — Bp-1 (4.12)
and some %, # 0, so that (2.21e)—(2.21j) simplify to
Ynt1 = (A¥Yn = ¥Ynln — Yn-18n-1)/"n, (4.13a)
Vot = (A¥n — ¥nbn — Fn1n-1)/3n, (4.13b)
ont1 = (¥n+1,Yn+1)B- (4.13c)

Additionally, compute the vectors

Xn41 = ’_(yn + xXpan + xn—lﬂn—l)/'yn- (413d)

If v, = 0, the algorithm breaks down (‘pivot breakdown’), and we set v := n.
If yoy1 = o, it terminates and x,41 is the solution; if y,+1 # o, but
bn+1 = 0, the algorithm also breaks down (‘Lanczos breakdown’ if y, ;1 # o,
‘left termination’ if ¥,41 = 0). In these two cases we set v :=n + 1.

First we verify the relation between residuals and iterates.

Lemma 4.1 In Algorithm 2 (BIORES) the vector y, is the residual of the
nth iterate x,; that is, b— Ax, =y, (n =0,1,...,0).

Proof. First, b— Axg = yg by definition of yy. Assumingn > 1, b—Ax, =
¥n, and b — Ax,_1 = yn-1, and using (4.13a)—(4.13d), (2.21e), (2.21j), and
(4.12), we get

b — Axpy = b + (Ayn + Axpan + Axn—l/gn—l)/’)/n
= b+ (Ayn — ¥n®n — Yn-18n-1 +b(an +ﬂn—1))/7n
= Yn+1,

which is what is needed for the induction. When n = 0, the same relations
hold without the terms involving 5_;. O

solvers. Joubert (1992) calls the pivot breakdown a hard breakdown since it causes all
three standard versions of the BICG method discussed in Jea and Young (1983) to
break down, as we will see in Section 9. In his terminology the Lanczos breakdown
is a soft breakdown. Brezinski, Redivo Zaglia and Sadok (1993) use the terms true
breakdown and ghost breakdown, respectively, while Freund and Nachtigal (1991) refer
to breakdowns of the second kind and breakdowns of the first kind. However, we will see
that in the algorithms most often used in practice, it is easier to circumvent a pivot (or
hard, or true, or second kind) breakdown than a Lanczos breakdown.
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The shorthand notation (2.23)—(2.24) for the BIO algorithm can easily
be extended to the BIORES algorithm. Due to the additional possibility
of a pivot breakdown, the index of first breakdown or termination is now

v (< v). We also have to add the matrix representation of the recurrence
for the iterates, (4.13d),

Y,=-X,1T, n<v). (4.14)
Analogously to (4.11), the column sum condition (4.12) can be expressed as

e'T,=0 (n<p). (4.15)

n

4.5. The inconsistent BIORES algorithm

We claim that by a small modification introduced in Gutknecht (1990) it
is possible to avoid the pivot breakdown that may occur in Algorithm 2
(BIORES).

ALGORITHM 3. (INCONSISTENT BIORES ALGORITHM)

Initially, let yo := (b — Axg)/y—1 with some y_; # 0, and redefine xo :=
x0/v-1. (For example, choose v_1 := ||b — Axgp|| or v—1 := 1.) Modify
Algorithm 2 (BIORES) by always choosing v, # 0 (instead of setting 7, :=
—0ap — Pp—1). Compute additionally the sequence {7,} that is defined re-
cursively by

’/'.I'() = 1/7—17 7'rn+1 = —(Oln’/:rn"‘,@n—lfrn—l)/’Ym n:0717"-71/_1'
(4.16)

We will see later in Theorem 12.1 that 7, is the value at 0 of the Lanczos
polynomial p, of (2.3), which up to normalization is also the residual poly-
nomial of x,. We will also see that p,, if normalized to be monic, is the
characteristic polynomial of the n x n leading principal submatrix of T,.
The problem with BIORES is that this value may become zero, and hence
there may not exist a residual polynomial normalized to be 1 at ( = 0. In
other words, inconsistent BIORES works with ‘unnormalized residual poly-
nomials’ not satisfying the consistency condition. The same idea can be
applied to other Krylov space solvers that break down for the same reason.
It follows immediately that the pivot breakdown is avoided.

Lemma 4.2 The index of first breakdown or termination v of the B1iO
algorithm and the one of the inconsistent BIORES algorithm are identical;
the index of first breakdown or termination o of the consistent BIORES
algorithm can, but need not, be smaller.

Moreover, in view of the following result, inconsistent BIORES delivers
the solution of Ax = b whenever it does not break down.
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Lemma 4.3 In the inconsistent BIORES algorithm, y,, and x,, are related
by

Yn = b, — Ax,. (4.17)
If y,v, =0, then 7, # 0, and X, = X, /7, is the solution of Ax = b.

Proof. For n =0, (4.17) is correct. Assume it is correct up to the index n.
Then by (4.13a)-(4.13d) and (4.16)

(bﬁn+1 - Axn-f-l)'yn
= _b(anﬁ'n + ﬁn—l":rn~1) + Ayn + Axpan + AXp-1801
= Ay, — ynan — Yn-16n-1 = ¥Yn+17n-

As mentioned above, 7, is, up to normalization, the value at 0 of the char-
acteristic polynomial p,, of the n x n leading principal submatrix of T,,. In
particular, 7, is a nonzero multiple of the value at 0 of the characteristic
polynomial p, of T,. We know that when the algorithm terminates due to
Ytemp = YoV = O, then the eigenvalues of T, are also eigenvalues of A.
Hence, 7, = 0 would imply that A is singular, contrary to our assumption
in this chapter. O

Lemma 4.3 indicates that in practice termination should be based on
llynll/|7n| being small. If we let

pno=[70 o dno1 ]l

we can formulate the extra recurrence (4.16) of inconsistent BIORES and
its residual relation (4.17) as

p;lL—-HIn = OT (n < V)’

Yn:[b b]dl&g(ﬂ'o,,ﬂ'n_l)—AXn (TLSI/—"].)

From (4.17) we conclude that 7, and the choice of v,, (m < n) only affect
the scaling of y, and x,. It is clear from this formula that whenever 7, # 0
for all n < v, one can rescale y,, x, (n < v) to get the corresponding vectors
of (consistent) BIORES. But once 7,, = 0 for some n < v, this is impossible
and BIORES breaks down, that is, # < v. In contrast, here one can still
go on, and if y, = o one finds a solution that is not accessible through
Algorithm 2 (using the same initial data). In practice, where vanishing
of 7, is unlikely, but near-vanishing matters, inconsistent BIORES must
be considered as a slightly stabilized version of BIORES that eliminates
the possibility of overflow or division by zero. In floating-point arithmetic,
however, there is no other stability pitfall caused by the particular scaling
of (consistent) BIORES or by any other scaling.
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5. The QMR solution of a linear system

While the BICG method yields a Petrov—Galerkin approximation of the
solution of a linear system, the Quasi-Minimal Residual (QMR) method of
Freund and Nachtigal (Freund 1992, Freund and Nachtigal 1991, Freund
and Nachtigal 1994) produces a solution whose residual has a coordinate
vector of minimum length. However, since the basis of the space is — for
economy reasons — the one generated by the Lanczos process, and thus is
not orthonormal, in general, the residual vector itself is not of minimum
length.

Basically, the QMR method takes the right Krylov space basis generated
by the Lanczos process and solves a least squares problem in coordinate
space in the same way as the MINRES algorithm of Paige and Saunders
(1975) and the GMRES algorithm of Saad and Schultz (1986). However,
the QMR algorithm in (Freund and Nachtigal 1991) has additional features:
its Lanczos part includes an implementation of look-ahead from Freund et
al. (1993), and its least squares part allows for weights, which, however, are
rarely used and therefore dropped in our presentation!!.

In principle, the QMR philosophy has a wide scope of applications, which
goes beyond what has been treated in the literature. In particular, we can
apply it to any Krylov space generation procedure producing a relation of
the form AY,, = Y,4+1H,, (preferably with column vectors of norm 1) or of
certain equivalent forms. We will return to this in Sections 10, 15 and 17.

Since MINRES plays an essential role in QMR, we need to look at it first.
We are going to discuss a variation of it that is suitable for QMR, since it
is easily adapted to allow for look-ahead.

5.1. The MINRES algorithm

The MINRES algorithm of Paige and Saunders (1975), as well as QMR
and GMREs, start from the representation (4.6) of the residual. MINRES
is a particular algorithm for the CR method for Hermitian systems, and
thus the aim is to minimize the residual norm. The method makes use of
the isometry induced by the coordinate mapping of an inner product space
with an orthonormal basis. This isometry is also manifested by the well-
known Parseval relation. It implies that instead of minimizing the residual
we can minimize its coordinate vector. In fact, by running the symmetric
Lanczos algorithm with B = I (despite the fact that the inner product
matrix B = A is used in the minimization problem (4.3) of the CR method)
and normalizing the resulting orthogonal basis {y,,} of the Krylov space,

1 In Tong (1994) the diagonal weight matrix is replaced by a block diagonal one with
2 x 2 or 3 x 3 blocks that are chosen suitably. However, the numerical results show
little gain in efficiency, if any at all.
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we have Y, 1Y, i1 = I,41, and therefore from (4.6)
lIenl? = [lerpo — Tpknll*. (5.1)

This is a least squares problem in coordinate space: €,p¢ has to be approx-
imated by a linear combination of the columns of the tridiagonal (n+1) xn
matrix T,,.

For example, this problem can be solved using the QR or the LQ decom-
position of the matrix and, due to the tridiagonality, these decompositions
only require n or n — 1 Givens rotations, respectively!?. The QR decompos-
ition of an upper Hessenberg matrix of the same size still only requires n+ 1
rotations, and that is why both the GMRES and the QMR algorithms ap-
ply QR, while Paige and Saunders used an L.Q decomposition. In GMRES
T,, is replaced by a Hessenberg matrix, and in the QMR algorithm T,, is
tridiagonal except for a few extra nonzero elements above the upper codi-
agonal if look-ahead is needed; hence, it is a nearly tridiagonal Hessenberg
matrix. Although we assume in our presentation of the QMR method in
this section that look-ahead does not occur, we choose to work with the QR
decomposition, and we modify the original MINRES algorithm accordingly.
Our treatment is adapted from Freund and Nachtigal (1991).

Let T, = Q.RM® be a QR decomposition of T,. The last row of the
upper triangular (n + 1) X n matrix RM® is zero. If we denote its upper
square n X n submatrix by RM®R (not to be confused with the matrix R, of
residual vectors) and let

h,
h, = { — } = Qe100, (5.2)
Tin+1
we see that
k, := (RM®)"1h, (5.3)

is the solution of our least squares problem since

llerpo — Trokull* = [|Qierpo — RMEK,||2

= ||, — Ry ky||? (5.4)
= |Ihy — RY®kn|* + [Fnsa]?
= Iﬁn+1|2- (5'5)

In fact, multiplying the least squares problem (5.1) by the unitary matrix
Q;, turns it into one with an upper triangular matrix, see (5.4), where the
choice of k,, no longer influences the defect of the last equation, and thus the
problem is solved by choosing k,, such that the first n equations are fulfilled.

12 An alternative is to apply Householder transformations; see Walker (1988).
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From (5.1) and (5.5) we see in particular that the minimum residual norm
is equal to |7n+1| and hence can be found without computing ky, or the resid-
ual. The unitary matrix Q, is only determined in its factored form, as the
product of n Givens rotations that are chosen to annihilate the subdiagonal
elements of the tridiagonal (or Hessenberg) matrix

In—l | o o
G, with G, = ol

ol

Q. = , (5.6)

Cn —Sn
Sn  Cn

[Qn—l |0

oT’l

where ¢, > 0 and s,, € C" satisfying c2 + |s2| = 1 are chosen such that

. _— 2 .
: : : n1]o :
G| x | = * with % | = — T, 0 ,
Hn Cnlin + Snln Hn o | 1 1
| vn | i 0 | | Vn |

which means that

Cp 1= ﬁ—, Sn = Cao, i i # 0,
Vipal® + vl Hn (5.7)
cn =0, Sp =1, if p, = 0.

If T, is real, ¢, and s, are the cosine and sine of the rotation angle.
The formula for updating h,, is therefore very simple:

h, h,_, hy,_, hp,_y
0 ~3nn
In particular, it follows that
|le1po — Tnkn|| = |Tins1| = |sniln| = |s152+ -~ sn] |Irol], (5.9)
since 71 = ||ro||. Even more important is the fact that h, € C" emerges

from h,,_; € C"! by just appending an additional component c,7j,. By
rewriting the first equation in (4.5) using (5.3) as

Xn =X+ Zph,, where Z,,:=[2z9 ... Zp_1 |:= Y, (RME)~1
contains the QMR direction vectors, we can conclude that

Xp = Xp_1 + Zn—-1CnTln. (5.10)
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Finally, since RMF is a banded upper tridiagonal matrix with bandwidth
three, the relation

can be viewed as the matrix representation of a three-term recurrence for
generating the vectors {z;}7Z5. (In contrast, in GMRES RM® is no longer
banded, and therefore this recurrence is not short.)

Multiplying (5.10) by A we could find an analogous recurrence for the
residuals, but since it would require an extra matrix-vector product, it is of
no interest. There is another, cheaper way of updating the residual. First,
inserting T,, = Q,RNM* and (5.3) into (4.6) and taking (5.2) into account

we get
h, )
0

= Yni1Qnlitifins1, where Ly =[0 ... 0 1]T eR"! (5.12)

r, = Yo (§1PO - QnB%R(R%R)_Ihn) =Y (QlPO -Qn

as before. Using (5.6) we conclude further that

Qn-1 ’ o o
e [

ol |1 1
= _YnQn—llnsnﬁn—f-l + Yncnﬁn-f—l-

Finally, using (5.12) and 7jp+1 = —35, 7 (see (5.8)) to simplify the first term
on the right-hand side, we get the recursion

rp = rn—1|5n|2 + YnCnln+1- (5.13)

However, recall that updating the residual is unnecessary for MINRES since
its norm is equal to |7jp41|. But (5.13) also holds for GMRES, and, since
we have not used the fact that Y, has orthogonal columns, it will become
clear that it remains true for QMR.

5.2. A first version of the QMR method: BIOQMR

The basic version of the QMR method without look-ahead is now easily
explained: the BIO algorithm with normalized Lanczos vectors (that is,
with normalization (2.27)) is applied to build up bases of the growing Krylov
spaces K, and K,. As in inconsistent BIORES, the right initial vector
yo := rg/||ro]] is the normalized initial residual, while the left one, yq, can
be chosen arbitrarily. The relations (4.5)—(4.6) remain valid, but (5.1) is no
longer true, since the basis {yk}z;é is no longer orthonormal when A is not
Hermitian or y¢ # yo.
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Since finding the minimum residual becomes too expensive, Freund and
Nachtigal (Freund 1992, Freund and Nachtigal 1991) instead promoted min-
imizing the coeflicient vector of the residual with respect to that basis, the
so-called quasi-residual

qn :=ep0 — Tk, satisfying r, =Y, 19, (5.14)

see (4.6). Minimizing ||q,|| is accomplished exactly as described in the
previous subsection, and even the recurrences (5.10) and (5.13) for updating
the iterates and residuals, respectively, remain valid.

What differs, however, is that ||r,|| = ||qn|| no longer holds, in general.
Instead we just have

leall < Y sl llanll < VR +1 [Tl

since Yp41 has columns of length 1, and ||qn|| = |7n+1] as before; see (5.5).
The factor v/n + 1 normally leads to a large overestimate, so that the bound
is of limited value. However, the relationship between the residual and the
quasi-residual may suggest sparing the work for updating the residual and
computing its norm until the norm |7j,41| of the quasi-residual has dropped
below a certain tolerance. In the following summary of a (simplified) version
of the QMR method we nevertheless assume that the residual is updated.
We choose to call it BIOQMR for distinction, to indicate that it is based
on the BIO algorithm without look-ahead, whose results are then piped into
the QMR least squares process.

ALGORITHM 4. (BIOQMR VERSION OF THE QMR METHOD)

For solving Ax = b, choose an initial approximation xq € CM, let rg := (b—
Axg) and yo := rg/||ro||, choose ¥ of unit length, and apply Algorithm 1
(B10) with the option (2.27) producing normalized Lanczos vectors. Within
step n — 1 of the main loop, after generating y, and y,,

(1) update the QR factorization T,, = Q,RM* according to (5.6)—(5.7)
(2) compute the coefficient vector h,, by appending the component c,, to
h,_1, and compute the new last component 7,11 := =8, 7, of h,,

(3) compute z,_; according to the three-term recurrence implied by (5.11)
(4) compute x,, and r,, according to (5.10) and (5.13), respectively
(5) stop if ||rn||/||ro|| is sufficiently small.

Note that the extra cost (in excess of those for the B1O algorithm) is
very small. On the other hand, the smoothing effect of the QMR method
is often very striking: while the Petrov—Galerkin condition imposed in the
B1CG method sometimes leads to a rather erratic residual norm plot, the
norms of the QMR residuals typically decrease nearly monotonically, though
not necessarily completely monotonically; see, for instance, the examples in
Freund and Nachtigal (1991).
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5.3. The relation between (Petrov—)Galerkin and the (Quasi-)Minimal
Residual solutions

Between the BICG iterates and residuals and those of the QMR method
exist relationships inherited from CG and CR. For the latter two methods,
most of them were found by Paige and Saunders (1975) as a byproduct
of their derivation of the MINRES algorithm from the symmetric Lanczos
process, but more transparent derivations and some new results and inter-
pretations have been found more recently. These relations between Galerkin-
based and minimal-residual-based solutions carry over in a straightforward
way to the corresponding orthogonalization methods for nonsymmetric sys-
tems, the Arnoldi method (or FOM) and the GMRES algorithm for the
GCR method, as was shown by Brown (1991).

The transition from CG to CR and from FOM to GCR is also possible
by applying to the CG residuals or the Arnoldi residuals, respectively, the
minimal residual smoothing process that we will discuss in Section 17. In
particular, we will see there why a peak in the FOM residual norm plot
leads to a plateau in the one of GCR.

Here we follow first the treatment of Freund and Nachtigal (1991); see
also Paige and Saunders (1975, pp. 625—626).

Recall that the Galerkin condition of CG and the Petrov—Galerkin con-
dition of BICG yield in coordinate space the linear system (4.7),

T,k = e1po, (5.15)
while MINRES and QMR require us to minimize the quasi-residual
an = €00 — T k" (5.16)

of (5.14). Now we have to distinguish the two coordinate vectors, and we
will likewise denote the respective iterates and residuals by xS, r$ and xMR,
rM®. The results we are going to derive hold for any of the three relations
CG-CR, BICG-QMR, and FOM-GMRES, but some minor modifications
in the derivation are needed for the last pair.

The minimization of ||qy,||? is the least squares problem that we solved
in the first subsection by QR decomposition of the (n + 1) x n tridiagonal
matrix T,,. (The latter could be replaced by the (n+1) xn upper Hessenberg
matrix produced by GMRES or by QMR with look-ahead.) Inserting the
update formula (5.6) for Q, into T,, = Q,RM® and moving the accumulated
left factor to the left-hand side of this equation, we get

[Q:z—l | o

I’n, = Gn—R_'rI\:IR
ol l 1
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Deleting the last row yields

In—l | (o]
Q. T, = —} RMR —: RS

o |en
where RS is again upper triangular and, hence, T,, = Q,—1RS is the QR
decomposition of the square tridiagonal matrix T,,. Of course, we can solve
(5.15) using this decomposition, getting

In—l | [0

} Q;._1e100

kS = (R$) ™' Qh_je1po = (RUR)1 |
o <,

In—l | o On—l l o
(Ry™)~ +
ol | Cn, ol l c,'l1 — Cp,
xQ7.—1€1P0- (5.17)
On the other hand, from (5.2) and (5.3) we conclude by inserting (5.6) that

KR = (R¥®)"'h, = (RYY) ! LI [0 | Qerp0

I, | o o

* | o
MRy-1] | n-l
= (Rp") [In | o] ol cn S ——_l_ €100
T _ o] I 1
o -3, Cp
) In—l l o
= (R?{IR)— Q;_191P07
OT |Cn

which shows that the first of the two terms in (5.17) is just kS. To simplify
the other we note that by (5.2) the last component of Q}_;e1pp is 7n, so
that altogether:

o
KS = IR 4 (R [—} i (5.18)
el —cn
For the iterates, which are in both cases of the form x,, = xg + Y. k,, we
find the relation

(o)
xS=x%R+Yn<R%R>‘1[ . }ﬁn:xrhzn—l(c;l—cn)ﬁm
Gl —cn

1

or, since c;! — ¢, = |sn|?/cn, finally,

2~
x5 = xMR + zn_l%ﬁ. (5.19)
n
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This formula allows us to compute the BICG iterates from quantities
produced by the BIOQMR algorithm. But, of course, we could also generate
these iterates recursively according to inconsistent BIORES, that is, from
(4.13d), (4.16), and x§ := x,,/7; see Lemma 4.3.

Multiplication of (5.19) by A and subtraction from b yields an analogue
relation for the residuals. However, its direct usage would cost an extra
matrix-vector multiplication. Moreover, inserting z,_; according to (5.10)
and making use of (5.13) leads in a few lines to

Tn+1
rs =y, Zn . (5.20)
This is no surprise since we know that the CG and BiICG residuals are
multiples of the Lanczos vectors. The analogue also holds for the FOM
residuals. What we learn is that, using (5.9) and (5.16), we can express the
residual norm as

a1 5152+~ 5l
o) = [l LMk 1RTAT) (5.21)

||z = — [lanl| =
Cn

As shown by Paige and Saunders (1975, p. 623), formula (5.20) is easily
obtained directly: splitting Y, +1 up into its first n and its last column, we
get from (4.6)

S = Ya(eipo — Trnk$) — ynmn(1'kS).

Here, the first term vanishes, and for the second we see from (5.17) that
the last component of kS is 1"kS = 7, /(pnncn), where py, n is the (n,n)-
element of RM®, which, in view of T,, = Q,RN® and (5.6), is linked to v,
by ¥n = Snpn,n, so that

G 7n77n _ %ﬁn _ ﬁn+1

r, =—Y» = —¥Yn =Y .
Pn,nCn Cn Cn

This result also means that the quasi-residual q5 that one can associate
according to (5.14) with a Galerkin method is given by
ﬁn-}—l

G
qn = ln"r‘l *
Cn

From (5.20) we conclude further that (5.13) can be rewritten as
rME = pME 5 12 4 x8c2, (5.22)

and, in view of |s,|? 4+ c2 = 1, subtraction from b and premultiplication by
A1 yields

xMBR = XTI\L'Ifillsnl2 + x,?ci. (5.23)

Finally, once again using |s,|? + ¢2 = 1 and 741 = —5n 7Jn (see (5.8)), we
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see that
1 1 c2 1 1
T T E R T E e ez
|Thn-+1] |77 |Tin+1 |77 e
which allows us to find |7, 1|? recursively without the QR decomposition,
just from the residual norms of the Galerkin method. Then, weights in
(5.22) and (5.23) are obtained from

(5.24)

2 _ |77n+1|2
N

|snl? =1—c2. (5.25)

Recall that |7,41] = |[rM®|| in the CR and FOM settings, while |7,+1] =
|ldn]|| is the norm of the quasi-residual if we apply the above to the BICG—
QMR connection. The relations (5.22)-(5.25) open up an alternative way
to compute the QMR (or CR or GCR) iterates and residuals from the
corresponding Galerkin residuals, that is, the BICG (or CG or FOM) re-
siduals. Zhou and Walker (1994), who introduced this approach, call it
QMR smoothing. We will return to it in Section 17.

The relation (5.22) has its root in the analogue one that holds for the
coordinate vectors,

MR
kn—l

kMR —
0

] ]8n|2 + k'erczw
which was given in Freund (1993, Lemma 4.1).

6. Variations of the Lanczos B10O algorithm
6.1. Further cases where the B1IO and BIORES algorithms simplify

We have mentioned before that in the symmetric case the B1O algorithm
simplifies: the left and the right Lanczos vectors coincide, and therefore only
one matrix-vector product is needed per step. In fact, this simplification
applies in a somewhat more general situation.

For every square matrix A there exists a nonsingular matrix S such that
AT = SAS~! but, in general, the spectral decomposition of A is needed
to construct S, and thus 8 is normally not available. See, for instance,
Horn and Johnson (1985, p. 134) for a proof of this result. Rutishauser
(1953) and, later, Fletcher (1976) noticed that choosing Yo = Syp in the
B10 algorithm yields y, = Sy, (n =0,1,...,v —1). (Rutishauser’s and
Fletcher’s remarks are restricted to real matrices, but generalize in the way
indicated above to the complex case.) Of course, it then suffices to generate
{yn} by the three-term recurrence, which means that the BIO algorithm
becomes transpose-free and only one matrix-vector product involving A is
needed per step. Hence, storage and work are then reduced to roughly
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half, except for the additional multiplication by S for temporarily creating
Yn, which appears in the inner products for @, and 6iemp. Moreover, under
these assumptions one-sided termination cannot happen: y, = o if and only
if ¥, = o. However, serious breakdowns are in general still possible.

Fortunately, there are several interesting situations where the matrix S is
known and is simple to multiply with. A trivial case is when A = AT is
symmetric (real or complex), and thus S = I. Freund (1994) lists several
classes of S-symmetric and S-Hermitian matrices satisfying by definition
ATS = SA, S =ST and A*S = SA, S = S*, respectively. In particular,
every Toeplitz matrix is S-symmetric with S the antidiagonal unit matrix.
Real Hamiltonian matrices multiplied by i := 1/—1 are also S-symmetric.
However, note that the conditions S = ST or 8§ = S$* are not needed for the
simplification. Also, the class of S-Hermitian matrices is rather restricted
since any such matrix has a real spectrum.

Incidentally, the transformation S is also crucial in a paper of Jea and
Young (1983, Def. 1.1, Thm 4.1).

6.2. The one-sided Lanczos algorithm

It has been pointed out by Saad (see Algorithm 3 in (Saad 1982)), that one
can exploit additional freedom in choosing the sequence {y,} of left Lanczos
vectors without affecting the sequence {y,} of right Lanczos vectors: we
can use for the former any sequence that spans the nested Krylov spaces K,
successively. In fact, a closer look at our derivation in Section 2 shows that
up to a scalar factor the right Lanczos vectors are fully determined by the
orthogonality condition K;, 1B y». Therefore, it does not matter which set
of nested bases is used for the left Krylov spaces IC,,. All we need is that

Yn = tn(A")¥0
with a polynomial ¢, of exact degree n or, equivalently, that for y,, a recur-
rence holds that is of type (2.7) with 7, ,_; # 0. Since this means giving
up the mutual biorthogonality of the two vector sequences, we have to re-
derive the formulae for o, and (,—;. Again taking inner products of the
first Lanczos recurrence in (2.19) with y,_; and y,, we see that the formula

(2.20) for B,—1 does not change, but the one for a, changes into one of the
following two:

Qp = <§'na AYn - Yn-1,3n~—1>B /6n
= ((S;n;Ayn>B '7n—1 - (}v'n—laAyn—l)B ﬁn—l
+ ﬁn—15n—1?n—1,n—1) /(n—16n)-

These formulae, together with the standard recurrence for the right Lanczos
vectors and a nearly arbitrary recurrence for the left Lanczos vectors leads
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to Saad’s variation of the BIO algorithm that we call here the one-sided
Lanczos algorithm; in contrast to Saad we prefer the first formula for a,
which is also used in Gutknecht and Ressel (1996).

ALGORITHM 5. (ONE-SIDED LANCZOS ALGORITHM)
Choose yo, Jo € CV such that & := (Fo, yo)B # 0, and set S_; := 0. For
n=20,1,... compute

Bn-1 = Yn-16n/6n-1, (if n>0), (6.1a)

on = (Yn, AYn — Yn-18n-1)B /bn, (6.1b)
Yiemp = AYn — Ynn — Yn-15n-1, (6.1c)
S;temp = A*g’n - S;n"N'n,n — S’O;O,n, (6'1d)
btemp ‘= (Ytemps Ytemp)B ; (6.1e)

if dtemp = 0, choose v, # 0 and 7, # 0, set

vi=n-+ 1, Yo = Ytemp/’)/na S;I/ = S;temp/:)?na 6n+1 = Oa
and stop; otherwise, choose v, # 0, ¥, # 0, and 6,41 such that

7n%6n+1 = 6temp7
set
Yn+1 = ytemp/’Yn’ S;n+1 = g’temp/;?na

and proceed with the next step.

Here, the coeflicients 7 , have been assumed to be given, but there are
situations where one might want to determine them from recently computed
right Lanczos vectors. It is easy to adapt this algorithm to the problem of
solving Ax = b and to specify the resulting one-sided consistent BIORES
algorithm with v, := —a, — Bn_1, or the one-sided inconsistent BIORES
algorithm, or to combine it with the QMR approach.

Theoretically, one could use for the left sequence the Krylov vectors y,, :=
(A*)™¥o, thus simplifying (6.1d) to ¥iemp := A*¥n, but in practice these soon
become nearly multiples of each other (and of the eigenvector associated with
the absolutely largest eigenvalue); therefore, even for moderate n, they are
useless as a basis for IEn, and methods that rely on them do not work for most
problems. On the other hand, to use a long recurrence for the left vectors
would be a waste. Hence, only two-term or three-term recurrences are a
serious option, and in most situations, the normal left Lanczos recurrences
will be the best one.

Saad points out that this algorithm reminds us that the orthogonality
of the left vectors, that is, ¥ 1p K, is not essential, and that, therefore,
in the B1O algorithm there is no reason to improve this orthogonality by
reorthogonalization.
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However, there are at least two situations where the one-sided Lanczos
algorithm is valuable. First, a purely theoretical application is that it can
serve as an intermediate step in the derivation of Lanczos-type product
methods; see Section 16. Second, for the numerical stability of the Lanczos
process it is most important that the space-expanding term in the recursion
for the Lanczos vectors, that is, Ay or A*y, respectively, is not too small
compared to the two other terms. If this happens to the right sequence,
we have to switch to a look-ahead step (see Section 19). However, if only
the left sequence is affected, we can just switch to the one-sided Lanczos
algorithm instead.

In fact, for numerical stability, the optimal choice for the left sequence
would be the one generated by the Arnoldi process applied to A* with start-
ing vector yo. However, the cost of this process forbids this: recall that
the main advantage of the Lanczos process over the Arnoldi process is the
large reduction of memory and computational costs. As a cost-effective com-
promise we may choose the ORTHORES(2) process instead, which amounts
to making Yiemp Orthogonal to ¥, and y,—; (instead of y, and y,—1):

S;temp = A*S;’n - }N’n<§’n» A*S’n>B - yn—1<§’n—la A*S;n>B 3
except that the last term does not exist when n = 1. However, it is better to

implement this according to the modified Gram—Schmidt process, and thus
compute

S;temp = A*~na
g’temp = S;temp - g’n <S;n7 g’temp>B )
g’temp = S;temp - yn—l(yn—la S;temp>B » (lf n> 0)

6.3. An abstract setting for the Lanczos process

We have introduced the Lanczos process for a real or complex N x N matrix
A. Such a matrix can always be thought of as a linear operator 4 : RV —
RN or A: CN — CV, respectively. For generality, let us concentrate on the
complex case: the Euclidean space CV is a finite-dimensional inner product
space, and we have made use of its inner product (.,.) when defining the
formal inner product (y,y)s := (¥, By) = y*By, which involves a matrix
B that commutes with A and is in most applications just the identity I. The
norm that comes with (.,.) was occasionally used to normalize vectors, but,
as we have seen, the Lanczos process can work with unnormalized vectors,
and thus the norm is only needed as soon as we want to measure convergence.

It is straightforward to reformulate the Lanczos process for an infinite-
dimensional Hilbert space, and there are indeed applications for this set-
ting; see, for instance, Hayes (1954), Kreuzer, Miller and Berger (1981) and
Lanczos (1950). However, as pointed out by Parlett (1992) (and further
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developed in a private discussion), one can go a big step futher with respect
to generality.

Parlett makes the point that the Lanczos algorithm can be defined in
a plain vector space. There is no need to normalize the Lanczos vectors
because they can be defined by the monic Lanczos polynomials. There is
no need for A* or AT provided that one set of Lanczos vectors consists of
row vectors and the other consists of column vectors. There is no need for
a normed space, let alone an inner product space. The point is that there
is no norm or inner product natural to the Lanczos algorithm. Different
applications might require different norms. The choice of norm or inner
product needs to be justified, not assumed.

Let V be a linear space over the field C (for simplicity), and A: V — V
a linear operator. The linear functionals defined on V form another linear
space, the algebraic dual space V* of V; see, for instance, Kreyszig (1978,
Section 2.8-8). A linear operator A* : V* — V* adjoint to A can be defined
by

(A*g)(y) == §(Ay) (forally € V,j e V).

If V is in addition normed, one considers typically the normed dual space V'
of V consisting only of the linear functionals that are bounded. Then, if A
is bounded, the restriction of A* to V becomes a bounded linear operator,
the adjoint A’ of A on V'. It has the same (operator) norm as A; see, for
instance, Kreyszig (1978, Section 4.5-2), Rudin (1973, pp. 92-93).

For either of these two situations we can define the Lanczos process if we
replace ‘y € CV is (B-)orthogonal to y € CV’ by ‘y € V is a zero of §j € V*
[or: V'™

¥,y)B=0 ~ gy =0

In particular, instead of (B-)biorthogonal bases satisfying (¥m,yn)B =
Omndn, the Lanczos process then produces dual bases satisfying

gm(yn) = 5m,n5n-

We need, however, to point out a difference between this setting and the
one in a complex Hilbert space, in particular CV. The inner product (¥,y)
in CV is sesquilinear, while §(y) is bilinear. Therefore, the above defined
adjoint operators A* and A’ are not identical with the Hermitian transpose
A* if V = CV (or with the Hilbert space adjoint if V is a Hilbert space),
but rather with the transpose A" of A; see, for instance, Kreyszig (1978,
Section 4.5-3), Rudin (1973, pp. 297-298). For this reason, the formulae
of our algorithms require some small modifications if translated into the
abstract setting of dual spaces.
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7. Coupled recurrences: the BiOC algorithm

In his second paper on the subject, Lanczos (1952) suggested under the
section heading ‘The complete algorithm for minimized iterations’ an al-
ternative algorithm for computing the sequences {y,}, {¥n} generated by
the B1O algorithm. He also discussed in detail how to apply this algorithm
for solving linear systems of equations. While the B1O algorithm for the
nonsymmetric Lanczos process described in Section 2 is based on a three-
term recurrence we turn now to another algorithm based on a coupled pair
of two-term recurrences for the same process. The relationship between the
two types of recurrence is the same as that between a linear second-order
ordinary differential equation and an equivalent pair of coupled first-order
equations: we just introduce an auxiliary quantity. In addition to the pair
of biorthogonal (i.e., B-biorthogonal) Krylov space bases, a second pair of
biconjugate (i.e., BA-biorthogonal) bases for the same Krylov space is now
generated. That is why we introduce here the acronym B1OC for this al-
gorithm.

While the B1O algorithm supplies us with a tridiagonal matrix T that
represents a projection of A, the new algorithm produces the two bidiagonal
matrices that are the LU-factors of T. If an LU-factorization (without
pivoting) of T does not exist, the BIOC algorithm breaks down early. This
seems to be a disadvantage of the Lanczos process based on coupled two-term
recurrences (B1OC algorithm) compared to the one based on three-term
recurrences (B1O algorithm). However, practice shows that nevertheless
the B1OC algorithm is often numerically preferable, as round-off seems to
have less impact.

The usual application of the BIOC algorithm is to solve a linear system
of equations Ax = b, again either by additionally computing iterates that
satisfy the Petrov—Galerkin condition of the BICG method, or by solving
the least squares problem in coordinate space of the QMR method. Further
investigations are necessary to find out if the BiIOC algorithm is also ad-
visable for eigenvalue computationrs, where it has hardly ever been applied
until now. Parlett (1995) lists several advantages of the factored form. In
particular, if we assume that T, and its LU-factors are known to a cer-
tain precision, then the factors implicitly determine the entries of T}, to
higher precision. The factors are also the input data of Rutishauser’s dif-
ferential QD algorithm of 1970 (see Rutishauser (1990)), which has recently
been enhanced by Fernando and Parlett (1994). Enriched by a suitable shift
strategy, it has become the method of choice for the bidiagonal singular value
problem and the eigenvalue problem of a real symmetric positive definite tri-
diagonal matrix. By avoiding explicit shifts, it can be made competitive to
the QR algorithm even for the general real symmetric tridiagonal eigen-
value problem. Making its nonsymmetric version sufficiently stable seems
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to be a long way ahead, however. It would be less expensive than the nor-
mally applied QR algorithm, as it works with bidiagonal matrices, while QR
transforms the nonsymmetric tridiagonal into an upper Hessenberg matrix.

7.1. The B1OC algorithm

We start with the formulation of the BiOC algorithm and a discussion of
its main properties.

ALGORITHM 6. (BIOC ALGORITHM)

Choose yo,¥o € CN such that & := (¥o,yo)B # 0 and &) := (Yo, Ayo)B #
0, and set vg := yg, Vo := ¥o. For n =0,1,..., choose v, # 0, 7, # 0 and
compute

O = 6, /bn, (7.1a)
Pn = Pn, (7.1b)
Yo+1 = (AVp — Yn¥n)/Tn, (7.1c)
Ynt1 1= (A*‘N’n—g’n@n)/:)’m (7-1d)
bnt1 = (¥Yn+1,¥n+1)B; (7.1e)
Yn = 7—n5n+1/5:w (7.1f)
{l;n = Ynbn+1/6}, (7.1g)
Vntl = Yntl — Vn¥n, (7.1h)
Vitl = Ynt1 — Vniln, (7.1i)
nel = (Vat1,AVai1)B. (7.1j)

If bpp1 =0o0r 6,1 =0, set ¥ := n+1 and stop; otherwise proceed with the
next step.

The formulae (7.1¢)—(7.1d) and (7.1h)—(7.1i) are known as coupled two-
term recurrences. We will see below that by eliminating v, and v, from
them we get back to the three-term recurrences (2.19) of the B1O algorithm.

The basic result for this BIOC algorithm is the following one.

Theorem 7.1 The sequences {y.}5_¢, {¥n}’—o generated by the BIOC
algorithm are biorthogonal, and the sequences {v,}’_, and {v,},_, are
biconjugate (with respect to A) except that (¥;,y:,)B = 0or (Vy, Avy)g =
0. That is, for m,n=0,1,...,7,

~ 0, m#n,

e (7.2)
~ [0, m #n,
<Vm,AVn>B — { 6;1 — 6n(pn , m=n, (73)
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where 6, # 0 and 6], # 0 for 0 <n < v —1, but §; =0 or §, = 0. Moreover,
forn=1,...,v — 1 holds in addition to (2.5)

Vi € Kntt\Cn s Vn € Kng1\Kn. (7.4)

Proof. We provide an adaptation of Fletcher’s proof (Fletcher 1976) to the
complex case and to our adjustable normalization. For m = n = 0, (7.2)-
(7.4) and (2.5) clearly hold. Assume that they hold form,n =0,...,k (< ©).
From (7.1c) and (7.1i) we get

(Ym>Yk+1)B (7.5)
= (Ym, AVk — Ye¥r)B /Y

= ((Vm, AV)B + Um1(Vm-1, AVE)B — (¥m, Yi)B @k) /. (7.6)

Here, for m < k — 1, all terms are zero by assumption. On the other hand,
if m = k, (7.1a), (7.1e), and (7.1j) inserted into (7.6) yield (¥, yk+1)B =
(o0 +0— b)) /v = 0; hence, (¥m,Yr+1)B = 0 for m < k. By symmetry,
(Vi+1,Ym)B = 0 for m < k too, and together with (7.1le) it follows that
(7.2) holds up to k + 1.

Similarly, using (7.1h) and (7.1d) we get

(Vm, Avi1)B
= (Vm, A(Yr+1 — Vi¥k))B
= Ym(Ym+1, Yet1)B + Pm(Ym: Yet1)B — (Vm, AVe)B Y.

Here, too, for m < k— 1, all terms are zero by assumption. If m = k, we see
from (7.1h), (7.1d), (7.2), (7.3), and (7.1f) that (Vx, Avki1)B = YkOk+1 +
0 — &,¥r = 0. Hence, (Vpy, Avgyg)g = 0 for m < k, and by symmetry
(Vk+1, AV)B = 0 too. Finally, the equation in (7.3) form =n =k+1
results from (7.1a).

The formulae (7.1c), (7.1d), (7.1h), (7.1i), (2.5), and (7.4) show clearly

that yg+1, Vi1 € ’Ck+2 and }N’k+1,vk+1~€ ’E]H.g. As in Section 2, 6, 7é 0
implies that yxi1 & Kky1 and Yri1 € Kik+1. By (7.1h) and (7.1i) it thus
follows that (7.4) holds for n = k + 1. This completes the induction. O

7.2. Matriz relations

The B1OC algorithm has a matrix interpretation, which quickly reveals the
relation to the B1O algorithm. In addition to Y, and Y, of (2.8) we need
the N x n matrices

Voi=[vo vi - V1], Va:=[%Vo %1 -+ ¥u1 ],
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the n X n matrices

I 800 1 1 wO

Yo 1 1

L, := Mo P2 , Uy = 1 . ,

%-2
1

Tn-2 $Yn-1 ]

which are lower and upper bidiagonal, respectively, and the extended bidi-
agonal matrices

_ 20 -
Y ¥
Ln Y1 P2
Ln = == .
7n—11n Tn-2 $¥n-1
L -1 |
and
_ ] 1/}0 _
1
Un = l: Un lnwn—l :l = 1 y
"/}n—Z
L 1 'd)n—l i

with an additional row and column, respectively'3. Analogously, we define
L,, U,, L,,, and U, in the obvious way. Then, according to (7.1h), (7.1i),
(7.1c), and (7.1d),

and
AV, = Yn+1Lna A*Vn = ?nﬁ—an (TL < V)

After setting!4
T,:=L,U,, T, :=U,L, (7.7)

and
I = LnU'ny I,n = Un—}—an, (78)

n

13 Note that the additional column is indicated by a vertical line. We suggest reading this
symbol as ‘U sub n extended’.
4 The prime does not mean transposition.
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and li~keWise deﬁning~ 'I‘n, T‘;, in, and i;, we conclude by eliminating V,,
and V,, or Y,, and Y, respectively, that

AY,=Y,uT, AY,=Y,.T, (7.9)
and
AV, =V, uT, AV,=V, T, (7.10)

Note that T, = UL, and U,L, differ only by the rank-one matrix
1, Vn—1¥n_11], which just modifies the element in the lower right corner
of U,L, by adding ~v,—1¥n—1 to it.

Since the matrix T, with the recurrence coefficients a,,, Bm, ¥m of the
BIO algorithm, and the matrices L, and U, with the recurrence coefficients
¢n and ¢p,_1 of the BIOC algorithm, as well as the tridiagonal matrix T},
with elements o}, 3;,, Vi, are related by (7.7), these three sets of parameters
are easily converted into each other. After setting ¥_, := 0, we obtain

(i) from T, =L, U, :
On = Qn+ Vn-1¥n-1, Bn=¢@ntn, ="
(ii) from T, = UL, :
ap = @n+ M¥ns  Bp = Pns1¥n,  Fn = -

These are essentially the rhombus rules of the QD algorithm (Rutishauser
1957). Of course, the same formulae also hold with tildes.

Since (7.9) is identical to (2.23), except for the possibility that v < v, we
obtain the following result.

Theorem 7.2 If the same starting vectors yy and ¥y and the same scale
factors v, and 7, are chosen in the BIO and the B1OC algorithms, then the
same biorthogonal vector sequences {y,} and {¥y.} are produced, except
that the BIOC algorithm may break down earlier due to 6, = 0. The
bidiagonal matrices Ly, I~J,~,, U;, and fj,-, of the recurrence coeflicients of the
B1OC algorithm can be obtained by LU decomposition of the tridiagonal
matrix T with the recurrence coefficients of the first & steps of the B1O
algorithm. The possible earlier breakdown of the B1OC algorithm is due
to the possible nonexistence of the LU decomposition (without pivoting) of
T,.

This result implies in particular that from the bidiagonal matrices con-
structed in the B1OC algorithm we can still compute the eigenvalues of
T,,, the so-called Petrov values (or, Ritz values in the Hermitian case), as
approximations for eigenvalues of A. As mentioned at the beginning of
this section, there are a number of reasons why the bidiagonal matrices are
preferable; see Parlett (1995).
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Theorem 7.2 holds analogously for the ORTHORES and ORTHOMIN ver-
sions of the generalized CG and the GCR methods, except that T, is then
upper Hessenberg and U, is upper triangular, while L; is still lower bid-
iagonal; see Gutknecht (1993a). There is also a similar result that links
ORTHOMIN with ORTHODIR. We will encounter its analogue in Section 9.

7.8. Normalization; simplification due to symmetry

For the BIO algorithm (Algorithm 1) we have chosen a somewhat complic-
ated formulation to make explicit the freedom in choosing two of the three
quantities 7., ¥n, and 6,4+1. The same freedom exists in our formulation
of BIOC, although we have not made that explicit. In particular, as nor-
malization we can still enforce (2.26) or (2.27). In these two cases, it is
necessary to define in a straightforward manner yiemp, Ytemp, @0d temp, as
in Algorithm 1. The second choice, (2.27), will lead to Lanczos vectors of
length 1. However, if we also wanted to have normalized direction vectors,
we would have to introduce additional scale factors in (7.1h) and (7.1i), and
to compensate for them in some of the other formulae.

What has been said in Sections 2.1 and 2.6 regarding simplification due
to symmetry also carries over to the BIOC algorithm. In particular, if A
is Hermitian, complex symmetric, S-Hermitian, or S-symmetric, then the
matrix-vector multiplication by A* can be replaced by multiplication by S.

8. The BIOMIN form of the BICG method

A consistent version of the BICG method based on the BIOC algorithm was
presented by Fletcher (1976). He referred to it as the biconjugate gradient
(BICG) algorithm, while later, Jea and Young (1983) called it Lanczos/OR-
THOMIN. Here we use the name BIOMIN in order to stress the analogy to
the OMIN (Hestenes-Stiefel) version of the conjugate gradient (CG) method
(Hestenes and Stiefel 1952) and the differently flavoured analogy to BIORES
and BIODIR. The latter is discussed later. The B1OC algorithm is related
to the BIOMIN version of BICG and to the OMIN version of CG in the
same way as the Lanczos B10O algorithm is related to the BIORES version
of BICG and to the ORES version of CG.

We will refer to BIOMIN also as the standard version of BICG. We keep
using the abbreviation BICG (like CG) as the generic name for the various
biconjugate gradient algorithms that are mathematically equivalent except
for possible deviations in the breakdown conditions.

8.1. The BIOMIN algorithm

When applying the B1O algorithm to solving linear systems in such a way
that the right Lanczos vectors became the residuals, we had to stick to a
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particular choice of «,, namely v, = —a, — Bp—1, in order to fulfil the
consistency condition for Krylov space solvers. Likewise, 7, is determined
here by the latter condition. In fact, since L, = T,U_.!, the bidiagonal
matrix L,, inherits from T,, the property of zero column sums, which, as we

recall, was inherited to T,, from F,; that is, we need
e'L,=o',

or, in terms of matrix elements,

Tn = —@n. (8.1)

Again, we can then define the iterates x, in such a way that y, is the nth
residual: multiplicaton of (4.14) from the right by U, yields

Vo= -XpuL, (<),

or,
Xn41 = Xn + Voawnp
if we set
Wy, 1= é = _ﬁ’in. (8.2)

Basically we are free to choose ¥y, but the normal choice is ¥, := 7y, which
implies that ¥, := ¢y, and ¥, := —0p+1/6n, see (7.1f)—(7.1g). This leads us
to the standard BIOMIN form of the BICG method.

ALGORITHM 7. (BIOMIN FORM OF THE BICG METHOD)

For solving Ax = b choose an initial approximation xg, set v :=yg :=b—
Axg, and choose yo such that éy := (yo,yo)B # 0 and & := (Yo, Avg)B #
0. Then let vy := ¥Jo, and apply Algorithm 6 (BIOC) with =, := —p, and
Yn := —@n, so that after substituting wy, := 1/p, the nth step consists of:

wn = 6n/bp, (8.3a)
Yn+l = ¥Yn — Avpwn, (8.3b)
g’n-f—l = g’n—A*Vnw_na (8'30)
Xn41 1= Xn + VaWn, (8.3d)
bn+1 = (Yn+1,¥n+1)B (8.3e)
Yn 1= —bny1/bp, (8.3f)
Vn+l = Yn+l = Vain, (8.3g)
Vnt+l = Yntl -‘N’n%, (8.3h)
nt1 = (Vat1, AVai1)B. (8.3i)

If yn+1 = O the process terminates and x,4+; is the solution; if 6,41 = 0
(and hence ¥, = 0) or 6;,.; = 0, but y,4; # 0, the algorithm breaks down.
In all cases we set 0 :=n + 1.
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Assuming b — Ax,, = y,, and using (8.3d) and (8.3b) we in fact get
b—-Ax,; = b — Ax, — Avpw, =yn — Avypw, = Yn+1,

so that by induction b — Ax, = y, for n = 0,1,...,7. Consequently, if
yr = 0, then x;, is the solution of the system.
Note that by definition of & we have

0n #0, Yn1#0, on#0, wp #0, n= (0)717-“,1‘/_ 1, (843‘)
and one of the following three cases:

o5 75 0, 5:-, =0 = Py 75 0, op =0, wyp =00, (8.4b)
51', = 0, (5;) # 0 — 1/)1',_1 = 0, Yy =0, Wy = 0, (8.40)
8, =0, 8,=0 = y_1=0, ¢y, wy, undefined.  (8.4d)

In the first case, (8.4b), a pivot breakdown occurs. The second case, (8.4c),
is a Lanczos breakdown. Here, we could still compute y;41 = yu, Yo41 =
Yo, and 6,41 = 0; but then 1), would be indefinite, and we would have
Vit1 € Kpt1, Vo1 € Ky for any value of ¥,. In other words, the Krylov
space generation is stopped. Hence, the algorithm stalls permanently, with
no chance to recover. In the next section we will derive yet another version,
BIODIR, of the BICG method, which under a certain assumption can re-
cover in this situation. The last case, (8.4d), is simultaneously a Lanczos
and a pivot breakdown.

Formula (8.3d) shows clearly that the approximations x,, are modified by
moving along the direction vectors v,, and it allows us to express x, — Xg
as a sum of corrections:

n—1
Xn = Xo + Z Viw;.
7=0

This formula was actually the starting point of Lanczos’ application of the
BIOC algorithm to linear systems (Lanczos 1952, p. 37).  When A is
Hermitian positive definite and B = I, that is, in the classical CG situ-
ation, one can say that for finding x,; one moves along the straight line
determined by the approximation x,, and the direction v,, until one reaches
the minimum of the quadratic function x — %x*Ax — b*x on this line, or
equivalently, the minimum of X — (Xex — X)*A (Xex — x). In fact, as we have
mentioned in Section 4, this is then also the minimum among all x € xg+/p,.
At x, the gradient (direction of steepest ascent) of this function happens
to be —y,. Thus the gradients (residuals) are orthogonal to each other.
This geometric interpretation leads readily to a variety of generalizations of
the conjugate gradient method to nonlinear minimization problems; see, for
instance, Murray (1972, Chapter 5) and Hestenes (1980).
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8.2. The inconsistent BIOMIN algorithm

After successfully eliminating the pivot breakdown of the BIORES algorithm
by making a minor modification we may wonder whether it is possible to
eliminate this type of breakdown here too by introducing an inconsistent
version of BIOMIN. It is not difficult to define such a version, but it turns out
that the goal is missed. Nevertheless, the inconsistent BIOMIN algorithm is
of some interest due to its close relationship to the coupled two-term version
of the QMR method.

ALGORITHM 8. (INCONSISTENT BIOMIN FORM OF THE BICG METHOD)
Let yo := (b— Axg)/v-1 with some . # 0, redefine x¢ := x¢/7v-1, and set
7o := 1/v_; as in Algorithm 3 (inconsistent BIORES). Modify Algorithm 6
(B1OC) by also computing, at the nth step,

xn—#—i = _(xn@n + Vn)/’Yn
and
Tntl 1= _ﬁnﬂon/')’n' (85)

In this algorithm the vectors y, and x, are again related by (4.17), with
the same scale factors 7,. The proof is once again by induction:

(b#n+1_Axn+1)’)’n = ~bTon+AXpon+Av, = _(YnSOn*AVn) = ¥Yn+17n-

However, the BIOC algorithm, and thus also the inconsistent BIOMIN
algorithm, in any case break down when 6, ,; = 0. Therefore, in exact
arithmetic, the latter algorithm does not bring any substantial advantage.
However, as we mentioned before, the BIOC algorithm seems to be less
affected by round-off than the B1O algorithm. While we do not expect a
big difference between consistent and inconsistent BIOMIN in this respect,
round-off error control measures are somewhat easier to implement when
the Lanczos vectors are normalized.

Concerning the relation to BIORES the following holds.

Lemma 8.1 If the same starting vectors are used, then the three al-
gorithms BIORES (Algorithm 2), BIOMIN (Algorithm 7), and inconsistent
B1OMIN (Algorithm 8) are mathematically equivalent, that is, they break
down at the same time and they produce the same iterates x,, except that
those of inconsistent BIOMIN are scaled by the factors 7,.

Proof. The relation between the BIO and the B1IOC algorithm was estab-
lished in Theorem 7.2. Compared to the B1O algorithm, BIORES addition-
ally requires that v, := —a, — B,—1 # 0. But since 7, is the same for the
B10O and the B1OC algorithm, and 4, := —¢, in BIOMIN, this condition is
equivalent to ¢, # 0, which has to be observed in the B1OC algorithm any-
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way, and which, conversely, is the only additional condition there compared
to the B1O algorithm. O

9. The BiODIR form of the BICG method; comparison
9.1. The B1C algorithm

Formula (8.3d) suggests that the iterates x,, can be computed by building up
the biconjugate sequences {v,} and {v,} and using the vectors y, and y,
only for the determination of the step size 1/¢,, which depends on them via
0n; see (7.1a). Since the biconjugate sequences can be thought of as being
biorthogonal with respect to the formal inner product (V,v)pa = V*BAv,
we can construct them with the B1O algorithm if we substitute this inner
product there. The sequences generated in this way can differ in scaling
from those produced by BIOMIN, but we will see in a moment how to make
them identical. We call the resulting algorithm the biconjugation or BI1C
algorithm, and although it is identical to the B1O algorithm except for the
change in the formal inner product, we give it here in detail, because it
will be a part of the BIODIR form of BICG, and because we want to fix
the notation. We distinguish the new recurrence coefficients and the inner
products by primes from those of the B1O algorithm.

ALGORITHM 9. (BIC ALGORITHM)
Choose vy, Vo € CN such that 8 = (Vo, Avg)p # 0, and set 8~ :=0. For
n=10,1,... compute

o), = (A, Av,)B /6, (9.1a)

a, = o, (9.1b)
Bnoy = F_164/6h 1, (if n>0), (9.1c)
Bt = Yoca8/Ony = B Fners (0 >0), (914)
Viemp = AVp — Vpah — Va_1065_1, (9.1e)
Viemp 1= Ay — Vn@ly — Va_18,_1, (9.1f)
Btemp = (Veemp» AViemp)B ; (9.1g)

if 6;mp = 0, choose 7, # 0 and 7, # 0, set

Vi=n+1l, vy = vtemp/’y;l, V= Vtemp/’ﬁl, 5,'”1 =0,
and stop; otherwise, choose v, # 0, v, # 0, and 6, ; such that
W;L% :‘L—’rl = 6£emp7
set
Vil = Viemp/Tns  Vntl i= Viemp/Tn (9.1h)

and proceed with the next step.
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It is most natural to choose 7, := ||Yiempll; ¥ := ||¥templl, so that the
IVat1ll = [[Va+1ll = 1, in analogy to (2.27).
Theorem 2.1 now transforms into the following statement.

Corollary 9.1 The sequences {v,}%_, and {¥,}%_, generated by the BIC
algorithm are biconjugate (with respect to A), except that (v,,, Av,/)p = 0.
That is, for m,n =0,1,...,V/,

0, m#n,

5 min (9.2)

(Vs AVi)p = {
where 8/, # 0 for 0 < n </ —1, but §, = 0. Moreover, forn=1,...,v/ -1,
(7.4) is valid for v,, and v,,. Conversely, the sequences {vn};’L’:O and {\Nrn},';':o
are uniquely determined up to scaling by the condition (9.2) with &], # 0
(n=0,1,...,v/ = 1), 6/, = 0, and the assumption v, € Kp41, v € Kt
(n=0,1,...,).

In view of (7.10) it should be clear that the recurrence coefficients o), 3,,,

~! and &, (3., 7, in the BIC algorithm are the elements of the matrices T,
and I:l that we introduced in Section 7. In particular, (7.7)—(7.8) hold, and
the shorthand notation for recurrences is

~/

AVn = Vn—HI:p A*{,n = {’n-f—l_']:n-

9.2. The BIODIR algorithm

For the application of the BIC algorithm to linear systems of equations an
additional recurrence for x,, is needed again. We keep the freedom of scaling
the direction vectors v, and v,, arbitrarily, but then have to determine the
step length appropriately.

ALGORITHM 10. (BIODIR FORM OF THE BICG METHOD)
For solving Ax = b choose an initial approximation xg, set vy := yg :=
b — Axg, and apply Algorithm 9 (BIC), additionally computing

W;L = <‘~'n7 Yn>B /6; s (93&)
Xn+1 ‘= Xp -+ Vnw,,/,L y (93b)
Yn+1 = Yn — Avnw;, . (930)

If ynt1 = 0, the process terminates and X, is the solution; if &/, a1 =0
but y,+1 # o, the algorithm breaks down. In both cases we set v/ :=n + 1.

Again, y, is the nth residual. In fact, by assuming that b — Ax, =y,
and using (9.3b) and (9.3c) we get

b— Ax,i41 =b— Ax, — Avypw,, = yn — Avpw), = Yoit,
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as required. The formula (9.3a) for w/, enforces (V,,yn+1)B = 0. In The-
orem 9.2 below, we will verify that BIODIR creates the same iterates as
BIOMIN and BIORES, but has different breakdown conditions.

9.3. Comparison of breakdown conditions of BICG algorithms
The BIODIR algorithm can only break down due to & = 0. When

erm
w!, = 0, the algorithm can recover: although it stalls for onie step, that is,
Xn+1 = Xp and yp41 = ¥n, 8 new direction v, is created. Therefore,
in general, the method cannot be equivalent to BIORES or BIOMIN since
necessarily yp4+1 # yn in both. But ifw), #0 (n =0,...,v— 1), it is indeed
equivalent to these two methods, as was noted in Jea and Young (1983,
p. 411) and is proven next. In the following theorem the various conditions
for a first breakdown, a stagnation point, or the termination are summarized

and compared.

Theorem 9.2 Assume that the same initial approximation x¢ and the
same initial vectors vgp := yg := b — Axg and vy := yg are used in
B1ODIR, consistent or inconsistent BIOMIN, and consistent and inconsist-
ent BIORES. Let v/, v, and v be the indices of first breakdown or ter-
mination of BIODIR, inconsistent BIORES, and the other three algorithms,
respectively.

Then v = min{v,»'}, and the following five conditions for a Lanczos
breakdown are equivalent:

(") wy, # 0 (for all m < n) and (V,,,y,)B = 0 in BIODIR
(ii’) 6, =0 in BIOMIN
(iii’) 8, =0 in (consistent) BIORES
(iv’) am + Bm—1 # 0 (for all m < n) and 8, = 0 in inconsistent BIORES
(V)n=v=r.

Condition (i’) implies that either w], = 0 or 8§/, = 0; in the latter case, !, is
undefined and n = v = v = v/. In the former, we have stagnation but no
breakdown of BIODIR.

Likewise, the next four conditions for a pivot breakdown are equivalent:

(i) (Vm,¥m)B # 0 (for all m < n) and 6}, = 0 in BIODIR
(ii”) 6/, = 0 in BIOMIN
(ii”) an + Bn—1 = 0 in (consistent) BIORES
(iv”) 7, = 0 in inconsistent BIORES
(V)n=v="1.

The conditions (ii’)—(iv’) and (i”)-(iii”) all cause either the termination or
a breakdown of the respective algorithm. However, (iv”) does not stop
inconsistent BIORES.
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The three consistent algorithms produce the same approximants xi, ..., x;
and hence the same residuals yi,...,y;. If we choose

’7;1 =Y (= ~n = ~1/wn) (9.4)

in BIODIR, then, for n = 0,..., 7, the vectors v, =: vp)'™® and v,, =: vD®

n
produced by BIODIR are the same as the biconjugate vectors v, =: vMIN
and Vv, =: VMIN of BIOMIN. This implies that for 0 < n < ¥ — 1 the
parameters o, 3,_1,7, of BIODIR are the elements of the matrix T}, of
(7.8).

In general, without the particular choice (9.4), we have
VMIND _ (DIRPY  GMIN _ GDIRFY () < ) (9.5)
where
Cni=907" Y1, Dn =Y%M " Yn_1- (9.6)

The submatrix T}, of the tridiagonal matrix T, with the parameters o,
' _1, 7, of BIODIR and the bidiagonal matrices L; and U, of BIOMIN are
then related by

DF/l;,'/ T:j DF’;I'/ = DF’}, UI'I Lf/ DF;ﬂ? (9'7)
where

Dr., :=diag(1,T1,...,In-1), Drvy, :=diag(1,Ty,...,T5_1).  (9.8)

1t n—1

The step size w), in BIODIR can be expressed as
wh, =wy I /T =T /Tpi1, n=0,1,...,0-1

Proof. 1t is clear that up to a possible earlier breakdown of BIOMIN the
formulae (9.1a)-(9.1h) of the BiC algorithm produce the same biconjugate
sequences {v,}%_, and {V,}2_, as BIOMIN if the (n + 1,n)-element ~/, of
the matrix T}, satisfying (7.10) is chosen appropriately, namely, so that T,
and T are related by (7.7). (In fact, according to Theorem 2.1, applied
with B := BA, these sequences are uniquely determined by the biconjugacy
condition and the scaling.) Since T; and T/, then have the same subdiagonal
elements, we need v, = -, for identical sequences. Choosing v/, differently
just rescales the two vector sequences. From (7.1c), (7.1d), (7.1h), and
(7.11), it follows easily that (9.5) and (9.6) hold, which, in view of (7.7) and
(7.10), lead readily to (9.7).

In the formulae (9.3a)—(9.3c), a scale factor for v, inherited by 6}, yields
the inverse factor for w/,, which cancels when y,+; and x,; are evaluated.
Moreover, a scale factor for v,, has no effect. Hence, to prove that the latter
two vectors are the same as in consistent BIOMIN it suffices to verify this
for a fixed scaling, say for the one induced by 7/, := v, = —¢y, when v,
and Vv, are the same as in BIOMIN. For the induction proof we assume
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that the pair y,, X, is the same as in BIOMIN. Comparing (9.3b) and
(9.3¢c) with (8.3b) and (8.3d) we see that the pair y,+1, Xn41 is again the
same as in BIOMIN if and only if w), = wn. By (7.2), (7.4), and (8.3h),
(¥n,¥n)B = (Vn,yn)B . Furthermore, if 6], # 0, then by (7.2), (8.3a), and
(9.3a) we can conclude that indeed

6n (g’n,}’n>B (VnaYn>B ’

Wn

This line also exhibits that w], # 0,n = 0,...,» — 1. Since (¥n,¥n)B =
(Vn,¥n)B is still valid for n = 1, the equivalence of (i’)—(iii’) holds, and since
6y, = 0 is the common breakdown condition of consistent and inconsistent
BIOREs, (iv) and (v’) are equivalent too.

In view of (8.2) and (8.3a) the condition ¢, = 0 (which by definition of
v implies 6, # 0; see (8.4a)—(8.4d)) is clearly equivalent to 6, = 0. Fur-
thermore, since the consistent versions of BIOMIN and BIORES are related
by ¥n = —Yn = @n + Bn_1, the equivalence of (i”)-(iii”) and (v”) follows.
The fact that, in inconsistent BIORES, 7, = 0 signals a pivot breakdown
will follow in Section 12 (Theorem 12.1), where we will prove that 7, is
the value at 0 of the nth Lanczos polynomial. It is also indicated by the
infinity of the nth approximant x,, /7, of the solution x.,. Finally, since all
conditions except (i’) for BIODIR and (iv”) for inconsistent BIORES imply
a breakdown or the termination of the respective algorithm, and since no
other types of breakdown exist, it follows that 7 < v/ and © < v, and that
always at least one equality sign holds. [

What more can we say about the case where v < 1/, that is, w), = 0
for some n < 7 As we have seen, BIODIR stalls but does not break
down. The sequences {v,,}"."3 and {¥m}“_4 are still biconjugate (since
they are generated by the BIiC algorithm), and y,, is still the residual of x,.
Using the connection to Padé approximation one can easily show that in this
situation w), = 0 can only occur for isolated values of n. The proof was given
in Gutknecht (1990, p. 30); the facts it is based on, namely the Lanczos—
Padé connection and the block structure theorem, were also presented in
Gutknecht (1994b). This has the following immediate consequence.

Theorem 9.3 If in the BIODIR algorithm w], = 0 for some n, then w/,_; #
0 (ifn > 0) and w;,; # 0 (if n < v/ —1). The sequence {yTL}T"L;_()1 of residuals
generated by BIODIR satisfies

’Cn+1 J-B YnH1 if w;;, 7é 07

Kn 1B Ynri=yn if wl=0.
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Table 1. Matriz relations that describe the recurrences of the B1O, B1OC,
and B1C algorithms. Only those for the right Lanczos and direction vectors
are shown. Additionally, on the left, the biorthogonality and biconjugacy
conditions are shown, while, on the right, the relations between the
matrices of the recurrence coefficients are listed. The lower relation,

T, = Up 1L, assumes that ), = vk (for all k)

Algorithm ] Biorthogonality Recurrences Relationships
1 B1O AY,=Y,.T,
Y;:BYn = D6;n In = LnUn
V:LBAVn = D&’;n I;; = Un+1Ln
9 BIC AV, =V, T,

9.4. An overview of BICG algorithms

In Table 1 we first summarize the principle matrix relations of the Bi1O,
B10OC, and BiIC algorithms. To get an overview of the five BICG algorithms
that we have discussed, we list in Table 2 the various vectors and the corres-
ponding polynomials that come up (except for the iterates x,,, which appear
everywhere, of course). Those vectors that are listed in several algorithms
are, up to scaling, the same. The table does not give full information about
the memory requirement, however, as sometimes previously computed vec-
tors or results of matrix-vector products have to be stored. In the last two
columns of the table it is indicated if a Lanczos breakdown (‘L’) or a pivot
breakdown (‘P’) can occur in the respective algorithm.

In Table 3 we compile the names of the coefficients and the corresponding
matrices that belong to each method. However, we do not include those
with tildes, as they are closely related to those without tildes.

10. Alternative ways to apply the QMR approach to BiICG

As an alternative to the BICG method that is based on a Petrov—Galerkin
condition, we discussed in Section 5 the QMR approach for solving a non-
Hermitian linear system of equations. Starting from the representations

Xn = X0 + Ynk,, r,=r9— AY,k,, (10.1)

for the nth approximate solution and its residual, we saw by inserting AY,, =
Y,+1T,, and rg = yopo = Yni1€100 that

rn=Yni1Qn, Qpn:= e;po — L kn. (10'2)
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Table 2. Krylov space vectors and corresponding polynomials that appear in
our five forms of the BICG method. Different scaling is mirrored by upper
indices in the notation for the polynomials, but not in the one for the
vectors. The complex conjugate polynomials, which are associated with left
vectors, can be multiplied by yet another scale factor, in general. In the
columns ‘L’ and ‘P’ we indicate if an algorithm is susceptible to Lanczos
breakdown or pivot breakdown, respectively

Algorithm | Vectors Polynomials L P
2 BIORES (consistent) Yns ¥n Pn; Pn v Vv
3 BIORES (inconsistent) Yn, ¥n pINC | pINC Vv
7 BIOMIN (standard BICG) | ¥n,¥n,Vn,Vn Prs Doy Proy D VARV
8 BIOMIN (inconsistent) Vs Yns Vi, Vi pINC, pINC pINC ZINC /0 /
10 BIODIR Y, Vi, Vn Dn, POIR, pDIR Vv
Table 3. Coefficients, inner products, and corresponding matrices that
appear in our five forms of the BICG method
Algorithm Coeflicients Inner Matrices
products
2 BIORES (consistent) Qny Br-1, Yn Ony1 T, Ds;n
3 BIORES (inconsistent) Qns Br—1, Yns Fntl  On T,, Ds.n,
7 BIOMIN (stand. BICG) | wp, ¥y On, 61, L., U,, Dsyn, Ds .y,
8 BIOMIN (inconsistent) Wny Yy Yn, b, O, L,, U,, Ds,, Ds,
10 BIODIR al, Bhy Ve, wh el T,,L,, Ds.n

Recall that here the columns of Y, 1 are expected to be normalized. The
QMR method then minimizes the quasi-residual q, (instead of the residual),
and this amounts to solving the least squares problem

llepo — Tk |? = min! (10.3)

with the (n+ 1) x n tridiagonal matrix T,, (which will have some additional
fill-in in the upper triangle if look-ahead is needed).

Instead of using the B1O algorithm, can we also apply the B1OC or even
the BIC algorithm to find the QMR iterates? Replacing (10.1) by

Xp = X + Vniin, rn =T — AVniEn,
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and now substituting AV,, = Y, 1L, we find

rn=Ynt1dn, dn:=e€;p0 — L kn.
Since r,, is again written as a linear combination of the columns of Y, 1,
the coefficient vector q,, is the same as in (10.2). The least squares problem

lle1po ~ LnEnH2 = min!

that has now to be solved involves a lower bidiagonal matrix, but it is
equivalent to the one of (10.3): it could have been obtained from the latter
by inserting T, = L, U, and U,k, = En Hence, all we have done is a
linear change of variables: while the coefficient vector k, is different from
k,, the approximate solution x, is the same as before. (Of course, exact
arithmetic is assumed here.) We suggest calling this form of the QMR
method BIOCQMR for distinction. A complete description of it and its
implementation, including a version of the BiIOC algorithm with look-ahead,
was given by Freund and Nachtigal (1994, 1993).

We can also construct a BICQMR, form of the QMR approach. Writing

Xn =Xo+ V, Kk, r,=r9— AV, k.,

and inserting AV,, = V, 1T, and ro = yopo = Vopo = Vnt1€,00, We
obtain

rn = Vayidy, 4y, = epo — Tk,
However, the resulting least squares problem

|2 = min!

|le1po — Tr. ks,
is no longer equivalent to the two previous ones, since r,, is here represented
in a different basis, the columns of V,1;. One must expect that in typical
examples these columns are even further away from orthogonal than those
of Y41 (which are orthogonal in the symmetric case), and that therefore
the norm of the true residual is larger than in BIOQMR and BIOCQMR.

11. Preconditioning

By suitable preconditioning the convergence of iterative linear equation solv-
ers is often improved dramatically. In fact, in practice large linear systems
of equations resulting from the discretization of partial differential equations
are often so hard to treat that iterative methods do not converge at all un-
less the system is preconditioned, which means that the coefficient matrix
is — implicitly or explicitly — replaced by another one with better conver-
gence properties. However, the more effective preconditioners are, the more
costly they tend to be, both regarding their one-time computation and the
additional cost of evaluation (for instance matrix multiplication) per step.
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In general, preconditioning can be viewed as replacing the given system,
say,

A% =b with initial approximation X, (11.1)
by an equivalent system,
Ax =b with initial approximation xg,

where either

A := CLACg, b := Cyb,
LR g (11.2)

»)
I

— =1z
Xg = CR X0, CRX,

or

R (11.3)
Xgo = o, X = Xy + Cgx.

The second version combines the preconditioning with a shift of the origin at
the beginning of the iteration, as suggested by Freund and Nachtigal (1991).
Note that the same shift of origin is also applied in the general concept of
iterative refinement, and in Section 18 we will suggest also applying it at
later stages.

We call Cy, and Cg the left and the right preconditioner (as, for instance,
in Ashby et al. (1990)). Many other authors (for instance, Golub and van
Loan (1989), Saad (1996), Barrett, Berry, Chan, Demmel, Donato, Don-
garra, Eijkhout, Pozo, Romine and van der Vorst (1994)) refer to My, :=
CZI and Mp := Cﬁl as left and right preconditioners. In fact, some precon-
ditioning techniques, such as the various forms of incomplete LU factoriza-
tions (Meijerink and van der Vorst 1977), primarily generate M and Mg,
and then evaluate y = Ay by solving the two linear systems Mpt =y and
M.y = At. Other preconditioning techniques emerge directly as proced-
ures for computing t = Cry and y = CpAt. Finally, many algorithms can
be reformulated so that the left and the right preconditioner can be com-
bined into one matrix multiplication by the product CrCp or one linear
system with matrix My Mpg to solve per step; see, for instance, Saad (1996).

Often, only either a left or a right preconditioner is applied, that is, either
Cpr :=T1or C; := 1. In the first case, x = X, so that the errors of the
preconditioned system are the same as those of the original system. In the
second case, the residuals remain unchanged. In the general situation, if we
set Xex = A~!b and Xex = A~!b, both (11.2) and (11.3) imply the relations

~ 1/ ~
r'n = CLI’n, Xex — Xpn = CR (xex - xn)

between the preconditioned residuals ry, := b — AXx, and the preconditioned
eTTOTS Xex — Xy, ON the one hand and the residuals ¥, := b — AX,, and errors
Xex — Xp, of the original system (11.1) on the other hand.
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12. Lanczos and direction polynomials

Any vector y in the Krylov space K, 1 := span (yo, Ayo, ..., A™yg) can be
written in the form y = p(A)yq, where p is a polynomial of degree at most n,
in which the matrix A is substituted for the argument. The induced mapping
is an isomorphism as long as K11 # K,, that is, as long as n is smaller
than the grade of yo with respect to A. The sequence {y,} ¢ of right
Lanczos vectors generated by the B1O algorithm is in this way associated
with the sequence {p, }"Z{ of Lanczos polynomials, and from the three-term
recurrence (2.19) for the former we get immediately a three-term recurrence
formula for the latter. Of course, the analogue is true for the sequence
{yn};;%, of left Lanczos vectors, the operator A*, and the corresponding
nested sequence of Krylov spaces ﬁn+1 := span (¥o, A*yo, ..., (A")"yo).
But from the recurrences (2.19) and the relations (2.21b) and (2 21d) we
see that the coefficients of this second set of polynomials, {pn}n o, are just
complex conjugate to those of the Lanczos polynomials if we choose 7, =
Fn. (Otherwise, in view of (2.28), p, would be a scalar multiple of py;
for simplicity, we assume 7, = 7%, in this section.) Similarly, from the
B10C formulae (7.1a)-(7.1j) it is seen that the vectors v, € K41 and
Vnp € I%,H_l can then be represented by a polynomial p, of degree n and
the one with complex conjugate coefficients, p,, respectively. Since v, is
a direction vector, we call p,, a direction polynomial. The coupled two-
term recurrences of the BIOC algorithm translate into coupled two-term
recurrences for the two polynomial sequences {p,} and {p,}. A three-term
recurrence for the direction polynomials alone follows by eliminating p,, from
the coupled recurrences. Recall that the analogous elimination brought us
from the BIOC to the BIC algorithm. The recurrences remain valid up
to n = v, but the correspondence between P, and K, may no longer be
one-to-one for n = v. When taking the different indices of first breakdown
or termination of the various algorithms into account, we obtain altogether
the following result.

Theorem 12.1 Let {y,}%_, and {¥,};_, be the biorthogonal vector se-
quences generated by the B1O algorithm with 5, = ~,, and let {vn}n 0
and {V,}“_, be the blconjugate vector sequences generated by the BiC al-
gorithm using v}, = 7, and 7}, = ¥,. Then there is a pair of sequences of
polynomials, {p,}¥_, and {ﬁn},’;/:o, such that

y”:pn(A)y07 yn:p_’n(A*)y()? n:()a]-a"'yyv
and

Vo = Pn(A)vo, Vp=pn(A)Ve, n=0,1,...,0
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For n < ¥ = min{v, '} these polynomial sequences satisfy the coupled
two-term recurrences

po(¢) = 1,
po(C) 1,
Pn+1(€) = [CPn(C) — @nPn(O)] /¥n;
ﬁn—H(C) = pn-&-l(C) _'wnﬁn(g)? n=01,...,v -1

They also satisfy individual three-term recurrences, namely

po(¢) = 1,
p1(¢) == (¢ — a0)po(<)/0,

Prt1(C) = [(€ = an)pna(() = Ba-1Pn-1()]/ 10y, n=1,...,v =1,
(12.2)

(12.1)

and
ﬁo(() = 1,
p1(¢) = (¢ —p)Po({)/ 0,

ﬁn—H(C) = [(C - afn)ﬁ’ﬂ(() - ﬂ;_ﬂffn—l(C)]/Vn, n= 17 R v — 1)
(12.3)
respectively. Both p,, and p,, have exact degree n, and both have the leading
coefficient T';;!, where

Ln =971 Yn-1- (12.4)

If v, = —p, (for all n) as in (8.1) or, equivalently, if v, = —a, —
Br—1 (for all n) as in (4.12), then

p(0)=1, n=0,1,...,0. (12.5)

Otherwise, the values 7, := p,,(0) can be computed recursively according to
(4.16) or (8.5).

Proof. The recurrences (4.16) and (8.5) follow from (12.2) and (12.1), re-
spectively, by inserting ( = 0. It remains to verify the formulae (12.4) for
the leading coefficients and (12.5) on the normalization at { = 0. Both
follow by induction from the recurrences. O

Since the Lanczos vector y, is the nth residual of the three consistent ver-
sions of the BICG method that we discussed in Sections 4, 8 and 9, p,, is for
each of these algorithms the so-called residual polynomial. Property (12.5) is
the standard consistency condition for residual polynomials of Krylov space
solvers.

For the general Krylov space solver that we briefly considered in Sec-
tion 4, the recurrence relations (4.10) for the residuals also imply recurrence
relations for the residual polynomials, namely, in shorthand notation,

¢[po -+ Po1)=[p0 -+ Pn-1 pn |H,. (12.6)
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From this formula it is easy to see that the condition p;(0) = 1 (k < n) is
equivalent to the zero column sum condition (4.11) for H,, and the choice of
po(¢) = 1 as the constant polynomial. In analogy to (12.6) the recurrences
(12.2) and (12.3) can be written as

C[po *** Po—1] =[P0 -+ Pno1 pn]T,,
C[ﬁO ﬁn—l] = [ﬁO ﬁn——l ﬁn]l%
Let us now define on the linear space P of all polynomials two linear

functionals ® and ®'. They are specified by the values they take on the
monomial basis:

O(C*) ==k, ¥ (CF)i=prs1 (kEN), (12.7)
where
= (Yo, AFyo)s = F5BA*ys. (12.8)

Here py is called the kth moment associated with A, yg, and yo. In engin-
eering, the set of moments is referred to as impulse response or as the set of
Markov parameters of a system; in the older mathematical literature they
are sometimes called the Schwarz constants (Rutishauser 1957).

Note that for arbitrary polynomials s and ¢ and corresponding Krylov
space vectors s(A)yo, t(A*)yo we have

(t(A)¥0,s(A)yo)B = ®(ts),

~ (12.9)
(t(A*)yo, As(A)yo)p = ®'(ts) = ®((ts).
When we represent s and t by their coefficients,
s(Q) =: Y _onc®,  t(¢) = D mcF, (12.10)
and introduce the infinite coeflicient vectors (extended with zeros),
s=[0op 09 03 -], ti=[1 7 T3 -] (12.11)

as well as the infinite moment matrices

Mo H1 p2 H1 o H2 M3
M1 2 H2 M3
M = , M :=

M2 K3

associated with the functionals ® and ®’, we see from
o(ts) =Y wor®(¢*H)
E o1

and from the analogous formula for @’ that

®(ts) =t Ms, &(ts) =t M’s. (12.12)
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The matrices M and M’ have Hankel structure: the (k,[)-element only
depends on k +[. This is a consequence of the fact that the product ¢*+¢ of
¢* and ¢! only depends on k + I.

What can we say about the relationship between the functional ® and the
original data of the problem: the matrices A and B and the initial vectors
¥o and ¥o? (Recall that we are mainly interested in the case B = I, where
we can forget B.)

To explore this relationship, let us for a few lines assume that the matrices
A and B are diagonalizable. Then, since they commute by assumption, they
have a common complete system of eigenvectors (Wilkinson 1965, p. 52):
there is a nonsingular N x N matrix W of eigenvectors such that

AW = WD,, BW = WD,

where Dy and D, are diagonal matrices containing the eigenvalues Aq,..., Ay
of A and the eigenvalues k1,...,kx5 of B, respectively. From A*W™* =
W™D} it is clear that the columns of W™ are a set of eigenvectors of A*.
We let

W =: [Wl,WQ,...,WN], W™ = [Wl,WQ,...,WN],

and represent yo in the basis {wy}, ¥o in the basis {Wy}:

N m N m
Yo=Y wyn =W . Yo=Y Wl =W*
=1 NN =1 nN
Then
m N
we = (Jo,Afyo)s =[M ... v IDDY| ¢ | = Y Arwm;.
NN =1

Therefore, p; can formally be written as the kth moment of a discrete meas-
ure dpu(A) with masses k;7;7; at the points A;:

N
e = / Medp(X),  where dp(A) = 3 707 6( — Aj)dA.
=1

(In the last formula, é§ is the Dirac function. Of course, if some of the
eigenvalues coincide, the corresponding masses have to be added.) More
generally,

B(s) = (Fo, 5(A)yo)m = [ s(\du(N).

In the symmetric case (A = A*, yo = yo), where A\; € R and 7; = 7,
du()) is indeed a discrete positive measure whose support consists of the
eigenvalues A; that are represented in yq (i.e., for which n; # 0).
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By the induced mapping from the Krylov space to polynomials, the biortho-
gonality (2.2) of the Lanczos vectors and the biconjugacy (7.3) of the se-
quences {v,} and {V,} now take the form

g’SBpm(A)pn(A)YO = 6mnbn, n=0,1,...,v,
and
yEBﬁm(A)Aﬁn(A)yO = 6m’n6;w n= 07 17 e ,l/a
respectively, in view of AB = BA. With the above definitions, we can
translate these conditions into
(I)(pmpn) :6mn6na m,nzO,l,...,y,

~ o~ /

(I),(pmpn) —6mn6n, mynzo, 17...,1/.
From the linearity of ® and ® one concludes further that

m_ y_J O if0<m<n,
®(¢ pn)——{ 8T ifm—=n, (12.13)

and

Vormaes N 0 1f0§m<n,
Q@pm‘{&m if m=mn,

which is another way to characterize these polynomial sequences. At this
point we need to recall the following definition; see, for instance, Gutknecht
(1992).

(12.14)

Definition 12.1 If the polynomial p, of exact degree n satisfies (12.13)
for some 6, # 0 and is uniquely determined by these conditions, it is called
a regular formal orthogonal polynomial (FOP) of the functional ®.

In other words, (12.13) and (12.14) mean that {p,}%_, is a sequence of
regular FOPs of the functional ®, and that {p,}%_, is such a sequence for
@'

If p, and p,, are expressed in the monomial basis,

Z 7T(n)
and

i3

=3 e,

[, !, then the first n equations of (12.13) and (12.14)

become homogeneous n x (n + 1) linear systems for the coefficients W,(c") and

?r,(gn), respectively. Since 7r£n) and 7?5[” are known, we can move them on the

where 77( ) Ay(bn) =
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right-hand side:

OR
(()n) Hn o M1t Hn—l
™ Hn+1 M1 H2 Ji
M, | "= a0 M, = | S
7r7(1n—)1 Hon—1 Hn—-1 Hn - Hon-2
) i (12.15)
[ ) ]
0 Pnt1 B1o M2 e
~(n
Hnt2 M2 U3 Hnit1
M, ! =" 7 with M/, = | . "
7(n) Uon Hn  Hnt1l -0 H2n-1
L “n—1 |

In the engineering literature, linear systems of this form are called Yule—
Walker equations. The matrices M,, and M/, are the nth leading principal
submatrices of the infinite moment matrices M and M'. Since (12.13) and
(12.14) are equivalent to (2.2) and (7.3), respectively, it follows from the
uniqueness statements in Theorem 2.1 and Corollary 9.1 that for prescribed
leading coefficients m(L") and ?r,(ln) the solutions of these linear systems are
uniquely determined as long as 1 < n < v in the first and 1 < n < V/
in the second system. Clearly, this existence and uniqueness statement is
equivalent to the nonsingularity of the matrices M, and M, in the respective
range of indices. For future use we state part of this result so that it also
applies for n > v and n > v/, respectively.

Lemma 12.2 A Lanczos polynomial p, of exact degree n that is a regular
FOP of ® (that is, which satisfies the orthogonality conditions ®((™p,) =0
(0 < m < m) and is up to a scalar multiple uniquely determined by them)
exists if and only if M, is nonsingular.

Likewise, a direction polynomial p, of exact degree n that is a regular
FOP of & (that is, which satisfies the orthogonality conditions ®'(¢™p,) = 0
(0 < m < n) and is up to a scalar multiple uniquely determined by them)
exists if and only if M/, is nonsingular.

In particular, the indices of first breakdown or termination, v and v/, of
the BIO algorithm and the BIC algorithm (Algorithms 1 and 9 in Sections
2 and 9), respectively, satisfy

v = min {n: M, singular},

v/ = min {n: M, singular}.

Proof. It remains to show that M, ; and M|, , are singular. Set n := v.

First, for given m(Ln) # 0, the linear system (12.15) uniquely determines
the coefficients of a polynomial p, that corresponds to a vector y, € Kp41
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satisfying K. LB yn. At the same time, p, is mapped into y, € Kni1
satisfying y, 1 K,. We want to prove that, in contrast to the defini-
tion of v, the conditions (2.1)—(2.2) could be fulfilled up to v + 1 if M, 4;
were nonsingular. It remains to show that (¥,,y»)B = 0 unless M, is
nonsingular. In fact, if this inner product is 0, then the additional equation
unwé") 4+ ugn_lw,(ln_)l + uznm(Ln) = 0 holds, which extends system (12.15)
by an extra row at the bottom. Consequently, the coefficients of p, satisfy
M, ﬂé") ™ 1T = o, which implies that M, 1 is singular.

Of course, the singularity of M, ; is shown the same way. O

If the consistency condition (12.5) holds, then 7T(()n) =1 and we can move
the first column of M, to the right-hand side of (12.15), in exchange for the
current right-hand side that is moved back to the left. In this way, M, is

replaced by M/ , and the system becomes

n’

]
M, | =- ol (12.16)
7r,£ln) Hn-1

Lemma 12.3 A residual polynomial p,, of exact degree n that satisfies the
consistency condition (12.5) and the orthogonality conditions ®(¢™p,) =0
(0 < m < n) and is uniquely determined by the latter exists if and only if
M,, and M, are nonsingular.

In particular, if 7 denotes the index of first breakdown or termination of
the BIORES and the BIOMIN algorithm (Algorithms 2 and 7 in Sections 4
and 8, then

v =min {n: Mpy1 or M, singular}.

Proof. From the previous Lemma we know that an essentially unique p,
satisfying the orthogonality conditions exists if and only if M, is nonsingu-
lar. In order that p, can be normalized by p,(0) = 1, we need ﬂ,(,n) # 0;
then the normalized coefficients satisfy (12.16). If this system had more

than one solution, it would have infinitely many solutions with 7r1(1n) # 0.
Renormalizing them, we would find infinitely many solutions of (12.15) with
71'7(1") =1, in contrast to the nonsingularity of M,,.

Conversely, if both matrices are nonsingular, then the residual polynomial

with the stated properties clearly exists and is uniquely determined. O

The above derivation of Lemma 12.2 relies on the existence and unique-
ness statements in Theorem 2.1 and Corollary 9.1, which describe the con-
struction of the Krylov space vectors y, and v, that are the images of
the polynomials p,, and p,. There is another, more direct approach to this
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lemma. Since M,, and M), are nonsingular for 1 <n <vand 1 <n </,
respectively, the matrices M, and M/, have LDU decompositions (without
pivoting). In view of the Hankel structure, M, and M, are real or complex
symmetric, so that these LDU decompositions are symmetric ones. It turns
out that the upper triangular factors contain in their columns the coeflicients
of the polynomials p,, and p,,, respectively. In fact, let

O D (0 O 20 s
1 n ~(1 ~
P, := 7r§ ! ‘ Wg‘ ! , ﬁn = 7T§ ) ﬂ-YL) ,
7rgn) ﬁr(Ln)

and, as before, let Y,, and Y, be the N x n matrices with columns Ym and
Ym, m=0,1,...,n — 1, respectively, so that

Yn = [ Yo Ayo A"‘lyo ]Pn,
~ _ B U (12.17)
Yn = [ Yo A*yo A (A*)n— Yo ]Pn-
(We still assume that ¥,, = 7, for all n.) By the definition of the moments,
7
y6A n—1
. B[yo Ayo ... A y0]=Mn.
At

Inserting here (12.17) and the orthogonality property Y*BY, = Ds.p, (see
(2.24)) yields

P, D5, Pl =M, (n<v), (12.18)
and likewise we find
P, Dy P =M, (n<v). (12.19)

These are the claimed (symmetric) LDU decompositions of the nth moment
submatrices M,, and M/, if the polynomials are monic, that is, v, = 7, =
1 (for all n). Otherwise we get a nonstandard symmetric LDU decomposi-
tions with prescribed diagonal elements of the triangular factors. P, and
13; 1 are the upper triangular matrices that contain the coefficients of the
monomials when expressed as linear combinations of the Lanczos and the
direction polynomials, respectively. Of course, if the decompositions (12.18)
and (12.19) exist for n = v and n = v/, respectively, and if the diagonal
matrices Dg,, and Dg.,, are nonsingular, then these decompositions exist
for all n in the range specified. On the other hand, the latter holds if and
only if the leading principal submatrices M,, and M/, are all nonsingular.
Moreover, we can conclude conversely that the inverses of the triangular
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factors contain the coefficients of monic FOPs p,,, (m = 0,1,...,v —1) asso-
ciated with ® and of monic FOPs p,, (m =0,1,...,v — 1) associated with
@', respectively. Hence, the singularity of M, 11 and M;,_; as well as the
other statements of Lemma 12.2 follow.

13. The Lanczos process for polynomials: the Stieltjes
procedure

So far we have considered the Lanczos process as a tool for generating
biorthogonal bases for a pair of Krylov spaces of the linear operators A and
A* defined on CV (or, more generally, a linear space and its dual space).
In the symmetric case (that is, when A* = A and ¥ = y¢) the two bases
coincide and are orthogonal. We can apply the same process to the multi-
plication operator M defined on the space P of all polynomials with complex
coeflicients:

M:s(¢)—Cs(C) (s€P)

We aim for a setting where the dual space is also P. In the case of classical
(real) orthogonal polynomials an inner product defined on P x P is given
by some bilinear integral operator:

(8, s) = / HO)s(C)du(¢) =: ®(ts), (ts)E€PxP.  (13.1)

Here dy is a positive measure whose support is a subset of the real line.
Note that the integral only depends on the product ¢s, and therefore the
inner product is a linear functional ® of this product.

For the Lanczos process applied to polynomials we want to preserve this
property, but to relax the assumption on ®. This means, however, that
in the complex case our formal inner product is still based on a bilinear
functional, and not on a sesquilinear!® one. Therefore it is better to forget
the integral and just let

(t,s) := ®(ts) (13.2)

with an arbitrary complex linear functional ¢ defined on P, which may, but
need not be, defined by its moments py, the values it takes on the monomials:

(¢*) =

This exhibits the connection to the Lanczos process for an operator A,
where the moments are given by (12.8). When we represent s and ¢ by their
coefficient vectors, as in (12.10)—(12.11), the inner product is still given by
(12.12).

15 A sesquilinear functional (.,.) on P x P is one for which (at, 8s) = Gf(t, s).
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Note that as a consequence of (13.2) we have
M* =M.

However, this does not mean that M is a selfadjoint operator, unless (13.2)
is really an inner product, which is not true in general, even in the real case,
as we do not require that (s,s) = ®(s?) > 0 if s # 0.

It is now an easy matter to reformulate the Lanczos process, be it in the
B10 or BIOC form, as a recursive process for generating formal orthogonal
polynomials (FOPs). For the B10O form, we start with po(¢) = 1; in the nth
step, we apply the multiplication operator to p,_; and then ‘orthogonalize’
the product {p(¢) with respect to p,—1 and p,_s to get the new member
pr, of the sequence. Here ‘orthogonalize’ refers to the formal inner product
(13.2). Again it is seen that the orthogonality with respect to polynomials
of lower degree follows automatically. This construction leads exactly to
the three-term recurrence (12.2). A similar one that parallels the BIOC
algorithm yields the coupled two-term recurrences (12.1).

Lanczos (1952) was well aware of this form of his process, but, at least for
classical orthogonal polynomials, it was published long before by Stieltjes
(1884). This polynomial version of the Lanczos process is therefore called
the Stieltjes procedure.

It remains to give formulae for the recurrence coefficients in terms of values
of ®. Since ®’, which appears in the BIOC form, is linked to ® by

?'(s) = ®(¢s) (s€P)

(see (12.7)), it is easily substituted. As mentioned before, when the aim is
the construction of orthogonal polynomials for a measure supported on a
subset of the real line, ® is the integral operator (13.1). In terms of ® the
B10O recurrence coefficients can be expressed as follows:

an = ®((p};)/bn, (13.3a)
/Bn—l = q)(cpn—lpn)/én—l = 'Yn—l‘sn/6n—1 (lf n > 0)7 (133b)
b1 = B(phis)- (13.3¢)

Of course, if the functional ® is not definite, and thus can assume the value
zero at p2_, the Stieltjes procedure can also break down.
For the B1IOC version of the Stieltjes procedure we just need

bny1 = (I)(p31+1)7 (13.4a)
nr1 = P(CPhi1), (13.4b)

since ¥, and ¢,t1 are expressed in terms of these values.
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14. The biconjugate gradient squared method

One of the disadvantages of the BICG method is that it also requires matrix-
vector multiplications with the transpose matrix A* or A', although the
relevant Krylov space containing the residuals is generated only by A. In
practice, A is typically large and sparse, and providing an efficient sub-
routine for both these products can be a nontrivial task. Moreover, since
two Krylov spaces are generated, two matrix-vector products are needed per
dimension of the subspaces XC,, that matter.

In 1984 Sonneveld (1989) proposed a new Lanczos-type method that cir-
cumvents these two disadvantages and proved to be very successful in prac-
tice. He called it the conjugate gradient squared (CGS) algorithm, although
it is aimed at nonsymmetric problems and is not derived from a CG, but
from a BICG algorithm, namely BIOMIN. Its nth residual polynomial is
the square p2 of the nth residual polynomial p, of BICG.

Here Sonneveld’s version will be called BIOMINS, but we refer to the
underlying approach as the biconjugate gradient squared (BICGS) method.
As for the BICG method, there exist several different forms of the BICGS
method: in addition to BIOMINS there are consistent and inconsistent ver-
sions of BIORESS and two version of BIODIRS. The latter two are not
really competitive, and therefore they are not discussed here. Together with
the two BIORESS versions they were presented in a separately distributed
part (Section 7) of Gutknecht (1990).

All competitive versions of the BICGS method require two applications
of the operator A at each step; this is comparable to the two matrix-vector
multiplications with A and A* in BIOMIN, but in many applications it
is an advantage that the multiplication with A* is replaced by one with
A. For example, this is true when certain preconditioning techniques are
applied, when ordinary differential equations are solved with the help of the
Lanczos process (see, for instance, Hochbruck and Lubich (1997b)), or, quite
generally, when vector and parallel computers are used.

The BICGS method typically converges nearly twice as fast as the BICG
method. However, the convergence is even less smooth, and in tough prob-
lems very erratic: the norm of the residual can suddenly increase again by
several orders of magnitude and then drop to the former level after just one
or a few steps. Such peaks in the residual norm plot indicate a reduction of
the ultimate accuracy of the solution that can be attained, but in Section 18
we will describe a remedy for this loss.
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14.1. The BIOMINS form of the BICGS method

For the derivation of BIOMINS we start from the recurrences (12.1), choos-
ing v, := —¢n and substituting wy, := 1/¢,, as in BIOMIN:

P+l = Pn — Wnlhn, (14'1)
ﬁn+1 = DPn+1 — YnDn - (14'2)

(In this section we use the sloppy notation {p, instead of (p,(¢).) Multiply-
ing (14.1) by p, and (14.2) by pp4+1 yields

pn+1ﬁn = PnPn — wn(ﬁrzw (143)
Pnt1Dntl = pi+1 — YnPnt1Pn- (14'4)

Next, squaring both sides of (14.1) and (14.2) and using (14.3) and (14.4),
respectively, leads to

p%%—l = p?z - 2wncpnﬁn + w721421/7\31 (14.5&)
= pi - wng(pnﬁn + pn+1ﬁn) (14-5b)

and
P2i1 = Pii1 — 20nPns1Pn + V2P
= Pnt1Pnt1 — UnPri1Dn + VP2, (14.6)

The point is that equations (14.3), (14.5b), (14.6), and (14.4) are, in this
order, a system of recurrence relations for the four polynomial sequences
{Pnbn-1}, {P2}, {P2}, and {pnPyr}. From (13.4a)—(13.4b) it follows that the
recurrence coeflicients can be computed from the values that the functional
® defined by (12.7) takes at the polynomials (p2, p2,,, and p2. Here we
need to express these values in terms of the new Krylov space vectors

r, = pi(A)ro, t, = pr(A)ro,
Sn = Pu(A)Pn(A)ro, sl i= pni1(A)Pa(A)rg

and their inner products with an additional vector yg, which is now only
used for these inner products. In his seminal paper, Sonneveld (1989) chose
Yo := rg, but today it is known that a random vector is likely to yield better
convergence; see, for instance, Joubert (1990, 1992).

Once we have written down the recurrences for the four vector sequences
of (14.7), we have managed to ‘square’ a special case of the BIOC algorithm.
Like BIOMIN, the BIOMINS algorithm is then based on the fact that one
can additionally compute a vector sequence {x,} with the property that r,
is the residual at x,,. In summary, we obtain the following standard BIOMIN
version of the BICGS method.

(14.7)
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ALGORITHM 11. (BIOMINS FORM OF THE BICGS METHOD)

For solving Ax = b choose an initial approximation xo € CV and set
Sg :=TIg 1= fo =b — AXO. Choose ')70 S CN such that 60 = <$’0,I‘0>B 79 0
and &) := (¥o, ATo)B # 0. Then compute for n = 0,1, ...

Wy = 6,/60, (14.8a)
s, = sp — AFpwn, (14.8b)
Tni1 = T — A(sy +8),) wn, (14.8c¢)
Xpt1 ‘= Xp + (Sp +8)) wn, (14.8d)
bnt+1 = (Y0,Tn+1)B (14.8e)
Un = —6pr1/bn (14.8)
Sn4l = Tnyl — Sy, (14.8g)
Tnil = Spp1 — Sptn + Fntl2, (14.8h)
nt1 = (¥0,ATnt1)B - (14.8i)

If r,41 = 0, the process terminates and x,41 is the solution; if r,; # o0
but &,41 = 0 or §,,; = 0, the algorithm breaks down. In each case we set
vi=n+1.

The recurrences for the vectors sy, s,, r,, and T, are direct translations
of equations (14.3)-(14.6), and the formulae for 6,41 and 8], are in view
of (12.9) and (14.7) equivalent to (13.4a)—(13.4b). Finally, the recurrence
for x, is chosen so that r, = b — Ax, (for all n): by (14.8d), (14.8c), and
by induction we indeed get rp41 =rn — A(Xp41 — Xp) = b — Axpqq.

From our derivation of this algorithm it is clear that the following holds.

Theorem 14.1 If BIOMIN and BIOMINS are started with the same xg
and yg, the index of first breakdown or termination ©, the recurrence coeffi-
cients ., ¥n_1, and the inner products é, are for both methods the same.
The residual polynomials are p, and p2, respectively.

Although, theoretically, if convergence were defined by r,, = o exactly,
the two algorithms would converge or break down at the same step, it is
evident that in practice, where convergence is defined by a condition like
[ltn]] < €||rol|, BIOMINS converges normally faster than BIOMIN, since
1P2(C)| = |pn(C)|? < |pn(Q)| if the latter is smaller than 1.

Each step requires two applications of the operator A, that is, two multi-
plications of A with a vector, namely AT, and A(s, + s}).

Since the coefficients w,, = 1/¢, and 1,1 are the same as in BIOMIN, the
bidiagonal matrices L,, and U,, are again available, and thus the tridiagonal
matrix T, = L, U, may still be used to obtain eigenvalue estimates for A.
In fact, deleting (14.8d) from Algorithm 11, we get what one might call a
special squared B1OC algorithm, and we could easily modify it to allow for
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the freedom of choosing «,, independently from ,, as in our formulation of

B1OC.

14.2. BIOS: the squared B1O algorithm

At this point one may ask whether, in analogy to the other two main forms
of the BICG method, BIORES and BIODIR, there are also other forms of
the BICGS method. To derive the analogue of BIORES, we first need a
squared BIO algorithm based on separate recurrences for the polynomials
p? and p2.  We start with those for p2: multiplying (12.2) by p, and
squaring (12.2) we obtain, respectively,

YnPnPn+1 = (C - an)pi — Bn—1Pn—1Pn, (14'9)
’Y'I?Lp12’l+1 = (C - an)zp?z - 2(( - an)ﬁn—lpn—lpn + 52—11)%_1
= (C - an)(7npnpn+1 - ﬂn—lpn—lpn) + ﬁ%_lpi_l s (14.10)

where (14.9) has already been used to simplify (14.10). These two relations
allow us to generate the two sequences {p,—_1pn} and {p2} recursively. The
coeflicients an, fn—1 are given by (13.3a)-(13.3c). So far, the parameters
vn can be chosen freely (# 0), and this freedom persists if one aims at an
inconsistent version of BIORESS. Later, we will want to choose v, := —a, —
Bn-1 in the case of consistent BIORESS, since this condition is equivalent
to p,(0) = 1, which implies p2(0) = 1, the consistency condition for the
residual polynomial p2. (The freedom of choosing the sign of p,(0) would
not help to avoid any type of breakdown.)
In summary, we see that a method for generating

Ip = pi(A)ro, ry, := Pp(A)pn+1(A)ro (14.11)
can be based on (14.9), (14.10), and (13.3a)—(13.3c). This is the squared
biorthogonalization or B1OS algorithm.

ALGORITHM 12. (BIOS ALGORITHM)
Choose rg, ¥o € CV such that & := (Yo,To)B # 0, and set r’_; :=0 € cV,
B-1 := 0. Choosing arbitrary scale factors 7, # 0, compute, forn =0,1,...,

an = (Yo, Arn)B /6n, (14.12a)

Bn-1 = Yn-16n/6n-1 (iffn>0), (14.12b)

r, = [Ar, —rhan — )1 Bn-1]/7n, (14.12¢)
Tyl = [A(Cp e —p_18n-1) — (T m — Th_18n—1)om

+ o185 1)/ 7, (14.12d)

6n+1 = (370, rn+1>B (14.126)

until 6,41 = 0, when we set v :=n + 1.



346 M. H. GUTKNECHT

Note that v, can be chosen to make r, of unit length.

This algorithm was proposed independently both by Chronopoulos and
Ma (1989) and by Gutknecht (1990); later it was rediscovered by Chan,
de Pillis and van der Vorst (1991).

14.3. The BIORESS forms of the BICGS method

After we have ‘squared’ the B1O algorithm so that nested Krylov spaces of
the double dimension are generated, it remains to find a way to compute
the sequence {x,} of approximants with the property that

r, =b— Ax,
in the case of consistent BIORESS, or, more generally,
r, = bi2 — Ax,, (14.13)

where 7, := p,(0) as before. This approach to solving a linear system of
equations follows exactly the general scheme discussed in Section 4. Assum-
ing that it works, we conclude from (14.12d) and (4.16) that

Axn 172 (14.14)
= (b'ir,21+1 - rn+1)7121
= b(B3_17%2_1 — CnYnfinfini1 + OnBn-17nfn_1)
— Aty — Ty 1Bn1) + (T — Tpo1Bno1)an — Tao1 B
= Ax, 182 | — AX) apyn + AX), 100 1

— A(rpym — o1 8n1), (14.15)
where
X, = A Y (b, ng1 — 1),
that is,
r,_, =bi,_ 17, — Ax],_; . (14.16)

Multiplying (14.15) by A™! yields a recursive formula for x,4;. Similarly,
using (14.12¢) and (4.16) we get
AX;L n = bpTni1vn — r;{)’n
= - b(ﬂ%an + 7:rn—17:rnﬂn—1) — Ar, +rpa, + r;_lﬁn—l
= — Axpan — AX),_{Bn_1 — Ary,.

If we set 73 := 0, #p := 1, then (14.13) and (14.16) hold for ry := b — Axy,
r’_, := x_; := o, and the recurrence can be started with these initial values.

ALGORITHM 13. (INCONSISTENT BIORESS FORM OF BICGS)
For solving Ax = b choose an initial approximation xo € CV, set rg :=
(b — Axg)/v—1 with some vy_; # 0 (for instance, such that ||rg|| = 1), and
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redefine Xg := Xg/v_1. Furthermore, let ', :=x', :=0e€ CV, B_; := 0,
-1 :=0, g := 1/’)/..1, and choose y; € CV such that b 1= <§’0,I‘0>B 7é 0.
Then apply Algorithm 12, additionally computing

i1 = —(Qnin + Bro1int) /s (14.17a)
X, = —(Xn0n + X5_10n-1+Tn)/n, (14.17b)

Xnt1 = [Xn—182_1 — Xp0mYn + Xn_10mBn-1
— (tp v ~ 11 Ba-1)) /72 (14.17¢)

If rn+1’y,2l = o and 7,41 # 0, the algorithm terminates and Xey 1= X541/ 7'r72l 41
is the solution of Ax = b; likewise, if r),y, = 0, 7, # 0, and 7,41 # 0, the
algorithm terminates and Xy := X, /(fn7nt1) is the solution; if rp41 # 0
but 6,+1 = 0, the algorithm stops due to a Lanczos breakdown. In each
case we set v :=n + 1.

ALGORITHM 14. (CONSISTENT BIORESS FORM OF BICGS)

Modify Algorithm 13 by choosing y_; := 1 and v, := —ay, — Bu—1 (n > 0),
so that 7, =1 (n > 0). If 4, = 0 for some n, the algorithm stops due to a
pivot breakdown, and we set © := n. Otherwise, 1 := v.

In both versions of BIORESS each step again requires two applications of
the operator A, namely for Ar, and A(r;,v, — r},_;8,—1). But note that
these algorithms also produce two iterates and the corresponding residuals
per step. The ‘normal’ BICGS iterates are x,,, but in practice the interme-
diate iterates x), are often better. In fact, in Fokkema, Sleijpen and van der
Vorst (1996), a shifted CGS algorithm is proposed whose residual polynomi-
als are (1 — p¢)pn—1(¢)pn(¢), where p is a preselected value. This algorithm
converges somewhat more smoothly than BICGS. With BIORESS we ac-
tually get a similar kind of iterates in addition to the usual ones. However,
the three-term recurrence may spoil the accuracy more than the two-term
recurrence of shifted CGS.

According to the derivation of these two algorithms the recurrence coeffi-
cients and the breakdown conditions are the same as those of the respective
version of BIORES. Hence, in view of Theorem 9.2, the following result is
straightforward.

Theorem 14.2 If consistent BIORES and consistent BIORESS are started
with the same xy and yg, then the index of first breakdown or termination
v, the recurrence coefficients oy, B,—1 (and thus v, == —a, — B,—1), and the
inner products 4, are the same for both algorithms. Moreover, consistent
BIORESS and BIOMINS produce the same iterates x, and thus also the
same residuals r, = b — Ax, and the same residual polynomials p2.
Likewise, if inconsistent BIORES and inconsistent BIORESS are started
with the same x¢ and ¥y, and if the same constants -, are used in both
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Table 4. Krylov space vectors and corresponding polynomials that appear in
our five forms of the BICGS method. Different scaling is mirrored by
upper indices in the notation for the polynomials, but not in the one for the
vectors. In the columns ‘L’ and ‘P’ it is indicated if an algorithm is
susceptible to Lanczos breakdown or pivot breakdown, respectively

Algorithm f Vectors Polynomials L

11 BIOMINS (CGS) | rp,8n,s,,Tn P2, PuDny Pnt1Pn, (Pn)? v Vv

13 BIORESS (cons.) r'n, I}, P2, Prny1Pn v Vv

14 BIORESS (incons.) | ry, rl, (pINC)2, pINC pINC Vv
BIODIRS, Tn, Tny W pr, (B2, PRiTPR™ VAR,
BIODIRS: Tn, Sn, Fn, Wn D2, paDa R, (PETR)2, pRIRpDIR Vv

algorithms, then the index of first breakdown or termination v, the recur-
rence coefficients a,, B,—1, and the inner products 6, are the same for both
algorithms. The iterates x, and the vectors r,, are related by (4.17) and
(14.13), respectively.

It follows in particular that BIORESS yields as a by-product the same
tridiagonal submatrices T,,, and thus, optionally, the same eigenvalue es-
timates as BIOREs.

14.4. An overview of BICGS algorithms

For the reader’s convenience we list in Table 4 the various vectors and the
corresponding polynomials that come up in the three BICGS algorithms
that we have discussed and the two, BIODIRS; and BIODIRS, from Sec-
tion 7 of Gutknecht (1990), that we only alluded to. The vectors that are
listed in several algorithms are, up to scaling, identical. However, neither
the iterates x, nor the auxiliary vectors x}, that appear in BIORESS and
in the two forms of BIODIRS, respectively, are contained in the list. If we
wanted to judge the memory requirements, we would also have to take into
account the storage of the results of matrix-vector products and the some-
times required storage of previously computed vectors. Also indicated in
Table 4 are the breakdown possibilities.

Let us repeat that since the coefficients computed in the squared methods
are the same as those of the respective unsquared method, one still impli-
citly generates the matrices T,,, L,, and Uy, or T, respectively. Therefore,
theoretically, the squared methods can be used for eigenvalue computations.
However, it does not seem so easy to mimic ideas like selective reorthogonal-
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ization or to find other ways to enhance the numerical stability. Therefore,
in practice, it may be difficult to obtain reliable eigenvalue information from
these methods.

15. The transpose-free QMR algorithm

In Section 14 we have seen that ‘squaring’ the BiICG method leads to a very
effective method, BICGS, which, however, typically exhibits a somewhat
erratic convergence behaviour. An obvious remedy would be to ‘square’
the QMR method instead, since it converges as fast as BICG, but more
smoothly. However, it is not so obvious how this can be achieved. There
are various answers to this question, but only one turns out to be convin-
cing: Freund (1993) found a way to apply the QMR approach to bases
built up from Krylov space vectors that correspond to squares and products
of Lanczos and direction polynomials. The details are given below. This
transpose-free QMR (TFQMR) algorithm, as he called it, is roughly equally
fast but much more smoothly converging than the BICGS method, and the
cost per step is only slightly higher. Since smoother convergence often helps
to reduce round-off, one may expect that there are examples where the al-
gorithm outperforms BIOMINS in speed, but the examples in Freund’s pa-
per do not yet confirm this. However, Freund has examples where TFQMR
clearly outperforms the BICGSTAB algorithm of Section 16.

In Freund and Szeto (1991) an alternative strategy was followed: the
quasi-minimal residual squared (QMRS) algorithm generates residuals whose
residual polynomials are the squares of the QMR residual polynomials. Con-
sequently, the convergence is fast and smooth. However, this method re-
quires three matrix-vector products per step in contrast to two in TFQMR
and BIOMINS, thus increasing the work per step by roughly 50%.

While for both these methods the residual lies in Ko, after n iterations,
this is not true for the transpose-free implementation of the QMR method
proposed by Chan et al. (1991). Here the idea is simply to run the B1OS
algorithm for determining the Lanczos coefficients ay,, G,—1, and ~,, and
then to construct the QMR iterates (or alternatively, the BICG iterates, if
a transpose-free BICG algorithm is sought) by additionally executing the
recurrences of the QMR (or the BIORES) algorithm, except for those that
generate K. Clearly, such an approach requires considerable extra work, in
particular three matrix-vector products per step instead of two. Neverthe-
less, the convergence speed is at best equal to the one of the BICG method,
not the one of the BICGS method. Moreover, the Lanczos coefficients found
by the B1OS algorithm, although in theory identical to those of inconsistent
BIORES, turn out to be more contaminated by round-off. Therefore, con-
vergence is in practice often worse than for QMR and BICG, respectively.
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Algorithms using this approach cannot compete with other transpose-free
methods.

Let us now turn to the preferred approach, the TFQMR algorithm. Mul-
tiplying (14.1) by p, and p,_1, we get the two relations

PnPn+1 = p121, - wncpnﬁny

Prt1 = PrPnt1 — WnCPns1Pn.
Recalling the definitions (see (14.7) and (14.11))
Ip = pTZL(A)rO, I‘/n = pn+1(A)pn(A)r0»

Sn = Pn(A)Pn(A)ro, s, := Pri1(A)pn(A)ro,
we can translate this into the recurrences
r, :=r, — As,wn, (15.1)
Tpil = 1), — Aslwn, (15.2)
which, together with (14.8b), (14.8¢), and
AT,y = As,i) — As,Yn + AT, 02,

allow us to build up the Krylov space. Note that (14.8h) generates AT,
recursively, so that there is no need to determine T, itself. Only the two
matrix-vector products As,, and As], are required per step, and they boost
the dimension of the space by two.

Defining the matrices

— / /
Ry, == [ro ry r1 ... Tpo1 Tp_y ),
— / /
Son =[S0 S; S1 ... Sp—1 Sp_1 |,

each containing a basis for Ky, and extending this definition to odd indices
by dropping the last component, we can write (15.1)—(15.2) as

ASn =Rn,nLhIDSL (15.3)
where
.. i
-1 1
| 0
-1 1
. _1 -

is (m + 1) x m lower bidiagonal and D, is the m x m diagonal matrix
lew;m = dia'g(w07w07wl’w1»w2v .. )

Note that m can either be even, m = 2n, or odd, m = 2n + 1.
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Once (15.3) is found, the usual QMR approach applies. We represent the
mth iterate as

X MR = X0 + Sk,
so that rIfOMR = ry — AS,, k,,, holds for the residual. Inserting (15.3) yields
r%FQMR = R'm+1 (§1 - LEL]D;&_,,mkm) = R'm+1D;|ll./;m+1qm7
with the diagonal matrix

Dr|r';m+1 = dia‘g(lerH» ||I‘6||, HI‘1||, ||r/1”7 . )
used to normalize the columns of R, and the quasi-residual

am = €;p0 — Ly Pk, with LIFOMR = Drlr’;m+1Lg%]D;|iJ;m'

This (m + 1) x m least squares problem is solved by a QR decomposition
based on Givens rotations as before. Once again, the quasi-residual norms
are found for free, and the iterates can be updated as in Section 5.

Writing t instead of AT we can formulate the TFQMR algorithm as
follows.

ALGORITHM 15. (TFQMR ALGORITHM)

For solving Ax = b choose an initial approximation xg € C¥, set sg := rg :=
b — Axg, to := Arg, and choose Jo € CN such that & := (¥o,ro)B # 0 and
8 := (Yo, ATo)p # 0. Then compute for n =0,1,...

wn = 6n/6), (15.4a)
s, = Sp — tnwn, (15.4b)
r, = rp— Aspwn, (15.4c)
Tpi1 = I, — Aslwn, (15.4d)
bnt1 == (¥0,Tn+1)B, (15.4e)
Yp = — n+1/6na (15'4f)
Sntl = Tpyl — Sp¥n, (15.4g)
tnr1 = ASpy1 — Ayt + to1h2, (15.4h)
nt1 = (Yo, tnt1)B- (15.4i)

Within this loop, for m := 2n + 1 and 2n + 2, additionally

1) update the QR factorization LTFeMR — Q, RIFMR  analogous to
m n
(5.6)—(5.7) (with T, replaced by LIFQMR)

(2) according to (5.8), compute the coefficient vector h,, by appending
the component ¢, 7, to h,,_1, and compute the new last component
ﬁm-H = —8m F]m of hm

(3) compute z,,—; according to the two-term recurrence implied by S,, =
RIFQMRZ,
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(4) compute x|, and x,41 according to

Xy, i= Xn + ZonCont 172041, Xnt1 = X;, + Zoni1Cont2Tant2,
respectively,

(5) if the norm of the quasi-residual, 7,,, is below a certain bound, check
the norm of the true residual; stop if it is also small enough.

Like BIORESS, the TFQMR algorithm has the benefit that it delivers
two iterates and corresponding residual norms per step. We will encounter
the same property again in the following section on Lanczos-type product
methods.

By comparison with Algorithm 11, note that by inserting the assignment

X511 = XG5 + (Sn + S,) wn

after (15.4d), we could additionally produce the BICGS iterates x$ at al-
most no cost.

16. Lanczos-type product methods

As we mentioned, Sonneveld’s BICGS method has the disadvantage that
convergence is often interrupted by a sudden large increase of the residual
norm, followed by an equally fast decrease to the previous order of mag-
nitude. Although such spikes normally do not prevent convergence, they
may reduce the speed of convergence and, in particular, the ultimate accur-
acy of the solution. Actually, it is sometimes rather the maximum norm of
the iterates (not the residuals) that counts; see Section 18. Most users of
iterative methods prefer a smoother, if not monotone, residual norm plot.

By improving an unpublished idea of Sonneveld, van der Vorst (1992)
was the first to find a modification of the BICGS method with smoother
convergence. In retrospect, his BICGSTAB algorithm can be understood as
the application of the BICGS approach to a coupled two-term version of the
one-sided Lanczos process of Section 6 instead of BIOMIN. In other words,
we make use of the freedom to choose the left polynomials ¢,, different from
the Lanczos polynomials. The residual polynomials of the resulting method
are no longer the squares p2 but the products p,t,, where ¢, is an arbitrary
polynomial of exact degree n satisfying ¢,(0) = 1. We therefore call the
class of such methods Lanczos-type product methods (LTPMs).

In BiICGSTAB the polynomials ¢, are determined indirectly by local one-
dimensional residual minimization, and in BICGSTAB2 (Gutknecht 1993c¢)
we have extended this approach to local two-dimensional minimization,
which is more appropriate in view of the typically complex spectrum of
non-Hermitian matrices. In the same paper we presented the formulae for
using an arbitrary set of polynomials #,, satisfying a three-term recurrence,
such as, for instance, suitably shifted and scaled Chebyshev polynomials as
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they are used in the Chebyshev method for solving linear systems. Other
authors have also contributed to the class of LTPMs; see in particular Brez-
inski and Redivo Zaglia (1995), Fokkema et al. (1996), Zhang (1997). There
are several algorithms that compete for being the most efficient one for a
broad variety of examples: among these are BICGSTAB2 (Gutknecht 1993¢),
BICGSTAB(?) (Sleijpen and Fokkema 1993), and BICGxMR2 (Gutknecht
1994c¢), which are treated as examples below.

We concentrate here on consistent LTPMs based on the coupled two-term
recurrences for the Lanczos polynomials and a three-term recurrence for
the second set of polynomials, but we will indicate modifications needed
for other classes. Consistent and inconsistent LTPMs based on three-term
recurrences for both sets are treated in Gutknecht and Ressel (1996), where
the application of look-ahead to these methods was also achieved. Eijkhout
(1994) also derived a three-term version of BICGSTAB, but his way of finding
the Lanczos recurrence coeflicients is unnecessarily complicated. Brezinski
and Redivo Zaglia (1995) suggested a different way of doing look-ahead; see
Section 19 for comments.

Algorithms that combine the BICGS method or an LTPM with smooth-
ing processes attain convergence speeds equal to the best LTPMs and an
even smoother residual norm plot. In particular, the BICGS method and
LTPMs can be combined with quasi-residual minimization. In the former
case one finds Freund’s TFQMR algorithm (Freund 1993) of Section 15.
A QMR-smoothed BiCGStab algorithm was introduced in Chan, Gallo-
poulos, Simoncini, Szeto and Tong (1994), while QMR minimization for
general LTPMs is described by Ressel and Gutknecht (1996). A very effect-
ive alternative is the minimum residual (MR) smoothing process, which can
be applied to any Krylov space solver and will be described in Section 17.

Most of the methods discussed in this section only make sense if B is
Hermitian positive definite. Since B is also required to commute with A,
there are hardly any interesting examples other than B = I. We therefore
assume here that this holds, that is, we drop B.

16.1. LTPMs based on coupled two-term recurrences

When choosing the polynomials £,, of an LTPM we mainly aim at two proper-
ties: (i) fast and smooth convergence of the resulting solver; (ii) low memory
requirements, which, in particular, means short recurrences. In BICGSTAB
the recurrence is two-term, but this is a strong restriction for a basis of
polynomials of increasing degree. In contrast, three-term recurrences are
satisfied by a broad class of such bases including all sets of classical ortho-
gonal polynomials. We assume the recurrence to be of the form

tir1(€) = (G +mQ) t(¢) + (1 — &) ti—1(C), (16.1)
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with t_1(¢) := 0, t(¢) := 1 and & = 1. Note that this form conserves the
consistency condition: ¢(0) = 1 (for all n). The formulae for the resulting
LTPM were given in Gutknecht (1993c), but we choose here a different
exposition that is analogous to the one in Gutknecht and Ressel (1996) and
Ressel and Gutknecht (1996) for LTPMs based on the Lanczos three-term
recurrences.

We define two doubly indexed sequences of product vectors:

w'fq, = tl(A)Yn = tl(A)pn(A)YO,

VAV% = tl(A)Vn = tl(A)ﬁn(A)yO-
Here, y, and v, are the right Lanczos and direction vectors of BIOMIN;
they will not appear in the final algorithm. Additionally, we introduce a
doubly indexed sequence of product iterates xﬁl with the properties

b-Axl =w! and % €xq+Knp (16.2)

The diagonal sequences {x'} and {w} contain the iterates and residuals
we really aim at. Some other product iterates and product vectors will
appear in the recurrences and can occasionally also be considered as useful
approximations to the solution vector x.x of Ax = b and the corresponding
residual, respectively.

Let us arrange the product vectors into a w-table and a w-table. These two
tables are very helpful for explaining the underlying mechanism of LTPMs.
To fix matters, we let the n-axis point downwards and the {-axis point to the
right. Then the iteration will essentially proceed from the upper left corner
(with the initial vectors w{ := W§ := rg := b— Axg) to the lower right. The
entries that are actually needed in competitive algorithms lie on or close to
a diagonal of the tables, that is, |n — | is small for them. For moving down
the tables, we apply the consistent coupled two-term Lanczos recurrences
(14.1)—(14.2). Multiplying them by ¢;(¢) and translating into Krylov space
notation we obtain

who = wh— Awhw,, (16.3a)
Whit = Whiy — Wiy (16.3b)

On the other hand, for moving to the right we multiply (16.1) by p, and pp,
respectively. Translating into Krylov space notation we then get

wffl = Awilm + Wilfz + Wfl_l(l - &), (16.3c)
Wil = AWLm + WhE + WL (1 - &) (16.3d)

Of course, since the Lanczos two-term recurrences are coupled, elements of
both tables appear in (16.3a) and (16.3b), while (16.3c) and (16.3d) each
affect only one table. Constructing recursively the diagonals of the two
tables requires us to apply these formulae cyclically for a certain sequence
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w-table w-table
o 1 2 3 41 o 1 2 3 4 1
o| 0 o] 4
1[2] 3 15} [6] 10
2| 7 9 2 12 16
3 13 15 3 18] 22
4 19 21 4 124
o 1 2 3 41 o 1 2 3 4 1
0| o OEI d
1|[a] 1ib} [b] d
2| a E c 2 b E d
3 a E] c 3 b EI d
4 a [a] e 4 bl [b]

Fig. 1. The w-table and the w-table of an LTPM based on coupled two-term
Lanczos recurrences and a three-term recurrence for the polynomials ¢;. The
numbers in the upper tables specify the order in which the elements w!, and W',
of the two tables are computed. The letters in the lower tables indicate which
formula among (16.3a)-(16.3d) to use for computing the corresponding entry. An
entry in a solid box indicates that its product with A also has to be computed.
For the entries in dashed boxes the product with A can be computed indirectly,
without executing a matrix-vector product

of (I,n)-pairs. The order in which the formulae are applied is indicated by
the numbers in the upper half of Figure 1, while the letters in the lower half
specify the formula applied.

Inserting (16.2) into formulae (16.3a) and (16.3c), subtracting b on each
side of them, and multiplying by the inverse of A we readily get correspond-
ing recurrences for the product iterates:

l I
Xpt1 = X, + Wpwn,
I+1 . _ l l -1
X, = —wym X064+ %, (1= &).
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Of course, we could arrange them in an x-table and display it along with
the w-table, very much like Figure 1. Note that x§ := xo.

It remains to specify formulae for determining the coefficients w, and
. Recall that in the Lanczos process we have K, L y, and K, L Av,.
Because {t;(A )yo}l "o is a basis of K, (as long as n does not exceed the
grade of yp with respect to A*), we conclude that

(Fo,Wh) =0, (o, AW.,) =0, if I <n. (16.5)
In particular, if we set [ := n — 1 and then replace n by n + 1, we have

<§'O,WZ+1> = 07 <y0aAwn+1> 0.

Taking this orthogonality into account in the recursions (16.3a)—(16.3b) for
! = n and defining

bn = (Fo,wi), &y, := (Jo, AW])
leads us to

on
o i Y0 Wr) 0

(o, AWZ) 5,

and

<}~’0’sz+1> _ Ont1
(Fo, ART) &,
For the last equation we have expressed Awj. ; according to (16.3c) and
taken (16.5) into account to see that (¥o, AW?, ) = (Yo, Witi)/mn.
Summarizing, we find the following generic consistent (3,2x2)-type LTPM.
Its type (3,2 x 2) indicates that we apply a three-term recurrence for the
polynomials ¢; and two coupled two-term recurrences for the Lanczos and

the direction polynomials. In Ressel and Gutknecht (1996) the analogous
(3,3)-type LTPM is called B1O x THREE.

ALGORITHM 16. (GENERIC CONSISTENT (3,2 X 2)-TYPE LTPM)

For solving Ax = b choose an initial approximation xo e CV and set
w8 := w3 := b — Ax). Choose ¥, € CV such that & := (§o,w]) # 0 and
(50 = (Yo, AW]) # 0. Then compute for n = 0,1, ...

Y 1=

wp = by /~’ (16.6a)
wil = — AW Ly, if >0, (16.6b)
Xpil o= XZ‘I + @ L, if 0> 0, (16.6¢)
Woi1 = W, — AW wy, (16.6d)
Xpy1 = Xp + Wpwn, (16.6€)
Wil = AW T + Wb + WD (1 = &), (16.6f)
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Xt = =W+ X n + X0 (1= 6n), (16.6g)
b1 = (io,wﬁi}), (16.6h)
WL = AR, 4+ W, + W1 - &), (16.61)
Yn = Bp1/(Gmn), (16.6;)
Wni1 = Wpi — Wptn, (16.6k)
AW = Awp g — AWy, (16.61)
Wil = wit =Wy, (16.6m)
81 == (Fo, AWRTD), (16.6n)

If wi yp=o0oforl=mn-1,n,orn+1, then the algorithm terminates and
x}, +1 is the solution of Ax = b. However, if none of these residuals vanishes,
but b, =0 or &, 41 = 0, the algorithm breaks down.

Note that Aw],; is obtained without using a matrix-vector product,
hence only two of them are needed per step: Awp,; and AvAvZﬂ In the
above form, the algorithm requires considerable storage (although of course
we assume that entries on the same (co-)diagonal of any of our four tables
are stored at the same memory location). However, some of the vectors can
be spared, namely those that are used only once later and do not depend on
a quantity that is overwritten before the vector is used. An extra benefit
of the given algorithm is that we not only obtain one approximate solution
per step but three, since each of the vectors x!, can be considered as one and
its residual is available. However, checking the length of such a residual re-
quires an inner product. On the other hand, in more sophisticated versions
of the algorithm some of these inner products may get computed anyway
in order to determine if it is worth recomputing the vector by applying
reorthogonalization; see Section 18.

If the polynomials ¢,, satisfy a two-term recurrence instead of the three-
term recurrence, that is, if § = 1 (for all I), then we do not need the quant-
ities on the lowest codiagonal of each table. This is the most important
advantage of BICGSTAB over other LTPMs.

16.2. The BICGSTAB algorithm

In van der Vorst’s BICGSTAB method (van der Vorst 1992), the polynomials
t; are built up in factored form,

t1(¢) = (1 — x10)(1 — x2€) -+ (1 — xi€),

and, hence, they satisfy a two-term recurrence:

t1+1(¢) = (1 = xe+16) tu(Q)-
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This means that in the three-term recurrence of (16.1) we have

&=1, m=-xi41.

Note that such a two-term recurrence necessarily means that the zeros re-
main fixed, except that an additional one is added at each step.

In the nth step, the reciprocal x,4+1 of the (n + 1)th zero is chosen such
that Wzi% has minimum length:

1 .
HWTnLLH = m;n ([wry1 — Awp x| (16.7)
This one-dimensional minimization problem is solved by making WZ:H or-

thogonal to Awy,,;, which means that

(AWni1, Woia)
||sz+1 12

Xn+1 = (168)

This remains correct in the case of complex data; see Gutknecht (1993c).
Due to the two-term recurrence, there is no need to compute WZ;%, \ A
and AW7, ,, so that the corresponding lines in Algorithm 16 can be dropped.
Moreover, in order to minimize the memory requirements we insert the for-
mulae for x7,; and W2t! at the points where these vectors are actually

used.

ALGORITHM 17. (BICGSTAB ALGORITHM)

For solving Ax = b choose an initial approximation xJ € CV and set
wl := W3 := b — Ax). Choose yo € CV such that 8 := (¥o,w]) # 0 and
& := (¥o, AW3) # 0. Then compute for n =0,1,...

Wy = b,/8, (16.9a)

Wni1 = Wp — AWqwn, (16.9b)

Xni1 = (Awp,wii)/|lAwn |2, (16.9¢)

w;‘ﬂ = Wpi1 — AWnL i Xn+, (16.9d)

xZi% = Xp + Wpn + Wp 1 Xnt1, (16.9¢)

bni1 = (Fo, wiil), (16.9f)

Un = =81/ (B Xns1), (16.9g)

Wt = Wil — (W0 — AR]xnt1) Yn, (16.9h)

Briy = (Fo, AWITY), (16.91)

If w,’iﬁ = o or wp,; = o, the algorithm terminates and, respectively,

xt] or X7, ~(deﬁned by xp11 = X3 + Whwy) is the solution of Ax = b.

Otherwise, if 6,41 = 0 or 6, ; = 0, the algorithm breaks down.
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Note that this algorithm, like TFQMR, provides two residuals and cor-
responding iterates per step, although, as suggested in our formulation, we
need to compute only one iterate per step and can determine the other only
once its residual satisfies the convergence criterion.

The breakdown conditions 6,41 = 0 and 6, ,; = 0 seem to indicate a
Lanczos or pivot breakdown, respectively. However, BICGSTAB is also sub-
ject to a somewhat hidden danger of breakdown. In fact, due to the different
leading coeflicients of p, and t,, the inner products 6,1, 6, ; of the Lanczos

process and 5,,4.1, gﬁl 41 of BICGSTAB are related by

5 _ X1 X2 Xn+l A X1X2° ' Xn+1

wWowi -+ Wwnp Wowq - Wy
Consequently, not only the Lanczos breakdown (6,41 = 0) and the pivot

breakdown (6;,,; = 0) take their toll, but also the minimization breakdown

Xn41 = 0. But the latter also surfaces as a vanishing of 8,41 (and &/, 1)
It is no surprise that a vanishing x,+1 causes a disaster, since the Krylov
space is then no longer expanded by (16.9d).

Unfortunately, there are applications where x,, tends to be small, namely
if A has eigenvalues with small real part, but non-small imaginary part.
An example are matrices resulting from the discretization of convection-
dominated convection—diffusion equations.

BiCGSTAB has the additional disadvantage that, for real matrices and
right-hand sides (and real initial vectors), the zeros 1/xx of #; are neces-
sarily always real, and therefore they cannot efficiently help to damp error
components associated with eigenvalues of A with large imaginary part.

16.3. The BICGSTAB2 algorithm

Both above-mentioned disadvantages of BICGSTAB can be removed by re-
placing the local one-dimensional minimization by a two-dimensional one
in every other step. In between, in the odd steps, we may still do a one-
dimensional minimization, but it will have no effect on what follows, at least
not in exact arithmetic, as long as we advance in the Krylov space. This
is the idea behind BICGSTAB2 (Gutknecht 1993¢). Here, if required to be
consistent, t; satisfies recurrences of the form

tiy1(€) == (I —x1Q) tu(¢), iflis even,

ti1(0) == (G+mO) () + A -&)t-1(¢), iflis odd.

The pair (£,,7,) is again chosen to minimize wﬁi%, and in view of the

relevant recurrence (16.3c) this means that the pair is the minimizer of

Wil = min |AW? 5+ WP € +wiii(1 =€), (16.11)
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This is a standard least squares problem for two unknowns. It could be
solved via the 2 x 2 system of normal equations, but since this system can
be ill-conditioned, it may be preferable to use a QR decomposition. In
theory, the system cannot be rank-deficient except when the Krylov space
is exhausted: rank-deficiency means here that Awy,; € Kopy3 and wy, | —
WZH € Konyo are linearly dependent.

In Gutknecht (1993¢) we chose x, such that in the odd steps the one-
dimensional minimization problem (16.7) is solved. At the cost of one ad-
ditional inner product!®, this choice has the advantage of also producing at
odd steps a new, normally better iterate that may satisfy the convergence
criterion. On the other hand, the result of the next, even step does not
depend on x, as long as x, # 0, except for a possible effect on round-off.

Sleijpen and Fokkema (1993) pointed out that round-off may indeed be
a problem if |xp+1| is small, which is likely to happen for some n if A
has eigenvalues close to the imaginary axis. In contrast to BICGSTAB,
which will then have the same round-off problem, we can get around it here.
In this case, for example, we could just redefine x,+1 as 1 (or some other
suitably chosen value). We could even go further, forget the one-dimensional
minimization problem completely, and just let xp+1 := 1 for all n. This has
the additional advantage that one inner product can be saved. The choice
of 1 as value of xp+1 (and, thus, of an additional zero at 1 of ¢, if n is odd)
can be justified by the fact that well preconditioned matrices often have a
cluster of eigenvalues around 1. However, numerical experiments indicate
that xp+1 := 1 is not always the best choice.

In fact, choosing x,+1 requires us to compromise between several object-
ives (see Section 18 for more details):

(i) finding small residuals, or at least, avoiding large intermediate iterates
x? and x71

(ii) avoiding round-off errors in the computation of the inner products &,
and &,

(iii) avoiding stagnation of the Krylov space generation.

An analysis (Sleijpen and van der Vorst 1995a) shows that the last two
objectives go hand in hand and suggests choosing x,+1 as minimizer of

lwit il _ w1 — Awnaxll
Ix| Ix|

instead of (16.7), which optimizes the first objective. This requires us to

18 The other one is needed anyway for solving (16.11).
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make Aw_ ; — W), /xnt1 orthogonal to w}, , that is, to choose

[[wWh
Woil AW2+1>

Xn+l = < (16.12)

Compromising suitably between (16.8) and (16.12), taking the value of

5n+1 — <W2+1a AWZH)

iwpa Il [Aw: ]

into account, ultimately leads to our recommendation (Gutknecht and Ressel
1997) to let in BICGSTAB2

||WZ+1” if 3 < 1\/5
1AW b= evs
Xni1 = n (16.13)
n n
<Awn+1’wn+l> if 5 1\/5
AW, 2 B OnerZ aVE
n

This is a variation of a proposal of Sleijpen and van der Vorst (1995a) for
choosing x,+1 in BICGSTAB such that the effect of rounding errors in case
of stagnation is minimized (Sleijpen and van der Vorst 19954, Section 3.4).

In their BICGSTAB(2) algorithm, which is mathematically equivalent to
B1CGSTAB2, Sleijpen and Fokkema (1993) gave up the consistency condi-
tion of ¢; for odd [ and simply based the iteration on

tiv1(C) = Ct(¢), 1iflis even, (16.14a)
tir1(¢) = (1= xi¢ — xi31¢)t-1(¢)
= t-1(Q) — xiti(Q) — xi41Ct(¢)  if lis odd, (16.14b)

where x; and x;;1 are now the parameters of the two-dimensional minimiz-
ation problem for w/'f7.

This saves a few operations, but has the disadvantage that the odd steps
do not produce a residual and a corresponding iterate. Therefore, only every
four matrix-vector products does one have a chance to realize that the al-
gorithm has converged. On the other hand, once the problems caused by
small values of |xn+1] and ill-conditioned least squares problems have been
eliminated in BICGSTAB2, we can expect that it is numerically as stable as
BICGSTAB(2), in particular since (16.14b) seems to be more susceptible to
a growing gap between recursively computed and true residuals, a difference
barely noticed in practice, however; see Section 18 for more details. Altern-
ative versions of BICGSTAB(2) introduced in Sleijpen, van der Vorst and
Fokkema (1994) also avoid these two drawbacks.

BiCGSTAB2 is easy to generalize by allowing any sequence of one-, two-,
or even higher-dimensional minimizations. Let us define S; as the set of
indices n 4+ 1 where we perform an {-dimensional minimization, and let Sy
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denote the set of indices where no minimization is performed. Since n + 1
starts at 1 in our algorithms, we then have, for example, §; = {1,3,5,...}
and Sz = {2,4,6,...} for standard BICGSTAB2, but S = {1,3,5,...} and
So = {2,4,6,...} for BICGSTAB(2). In the variant of BICGSTAB2 obtained
by observing (16.13), which in contrast to BICGSTAB(2) is still consistent
at each n, it is determined on the fly whether an odd index belongs to Sy
or 1. But even if it does not, the residual will not normally grow so much,
so that the loss of ultimate accuracy is kept within limits.

With this notation, BICGSTAB2 and its consistent variants can be for-
mulated as follows.

ALGORITHM 18. (GENERALIZED BICGSTAB2 ALGORITHM)

For solving Ax = b choose an initial approximation x§ € CN and set
w) ;= W§ := b — AxJ. Choose ¥y € CV such that & := (¥, w3) # 0 and
8 := (Yo, AWQ) # 0. Then, for n = 0,1,..., compute

wn = 6,8, (16.15a)
Witk = Wil AW, if n41€S, (16.15b)
X1 = T Wy, i nblESy, (16.15¢)
Woy1 = Wy — AWpwn, (16.15d)
Xpi1 = X+ Whwn. (16.15¢)

Ifn+1¢S8,, define xpn+1, for example, by (16.13) and let

Will = Wiy — AWRL Xnt1, (16.15¢)
XpH = X+ Wi X, (16.15g)
b1 = (Fo, wiil), (16.15h)
witl = Wi — AWR X, (16.151)
Y = —bnt1/ (@ Xn+1), (16.15j)
Wni1 = Wpi1 — Wrtn, (16.15k)
AWT, = AWR,, — AW, if n+2€ S, (16.151)
Wil = Wil — Wi, (16.15m)

else (that is, if n + 1 € &3) determine &, and 7, as solutions of (16.11) and
proceed with

Wit o= AWR i+ W6+ WITH(1— &), (16.15n)
XZE = = WhiT + Xpp 1 6n + XZ;%(I —&n), (16.150)

Wit = AW + Wik, + W1 = &), (16.15p)
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bnt1 = (Yo, wpii), (16.15q)
Y = gn-ﬁ—l/(g;nn)a (16.151‘)
Wni1 = Wryy — Wothn, (16.15s)
Awp ., = Aw;, — AWpYy, (16.15t)
Whil = wﬁii —wz+1wn- (16.15u)
Finally, set
Snir = (Yo, AWITY). (16.15v)

If wﬁl y1=oforl=n—1,n,orn+1, then the algorithm terminates and
xt, +1 1s the solution of Ax = b. However, if none of these residuals vanishes,
but é,,1 = 0 or 6n +1 = 0, the algorithm breaks down.

Note that as in BICGSTAB storing x7;,; and xn:Ll could be avoided, and
that Wy, ; could be stored over wy;, ;.

16.4. The BICGxMR2 and BICGxCHEBY methods

In the framework of Algorithm 18 we may in particular let Sy = {2,3,4,...},
which means that we do a two-dimensional minimization at every step except
the first one (where n+1 = 1). This yields a method we call BICG xMR2 or,
if we want to indicate that we mean the version based on coupled two-term
recurrences, the BIOCXxMR2 algorithm. It was proposed in Gutknecht
(1994¢) and also independently by Cao (1997b) and by Zhang (1997); a
look-ahead variant based on the three-term look-ahead Lanczos recurrences
is given in Gutknecht and Ressel (1996), while the combination with the
QMR approach is explored in Ressel and Gutknecht (1996). This method
has the advantage of avoiding the sometimes doubtful one-dimensional min-
imization step and yet producing an iterate and its residual at every step.
Experiments show that it typically converges slightly faster than BiCG-
STAB2, which often converges markedly faster than BICGSTAB. The latter
can be considered as a BICGxMR1 method.

Compared to BICGSTAB2, the character of the polynomials ¢, changes
drastically in BICGxMR2: while in the former method just two new zeros
are added in every other step, but all the other zeros remain fixed, here all the
zeros get modified in each step, as is the case with orthogonal polynomials,
for which the zeros interlace.

A further alternative is to look at product methods where the second
set of polynomials, {t;}, consists of the residual polynomials of some other
Krylov space solver. For example, one might choose them as suitably shifted
and scaled Chebyshev polynomials, as mentioned as a possibility in van der
Vorst (1992) and Gutknecht (1993c). This requires the construction of an
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ellipse containing the eigenvalues of A. A technique for this task was de-
vised by Manteuffel (1977). The recurrences of the resulting BICG x CHEBY
algorithm are the same as those for BICGxMR2, but the coefficients 7,
and £, are known in advance; they are determined by the foci of the ellipse.

16.5. The BICGSTAB({) algorithm

Sleijpen and Fokkema (1993) went one step further in the generalization
of BICGSTAB and BICGSTAB2: with BICGSTAB({) (where £ is a positive
integer) they introduced a method that performs an ¢-dimensional minim-
ization every £ steps. In other words, the polynomials ¢, are built up by
appending polynomial factors of degree £. The original paper suggested gen-
erating the Krylov space in between by simply multiplying w’gf successively
by A as in (16.14a). We have mentioned already that this may cause a de-
parture of the recursively computed from the true residual. Therefore, two
other realizations of this method were proposed and compared in Sleijpen
et al. (1994): a ‘stabilized matrix’ version, which is, for £ > 4, considerably
more costly, and an ‘orthogonal matrix’ version, which sometimes seems to
converge more slowly; see Tables 1 and 5 in Sleijpen et al. (1994). Further
tests ultimately led to the enhanced implementation of BICGSTAB(¢) of
Fokkema (19964, 1996b).

There are examples where £ = 4 is markedly superior to £ = 2, and there
are even cases where { = 8 works well, while neither £ < 8 nor any other
method tried converged. But in most examples the convergence rate seems
to be about the same. There are two reasons to expect better convergence:
first, the residual reduction due to ¢-dimensional minimization is clearly
stronger than for £ times of one-dimensional minimization; second, it can be
seen that the Lanczos process is less affected by round-off if one works with
larger £.

16.6. Further LTPMs

As is clear from the definition of LTPMs, there exist infinitely many such
methods, even when we allow at most three terms in the recursion for #,,
and quite a few of them may seem to make sense for one reason or another.
But our interest is of course restricted to those that are competitive.
Moreover, as mentioned, LTPMs come in various versions depending on
the recursions used. We have chosen here to describe what we call the (3,2 x
2)-type LTPM, which applies a three-term recurrence for the polynomials
t; and two coupled two-term recurrences for the Lanczos and the direction
polynomials. We could equally well use the three-term recurrence for the
Lanczos polynomials, as in Gutknecht and Ressel (1996) and Ressel and
Gutknecht (1996), thus getting (3, 3)-type LTPMs. Then there is no w-
table, but the w-table has in the generic case bandwidth 4. On the other
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hand, one can also turn to coupled two-term recurrences for both polynomial
sequences, that is, (2 x 2,2 x 2)-type LTPMs, as suggested by Fokkema et al.
(1996) as well as Zhang (1997). This has the advantage that the standard
B1OMINS version of the BICGS method fits into the pattern, but, on the
other hand, methods like BICGSTAB2 and BICGxMR2 are less easy to
reformulate. To display these versions in a way that is analogous to our
Figure 1, we would have to introduce four tables for four different types of
product vectors, and in each table the bandwidth would be 2.

Among the recently proposed LTPMs is the already mentioned shifted
CGS algorithm of Fokkema et al. (1996) whose residual polynomials are
(1—uC)pr-1(¢)pn(C), where p is a fixed chosen value, for instance the inverse
of an estimate for the largest eigenvalue for A. The authors’ examples
indicate that its residual norm histories have typically less dramatic peaks
than BICGS. The same is true for the CGS2 method introduced in the
same paper: there, both polynomials are Lanczos polynomials of the same
degree, but they correspond to two different left initial vectors. A number
of further LTPMs were suggested by Brezinski and Redivo Zaglia (1995),
but examples for demonstrating their usefulness are missing.

17. Smoothing processes

The erratic convergence behaviour of the basic Lanczos-type solvers, the
BICG and B1CGS methods, often gives rise to criticism. Plots of the re-
sidual norm are the most often used tool when algorithms are compared
and, therefore, a method sells well if it converges quickly and smoothly.
Thus, it is not surprising that there is an interest in smoothing processes
that modify the BICG or BICGS iterates so that the residual norm plot
becomes smoother. However, we should say that smoothing is also dubi-
ous. In fact, what really counts in practice is that a method should find the
solution (up to a certain error) as quickly as possible and, since the error
cannot be checked, the residual is monitored instead. The smoothness of the
convergence does not matter from that point of view. Nevertheless, smooth-
ing processes are of some interest since they can speed up the convergence
slightly. On the other hand, they hide some useful information: a peak
in the residual norm plot indicates a temporary stagnation of convergence,
while in the smoothed residual plot we cannot distinguish temporary from
permanent stagnation.

A question that has been resolved concerns the relationship between the
convergence behaviour of CG and CR, as well as FOM and GMRESs. This
relationship approximately carries over to BICG and QMR, and makes us
understand why peaks in the residual norm plot of BICG are matched by
plateaux in the one of QMR. This result is closely related to our previous dis-
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cussion of the relationship between (Petrov—)Galerkin and (quasi-)minimal
residual methods, in Section 5.

17.1. Trivial minimal residual smoothing

If a monotone residual norm plot is all we aim at, then there is a trivial
recipe. We let!?

% :{ in—h ¥ _:{ i:'n—l’ if ”En—l” < ”rn“a
R " e, if |[Fn-1ll 2 [Irnll.

This clearly implies that the residuals T, of the ‘smoothed’ iterates satisfy

|IFn || = min {[|Fnall, ||rall} = min {||ro]], [frall, ..., |[rall}.

We call this trivial minimal residual (TMR) smoothing. We do not consider
this as a serious proposal, but mention it, because it is sometimes applied
when numerical results are presented. It reflects the position mentioned
above, that all that really matters is to fulfil a prescribed bound for the
residual norm as quickly as possible. This is a legitimate reason for applying
TMR smoothing when publishing results, but the code of conduct requires
that authors declare it.
Note that TMR neither increases nor reduces round-off.

17.2. Minimal residual smoothing

Given any pair of sequences of iterates and residuals, for example those
produced by the BICG method, Schonauer (1987) proposed to replace them
by the smoothed sequences

Xn = Xn_-1(1 — 0,) + xXpbp, Tpn:=Tp_1(1—6y)+r,0,, (17.1)
where 6, is chosen to make the residual as small as possible, which requires
that

Th_1—Tp, L Ty, (17.2)
or

<i:n—1 — Tn, F'n—1>

6, = —
" [[Fr—1 — rall?

(17.3)

From the relations (17.1) and (17.2) we conclude by Pythagoras’ theorem
that

1Eall® = [Fn-1l® ~ IFn-1 — ral *16a]*. (17.4)

The idea was further developed and investigated by Weiss (1990, 1994),

17 Before, we used tildes for the left Lanczos vectors and the left direction vectors, but we
did not define X,, and T,,. These vectors are now the smoothed iterates and residuals.
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and then taken up by Gutknecht (1993a) as well as Zhou and Walker (1994);
see also Walker (1995). Following Zhou and Walker, we call it minimal re-
sidual (MR) smoothing. Note that we perform a local, one-dimensional
minimization, as we did in BICGSTAB. Of course, we could generalize this
approach to a local MR(¢) smoothing, that is, an ¢-dimensional minimiz-
ation additionally involving ¥,_2,...,ry_s. However, numerical tests show
that this is hardly worth the extra work (Zhou and Walker 1994).

Obviously, MR smoothing is some kind of a recursive weighted mean pro-
cess, but, in general, the weights need not be positive. From the definition
it is clear, however, that the resulting residual norm plot is monotonically
decreasing. Therefore, this is a very effective smoothing process. Note that
the given sequence is piped through the process without generating any
feedback.

The main theoretical result of Weiss’ thesis is that applying MR smooth-
ing to the FOM iterates yields the GCR (or, GMRES) iterates: the or-
thogonal residuals of the former become conjugate and minimal residuals
of the latter method. For a short proof see Gutknecht (1993a, p. 49). A
fortiori, applying the MR smoothing to the CG iterates yields the CR . iter-
ates. Hence, in these two cases the transformation must be identical to the
relations (5.22) and (5.23), and we conclude that

O, =c2 (>0), 1—0,=|s,]*> (>0). (17.5)

Actually, in these cases of orthogonal residual methods, where r, 1 IC,,
(17.3) and (17.4) simplify since we have r,, | T,,_; € K,, and thus, again by
Pythagoras, ||[Tn_1 — rn||? = |[Fr-1||? + ||ta||?, so that

|[Fr—1][?
|[Fn—1l]? + {[rall?

Inserting this into (17.4) and taking the reciprocal yields

1 |[Fa—a]}* + |[rn]|? 1
= = — § 17.6)
[P~ IFacal Plieal? FalP Ilrnll2 ||r [[r&l]? (

en:

e (0,1].

Here, for the last equality, we applied induction in order to represent the
norm of the smoothed residual in terms of the original residual norms. Con-
versely, solving for ||r,||? leads to

2 |12
lenl[* = 7= RIETESE 2D 17.7)
We will comment on these formulae later, but want to remind the reader
at this point that they only hold if the given residuals r, are mutually
orthogonal.
In Gutknecht (1993a) we pointed out that there is also an algorithm to
do the inverse of MR smoothing. One motivation for using it can be that in
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Galerkin methods the errors X, — X, have a different spectral decomposition
and are often smaller than in methods that minimize the residual.

17.8. Quasi-minimal residual smoothing

When we apply MR smoothing to the BICG iterates, the resulting smoothed
iterates differ from those of the QMR method. But in Section 5 we have seen
that nevertheless the BICG iterates x, := xS and their residuals r,, := r$
are related to the QMR iterates X, := xME by the relations (5.22) and
(5.23), which are of the form (17.1) with 6, satisfying (17.5). Now 8, is no
longer determined by one-dimensional minimization in the residual space,
which leads to the choice (17.3), but given by (17.5), where, as we have seen

in (5.25), ¢2 and |s,|? can be expressed in terms of the norms of the BICG

residual, |[r$||, and the quasi-residual, ||qn|| = |Frs1l:
2
= 2 = Nl 17.8
O el ure

Moreover, ||q,||? satisfies the recursion (5.24):

1 1 1
= + . (17.9)
lanll®  llan-1ll2  [leall?
Of course, in practice, a substitution vy, := ||q,||?> will be made, because we

do not compute q,.

Zhou and Walker (1994) suggest applying the smoothing process (17.1)
with this choice of weights to any kind of Krylov space solver. They call
this QMR smoothing.

Comparing (17.9) with (17.6) we see that ||q,|| here takes the place of
|IFn||. In particular, as in (17.6) and (17.7), we now have

1 :zn: 1 ]2 = llan]|* (n>1). (17.10)
lanl?> o llrel L—|lanl?/llgn-1l* * =

There is an alternative to formulae (17.8) and (17.9) that leads to the
same weights: according to (5.21) we have

S
ol = ol gy,

n n

1 Isl...s |
Irall = = llanll = ——
Cn

In view of the interpretation of s, and ¢, as sine and cosine, this suggests
defining

Tp := arctan L € [O, E) .
|ldn-1l] 2

Then we let

|Irall
VIEn]l? + [lan-1]I?

HQn—lH
VIIEal? + flgn-1][?

Cp "= COS Ty = Sp i=sinT, =
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It is easy to verify that this construction is consistent with the former one of
(17.8) and (17.9), and that, as before, ||ry||cn, = ||dn|| = ||dn-1|| 5n. Note
that here s,, € [0,1), while in the QMR method s, can take complex values.

17.4. An alternative smoothing algorithm using direction vectors

Zhou and Walker (1994) noticed that when MR or QMR smoothing is
applied to BIOMIN or BIOMINS, better numerical results can be obtained
with a reformulated algorithm that updates the smoothed iterates using
direction vectors. Assume that our iterates and residuals are generated by
a formula of the form

Xp+1 = Xp + VpWn, Tnyp:=Tp — AVywy. (17.11)

Here, v, and wy can, but need not, be the quantities from BIOMIN. In
order to rewrite the smoothing formulae (17.1) we introduce the difference
u, := X, — X,—1, 50 that

Xp = Xn_1 +Unbp, T,:=T,_1— Au,b,. (17.12)

Next we need update formulae for u,, and Au,; we do not want to spend an
extra matrix-vector product on the latter and consider it as a single vector.
Substituting the above update formulae into up+; = Xp4+1 — X5, yields

Upy1 i= Vpwn + Up(l —0,), Aupii = Avyw, + Au,(1-6,). (17.13)

Consequently, if for a Krylov space solver (17.11) holds, then the formulae
(17.12) and (17.13) are an alternative form of the smoothing process based
on (17.1). For MR smoothing there is also a simplified formula for the
weight 6,,:

<Aun) Fn—l)

b = AP

(17.14)

17.5. The peak—plateau connection

Numerical experiments with the QMR methods and with MR, smoothing
show that peaks in the residual norm plot of BICG or BICGS are always
matched by plateaux in the plot for the smoothed method, a plateau being
a region where the residual norm stagnates or decreases only slowly. This
phenomenon was studied in Brown (1991) and Cullum (1995), but it was
finally Cullum and Greenbaum (1996) who came up with a simple explana-
tion based on formulae we derived above, notably (17.7) and the analogue
one in (17.10); see also Walker (1995). They also proved by example that
the peaks in a FOM residual plot need not come from a near-singular H,,.

Indeed, according to (17.7), if ||r,|| > ||Fy]||, then the denominator must
be small, that is, ||¥y|| =~ ||[Tn-1]|, and vice versa. On the other hand, if the
norm of the smoothed residual decreases quickly, then the denominator will
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be close to 1, and thus the residual of the original method is nearly as small
as the smoothed one. Consequently, in a very vague sense, either both the
original method and the smoothed one do well, or both do badly. Equation
(17.6) also makes clear that the smoothed residual cannot be much smaller
than the original one; in fact, it follows that

[Fall 2 < min._[Ixl
M R T ogken D
and equality only holds if ||rg|| = ||ry]|| for £ < n. However, we need to recall

that (17.6) and (17.7) assume orthogonal original residuals. Therefore, the
application of MR smoothing to BICG residuals is not covered.

Regarding the QMR method (or the application of QMR smoothing to
the BICG residuals), we can draw the same conclusions on the plateau
behaviour of the quasi-residuals q,, since these appear in (17.10). Moreover,
we know that the QMR residual is at most /n + 1 times larger than the
quasi-residual, and in practice the factor is often closer to 1. Since the peaks
in the BICG residual norm plot can be several orders of magnitude high,
this factor is rather unimportant in this discussion.

18. Accuracy considerations

Unfortunately, in finite precision arithmetic, inherent round-off problems
jeopardize the use of the B1O and B1OC processes and related algorithms.
There are at least four effects that can cause trouble:

(i) the loss of (bi)orthogonality

(ii) the low relative accuracy of certain inner products, notably &, and &,
(iii) inaccurate Krylov space extension
(iv) the deviation between the recursively computed and the true residual.

There has been considerable work on analysing some of these effects, and
also on finding ways to reduce them or compensate for them. Regarding
the nonsymmetric Lanczos process, this is an area where results are very
recent and investigations are still going on: one wants to know where and
why Lanczos-type algorithms lose accuracy, and how one can avoid that
at a reasonable price. The production of quality software relies heavily on
such findings. But this also means that a good implementation of these
algorithms is much more complicated than one would expect from the basic
descriptions we have given here. We can only give a very brief and superficial
overview of this area, however.

Considerable effort has also been invested into the backwards error ana-
lysis of the symmetric Lanczos and the standard CG algorithms (Greenbaum
1989, Greenbaum 19945, Greenbaum and Strakos 1992). More recently, this
effort has been extended to BIOMIN (Tong and Ye 1995). But we cannot
discuss this work here.
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18.1. Loss of biorthogonality

Recall that, in the nth step of the B1O algorithm, the vectors y,+1 and
Yn+1 are determined so that ¥, LB yn+t1, ¥n-1 LB Yn+1 and ¥nt1 LB ¥n,
¥n+1 LB ¥Yn—1. Nevertheless, the biorthogonality ¥, LB Ynt1, Yn+1 1B Ym
theoretically holds for all m < n. But due to round-off one encounters a
loss of this inherited biorthogonality when n — m becomes large. This is
no surprise: orthogonal projection necessarily reduces the size of a vector
and thus its relative accuracy. If recursively generated projections of vectors
are the relevant data used in the process of building up dual bases, and if
one counts on inherited orthogonality, it is not surprising that working with
finite precision may have a strong effect.

Lanczos (1952, pp. 39-40) was aware of this loss and suggested, on one
hand, full reorthogonalization as a possible yet expensive remedy and, on
the other hand, for the iterative solution of linear systems, the modification
of the right-hand side by damping the components that correspond to the
large eigenvalues. This second remedy, which he called ‘purification’ of the
right-hand side, is similar in spirit to what we now call polynomial precondi-
tioning, but he applied it only before the Lanczos process and not at every
step. By suitable preconditioning the loss of (bi)orthogonality is reduced
and, at the same time, becomes less relevant since the residual becomes
sufficiently small long before n is comparable to N in size.

On the other hand, for the eigenvalue problem, where only few precon-
ditioning techniques apply and the accuracy of the tridiagonal matrix is
crucial, the loss of orthogonality is a serious problem even in the symmetric
case, for which this numerical phenomenon was analysed by Paige (1971,
1976, 1980). His theory is also discussed in Cullum and Willoughby (1985)
and Parlett (1980). It allows us to recognize when a critical step occurs that
will induce loss of orthogonality. This loss is coupled with the occurrence
of extra, so-called spurious copies of eigenvalues and eigenvectors. This
is nicely demonstrated by the numerical experiments displayed in Parlett
(1994). For Hermitian A, Parlett and his coworkers (Parlett 1980, Parlett
and Nour-Omid 1989, Parlett and Reid 1981, Parlett and Scott 1979, Parlett
et al. 1985, Simon 1984a, Simon 1984b) as well as Cullum and Willough-
by (Cullum and Willoughby 1985, Cullum 1994), and others have explored
various ways to get around this problem in practice. While Cullum and Wil-
loughby developed a method to distinguish spurious eigenvalues from true
ones, Parlett’s group chose to avoid the spurious ones from the beginning
by partial or selective reorthogonalization, that is, by orthogonalizing yiemp
additionally with respect to those basis vectors that were constructed earlier
in certain critical steps. All this earlier work is on the symmetric Lanczos
process based on three-term recurrences.
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Recently, Bai (1994) generalized Paige’s theory to the nonsymmetric case
and Parlett’s student Day (Day, III 1993, Day 1997) adopted the partial
reorthogonalization technique; he refers to it in this case as maintaining
duality. Again, certain earlier computed Lanczos vectors are included in the
now two-sided Gram—Schmidt process. This is quite an effective remedy for
the loss of biorthogonality, but of course, it causes considerable overhead
in memory requirement, computational cost, and program complexity. For
eigenvalue computations this extra effort may well be worthwhile, but for
linear solvers it seems too costly. Moreover, it is impossible to extend this
technique to squared and product methods.

Day also aims at reducing the local error as much as possible. First, since
the B10 algorithm involves two-sided Gram—Schmidt orthogonalization, we
can implement it in the modified form, that is, replace (2.21e) and (2.21f)
by

Yiemp = Ayn - yn——l/Bn—l’ S;temp = _A_*s;n - g’n—lﬁn—la
ap = <Yn’ ytemp>B /671,, Qp = Qp,
Ytemp ‘= Ytemp — YnQn, Ytemp ‘= Ytemp — YnOn.

Then we can make a tiny correction in order to reinforce the orthogonality
that we just took into account:

aan = 6"1“ ytemp>B /5'na aan = <Yn» S"temp)B /Sf_u
Opn = O + Oag, Op = G + Oy,
Ytemp ‘= Ytemp — ynaany S;temp = ’)v’temp - yna&n

While Day proposes to apply this local reorthogonalization at every step, one
can choose to include it only when ||Y¥temp|| OF ||¥templ| is much shorter than

||Ayn|| or ||A*¥,||, respectively. We can also implement this enhancement
in LTPMs like BICGSTAB2.

18.2. Low relative accuracy of certain inner products

The inner products 8, := (¥n,yn)B and &), := (V,, Av,)p are crucial for
determining the recurrence coefficients of the Bi1O and BIOMIN algorithms:

. (¥n, Ayn)B L Yrnln o on — bnt1
Qp = 6n ) ﬂn—l = 6n—1’ Wp = 6;1, wn Cha 671 .

Most of the algorithms we discussed break down if one of these inner products
is used but vanishes. Then one has to resort to look-ahead, which is dis-
cussed in the next section. However, typically, the look-ahead tolerance is
chosen to be rather small. It is therefore quite normal to proceed without
look-ahead, although

b 8,

—_—— K1 or ——mMmm K1,
Y=l Byl [IVall [BAV.||
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and this means that 6, and é/, suffer from low relative accuracy. It does not
help to compute them in double precision.

Note that this is a difficulty that occurs only in the nonsymmetric case
and, regarding 6/, the symmetric indefinite case. A possible remedy consists
of switching to a suitable one-sided Lanczos process (see Section 6), but so
far tests have not been so successful.

The same issue comes up in LTPMs, but there the inner products for
én and 6, are different. Taking appropriate measures leads to improved
versions of algorithms from the BICGSTAB family; see Sleijpen and van der
Vorst (19954, 1995b) and Gutknecht and Ressel (1997).

18.5. Inaccurate Krylov space extension

The generation of well-conditioned Krylov space bases is the prime aim of
the Lanczos process. In this regard it is important that in the recursions the
term that increases the dimension is not small compared to those that lie in
the current subspace. For example, in the B1O algorithm it is dangerous if
[|Ayr|| is considerably smaller than ||y,an|| or |[yn—18.—-1]]; in the BIOC
algorithm it is dangerous if ||Av,|| is much smaller than ||y, ¢,||; and in the
BICGSTAB algorithm ||AWlw,|| should not be small compared to ||w?|],
nor should {|Aw},, 1 Xn+1|| be small compared to ||w},;||. While one has a
choice to modify yn+1 in BICGSTAB2, the other cases call for the application
of look-ahead; see Section 19.

18.4. Deviation between recursive and true residual

Krylov space solvers normally update the residuals recursively, since the
computation of the true residual b — Ax,, costs an extra matrix-vector mul-
tiplication and, according to folklore, convergence is slower if the true re-
siduals are used for further computation; see, for instance, van der Vorst
(1992) and Greenbaum (1997). However, while the size of the true resid-
uals is bounded below by the round-off errors that occur in its evaluation,
recursively computed residuals keep getting smaller and smaller if a method
converges. This is easy to understand for most Krylov space solvers: they
are scale-invariant with respect to the size of the residuals, as long as we
neglect the iterates. Therefore, at some point the recursively computed and
the true residuals necessarily start to deviate from each other completely.
Normally, from then on the true residual remains on roughly the same level,
while the recursive one continues to decrease.

Numerical experiments readily show that this branch point is not just
determined by the round-off in the evaluation of the true residual, but that
it may be reached much earlier. In particular, examples with BiICG or
BICGS with peaks in the residual norm plot that are much higher than ||rg||
seem to indicate that the tallest peak, max||r,||, determines the ultimate



374 M. H. GUTKNECHT

level of the true residual. Sleijpen et al. (1994) provide a theory to support
this observation. However, a more careful analysis of Greenbaum (1994a,
1997) shows that under the assumption that the Krylov space solver uses
direction vectors, as in (17.11), it is the maximum norm of the iterates (or
the corrections) that matters. Of course, very high peaks in the residual
norm plot normally go along with iterates whose norm exceeds by far the
one of x... Therefore such peaks normally imply a loss of accuracy.

By estimating the round-off in the evaluation of x,41 and r,,+1 according
to (17.11), Greenbaum (1997) finds the following result.

Theorem 18.1 If iterates and residuals are updated according to (17.11),
the difference between the true residual b — Ax, and the recursively com-
puted residual r,, satisfies
b — Ax, — 1|
AL {]]

where € denotes the machine-epsilon, « is a constant that is needed to es-
timate the round-off in the matrix-vector product according to

||Avn — i(Avn)[| < yel|All [[Vall,

<(e+0(EN+2+ 1 +7+ (n+1)(10 + 2v))0,],

and

O, := max x| .
k<n ||Xex]]

This estimate is only based on (17.11), and it does not matter where the
direction vectors v, and the step sizes w, come from. Therefore, errors in
these quantities do not influence the gap between true and recursive resid-
uals. Clearly, the theorem not only applies to BIOMIN, but, for instance,
also to the smoothing process (17.12) and to BICGSTAB if we force (16.9¢)
to be executed in the given order. It does not directly apply to our gen-
eral (3,2 x 2)-type LTPM algorithm (Algorithm 16), since the latter also
involves three-term recurrences. For these the maximum residual plays an
essential role too. Applying these considerations to the BICGSTAB(2) re-
cursions (16.14a)—(16.14b), we conclude that if the Krylov space vectors
associated with ¢#;_1(¢) and ¢t;_1({) are close to being linearly dependent,
the corresponding terms in

n+l . . ,n—1 n—1 2 . n—1
Woi1 = Wpi1 + AW, Xn + AW X
could be large compared to WZ;% and w;‘ﬂ, thus causing a large deviation

between xﬁﬂ and its recursively computed residual wZi}

It is often possible to overcome the loss of accuracy discussed above by
a modification that was first proposed for BIOMINS by Neumaier (1994),
but is equally applicable to other methods, although for some it will cost an
additional matrix-vector multiplication per step; see Sleijpen and van der
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Vorst (1996). One can think of it as a repeated shift of the origin or an
implicit iterative refinement. First, we let

b :=b-Axy, x :=x9, x0:=o0,

so that b— Ax = b’ — Ah, where h := x —x’. We then apply our algorithm
of choice to Ah = b’. At step n, if the update condition

[Ira]| < |Ib']|¥ (where +' € (0,1] is given) (18.1)
is satisfied, we include the reassignments
b :=b - Ax,, x =x'+x, x,:=o. (18.2)
Note that at every step, we then have
r,=b' —Ax, =b - AX +x,).

Neumaier actually computed the true residual at every step and chose y' = 1,
which means that the update is performed at every step where the residual
decreases, hence, nearly always. Sleijpen and van der Vorst (1996) followed
up on this idea, provided an analysis, and suggested several alternatives
to the update condition (18.1). According to our numerical tests, the best
strategy depends on the particular example.

In general, each update (18.2) requires an extra matrix-vector product.
However, Neumaier found a way to use it in BIOMINS for replacing one of
the two other such products, and Sleijpen and van der Vorst achieved the
same for BICGSTAB.

19. Look-ahead Lanczos algorithms

Look-ahead Lanczos algorithms are extensions of Lanczos-type algorithms,
in particular the BiIO and BIOC algorithms, that circumvent the break-
downs one might encounter, or at least most of them. The look-ahead B1O
algorithm was first thought of by Gragg (1974) in a paper on matrix inter-
pretations of recursions for continued fractions and Padé fractions; however,
he only followed up on his idea in the context of the partial realization prob-
lem of system theory (Gragg and Lindquist 1983). Years later it materialized
in Taylor’s thesis (Taylor 1982) and the paper by Parlett et al. (1985), who,
however, concentrated on steps of length two only and used a very different
approach, namely by thinking of the BIO algorithm as a two-sided Gram—
Schmidt process. Look-ahead was then rediscovered by Gutknecht (1992,
1994a) in connection with work on continued fractions associated with ra-
tional interpolation (Gutknecht 1989a) and joint work with Gene Golub on
the modified Chebyshev algorithm (Golub and Gutknecht 1990). At the
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same time'8, the subject was also taken up by Joubert (1990) and Par-
lett (1992), and latterly also by Boley, Elhay, Golub and Gutknecht (1991),
Freund et al. (1993), Nachtigal (1991), Brezinski, Redivo Zaglia and Sadok
(1992b), Hochbruck (1992), and others. Much of the earlier work (including
Gragg’s note) was on exact breakdowns, and the idea was to treat near-
breakdowns as if they were exact ones. But Gutknecht (1994a, Sections 9
and 10), Freund et al. (1993), Hochbruck (1992), Nachtigal (1991), and Par-
lett (1992) addressed explicitly the general near-breakdown case. Moreover,
in contrast to the continued fraction approach, the two-sided Gram—Schmidt
approach requires no modification for near-breakdowns.

We first derive a look-ahead B1O algorithm, or LABI1O for short, and then
treat an analogue look-ahead B1IOC algorithm with mixed recurrences. In
both cases we first describe the standard versions as given in Gutknecht
(1994a), Freund et al. (1993), and Freund and Nachtigal (1994) and then
describe recently found simplifications. We do not state recursions for the it-
erates, because these two look-ahead algorithms are normally coupled either
with QMR or with ‘inconsistent’ update formulae for the Galerkin iterates,
as in our inconsistent BIORES and BIOMIN algorithms. Finally we refer
to some other look-ahead algorithms, including the composite-step B1ICG
algorithm of Bank and Chan (1993) and Bank and Chan (1994) and the
GMRZ and other algorithms of Brezinski, Redivo Zaglia and Sadok (1991).

In retrospect, the LABIO algorithm can be understood as follows: if a
breakdown or near-breakdown of the BI1O algorithm occurs, we avoid it by
temporarily reducing the number of orthogonality conditions that have to
be fulfilled, in fact dropping the biorthogonality to the most recent basis
vectors. It turns out that in all but certain very exceptional situations
(which are referred to as incurable breakdowns) one can return to the full set
of conditions after just one or a few steps. The resulting pairs of Lanczos
vectors are then in a certain way block biorthogonal.

One could also consider making use of the freedom capitalized upon in the
one-sided Lanczos algorithm and apply look-ahead only to the right Lanczos
vectors.

As before, we could allow for a formal inner product matrix B that com-
mutes with A, but for simplicity we assume B = 1.

19.1. LABIO: the look-ahead B1O algorithm

We know from Lemma 12.2 that a regular Lanczos polynomial, and, thus,
a pair of regular Lanczos vectors y,, yn (# o) satisfying (2.4), exists if
and only if the nth leading principal submatrix M,, of the moment matrix

18 The publication dates are misleading; one has to look at the dates where the papers
were submitted or preprints were made available.
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is nonsingular. In finite precision arithmetic we also need to avoid near-
singular sections; hence, we want to compute a pair of regular Lanczos
vectors only if M, is in a certain sense well-conditioned. However, we cannot
enforce this requirement directly: first, M,, itself is not available and even if
it were, we would not want to have to compute its condition number; second,
leading principal submatrices of a Hankel matrix are notorious for their bad
condition; and third, the formulae below will show that, primarily, certain
other matrices need to be well-conditioned.

We let 0 = ng < ny < ng < ... be a set of indices, where we can and want
to enforce all orthogonality conditions, that is, where

Kn; L ¥ns ¥y L Ky (19.1)
We will call these indices well-conditioned, and likewise the correspond-
ing Lanczos polynomial and vectors will be referred to as well-conditioned.
Clearly, if a Lanczos polynomial is well-conditioned, then it is also regular.
A step for constructing well-conditioned Lanczos vectors is therefore some-
times called a reqular step. When n is not a well-conditioned index, we refer
to yn and y, as inner vectors; and we call a step for computing these vectors
an inner step. Of course, the well-conditioned indices will be chosen such
that the problem of finding the Lanczos polynomial and the Lanczos vectors
is well-conditioned in the usual sense. We aim at generating sequences of
Lanczos vectors that satisfy (2.5) and (2.6) as before, but where (2.4) is
relaxed to

Knl Lyn, ¥nlKy if ny<n<ngyg. (19.2)

This implies that these sequences are block-biorthogonal: if we define matrix
blocks containing groups of Lanczos vectors,

}/l = [ yTLl )’nl+1 T YnH_l—l ]7 i;l = { S;TL[ )Nlnl+1 Tt S;nl+1_l ]’
(19.3)
and matrix blocks containing the inner products of these vectors,
> ~ -1
Dy =YY = (i, Y&))ihm > (19.4)
then we have
e [ D if j=1,
YJ'YI‘{O it AL (19.5)

For the derivation of the recurrences we assume that every n is associated
with the [ for which (19.2) holds. We let

hl =Nyl — 1y,
and denote the possibly incompleted last blocks by
Yl;n = [ Yn, ¥You+1 - ¥n ]a i}l;n = [ ?nl S;nH—l g’n ]a (196)
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and
D = (s YD) P, - (19.7)
Then we have, in consistency with our earlier notation,
Yo = [ Yo - Y Vi ], ?n+1 = [ }70 ?1—1 ?l;n ],
(19.8)
and (19.5) leads to
Y7, Ynt1 = Dyy1 = block diag (Do, ..., Di—1, Din)- (19.9)

We still have to show that such sequences of Lanczos vectors exist, and
how they can be constructed. Let us for the moment assume that they exist.
Clearly, like any Krylov space basis, they could be constructed according to
(2.7), or, in shorthand notation, by

AY,=Y,1T,, AY,=Y,..T,. (19.10)

Assuming that the last block is completed, we conclude from (19.1) or (19.5)
that Y;Ypi1 = Dn|o ]Jand Y%, Y, =[ D/} | 0 ]7,sothat, asin (2.12),

D, T, =Y AY, =T:D, if n=mng—1.

Here, the product on the left is a block upper Hessenberg matrix, while the
one on the right is a block lower Hessenberg matrix. Consequently, it must be
block tridiagonal, and thus T,, and T, are themselves block tridiagonal, in
addition to being Hessenberg matrices. When all this is formulated in terms
of the Lanczos polynomials instead of the Lanczos vectors, as in Gutknecht
(1994a), it is obvious that we can still choose T, = T,. If we want to
allow for independent scale factors %, and ~, for the left and right Lanczos
vectors, we can achieve this by diagonal scaling as in (2.29). Therefore, in
the following we only derive the formulae for the elements of Ty; we know
that those for T, look analogous and do not require computing additional
inner products.

So, when the lth block is just completed, that is, when n = n;;; — 1, then
T,, is of the form

C 4y By .
Co A B
T'n = Cl A2 R )
. B,
i Ci1 A
where
By_1=: [ bnl e by ]

is a block of size h;_; X h; that is in general full, C;_; is a h;_; x h; block
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that is zero except for the element 7,,_; in the upper right corner, and 4,
is a h; x h; block of Hessenberg form that we write as

Oy,

Yn; Qmy+1 - Op—1 Qn
A =: Tny+1

Yn—1

The extended matrix T,, has at the bottom the additional row [ o' | 7, .
In this notation the recurrences for the Lanczos vectors can be written as

Yn41 = (AYn - }/l;nan - )/l—lbn)/')/n

g’n+1 = (A*S’n - Yl;nan - Yi—lbn)/;yn
Here, v, and 7,, are again used to normalize the Lanczos vectors.

By now we know that if there exist Lanczos vectors that fulfil (19.2), then

they satisfy the above recurrence. It is straightforward to see by induction
that, conversely, these recurrences produce such vectors if

} if ny <n+1<n41. (19.11)

(i) we choose the well-conditioned indices such that the diagonal blocks
Dy are well-conditioned
(ii) we determine b, such that the biorthogonality to the previous block is
enforced
(iii) we determine a, in a regular step (that is, when n + 1 = n;41) such
that the biorthogonality to the just completed block is enforced.

In the inner steps, a, can be chosen arbitrarily. In particular, to reduce the
computational work, we can let it be the zero vector, although for stability
we might want to choose differently. For example, one can use these para-
meters to make the right Lanczos vectors within a block orthogonal to each
other, as proposed in Boley et al. (1991).

Enforcing the mentioned conditions readily yields

bo = DI\ Y Ayn,  bni= DY A, if mp<n+1<ng,

an = DY Ay, Gni= DITIYA,, if n4+1=ng,.

(19.12)

Formulae (19.11) and (19.12) are the standard ones for a look-ahead step,
as given in Gutknecht (1994a, §9) and Freund et al. (1993). In the latter
paper it is pointed out that by making use of recursions among the inner
products the large number of inner products that seem to be needed for
evaluating (19.4) and (19.12) can be reduced to just 2h;, the same number
as for h; normal steps. Normalizing the Lanczos vectors costs another 2h;
inner products. Moreover, one has to store the current and the previous
pair of blocks of Lanczos vectors.
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However, there is a way to simplify recurrence (19.11). In the formula
for by in (19.12), we note that due to (19.2) only the last column of Y} 1
contributes to Yz 1Ayr,. Thus, we can replace Yl 1 by 1y75,,_1, where 1:
Iy, ,:==[0 -~ 0 1 1T e Rh’ 1. Consequently, if we let

i1 =YDl ¥ =YD,
and
Bp-1 = Yr—1AYn, 5;_1 = y;l—1A*}~’n (ni <n <),
then
Y_1bp = (Yi—lDl—_lll)(f’ZﬁlAYn) =¥_16n_1,
and likewise IN/l_ IZn =¥_1 B;_l. Moreover, using the same argument again,

(31-1)*Ayn = 1" DY Y5 Ay = T D D51 Ayn = (1T DADB, -
Thus we can redefine 8], _; in terms of the new vector y|_; instead of ¥,,_1,
and the analogue holds for 3, _;:

—1= ATDE )TN (F ) Ay

m<n+1<n . 19.13
1= (ITDl 11) l(yz ATy, } (r < M) ( )

The parenthesis contains only the bottom right element of D, 11. Putting
the pieces together we see that the recursions (19.11) simplify to

Yn+1 = (AYn Yinan YE_lﬁL_Q/’Yn

L _ if np<n+1<nyy.
Yn+1 (A Yn — Y na'n y;_lﬁ';b—l)/’)/n }

(19.14)
In other words, the previous blocks are replaced by single vectors y;_; and

¥;_1, respectively. It can be shown (Hochbruck 1996) that

’znz—l Ly, ¥ L Kot (19.15)
At the root of this simplification is the fact that the blocks
Bi_1 = D{A1y;,_AY,

are of rank one, as was pointed out in Gutknecht (1992). Using a similar
argument Freund and Zha (1993) implicitly capitalized upon this in their
Hankel solver, but only recently it was pointed out by Hochbruck (1996),
who used yet another approach, that this leads to the above simplification of
the look-ahead Lanczos process. In the polynomial formulation the vectors
y;_; and yp, correspond to polynomials that are the denominators of a
regular (or, well-conditioned) pair of Padé approximants; see Gutknecht
(1993b), Gutknecht and Gragg (1994). In the case of an exact breakdown,
the above simplification is irrelevant since the block B;_; then has only a
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single nonzero element, the one in the upper right corner, and y;_, is then
a multiple of y,,_,; see Gutknecht (1992).

A look-ahead algorithm always requires a look-ahead strategy, a recipe as
to when to start a look-ahead step and when to terminate it. The above for-
mulae clearly indicate that we need to avoid singular or near-singular blocks
Dj, and this suggests requiring that the smallest singular value, omin(D;),
be larger than a certain tolerance. Indeed, Parlett (1992) showed that the
following quantitative result holds: if the Lanczos vectors are normalized,
then

1
) Umin(Ynl)} 2 \/ﬁ Orgji'gl Umin(Dj)v
However, numerical examples reported in Freund et al. (1993) showed that,
in finite precision arithmetic, we should not rely on this result and not
monitor omin(Dy,,) alone. Instead, it is suggested that the 1-norms of the
coefficient vectors in (19.11) be kept below a certain bound when n + 1 =
ny11, that is, when the new index n + 1 is declared as well-conditioned:

min {o'min(?nl)

lanllt S T, ll@nllt ST, 1lballt < T, |lballi T = g1 :=n+1.

Here, the bound T depends on A and is typically of the order of ||A||. For
example, one can start with T := max {||Ayol|, ||A*¥o||} and then adjust
this bound dynamically during the algorithm. See Freund et al. (1993) for
more details. If the simplified formulae (19.14) are used, the bound for
b, and b, can be replaced by one for Vi_18,_1 and )7;_13;1_1. There is,
unfortunately, the possibility that D, remains singular or ill-conditioned
for all n > n;. This is what is called an incurable breakdown. Then there
is no way to escape a restart of the algorithm, but when solving a linear
system one can of course restart from the most recent approximation.

Clearly, the same approach can be used to specify an LABIC algorithm.
The look-ahead approach for Lanczos-type product methods (LTPMs) intro-
duced in Gutknecht and Ressel (1996) is based on the standard look-ahead
procedure, but can also accommodate the above simplification.

19.2. LABIOC: the look-ahead B1OC algorithm

The B1OC algorithm is susceptible to both Lanczos and pivot breakdowns,
and thus a look-ahead generalization of it should be able to cope with both.
In addition to the sequence of regular indices n; for the Lanczos vectors,
we therefore have a second sequence of regular indices my, for the direction
vectors. From Lemma 12.2 we know that det M, # 0 and det M, # 0
but, as in the last subsection, we only consider here those regular indices
that are in some sense well-conditioned. In addition to (19.2) we now want
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to enforce
Kmp L AV, A, L Knp,, if mg <n < mggr (19.16)
In the following, we associate with every n a pair (k,!) such that
mp<n<mgy1 and n <n<ng (19.17)

hold, and we let h} := my41 — my. Defining, in analogy to (19.3)—(19.4)
and (19.6)-(19.8), blocks Vi, Vi, Dy, Visn, Vi, and Dy, we then have, as
in (19.9),

V5 1AV =Dy, = block diag (D, . .., Dy_y, Di.)- (19.18)

Since we want each of the sets {y;}, {¥i}, {vi}, {Vi} to be a nested basis of
the respective Krylov space, it is clear that there should exist recurrences
with a matrix representation

Yn = Yngna AYn = Yn—H %m (19.19)
Yn = VnUna A*Vn = Yn+1 Ln»

where L, and LL are of upper Hessenberg form and U, and U, are unit
upper triangular. From the polynomial formulation of the B1O algorithm we
could again readily conclude that we can assume L,, and U, are diagonally
scaled versions of L,, and U, respectively. Moreover, as in Section 7, we
can return to (19.10) by eliminating V,, and V, from (19.19), while by
eliminating Y, and Y, we find a block version of (7.10), if we assume the
definitions T,, := L,U, and T, := U,L, from (7.8). But we cannot
conclude that these are block LU and block UL factorizations of the block
triangular matrices T,, and T, respectively. The block triangularity of T/,
can be verified as above for T,,, but we must keep in mind that the blocks
can be of different sizes to those of T,,.

If only exact breakdowns are considered, it has been shown that we in-
deed have block factorizations and that the block sizes are linked to each
other in a well-defined way; see Gutknecht (1994a). The link between the
block sizes follows directly from the block structure theorem for the Padé
table. If near-breakdowns are included, there are still arguments to have
the breakdowns linked, but not in the same rigid way: typically, for every
ng there is an my such that n; = mg or ny = my + 1. In the first case,
(Pny;~1,Pn,) is a row-regular (or a row-well-conditioned) pair; in the second
case, (Pn,—1,Pn;—1) is a column-regular (or a column-well-conditioned) pair;
see Hochbruck (1996). The notions of row-regularity and column-regularity,
which play a crucial role here, were introduced in Gutknecht (1993b). They
mean that the respective polynomials (which are FOPS for the two closely
related functionals ® and @’ of Section 12) are not scalar multiples of each
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other; and they imply that these polynomials are even relatively prime; see
also Gutknecht and Hochbruck (1995), Gutknecht and Gragg (1994).

But let us first consider the general case: after replacing n by n + 1 in
the first line of (19.19), we can always write the last column of these matrix
equations as

Yn = mGgn + Vk;n—lgn;k + v,

Av, = Yn;fn + Yl;nfn;l + ¥Yn+17n-

The conditions (19.2) and (19.16) that led to (19.9) and (19.18), respectively,
yield under assumption (19.17)

(19.20)

gn =D IV Ayn,  fo:=D Y} Av,. (19.21)

These formulae suggest that the recurrences (19.20) are long. However, in
(19.21) only few blocks of the block diagonal matrices are multiplied by
nonzero blocks of the vectors that follow. Recall that we have

ViAy,=0 ifi<n—1, ¥Av,=0 if i <my. (19.22)
Therefore, if we define

k* = max {j: j <k, m; <max{n; —1,0}},

* = max {j: j <, nj <my},
then in (19.21) only the blocks Dj.,...,D;_; of D;, and Dy,...,D;_y of
D,, matter. Therefore, (19.20) becomes
Vp = Z] —k* ]gn,] Vk;n—lgn;ka
. (19.23)
Ynt1 = (Avn - E] =I* an,] Y'l;nfn;l) !
where
Onij i= D;“lvj*Ayn G=Fk...,k—1if n<mgy,
J=Fk,. .. k if n=mgs1), (19.24)

fag =D7'WrAv,  (G=1%..,01-1if n<ng1—1,
j=r, L if n=ngq — 1),

while g,.x and f,, are arbitrary if n < my4; or n < nyy; — 1, respectively.
This means that if we compute inner vectors, then these two coefficients can
be chosen as zero vectors, so that the corresponding terms in (19.23) can be
dropped. The recurrences (19.23)—(19.24) are due to Freund and Nachtigal
(1994); see also Freund and Nachtigal (1993). Of course, analogous formulae
exist for the left-hand side vectors. This look-ahead version of the BIOC
algorithm is more general than the one sketched in §10 of Gutknecht (1994a),
because the two sequences of well-conditioned indices, {n;} and {my} are
not assumed to be linked in a certain way.
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As mentioned above, typically either n; = my or n; = mg + 1, and then
we can draw further conclusions:

ny = my = k*=k-1,  gnk—1 =D 1V} _1A¥n,
l* = l Z o Jn = o 3
. (i.c, fn=0) (19.25)
n=mp+1 = k*=k (i.e., gn = 0),
r=1-1, fn'l——l = Dl—_ll lg’:”_lAvna

Here, we have already taken into account that, in view of (19.22), in these
situations only the last columns of Vk 1 and Yl-l, respectively, yield a

nonzero contribution to Vk 1Ay, and Yl 1Avy,. This gives rise to a sim-
plification analogous to the one that led from (19.12) to (19.13)—(19.14).
Letting

Vi, = Vel D), V4 = ViDL,

¥, = TDAN T (Vi) Ayn, ¥ = (U D)~ (Vi )" A%,
Yiop = Yl—lDl_—1117 Vi1 = Yl—lDf—lll’

¢ = D) N T Ave, @ = (D) (yim1) Ay,

(19.26)
we finally obtain the following simplified recurrences for the right-hand side
vectors: if n; = my, then

Vo = Yn — Vi_1¥s if mp <n<mper,
Vo = ¥n — Vk;n—lgn;k - V;g_ﬂ/};z if n=mg41,
Yn+1 = Avp/7n if g <n<ngr—1, (19.27)
Yni1 = (Avy, — Yi;nfn;l)/')’n if n=mnp41 -1,
while if n; = m + 1, then
Vo = ¥n if mg <n < mpy,
Vo = ¥n — Vin—19n;k if n=mgy,
Yn+1 = (Avp =¥ 100)/n if mp<n<ngg-1,
Ynt1 = (Avn - Yl;nfn;l - }'f_lsoil)/')’n if n=mn;4, -1
(19.28)

Again, analogous recurrences exist for the left-hand side vectors. The above
formulae appear in polynomial formulation based on a different derivation
in Hochbruck (1996). Again, the previous blocks are replaced by a single
vector, and, actually, only one of the Lanczos vectors or one of the direction
vectors is needed. Now, these two auxiliary vectors satisfy, respectively,
(19.15) and

K1 L AVL_1, AV L Kmeo1. (19.29)

If we also know that mygy; = nyy1 or mgy1 + 1 = myy1 holds at the end of
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the look-ahead step, then we can further capitalize upon this: only one of
the two recurrences for the regular step in (19.27) or (19.28), respectively,
is needed, but which of the two recurrences can be dropped depends on the
situation at the end of the step; see Hochbruck (1996).

19.3. Other look-ahead Lanczos algorithms

A simple, but also limited, look-ahead approach is the composite step BICG
algorithm of Bank and Chan (1993, 1994): it is the poor man’s look-ahead
Lanczos solver. It requires that no Lanczos breakdowns occur, which implies
that |[mg4+1 — mg| < 2, as one can show by arguments involving the moment
matrices or the block structure theorem of the Padé table; see, for instance,
Gutknecht (1990, Theorem 3.6). The algorithm is a variation of BIOMIN
in which such pivot breakdowns are cured by a special double step: an
undefined Galerkin iterate x,; is skipped, and x,2 and its residual are
then constructed according to

/ 1" / 1"
Xn+2 1= Xn + VaWy, + Zpt1Wy,, Tny2 i=Tp — AVypw, — AZp 1wy,

where z,.1 is an auxiliary vector that is itself a linear combination of r,
and Av,. As we know, there are other algorithms that are not susceptible
to pivot breakdowns, in particular, BIOQMR and inconsistent BIORES.
The composite step BICG algorithm has the merit that it uses the standard
two-term BIOMIN version of the BICG method as default.

The composite step approach has been extended to both BIOMINS (Chan
and Szeto 1994) and to LTPMs based on the coupled two-term Lanczos
recurrences (Chan and Szeto 1996). Incidentally, the idea can be traced
back to Luenberger (1979) and Fletcher (1976), who designed for symmetric
indefinite systems CG algorithms that, in case of a breakdown, make use of
such double steps by exploiting the concept of hyperbolic pairs.

We mentioned earlier that by choosing the inner vectors appropriately in
a look-ahead algorithm we can further improve its numerical stability. For
the algorithm of Parlett et al. (1985), which was also restricted to steps of
length at most two, Khelifi (1991) investigated this freedom and specified
an optimal choice.

Recurrences for formal orthogonal polynomials (FOPs) and the closely re-
lated Padé approximants, which are so-called convergents (‘partial sums’) of
certain continued fractions, can serve as the basis for look-ahead algorithms
restricted to exact breakdowns; see Gutknecht (1992) and (1994a), where
these algorithms are called nongeneric. The relevant continued fractions,
the so-called g¢-fractions, can be traced back at least to Chebyshev; see
Gutknecht and Gragg (1994) for some historical remarks. Brezinski, Redivo
Zaglia, and Sadok have taken up this approach in a series of papers. In the
first one, Brezinski et al. (1992b), they introduce the MRZ algorithm, which
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is basically the same as the nongeneric BIODIR algorithm of Gutknecht
(1994a). (One difference is that Brezinski et al. (1992b) suggest using
(A*)'yo as the left vectors, which does not work in finite precision arith-
metic due to the extremely bad condition of this basis.) In Brezinski and
Sadok (1991) the same recurrences are used to define a nongeneric version
of the BIODIRS; algorithm from Section 7 of Gutknecht (1990), and in Cao
(1997a) they are applied to the BICGSTAB family.

Brezinski et al. (1991) first suggest two methods (SMRZ and BMRZ) that
apply mixed recurrences, but can handle only exact pivot breakdowns, in
contrast to other nongeneric algorithms that can cure exact breakdowns
of both types, such as, for instance, nongeneric BIOMIN from (Gutknecht
1994a). The authors then turn to the treatment of near-breakdowns in
the BIODIR algorithm. Their GMRZ algorithm is based on polynomial
recurrences of the form

P (€)= & (O)Pm, (C) + d4 ()P, ()
ﬁmk.;_z(C) = CZ(Oﬁmk(C)+d;c/(<)ﬁmk_1(§),

for the direction polynomials, where it is assumed that p,, , and pm, as
well as P, , and Pm,_ ., are pairs of successive regular FOPs (with no ill-
conditioned, but in exact arithmetic regular FOPs between them). If, for
simplicity, we exclude the possibility of exact breakdowns, this means that
we require that

(19.30)

mp =mg_1+1 and mpya = mpp + 1. (1931)

In (19.30), ¢, d, ¢, and dj are polynomials of the appropriate degrees,
namely h), h;, — 1, hj + 1, and hj}, respectively, whose coefficients are de-
termined by enforcing the biconjugacy conditions. Translation into Krylov
space notation yields recurrences for the direction vectors. Note that even
when these are only applied to the right-hand side vectors, this costs 2k +1
matrix-vector multiplications with A (not including those that might be
needed for inner products), as opposed to the hy + 1 required by LABIC.
Of course, the left Krylov space needs to be generated too, and the authors
again suggest using {(A*)"vy} as basis.

Additional recurrences are needed to update the iterates and the residuals
of BIODIR. They are based on the following recursion for the residual
polynomials:

Pmyes1 (€) := ck(Q)Pmy, (€) + (L + Cer(C))Pm, (C), (19.32)

where ¢ and e have degrees hj, — 1 and hj — 2 at most. Since the residual
polynomials are normalized at ( = 0 and need not have full degree, one can
easily verify that they are regular (in a suitably adapted sense) for the same
indices my, as the direction polynomials. However, if p,,, is a multiple of
Pm, (and mg > 0), the above formula cannot be true since it would imply
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that pp, ., is also a multiple of p,,, while successive regular polynomials
are known to be relatively prime.

The authors indeed realized later that an extra condition has to be ob-
served; see Brezinski et al. (1993), a paper that gives an overview of the
methods proposed by this group. Incidentally, the missing condition is
equivalent to (Pm,,Pm,) being a column-regular pair. As mentioned, this
means that the two polynomials are not scalar multiples of each other; even
more, they are then automatically relatively prime. Likewise, the restric-
tion my = my_; + 1 of (19.31) means that p,,, , and p,,, are a regular
pair, which also implies that they are relatively prime; see Gutknecht and
Gragg (1994). Fortunately, column-regularity implies regularity. Hence, if
we do not consider the possibility of exact breakdowns, then the GMRZ
algorithm requires us to treat successive look-ahead blocks as a single large
one, until we find a pair (D, , Pm, ) of well-conditioned column-regular (i.e.,
column-well-conditioned) polynomials. This means more overhead and less
numerical stability than when blocks of minimum length can be used.

In Brezinski et al. (1991) (see also Brezinski, Redivo Zaglia and Sadok
(1992a)), a BSMRZ algorithm is introduced additionally. It is supposed to
cure near-breakdowns of BIOMIN and is based on (19.32) and an analogue
recurrence for generating P, ,,. Hence, it proceeds from the pair (ppm,, Dm, )
to the pair (pmy,,,Pmi,,), and thus these pairs are again required to be
column-regular. Consequently, in this algorithm too, the steps are in general
longer than in our LABIOC algorithm, discussed above, even if we only
allowed steps that start and end with a column-regular or row-regular pair
and thus always applied either (19.27) or (19.28). Moreover, the overhead
is again higher, since two matrix-vector products are needed to expand the
right Krylov space.

We emphasize that this approach, which was later also applied to the
BICGS method (Brezinski and Redivo Zaglia 1994) and LTPMs (Brezinski
and Redivo Zaglia 1995), differs considerably from ours, described in detail
above, not only because of the preference for BIODIR and BIOMIN, but
because of the different type of recurrence. The connection between the
two types has been clarified by Hochbruck (1996). The recursions (19.30)
with the restriction (19.31) represent a special case of those of Cabay and
Meleshko (1993); see also Gutknecht and Gragg (1994). To attain the gen-
erality of the Cabay—Meleshko recurrences we would have to replace pp, _,
and Ppm, ., by differently defined polynomials of maximum degree my_; and
M1, respectively.

As look-ahead strategy, Brezinski et al. suggest choosing the step size hj,
such that, for a suitably chosen £; > 0,

<e FO0<i<hl-—1,

Ser if i=h, 1. (19.33)

(™0, A ) {
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Note that this condition does not guarantee the nonsingularity of the block
Dy, that one would use in LABIC, and thus it cannot guarantee that v, ., is
regular, let alone well-conditioned. (As an example, consider the situation
where all the off-diagonal inner products in (19.33) are ¢; and those on
the diagonal are slightly larger.) The authors did not in fact prove that
the resulting linear system for the coeflicients is nonsingular, but suggest
prescribing in addition to (19.33) a threshold for the size of the pivots in the
Gaussian elimination; see Brezinski et al.(1992a, 1993).

Yet another proposal for curing Lanczos breakdowns has been made by
Ye (1994). However, it requires storing all the Lanczos vectors so that when
a breakdown occurs, ¥,+1 can be replaced by a ‘newstart vector’ that is
orthogonal to all previously computed right Lanczos vectors, as in (3.3b). A
corresponding linear solver with QMR smoothing is described in Tong and
Ye (1996).

20. Outlook

We hope to have convinced the reader that despite some obvious difficulties
(such as breakdowns and loss of biorthogonality due to round-off) the un-
symmetric Lanczos process is the basis of a series of very effective and reliable
algorithms. We do not expect that yet another new algorithm of this type
will markedly surpass all those that we know already, but nevertheless there
is still research to be done in this area: convergence is not yet well under-
stood, further investigations on how to improve the accuracy and stability
of these algorithms are worthwhile, and there is still a shortage of quality
software both for conventional and parallel computer architectures.

Acknowledgments

The author is first of all indebted to Klaus Ressel for carefully reading several
versions of this paper and for performing some of the recent research that
is described. The section on look-ahead profited crucially from hints and
comments provided by Marlis Hochbruck. Further important input came
from Bill Gragg, Anne Greenbaum, Beresford Parlett, Gerard Sleijpen and

Eric de Sturler. Finally, I have to thank Arieh Iserles for his patience and
flexibility.



LANCZOS-TYPE SOLVERS 389

REFERENCES

J.

1. Aliaga, V. Hernandez and D. L. Boley (1994), Using the block clustered nonsym-
metric Lanczos algorithm to solve control problems for MIMO linear systems,
in Proceedings of the Cornelius Lanczos International Centenary Conference
(J. D. Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons, eds), SIAM,
Philadelphia, pp. 387-389.

W. E. Arnoldi (1951), ‘The principle of minimized iterations in the solution of the

S.

Z.

R

R

matrix eigenvalue problem’, Quart. Appl. Math. 9, 17-29.

F. Ashby, T. A. Manteuffel and P. E. Saylor (1990), ‘A taxonomy for conjugate
gradient methods’, STAM J. Numer. Anal. 27, 1542-1568.

Bai (1994), ‘Error analysis of the Lanczos algorithm for the nonsymmetric eigen-
value problem’, Math. Comp. 62, 209-226.

. E. Bank and T. F. Chan (1993), ‘An analysis of the composite step biconjugate
gradient method’, Numer. Math. 66, 295-319.

.E.Bank and T. F. Chan (1994), ‘A composite step bi-conjugate gradient algorithm
for nonsymmetric linear systems’, Numerical Algorithms 7, 1-16.

. Barrett, M. Berry, T. F. Chan, J. Demmel, J. Donato, J. Dongarra, V. Eijkhout,
R. Pozo, C. Romine and H. van der Vorst (1994), Templates for the Solution of
Linear Systems: Building Blocks for Iterative Methods, SIAM, Philadelphia.

. Barth and T. Manteuffel (1994), Variable metric conjugate gradient methods,
in Advances in Numerical Methods for Large Sparse Sets of Linear Systems
(M. Natori and T. Nodera, eds), number 10 in ‘Parallel Processing for Sci-
entific Computing’, Keio University, Yokahama, Japan, pp. 165-188.

. Boley and G. H. Golub (1991), “The nonsymmetric Lanczos algorithm and con-
trollability’, Systems Control Lett. 16, 97-105.

. L. Boley (1994), Krylov space methods in linear control and model reduction:
A survey, in Proceedings of the Cornelius Lanczos International Centenary
Conference (J. D. Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons,
eds), SIAM, Philadelphia, PA, pp. 377-379.

. L. Boley, S. Elhay, G. H. Golub and M. H. Gutknecht (1991), ‘Nonsymmet-
ric Lanczos and finding orthogonal polynomials associated with indefinite
weights’, Numerical Algorithms 1, 21-43.

. Brezinski and M. Redivo Zaglia (1994), ‘Treatment of near-breakdown in the CGS
algorithms’, Numerical Algorithms 7, 33-73.

. Brezinski and M. Redivo Zaglia (1995), ‘Look-ahead in Bi-CGSTAB and other
product methods for linear systems’, BIT 35, 169-201.

. Brezinski and H. Sadok (1991), ‘Avoiding breakdown in the CGS algorithm’,
Numerical Algorithms 1, 199-206.

. Brezinski, M. Redivo Zaglia and H. Sadok (1991), ‘Avoiding breakdown and near-
breakdown in Lanczos type algorithms’, Numerical Algorithms 1, 261-284.

. Brezinski, M. Redivo Zaglia and H. Sadok (1992a), ‘Addendum to “Avoiding
breakdown and near-breakdown in Lanczos type algorithms”’, Numerical Al-
gorithms 2, 133-136.

. Brezinski, M. Redivo Zaglia and H. Sadok (1992b), ‘A breakdown-free Lanczos’

type algorithm for solving linear systems’, Numer. Math. 63, 29-38.



390 M. H. GUTKNECHT

C. Brezinski, M. Redivo Zaglia and H. Sadok (1993), Breakdowns in the implement-
ation of the Lanczos method for solving linear systems, Technical Report
ANO-320, Université Lille Flandres Artois.

P. N. Brown (1991), ‘A theoretical comparison of the Arnoldi and GMRES al-
gorithms’, SIAM J. Sci. Statist. Comput. 12, 58-78.

S. Cabay and R. Meleshko (1993), ‘A weakly stable algorithm for Padé approximants
and the inversion of Hankel matrices’, SIAM J. Matriz Anal. Appl. 14, 735-
765.

Z.-H. Cao (1997a), ‘Avoiding breakdown in variants of the BI-CGSTAB algorithm’,
Linear Algebra Appl. To appear.

Z.-H. Cao (1997b), ‘On the QMR approach for iterative methods including coupled
three-term recurrences for solving nonsymmetric linear systems’, Int. J. Num.
Math. Engin. To appear.

T. F. Chan and T. Szeto (1994), ‘A composite step conjugate gradient squared
algorithm for solving nonsymmetric linear systems’, Numerical Algorithms
7, 17-32.

T. F. Chan and T. Szeto (1996), ‘Composite step product methods for solving non-
symmetric linear systems’, SIAM J. Sci. Comput. 17, 1491-1508.

T. F. Chan, L. de Pillis and H. van der Vorst (1991), A transpose-free squared
Lanczos algorithm and application to solving nonsymmetric linear systems,
Technical Report CAM 91-17, Dept. of Mathematics, University of California,
Los Angeles.

T. F. Chan, E. Gallopoulos, V. Simoncini, T. Szeto and C. H. Tong (1994), ‘A
quasi-minimal residual variant of the Bi-CGSTAB algorithm for nonsymmet-
ric systems’, SIAM J. Sci. Comput. 15, 338-347.

A. T. Chronopoulos and S. Ma (1989), On squaring Krylov subspace iterative meth-
ods for nonsymmetric linear systems, Technical Report 89-67, Computer Sci-
ence Department, University of Minnesota.

J. Cullum (1995), ‘Peaks, plateaus, numerical instabilities in a Galerkin/minimal
residual pair of methods for solving Az = b, Appl. Numer. Math. 19, 255-
278.

J. Cullum and A. Greenbaum (1996), ‘Relations between Galerkin and norm-
minimizing iterative methods for solving linear systems’, SIAM J. Matriz
Anal. Appl. 17, 223-247.

J. K. Cullum (1994), Lanczos algorithms for large scale symmetric and nonsym-
metric matrix eigenvalue problems, in Proceedings of the Cornelius Lanczos
International Centenary Conference (J. D. Brown, M. T. Chu, D. C. Ellison
and R. J. Plemmons, eds), STAM, Philadelphia, PA, pp. 11-31.

J. K. Cullum and R. A. Willoughby (1985), Lanczos Algorithms for Large Symmetric
Eigenvalue Computations (2 Vols.), Birkhduser, Boston-Basel-Stuttgart.

D. Day (1997), ‘An efficient implementation of the non-symmetric Lanczos al-
gorithm’, STAM J. Matrixz Anal. Appl. To appear.

D. M. Day, III (1993), Semi-duality in the two-sided Lanczos algorithm, PhD thesis,
University of California at Berkeley.

V. Eijkhout (1994), LAPACK Working Note 78: Computational variants of the CGS
and BiCGstab methods, Technical Report UT-CS-94-241, Computer Science
Department, University of Tennessee.



LANCZOS-TYPE SOLVERS 391

S. C. Eisenstat, H. C. Elman and M. H. Schultz (1983), ‘Variational iterative meth-

D

. K.

ods for nonsymmetric systems of linear equations’, SIAM J. Numer. Anal.
20, 345-357.

Faddeev and V. N. Faddeeva (1964), Numerische Verfahren der linearen Al-
gebra, Oldenbourg, Miinchen. This is not the same book as Computational
Methods of Linear Algebra.

. V. Fernando and B. N. Parlett (1994), ‘Accurate singular values and differential

qd algorithms’, Numer. Math. 67, 191-229.

. Fletcher (1976), Conjugate gradient methods for indefinite systems, in Numerical

R.

. W.

W.

Analysis, Dundee, 1975 (G. A. Watson, ed.), Vol. 506 of Lecture Notes in
Mathematics, Springer, Berlin, pp. 73-89.

Fokkema (1996a), Enhanced implementation of BiCGstab(£) for solving lin-
ear systems of equations, Preprint 976, Department of Mathematics, Utrecht
University.

. Fokkema (1996b), Subspace Methods for Linear, Nonlinear, and Eigen Prob-

lems, PhD thesis, Utrecht University.

. Fokkema, G. L. G. Sleijpen and H. A. van der Vorst (1996), ‘Generalized

conjugate gradient squared’, J. Comput. Appl. Math. 71, 125-146.

. Freund (1992), ‘Conjugate gradient-type methods for linear systems with com-

plex symmetric coeflicient matrices’, SIAM J. Sci. Statist. Comput. 13, 425
448.

. Freund (1993), ‘A transpose-free quasi-minimal residual algorithm for non-

Hermitian linear systems’, SIAM J. Sci. Comput. 14, 470-482.

. Freund (1994), Lanczos-type algorithms for structured non-Hermitian eigen-

value problems, in Proceedings of the Cornelius Lanczos International Centen-
ary Conference (J. D. Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons,
eds), SIAM, Philadelphia, PA, pp. 243-245.

Freund and M. Malhotra (1997), ‘A block-QMR algorithm for non-Hermitian
linear systems with multiple right-hand sides’, Linear Algebra Appl. To ap-
pear.

Freund and N. M. Nachtigal (1991), ‘QMR: a quasi-minimal residual method
for non-Hermitian linear systems’, Numer. Math. 60, 315-339.

. W. Freund and N. M. Nachtigal (1993), Implementation details of the coupled

. W.

QMR algorithm, in Numerical Linear Algebra (L. Reichel, A. Ruttan and
R. S. Varga, eds), W. de Gruyter, pp. 123-140.

Freund and N. M. Nachtigal (1994), ‘An implementation of the QMR method
based on coupled two-term recurrences’, SIAM J. Sci. Comput. 15, 313-337.

. W. Freund and N. M. Nachtigal (1996), ‘QMRPACK: a package of QMR al-

. W.

W.

gorithms’, ACM Trans. Math. Software 22, 46-77.

Freund and T. Szeto (1991), A quasi-minimal residual squared algorithm for
non-Hermitian linear systems, Technical Report 91.26, RIACS, NASA Ames
Research Center, Moffett Field, CA.

Freund and H. Zha (1993), ‘A look-ahead algorithm for the solution of general
Hankel systems’, Numer. Math. 64, 295-321.

. Freund, M. H. Gutknecht and N. M. Nachtigal (1993), ‘An implementation of

the look-ahead Lanczos algorithm for non-Hermitian matrices’, SIAM J. Sci.
Comput. 14, 137-158.



392 M. H. GUTKNECHT

G. Golub and C. van Loan (1989), Matriz Computations, 2nd edn, Johns Hopkins
University Press, Baltimore, MD.

G. H. Golub and M. H. Gutknecht (1990), ‘Modified moments for indefinite weight
functions’, Numer. Math. 57, 607-624.

G. H. Golub and D. P. O’Leary (1989), ‘Some history of the conjugate gradient and
Lanczos algorithms: 1949-1976°, SIAM Rev. 31, 50-102.

G. Golub, B. Kagstrom and P. Van Dooren (1992), ‘Direct block tridiagonalization
of single-input single-output systems’, Systems Control Lett. 18, 109-120.

W. B. Gragg (1974), ‘Matrix interpretations and applications of the continued frac-
tion algorithm’, Rocky Mountain J. Math. 4, 213-225.

W. B. Gragg and A. Lindquist (1983), ‘On the partial realization problem’, Linear
Algebra Appl. 50, 277-319.

A. Greenbaum (1989), ‘Predicting the behavior of finite precision Lanczos and con-
jugate gradient computations’, Linear Algebra Appl. 113, 7-63.

A. Greenbaum (1994a), Accuracy of computed solutions from conjugate-gradient-like
methods, in Advances in Numerical Methods for Large Sparse Sets of Linear
Systems (M. Natori and T. Nodera, eds), number 10 in ‘Parallel Processing
for Scientific Computing’, Keio University, Yokahama, Japan, pp. 126-138.

A. Greenbaum (1994b), The Lanczos and conjugate gradient algorithms in finite
precision arithmetic, in Proceedings of the Cornelius Lanczos International
Centenary Conference (J. D. Brown, M. T. Chu, D. C. Ellison and R. I.
Plemmons, eds), SIAM, Philadelphia, PA, pp. 49-60.

A. Greenbaum (1997), ‘Estimating the attainable accuracy of recursively computed
residual methods’, SIAM J. Matriz Anal. Appl. To appear.

A. Greenbaum and Z. Strakos (1992), ‘Predicting the behavior of finite precision
Lanczos and conjugate gradient computations’, SIAM J. Matriz Anal. Appl.
13, 121-137.

M. H. Gutknecht (1989a), ‘Continued fractions associated with the Newton-Padé
table’, Numer. Math. 56, 547-589.

M. H. Gutknecht (1989b), ‘Stationary and almost stationary iterative (k,[)-step
methods for linear and nonlinear systems of equations’, Numer. Math.
56, 179-213.

M. H. Gutknecht (1990), ‘The unsymmetric Lanczos algorithms and their relations
to Padé approximation, continued fractions, and the qd algorithm’, in Prelim-
inary Proceedings of the Copper Mountain Conference on Iterative Methods,
April 1-5, 1990, http://www.scsc.ethz.ch/~mgh/pub/CopperMtn90.ps.Z
and CopperMtn90-7.ps.Z.

M. H. Gutknecht (1992), ‘A completed theory of the unsymmetric Lanczos process
and related algorithms, Part I’; SIAM J. Matriz Anal. Appl. 13, 594-639.

M. H. Gutknecht (1993a), ‘Changing the norm in conjugate gradient type al-
gorithms’, SIAM J. Numer. Anal. 30, 40-56.

M. H. Gutknecht (1993b), ‘Stable row recurrences in the Padé table and generic-
ally superfast lookahead solvers for non-Hermitian Toeplitz systems’, Linear
Algebra Appl. 188/189, 351-421.

M. H. Gutknecht (1993¢), ‘Variants of BiCGStab for matrices with complex spec-
trum’, SIAM J. Sci. Comput. 14, 1020-1033.



LANCZOS-TYPE SOLVERS 393

M. H. Gutknecht (1994a), ‘A completed theory of the unsymmetric Lanczos process
and related algorithms, Part II', SIAM J. Matriz Anal. Appl. 15, 15-58.

M. H. Gutknecht (19945), The Lanczos process and Padé approximation, in Pro-
ceedings of the Cornelius Lanczos International Centenary Conference (J. D.
Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons, eds), SIAM, Phil-
adelphia, PA, pp. 61-75.

M. H. Gutknecht (1994¢), ‘Local minimum residual smoothing’, Talk at Oberwolfach,
Germany.

M. H. Gutknecht and W. B. Gragg (1994), Stable look-ahead versions of the Eu-
clidean and Chebyshev algorithms, IPS Research Report 94-04, IPS, ETH
Ziirich.

M. H. Gutknecht and M. Hochbruck (1995), ‘Look-ahead Levinson and Schur al-
gorithms for non-Hermitian Toeplitz systems’, Numer. Math. 70, 181-227.

M. H. Gutknecht and K. J. Ressel (1996), Look-ahead procedures for Lanczos-type
product methods based on three-term recurrences, Tech. Report TR-96-19,
Swiss Center for Scientific Computing.

M. H. Gutknecht and K. J. Ressel (1997), Attempts to enhance the BiCGStab family,
Technical report, Swiss Center for Scientific Computing. In preparation.

M. Hanke (1997), ‘Superlinear convergence rates for the Lanczos method applied to
elliptic operators’, Numer. Math. To appear.

R. M. Hayes (1954), Iterative methods of solving linear problems on Hilbert space, in
Contributions to the Solution of Simultaneous Linear Equations and the De-
termination of FEigenvalues (O. Taussky, ed.), Vol. 49 of Applied Mathematics
Series, National Bureau of Standards, pp. 71-103.

P. Henrici (1974), Applied and Computational Compler Analysis, Vol. 1, Wiley, New
York.

M. R. Hestenes (1951), Iterative methods for solving linear equations, NAML Report
52-9, National Bureau of Standards, Los Angeles, CA. Reprinted in J. Optim.
Theory Appl. 11, 323-334 (1973).

M. R. Hestenes (1980), Congjugate Direction Methods in Optimization, Springer, Ber-
lin.

M. R. Hestenes and E. Stiefel (1952), ‘Methods of conjugate gradients for solving
linear systems’, J. Res. Nat. Bur. Standards 49, 409-435.

M. Hochbruck (1992}, Lanczos- und Krylov-Verfahren fiir nicht-Hermitesche lineare
Systeme, PhD thesis, Fakultét fiir Mathematik, Universitdt Karlsruhe.

M. Hochbruck (1996), ‘The Padé table and its relation to certain numerical al-
gorithms’, Habilitationsschrift, Universitat Tiibingen, Germany.

M. Hochbruck and C. Lubich (1997a), ‘Error analysis of Krylov methods in a nut-
shell’, SIAM J. Sci. Comput. To appear.

M. Hochbruck and C. Lubich (1997b), ‘On Krylov subspace approximations to the
matrix exponential operator’, SIAM J. Numer. Anal. To appear.

R. A. Horn and C. R. Johnson (1985), Matriz Analysis, Cambridge University Press.

A. S. Householder (1964), The Theory of Matrices in Numerical Analysis, Dover,
New York.

K. C. Jea and D. M. Young (1983), ‘On the simplification of generalized conjugate-
gradient methods for nonsymmetrizable linear systems’, Linear Algebra Appl.
52, 399-417.



394 M. H. GUTKNECHT

W. D. Joubert (1990), Generalized conjugate gradient and Lanczos methods for the
solution of nonsymmetric systems of linear equations, PhD thesis, Center for
Numerical Analysis, University of Texas at Austin. Tech. Rep. CNA-238.

W. D. Joubert (1992), ‘Lanczos methods for the solution of nonsymmetric systems
of linear equations’, SIAM J. Matriz Anal. Appl. 13, 926-943.

S. Kaniel (1966), ‘Estimates for some computational techniques in linear algebra’,
Math. Comp. 20, 369-378.

M. Khelifi (1991), ‘Lanczos maximal algorithm for unsymmetric eigenvalue prob-
lems’, Appl. Numer. Math. 7, 179-193.

K. Kreuzer, H. Miller and W. Berger (1981), ‘The Lanczos algorithm for self-adjoint
operators’, Physics Letters 81 A, 429-432.

E. Kreyszig (1978), Introductory Functional Analysis with Applications, Wiley.

C. Lanczos (1950), ‘An iteration method for the solution of the eigenvalue prob-
lem of linear differential and integral operators’, J. Res. Nat. Bur. Standards
45, 255-281.

C. Lanczos (1952), ‘Solution of systems of linear equations by minimized iterations’,
J. Res. Nat. Bur. Standards 49, 33-53.

D. G. Luenberger (1979), ‘Hyperbolic pairs in the method of conjugate gradients’,
SIAM J. Appl. Math. 17, 1263-1267.

T. A. Manteuffel (1977), ‘The Tchebyshev iteration for nonsymmetric linear systems’,
Numer. Math. 28, 307-327.

J. A. Meijerink and H. A. van der Vorst (1977), ‘An iterative solution method for
linear equations systems of which the coefficient matrix is a symmetric M-
matrix’, Math. Comp. 31, 148-162.

J. A. Meijerink and H. A. van der Vorst (1981), ‘Guidelines for the usage of in-
complete decompositions in solving sets of linear equations as they occur in
practical problems’; J. Comput. Phys. 44, 134-155.

W. Murray, ed. (1972), Numerical Methods for Unconstrained Optimization, Aca-
demic, London.

N. M. Nachtigal (1991), A look-ahead variant of the Lanczos algorithm and its
application to the quasi-minimal residual method for non-Hermitian linear
systems, PhD thesis, Department of Mathematics, MIT.

A. Neumaier (1994), ‘Iterative regularization for large-scale ill-conditioned linear
systems’, Talk at Oberwolfach.

O. Nevanlinna (1993), Convergence of Iterations for Linear Equations, Birkhauser,
Basel.

C. C. Paige (1971}, The computations of eigenvalues and eigenvectors of very large
sparse matrices, PhD thesis, University of London.

C. C. Paige (1976), ‘Error analysis of the Lanczos algorithms for tridiagonalizing a
symmetric matrix’, J. Inst. Math. Appl. 18, 341-349.

C. C. Paige (1980), ‘Accuracy and effectiveness of the Lanczos algorithm for the
symmetric eigenproblem’, Linear Algebra Appl. 34, 235-258.

C. C. Paige and M. A. Saunders (1975), ‘Solution of sparse indefinite systems of
linear equations’, SIAM J. Numer. Anal. 12, 617-629.

B. N. Parlett (1980), The Symmetric Figenvalue Problem, Prentice-Hall, Englewood
Cliffs, NJ.



LANCZOS-TYPE SOLVERS 395

B. N. Parlett (1992), ‘Reduction to tridiagonal form and minimal realizations’, SIAM
J. Matriz Anal. Appl. 13, 567-593.

B. N. Parlett (1994), Do we fully understand the symmetric Lanczos algorithm yet?,
in Proceedings of the Cornelius Lanczos International Centenary Conference
(J. D. Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons, eds), SIAM,
Philadelphia, PA, pp. 93-107.

B. N. Parlett (1995), ‘The new qd algorithms’, in Acta Numerica, Vol. 4, Cambridge
University Press, pp. 459-491.

B. N. Parlett and B. Nour-Omid (1989), ‘Towards a black box Lanczos program’,
Computer Physics Comm. 53, 169-179.

B. N. Parlett and J. K. Reid (1981), ‘Tracking the progress of the Lanczos algorithm
for large symmetric matrices’, IMA J. Numer. Anal. 1, 135-155.

B. N. Parlett and D. S. Scott (1979), ‘The Lanczos algorithm with selective reortho-
gonalization’, Math. Comp. 33, 217-238.

B. N. Parlett, D. R. Taylor and Z. A. Liu (1985), ‘A look-ahead Lanczos algorithm
for unsymmetric matrices’, Math. Comp. 44, 105-124.

K. J. Ressel and M. H. Gutknecht (1996), QMR-smoothing for Lanczos-type product
methods based on three-term recurrences, Tech. Report TR-96-18, Swiss Cen-
ter for Scientific Computing.

W. Rudin (1973), Functional Analysis, McGraw-Hill, New York.

A. Ruhe (1979), ‘Implementation aspects of band Lanczos algorithms for computa-

tion of eigenvalues of large sparse symmetric matrices’, Math. Comp. 33, 680—
687.

. Rutishauser (1953), ‘Beitrage zur Kenntnis des Biorthogonalisierungs-Algorith-
mus von Lanczos’, Z. Angew. Math. Phys. 4, 35-56.

. Rutishauser (1957), Der Quotienten-Differenzen-Algorithmus, Mitt. Inst. angew.
Math. ETH, Nr. 7, Birkhauser, Basel.

. Rutishauser (1990), Lectures on Numerical Mathematics, Birkhduser, Boston.

. Saad (1980), ‘Variations on Arnoldi’s method for computing eigenelements of
large unsymmetric systems’, Linear Algebra Appl. 34, 269-295.

. Saad (1981), ‘Krylov subspace methods for solving large unsymmetric systems’,
Math. Comp. 37, 105-126.

. Saad (1982), ‘The Lanczos biorthogonalization algorithm and other oblique pro-
jection methods for solving large unsymmetric systems’, SIAM J. Numer.
Anal. 2, 485-506.

Y. Saad (1994), Theoretical error bounds and general analysis of a few Lanczos-type
algorithms, in Proceedings of the Cornelius Lanczos International Centenary
Conference (J. D. Brown, M. T. Chu, D. C. Ellison and R. J. Plemmons, eds),
SIAM, Philadelphia, PA, pp. 123-134.

Y. Saad (1996), Iterative Methods for Sparse Linear Systems, PWS Publishing, Bo-
ston.

Y. Saad and M. H. Schultz (1986), ‘GMRES: a generalized minimal residual al-
gorithm for solving nonsymmetric linear systems’, SIAM J. Sci. Statist. Com-
put. 7, 856-869.

W. Schénauer (1987), Scientific Computing on Vector Computers, Elsevier, Amster-
dam.

=

< =< =<m oo



396 M. H. GUTKNECHT

H. D. Simon (1984a), ‘Analysis of the symmetric Lanczos algorithm with reortho-
gonalization methods’, Linear Algebra Appl. 61, 101-131.
H. D. Simon (1984b), ‘The Lanczos algorithm with partial reorthogonalization’,
Math. Comp. 42, 115-142.
G. L. G. Sleijpen and D. R. Fokkema (1993), ‘BiCGstab(l) for linear equations
involving unsymmetric matrices with complex spectrum’, Flectronic Trans.
Numer. Anal. 1, 11-32.
G. L. G. Sleijpen and H. A. van der Vorst (19954), ‘Maintaining convergence proper-
ties of bicgstab methods in finite precision arithmetic’, Numerical Algorithms
10, 203-223.
G. L. G. Sleijpen and H. A. van der Vorst (1995b), ‘An overview of approaches
for the stable computation of hybrid BiCG methods’, Appl. Numer. Math.
19, 235-254.
G. L. G. Sleijpen and H. A. van der Vorst (1996), ‘Reliable updated residuals in
hybrid Bi-CG methods’, Computing 56, 141-163.
G. L. G. Sleijpen, H. A. van der Vorst and D. R. Fokkema (1994), ‘BiCGstab(l) and
other hybrid Bi-CG methods’, Numerical Algorithms 7, 75-109.
P. Sonneveld (1989), ‘CGS, a fast Lanczos-type solver for nonsymmetric linear sys-
tems’, SIAM J. Sci. Statist. Comput. 10, 36-52.
G. W. Stewart (1994), Lanczos and linear systems, in Proceedings of the Cornelius
Lanczos International Centenary Conference (J. D. Brown, M. T. Chu, D. C.
Ellison and R. J. Plemmons, eds), SIAM, Philadelphia, PA, pp. 135-139.
T. J. Stieltjes (1884), ‘Quelques recherches sur la théorie des quadratures dites
mécaniques’, Ann. Sci. Ecole Norm. Paris Sér. 8 1, 409-426. [Oeuvres, vol.
1, pp. 377-396].

. Strakos (1991), ‘On the real convergence rate of the conjugate gradient method’,
Linear Algebra Appl. 154—156, 535-549.

. R. Taylor (1982), Analysis of the Look Ahead Lanczos Algorithm, PhD thesis,
Dept. of Mathematics, University of California, Berkeley.

. H. Tong (1994), ‘A family of quasi-minimal residual methods for nonsymmetric
linear systems’, SIAM J. Sci. Comput. 15, 89-105.

. H. Tong and Q. Ye (1995), ‘Analysis of the finite precision bi-conjugate gradient

algorithm for nonsymmetric linear systems’. Preprint.

. H. Tong and Q. Ye (1996), ‘A linear system solver based on a modified Krylov

subspace method for breakdown recovery’, Numerical Algorithms 12, 233-251.

. van der Stuis (1992), The convergence behaviour of conjugate gradients and

Ritz values in various circumstances, in Iterative Methods in Linear Algebra
(R. Beauwens and P. de Groen, eds), Elsevier (North-Holland), Proceedings
IMACS Symposium, Brussels, 1991, pp. 49-66.

A. van der Sluis and H. A. van der Vorst (1986), ‘The rate of convergence of conjugate
gradients’, Numer. Math. 48, 543-560.

A. van der Sluis and H. A. van der Vorst (1987), ‘The convergence behavior of Ritz
values in the presence of close eigenvalues’, Linear Algebra Appl. 88/89, 651
694.

H. A. van der Vorst (1992), ‘Bi-CGSTAB: a fast and smoothly converging variant of
Bi-CG for the solution of nonsymmetric linear systems’, SIAM J. Sci. Statist.
Comput. 13, 631-644.

N

- O o a U



LANCZOS-TYPE SOLVERS 397

H. A. van der Vorst and C. Vuik (1993), ‘The superlinear convergence behaviour of
GMRES’, J. Comput. Appl. Math. 48, 327-341.

H. F. Walker (1988), ‘Implementation of the GMRES method using Householder
transformations’, SIAM J. Sci. Statist. Comput. 9, 152-16%

H. F. Walker (1995), ‘Residual smoothing and peak/plateau behavior in Krylov
subspace methods’, Appl. Numer. Math. 19, 279-286.

R. Weiss (1990), Convergence behavior of generalized conjugate gradient methods,
PhD thesis, University of Karlsruhe.

R. Weiss (1994), ‘Properties of generalized conjugate gradient methods’, J. Numer.
Linear Algebra Appl. 1, 45-63.

J. H. Wilkinson (1965), The Algebraic Figenvalue Problem, Clarendon Press, Oxford.

Q. Ye (1991), ‘A convergence analysis for nonsymmetric Lanczos algorithms’, Math.
Comp. 56, 677-691.

Q. Ye (1994), ‘A breakdown-free variation of the nonsymmetric Lanczos algorithms’,
Math. Comp. 62, 179-207.

S.-L. Zhang (1997), ‘GPBI-CG: generalized product-type methods based on Bi-CG
for solving nonsymmetric linear systems’, SIAM J. Sci. Comput. 18, 537-551.

L. Zhou and H. F. Walker (1994), ‘Residual smoothing techniques for iterative meth-
ods’, SIAM J. Sci. Comput. 15, 297-312.



Acta Numerica (1997), pp. 399-436 © Cambridge University Press, 1997

Numerical solution of multivariate
polynomial systems by homotopy
continuation methods

T. Y. Li*
Department of Mathematics
Michigan State University
East Lansing, MI 48824-1027
USA
E-mail: li@math.msu.edu

CONTENTS

1 Introduction 399
2 Methods for Problem A 402
3 Methods for Problem B 411
4 Polyhedral homotopy 414
5 Numerical considerations 427
References 433

1. Introduction

Let P(z) = 0 be a system of n polynomial equations in n unknowns. De-

noting P = (py,...,pn), we want to find all isolated solutions of
pi(x1,...,2n) = 0,
: (1.1)
pn(z1,...,2n) = 0
for £ = (z3,...,25). This problem is very common in many fields of sci-

ence and engineering, such as formula construction, geometric intersection
problems, inverse kinematics, power flow problems with PQ-specified bases,
computation of equilibrium states, etc. Elimination theory-based methods,
most notably the Buchberger algorithm (Buchberger 1985) for constructing
Grobner bases, are the classical approach to solving (1.1), but their reliance
on symbolic manipulation makes those methods seem somewhat unsuitable
for all but small problems.

* This research was supported in part by the NSF under Grant DMS-9504953 and a
Guggenheim Fellowship.
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In 1977, Garcia and Zangwill (1979) and Drexler (1977) independently
presented theorems suggesting that homotopy continuation could be used
to find numerically the full set of isolated solutions of (1.1). During the
last two decades, this method has been developed into a reliable and effi-
cient numerical algorithm for approximating all isolated zeros of polynomial
systems. Modern scientific computing is marked by the advent of vector
and parallel computers and the search for algorithms that are to a large
extent naturally parallel. A great advantage of the homotopy continuation
algorithm for solving polynomial systems is that it is to a large degree paral-
lel, in the sense that each isolated zero can be computed independently. This
natural parallelism makes the method an excellent candidate for a variety
of architectures. In this respect, it stands in contrast to the highly serial
Grobner bases method.

The homotopy continuation method for solving (1.1) is to define a trivial
system Q(z) = (q1(x),...,qn(x)) = 0 and then follow the curves in the real
variable ¢ which make up the solution set of

0= H(z,t) = (1 — )Q(z) + tP(x). (1.2)

More precisely, if Q(x) = 0 is chosen correctly, the following three properties
hold:

Property 0 (Triviality). The solutions of Q(z) = 0 are known.

Property 1 (Smoothness). The solution set of H(z,t) = 0for 0 <t <1
consists of a finite number of smooth paths, each parametrized by ¢ in
[0,1).

Property 2 (Accessibility). Every isolated solution of H(z,1) = P(z) =0
can be reached by some path originating at ¢ = 0. It follows that this
path starts at a solution of H(z,0) = Q(z) =0.

When the three properties hold, the solution paths can be followed from the
initial points (known because of Property 0) at ¢ = 0 to all solutions of the
original problem P(z) = 0 at t = 1 using standard numerical techniques;
see Allgower and Georg (1990, 1993).

Several authors have suggested choices of ) that satisfy the three prop-
erties: ¢f. Chow, Mallet-Paret and Yorke (1979), Li (1983), Morgan (1986),
Wright (1985) and Zulener (1988) for a partial list. A typical suggestion is

a(x) = azft — by,
(1.3)
() = apzi — by,
where dy, ..., d, are the degrees of p1(z),...,pn(x) respectively, and a;, b;

are random complex numbers (and therefore nonzero, with probability one).
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So in one sense, the original problem posed is solved. All solutions of P(z) =
0 are found at the end of the d; - - - d,, paths that make up the solution set
of H(z,t) =0,0<t < 1.

In this article, we report on some recent developments that make this
method more convenient to apply.

The reason the problem is not satisfactorily solved by the above consid-
erations is the existence of extraneous paths. Although the above method
produces d = d; - - - d,, paths, the system P(z) = 0 may have fewer than d
solutions. We call such a system deficient. In this case, some of the paths
produced by the above method will be extraneous paths.

More precisely, even though Properties 0-2 imply that each solution of
P(z) = 0 will lie at the end of a solution path, it is also consistent with these
properties that some of the paths may diverge to infinity as the parameter
t approaches 1 (the smoothness property rules this out for ¢ — ¢3 < 1). In
other words, it is quite possible for Q(z) = 0 to have more solutions than
P(z) = 0. In this case, some of the paths leading from roots of Q(z) = 0
are extraneous, and diverge to infinity when ¢ — 1 (see Figure 1).

Solutions to
start system

Q(x)=0

Solutions to
P(x)=0

] infinity

t=0 =1
Fig. 1.

Empirically, we find that most systems arising in applications are deficient.
A great majority of the systems have fewer than, and in some cases only a
small fraction of, the ‘expected number’ of solutions. For a typical example
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of this sort, let us look at the following Cassou-Nogues system

p1 = 15b%cd? + 6b%c® + 21b*c?d — 144b%c — 8b%c%e
—28b%cde — 648b%d + 36b2d%e + 9b4d® — 120,

pa = 30b%c3d — 32cde? — 720b%cd — 24b%c3e — 432b%c? + 576ce
—576de + 16b%cd?e + 16d2e2 + 16c%e? + 9b*ct + 39b4c2d?
+18b%cd® — 4320%d? + 24b%d3e — 16b%c?de — 240c + 5184, (1.4)

p3 = 216b%cd — 162b%2d% — 81b%c? + 1008ce — 1008de + 15b%c2de
—15b%c3¢e — 80cde? + 40d2e? + 40c%e? + 5184,

ps = 4b%cd — 3b%d? — 4b%c? + 22ce — 22de + 261.

Since dy = 7,dy = 8,d3 = 6 and dy = 4 for this system, the system Q(x)
in (1.3) will produce d; x dg x d3 X dg = 7 x 8 x 6 x 4 = 1344 paths for the
homotopy in (1.2). However, the system (1.4) has only 16 isolated zeros.
Consequently, most of the paths are extraneous. Sending out 1344 paths in
search of 16 solutions is a highly wasteful computation.

The choice of Q(z) in (1.3) to solve the system P(z) = 0 requires an
amount of computational effort proportional to d; - - - d, and, roughly, pro-
portional to the size of the system. We would like to derive methods for
solving deficient systems for which the computational effort is instead pro-
portional to the actual number of solutions.

To organize our discussion, we will at times use a notation that makes the
coefficients and variables in P(z) = 0 explicit. Thus, when the dependence
on coefficients is important, we will consider the system P(c,z) = 0 of n
polynomial equations in n unknowns, where ¢ = (cy, ..., car) are coefficients
and z = (x1,...,z,) are unknowns. Two different problems can be posed:

Problem A Solve the system of equations P(z) = 0.
Problem B For each of several different choices of coeflicients ¢, solve the
system of equations P(c,z) = 0.

We divide our discussion on dealing with and eliminating extraneous paths
for Problem A in Section 2, and for Problem B in Section 3. In Section 4, an
algorithm is presented which, in some sense, uses the method for Problem
B to treat Problem A. Some numerical considerations, the use of projective
coordinates and real homotopies, are given in Section 5.

2. Methods for Problem A

Progress on Problem A has been the least satisfactory among the areas
we discuss. For deficient systems, there are some partial results that use
algebraic geometry to reduce the number of extraneous paths, with various
degrees of success.
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2.1. Random product homotopy
For a specific example that is quite simple, consider the system
pi(z) = =xi(a11T1+ -+ a1nTa) + bu1xr + -+ + b1nTn + 1 = 0,

' (2.1)
pn(z) = z1(@niz1+ -+ @nnTn) + bp1T1 + - + bppTn +cn = 0.

This system has total degreed = d; - - - d,, = 2™. Thus the ‘expected number’
of solutions is 2", and the classical homotopy continuation method using the
start system Q(z) = 0 in (1.3) sends out 2™ paths from 2" trivial starting
points. However, the system P(z) = 0 has only n+1 isolated solutions (even
fewer for special choices of coefficients). This is a deficient system; at least
2" —n — 1 paths will be extraneous. It is never known from the start which
of the paths will end up being extraneous, so they must all be followed to
the end: wasteful computation.

The random product homotopy was developed in Li, Sauer and Yorke
(1987a, 1987b) to alleviate this problem. According to that technique, a
more efficient choice for the trivial system Q(z) =0 is

q(z) = (z1+en)(zr+z2+ - +zn+e€12),
g2(z) = (z1+ e2)(x2+ ean),
qn(.’lf) = (fEl + enl)(xn + en2)- (22)

Set
H(x,t) = (1 —t)eQ(x) + tP(x).

It is clear by inspection that for a generic choice of the complex numbers
eij, Q(z) = 0 has exactly n + 1 roots. Thus there are only n + 1 paths
starting from n + 1 starting points for this choice of homotopy. It is proved
in Li, Sauer and Yorke (1987b) that Properties 0-2 hold for this choice of
H(z,t) for almost all complex numbers e;; and c¢. Thus all solutions of
P(z) = 0 are found at the end of the n + 1 paths. The result of Li et al.
(1987b) is then both a mathematical result (that there can be at most n+1
solutions to (2.1)) and the basis of a numerical procedure for approximating
the solutions.

The reason this works is quite simple. The solution paths of (1.2) which
do not proceed to a solution of P(z) = 0 in C™ diverge to infinity. If the
system (1.2) is viewed in projective space

P" = Cn+1\{(0’ s ’O)}/ ~

where the equivalent relation ‘~’ is given by x ~ y if x = cy for some nonzero
¢ € C, the diverging paths simply proceed to a ‘point at infinity’ in P™.
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For a polynomial f(z1,...,x,) of degree d, denote the associated homo-
geneous polynomial by
= I X
f(@o,x1,...,zn) = 2df(=,...,=2).

o “’J,‘O

The solutions of f(z) = 0 at infinity are those zeros of f in P" with 2o = 0,
and the remaining zeros of f with zo # 0 are the solutions of f(z) = 0 in
C™ when zg is set to be 1.

Viewed in projective space P the system P(z) = 0 in (2.1) has some roots
at infinity. The roots at infinity make up a nonsingular variety, specifically
the linear space P*2 defined by zg = z; = 0. A Chern class formula from
intersection theory (Fulton 1984, 9.1.1, 9.1.2) shows that the contribution of
a linear variety of solutions of dimension e to the ‘total degree’ (dy x - - - xdp),
or the total expected number of solutions, of the system is at least s, where
s is the coefficient of t® in the Maclaurin series expansion of

(1+t)°™ ﬁ(l + dit).

=1

In our case, di = ---=d, = 2, and e = n — 2, hence,
(L+2¢t)" Xl + 8" <7Z) - n—i—2,i (1
A+62 (1+1¢)? :§(1+t) t(z)
and s = Z-";OQ (?), meaning there are at least ?:_02 (TZ) solutions of

P(z) = 0 at infinity. Thus there are at most

n—2

M —s=(14+1)"- (@)zn%—l
e+ -3 (]
solutions of P(z) = 0 in C"®. The system Q(z) = 0 is chosen to have the
same nonsingular variety at infinity, and this variety stays at infinity as the
homotopy progresses from ¢t = 0 to t = 1. As a result, the infinity solutions
stay infinite, the finite solution paths stay finite, and no extraneous paths
exist.

This turns out to be a fairly typical situation. Even though the system
P(z) = 0 to be solved has isolated solutions, when viewed in projective
space there may be large number of roots at infinity, and quite often high-
dimensional manifolds of roots at infinity. Extraneous paths are those that
are drawn to the manifolds lying at infinity. If Q(z) = 0 can be chosen
correctly, extraneous paths can be eliminated.

As another example, consider the algebraic eigenvalue problem

Az = Az,
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where
ain -t Qain
A=

an1 "' Qnn

is an n x n matrix. This problem is actually one of n polynomial equations
in the n + 1 variables A, zy,...,zn:

Azy — (anz1 + -+ ainxn) =0,

Aa:n - (anlxl + tee _+_ a/nrnl'n) = 0.
Augmenting the system with a linear equation
azy+ -+ e + ey =0,

where cy,...,¢,41 are chosen at random, we have a polynomial system of
n+1 equations in n+ 1 variables. This system has total degree 2". However,
it can have at most n isolated solutions. So, the system is deficient. But the
system Q(z) in random product form:

a1 = (A+en)(z +e12),
g2 = (A+e21)(z2 + e22),
dn = (/\ + enl)(mn + en?)a
Qny1 = €11+ -+ CpZp + Cntl

has n isolated zeros for randomly chosen e;js. This Q(x) will produce n
curves for the homotopy in (1.3) that proceed to all solutions of the ei-
genvalue problem. Implicit in this is the fact that the algebraic eigenvalue
problem has at most n solutions. Moreover, the generic eigenvalue problem
has exactly n solutions.

To be more precise, we state the main random product homotopy result,
Theorem 2.2 of Li et al. (1987b). Let Voo (Q) and Vo (P) denote the variety
of roots at infinity of Q(x) = 0 and P(z) = 0 respectively.

Theorem 2.1 If V(Q) is nonsingular and contained in V,(P), then
Properties 1 and 2 hold.

Of course, Properties 1 and 2 are not enough. Without starting points, the
path-following method cannot begin. Thus @(z) =0 should also be chosen
to be of random product form, as in (2.2), these being trivial to solve.

This result was superseded by the result in Li and Sauer (1989). The
complex numbers e;; are chosen at random in Li et al. (1987b) to ensure
Properties 1 and 2. In Li and Sauer (1989), it was proved that e;; can be
any fixed numbers; as long as the complex number c¢ is chosen at random,
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Properties 1 and 2 still hold. In fact, the result in Li and Sauer (1989) implies
that the start system Q(z) = 0 in Theorem 2.1 need not be in product form.
It can be any chosen polynomial system as long as its zeros in C™ are known
or easy to obtain and its variety of roots at infinity Vo(Q) is nonsingular
and contained in Voo (P).

Theorem 2.1 in Li and Wang (1991) goes one step further. Even when
the set Vo (Q) of roots at infinity of Q(z) = 0 has singularities, if the set is
contained in Vi (P) counting multiplicities, that is, containment in the sense
of scheme theory of algebraic geometry, then Properties 1 and 2 still hold.
To be more precise, let I =< ¢1,...,¢, > and J =< pi,...,Pn > be the
homogeneous ideals spanned by homogenizations of ¢;s and p;s respectively.
For a point p at infinity, if the local rings I, and J, satisfy

I, C Jp,

then Properties 1 and 2 hold. However, this hypothesis can be much more
difficult to verify than the singularity of the set. This limits the usefulness
of this approach for practical examples.

2.2. m-homogeneous structure

In Morgan and Sommese (1987b), another interesting approach to Problem
A is developed, using the concept of m-homogeneous structure.

The complex n-space C™ can be naturally embedded in P". Similarly, the
space CF1 x ... x C*m can be naturally embedded in P*! x ... x Pk=. A

point (y1,...,ym) in CF x ... x Ckn with y; = (yii),...,y,(c?), 1=1,...,m,
corresponds to a point (zy, ..., zy) in PP x . .. x PP with z; = (z(()i), ceeh z,(c?)
and z(()i) =1,i=1,...,m. The set of such points in P¥1 x . . . x P¥m is usually

called the affine space in this setting. The points in P*! x ... x P*= with at
least one z((f) = 0 are called the points at infinity.
Let f be a polynomial in the n variables zi,...,z,. If we partition the

variables into m groups y; = (:vgl), e ,xfcll)),yg = (11:52), . .,ccgz)), ey Ym =

(@™, ...,a{™) with ky + - -- + km = 1 and let d; be the degree of f with
respect to y; (more precisely, to the variables in y;), then we can define its
m-homogenization as

Fay o yzm) = (2§ x o (™) f (1 /26 ym /2™

This polynomial is homogeneous with respect to each z; = (z(()i), e, z,(c?),
t=1,...,m. Here z](-i) = xg.i), for j # 0. Such a polynomial is said to be
m-homogeneous, and (di,...,dnr) is the m-homogeneous degree of f. To
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illustrate this definition, let us consider the polynomial p;(x) in (2.1):

pi(z) = zi(anz1+ -+ ainTn) +biaT1 + - + binTn + ¢
= aill'% + z1(aigz2 + - - - + QinTn + bi1) + bigx2 + - - - + binZy + ¢j.

It is sufficient to set y1 = (z1),y2 = (z2,...,2Zn) and 21 = (:vgl),:vl), Zo =
2)
( (

Ty ,Z2,...,Zn). The degree of p;(z) is two with respect to y; and is one
with respect to yo. Hence, its 2-homogenization is

pi(z1,22) = ailfl;%x(()z) + $1ﬂ?(()1)(aiz$2 + o+ apTn + bnmgf))

+ (x(()l))z(bﬂ@ + o+ by + Ci$62))~

which is homogeneous with respect to both z; and z3. When the system
(2.1) is viewed in P* = {(zo, 21, ..., Zn)} with the homogenization

D1(zo, Z1,...,%n) = z1(@11Z1 + - + A1nTy)
+(b11xy + -+ + binzn)xo + 122 = 0,

15n(5170,371, s ,LL‘n) = xl(anlxl + -4+ annxn)
+(bn1$1 +---+ bnnxn)xo + Cnm(z) =0,
its total degree, or Bézout number, is d = dy - --d, = 2". However, when

(2.1) is viewed in P! x P*~1 = {(21, 20) = ((wgl),xl), (.T(()2),.’122, .., Zn))} with
the 2-homogenization

N 2 1 2
p1(z1,22) = auxfxé ) 4+ 371513(() )(a12x2 + -+ @i + bnl'(() ))

+(x(()1))2(b12$2 + oo+ b1z, + 0111:(()2)),
(2.3)
Dn(z1,22) = anlw%x(()z) +z1z

+(z(()l))2(bn2x2 4ot by + an(()2)),

0 )

an2T2 + - - + pnTn + bp1xy

the Bézout number d is different, and equals the coefficient of ajaj™! in

the product (2a; + a2)™. Thus, d = 2n. In general, for an m-homogeneous
system

ﬁl(zl,...,zm) = 0,
ﬁn(zl’ L 7Zm) = 0, (24)
in P¥1 x ... x P*~ with p; having m-homogeneous degree (dgi) ey S,il)),

it =1,...,n, with respect to (21,...,2m), then the m-homogeneous Bézout
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number d of the system with respect to (z1,...,2m,) is the coeflicient of
a'fl X - -+ x afm in the product

(dgl)oq too 4 dBo)([dPay 4+ dPay) - - dMay + -+ dPap,)

(Shafarevich 1977). The classical Bézout Theorem says the system (2.4) has
no more than d isolated solutions, counting multiplicities, in P! x - .. x Pkm,
Applying this to our example in (2.3), the upper bound on the number of
isolated solutions of (2.3), in affine space and at infinity, is 2n. When solving
the original system in (2.1), we may choose the start system Q(z) = 0 in
the homotopy

H(z,t) = (1 —t)cQ(x) + tP(x)

in random product form to respect the 2-homogeneous structure of P(x).
For instance, we may choose Q(z) = 0 to be

a(z) = (z1+ewn)(z1+ew)(z2+- + 2z, +e13),

g@2(z) = (o1 +e21)(z1 + ea2)(x2 + e23),

(x) = (21 + en1)(T1 + en2)(@n + €n3), (2.5)
which has the same 2-homogeneous structure as P(x) with y1 = (z1) and
y2 = (x3,...,%,). Namely, each ¢;(x) has degree two with respect to y; and

degree one with respect to y2. It is easy to see that for randomly chosen
complex numbers e;;, @(z) = 0 has 2n solutions in C*(= C! x C*71) (thus,
no solutions at infinity when viewed in P! x P"~1). Hence there are 2n paths
starting from 2n starting points for this choice of homotopy. It is shown in
Morgan and Sommese (1987b) that Properties 1 and 2 hold for all complex
numbers ¢, except those lying on a finite number of rays starting at the
origin. Thus, all solutions of P(z) = 0 are found at the end of n + 1 paths.
The number of extraneous paths, 2n — (n + 1) = n — 1, is far less than the
corresponding number, namely 2" — n — 1, arising via classical homotopy
with Q(z) =0 in (1.3).

More precisely, we state the main theorem in Morgan and Sommese
(1987b).

Theorem 2.2 Let Q(z) be a system of equations chosen to have the same
m-homogeneous form as P(z) with respect to a certain partition of the
variables (z1, ..., Z,). Assume that Q(z) = 0 has exactly the Bézout number
of nonsingular solutions with respect to this partition, and define

H(z,t) = (1 —t)cQ(z) + tP(x),

where t € [0,1] and ¢ € C. If ¢ = re? for some positive r, then, for all but
finitely many 6, Properties 1 and 2 hold.
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In general, if z = (zi,...,z,) is partitioned into z = (y1, . .., Ym) Where
1 1 2 2
n = ("L‘g )7 cee 7x]E;1))a Y2 = (1'5 )a s 7"172,2)), oy Ym = (xgm)’ s "’L‘é:))a
with k1 + -+ + km = n, and p;(z) has degree (dgi), e dﬁ,il)) with respect

to (y1,---,¥m), ¢ = 1,...,n, then we may choose the start system Q(z) =

(QI(I')’ ce Qn(l’)),

md o
g@) = [T+ +clald) +cB), i=1,...,n (26)
j=1¢=1

Clearly, ¢;(x) has degree (dgl), ce dﬁ,?) with respect to (y1,...,¥ym), the same
degree structure of p;(x). Further, it is not hard to see that, for random
coefficients, Q(z) has exactly an m-homogeneous Bézout number, with re-
spect to this particular partition £ = (y1,...,ym), of nonsingular isolated
solutions in C™. Those solutions are easy to obtain: the system Q(z) in (2.5)
is constructed according to this principle. In Wampler (1994), the product
in (2.6) is modified along the same principle to be more efficient to evaluate.

In the example above, there are still n — 1 extraneous paths. This is
because, even when it is viewed in P! x P*~1, P(2) has zeros at infinity. One
can see in (2.3) that

S = {((:cél),xl), (;ng),xQ, ey Tp)) EPL x PVL: x(()l) = O,:z:(()2) =0}

is a set of zeros of P(z) at infinity. So, to lower the number of those ex-
traneous paths further, we may choose the start system to have the same
nonsingular variety of roots as P(z) = 0 at infinity, in addition to shar-
ing the same 2-homogeneous structure of P(x). For instance, the system
Q(z) = (q1(x), ..., gn(x)) Where

q(z) = (z1+en)(z +x2+- -+ x5 +e12),

g@(z) = (z1+en)(z1+ 22+ e2),

an(z) = (z1+en)(x1+ T + €n2)
shares the same 2-homogeneous structure of P(z) with y; = (1) and yo =
(z2,...,Zn), namely, each g;(x) has degree two with respect to y; and degree

one with respect to y2. On the other hand, when viewed in (21,22) € P! x
P*! with 2; = (:z:(()l),a;l) and zp = (:E(()2),132,...,93n), this system has the
same nonsingular variety S at infinity as P(x). The system Q(z) = 0 also
has n+1 solutions in C™ for generic e;;s, and there are no extraneous paths.
It can be shown (Li and Wang 1991, Morgan and Sommese 1987a) that if
Q(z) =0in

H(z,t) = (1 -t)eQ(z) + tP(x)
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is chosen to have the same m-homogeneous form as P(x), and the set of
zeros Vo(Q) of Q(x) at infinity is nonsingular and contained in V(P),
then Properties 1 and 2 hold for ¢ = re®, r > 0, and for all but finitely
many 6. N

The zeros of an m-homogeneous polynomial system P(zy,...,2n) at in-
finity in P¥1 x ... x P*m may sometimes be difficult to obtain. Nevertheless,
the choice of Q(x) = 0 in Theorem 2.2, assuming no zeros at infinity re-
gardless of the structure of the zeros at infinity of P(z), can still reduce
the number of extraneous paths dramatically simply by sharing the same
m-homogeneous structure of P(x).

Let us consider the system

pi(z) = mi(ens1 + -+ an®n) + b11x1 + - + b1nxn +c1 =0,
pn(x) = wl(a’nlxl +- annfcn) + bz + -+ bpnZn +cn =0
in (2.1) again. This time we partition the variables z1,...,z, into y; =
(z1,z2) and yp = (x3,...,x,). For this partition, the 2-homogeneous degree

structure of p;(x) stays the same; namely, the degree of p;(z) is two with
respect to y; and is one with respect to yo. However, the Bézout number with
respect to this partition becomes the coeflicient of a%ag_Q in the product

(2a1 + a2)™. This number is

(g) x 22 = 2n(n — 1),

which is greater than the original Bézout number 2n with respect to the
partition y; = (z;) and y2 = (x2,...,2,) when n > 2. Apparently, the
Bézout number is highly sensitive to the chosen partition: different ways
of partitioning the variables produce different Bézout numbers. By using
Theorem 2.2, we follow the Bézout number (with respect to the chosen
partition) of curves to obtain all the isolated zeros of P(z). To minimize
the number of extraneous paths, it is certainly desirable to find a partition
which provides the lowest Bézout number possible. In Wampler (1992), an
algorithm to this end was given. By using this algorithm, one can determine,
for example, the partition P = {(b), (¢, d, €)} which gives the lowest possible
Bézout number 368 for the Cassou—Nogues system in (1.4). Consequently,
we may construct a random product start system Q(z) to respect the degree
structure of the system with respect to this partition. The start system Q(x)
will have 368 isolated zeros in C™, and, according to Theorem 2.2, only 368
homotopy curves need to be followed to obtain all 16 isolated zeros of the
Cassou—-Nogues system, in contrast to following the 1344 curves, 1344 being
the total degree of the system.

The usefulness of the methods yet developed for Problem A is restricted
to application on an ad hoc basis. The challenge is, in a specific case, to
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find a Q(z) that is simple to solve (Property 0) and also produces minimal
extraneous paths.

3. Methods for Problem B

The situation for Problem B is different. A method called the ‘cheater’s
homotopy’ has been developed, which is, in some sense, an optimum solution
procedure; see Li, Sauer and Yorke (1988) and Li, Sauer and Yorke (1989) (a
similar procedure can be found in Morgan and Sommese (1989)). Problem
B asks that the system P(c,x) = 0 be solved for several different values of
the coefficients ¢. In other words, we think of P(c,x) = 0 as a system with
the same structure or sparsity.

The idea of the method is to establish Properties 1 and 2 theoretically
by deforming a sufficiently generic system (in a precise sense to be given
later) and then to ‘cheat’ on Property 0 by using a preprocessing step. The
amount of computation per preprocessing step may be large, but is shared
among the several solving characteristics of Problem B.

We begin with an example. Let P(z) be the system

pi(z) = zd23 + c1xiTy + T3 4 coxy +c3 =0,

p2(z) = cazird — 22z 4+ 29+ 05=0. (3.1)

This is a system of two polynomial equations in two unknowns x; and 2. We
want to solve Problem B, that is, we want to solve the system of equations
several times, for various specific choices of ¢ = (cy,...,c5).

It turns out that, for any choice of coeflicients ¢, system (3.1) has at most
10 isolated solutions. More precisely, there is an open dense subset S of
C® such that, for ¢ € S, there are 10 solutions of (3.1). Moreover, 10 is an
upper bound for the number of isolated solutions for all ¢ in C3. The total
degree of the system is 6 x 5 = 30, meaning that if we had taken a generic
system of two polynomials in two variables of degree 5 and 6, there would
be 30 solutions. Thus (3.1), with any choice of ¢, is a deficient system.

Classical homotopy using the start system Q(z) = 0 in (1.3) produces
d = 30 paths, beginning at 30 trivial starting points. Thus there are (at
least) 20 extraneous paths.

The cheater’s homotopy continuation approach begins by solving (3.1)
with randomly chosen complex coeflicients c¢* = (cf,...,c}); let X* be the
set of 10 solutions. No work is saved, since 30 paths need to be followed
and 20 paths are wasted. However, the 10 elements of the set X* are the
seeds for the remainder of the process. Subsequently, for each choice of
coefficients ¢ = (cy, . .., ¢5) for which the system (3.1) needs to be solved, we
use the homotopy continuation method to follow a straight-line homotopy
from the system with coefficient ¢* to the system with coefficient ¢, and we
follow the 10 paths beginning at the 10 elements of X*. Thus Property 0,
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the existence of trivial starting points, is satisfied. The fact that Properties
1 and 2 are also satisfied is the content of Theorem 3.1 below. Thus for
each fixed ¢, all 10 (or fewer) isolated solutions of (3.1) lie at the end of
10 smooth homotopy paths beginning at the seeds in X*. After the initial
step of finding the seeds, the complexity of all further solvings of (3.1) is
proportional to the number of solutions 10, rather than the total degree 30.

Furthermore, this method, unlike the method for Problem A, requires no
a priori analysis of the system. The first preprocessing step of finding the
seeds establishes a sharp upper bound on the number of isolated solutions
as a by-product of the computation; further solving of the system uses the
optimal number of paths to be followed.

We earlier characterized a successful homotopy continuation method as
having three properties: triviality, smoothness, and accessibility (Properties
0, 1 and 2, respectively). Given an arbitrary system of polynomial equations,
such as (3.1), it is not too hard (through generic perturbations) to find a
family of systems with the last two properties. The problem is that one
member of the family must be trivial to solve, or the path-following cannot
begin. The idea of the cheater’s homotopy is simply to ‘cheat’ on this part
of the problem, and run a preprocessing step (the computation of the seeds
X*) which gives us Property 0 (triviality) in a roundabout way. Hence the
name, the ‘cheater’s homotopy’.

A statement of the theoretical result we need follows. Let

pi(cr,...,eMm Z1,. .. xn) = 0,

pn(cl7"')cM7x1""’xn) = 0’ (3'2)
be a system of polynomial equations in the variables ci,...,car, T1,. .., Ty,
For each choice of ¢ = (ci,...,cp) in CM| this is a system of polynomial
equations in the variables z1,...,Zy,. Let d be the total degree of the system

for a generic choice of c.

Theorem 3.1 Let ¢ belong to CM. There exists an open, dense, full-
measure subset U of C"™™ such that for (b%,...,b%,¢},...,c}y) € U, the
following holds.

(a) The set X™* of solutions z = (z1,...,xn) of
ql(arl,...,acn) = pl(C’{,...,C*M,:L‘l,...,IL'n)+b={ =0,
gn(z1,..,2n) = pplcl,- ., Cy 21, 2n) + 0 =0, (3.3)

consists of dy isolated points, for some dy < d.
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(b) Properties 1 and 2 (smoothness and accessibility) hold for the homo-
topy

H(z,t) =
P((1—t)c] +ter,...,(L—t)cy +temr, @1, .., xn) + (1 — £)b* (34)

where b* = (b3,...,b%). It follows that every solution of P(z) = 0 is
reached by a path beginning at a point of X*.

A proof of Theorem 3.1 can be found in Li et al. (1989). The theorem is
used as part of the following procedure. Let P(c,z) = 0 as in (3.2) denote
the system to be solved for various values of the coefficients c.

Cheater’s homotopy procedure

(1) Choose complex numbers (b3,...,b5,c],...,¢},) at random, and use
the classical homotopy continuation method to solve @Q(z) = 0 in (3.3).
Let dy denote the number of solutions found (this number is bounded
above by the total degree d). Let X™* denote the set of dy solutions.

(2) For each new choice of coefficients ¢ = (cy, ..., car), follow the dy paths
defined by H(x,t) = 0 in (3.4), beginning at the points in X*, to find
all solutions of P(c,z) = 0.

In step (1) above, for random complex numbers (cj, ..., c},), using clas-
sical homotopy continuation methods to solve Q(z) = 0 in (3.3) may itself
sometimes be computationally expensive. It is desirable that those numbers
do not have to be random. For illustration, consider the linear system

ey + o 4 Cinn = by,

Cn1Z1 + -+ Cun®n = bp, (3.5)

which may be considered as a polynomial system with each equation having
degree one. For generic ¢;;s, (3.5) has a unique solution which is not available
right away. However, if we choose ¢;; = 6;; (the Kronecker delta), the
solution is obvious.

For this purpose, an alternative is suggested in Li and Wang (1992). When
a system P(c, z) = 0 with a particular parameter c° is solved, this ¢® may be
chosen arbitrarily instead of being chosen randomly; then for any parameter
¢ € CM consider the nonlinear homotopy

H(a,z,t) = P((1 = [t —t(1 = t)a])® + (t —t(1 — t)a)c,z) =0.  (3.6)

It is shown in Li and Wang (1992) that for a randomly chosen complex a
the solution paths of (3.6) emanating from the solutions of P(c’,z) = 0 will
reach the isolated solutions of P(c,z) = 0 under the natural assumption
that, for generic ¢, P(c,z) has the same number of isolated zeros in C".
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The most important advantage of the homotopy in (3.6) is that the para-
meter c® of the start system P(c?, z) = 0 is arbritrary so long as P(c®,z) = 0
has the same number of solutions as P(c,z) = 0 for generic ¢. Therefore,
in some situations, when the solutions of P(c,z) = 0 are easily available for
certain ¢, the system P(c?,z) = 0 may be used as the start system (3.6)
and the extra effort of solving P(c, z) = 0 for a randomly chosen ¢ would be
saved.

To finish, we give a more non-trivial example of the procedure described
in this section.

Consider the indirect position problem for revolute-joint kinematic ma-
nipulators. Each joint is associated with a one-dimensional parametrization,
namely the angular position of the joint. If all angular positions are known,
then of course the position and orientation of the end of the manipulator
(the hand) are determined. The indirect position problem is the inverse
problem: given the desired position and orientation of the hand, find a set
of angular parameters for the (controllable) joints which will place the hand
in the desired state.

The indirect position problem for six joints is reduced to a system of eight
nonlinear equations in eight unknowns in Tsai and Morgan (1985). The
coefficients of the equations depend on the desired position and orientation,
and a solution of the system (an eight-vector) represents the sines and cosines
of the angular parameters. Whenever the manipulator’s position is changed,
the system needs to be resolved with new coefficients. The equations are too
long to repeat here; see the appendix of Tsai and Morgan (1985). Suffice
it to say that it is a system of eight degree-two polynomial equations in
eight unknowns which is rather deficient. The total degree of the system is
28 = 256, but there are at most 32 isolated solutions.

The nonlinear homotopy of (3.6) requires only 32 paths to solve the system
with different sets of parameters (Li and Wang 1990, 1992). The system
contains 26 coefficients, and a specific set of coefficients is chosen for which
the system has 32 solutions. For subsequent solving of the system, for any
choice of the coefficients c1,...,cgg, all solutions can be found at the end
of exactly 32 paths, by using nonlinear homotopy in (3.6) with randomly
chosen complex a.

4. Polyhedral homotopy

In the last few years, a major computational breakthrough has occurred in
the solution of polynomial systems by the homotopy continuation method.
The new method takes great advantage of the Bernshtein theory, which
gives a much tighter bound, in general, for the number of isolated zeros
of a polynomial system in the algebraic tori (C*)", where C* = C\{0}.
In Huber and Sturmfels (1995), this root count was used to actually find
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all the isolated zeros of the polynomial system by establishing polyhedral
homotopies. For a given polynomial system, the new method solves a new
polynomial system with the same monomials, but with randomly chosen
coefficients. The new system is then used as the start system in the cheater’s
homotopy described in Section 3 to solve the original polynomial system. In
a way, the new method uses the method for Problem B to solve Problem A.
The new algorithm is very promising. In particular, for polynomial systems
without special structure, the new algorithm substantially outperformed
other methods.

We take the following example (Huber and Sturmfels 1995) as our point of
departure. Setting x = (z1,x2), consider the system P(z) = (p1(x), p2(z)),
where

p1 = c11ZT1Z2 + c1271 +ci13xz2+c1a =0, and

Py = 217173 + co2x3T2 + Co3 =0. (4.1)
Here, ¢;; € C* = C\{0}. The monomials {1,z1z2, #1, 2} in p; can be
written as z1ze = rizd, 1 = z1r3, 2o = 29z} and 1 = 2923. The set of
their exponents

S1 = {(an)’ (170)7 (17 1)’ (0’ 1)}

is called the support of p1, and its convex hull 1 = conv(S;) is called the
Newton polytope of p;. Similarly, po has support S; = {(0,0),(2,1),(1,2)}
with Newton polytope Q2 = conv(Sz). Using multi-index notation z? =

=22 where ¢ = (q1, ¢2), we may rewrite (4.1) as

m(zr) = Z cqz? and po(x) = Z cqx?.

gesS1 geS2
The Minkowski sum R; + Ry of polytopes R; and Rs is defined as

R1+R2={T‘1+T’2:7‘1€R1 andT2€R2}

(polytopes @1, @2 and @ + Q2 for (4.1) are shown in Figure 2). Now, let
us consider the area of the convex polytope A1Q1 + A2Q2 with non-negative
variables A\; and A for the system (4.1). From elementary geometry, the
area of a triangle on the plane with vertices u, v and w equals

1 u—v
5 det(w_v)

Thus, to compute the area f(A1, A2) of A; @1 + A2Q2, one may partition the
polytope into a collection of triangles, Aj, Ag,..., Ax. These triangles are
mutually disjoint, and the vertices take the form A1q; + A2ge, with ¢ € Q1
and g2 € Q2. In other words, the vertices of these triangles coincide with
the vertices of the polytope A\1Q1 + A2Q2. It follows from (4.2) that the
area of each A; is a second-degree homogeneous polynomial in A; and As.

. (4.2)
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Therefore, f(A1,A2), as a sum of the areas of Ay, ..., Ag, is also a second-
degree homogeneous polynomial in A; and Ay. Writing

FO,29) = @103 + ag)2 + ajah s,

the coefficient a9 of A; A2 in f is called the mized volume of the polytopes
Q1 and Q2. We denote it by M(Q1,Q2), or M(S1,S2) when no ambiguity

exists.
Clearly,

a1z = f(1,1) = f(1,0) — f(0,1)
= area of (@1 + Q2) — area of (Q1) — area of (Q2).
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For (4.1), it is easy to see that the areas of @1+ Q2, Q1 and ()2 are 6.5, 1
and 3.5 respectively. Therefore, ajo = 6.5 —1— 1.5 = 4. On the other hand,
one can also easily see that system (4.1) has two zeros (0,0, 1) and (0,1,0)
at infinity in P?; hence it can have at most 4 isolated zeros in C2, or in (C*)?
in particular. According to the Bernshtein theory, this is not a coincidence:
the number of isolated zeros of (4.1) in (C*)2, counting multiplicities, is
bounded above by the mixed volume of its Newton polytopes. Further,
when the coefficients in (4.1) are chosen generically, then these two numbers
are exactly the same.

To state the Bernshtein theory in a more general form, we first allow
monomials 7! - - - £8" to have negative exponents; such a polynomial is called
a Laurent polynomial. With z = (z1,...,z,), let p(z) = (p1(x),...,pn(x))
be a system of n Laurent polynomials with supports 51, ..., Sy, respectively
in Z*. The corresponding Newton polytopes are Q1,...,Qn. Following
reasoning similar to that described above, the n~-dimensional volume of the
polytope A\1@Q1 + -+ + A\pQn, With non-negative variables A1,..., \,, is a
homogeneous polynomial in Aj,..., A, of degree n. The coefficient of A; x
A2 X -+ + X Ay in this polynomial is defined as the mized volume of @, ..., @y,

denoted by M(Q1,...,Qn) or M(S1,...,Sn).

Theorem 4.1 (Bernshtein 1975) The number of isolated zeros, count-
ing multiplicities, of P(z) = (p1(z),...,pn(x)) in (C*)" is bounded above by
the mixed volume M(Sj, ..., S,). For generically chosen coefficients, the
system P(z) = 0 has exactly M(S;, ..., Sp) roots in (C*)".

In Canny and Rojas (1991), this bound was nicknamed the BKK bound
after its inventors, Bernshtein (1975), Khovanskii (1978) and Kushnirenko
(1976). It turns out that this root count is very helpful in using the polyhed-
ral homotopy to solve sparse polynomial systems, sparse in the sense that
each polynomial in the system contains few terms. This sparseness is by
no means a big restriction. After all, almost all the polynomial systems we
encountered in application belong to this category.

An apparent limitation of the above theorem is that it counts only the
roots of a polynomial system in (C*)", but not necessarily all roots in affine
space C". This problem was first attempted in Canny and Rojas (1991) and
Rojas (1994) by introducing the notion of the shadowed sets, and a bound
in C™ was obtained. Later, a significantly tighter bound was discovered in
the following theorem.

Theorem 4.2 (Li and Wang 1996) The number of isolated zeros in C",
counting multiplicities, of a polynomial system P(z) = (pi(x),...,pn(z))
with supports Sy, ..., .S, is bounded above by the mixed volume

M(S1J{0},..., Sa | J{0D).
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This theorem was further extended in several ways by Huber and Stur-
mfels (1997) and Rojas and Wang (1996). When 0 € §; for alli =1,...,n,
so that each p; has a nontrivial constant term, then Theorem 4.2 implies
that the BKK bound of Theorem 4.1 gives the number of zeros of the poly-
nomial system in C™. In fact, the proof of Theorem 4.2 uses the important
fact that generic constant perturbations of a polynomial system can only
have isolated zeros in (C*)", and all isolated zeros become nonsingular.

Now consider the system (4.1) again. To compute the area of Q1 + Qo,
we can certainly subdivide @1 + @2 as we wish. The subdivision may not
consist of all triangles as before. However, the subdivision shown in Figure
3 — call it subdivision B — is of particular interest. By a cell of a subdivision
we mean any member of the subdivision. It can be easily verified that all
the cells in subdivision B have the following special properties.

Proposition 4.1

(a) Each one is a Minkowski sum of the convex hull of a subset C; in Sy
and the convex hull of a subset C in Ss.

(b) For ¢ = 1,2, conv(C;) is a simplex of dimension #(C;) — 1, where #(C;)
is the number of points in Cj.

(c) Simplices conv(Ci) and conv(C;) are complementary to each other
in the sense that dim(conv(C1)) + dim(conv(Cs)) = dim(conv(C;) +
conv(Cy)).

In light of properties (a) and (b), each cell C = conv(C;) + conv(Cy)
in B can be identified as a cell of type (l1,l2), where Iy = dim(conv(C}))
and lp = dim(conv(C3)). Property (c) mainly says that simplices conv(C})
and conv(Cy) are ‘linearly independent’, for otherwise their Minkowski sum
would be lower dimensional.

In R”, consider the n-dimensional volume of the Minkowski sum of sim-

plices Ay,..., A, with dimensions ki,...,k,, respectively, where k; > 0
for 1 S'i <n .and ki+ke+---4+ky,=mn Fori=1,...,n, lep A; =
conv{q(()z), ... ,q,(:i)} and let V be the n X n matrix whose rows are qj(l) — q(()z)

forl1 <i<mnandl<j<k. Notice that any 0-dimensional simplex con-
sists of only one point, and therefore contributes no rows to V. It can be
shown that

1

Here, we use Vol, to denote the n-dimensional volume; of course, Vola(C)
represents the area of C. Applying (4.3) to cell = conv{a, d} + conv{e, ¢}
in subdivision B, we have

d—
Vola(cell @) = ‘det (g B Z)‘ .
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Now, when @; and Q)2 are scaled by A; and Ag, respectively, cell 1) becomes
conv{Aja, A2d} + conv{Aze, A2g} and its volume becomes

‘det()‘ld—/\la) det (d—a)
g—e

Aog — Age
= (volume of cell (D before scaling) x A;Ag.

X )\1)\2

From the definition of the mixed volume, it follows that the volume of the ori-
ginal cell (I) constitutes part of the mixed volume of 1 and @)2. On the other
hand, after scaling, cell @ in subdivision B becomes conv{A;a, A\1¢c, \id} +
{M\2g¢} and its volume becomes, according to (4.3),

det()\lc_/\la) 1det(c_a)‘x,\%
d—a

Ard — Aqa 2
= (volume of cell @ before scaling) x A2.

1
2

Apparently, the volume of the original cell @ has no contribution to the
mixed volume of ¢1 and Qs.
In summary, only cells of type (1,1) contribute to the mixed volume

M(Q1,Q2) of Q1 and Q2 and, therefore,
M(Q1,Q2) = the sum of the volumes of cells of type (1,1)

= volume of cell ) + volume of cell @) + volume of cell (B

=1+2+1=4

The type of subdivisions of @1 + ()2 that share the same special properties
in Proposition 4.1 as subdivision B is called the fine mized subdivision. To
state a formal definition with less notation, we omit ‘+’ and ‘conv’, except

where absolutely necessary. For instance, (S1,...,Sy,) will replace Q1+ -+
Qr(= conv(Sy) + - - - + conv(Sy)) as the key object.
Let S = (S1,...,5n) be a sequence of finite subsets of Z", whose union

affinely spans R™. By a cell of S we mean an n-tuple C = (Cy,...,Cy) of
subsets C; C S;, for i = 1,...,n. Define

type(C) := (dim(conv(Cy)),...,dim(conv(Cy))),

conv(C) := conv(Ci) + -+ conv(Cy),

and Vol(C):=Vol(conv(C)). A face of C is a subcell F = (Fy,...,F,) of C
where F; C C; and some linear functional o € (R™)V attains its minimum
over C; at Fj, for i = 1,...,n. We call such an « an inner normal of F.
If F is a face of C then conv(F;) is a face of the polytope conv(C;) for
i=1,...,n.
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Fig. 3. Subdivision B for Q; + Q2

Definition 4.1 A fine mized subdivision of S is a set {C),... C™} of
cells such that:

(a) for all j =1,...,m, dim(conv(CU))) =n
(b) conv(CW)Nconv(C™®)) is a proper common face of conv(C?)) and conv(C*)
when it is nonempty for j # k
(c) UL, conv(CW) = conv(S)
(d) for j =1,...,m, write CU) = (ij), e 7(1]‘))‘ Then, each conv(C’ij))
is a simplex of dimension #C’i(J ) 1, and for each j,
dim(conv(ij))) + -+ + dim(conv(CY))) = n.

As we have discussed for the special system (4.1), when a polynomial
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system P(z) = (p1(z),...,pn(z)) in Clz1,...,zy] is given with support S =
(51, .., Sn), where S; is the support of p;, and if we can find a fine mixed
subdivision for S, then the mixed volume M(Si,...,S,) will be the sum
of the volumes of cells of type (1,...,1). Thus formula (4.3), together with
condition (d) above, makes the volume computation of this type of cell quite
easy.

A fine mixed subdivision for S = (Si,...,S5,) can be found by the fol-
lowing standard process: choose real-valued functions w® : S; — R, for
i=1,...,n; call the n-tuple w = (w(i), e ,w(i)) a lifting function on S, and
say that w lifts S; to its graph S; = {(¢,w?(q)) : ¢ € S;} ¢ R*"!. This

notation is extended in the obvious way: § = (Sl, ceeySn)s Qz :conv(S’i),
Q=GQ1+ -+ Qn, etc. Let S, be the set of cells {C} of S which satisfy

(a) djm(conv(é)) =n, R
(b) C is a facet (an m-dimensional face) of S whose inner normal « €
(R**t1)V has positive last coordinate.

In other words, conv(é’) is a facet of the lower hull of Q. The fact is that
when the lifting function w is chosen generically, S, always gives a fine mixed
subdivision for S (Gel’fand, Kapranov and Zelevinskii 1994, Lee 1991). The
subdivision B in Figure 3 for system (4.1) is, in fact, induced by the lifting
w=((0,1,1,1),(0,0,0)), that is,

5 = ({(a,0),(b,1), (¢, 1), (d, )}, {(e, 0), (£, 0), (g, 0)})

(see Figure 4). While this lifting does not seem so generic, it is sufficient to
give a fine mixed subdivision.

Let us return to our main issue: how can this Bernshtein theory help us to
solve polynomial systems by homotopy continuation methods? Actually, the
lifting function introduced above has already provided a nonlinear homotopy.
This ingenious idea is due to Huber and Sturmfels (1995).

For a given polynomial system P(x) = (p1(z),...,pn(z)) in Clzy, ..., zy),
to find all isolated zeros of P(z) in C™ instead of (C*)™, we first, according
to Theorem 4.2, augment the monomial z%(= 1) to those p;s which do not
have constant terms. We then choose the coefficients of all the monomials
in P(z) at random. For simplicity, we abuse notation and retain the name
P(z) = (p1(z),...,pn(x)) for this system. We wish to solve this system
first, and then, by using the cheater’s homotopy introduced in Section 3, it
can be used as the start system for solution of the original system by linear
homotopy.

Let S; be the support of p;, so that

pi(x) = Zcqwq, i=1,...,n,
q€eSs;

where ¢ = (q1,...,qn) and 29 = z{' -- -z . Let ¢t denote a new complex
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variable and consider the polynomials in n + 1 variables given by

pi(m,t) = Y gt @), i=1,...,n, (4.4)
q€S;

where each w; : S; — R for i = 1,...,n is chosen generically. The support
of p; is now S; = {§ = (q,w;i(q)) : ¢ € S;} with Newton polytope Q; =
conv(S;). The function w = (wi, . ..,wy,) can be viewed as a lifting function
on S =(S1,...,Sy,) which lifts S; to S;. The induced subdivision S,, on S is
then a fine mixed subdivision and the mixed volume M(Sj,...,Sy) equals
the sum of the volumes of cells of type (1,...,1) in S,. Recall that, for each
t € (0,1], the isolated zeros of the system

P(w,t) = (p1(z, 1), ..., Pnlz,t))
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are all nonsingular and, by the Bernshtein theory, the total number of those
zeros is equal to M(S1, ..., Sy,). We may write these zeros as z!(t), ..., z%(t)
where k = M(S),...,8), so P(zi(t),t) = 0 for each t € (0,1] and j =
1,.... k.

Let C = (Cy,...,Cy) be a cell of type (1,...,1) in S,,. Fori=1,...,n,
let C; = {qEO),qgl)} C S; and v; = qi(l) — ql(O). Since S,, is a fine mixed
subdivision, {v1,...,v,} is linearly independent; otherwise, dim(conv(Ci))+
-+ 4+ dim(conv(Cy)) < n. So,

U1
Vol,(C) = |det
Un
On the other hand, C = (C’l, ey C’n) is a facet of § = (S’l, vy S’n) whose in-
ner normal & € (R™*!)Y has positive last coordinate. Let & = (a1, ..., an,1)
and a = (ai1,...,an), 50 & = (a,1). Let z(t) represent general solution
curves z(t),...,z*(t) of P(z,t) = 0. Setting z(t) = (z1(t),...,za(t)), let
t'y1(t) = x1(t),
1%y, (t) = zu(t).
Or, simply, t*y(t) = z(t). Substituting this into (4.4) yields
P = Z cqutathi@)
q€S;
- Zcqut«a,l),(q,wi(q»)
q€S;
= 3 eyt i=1,...,n. (4.5)
q€S;

Let 3; = mingeg, (&, ). Since C is a facet of 3, C; = {(jfo),dfl)} is a face
of §; and & = (@, 1) also serves as an inner normal of C;. It follows that
<&,q1(0)> = (d,(jfl)) = f; and (&, §) > f; for § € Sz\él Hence, factoring out
t% in (4.5), we have

el 1 gy .
pi =1"(cioy®  +cay®™ + Ri(y,t)), i=1...,n,
where ¢;g = €0 Ci1 = € ) and
qeSi\C;
Evidently, R;(y,0) = 0 for each %, since (&, §) — 8; > 0 for q € S;\C;. Now,
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consider the homotopy H(y,t) = (h1(y,t),...,hn(y,t)) = 0 where

© @ ‘
hi(y,t) = cioy®  +cuy® + Ri(y, 1), i=1,...,n (4.6)
The solutions (y(t),t) of this homotopy satisfy

O oD .
cjoyd +cpy’ =0, Jj=1...,n, (4.7)

at t = 0. For t # 0, they agree with the zeros of (4.5) and, since t*y(t) = z(t)
for y(t) in (4.5), they also agree with the zeros of (4.4) at ¢ = 1. In other
words, y(1) of (4.6) are solutions of P(x) = 0. So, by following the solution
curves (y(t),t) of the homotopy H(y,t) = 0 defined by (4.6), we may reach
the solutions of P(xz) =0, at t = 1. Of course, we need to solve the system
(4.7) at t = 0 to begin with. It can be shown that for randomly chosen c;;,
fori=1,...,nand j = 0,1, system (4.7) has

U1
det [ = the volume of C
Un
solutions in (C*)"; recall that v; = qi(l) - q§°) fori=1,...,n. To see how to
solve (4.7) in (C*)™, we rewrite (4.7) as
yvl = bla
yvn = bnv (48)
where by - by - ... b, # 0, and let
U1
V =
Un

For brevity, write y¥ = (y%,...,y*") and b = (b1,...,b,). Then (4.8)
becomes

yV =b. (4.9)

With this notation, one can easily check that for an n x n integer matrix U,
the following holds:

W)Y =y,
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When V is a lower nonsingular triangular integer matrix

V11
V21 V22 0
V = 3
Unl Un2 **° Unn
(4.8) becomes

yt = b,

9ty = by, (4.10)

Byt = bn.

Obviously, by forward substitution, (4.10) has |v11]| X + -+ X |vpn| = |det V|
solutions. In general, we may lower triangularize V' by multiplying on the
right by an integer matrix U with |det U| = 1, which can be found by the
following procedure. Firstly, the greatest common divisor d of two integers
a and b is

d = ged(a,b) = ka + b, for certain k,l € Z.
Let

fi
—
|
SWES &
QIR o~
—_

Then det(M) = 1 and

wli]=[ 4 2] l5]=[6]

In view of this, a series of n x n matrices like M can be used to produce
zeros in matrices in a similar way to the use of Givens rotations for the QR
factorization. For instance, if ¢ and b are the ith and jth components of an
n-dimensional vector v, that is,

a — ith

[; — jth,

then we set
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] J
F -
1
k ! t
1
U(Z?J7a’b)=

1 .
_b a J

d d

1

1]

so that det(U(i, j,a,b)) = 1 and the jth component of U (%, j, a, b)v will van-
ish. Thus, a product of a series of matrices in the form of U (%, j, a, b) can be
chosen to upper triangularize a matrix from the left. To lower triangularize
V, let U be an integer matrix with |det U| = 1 such that UTVT is upper
triangular; hence, VU is lower triangular.

Now, let zV = y and substitute it into (4.9); we have

Since VU is lower triangular, z = (21, ..., z,) in (4.11) can be solved and the
number of solutions is equal to |det(VU)| = |det(V)|- |det(U)| = | det(V)].
Consequently, we have as many solutions of y = (y1,...,yn) in (4.9).

In summary, to find all the isolated zeros of a polynomial system P(x) =
(p1(z), ... ,pn(z)) in C[xy1, ..., Ty,), we augment x° to those p;s without con-
stant terms first, then equip all the monomials in P(z) with generic coeffi-
cients. In the same notation, we construct P(z,t) = (p1(z,1),...,pn(z,1)),
where

pi(z,t) = Z cqmqt“’i(‘”, 1=1,...,n.
geS;

Here S; is the support of p; and the lifting function w = (w1,...,wy) is
chosen at random. Then each cell C of type (1,...,1) in the induced fine
mixed subdivision S, provides a set of k starting points for the homotopy
H(y,t) = 0 defined by (4.6), where k denotes the volume of C. Following
the solution curves of this homotopy with those & starting points from 0 to
1, we reach k of the solutions of P(z) = 0. By Bernshtein’s theory, the total
number of isolated zeros of P(z) equals the sum of the volumes of all cells
of this type. We are thus able to find all the isolated zeros of P(z), and this
modified system can then be used as a start system of the linear homotopy
to find all the isolated zeros of the original system.
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What seems to be missing in the process described above is a construct-
ive way of finding cells of type (1,...,1) in the induced fine mixed subdivi-
sion S, corresponding to the lifting w. This issue was discussed in Emiris
(1994), Verschelde (1996) and Verschelde, Gatermann and Cools (1996), pa-
pers which provided different ways to deal with this problem. At present,
the most efficient technique for finding those cells is still undetermined.

The algorithm has been implemented with remarkable success. Recall
that the Cassou-Nogues system in (1.4) has total degree 1344 and optimal
m-homogeneous Bézout number 368. This system has 16 isolated zeros and
its mixed volume equals 24. So, by using polyhedral nonlinear homotopies,
one need only follow 24 paths to reach all isolated zeros of the system.

Originally, a more general version of the above process was presented in
Huber and Sturmfels (1995). If some of the p;s have the same supports,
then cells of the ‘appropriate’ types, instead of cells of type (1,...,1), can
serve the same purpose. The method can be made much more efficient by
taking this special structure into consideration. For simplicity, we describe
here only the special, and more common, case where the supports of the p;s
are all different.

Polyhedral homotopies have been applied to solve symmetric polynomial
systems by means of constructing symmetric polyhedral homotopies (Ver-
schelde and Cools 1994, Verschelde and Gatermann 1995). On the other
hand, the Bernshtein theory is also used for constructing random product
start systems for linear homotopies with various degrees of success (Li, Wang
and Wang 1996, Li and Wang 1994).

5. Numerical considerations
5.1. Projective coordinates

As described in Section 1, solution paths of (1.2) that do not proceed to a
solution of P(z) = 0 in C™ diverge to infinity: a very poor state of affairs for
numerical methods. However, there is a simple idea from classical mathem-
atics which improves the situation. If the system (1.2) is viewed in P", the
diverging paths are simply proceeding to a ‘point at infinity’ in projective
space. Since projective space is compact, we can force all paths, including
the extraneous ones, to have finite length by using projective coordinates.

For P(z) = (p1(z1,--.,Zn), ..., pn(x1,...,2n)) = 0, consider the system
of n + 1 equations in n + 1 unknowns after homogenization,

]71(:170,...,.’1771) = 0,

ﬁn(.’l,‘o, e ,l'n)
apZo+ -+ apxTy — 1

Il
=



428 T.Y. L1

where ag, ..., a, are complex numbers. When a, start system

Q(z) = (qi(z1,...,zn), - s qn(Z1, ..., 2)) =0

is chosen, we also homogenize Q(z) and consider the system

al(-r()w")xn) — 07
a1 -

Q'n,(l‘o,"'awn) = 07

apro+ - +apT, —1 = 0.

We then use the classical homotopy continuation procedure to follow all the
solution paths of the homotopy

H(zo,z1,...,2n,t) = (1 — t)c@(:vo, ey Tp) +tﬁ(w0,...,xn).

For almost every choice of ag, . . ., a,, the paths stay in C**1. It only remains
to ignore solutions with zg = 0. Of the remaining solutions with g # 0, it
is easy to see that z = (x1/x0,...,2n/z0) is the corresponding solution of
P(z)=0.

A similar technique is described in Morgan and Sommese (1987a), where
it is called a ‘projective transformation’. It differs from the above in the
following way. Instead of increasing the size of the problem from n x n to
(n+1) x (n + 1), they implicitly consider solving the last equation for zg
and substituting in the other equations, essentially retaining n equations
in n unknowns. Then the chain rule is used for the Jacobian calculations
needed for path following. In many cases, it seems that this may create
extra work. Suppose, for example, that the tenth equation in the system is
p10(x) = 23— 122; its homogeneous version is p1o(z) = 22 —z0z172. Since zg
is now considered as a function of all other variables, the partial derivative of
p1o with respect to every variable is suddenly nonzero. This results in added
computation for each Jacobian evaluation, and is particularly problematic
if the original problem is large and/or sparse.

A more advanced technique, the projected Newton method, was suggested
in Shub and Smale (1993). A typical step to follow a solution curve in C™ of
homotopy H(z,t) = 0, a system of n equations in n + 1 variables, consists
of two major steps: prediction and correction. The prediction step locates
a point ({9, ty). For fixed to, H(z,ty) = 0 is a system of n equations in n
unknowns. With starting points z(®), Newton’s iteration,

2™ = (M — [Hy (™, 1)) H (2™ 1), m=0,1,...

can be applied to find the solution of H(xz,tg) = 0. If 29 is suitably
chosen by the prediction step, the iteration will converge to a solution of
H(z,ty) = 0 close to (9. This is called the correction step. To follow
the solution curve in projective space P" after homogenization, H(z,t) = 0
becomes ﬁ('a?,t) = 0 and, for fixed tg, INJ(:E,tO) = 0 is now a system of n
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equations in n + 1 variables: xg,...,Zn. It is, therefore, unsuitable for the
classical Newton iteration at the correction step. However, for any nonzero
constant ¢ € C, Z and ¢Z in C™t! are considered to be equal in P*, whence
the magnitude of Z in C**! is no longer significant in P"®. Therefore it is
reasonable to project every step of the Newton iteration onto the hyperplane
perpendicular to the current point in C**1. At ™ e ¢**!, we now have
n + 1 equations in n + 1 unknowns, namely

ﬁ(f, to) =0
(Z — &m). gm) =g

H(ivtO) = {

and one step of Newton’s iteration for this system can be used to obtain
FmHl) = 7m) — [H(3™, 46)] 7LH (™, to).

The efliciency of this strategy, known as the projected Newton iteration,
when applied to following the homotopy curve in P, is intuitively clear. See
Figure 5. It frequently allows a bigger step size at the prediction stage.

[(Val
C Xn+2

a,X,t.+a,x =1

Fig. 5.

For practical considerations, we revise the above procedure as follows. At
t=1tp, let

E(tl) = (.To(tl),a?](tl),.. . ,xn(tn)) ep”

be the corresponding point on a homotopy curve (Z(t),t) of H(&(t),t) = 0.
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Let

|zi(t1)| = max(|zo(t1)l, - - ., [en(t1)])-
We then fix the variable z; in H(%,t) = 0 by the number z;(t,), and there-
after, H(zo,...,Zi—1,%it1,-..,Zn,t) = 0 becomes a system of n equations
in n + 1 variables. A standard prediction—correction procedure can now be
applied to arrive at a new point (zo(t2),...,Zi—1(t2), Zit+1(t2), ..., za(t2)),
which satisfies

H(:L‘o, ooy Li—1,Ti41y - - - ,.’Dn,t2) =0.

Letting Z(t2) = (zo(t2),- .., Ti-1(t2), zi(t1), Tit1(t2), . .., Zn(t2)), the point
on the curve (Z(t),t) for t = t2 is obtained. A major advantage of this revi-
sion is that the size of the problem remains n x n throughout the procedure.

5.2. Real homotopy

Most polynomial systems arising in applications consist of polynomials with
real coeflicients, and most often the only desired solutions are real solutions.
This suggests the use of real homotopies. That is, when the coefficients of
the target polynomial system P(x) = 0 we want to solve are all real, we
may choose a start system @Q(z) = 0 with real coefficients, ensuring that
the homotopy H(x,t) = 0 has real coefficients for all t. Thus, for fixed
t, if z is a solution of H(z,t) = 0, so is its conjugate Z. Accordingly, a
major advantage of real homotopy is that following a complex homotopy
path (z(s),t(s)) provides its conjugate homotopy path (Z(s),¢(s)) as a by-
product without any further computation. On the other hand, although the
homotopy H(z,t) is still a map from C™ x [0, 1] to C", when a real homotopy
path is traced, we may consider H(z,t) as a map from R" x [0,1] to R",
and hence the computation can be achieved in real arithmetic. In this way,
a considerable reduction in computation is achieved.

There are numerous computational problems associated with the path fol-
lowing algorithms of real homotopies. In particular, when real homotopies
are used, in contrast to the complex homotopy, bifurcation of some of the
homotopy paths is inevitable. Hence, efficient algorithms must be developed
to identify the bifurcation points and to follow the path after bifurcation.
We can no longer parametrize the homotopy path of H(z,t) = 0 by ¢ con-
ventionally. Instead, the arclength s can be used as a parameter, and both
z and ¢t are considered to be independent variables. We now have

H(z(s),t(s)) =0
and
H,i + Hit = 0,
de . dt

where & = I t = — and ||z||? + |£|> = 1. It is easy to see that bifurca-
s s
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tions can only occur at turning points, points (z*,t*) for which ¢ = 0 and
H.(z*,t*) = 0 is singular. To identify the bifurcation point, let ag = (2{?, ¢o)
be a point on the homotopy path I with ¢(ap) > 0. After a standard Euler
prediction with step size hy and Newton corrections (Allgower and Georg
1990, 1993), we obtain a point a; = (2{1),#;) on I'. When the tangent vec-
tor (z,f) is calculated at a; with #(a;) < 0, a turning point a* = (z*,t*)
apparently exists in this situation (see Figure 6).

a1= (xlytl)
i(a,) <0

Fig. 6.

To identify a*, we take the following procedure.

(1) Let hy be the solution of the equation ...

h . ho—h.

o blao) + Oho t(a1) = 0.

Taking the Euler prediction at ag with step size hy followed by Newton
corrections, we obtain a new point az on IT'.

(2) If £(ag) > 0, we replace ap by az and replace hg by the real part of
the inner product of (a; — az) and the unit tangent vector at ap. If
t(ag) < 0, we replace a; by ap and hg by h;.

(3) (3) Repeat step 1 until £(az) is sufficiently small. Then, ap will be taken
as a bifurcation point a* = (z*,t*).

When the bifurcation point a* is identified, in order to follow the bifurca-
tion branches, tangent vectors of the branches need to be characterized. It
turns out that for the following special kind of turning point the bifurcation
phenomenon is rather simple.

Definition 5.1 A singular point (z*,t*) € C" x [0, 1] is said to be a quad-
ratic turning point of H(z,t) = 0 if

(1) RankpH (z*,t*) = 2n — 2

(2) Rankg[Hz(z*, t*), Hi(z*,t*)] =2n —1
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For y € C™\ {0} satisfying H,(z*,t*)y = 0, we have
Rankg[H (z*,t%), Hye(z*, t")yy) = 2n.

Here, Rankg denotes the real rank.

Proposition 5.1 (Li and Wang 1994) Let (z*,t*) be a quadratic turn-
ing point. Then, there are only two branches of solution paths I' and I"
passing through (z*,t*). If ¢ is the tangent vector of the path I" at (z*,t*),
then the tangent vector of I is the direction of i¢ (see Figure 7).

When I is a real path, the assertion of this proposition can be considered
as a special case of Allgower (1984) and Henderson and Keller (1990). The
most general version, where I' and z* may both be complex, was proved in
Li and Wang (1993).

r ¢

Fig. 7.

To follow the bifurcation branch I at a quadratic turning point, we con-
sider the following three situations.

1)

(2)

I' is a real path.
Then, ¢ is real and i¢ is pure imaginary. Apparently, the bifurcation
branch I consists of a complex path and its complex conjugacy. We
need only to follow one of them with tangent vector i¢ or —i¢.
I’ is a complex path and (z*,t*) is real.
Then, I' consists of complex conjugate pairs (z,t) and (Z,t) for each
t < t*. The tangent vector at (z*,t*) is

(z(s1),t(s1)) — (z(s2), t(s2))

¢= lim ,
$1—92)—0 S1 — 82

where z(s2) = Z(s1),t(s1) = t(s2) is clearly pure imaginary. Hence,
i¢ is real. Consequently, the bifurcation branch I consists of two real
paths. We may follow them in real space R™ X [0, 1] with real tangent
vectors ¢¢ and —i¢ respectively.



MULTIVARIATE POLYNOMIAL SYSTEMS AND HOMOTOPY METHODS 433

(3) T is a complez path and x* is compler.
The bifurcation branch I, in this case, consists of two complex solution
paths. They are not conjugate to each other. We may follow them with
tangent vector i¢p and —i¢ respectively.

It was conjectured in Brunovsky and Meravy (1984) and proved in Li and
Wang (1993) that, generically, real homotopies contain no singular points
other than a finite number of quadratic turning points.

5.8. Software

Several software packages dedicated to solving polynomial systems by ho-
motopy continuation are publicly available. HOMPACK (Morgan, Sommese
and Watson 1989) and CONSOL (Morgan 1987) are written in FORTRAN
77. HOMPACK is a general package for homotopy continuation with a
polynomial driver. It has been parallelized to various architectures (Allison,
Chakraborty and Watson 1989, Harimoto and Watson 1989). The code for
CONSOL is contained in Morgan (1987), Appendix 6. The programs pss
(Malajovich, software) and Pelican (Huber, software) are written in C. The
pss contains facilities for parallel continuation and Pelican provides the poly-
hedral methods. The package PHC and MVC (Verschelde 1995) is written
in Ada and compiled on three different hardware platforms, for which ex-
ecutables are available on request. Two main features of this package are
the wide variety of homotopy methods and the powerful facilities for mixed
volume computation.

Nonetheless, a more efficient and user-friendly code including all the fea-
tures described in this article is still under development. In particular, a
better understanding of the convex geometry with a clever use of linear pro-
gramming techniques will make the polyhedra homotopy method described
in Section 3 much more powerful.
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1. Introduction

One of the most difficult problems in the numerical solution of ordinary dif-
ferential equations (ODEs) and in differential-algebraic equations (DAEs)
is the development of methods for dealing with highly oscillatory systems.
These types of systems arise, for example, in vehicle simulation when mod-
elling the suspension system or tyres, in models for contact and impact,
in flexible body simulation from vibrations in the structural model, in mo-
lecular dynamics, in orbital mechanics, and in circuit simulation. Standard
numerical methods can require a huge number of time-steps to track the os-
cillations, and even with small stepsizes they can alter the dynamics, unless
the method is chosen very carefully.

What is a highly oscillatory system, and what constitutes a solution of
such a system? As we will see, this question is somewhat application-
dependent, to the extent that it does not seem possible to give a precise
mathematical definition which would include most of the problems that
scientists, engineers and numerical analysts have described as highly os-
cillatory. Webster’s Ninth New Collegiate Dictionary (1985) includes the
following definitions for oscillate: ‘to swing backward and forward like a
pendulum; to move or travel back and forth between two points; to vary
above and below a mean value.” Here we are mainly interested in systems
whose solutions may be oscillatory in the sense that there is a fast solution
which varies regularly about a slow solution. The problem will be referred
to as highly oscillatory if the timescale of the fast solution is much shorter
than the interval of integration.

We will begin with a simple example of an oscillating problem from
multibody dynamics. In Cartesian coordinates, a simple stiff spring pen-
dulum model with unit mass, length, and gravity, can be expressed as

0 = 2 —u, (1.1a)

0 = y —w, (1.1b)

0 = u' +z), (1.1c)

0 = v +yr—1, (1.1d)
/2 2 _

2y = vty -l (1.1e)

VELE

where 1/e? > 1 is the spring constant. Preloading the spring by using
e = V1073, the initial position (zg,y0) = (0.9,0.1), and the zero initial
velocity (ug,vg) = (0,0), the results of the states (z,y, u,v) in the 0 to 10[s|
simulation are shown in Fig. 1.

The solution to this problem consists of a low-amplitude, high-frequency
oscillation superimposed on a slow solution. It is not immediately clear that
a slow solution appears in the above problem. In fact, we can only identify
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Fig. 1. Stiff spring pendulum in Cartesian coordinates
the slow solution of (1.1) using a proper nonlinear coordinate transforma-

tion (z,y) = (rcos(f),rsin(6)). In polar coordinates (r,8), we obtain the
equations of motion of (1.1):

0 = 7' —2z (1.2a)

0 = ¢ —uw, (1.2b)
1

0 = 2 +rw?+ 6—2(7* —1) —siné, (1.2¢)

0 = - %(2zw — cosf), (1.2d)

where (z,w) is the velocity. In the 0 to 10[s] second simulation, using the
same initial conditions, we obtain the solution in Fig. 2. It is clear that the
length r represents the fast motion and the angle 6 the slow motion.

One of the questions one must answer in selecting an appropriate math-
ematical or numerical method is: ‘What do we mean by a solution?’ For
example, one might be interested only in finding the slow solution. On the
other hand, in some situations it may be important to recover more inform-
ation about the high-frequency oscillation, such as its amplitude, its energy
or its envelope. The most detailed information about the high-frequency
oscillation also includes its phase; this information is usually very difficult
to recover, particularly over intervals which are long in comparison to the
period of the oscillation. Efficiency is often an important consideration; one
might be willing to give up on tracking some of the detailed information of
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Fig. 2. Stiff spring pendulum in polar coordinates

the high-frequency oscillation in order to take much larger stepsizes. This is
the case in real-time simulation of mechanical systems. For other problems,
maintaining physical and mathematical properties in the numerical solution
can be critical, particularly over long-time intervals. For example, in mo-
lecular dynamics it may be important to maintain invariants like the energy
or the symplectic structure of the problem (Arnold 1989). What is meant
by a solution is determined not only by the physical properties of the system
and its mathematical structure, but also by how the information from the
simulation is to be used.

The form and structure of the oscillating problem is highly application-
dependent. Some problems are posed as a first-order ODE system, others as
a second-order ODE system. Other problems include constraints, and hence
are formulated as a DAE system. Often these ODE and DAE systems have
a special mathematical structure. Some applications yield problems which
are linear or nearly linear, while other applications require the solution of
highly nonlinear oscillating systems. Some problems may have a single high
frequency and be nearly periodic, whereas other problems may have mul-
tiple high-frequency components. Some oscillating problems, for example
in ocean dynamics (Garrett and Munk 1979, Gjaja and Holm 1996), cor-
rosion modelling (Tidblad and Graedel 1996), atmospheric modelling (Ko-
pell 1985), nonlinear optics (Agrawal 1989), ab initio molecular dynamics
(Tuckerman and Parrinello 1994) yield partial differential equation (PDE)
systems; these problems are beyond the scope of the present paper although
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many of the same considerations and types of methods apply for the time
integration.

This paper will deal mainly with numerical methods for oscillating sys-
tems. There is an extensive literature in applied mathematics (Bogoliubov
and Mitropolski 1961, Minorsky 1974, Fenichel 1979, Kevorkian and Cole
1981) including the method of averaging, the method of multiple scales,
and the stroboscopic method, on approximating the solution to oscillating
problems. Some of these techniques are related to the numerical methods
described here. Methods from applied mathematics can sometimes be com-
bined advantageously with numerical methods (Kirchgraber 1982) for the
solution of oscillating problems. Most of the mathematical techniques re-
quire a nearly linear structure of the problem. For some applications, the
equations naturally occur in this structure or can be easily reformulated; for
others, casting the problem in this form is difficult or impossible. There is
also a tradition of physically motivated mathematical or numerical methods
that reformulate the system prior to numerical solution, using approxima-
tions that the scientist or engineer deems to be valid. These methods can be
quite powerful when used carefully. The LIN method (see Subsection 4.4)
for molecular dynamics, and modal analysis methods (see Subsection 3.4)
for structural analysis are examples of these kinds of methods.

A wide variety of numerical methods has been developed for highly os-
cillatory problems. The best method to use is strongly dependent on the
application. Small-amplitude oscillations in linear or nearly linear systems
can often be damped via highly stable implicit numerical methods. We
will see that it is also feasible to damp the oscillation in certain structured,
highly nonlinear oscillating problems from mechanical systems. Even with
numerical methods based simply on damping the oscillation, there can be
unforeseen difficulties due to the nonlinear oscillation, for example in auto-
matic stepsize control and in obtaining convergence of the Newton iteration
of implicit numerical methods. In other applications, damping the oscillation
can destroy important properties of the solution. For these problems, much
attention has been focused on preserving important physical and mathem-
atical properties like the energy or the symplectic structure of the system.
Many of the numerical methods that can do this require relatively small
stepsizes. Efficiency is also an important consideration, making these prob-
lems quite challenging. Still other problems yield systems with a single
high-frequency oscillation. Methods based on envelope following can yield
the smooth solution in this case.

It is important to recognize that, in general, one should not expect to be
able to numerically solve nonlinear highly oscillatory problems using step-
sizes which are large relative to the timescale of the fast solution. Stand-
ard numerical ODE methods make use only of local information about the
problem, obtained from evaluating the right-hand side of the differential
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equation. The methods which for some applications are able to take large
stepsizes are able to do this by implicitly or explicitly making use of global
information about the problem and/or its mathematical structure. For ex-
ample, it is feasible to damp the oscillation for certain mechanical systems
only because of a very specific mathematical structure. The LIN method
of molecular dynamics makes use of both the mathematics and the phys-
ics of the problem. Envelope-following methods make use of the fact that
for some problems it is known a priori that the fast solution has a single
high-frequency component.

Unlike most stiff problems, which can be solved by strongly damped impli-
cit numerical methods, effective solution of nonlinear highly oscillatory prob-
lems generally requires exploitation of the problem structure and a careful
examination of the objectives and intended use of the computation. There-
fore we have based the organization of this paper on classes of application
problems. Section 2 covers linear problems and basic concepts that are fun-
damental to understanding numerical methods for highly oscillatory prob-
lems. Section 3 deals with highly oscillatory rigid and flexible mechanical
systems, describing the nonlinear structure of these systems and implica-
tions for numerical methods, when and how the oscillation can be safely
and efficiently damped, modal analysis techniques from structural analysis,
and the problems and considerations in extending these techniques to flex-
ible multibody systems. Section 4 briefly describes problems and numerical
methods for molecular dynamics. Section 5 describes problems from circuit
analysis and orbital mechanics for which envelope-following techniques are
applicable, and describes those numerical methods.

2. Basic concepts and methods for linear oscillatory systems

Numerical methods used to treat oscillatory problems differ, depending on
the formulation of the problem, the knowledge of certain characteristics of
the solution, and the objectives of the computation (Gear 1984). However,
certain concepts are common to most classes of methods. Since it is not
possible to give a uniform presentation of these concepts, as an illustra-
tion we will consider the class of partitioned Runge-Kutta (PRK) methods
which includes standard Runge-Kutta (RK) methods and other schemes of
interest, such as the Verlet algorithm (4.2). For other classes of methods,
the definitions are analogous.

To investigate the stability properties of numerical methods applied to
oscillatory systems, the scalar harmonic oscillator equation

"

Y = —w?y, (w>0) (2.1)

is chosen as a standard test equation. This is the analogue of Dahlquist’s
test equation y' = Ay for first-order ODEs, although the situation is not
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totally parallel to problems with large negative eigenvalues of the Jacobian
matrix. The solutions to (2.1) are given by the family of sine curves y(t) =
Asin(wt + ¢), where the expression wt + ¢ is called the phase. The real
parameters A > 0, w, and ¢ are called, respectively, the amplitude, the
pulse, and the phase-lag. The period of the solution is T := 27 /w and its
frequency is f := 1/T = w/2n. The parameters A and ¢ are determined
from the initial conditions. Sine curves are archetypal oscillatory functions
and they form the basis of Fourier analysis.

To apply PRK methods, we must first rewrite (2.1) as a first-order system
by introducing a new variable z := ¢/, yielding

Yy =z, 2= —w2y. (2.2)

This is one of the simplest systems for which the eigenvalues (tiw) of the
Jacobian matrix of the system are purely imaginary. This is also a lin-
ear Hamiltonian system with Hamiltonian H(y,z) = (w?y? + 22) /2. PRK
methods take advantage of the intrinsic partitioning of the equations by
making use of the conjunction of two sets of RK coeflicients. One step of an
s-stage PRK method applied to partitioned systems of the form

¥ = fty,2), 2 =gty 2),
with initial values (yg, z9) at ty and stepsize h, is defined by

S S
n =yo+hY bif(t,Y; Z), 2 =z20+h> big(ti,Vi, Zs),

=1 i=1

S 8
Y, =y +hd a;ft;,Y5,Z),  Zi=z+h) ai;9,Y5 %)),
=1 =1
where t; := to + ¢;h. The coefficients (b;, a5, ¢;) and (b;, @44, ¢;) are the coef-
ficients of two RK methods based on the same quadrature formula (b;, c;).
Applying the PRK method to (2.2) we get

( Y1 ) — DyM(u)D3! ( Yo )

21 20

where p := hw, D,, := diag(l,w), and M(p) is the 2 x 2 stability matriz of
the PRK method. This matrix is given by

-1
_ O b7 I, —pA 1, O
where we have used 1, to denote the s-dimensional vector (1,...,1)%, I, for

the identity matrix in R™*", {A, 21\} for the matrices of the RK coefficients,
and b for the vector of the RK weights. Other expressions for the stability
matrix can be derived with the help of Van Der Houwen and Sommeijer
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(1989, Lemma 2.1). The exact solution to (2.2) at ¢ + h can be expressed
by

yto+h) \ _1/{ %o _ cos(p) sin(p)
( z(to + h) ) = D.8(wD.! ( 20 )’ Ol = ( —sin(u) cos(u) ) '

The eigenvalues of the rotation matrix ©(u) are of modulus one. This mo-
tivates the following definition.

Definition 2.1 For a PRK method, an interval I with {0} C I C R is
an interval of periodicity if for all u € I the eigenvalues A\;(p) (1 = 1,2)
of the stability matrix M(p) (2.3) satisfy |A(u)] = 1 (i = 1,2) and, if
A1(p) = Aa(p), then this eigenvalue must possess two distinct eigenvectors.
A method is said to be P-stable if R is an interval of periodicity.

If the interval of periodicity is not reduced to {0}, the method is usually
called nondissipative. These concepts are due to Lambert and Watson (1976)
and were originally introduced for linear multistep methods applied to y"” =
g(t,y). They proved that nondissipative linear multistep methods must be
symmetric. They also stated that P-stable linear multistep methods cannot
have order greater than two. A proof of this result in a more general setting
was given by Hairer (1979). This is a result similar to the famous Dahlquist’s
second barrier (Dahlquist 1963). To overcome this order barrier, several
hybrid multistep methods have been derived (Cash 1981, Chawla and Rao
1985, Hairer 1979), for instance, a P-stable modification to the fourth-order
Numerov method (Hairer 1979). For standard RK methods (A = A) the
eigenvalues of the stability matrix are simply given by A;(u) = R(ip) and
A2(p) = R(—iu) = A (p), where R(z) = 1 + 2b7 (I, — 2A) "1, is the usual
stability function of the RK method. Hence, we have the following well-
known result.

Theorem 2.1 Symmetric RK methods are P-stable.

For example, the implicit midpoint rule is P-stable. However, a similar
theorem does not hold for PRK methods. For example, we can consider the
coefficients of the two-stage Lobatto IIIA-IIIB method (Jay 1996)

A:(l(/)2 1(/)2)’ 3=(}@ 8)’ b= (1/2 1/2).

This symmetric and symplectic method is equivalent to the famous leapfrog/
Stérmer/Encke/Verlet method (4.2) used for second-order ODEs. Necessary
conditions on the coefficients of the stability matrix M(u) to satisfy the
conditions of Definition 2.1 are given by

det(M(u) =1, [te(M(u)| <2. (2.4)
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The stability matrix of the two-stage Lobatto IITA-IIIB method is

_( 1-#2 p
Mp) = ( —pu+pi4 1 p?)2 )

It satisfies det(M (p)) = 1, but only |tr(M(p))| = |2 — p2|. Thus, according
to (2.4) this method is not P-stable; its interval of periodicity (and of abso-
lute stability, see below) is (—2,2). As pointed out in Lambert and Watson
(1976), the relevance of the property of P-stability seems restricted to situ-
ations exhibiting periodic stiffness, that is, where the oscillatory solution
is of negligible amplitude. The reason is that the stepsize of a method is
not only limited by stability requirements but is also dictated by accuracy
requirements. A stepsize of the same magnitude as the period of oscilla-
tion with highest frequency is required even for P-stable methods to follow
this oscillation in order to preserve the accuracy of the method, unless its
amplitude is sufficiently small.

The weaker property of nondissipativity is of primary interest in celestial
mechanics for orbital computation, where it is desired that the numerically
computed orbits do not spiral inwards or outwards. In this context, a related
notion is the property of orbital stability of Cooper (1987), that is, the preser-
vation of quadratic invariants by the numerical method. The construction of
nondissipative explicit Runge-Kutta—-Nystrém (RKN) methods of order two
to five with a minimal number of function evaluations per step and possess-
ing relatively large intervals of periodicity is given in Chawla and Sharma
(1981a) and (19815). In Portillo and Sanz-Serna (1995), it is shown with
an example that, for Hamiltonian systems, nondissipative methods do not
in general share the advantageous error propagation mechanism possessed
by symplectic methods (Sanz-Serna and Calvo 1994). In this framework, an
explicit symplectic method of effective order four with three function eval-
uations per step and with a maximal interval of periodicity is presented in
Lépez-Marcos, Sanz-Serna and Skeel (1995b).

In certain applications, it can be desirable to leave the fast oscillation
modes unresolved. For example, in many structural dynamics applications
(see Subsection 3.5), high-frequency oscillations are spurious and should be
damped out. Hence, we can consider a less stringent notion of stability.

Definition 2.2 Replacing the condition |A;(p)] = 1 by |Ai(p)] < 1 in
Definition 2.1 we define the notions of an interval of absolute stability and
of I-stability.

For standard RK methods we recover the usual definition of I-stability
(Hairer and Wanner 1996). L-stable RK methods, i.e., RK methods satis-
fying R(oo) = 0 and |R(2)| < 1 when Re(z) < 0, such as the implicit Euler
method, may be appropriate to damp out highly oscillatory components
(corresponding to large p) since they are I-stable and satisfy lim,, oo |As(1)]



446 L. R. PETZoLD, L. O. JAY, AND J. YEN

=0 (¢ = 1,2). When the eigenvalues of the stability matrix (2.3) are con-
jugate, we can write

Ar(p) = Aa(p) = p(p)e®®),

where p(u) and 6(u) are real-valued functions. Notice that the exact solu-
tion of (2.2) in C is reproduced if p(u) = 1 and 6(p) = p. Following Brusa
and Nigro (1980), we can define the functions a(u) and b(u) by the rela-
tions p(u) = e W and O(u) = pb(u). The function a(u) is called the
factor of numerical (or algorithmic) damping. Owren and Simonsen (1995)
have constructed families of L-stable singly diagonally implicit Runge—Kutta
(SDIRK) methods with controllable numerical damping. The expression
|b(t) — 1| is called the frequency distortion. In the phase-lag expansion of
the relative period error b(p)—1 = b, (u)u" +O(u™+1) with b,(u) # 0, the ex-
ponent 7 is called the dispersion order. In Van Der Houwen and Sommeijer
(1987) and (1989), several nondissipative RKN methods and diagonally im-
plicit RK (DIRK) methods with high order of dispersion are derived. On
certain test problems with oscillatory solutions, they show that the accuracy
of the method is mostly determined by its dispersion rather than by its usual
local truncation error. Other related error measures are often used in the
literature to compare the merits of different methods, such as the (relative)
amplitude (or amplification) error for 1 — p(u) and the phase (or period)
error (or dispersion or phase-lag) for p — 6(u).

In addition to the natural free modes of oscillation of a system, modelled
by the harmonic oscillator equation (2.2), the presence of forcing terms of
oscillation may be considered. A simple inhomogeneous test equation in C
is given by
iwft,

Y = —w?y + e (w# wf,w > 0,wy > 0),

where wy /2 represents the frequency of the forcing term. The exact solution
is

It may be of interest to know how well a numerical method approximates the
second term of the solution, corresponding to the forcing term. Nevertheless,
it must be emphasized that the inhomogeneous phase error introduced by
the forcing term remains constant, whereas the homogeneous phase error
due to the free oscillation accumulates with time and is therefore the main
source of errors (Van Der Houwen and Sommeijer 1987). Methods with
no inhomogeneous phase error are said to have in-phase forced oscillations
(Gladwell and Thomas 1983).

Several different methods have been proposed for problems whose solu-
tions are known to be periodic and such that the period can be estimated
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a priori. In Section 5 we will treat in detail the envelope-following tech-
niques. Another category of methods which can be interpreted as exponen-
tially fitted methods (Liniger and Willoughby 1970) is based on the exact
integration of the trigonometric polynomials cos(fwt),sin(fwt) (£ =1,...,7)
with w fixed. Such methods depend on a parameter & approximating w.
They are exact when W = w, but they may be sensitive to an inaccurate
estimate of w. Gautschi (1961) was the first to develop a basic theory for
linear multistep methods with modified coefficients depending on g := Wh.
In the limit as # — 0, those methods reduce to the classical Adams and
Stormer methods. As an example, the modified two-step explicit Stérmer
method of classical order p = 2 and of trigonometric order r = 1 applied to

y" = g(t,y) is given by

2sin(f/2)\?
Yn+1l — 2Yn + Yn—1 = h2 (’_gﬂ) g(tnayn)'

Methods of Nystrém and Milne-Simpson type, less sensitive to inaccuracy
in estimating w, can be found in Neta and Ford (1984). Using different
techniques from mixed interpolation (De Meyer, Vanthournout and Vanden
Berghe 1990), Vanthournout, Vanden Berghe and De Meyer (1990) have
constructed methods of Adams, Nystrom, and Milne-Simpson type with
an elegant derivation of their local truncation error. More general, and re-
quiring more parameters, is the exact integration of products of ordinary
polynomials and trigonometric functions with multiple frequencies given in
Stiefel and Bettis (1969) and Bettis (1970), where methods of Stormer type
are constructed. This was motivated from applications in celestial mechanics
to take into account secular effects of orbit motion. Still in the same frame-
work, the minimaz methods of multistep type proposed by Van Der Houwen
and Sommeijer (1984) attempt to minimize the local truncation error over a
given interval of frequencies [Wmin, Wmax)- Such methods are less sensitive to
inaccurate prediction of the frequencies. However, as for all methods men-
tioned in this paragraph, the presence of perturbations superimposed on
the oscillations generally decreases dramatically the performance of these
methods. Using an approach based on the ‘principle of coherence’ of Hersch
(1958), numerical methods of multistep type for nearly linear ODEs are pro-
posed in Denk (1993) and (1994), but they require the exact computation
of the matrix exponential.

For certain problems with slow and fast components, multirate methods
may be applied to reduce the total computational effort. A first method is
used with one macrostep H to integrate the slow components and a second
method is applied N times with a microstep h (H = Nh to ensure synchron-
ization) to integrate the fast components. The main difficulty with multirate
methods is the assumption, before performing a macrostep, that the split-
ting between slow and fast components is known. In a counterintuitive but
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justified ‘slowest first strategy’ (Gear and Wells 1984), the slow compon-
ents are integrated first using extrapolated values for the fast components
and then the fast components are integrated using interpolated values for
the slow components. Multirate Rosenbrock—Wanner (MROW) methods are
analysed in detail in Glinther and Rentrop (1993a) and (1993b). They have
constructed a four-stage A-stable method of order three with a second-order
embedded formula for error estimation. Their partitioning strategy is based
on the stepsizes predicted for each component. In highly integrated electrical
circuits applications, where most of the elements at any given time are in-
active, they also make use of some information about the neighbourhood of
the active elements to improve the performance of the partitioning strategy.
A multirate extrapolation method based on the explicit Euler method has
been developed by Engstler and Lubich (1995). An inexpensive partitioning
strategy is implemented, which consists of stopping to build the extrapola-
tion tableau for the components recognized as sufficiently accurate. Closely
related to multirate methods are multiple time-stepping (MTS) methods.
The right-hand side of the ODE is split as a sum of fast and slowly varying
functions which are evaluated at different rates (see Subsection 4.5).

In the next sections we will deal with different classes of problems ex-
hibiting oscillatory behaviour. For each class of problems we will discuss
the structure of the equations, the objectives of the numerical simulation,
the computational challenges, and some numerical methods that may be
appropriate.

3. Mechanical systems
3.1. Multibody systems

The governing equations of motion of a mechanical system of stiff or highly
oscillatory force devices may be written as a system of DAEs (Brenan,
Campbell and Petzold 1995)

M(Q)d" + GT (A — (£5(d, a.t) + fM(d.a,t)) = 0,  (3.1a)
gl@ = 0, (3.1b)

where ¢ = (g1, .- .,qn)T are the generalized coordinates, ¢’ = dq/dt the gen-
eralized velocities, ¢ = d%q/dt? the generalized accelerations, A = (g, ...,
Am)T the Lagrange multipliers, M is the mass-inertia matrix, g = (g1,...,
gm)T the holonomic constraints, and G = 8g/dq. The stiff or oscillatory
force is f* = an >, and f™ includes all the field forces and the external
forces which are nonstiff compared to the stiff components, that is,

of?® of"
Ha(q,q ‘

> o
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The stiff force components in (3.1a) can often be written in the form

fi =—-Bi(qg) (Kﬂh‘(Q) + Cz%) ; (3.2)
where 7; is smooth, i € {1,...,ns}, B; = (0n;/8q)T, and K;, C; are the
associated stiffness and damping matrices. For some generalized coordinate
sets, the functions 7; may be linear, or even the identity. When the compon-
ents of the coefficient matrices K; and C; are large, these force components
may cause rapid decay or high frequency oscillation in the solution of (3.1).
It is well known that the characteristics of the fast or slow solution are de-
termined not only by the modelling aspects, for example the coefficients of
the stiffness and damping matrices, but also by the initial conditions and
events that may excite stiff components in the system during the simulation.

To demonstrate some of the potential difficulties caused by highly oscil-
latory forces in mechanical systems, we consider two common oscillatory
forces: a spring force (which is exemplified by the stiff spring pendulum of
Section 1), and a 2D bushing force. The former is a very simple example of
a type of system often seen in molecular dynamics (see Section 4), and the
latter is a general form of modelling force devices in multibody mechanical
systems.

Spring force
The stiff spring pendulum of Section 1 is an example of a point-mass con-
nected to a stiff spring force. The equations of motion of the particle in
Cartesian coordinates are given by (1.1), where the spring force is given by
(xX,yA\)T. This problem is highly nonlinear, due to (1.le). Since most of
the mathematical methods for oscillatory problems assume a nearly linear
form of the problem, and many numerical techniques are implicitly based on
linearization, we will begin by examining the structure of the local linearized
system. The eigenvalues of the underlying ODE of (1.1), that is, substitut-
ing (1.1e) into (1.1¢c, 1.1d), are illustrated for ¢ = V1073 in Fig. 3. The
dominant eigenvalues are +i/e. As € — 0, the dominant pair of eigenvalues
approaches +oo along the imaginary axis. The other pair of eigenvalues
oscillates on the complex plane, with amplitude and frequency approaching
+o00. The amplitude of the oscillations in the eigenvalues depends on the
initial conditions for the problem. If the initial conditions are on the slow
solution, then the amplitude is zero. In Fig. 3, we have chosen the initial
conditions to be slightly off the slow solution, which is the situation for most
numerical methods. From this we can see that methods based on lineariza-
tion are likely to fail for this problem unless the stepsizes are very small or
the linearization is performed exactly on the slow solution.

In Section 1, we showed that a slow solution for this problem could be
identified by shifting to polar coordinates. One might guess that perhaps
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Fig. 3. Eigenvalues of stiff spring pendulum in Cartesian coordinates, ¢ = 107!

the oscillation in the eigenvalues described above is due to the choice of the
Cartesian coordinate system, which is unnatural for this problem. This is
true, but only partly so. The eigenvalues along the solution trajectory in
polar coordinates are shown in Fig. 4. The dominant eigenvalues are of the
same magnitude as those in (1.1); see Fig. 3. This is because the coordinate
transformation is linear with respect to the fast moving r. The oscillation
of the other pair of eigenvalues along the real axis persists.

Bushing force

Nonlinear oscillations in general multibody systems are often generated by
forces from components such as bushings. This type of component is used
in modelling vehicle suspension systems. Unlike the spring, this element is
usually an anisotropic force, that is, it has different spring coeflicients along
the principle axes of the bushing local coordinate frame. The bushing force
between body-i and body-j may be defined using the relative displacement
d;;, its time derivative dgj, and the relative angle 6;; and its time derivative
0;; of two body-fixed local coordinate frames at the bushing location on
two bodies. Using the vectors s; and s; representing the bushing location
in body-i’s and body-j’s centroid local coordinate systems, respectively, we

have
xI; Iq
dij = ( vi ) — ( yj ) + A;s; —Aij,
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Fig. 4. Eigenvalues of stiff spring pendulum in polar coordinates, ¢ = 10715

where the orientation transformation matrices Ay are

A= 400 = (o) “eonter) )

and (zk, Yk, 0%) are coordinates at body-fixed frames. The bushing force f;
can then be written as

fE K0 T c 0 T

and the applied torque is
o d0s;

dt’
where k%, k¥, and kP are the spring coefficients associated with the z, y, and
6 coordinates, and ¢*, ¢¥, and ¢ are the corresponding damping coefficients.

An example of a simple mechanical system incorporating this force may
be obtained from this model using unit mass-inertia and gravity, and setting

the bushing location on the body to s = (—1/2,0). A bushing element with
no damping, attached at the global position of (1/2,0), yields

0 = 'k (% -+ 0052(0)) , (3.3a)

T = kogij +c

0 = ' +k <y - 332@) +1, (3.3b)
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0 = 60" +k% — SI—HQ@W (% —z+ %gl) (3.3¢)
cos(f) , , sin(6)
- k (y - ) .

It can be seen from (3.3) that the local eigenstructure of the system may
change rapidly, depending on the size of the stiffness coefficients. Using
the initial values (z,y,6) = (1.1,0.1,0.0) with (k% k¥, k%) = (10%,10%, 10%),
the solution of (3.3) exhibits high-frequency oscillations in all variables, as
shown in Fig. 5. Solving the eigenvalue problem of (3.3) at each time-step
yields three pairs of eigenvalues as illustrated in Fig. 6.

1.2 20

08 0.2 0.4 0.6 2% 0.2 0.4 0.6
0.1 10

> 0 \/\/ g 0

L

o1 0.2 0.4 06 1% 0.2 0.4 0.6
0.1 10
2 o g’ 0

015 0.2 0.4 0.6 1% 0.2 0.4 06

Fig. 5. Bushing problem in Cartesian coordinates

Structure of limiting DAE

Another source of difficulties for the numerical solution arises from the struc-
ture of stiff multibody systems. These systems are singular singular perturb-
ation problems (O’Malley 1991). In the limit as the fast timescale tends to
infinity, the system becomes a high-index DAE. For example, as € — 0 in the
stiff spring pendulum problem (1.1) or (1.2), the equations become those of
a rigid pendulum. This index-3 DAE has a Hessenberg structure. Numerical
solution of high-index DAE systems of Hessenberg structure has been extens-
ively studied (Brenan et al. 1995, Hairer, Lubich and Roche 1989, Hairer and
Wanner 1996). There are well-known difficulties with numerical accuracy,
matrix conditioning, error control, and stepsize selection. Roughly speak-
ing, the higher the index of a DAE, the more difficulties for its numerical
solution. Hence, it is not surprising that there would be difficulties for the
numerical solution of highly oscillatory mechanical systems.



OSCILLATORY SYSTEMS 453
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Fig. 6. Eigenvalues of bushing problem

3.2. Finding the slow solution

Given the situation of a rapidly changing local eigenstructure, perhaps the
simplest strategy for numerical solution is to consider damping the oscil-
lation, when it is of sufficiently small amplitude, via highly stable implicit
numerical methods. First, we want to emphasize that damping the oscil-
lation for general nonlinear systems is not safe and can easily lead to an
erroneous solution! However, the system may have a very special structure
such that this approach is appropriate.

Lubich (1993) has shown that the numerical solution of stiff spring mech-
anical systems of a strong potential energy (for instance, a stiff spring force
such as in (1.1)) by a class of implicit Runge-Kutta methods with step-
size independent of the parameter €, converges to the slowly varying part
of the solution. These results have been extended to a class of multistep
Runge-Kutta methods (Schneider 1995). Unfortunately, it is not clear that
these results may apply directly to all the types of oscillatory components
in multibody systems. As indicated in Lubich (1993), the representation of
stiff or oscillatory components in an appropriate coordinate system is not
always possible, that is, the constraints associated with the stiff or oscillat-
ory potential force can be difficult to obtain in general. Nevertheless, for
(3.1), an approximation of the dynamics of such local coordinates can be
obtained for oscillatory force components of the form (3.2).

The amount of damping in a highly stable implicit method is controlled
by the stepsize; for the types of methods that one would consider using
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for this purpose, the damping increases with the stepsize. One might hope
that the automatic stepsize selection mechanisms used in variable-stepsize
ODE/DAE codes would increase the stepsize whenever the magnitude of
the oscillation is small compared with the local error tolerances. This works
well, but only if the usual error control strategy is changed to one that is
appropriate for the limiting high-index DAE.

There are also difficulties with Newton convergence for implicit numerical
methods applied to highly oscillatory nonlinear mechanical systems (Lubich
1993, Yen and Petzold 1997). The Newton iteration at each time-step does
not converge for large (relative to the period of the high-frequency oscilla-
tion) stepsizes. The problem is due to the linearization on which Newton’s
method is based. With the eigenstructure of the local Jacobian matrix chan-
ging so rapidly, Newton’s method does not yield good directions to the slow
solution unless the initial guess (prediction) is extremely accurate; such an
accurate initial guess can only be attained by using very small stepsizes.
Some variables can be predicted more accurately than others. Variables
that play the role of Lagrange multipliers in (3.1) are not predicted well by
polynomial extrapolation, which is used in many ODE/DAE codes. This is
not surprising: these variables depend directly on the second derivatives of
the highly oscillatory position variables.

Yen and Petzold (1997) have recently proposed a coordinate-split formula-
tion of the equations of motion which eliminates difficulties due to obtaining
an accurate predictor for the Lagrange multiplier variables, because these
variables are no longer present in the computation. These methods are par-
ticularly effective for oscillatory multibody systems with components such
as the stiff bushing. The coordinate-split formulation is described as follows.
Direct numerical integration of the index-3 DAE (3.1) suffers from the well-
known difficulties inherent in the solution of high-index DAEs. One way to
lower the index involves introducing derivatives of the constraint g(g), along
with additional Lagrange multipliers p. This yields the stabilized indez-2 or
GGL formulation of the constrained equations of motion (Gear, Gupta and
Leimkubler 1985)

¢ —v+GT(gp = 0, (3.4a)
M(g)v' + GT(Q)A - f(v,q,t) = 0, (3.4b)
Glgv = 0, (3.4c)

g(g) = 0, (3.4d)

where v = ¢’ and f = f*+ f™, which has been used widely in simulation. The
Lagrange multiplier variables A and y fulfil the role of projecting the solution
onto the position (3.4d) and the welocity (3.4c) constraints, respectively.
Many of the numerical methods for multibody systems solve the system
(3.4) directly. It is also possible to eliminate the Lagrange multipliers and
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reduce the size of the system to the number of degrees of freedom. One way
to accomplish this begins with the stabilized index-2 system (3.4). Suppose
that G(p) is full-rank on the constraint manifold M = {q € R" : ¢(q) =
0}. Then one can find an annihilation matrix P(q) € R™®~™*" gych that
P(q)GT(q) = 0, for all ¢ € M. Premultiplying (3.4a) and (3.4b) by P(q)
yields an index-1 DAE

P(q) (¢ —v) 0, (3.5a)

P(q) (M(g)v' — f(v,q,1)) 0, (3.5b)
Glgv = 0, (3.5¢)

9(q) 0. (3.5d)

An important practical consequence of (3.5) is that (u, A) have been elim-
inated from the DAE, via multiplication of (3.4a, 3.4b) by the nonlinear
P(q). Thus, the error test and the Newton iteration convergence test in a
numerical implementation of (3.5) no longer need to include the problematic
Lagrange multipliers (u, A).

The coordinate-split method gives an inexpensive way to find P(q) via
a splitting of the Cartesian basis (Yen and Petzold 1996). Discretizing the
coordinate-split formulation by an implicit method like BDF or an implicit
Runge-Kutta method, it seems at first glance that the local Jacobian mat-
rix might be difficult to compute, because it involves derivatives of P(q).
However, this is easily overcome by using the formula for the derivative of
a projector given by Golub and Pereyra (1973) and the resulting method
lends itself to efficient implementation.

The performance of damped numerical methods for highly oscillatory
mechanical systems is improved by using the coordinate-split formulation.
However, for problems with very high-frequency oscillations, there are still
difficulties for Newton convergence. To obtain rates of convergence which
are independent of the frequency of the oscillation, Yen and Petzold (1997)
have introduced a modification to the Newton iteration, that is, the modified
coordinate-split (CM)-iteration. The basic idea of the CM-iteration is that
there are terms in the Jacobian which involve derivatives of the projection
onto the constraint manifold. These terms are large and complicated to com-
pute, but small on the slow solution. For example, applying a (low-order)
BDF formula to (3.5) yields the nonlinear system

P(Qn)h(thn - Un) 0, (3.6&)
P(gn)h(M(gn)prvn — f(vn, @n,tn)) = 0, (3.6b)
G(gqn)vn 0, (3.6¢)

g(gn) = 0, (3.6d)

where p;, is the discretization operator, and h is the stepsize of the time
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discretization. Given an initial prediction (q7(10), ne ), applying Newton-type

methods to (3.6) requires the solution of a linear system

J(qn, 'Un)(AQm A'Un) = _T(Qn, 'Un)

such that Ag, and Awv, are the increments of ¢, and v,,

P(gn)[(%7 ) )5y 1+ h2)  _hP(gy)
Hanvn) = | PG s+ SHl] Pl |
AL i) G(gn)
G(Qn) 0
and

7(gn, vn) = (P(gn)71(qn, vn), P(gn)T2(@n; vn), G(@n)vn, 9(gn)),

where s; = —(GY) TYTry, 55 = —(GY) TYTry, r1 = h(pngn — vn), and
ro = h(M(gqn)prvn — f(Un,qn,tsn)). The terms which cause the Newton
convergence problem are those involving s; and s3. Away from the slow
solution, small perturbations in the positions can result in large changes in
these terms, leading to convergence difficulties for the Newton iteration. The
CM-iteration sets these terms to zero, yielding a reliable direction towards
the slow solution for the Newton-type iteration. Convergence results for
the CM-iteration are given in Yen and Petzold (1997). For nonoscillatory
mechanical systems, the convergence behaviour of the CM-modification is
similar to that of standard Newton.

For nonlinear mechanical systems with small-amplitude, high-frequency
oscillations, the CS formulation combined with a highly stable implicit meth-
od to damp the oscillations and the CM-modification to the Newton iteration
can be highly effective. A two-body pendulum problem in 2D Cartesian co-
ordinates, with a bushing force, as given in Subsection 3.1, which is the
source of the high-frequency oscillation, is described in Yen and Petzold
(1997). In experiments at very high frequencies using the BDF code DASSL
(Brenan et al. 1995) with the method order restricted to two, the CS for-
mulation is solved twice as efficiently as the GGL formulation (3.4). The
CM modification to the Newton iteration further improves the efliciency
by a factor of more than a hundred. At lower frequencies, of course, the
comparison is less dramatic.

An alternative to numerical methods that use damping to find the slow
solution is to approximate the slow solution directly. Reich (1995) has ex-
tended the principle of slow manifold, which has been widely used in the
approximation of multiple timescale systems (Fenichel 1979, Kopell 1985),
to the DAEs of multibody systems with highly oscillatory force terms. Al-
gebraic constraints corresponding to the slow motion were introduced with
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a relaxation parameter to preserve the slow solution, while adding flexibility
to it in the slow manifold approach.

8.8. Flexible multibody mechanical systems

The numerical solution of flexible multibody systems is required for non-
linear dynamic analysis of articulated structures. The need for modelling
deformable bodies has been kindled by the dynamic simulation of physic-
ally large and massive mechanisms, such as aeroplanes, industrial robots
and automobiles. These are structures in which kinematic connections per-
mit large relative motion between components that undergo small elastic
deformation. A source of difficulty in the solution of flexible multibody
equations of motion is the coupling between the elastodynamic equations
and the gross motion. The methods for analysing flexible mechanisms can
generally be divided into two categories:

(i) methods that focus on the structure, while using the gross multibody
motion as a source of dynamic loading

(ii) methods that incorporate flexibility effects into the multibody dynamic
analysis.

Simulation of flexible multibody systems has been an active research topic
for the last two decades. Many of the methods for flexible multibody sys-
tems have been implemented in multibody dynamic analysis codes (Haug
1989, Nikravesh 1988, Pereira and Ambrédsio 1993). For such systems, an
important feature of the solution is the nonlinear oscillations induced by the
elastodynamics equations. Moreover, since the governing equations of flex-
ible multibody systems are often modelled using algebraic constraints, the
numerical solution of DAEs is required. As discussed in the two previous
subsections, the numerical solution of the resulting highly oscillatory DAEs
presents many challenging problems.

Modelling of flexibility effects in multibody systems can significantly al-
ter the dimension and solutions of the governing equations of motion. It
is well documented that adding flexible components to rigid body models
can drastically increase the computational complexity. For instance, a typ-
ical rigid-body model of a ground vehicle, such as a passenger car, may
consist of several rigid bodies of 10-100 coordinates. Replacing the chassis
of the car with its flexible model can increase the number of coordinates
to millions. Compounding the difficulty of an increased dimension are the
high-frequency oscillations that arise from the modal stiffness and damping
coefficients. They represent both the physical and geometrical approxim-
ations of the elastic, plastic, and viscoelastic effects of the flexible bodies,
and their eigenvalues are usually of magnitudes greater than those of the
gross motion. It has been shown for some flexible multibody systems that
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the coupling of unresolved high frequencies to the rigid motion may result
in a nonlinear instability. In Simo, Tarnow and Doblare (1993), the nu-
merical simulation of a flexible rod illustrates the nonlinear instability in
Hamiltonian systems. For nonconservative flexible mechanisms, such prob-
lems can be found in the approximation of the deformation of elastic bodies
in constrained multibody systems (Yoo and Haug 1986, Yen, Petzold and
Raha 1996). Special care must be taken to maintain the stability of the
oscillatory components in the solution. In the following, we give an over-
view of the numerical techniques used for handling oscillations in flexible
multibody systems. We begin with a summary of computational methods
used in structural dynamics.

3.4. Modal analysis of structures

Applying spatial discretization to the elastomechanical PDE, the dynamic
equations of the response of a discrete structural model are given by

Meu" + Cu' + Kou = f(t), (3.7

where u is the nodal displacement, f(¢) is the load, and M€, C¢, and K*
are constant mass, damping, and stiffness matrices of the node coordinates,
respectively. Numerical methods have been developed based on spectral

decomposition of this linear ODE system. Rewriting (3.7) as a first-order
ODE, we obtain

(5 )43 2)()-() o0

Denoting z = (u/,u)7, the solution of (3.8) can be written explicitly,
z ="z + F(t), (3.9

where zp and F(t) are two vectors that depend on the initial values and
loading function, and

A_( 0 Me)‘l(—Me 0 )

T\ Me Ce 0 K¢/

Using (3.9), numerical solution techniques for (3.7) can be unified in the

framework of approximating the exponential of the matrix A times a vector.
A straightforward approach for dealing with the high frequencies in (3.7) is

to truncate the higher eigenmodes, which were obtained from the generalized

eigenvalue problem of the matrix K€ —w?M® (Bathé and Wilson 1976, Craig

and Bampton 1968). For most structures the eigenvectors, or normal modes

¢;, span the nodal coordinate space, and form the coordinate transformation,

for instance the modal matriz, from the nodal coordinates u to the modal
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coordinates 7,

N
u=">_ ¢y =dn. (3.10)
=1

Note that the nodal and modal coordinates in (3.10) are those corresponding
to the undamped system of (3.7).

To approximate the harmonic frequencies of (3.7) with fewer modes, one
can apply the Rayleigh—Ritz method to the undamped system, employing the
Rayleigh quotient and Ritz vectors (Bathé and Wilson 1976). In contrast to
the mode-superposition method, which requires all the natural frequencies
(eigenvalues) and modes (eigenvectors) to satisfy

(K® —w?M®)¢; =0, fori=1,2,...,N,

the Rayleigh-Ritz method allows the use of a few shape vectors (Ritz vec-
tors) to approximate the solution of (3.7). For some classes of problems, the
Rayleigh—Ritz method is more efficient than eigenvector mode superposition
methods for computing the dynamic response of (3.7). Efficient numerical
procedures have been developed for determining a set of lowest orthonormal-
ized Ritz vectors (Chen and Taylor 1989, Wilson, Yuan and Dickens 1982).
For flexible multibody simulation, the oscillatory solution can be eliminated
by removing the high modes, provided that the reduced structural model is
consistent. More precisely, the deformations at the locations of kinematic
joint and force attachment nodes must be taken into account for some proper
mode shapes, for instance constraint or attachment modes (Craig 1981).
For damped systems, the aforementioned methods assume proportional
damping or, more generally, modal damping of (3.7) (.e., that the damping
matrix satisfies d);preq&j = 0,1 # j) for lack of a more realistic representation
in many of the structural models. This approach may be too simplistic to be
effective in some applications. A general approach to the numerical solution
of (3.7) solves the generalized unsymmetric eigenvalue problem (Lanczos
1950), where the equations of dynamic equilibrium are first transformed
into a first-order system (3.8) (Nour-Omid and Clough 1984). The develop-
ment of numerical solution techniques for this problem has been one of the
most active research topics in iterative solution of linear systems (Freund,
Golub and Nachtigal 1992). Some efficient numerical methods developed in
recent years are based on Krylov subspace approximations to (3.9) (Fries-
ner, Tuckerman, Dornblaser and Russo 1989, Gallopoulos and Saad 1992).
Such Krylov subspace approximations have been used in structural dynam-
ics (Nour-Omid and Clough 1984) and chemical physics (Park and Light
1986). A recent study (Hochbruck, Lubich and Selhofer 1995) indicated
that a class of exponential integrators has favourable properties in the nu-
merical integration of large oscillatory systems. What remains to be seen is
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an effective application of these exponential integrators for simulating large
flexible mechanisms.

Another approach to incorporating flexible components in multibody dy-
namics is to use nonlinear beam theory, which applies finite element approx-
imation to the forces resulting from body deformation (Hughes 1987, Simo
and Vu-Quoc 1986, Cardona and Géradin 1993). An appropriate nonlinear
beam formalism requires in many cases incorporating geometric nonlinear
effects such as geometric stiffening, which contribute inertia forces to the
global motion. The approximation of the inertia force due to geometric non-
linearity usually depends on the nodal position and velocity, for instance, the
damping and stiffness matrices of (3.7) become nonconstant. In some cases,
these nonlinear forces introduce additional oscillations, which can hinder
efficient numerical solution of flexible multibody systems (Simeon 1996).

3.5. Numerical integration methods

Time integration algorithms for solving structural dynamics problems have
been developed since the late 1950s (Newmark 1959). General requirements
and the foundations of these methods have been well documented (Bathé
and Wilson 1976, Chung and Hulbert 1993, Hilber, Hughes and Taylor 1977,
Hoff and Pahl 1988, Wood, Bossak and Zienkiewicz 1980). Although their
main application area is to linear structural dynamics, these methods can
be directly applied to initial value problems of nonlinear second-order ODEs

q" = f(d,q,t). (3.11)

Accuracy and stability analysis hold for the numerical methods, provided the
discretized nonlinear equations have been solved accurately, that is, within
a small enough tolerance. For example, the HHT-o method (Hilber et al.
1977) for (3.11) is given by

ant1 = (1+a)foy1 — afy, (3.12a)
1

dn+1 = dGn + hvn + h2((§ - ﬁ)an + ﬁan+1), (3.12b)

Unt1 = vp+h((1—7)an +vant+1), (3.12¢)

where h is the stepsize, a € [-1/3,0], 8 = (1 —a)?/4, and v = 1/2 — a.
It is well known that the HHT-« family is second-order accurate and A-
stable. Numerical damping is maximum for & = —0.3, and zero for a = 0.
Controllable numerical damping and unconditional stability are needed to
deal with the high-frequency modes which often result from standard finite
element spatial discretization. For nonlinear oscillations, these properties
are also required in the solution of flexible multibody systems. Rather than
using ad hoc mode-selection processes, this approach is desirable because
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the elimination of higher frequencies is controlled by selection of the method
parameters.

Recent work has dealt with extending these types of methods to treat
flexible multibody systems (Cardona and Géradin 1989, Yen et al. 1996).
The basic form of constrained multibody equations of motion is given by
(3.1), which is a DAE of index-3. Due to the problems of numerical instabil-
ity in solving index-3 DAEs, most of the solution techniques for (3.1) have
been developed using differentiation of the constraints (3.1b). Assuming
that M is invertible, direct application of (3.12) to the underlying ODE of
(3.1) (Fiibrer and Leimkuhler 1991), for instance,

¢" = ¢ a,:t) = M (@)(f(d'a:t) — GT(a)N), (3.13)
where
0Gq'
A= (GM~1GT) ! (GM—lf + 8—5«;’) :
can be carried out. However, the numerical solution will not generally pre-
serve the constraint (3.1b) and its derivative. To enforce the constraints, the
numerical solution should be projected onto the constraint manifold. Ap-
plying the method of Lagrange multipliers to combine the projection with
the solution of (3.13), which has been discretized using (3.12), leads to the
DAE a-method (Yen et al. 1996)

Mn+1(‘]n+l - (jn) - Bh2fn+1 + GZ_HVTH—I 0, (3.14&)
Mpi1(vng1 = Bn) — Ahfnst + Gagiptntr = 0, (3.14b)
Gni1Vnt1 = 0, (3.14c)

9gns1) = 0,  (3.14d)

where = 8(1+a), ¥ = y(1 + a),
n = Qn+hvn+h2((%_ﬂ>an_ﬁa¢n>v
O = vn+h((1—"7)an —vadn),

bn = M7 fn — GTN,), ag = ¢ and a, = (1 + @)pp + adp_; for n >
1. The algebraic variables v, 41 and pp+1 in (3.14) comprise h2[§/\n+1 and
the corresponding correction terms, which project the position and velocity
variables onto the constraint manifold. A convergence analysis of (3.14) was
given by Yen et al. (1996).

The DAE a-methods are most effective when combined with the C'S for-
mulation and CM iteration described earlier. In the Lagrange multipliers
formulation there may be convergence difficulties with the Newton iteration.
Premultiplying (3.14a) and (3.14b) by the CS matrix P(q) yields

P(qn+1)(Mn+1(Qn+l - (}n) - thf'rﬂ-l) = 0, (3.15&)
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P(qnt1)(Mn41(Un41 — On) — Yhfry1) = 0, (3.15b)
Grt1vny1 = 0, (3.15¢)
9(gn+1) = 0. (3.15d)

Accuracy and stability of the a-methods for ODEs are preserved. More im-
portantly, the high-index variables (vy,+1, fn+1), which exhibit high-frequen-
cy oscillations of large amplitudes, are not present in (3.15). Compared to
the Lagrangian form (3.14), much improved Newton convergence was ob-
served in a number of flexible multibody simulations (Yen et al. 1996). When
applying strong numerical damping to the higher modes, the C'M iteration
illustrated even better convergence in these examples.

4. Classical molecular dynamics

Classical molecular dynamics (MD) has become an important tool in the
study of (bio)molecules, such as nucleic acids, polymers, and proteins (Allen
and Tildesley 1987, Board Jr., Kalé, Schulten, Skeel and Schlick 1994, Ger-
schel 1995). In classical MD, quantum effects are neglected and the motion
of the atoms is often described by Newton’s equations

qd =, My = -VU(q), (4.1)

where the vector g contains the Cartesian coordinates of the atoms, the vec-
tor v contains their velocities, M is the diagonal matrix of atomic masses,
and U(q) is a semi-empirical potential energy function. Defining the mo-
menta p := Mwv, these equations form a Hamiltonian system with Hamilto-
nian H(q,p) := 3p" M~1p+ U(q). Therefore, the Hamiltonian (the energy)
and the symplectic form dq A dp are invariant under the action of the flow
(Arnold 1989). More sophisticated dynamics are also often considered in
MD simulation. In Langevin dynamics (4.5), stochastic and friction forces
are introduced to model additional aspects (see Subsection 4.4). In Nosé dy-
namics, temperature and pressure constraints are included to treat nonequi-
librium situations (Nosé 1984, Hoover 1991).

The potential energy function U(q) is generally given by a repeated sum
over the atoms of pairwise potentials modelling interactions of diverse type
(Gerschel 1995): electrostatic, dipolar, polar, dispersive, repulsive, etc. The-
se interactions vary with the interatomic distance and have different ranges
of influence: localized for the covalent bondings, short-range for the Van
der Waals forces, and long-range for the electrostatic forces. They also
differ in their strength and timescale, making the dynamics of (bio)molecules
very complex, even chaotic. The equations of MD are highly nonlinear and
extremely sensitive to perturbations. A perturbation grows roughly by a
factor of 10 every picosecond (= 10712[s]). Therefore, due to various sources
of approximation and error in MD simulation, it is not reasonable from the
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viewpoint of forward error analysis to ask for an accurate representation of
the molecular configuration after several picoseconds. The framework of MD
is actually statistical mechanics. To emphasize this point, let us mention
that the initial velocities of the atoms of a (bio)molecule are usually chosen
randomly to follow a Boltzmann-Maxwell distribution. What is actually
desired in MD is to generate a statistically acceptable motion or to obtain
a good sampling of phase space over sufficiently long periods of time to
provide spatial and temporal information; it is not usually necessary to
follow an exact trajectory. Monte Carlo simulation, by generating random
configurations, is another technique used in the study of molecular systems
based on their statistical properties, but this falls outside the scope of this
article. For large (bio)molecules, MD simulation is usually preferred.

Conformational changes of a (bio)molecule arise on a continuum from
1[ps] to 10%[s]. In MD simulation the main difficulty in the integration of the
equations is the presence of a spectrum of very high-frequency oscillations
of Brownian character. The fastest vibrations are the bond stretchings and
the bond-angle bendings which are orders of magnitude stronger than the
other interactions. For example a C-H stretch has an oscillation around
an equilibrium position of approximate frequency 0.9-10'4[Hz] (Streitwieser
Jr. and Heathcock 1985). This imposes a severe limit on the stepsize used
by standard integration schemes in order to resolve these high-frequency
oscillations; for example, a stepsize around 1[fs] (= 10715[s]) is necessary for
the widely used Verlet algorithm (4.2). Computing the forces for a large
system at each step is computationally expensive. Therefore, with today’s
computer technology this stepsize constraint limits the horizon of integration
to the order of a nanosecond (= 107%[s]), several orders of magnitude less
than the biological timescale for which phenomena like protein folding (=~
107![s]) take place. Decreasing the ratio of force evaluation per step is
therefore a major goal to speed up the integration.

There are three ways of handling the high-frequency components in MD:
resolve them, model their effects, or suppress them. Methods combining
these different approaches are of course possible. The desire is that the
dynamics should be correctly reproduced from the point of view of statistical
mechanics. A recent detailed survey on MD integration methods is Schlick,
Barth and Mandziuk (1997); other references are Skeel, Biesiadecki and
Okunbor (1993) and Leimkuhler, Reich and Skeel (1995). In this section we
will briefly present different approaches, stressing some of their strengths
and weaknesses.

4.1. The Verlet algorithm

The most commonly used method in MD is the Verlet algorithm (Verlet
1967). Using the momenta p = Mw, this explicit second-order method
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applied to (4.1) can be expressed as follows:

h
Pny1/2 = Pn— EVU(Q'/L),
dn+l = @gn+ hM_lpn+1/Qa (4'2)

h
P+l = Pny1/2 — §VU(qn+1)-

Given the inaccuracy of the governing force field, such a low-order integra-
tion method is adequate in MD. Besides being relatively easy to program,
this method possesses several attractive features. It preserves two import-
ant geometric properties of the flow: symplecticness and reversibility under
the involution p — —p. For more details about symplectic discretization
we refer the reader to Sanz-Serna (1992) and Sanz-Serna and Calvo (1994).
The main interest in preserving the symplectic structure of the flow lies
in the following result of mixed backward—forward error analysis: for con-
stant stepsizes the numerical solution of a symplectic method can be in-
terpreted over long-time intervals as being exponentially close to the exact
solution of a perturbed Hamiltonian system (Hairer 1994, Hairer and Lubich
1997, Reich 1996a). This long-time stability property is the main distinction
of the Verlet algorithm, compared to nonsymplectic methods used in MD
for short-time integration, such as the Beeman algorithm (Beeman 1976).
When applied to the harmonic oscillator (2.2}, the Verlet algorithm also
possesses the largest relative interval of periodicity among explicit RKN
methods (Chawla 1985). However, its use with variable stepsizes destroys
not only the aforementioned backward—forward error result but also the ex-
istence of an interval of periodicity (Skeel 1993). Nevertheless, a strategy
has been discovered recently by Hairer (1996) and Reich (1996a) combin-
ing variable stepsizes with symplectic integration: the symplectic method is
simply applied with constant stepsizes to a modified Hamiltonian function
s(g,p) (H(g,p) — H(qo,po)) where the scaling function s(q,p) corresponds
to a time-reparametrization of the original Hamiltonian system.

Since the Verlet method is explicit, the stepsize is usually limited to ap-
proximately 1[fs], to resolve the high-frequency vibrations. As for other
symplectic integrators, resonance phenomena at certain stepsizes have also
been observed (Mandziuk and Schlick 1995). At those given stepsizes, large
fluctuations of energy or even instability may occur due to repeated sampling
of a component at certain points.

4.2. Implicit symplectic methods

To overcome the stability barrier of the explicit Verlet algorithm while pre-
serving its favourable long-time stability property, it is tempting to consider
the application of implicit symplectic methods, for instance the implicit mid-
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point (IM) rule. Applied to (4.1), one step of IM is given by the solution of
a nonlinear system

h
n+1 = gn+ D) (Vn + Vny1),
Uni1 = vn—hMTIVU <%> .

Having to solve a nonlinear system is the major drawback of implicit meth-
ods. Here, the solution can also be seen as a minimum of an optimization
problem, for instance, for IM ¢, is a minimum of a ‘dynamics function’

(D(Q) = %(q —qn — hvn)TM(q —Q4n — h'Un) + h2U (HT%) . (43)
Therefore, optimization techniques can be applied (Schlick and Fogelson
1992).

The IM method is known to be P-stable. However, in the limit of large
stepsizes, the high-frequency oscillations are misrepresented by being aliased
to one lower frequency. Moreover, as for the Verlet algorithm, instability at
certain stepsizes may occur due to numerical resonance. Recently, Ascher
and Reich (1997) have shown that, for implicit symmetric schemes applied
to highly oscillatory Hamiltonian systems, unless the stepsize is restricted
to the order of the square root of the period of the high-frequency oscil-
lation, then even the errors in slowly varying quantities, like energy, can
grow undesirably. This error growth is due to the fact that, at large step-
sizes, the numerical method fails to accurately represent the time-dependent
transformation that decouples the system into a slowly varying and highly
oscillatory part (for example, the transformation from Cartesian to polar co-
ordinates in the stiff spring pendulum). In Skeel, Zhang and Schlick (1997),
a general one-parameter family of symplectic integrators has been studied
in detail, including the explicit Verlet method and several implicit methods:
IM, the trapezoidal rule, the Numerov method, and the scheme LIM2 of
Zhang and Schlick (1995). Although the interval of periodicity of impli-
cit symplectic methods is larger than that of the Verlet algorithm, implicit
methods do not seem competitive in MD. Even when solving the nonlinear
equations in parallel by functional iterations, the two-stage implicit Gauss
RK method has been found on a standard test problem involving long-
range forces to be less efficient than the Verlet algorithm (Ldpez-Marcos,
Sanz-Serna and Diaz 1995a). Implicit symplectic methods are not recom-
mended for resolving high-frequency oscillations efficiently, because of their
large overhead for only a modest increase in the allowable stepsize.
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4.8. Constrained dynamics and the Rattle algorithm

As mentioned previously, the highest frequencies in MD are due to the bond
stretchings and to the bond-angle bendings. The potential due to these
bonds can be expressed as follows,

1
2
where K is a diagonal matrix of large force constants and the vector g(q)
contains the stretches r(q) — 7 and the angle bends ¢(q) —~ ¢, where 7 and
¢ are equilibrium values. The potential U(q) can thus be decomposed as

U(q) = V(q) 4+ Ubond(q). Introducing the new variable A := Kg(q), we can
rewrite the corresponding Hamilton’s equations as follows:

Ubond(9) = =97 (9) K g(q), (4.4)

¢=M7"p, pP=-VV(-GT(gA, K 'x=g(q),

where G(gq) := g4(q). If the elements of K are all of the same size and are
very large compared to ||Vg4]|, the last equation can be replaced by holonomic
constraints

0= g(q).

Mathematical conditions under which this approach is legitimate have been
analysed in detail by Bornemann and Schiitte (1995b). Constraining the
bond interactions has the effect of suppressing the presence of the high-
frequency oscillations associated with them, hence of allowing an increase
in the stepsize at the cost of some added complexity per integration step.
We have obtained a system of DAEs of index 3 where A plays the role of
a Lagrange multiplier (Brenan et al. 1995, Hairer and Wanner 1996, Jay
1996). Differentiating the constraint equations twice, we get two additional
constraints:

0 = Glg)M'p,
0 = Gola) (M~'p,M"'p) —Gl)M ™" (VV(g) + GT(q)).

To integrate the above DAE system numerically, a generalization of the
Verlet algorithm is given by the Rattle algorithm (Andersen 1983)

» (VVlan) + GT (@)

Pnt1/2 = Pn— 9
Gni1 = qn+BM 'p,ii),
0 = g(gnt+1),

h
Prtl = DPri12 =35 (VV(qn+1) + GT(Qn+1))\n+1> )
0 = Glgnt1)M 'pnyr.



OSCILLATORY SYSTEMS 467

The computation of the projected value p,41 can actually be avoided by
using the relation

Pnt1/2 =Pn-1/2—h (VV(Qn) + GT(Qn)A:L)

which is the basis of the Shake algorithm (Ryckaert, Ciccotti and Berendsen
1977). The method is semi-explicit in the sense that it requires only one
evaluation of VV (q) per step. The above equations form a nonlinear system
for the Lagrange multiplier A; which can be solved iteratively. The Shake
iterations consist of a combination of Newton and Gauss—Seidel iterations.
An overrelaxation procedure that may improve the performance of the Shake
iterations by up to a factor two has been advocated in Barth, Kuczera,
Leimkuhler and Skeel (1995).

From a physical point of view, constraining a bond corresponds to freezing
the interaction. The dynamics of the constrained system is called the slow
dynamics (Reich 1994). Whereas this approach seems appropriate for bond
stretchings, it is inappropriate for bond-angle bendings since the original
dynamics is altered (Van Gunsteren and Karplus 1982). The justification in
MD for a constrained dynamics borrows arguments from mathematics and
statistical mechanics. From a mathematical point of view, one is interested
in a running average of the solution

)= (50 (1)

= — . S

( Pa(t) ) " alo P\ p(t)

for 0 < a <« 1 with an appropriate weight function p, for example,

(1 if-1/2<z<1/2,
plz) = { 0 otherwise.

The goal is to find the dynamics of (g, z(t), p z(t)) for € ~ /|| Vgqll - | K71
called the smoothed dynamics (Reich 1995, Schiitte 1995) and which gener-
ally differs from the slow dynamics. By introduction of an additional soft
potential W(q) aimed at correcting the dynamics of the constrained system,
the smoothed dynamics can be reestablished. The establishing of the cor-
recting potential has been the subject of recent controversy (Bornemann and
Schiitte 1995b, Bornemann and Schiitte 19954, Reich 1996b). A standard
correction is given by the Fizman potential (Fixman 1974)

Wr(a) = “2C log (det (G(a)M 167 (0)))

where kp is the Boltzmann constant and T is the temperature. The compu-
tation of the Fixman potential is rather expensive in practice, but it can be
simplified by approximating the matrix G(q)M ~'GT(q) by block-diagonal
parts (Reich 1997). To improve the correction it has also been proposed to
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replace the hard constraints 0 = g(q) by soft constraints (Reich 1995)

0=3(a) = 9(a) + K (G@)M'C" () Gla)M 'YV (g),

restoring some flexibility in the dynamics (Reich 1997). The controversy
about the correctness of the Fixman potential seems to be due to the intru-
sion of physical arguments in its derivation. The principle of equipartition of
energy of statistical mechanics (Diu, Guthmann, Lederer and Roulet 1989)
used to derive the Fixman potential (Fixman 1974, Reich 1995, Reich 1997)
is the likely source of the controversy, because of the hypothesis of ergodicity
postulated in statistical mechanics.

4.4. Normal-mode techniques in Langevin dynamics

To take into account the effects of a heat bath, of the constant energy transfer
between the slow and fast degrees of freedom due to molecular collisions, and
of various simplifications in the model, a more realistic dynamics in MD is
reflected by the Langevin dynamics. The Langevin equations are given by

ql =, My = _VU(Q) —YMv + C(t)a (4.5)

where ~ is a collision frequency (friction) parameter and ((t) is a random
force chosen to counterbalance the frictional damping to establish temper-
ature equilibrium. One of the main motivations for the Langevin/implicit-
Euler/normal-mode (LIN) method of Zhang and Schlick (1993) is to mit-
igate the undesirable severe high-frequency damping of the implicit Euler
method, which may alter the dynamics, while maintaining its ability to take
large stepsizes (Peskin and Schlick 1989). In LIN the solution is decomposed
into fast and slow components, that is, ¢ = g5 + g;. A linear approximation
to the Langevin equations is used for the fast components

gy =vs,  Mvy=-VU(q)—- H(g)(gr — ) —YMuvs +((t), (4.6)

where g, is a reference point and H(g,) is a sparse (usually block-diagonal)
approximation to Ugq(gr). These equations are solved over a relatively large
stepsize, for instance, by using standard normal-mode techniques: by diag-
onalizing the matrix M~1/2H (q,)M~'/2, the system (4.6) is rewritten as a
set of decoupled equations

where § = TMY2(q; — ¢;), ¥ = TMY?v;, D = TM~V/?H(q,)M~1/?T"!
is diagonal, and 6(t) = TM~Y/2(¢(t) — VU(q,)); these equations can then
be solved analytically (Zhang and Schlick 1994). Nevertheless, it has been
observed recently in Barth, Mandziuk and Schlick (1997) and Schlick et al.
(1997) that the direct numerical integration of (4.6) can in fact be much
faster than computing the normal modes, for instance, by application of



OSCILLATORY SYSTEMS 469

the second-order Lobatto IITA-TIIB PRK method with small inner step-
sizes. The above procedure, consisting of computing the fast components,
turns out to be a very competitive method in itself, and constitutes the
Langevin/normal (LN) method. In LIN there is an additional correction
step for the slowly varying anharmonic part of the solution

gs=vs,  Mvy=-VU(q5 +gs) + VU(qr) + H(ar)(ar — ¢r) — vMvs.

This system is integrated by the implicit Euler method with one large step-
size h or, equivalently, by minimizing a dynamics function similar to (4.3).

4.5. Multiple time-stepping methods in MD

Since the forces in MD can be decomposed as a sum of hard short-range
interactions and soft long-range interactions on a different time-scale, it is
natural to consider the application of multiple time-stepping (MTS) meth-
ods. The idea is to reduce the overall computational work by evaluating
the soft forces less often than the hard forces (Streett, Tildesley and Saville
1978). In (4.1) the potential U(q) is decomposed into hard and soft parts

Ulg) = U™ (q) + U*(q).

The bonded interactions (4.4) enter into the hard part. Moreover, an ar-
tificial partitioning of a long-range interaction into one hard and one soft
part has been proposed in Skeel and Biesiadecki (1994), for example, an
electrostatic interaction V(r) = C/r can be decomposed as

Vsoft( ) _ C(3T§ut - 7'2)/27‘21“ ifr< Tcut,
" C/T if r > reut,

and Vherd(r) = V(r) — V5t () where rcy is a cut-off distance. MTS meth-
ods do not generally preserve the symplectic and reversible character of the
flow of (4.1). However, the Verlet-I algorithm (Grubmiiller, Heller, Win-
demuth and Schulten 1991, Biesiadecki and Skeel 1993) or, equivalently,
the r-RESPA method (Tuckerman, Berne and Martyna 1992), is an MTS
method retaining these properties. One macrostep H of this method can
be seen as a composition method: the Verlet algorithm is first applied with
stepsize H/2 to

d=0 M =-VU*"(g); (4.7)
then it is applied N times with a microstep h = H/N to
q/ =, My = _VUhard(q);

finally it is again applied with stepsize H/2 to (4.7). Basically, the soft
forces are evaluated every macrostep H while the hard forces are evaluated
every microstep h = H/N. It must be mentioned that resonance and other
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problems have been reported (Grubmiiller et al. 1991, Biesiadecki and Skeel
1993).

5. Circuit simulation
5.1. Introduction

There are a number of applications where the solution has the property that
the fast solution is composed of an oscillation with a single high frequency.
In this section we will explore some problems from circuit simulation, and
a class of methods based on envelope-following ideas, which exploit this
property. These methods are often able to take stepsizes that are much
larger than the period of the oscillation. The problem of transient simulation
in this case is very closely related to the problem of finding a periodic steady
state; we will also discuss how similar ideas have been employed in numerical
methods for this problem.

Circuit simulation programs like SPICE (Nagel 1975) often need to employ
hundreds of thousands of time-steps to simulate the transient behaviour
of clocked analog circuits like switching power converters and phase-locked
loops. This is because in circuit simulation the stepsizes must be chosen (for
accuracy) to be much smaller than a clock period, but the time interval of
interest to a designer can be thousands of clock periods. Circuit designers are
typically not interested in the details of the node voltage behaviour in every
clock cycle, but instead are interested in the envelope of that behaviour.
With that in mind, the quasi-envelope is defined to be a continuous function
derived by the following process. Starting at the initial value or at some
other point on the solution, define a discrete sequence of points by sampling
the state of the system after every clock period T (see Fig. 7). The quasi-
envelope is derived by interpolating that sequence to form a smooth curve.
We note that the quasi-envelope is different from the more standard notion
of envelope because the quasi-envelope is not unique but instead depends
on the initial time used to generate the sequence.

Envelope-following methods are based on the idea that if the sequence of
points formed by sampling the state at the beginning of each cycle changes
slowly as a function of the cycle number, then the quasi-envelope will vary
relatively slowly and we will be able to approximate it using stepsizes which
are large relative to the length of a cycle.

Envelope-following methods are closely related to the stroboscopic method
proposed in 1951 by Minorsky (1974) for the study of differential equations.
Numerical methods using the envelope-following idea were first introduced
by astronomers in 1957 for calculating the orbits of artificial satellites (Mace
and Thomas 1960, Taratynova 1960) and were called multirevolution meth-
ods. Unlike circuit designers, who are interested in the envelope of the
oscillations but not in the details, the astronomers were concerned with com-
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-t() t0+T

Fig. 7. ODE solution and quasi-envelope

puting future orbits accurately. The multirevolution methods developed in
Mace and Thomas (1960), Taratynova (1960) and Graff and Bettis (1975)
were generalizations of explicit multistep and Runge-Kutta methods for
ODEs to approximately solve the difference equation which generates the
sequence of points defining the quasi-envelope. Thus they would always take
stepsizes which are multiples of the period of the oscillation. Rather than
using an arbitrary starting point to define the quasi-envelope, as above,
they used a physical reference point (for example, node, apogee, or peri-
gee). Petzold (1981) extended these methods to more general systems by
defining the smooth quasi-envelope as above (independent of any physical
reference points), by providing a separate algorithm for finding the period
of the oscillation in the fast solution, and by showing how to handle the
case of a slowing changing period of the oscillation. Convergence results
for envelope-following numerical methods were also given in Petzold (1981).
Gear and Gallivan (Gallivan 1980, Gallivan 1983, Gear 1984) explored the
design of general ODE codes which incorporate multirevolution techniques
and attempt to detect the onset of oscillations. Kirchgraber (1982, 1983)
proposed a novel class of methods which synthesize ideas from the method
of averaging with envelope-following techniques. White et al. (White and
Leeb 1991, Kundert, White and Sangiovanni-Vincentelli 19885, Kundert,
White and Sangiovanni-Vincentelli 19884, Telichevesky, Kundert and White
1995, Telichevesky, Kundert and White 1996) applied envelope-following
methods to circuit simulation, developing implicit methods which are quite
efficient for this application and for finding the periodic steady state.
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5.2. Envelope-following methods

Given the initial value problem

yl = f(yvt)’ y(O) =y0, 0Zt< L, (51)

where y(t) is periodic or nearly periodic with period T, the quasi-envelope
z(t) is defined more precisely by

z(t+T) = 2(t) + Tg(2(t),t), 0<t<L-T, (5.2)
where
o(20) = (9 + T~ §(2,0))
and

S+ = fie+ 50,049, §(60) =z

It is easy to see that if 2(0) = y(0) then 2(KT) = y(KT),0< KT < L, so
that z agrees with y at multiples of the period. Since ¥y is nearly periodic,
the values of z at points { KT}, K an integer, should change slowly. Solving
(5.2) exactly amounts to solving the differential equation (5.1) over the entire
interval [0, L], because g(z,t) is determined by integrating the differential
equation over one period of the oscillation. The basis of envelope-following
methods is to compute an approximation to z, that is, to solve the difference
equation (5.2) approximately with stepsizes H much larger than T. For
some applications, like circuit simulation, it is possible to define a smooth 2
over the entire interval [0, L]. For other applications like orbit calculations,
it is best to consider z as a discrete function and to take stepsizes in the
approximation method which are multiples of T'. We note that the solution
to the differential equation can be recovered at any time from the (discrete)
quasi-envelope, by solving the original ODE with initial condition on the
quasi-envelope for no more than one cycle.

Envelope-following methods that are generalizations of linear multistep
methods or Runge-Kutta methods have been derived (Gallivan 1983, Graff
and Bettis 1975, Petzold 1981, Taratynova 1960). For example, the ‘trapez-
oidal’ envelope-following method is given by

H-T H+T
Zn+l = 2p + ( D) > g(zn+latn+1) + ( 2 ) g(znvtn)-

We note that the coeflicients of these methods reduce to those of standard
ODE methods as T — 0, and that the methods are ‘exact’ (up to errors
in solving the original ODE numerically over each individual cycle) when
T = H. For efficiency, the objective is to be able to take H > T.

In some applications, the period (cycle length) of the oscillation might
also be slowly varying. This is handled in envelope-following methods by
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means of a change of independent variable t so that in the new variable ¢
the period 7 of the oscillation is a constant, that is,

t(t + 1) — t(f) = T(t(f)), t(0)=0.

Defining §() := y(t(f)) and 2(¢) := z(¢(t)), the difference equations that
define the quasi-envelope in the case of a slowly varying period of the oscil-
lation are given by

2E+71) = 2(f) +714(2(8), D). 2(0),

ti+1) = t(ﬂ—i—r( tﬁ) £0) = 0,

(5,0 = ( o), )g@«,t(ﬂ).

The accuracy and stability of these formulae have been analysed by Petzold
(1981).

where

5.8. Finding the period

In some applications, such as circuit simulation, the period of the oscillation
is known a priori. In other applications, and in finding a periodic steady
state, finding the period of the high-frequency oscillation is an important
part of the method.

Several algorithms have been proposed for finding the period. Noting that
if y were periodic, |ly(t) — y(t + T)|| = 0, Petzold (1981) proposed finding
the period T' by miminizing ||y(t) — y(t + T')|| over one approximate period.
More precisely, Ty, +1 is defined as the value of T* that satisfies

Tm

i t) —y(t +T%))? dt.
smin_ [ -y 1)
In practice, in order to better model problems whose solutions are given by
a fast oscillation superimposed on a slowly varying solution, the period is
found by solving

Tm
st [ = Pt = W+ Tonsa) = P (¢ + Ton)))?
where pm,41 is a polynomial which approximates the slow solution that is
found at each iteration for Tj,;1 via another minimization. It is shown
in Petzold (1978) that this algorithm converges, given a sufficiently smooth
initial guess. A similar approach has been used in finding the periodic steady
state, as we will discuss below.
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The above method of comparing the solution over two periods to find
the period of the oscillation is quite general; however, it suffers from the
drawback that it is somewhat inefficient. In particular, each time the period
needs to be found, the original problem must be solved over two cycles,
whereas the envelope-following formula require the solution over only one
cycle. For problems with a slowly varying period (where the period needs
to be recomputed often) this is a relatively large expense. To remedy this
problem, another algorithm was proposed by Gallivan and Gear (Gallivan
1980, Gallivan 1983, Gear 1984). This algorithm is based on the idea of
defining the period by identifying certain points on the solution at which
a simple characterization is repeated, such as zero crossing. Astronomers
did this for the multirevolution methods by identifying points of physical
interest, such as node, apogee or perigee. For a general problem, the solution
itself may have no zero crossing, and there may be difficulty in choosing
any value which is crossed periodically. However, the derivative will have
periodic sign changes, so the method examines the zero crossings of c¢Ty/,
where c is a vector of constant weights. Since there may be more than one
zero crossing in a single period, ||y'(¢t1) — ¥'(¢2)]| is also examined, where ¢;
and t9 are the times of zero crossings. If the norm is small, the possibility
of a period is considered. For some problems, the solution may not start
out oscillatory. This type of algorithm can be used to detect the onset of
oscillations, by monitoring the sequence of periods T' which are computed.
In the event that highly oscillatory behaviour is detected, the software can
switch to envelope-following methods.

5.4. Stiffness and implicit methods

As we have noted, the objectives of circuit designers for simulation differ
from those of astronomers because circuit designers are not usually inter-
ested in the fine details of the oscillation. There are also significant differ-
ences in the properties of the ODE systems which influence the choice of
numerical methods. In particular, circuit simulation problems are usually
quite stiff. Thus they require the use of implicit versions of the envelope-
following methods.

White et al. (White and Leeb 1991, Kundert et al. 19885, Kundert et al.
1988a, Telichevesky et al. 1995, Telichevesky et al. 1996) have developed ef-
ficient implicit algorithms based on the envelope-following idea, and applied
them to circuit simulation. The simplest implicit envelope-following method
is based on the implicit Euler method and is given by

Zn41 = 2n + Hg(2n41, tnt1)- (5.3)

Solving the nonlinear system (5.3) for z,4+1, which is accomplished in stiff
ODE codes by a modified Newton iteration, requires an approximate Jac-
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obian matrix dg/0z. Gallivan (1983) has considered the implementation of
implicit envelope-following methods and suggests computing the Jacobian
by finite difference approximation. This can work well for small problems,
but for large systems it is prohibitively expensive because each evaluation
of g requires solving the original problem over one cycle.

A more efficient and accurate approach (White and Leeb 1991) is to view
this computation as finding the sensitivities of g with respect to perturba-
tions in 2. The sensitivity problem is solved concurrently with the original
system over one cycle. This can be implemented very efficiently by noting
that the Jacobian matrix at every time-step for the sensitivities with respect
to each parameter is the same as the Jacobian matrix of the original sys-
tem. Hence this matrix, if it is dense, can be formed and decomposed once,
then used in the Newton iteration for each sensitivity. Differencing in this
way is also more accurate than directly differencing the numerical solution
over each cycle, because the original system and the sensitivity equations
use the same sequence of stepsizes and orders (Hairer, Ngrsett and Wanner
1993). White and Leeb (1991) have further noted that if the implicit Euler
envelope-following method is used unmodified, the stepsize H will be con-
strained by the component of y with the fastest-changing envelope. This can
be unnecessarily conservative; components of y which have rapidly changing
envelopes in stiff problems are likely to be ‘nearly algebraic’ functions of
other, more slowly changing components, over the timescale of one period.
These nearly algebraic components of y are computed in White and Leeb
(1991) directly from the other components via a DC (steady-state) analysis,
and hence are not computed by the envelope-following method. A compon-
ent y; of y is considered quasi-algebraic if the ith column of the sensitivity
matrix is nearly zero.

For large-scale systems, approximating the Jacobian matrix directly is
too expensive, because there are so many sensitivities to be computed. Te-
lichevesky et al. (1996) have applied preconditioned iterative methods to
solve the linear system at each Newton iteration. These Krylov subspace
methods have the property that the Jacobian is never needed directly. In-
stead, the iterative method needs the product of the Jacobian matrix times
a given vector. This can be approximated by a directional difference (a sens-
itivity in the direction of the given vector). Further efficiency is attained by
exploiting the structure of the system in a ‘recycled’ version of the Krylov
algorithm. Telichevesky et al. (1996) found that this method can be as much
as forty times faster than direct factorization, for large circuits.

Finally, we note that the solution of stiff oscillatory systems by implicit
envelope-following methods has much in common with finding the periodic
steady state. That problem can be described as finding y and T such that
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which can also be written as
9(2(0),T) = 0.

Aprille Jr. and Trick (1972) proposed a Newton-type algorithm for solv-
ing the steady-state problem in circuit analysis. Telichevesky et al. (1995)
have efficiently performed steady-state analysis for large-scale circuits mak-
ing use of the Krylov subspace approach described above. Lust, Roose,
Spence and Champneys (1997) have proposed an algorithm for computing
periodic steady states of general ODE systems which combines the recurs-
ive projection method of Shroff and Keller (1993), which separates the slow
from the fast components, with a Krylov method.
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1. Introduction

The goal of numerical semiconductor device simulation is to model the
flow of electrons in a crystal in order to predict macroscopically measur-
able quantities, such as currents and heat fluxes, in given operating and
environmental conditions, such as the bias applied to a given device and
ambient temperature. Other than in process simulation, it is always the
same physical process that is considered, namely the transport of charged
particles in a solid state medium. Different mathematical models are used
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only because of the wide range of device dimensions and operating condi-
tions. Since one and the same set of equations can be used to model a wide
variety of devices, it is reasonable to develop customized numerical methods
for the governing equations.

The key parameters influencing the choice of model equations are the
mean free path of electrons (the average length of free flight before the
electron undergoes a scattering event), the number of free electrons in a
given device, the size of the Planck constant in relation to the dimensions
of the simulation domain, and the ambient temperature. These parameters
determine whether the electrons can be modelled as a continuum, as classical
particles or via quantum mechanical descriptions.

The resulting model equations range from the Schrodinger equation for
the evolution of the electron wave function to the drift—diffusion system for
the evolution of an ‘electron gas’ which is close to a Maxwellian equilibrium.
Because of the progressive miniaturization of semiconductor devices and the
use of materials whose mean free path is considerably longer than that of
silicon, the trend in device simulation is certainly towards a more and more
microscopic description. Since the field is now so wide, one necessarily has
to limit the scope of an overview of numerical techniques in device simula-
tion. There are two types of models and simulation techniques which are
extremely well developed and documented at this point. One consists of
finite difference and finite element techniques for the drift—diffusion system,
and the other of Monte Carlo methods for the Boltzmann equation. Since
it would be impossible to do all this work justice in the space provided, we
have instead decided to focus on more recent developments, and refer the
reader to excellent reference works such as Kersch and Morokoff (1995) and
Selberherr (1981) for these topics. The first category of methods presented
in this paper deals with the intermediate regime between the Boltzmann
equation and the drift—diffusion system. This category comprises methods
based on series expansion of the Boltzmann equation and various forms
of moment closure hierarchies, including the so-called hydrodynamic mod-
els. The second category includes methods for quantum kinetic equations
and their moment closure hierarchies, such as the so-called quantum hydro-
dynamic model.

This paper is organized as follows. Section 2 presents a brief overview of
the various models, pointing out some of the features relevant to numerical
simulations. Section 3 deals with methods for semiclassical transport de-
scriptions, based on the semiclassical Boltzmann equation. Series expansion
methods around a Maxwell distribution are discussed in Section 3.1, numer-
ical methods for the hydrodynamic model are discussed in Section 3.2, and
extensions of hydrodynamic models are presented in Section 3.3. Section 4
is devoted to numerical methods for quantum transport models. In Section
4.1 numerical methods for the quantum Boltzmann equation are discussed.
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As is the case for the classical Boltzmann equation, many of the interest-
ing effects can be studied using much simpler macroscopic models based on
moment hierarchies, leading to the quantum hydrodynamic model. Section
4.2 deals with numerical methods for the quantum hydrodynamic system.

2. Model equations

In this section a brief overview of the underlying model equation is presen-
ted. Models for semiconductor device simulations generally fall into two cat-
egories, namely semiclassical models, based on the semiclassical Boltzmann
equation, and quantum mechanical models, derived from the Schrédinger
equation. In Section 2.1 we discuss the semiclassical Boltzmann equation
together with some of its features, such as conservation properties. In Sec-
tion 2.2 its quantum mechanical equivalent, namely the quantum Boltzmann
equation, is presented.

2.1. The semiclassical Boltzmann equation

The basis for the semiclassical description of electron transport is the Boltz-
mann equation in the form

0uf + diva(u(k)f) —  diva(B(z,)f) = Q). (21)

Here f(x,k,t) denotes the density of electrons, x stands for position, k de-
notes the three-dimensional wave vector, and ¢ time. If we let (k) denote
the energy of an electron with wave vector k in a certain band, the cor-
responding velocity in (2.1) is given by v(k) = A~ !Ve. In a vacuum, the
classical Hamiltonian yields the energy-wave vector relationship

2
e(k) = 2h—m|kI2, v(k) = %k. (2.2)

Thus the velocity v and the wave vector k are identical up to the constant
k/m and the classical Boltzmann transport equation is obtained. In a crys-
tal, the relationship between the wave vector and the energy is given by the
parametrization of the eigenfunctions of the Schrédinger equation with a po-
tential that is periodic on the crystal lattice, and the energy band function
(k) has to be computed. However, for small wave vectors, and consequently
for small velocities, the energy band function is often approximated locally
by a parabolic function via the effective mass approximation, for analytical
purposes. The collision integral Q(f) on the right-hand side of (2.1) is given
by

Qf)(=z, k. t) = /S(k, K)f(1—f) - S(K, k) f(1 - f)dr, (2.3)
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where the notation

f:f('rak7t)a f,:f(ka,vt) (24)

is used. The collision integral Q(f) models the interaction of electrons with
the crystal lattice. These interactions include scattering with crystal impur-
ities and acoustic and polar optical phonons (the vibrations of the lattice).
A more complicated collision operator .. is used to model the interaction
of electrons with each other. The electron—electron collision operator is of
the form

Qee(f)(xa k, t) =
‘/&A%hkhy$ﬁfﬂﬂ—fﬂl—h)—
Seelw, K Ky ko k1) FA1(1 = £)(1— f)) dky K/ dk},  (25)

where f = f(kaat)y f/ = f(.’l?,k,,t), f= f(xakht)’ and f{ = f(ka/’t)'
However, other than in gas dynamics, particle—particle scattering is a rather
rare event in most semiconductor devices and the operator Q.. is rarely
used.

Conservation and equilibrium

There are two important features of the collision operator () that need to be
reflected by any numerical method, namely conservation and the existence
of a thermal equilibrium. A quantity g(k) is said to be conserved if

[ swas)e. k.t dk =0 (26)

holds for any density function f. For reasons of symmetry g(k) = 1, the num-
ber of particles, is obviously conserved by all collision operators. The second
property is the existence of a thermal equilibrium, namely a density func-
tion fe such that, because of the principle of detailed balance (Markowich,
Ringhofer and Schmeiser 1990),

Sk, k) fe(1 = fe) = S(K', k) fe(1 — f2) (2.7)

holds. The thermal equilibrium density f. is given by the Fermi-Dirac
density function

E(k‘)—é‘p) 1
e )0 PR =

where e is the Fermi energy, kp is the Boltzmann constant, and T denotes
the lattice temperature of the crystal. The principle of detailed balance (2.7)
implies the relation

fe=Fp ( (2.8)

S(k, k) = M(k)s(k, k), M(k) = exp (ﬂ@) (2.9)
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for the scattering rate S, where M is called the Maxwellian distribution and
s is symmetric in the variables k and &', so s(k, k') = s(k’, k) holds.

Low density and relaxation time approzimations

In order to derive simplified models from the Boltzmann equation (2.1), it is
often necessary to make simplifying approximations to the collision operator
(. The first approximation is to assume the density function f to be small,
and therefore to drop the quadratic terms in the collision operator ) in
(2.3), giving the linear operator

Q(f) (@, k, ) = / s(k, &) f' — s(k', k) f dk. (2.10)

Next, it is assumed that the density function f is close to a Maxwellian
distribution of the form

flz, k,t) = n(;f;t) exp (_kj;)) , mp= /exp (;Z(;U dk. (2.11)

Replacing f’ in the linear collision operator (2.10) by the expression (2.11)
gives

Q) (@, k,t) = (n(z, )M (k) - ), (2.12)

1
7(z, k)

with

— / s(k, k) dk!,  n(z,t) = / @, k,t) d, (2.13)

and M(k) = nioexp (;j;}) .

T(z, k)

The term 7(z, k) is called the relaxation time.

Collision frequency, mean free path and scaling

One of the most important quantitative parameters determining which model
to choose is the mean free path. The mean free path is given by the shape of
the scattering rate s(k, k') and the the energy band function . If we define
the collision frequency w by

w(k) = / M(K)s(K, k) dk, (2.14)

then w™! is the average time an electron travels freely before undergoing a
collision event. Scaling the velocity wave vector relationship

k

o(k) = %Vks(k) — ud (k—o) , (2.15)
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where v and kg are chosen such that ©(k) is an O(1) function, the expression

Vo
Ao = " (2.16)
gives the average distance an electron travels between collision events. If we
now scale the position variable z by the device length L, the wave vector
k by ko and the time by v = woL?/v3, we obtain the scaled Boltzmann

equation
X0 fs + Adiva (5(k) ) — Adivi(Eofs) = Q(fs)  (217a)
QU = [ dk si(Mofi1 = £ = ML= 1), (217D)

where z,k and t are now dimensionless and the scaled field and scattering
rate E; and ss are given by

hk
Ez,t) = kg (5{ i),

L L'~y
kok
kE) = 2 <— —)
S(? ) kgss ko,ko b
M) = M, (5) (2.18)
ko

and A = )\g/L is the Knudsen number, the ratio of the mean free path
and the size of the simulation domain. To what extent macroscopic models
provide an accurate transport picture depends mainly on the size of the
Knudsen number A. In the limit for A —— 0 one obtains from the Hilbert
expansion (see Markowich et al. (1990)) that fs = n(xz,t)Ms(k) + O())
holds, where the macroscopic electron density n satisfies the drift—diffusion
equation

On — div 4 (DVgn — mEsn) = 0. (2.19)

(We will drop the subscript s from now on.) Through miniaturization,
the device length L decreases, and through the use of materials such as
gallium arsenide, the mean free path A increases, making the drift—diffusion
system less and less valid. Current state-of-the-art technology for devices
like MOSFETs works with values of A = 0(0.1), which makes simulations
based on alternative models necessary.

Boundary conditions for the semiclassical Boltzmann equation

For the simulation of an actual device, the simulation domain will con-
sist of a bounded region ), whose boundary JQ is made up of segments
08, 0§2;, 09, corresponding to contacts, insulating surfaces and artificial
boundaries, introduced to limit the size of the simulation domain. At con-
tacts, the inflow of electrons according to a certain given distribution f. is
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prescribed. At insulating surfaces we usually prescribe a specular reflection
condition, and at artificial surface segments zero influx is required. The situ-
ation will be somewhat more complicated in the quantum case (see Section
4.1). So altogether we have

o = 00U, UOY; (2.20a)
f(z,k,t) = blz,t)fe(k) for z€0Q.,, k-v<0  (2.20b)
flz,k,t) = 0 for z€0Q,, k-v<0 (2.20c)
fz, k,t) = f(z,—k,t) for z€d, k-v<0, (2.20d)

where v denotes the outward normal vector on the boundary 0f). The
function b(z,t) in (2.20b) gives the amount of electrons injected. Assuming
that the device is part of a circuit, b is given by Ohm’s law.

The Poisson equation

The electric field E is, in general, derived from Maxwell’s equations. However,
since we operate in a regime where the speed of light can safely be set to
infinity, Maxwell’s equations become

divz(epE) = p, Ve x E =0, (2.21)

where €p denotes the dielectric constant of the material. The charge density
p is given by p = e(Np — N4 — n), where e is the unit charge and Np and
N4 are the pre-concentrations of donor and acceptor atoms in the crystal,
due to doping. Here n is the spatial density of free electrons, given by the
zeroth order moment of the density function f in the Boltzmann equation.
Introducing the potential V by £ = —V,V, we obtain the Poisson equation

divy(epE)=e(Np — Na—n), E=-V,V, n= /3 dk n. (2.22)
R

The Poisson equation (2.22) is coupled to the Boltzmann equation (2.1) via
the charge density n in (2.12), and therefore the two equations have to be
solved simultaneously. A bias is applied to the contacts of the device by
prescribing a potential difference between the contacts, that is, by setting
V at the boundary segments corresponding to contacts.

2.2. Quantum transport models

As device dimensions decrease, quantum mechanical transport phenomena
play an increasing role in the function of devices. It is therefore necessary
to develop simulation models that are capable of describing these effects.
These models are a generalization of the classical models in the sense that
they reduce to the Boltzmann transport picture in the classical limit, that is,
when an appropriately scaled form of the Planck constant tends to zero. The
quantum mechanical description of the motion of an electron in a vacuum



492 C. RINGHOFER

under the influence of a potential field is given by the Schrodinger equation
h2

thOpp = HY, Hy = —%—Aw — eV, (2.23)

where 1) denotes the wave function and V denotes the potential. The oper-

ator H is called the quantum Hamiltonian. The electron density n and the
electron current density J are then given by

n=[? and eJ= %Im(z/;Vz/)). (2.24)

In order to describe transport in an actual device, several features have
to be added to the above transport picture.

e An ensemble of Schrodinger equations must be considered in order to
model the mixed state of an electron.

e The electron is moving in a crystal and not in a vacuum.

e (Collisions, representing the interaction of the electron with the crystal
lattice, have to be modelled.

e The system has to interact with the outside world via boundary con-
ditions at device contacts and insulating surfaces.

Several steps are taken to achieve these goals. Some are mathematic-
ally precise, whereas some are purely phenomenological. First, the density
matrix for mixed states of the form

prs,t) = a(w))w(r, 1) P(s,t) (2.25)
J
is introduced, where each of the wave functions 1; satisfies the Schrédinger
equation (2.23). The density matrix p then satisfies the quantum Liouville
equation
h2

ihOyp = (Hs — Hy)p = o

(A — Ap+ e(V(r) - V(s)) P, (2.26)

and the electron and current densities n and J are given by
1
n(z,t) = p(z, z,t), eJ(z,t)= ;—m(VTp —Vsp)(r =z, =2x,t). (2.27)

In order to relate the quantum picture to the classical picture it is convenient
to introduce the Wigner function (Wigner 1932)

w(x, k,t) = (27r)_3/ dyn p (:E + ln,x - 177,t) ek, (2.28)
R3 2 2

which then satisfies the Fourier transformed version of the quantum Liouville
equation, often referred to as the Wigner equation

Oyw + Ek -Vew + Ysv (fﬂ, l.vk) w =0, (2.29)
m h 21
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and the electron and current densities are given by

h
£) = T, )= 2 [ dk kw, 2.30
nzt)= [ dbw, J@o)=- [ dkkw (2:30)
and the operator 6V (z, (1/2¢)Vy) in (2.29) is defined in the sense of pseudo-
differential operators (Taylor 1981) as

1 ) ,
@™ [ an [ ab v (a5 we ket
R3 R3 2
1 1 1
where oV (f” 5’7) =V (m + 577) -V (m + 577) : (2.31)

The advantage of the Wigner formulation lies in the fact that it relates
the quantum mechanical picture to the classical picture. For quadratic po-
tentials V', the Wigner equation (2.29) reduces to the Boltzmann equation
without collision terms. It can be shown (Markowich and Ringhofer 1989)
that the Wigner function converges to the solution of the collisionless Boltz-
mann equation in the limit of large time and spatial scales. However, from
the point of view of device simulation, we are interested in quantum trans-
port equations in regimes which are quite far away from the classical picture.
Here, the advantage of the Wigner equation lies in the fact that it allows for
a more phenomenological treatment of collision terms and boundary condi-
tions. Clearly the Wigner equation (2.29) is the quantum equivalent of the
Boltzmann equation with a parabolic band structure (2.2), since the starting
point was the quantum Hamiltonian for a vacuum. In order to describe the
motion of the electron in a crystal, a modified Hamiltonian of the form

B2
H=—-——A,—¢eVL+V) (2.32)
2m
has to be considered, where V}, denotes the potential due to a periodic crystal
lattice (Ashcroft and Mermin 1976). So

holds, where the z; are the lattice directions and « is the length scale of
the lattice, chosen such that det (Z) = 1, where Z = (21, 29, 23). It can be
shown by using a Bloch wave decomposition (Arnold, Degond, Markowich
and Steinriick 1989, Poupaud and Ringhofer 1995, Markowich, Mauser and
Poupaud 1994) that the projection of the wave function onto the mth energy
band satisfies the Schrédinger equation

3 o
ihoy) = (%) /B dk;w(m +vZm)em(k)e™ " Zm _eVy,  (2.34)
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where €,(k) is the mth eigenvalue of the Hamiltonian Hy = —(k?/2m)A +
Vi together with quasi-periodic boundary conditions. Here B denotes the
Brillouin zone, the unit cell of the dual crystal lattice defined as B =
Z~T[—7/~,m/v]3. Performing the Wigner transformation for the mixed state,
as before, now gives the Wigner equation in a crystal of the form

1/2
Oyw + div, (/ ds Z v(m)w(z + ysZm, k,t) exp (ifykTZm)>
12

ie 1
+ 8V (x ka) w=0, (2.35)

where all functions are now periodic in the wave vector k on the Brillouin
zone B and Fourier transforms and pseudo-differential operators are appro-
priately reformulated as

v(k) = Zf)(m)exp(i'ykTZm),

m

1
5V (a: Q—ivk) wiz, kt) = (2.36)

(%)3 > [ axt sv (:c an) w(z, k) exp (i7(k — ¥')T Zn).

Since the length scale v of the crystal lattice will be small even for quantum
mechanical simulations, the formal limit v — 0 is used in equation (2.35)
for actual simulations giving

) 1
Orw + div z(v(k)w) + %6V (:r:, 2—ivk) w=0. (2.37)

In the limit v — 0, the Brillouin zone becomes infinite and the definition of
Fourier transforms and pseudo-differential operators reverts to (2.31).

Modelling the scattering processes of electrons with phonons quantum
mechanically is a much more complicated task. Most models lead to equa-
tions which are too high-dimensional to be actually used in the simulation
of devices (Ferry and Grubin 1995). Therefore, we are in practice reduced
to two approaches to formulating the quantum Boltzmann equation

J 1
Ow + div z(v(k)w) +0[V]w = Q(w), 6[V]w= %6V (x, ka> w, (2.38)
namely the relaxation time model and the Fokker-Planck term. The relax-
ation time model is, as in the classical case, given by
1/n

Qw) = —(*wo—W)»

T \Ny

/ dk w(z, k, t),
R3

n(z,t)
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no(x) = /]R3 dk wo(z, k), (2.39)

where wy(z, k) denotes the quantum mechanical thermal equilibrium density,
the quantum equivalent to the Maxwellian. The Fokker—Planck term model
is given by

Qw) =~ divi (’—”h—f—vkw + kw) , (2.40)

where Ty denotes the lattice temperature.

Thermal equilibrium

To carry out actual simulations it is necessary to compute a quantum mech-
anical thermal equilibrium solution. This is necessary for two reasons. First,
the thermal equilibrium solution wq is used in the relaxation time approxim-
ation (2.39). Second, transient simulations are started by using the thermal
equilibrium as initial datum. For a mixed state, the thermal equilibrium
density matrix is defined by

pTE(T, S) = Za(wj)z/)j(r)wj(s), (2.41)
J
where the ¢; and l; are the eigenfunctions and eigenvalues of the quantum
Hamiltonian and o(w) is the statistical distribution. For Boltzmann statist-
ics, o is of the form o(w) = exp(—w/Tp).

3. Numerical methods for semiclassical and classical
transport

In this section we describe two types of approaches to simulating semicon-
ductor devices based on the semiclassical Boltzmann equation (2.17). Both
approaches are more or less restricted to the case of parabolic band struc-
tures, so (2.2) is assumed. A relatively easy generalization is to assume a
more general quadratic band structure of the form e(k) = (h?/2m)kT Zk
with a positive definite symmetric matrix Z. This corresponds to a Taylor
expansion of the band energy ¢ for small wave vectors k and leads to the
so-called effective mass approximation. Since generalizing the presented nu-
merical methods to this case is straightforward, it will not be considered
separately here. The discussed methods cannot be expected to represent
the physical transport picture as accurately as a complete Monte Carlo sim-
ulation in all possible cases. They have, however, the great advantage of
dealing with deterministic computational models that possess a well defined
steady state. At the same time, they seem to give a reasonably accurate
transport description for current device dimensions, as verified by compar-
isons with experiments and Monte Carlo calculations.
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3.1. Series expansion methods

Series expansion methods for the Boltzmann transport equation have the
advantage that they give, in some sense, a direct extension of macroscopic
models such as the drift—diffusion system and the hydrodynamic system, to
be discussed in the next section. Usually a spectral Galerkin approach is
used in the wave vector direction, while some other standard finite difference
or finite element discretization is employed in the spatial and time directions.
Most series expansion methods assume a parabolic band structure (2.2).
So, after an appropriate scaling, the wave vector can be identified with the
velocity vector. We will discuss series expansion methods on the scaled
Boltzmann transport equation

A28 f + M- Vif — AE -V, f = Q(f), (3.1)

where A denotes the Knudsen number, the ratio of the mean free path to
the length scale of the simulation domain. Most expansion methods for the
Boltzmann transport equation use the assumption of isotropic scattering,
that is, that the scattering rates s(v,v’) in (2.3) as well as the Maxwellian
depend only on the energy . So, after scaling, and assuming a parabolic
band structure, the collision integral Q(f) in (3.1) and the Maxwellian are
of the form

QU@ vt) = [ dv {sol, WD (MFQ - £) - ML= 1))},
M) = exp (—_|21)2_|> (3.2)

One of the drawbacks of series expansion methods is that the evaluation
of the collision integral is quite complicated and expensive if no Monte Carlo
approach is used. The dependence of the integral kernel on the energy alone,
reduces the complexity of this problem considerably once polar coordinates

v = (rcos@,rsinécos,rsinfsinp)T,
where 6 €[0,7], ¢€[-mm7], re]l0,00), (3.3)
are used. In polar coordinates, the collision integral () then becomes
Q(f)(x,r,0,4,t) = (3.4)
/ ar’ / d9’/ d¢/ v sin(6)s(r, ') (Mf'(1 - ) - M'F(1 - f)),
and the integration over the angular variables can be carried out explicitly,
giving
QU@ 0, 8,0) = [ dr' rs(rs") (MF/(1~ f) = M'f(dm — F)), (3:5)
0

where F(z,7,t) denotes the average of the density function over spheres of
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equal energy
F(z,r,t) = / d6 / dg sin(6)f(z,r,0,6,t), (3.6)
0 -7

and again the terms f’ and F’ mean that the corresponding functions are
evaluated at (r',6’,¢') rather than at (r,6,¢). The advantage of the use
of polar coordinates lies in the fact that the collision integral is now one-
dimensional and the collision terms for scattering of acoustic and polar op-
tical phonons, whose scattering rates are of the form

1
s(r,r) = Y (3D6(r* = 1 = jwpn), (3.7)
j=-1
with wpp, the energy of emission/absorption of a polar optical phonon, amount
to pointwise evaluation of F. The Boltzmann transport equation in polar
coordinates takes the form

A20,f + Ara-Vif — AE - (adrf +b0sf + cOsf) = Q(f), (3.8)

where

1 cos @ 1 —sinf 1 0
a=~-v=|sinfcos¢p |, b=-1|cosfcosd |, c=— 7 —sing | .
r sin @ sin ¢ " \ cos@sin ¢ rsin cos ¢

Starting with Odeh, Gnudi, Baccarani, Rudan and Ventura (Ventura,
Gnudi and Baccarani 1991, Ventura, Gnudi, Baccarani and Odeh 1992), and
continuing with the work of Goldsman and Frey (Goldsman, Wu and Frey
1990, Goldsman, Henrickson and Frey 1991), spherical harmonic expansions
of the Boltzmann transport equation in polar coordinates have been used
with great success, meaning that good agreement with Monte Carlo simu-
lations has been achieved for realistic devices using only a relatively small
number of terms. We recall that spherical harmonic functions take the form

Sn(8,¢) = L,(cos 6)(sin )™ exp (ingp), n = (ni,n2), (3.9)

where L, is the associated Legendre polynomial of degree (n1,ng). Thus L,
is a polynomial of degree n; satisfying the orthogonality relation

[ L@ @)1 =" Ay = b —w), (3:10)
and consequently the spherical harmonics satisfy
/” dé /0" d6sin(8)S™ (8, $)S, (6, 6) = 6(n — v). (3.11)
Expanding the density function f in spherical harmonics gives
FRN =37 falz,r,)5:(6,0), (3.12)

neN
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where N denotes some suitable index set, and using the standard Galerkin
approach, we find

)\26tfn + /\TAinmazi fm - Ei (Ainmarfm + Binmfm) = Qn, (313)

where the summation convention is used in (3.13) and the coefficients A;np,
and Bin,(r) are given by

Aim = / d6 / dé sin(8)SnaiSim, (3.14a)
0 -7

Biwm = / d6 / dé sin(6) Sy (b:9pSrm + ¢i0sSrm) (3.14b)
0 -7

oo
Gn = / dr’ r"%s(r,7')
0

(M f5 (am8(n) = Varfa) = M fo (47 — Varf3)) .(3.140)

Stability and discretization

Equation (3.13) represents a hyperbolic first-order system in the spatial
and time variables (x,t) and the energy variable r = |v|. In principle, the
system (3.13) could be discretized by any number of methods suitable for
hyperbolic systems. In Ventura et al. (1991) and (1992), standard finite
differences are used in all variables. However, in addition to exhibiting
the usual stiffness of PDE discretizations, (3.13) is extremely stiff in time
close to the drift—diffusion regime, for small values of the Knudsen number
A, and in space for large values of the electric field E. It therefore pays
to investigate the stability properties of the system (3.13) before writing
down any approximation scheme. We will now give a simple linear stability
estimate, first derived by Poupaud (1991), which indicates how to discretize
the system in the spatial, time and energy variables. The Galerkin approach
implies the equation

2 /O " a6 /_ T; dé sin(6) N (3.15)
(A201™ + v - Vo fN = AE - (a0, £V + 00 £V + 0 fN) ~ Q(f™)) = 0.
Integrating (3.15) by parts yields
X6,G
+/07r da/:; d¢ sin(6)A (dive (vfV?) - E - a0, (¥?))
+fNV2E - (Bp(bsin) + y(sinbc)) —2f¥Q (f) =0,  (3.16)
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where
Glz,r,t) = /do/ dp sin(®)f¥? = 3 fulz, 1, 1)? (3.17)
neN

is the norm of the coefflicient vector (fy).
Because of the properties of polar coordinates, we have

Og(bsin @) + O4(sinfc) = —QSHLﬂa, (3.18)
and (3.16) can be rewritten as
A29,G
m 4 . : N2 1 2 pN2
+/0 (19/_7r dé sin(8)A (dwz (vf )—E-ar—Qar (7‘ f ))
—2f¥Q (M) =o. (3.19)

Using the scaled Maxwellian M (r) = exp (—r?/2), the term r—29,(r? fV?)
can be rewritten as r~29,(r2fN2) = (M/r?)d.((r?/M)fN?) — rfN¥? and,
since v = ar and £ = —V,V holds, we have

E-arlzar (7"2sz) E. aM ( fN2> + VoV ufh2, (3.20)

Thus equation (3.16) can be written in conservation form as

\26,G

+/ d9/ d¢ sin(é (e‘v div (evvaZ) -E. a%ar (%fj\m))

—-2fQ(fN) = 0. (3.21)

Next, we note the following basic identity for the linearized collision op-
erator Q(f ) = Jgs dus[M f' — M'f]:

2 / d6 d¢ sin(8)r2£Q(f)

_ _/ dG/ dd)/ d9'/ d¢’ sin()r? sm(G')r’stM'(AfJ Aj;/,)z
o (3.22)

which can be verified by direct calculation. Therefore, multiplying (3.21) by
Vr2/M and integrating with respect to  and r gives

00 2
8t/ da;/ dr e_VT—G(:c,r, t) < (3.23)
Q 0 M

—/Q dav/ooo dr (8;V)e” ;;G(a: T,t) — /69/ dr—e Vv-v)fh?,
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where v denotes the unit outward normal vector of the domain €. The
second term on the right-hand side of (3.23) has to be controlled by the
boundary fluxes and (3.23) yields a Gronwall inequality for the term

o) ,,.2 00 ,,,2
d T eV = / d / —eV t)2.
/Q x/o dr Me G(z,r,t) g\/ A z A dr Me fn(z,7,t)

(3.24)
The significance of the estimate (3.24) lies in the fact that it is independent
of the Knudsen number A, and therefore is a valid stability result even in the
stiff case close to the drift—diffusion regime. Therefore, the discretization of
the hyperbolic system (3.13) in the z,¢ and r variables should reflect this
estimate. Without going into the explicit details, we will now show how
to construct the discretization for system (3.13). Because of the equality
(3.18) the matrices A; and B;, made up of the coeflicients A;,,, and Bjnm
in (3.13), satisfy

2
B; + B = “Ai, 1=1,2,3, (3.25)
and, consequently, the matrices B; — (1/r)A; are skew symmetric. In the

linear case the terms ¢, on the right-hand side of (3.13) are given by a matrix
integral operator of the form

dn = ZCnm.fma (326)

neN

o0
where Cpmg(z,r,t) = 47r/ dr’ r’2s(5(n)6(m)Mg' —6(n— m)M’g)7
0
and, because of (3.22), the matrix operator C satisfies
/ * ar ATCE < 0 (3.27)
0 M ’ '

where f denotes the vector of coefficients (f,). The stability estimate for
the semi-discretized Boltzmann transport equation suggests rewriting the
system as

A2 (at (emv726) + %(BtV)e_V/Qf) +wrAdy, (eV728) + (3.28)
A (Me—V)1/2 E; A0, (T-M—l/2f) L aeV2E, (Bi B ":.‘Ai) £ V208

r

Multiplying (3.28) from the left with (r2/M)e~Y/?fT and integrating with
respect to z and r gives the stability estimate

a/ dw/oo dr fe—V|f|2—-/ d /°°d ” OVIeVIEE. (3.29)
't 0 b M = 0 T 0 TM 't . .
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Therefore, any difference discretization of the system (3.13) should build
on differencing the terms e~V/2f in the spatial and M ~'/2f in the energy
direction. A completely time-implicit scheme for (3.13) would immediately
reproduce the stability estimate (3.29). Unfortunately, completely time-
implicit schemes are usually too computationally expensive. From (3.28)
it is clear, however, that at least the collision term on the right-hand side
should be discretized implicitly in time in order to reduce the O(A?) stiffness
of the system to O(A). So, system (3.13) should be discretized as

N0ufa—tn = Arexp () Amnde (o5 (-%)n) - (3.302)
)\Ei (lMl/zAinmar (TM_1/2fm) =+ <Binm - 1A'mm) fm)
T T

1 o0
o= Y gl [T ar P52 - = ) (3.30D)
j=—1

(M £ (4m8(n) — Varfo) = Mo (47 = Var ;) ),

where the terms on the left-hand side are taken implicitly, and a standard hy-
perbolic scheme, such as Lax—Wendroff, is used on the right-hand side, yield-
ing a Courant-Friedrich-Lewy (CFL) condition of the form At/(AAz) <
const. In the case of a linear collision operator (1 — f = 1 in (3.30b)), if
the mesh size in the energy direction is taken as an integer fraction of the
energy wpp, of the emission of a polar optical phonon, the collision operator
C becomes a sparse matrix whose LU decomposition can be computed once
and reused for every grid point in the z-direction (Ventura et al. 1991,
1992). An alternative to this approach is to use a spectral discretization
in the energy direction as well. In order to preserve the stability estimate
(3.23), it is necessary to use the function r2/M as a weight function for
the scalar product. This approach has, in principle, been used in Schmeiser
and Zwirchmayr (1995) and (1997), although there, Cartesian coordinates
in v and Laguerre polynomial basis functions are used. Consequently, the
matrix collision operator matrix C' becomes a full matrix and the scheme is
restricted to relatively few terms in the expansion.

3.2. The hydrodynamic model

The series expansion methods described in the previous section are centred
around an almost spherically symmetric density function. Although they
present a non-perturbative theory and are always convergent, we can expect
slow convergence far from equilibrium, that is, in the case of large group
velocities. As device dimensions decrease, the value of the Knudsen number
A increases, and the transport picture is not dominated by the collision
term any longer. In order to study ballistic transport in short channels of
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a transistor, an alternative model is used. This model corresponds to the
compressible Euler equations for a gas driven by an external force. This
model, not very aptly named the ‘hydrodynamic model for semiconductors’,
is obtained by taking moments of the Boltzmann equation with respect to
the wave vector k, corresponding to the macroscopic particle density, the
group velocity and the energy. The hydrodynamic model usually assumes
a parabolic band structure as given in (2.2). Multiplying the Boltzmann
transport equation (2.17) by 1,k and |k|? and integrating with respect to
the wave vector k gives the moment equations

M0 (1) + A0y, (k) = 0, (3.31a)
320, (k) + 30, (k) + 0B (1) = (Q()). (331
2
220, (1K) + 20s, { Ghlk) + AE: (k) = <'2’“—J‘fc2(f)> (3310)

where the symbol (-) denotes the expectation of a quantity with respect to
the density f. So

<g>= /}R3 dk (g9f) (3.32)

holds and the summation convention is again used in (3.31). (3.31) is re-
garded as a system for the particle density n = (1), the moment (k) = nv
and the total energy W = ((1/2)|k|?). The so-called closure problem is then
given by expressing the higher order moments k;k;, k;|k|? and the moments
of the collision operator @ in terms of the primary variables n, v and W. This
is achieved by the assumption that the density function f is approximately
equal to a displaced Maxwellian of the form

= /\v(x,t)|2)

e (3.33)

f(:l)‘, k7t) R N(»’U»t) €Xp (’

where v denotes the macroscopic velocity and 7' the electron temperature.
Under assumption (3.33), the higher order moments are of the form

(k) = Anv,  (kjki) = n(T6; + Nvjuy), (3.34)

_ Ll 2(,(2 2\ _ 1 2], 12
W= 3 (k) = 56T+ N, (kik?) = s (5T + Nof?),

and (3.31) can be written as
Oy (n) + 0y, (um) = 0 (3.35a)
X28,(nv;) + A28y, (nuyo;) + B, (nT) + Ejn = <_'Q( f)> (3.35b)
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OW + O (W) + Oy, (nuT) (3.35¢)

2
+AEun — divy(kV,.T) = <2“;L2 Q(f)> .

Here the term div ;(kV,T) denotes the heat flux which is derived from a
higher order perturbation theory, and « denotes the heat conductivity. The
moments of the collision terms are modelled phenomenologically as

kj _ A LI _ 1 21,2
(Fen) =L, <57Q(f)> == 5 (3T = To) + Xof?) (3.36)
(see Baccarani and Wordeman (1985)).

Note that, for A — 0, the transport terms in (3.35) vanish and T' = Tj
holds. Thus the drift—diffusion system is recovered in the limit. However,
the hydrodynamic model is used in regimes where the active region of the
device is of the same order as the mean free path and A = O(1) usually holds.
For k = 0, neglecting the heat flux, the hydrodynamic model represents a
nonlinear hyperbolic system with sound speed ¢ = (1/))+/57'/3 which will
usually exhibit shocks for A = O(1). For finite values of the heat conductivity
k, these shocks will have a finite width of order O(«) (Gardner 19916). For
short and relatively small active regions (of the order of 0.1-0.5 um) the
hydrodynamic model equations (3.35) usually lead to a sufficiently good
agreement with Monte Carlo simulations (Gardner 19935).

Steady state calculations

The most common approach to discretizing the hydrodynamic model equa-
tions in steady state is upwind box integration (Gardner 1992, Gardner
1991a). To this end, the steady state version of the model equations (3.35)
is put in conservation form as

63” (UlGlj) + Hj =0, 57=0,...,5, (3.37)
where the Gy; and H; are given by
Go=n and G =Anv;, j=1,2,3, (3.38)

G = (n/2)(5T + N|v|*) —~ nd,V, Gi5 =0,

H() = 0, HJ = 83;J(nT) - n@zJV - ;_l—m)j, ] = 1,2,3,
p
Hy =~V (8V.T) + 50— (3(T = To) + Aol?)
* ¥ 22271y, ’

and Hs = —div,(eV,V)=n— D,
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where we have already included the Poisson equation for the potential V.
Using the upwind box integration method, the terms 0, (v;Gi;) in (3.37) are
discretized by

1

O, (G5 () = m@ ((Mwl)(ulGu) - %lmvz|(5lGlj)) , o (339)

where the discrete difference and averaging operators §; and p; are defined
by

1
Oz(z) = =z (m + %A:clel> —z (:L' - 5Am;e;> ,

1 1 1
wz(z) = 2 (z (9: + §A$l€l) +z (x - §Amlel)> , (3.40)

where Azx; denotes the (variable) stepsize and e; denotes the unit vec-
tor in the Ilth coordinate direction. The derivatives in the terms Hj in
(3.37) are usually discretized by standard centred finite differences (Gard-
ner 19915, Gardner 1992). In order to deal with locally large electric fields,
a modification of the Scharfetter—-Gummel scheme (Selberherr 1981) may be
used for H;,j =1,2,3. In this modification the derivative

H; = 8,,(nT) — nd,,V — gvj (3.41)
D

1s written as

174 8z].(nTexp(—Z)) n
1 (7)o oy () g 0D

The derivatives in (3.42) are then discretized by using standard differences.
For constant temperature T the discretization of (3.42) then reduces to the
classical Scharfetter—-Gummel scheme, which has the advantage of correctly
performing the right upwinding in the direction of the electric field E =
V.V

After carrying out the discretization, a large sparse nonlinear system of
algebraic equations has to be solved. After linearization this leads to the
solution of the linear system

JAF = -F(2), z= (n,v,T,V)7, (3.43)

at each step. Here the vector F' denotes the discretization of (3.37) on the
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mesh and the Jacobian J has the block structure

9Fy  9Fy 0

on Ov

OF; 0Fy 0F, OF

on ov orT oV
Boooo
In Lanzkron, Gardner and Rose (1991) and Gardner, Jerome and Rose
(1989), detailed investigations of the convergence of block iterative methods
for the solution of the Newton equations (3.43) have been carried out. The
basic result is that block under-relaxation methods, in conjunction with
conjugate gradient methods for the individual blocks, perform well as long as
the equations for the density n and the velocities v are treated as one block.
In this case chaotic under-relaxation methods on parallel architectures also
give good results.

3.3. Generalizations of the hydrodynamic model — Grad systems

The relative simplicity of the hydrodynamic model equations and their cer-
tain shortcomings, such as the overestimation of velocities close to P-N junc-
tions (see Ringhofer (1997)), suggests a generalization of the underlying prin-
ciple to higher order moment methods. In the ballistic regime, that is, in
the presence of large electron velocities, series expansion methods based on
a perturbation of a spherical symmetric density function will in general not
perform well. This suggests the introduction of a modified series expansion
approach based not on a centred Maxwellian distribution function but on
a wave vector displaced Maxwellian instead. This idea was first introduced
by Grad (1949, 1958) for the study of the fine structure of shock waves in
fluid dynamics. Since the assumption underlying the hydrodynamic model
is that the density function is approximately of the form (3.33), it is nat-
ural to expand the Boltzmann equation around a Maxwellian distribution
function in a stretched variable coordinate system in wave vector space with
the macroscopic velocity w as the origin and the square root of the macro-
scopic temperature T as the stretching factor. Introducing the coordinate
transformation

(z,v,t) = (z,w,t), v=car,t)w+ulz,t) (3.45)
gives the transformed Boltzmann equation
A
)\28tf+)\v~\7zf—aH-wa:Q(f) (3.46)

H = E + M(Oix)w + Opu) + (w(an)T + %) v, U=ow+u.
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Equation (3.46) is now approximated by a Galerkin method in the micro-
scopic velocity variable v where a and u are still kept as free parameters.
There are two conditions which we have to place on the choice of basis
functions and the scalar product in order to obtain a generalization of the
hydrodynamic model.

e The lowest order basis function is the displaced Maxwellian e lwl?/2,
e The Galerkin approach should correspond to taking the moments of
the Boltzmann equation (3.46).

This is achieved by choosing basis functions of the form

w 2
Ym = M(w)ppm(w), M(w)=exp <_|T|> ) (3.47)

where the p,,, in (3.47) are vector basis polynomials containing the polyno-
mials 1,w and |w|?. So

{1’wa |w|2} - Span{p07'~-apN} (348)
holds. Secondly, the scalar product is taken to be of the form
1
= [ dw-——fTg. :
<fg>= [ aw s T (3.49)

Thus, taking the scalar product of the Boltzmann equation with the basis
function 1), corresponds to integrating against the polynomial p,,, and the
moments leading to the hydrodynamic model are reproduced. Expanding
the density function

fla,w,t) = a™®) ) fol@, t)iha(w) (3.50)
and using the Galerkin procedure yields the system
A28, fm + A0z, [Atmn fn] + 2anfn = Cmnfn, (3.51)
with
A = (Ym, Uithn)
Bn = = (tm, divu(Hén) = [ dw vnll - Vupm,
Con = (¥m,Qn) . (3.52)

It remains to choose the parameters a(z,t) and u(z,t). In the original
Grad system (Grad 1949), they are chosen to correspond to the square root
of the temperature and the group velocity:

. f]R3 dv 'Uf

. Jio v Iof*f
Jes dv 7

Jrsdv f 7

[u? + 302 = (3.53)
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which implies
/ dw [wf] = 0, / dw [Juw|? - 3)f = 0. (3.54)
R3 R3

If we denote the basis functions M, w1 M, wo M, w3M, |w|?>M by v, . . ., ¥4,
this becomes

fi=0, 7=1,2,3 and fi4= constfy. (3.55)

Thus f1,..., f41 can be eliminated from the system and the corresponding
equations determine the free parameters o and u. By virtue of construction
the system reduces to the hydrodynamic model (without heat conduction)
if only the basis functions %y, .. ., 14 are used. One of the major problem of
Grad systems is that they are not necessarily well-posed. Equation (3.51),
together with the constraints (3.55), represents a hyperbolic differential al-
gebraic system. If the coefficient functions fi,..., f4 are eliminated from
the system the resulting equations form a first-order system for the vari-
ables ( fo, @, u1, u2,us, f5 ...) whose linearization can have complex eigenval-
ues, and therefore modes can grow proportionally to their frequencies. This
ill-posedness occurs at quite moderate Mach numbers and has been analysed
by Cordier (1994a, 1994b) for some special sets of basis functions. Several
approaches to remedy this problem have been given by Ringhofer (19945,
19944, 1997). They involve relaxing the conditions (3.55) in some way or
another, and lead to well-posed problems.

4. Numerical methods for quantum transport

The numerical methods discussed in this section are essentially mirror im-
ages of the methods for semiclassical transport from Section 3. The quantum
Boltzmann equation (2.38) replaces the semiclassical Boltzmann equation
(2.1) and its moment expansion gives the quantum hydrodynamic model.
There are, however, several important differences which do not allow us to
treat quantum transport phenomena as just a perturbation of semiclassical
transport. First, the discretization of the pseudo-differential operator 8 in
(2.38) is not trivial. The transport term on the left-hand side of (2.38) does
not possess classical characteristics. (They would be replaced by the paths
in the Feynman path integrals.) Second, because of the nonlocality of the
transport operator, the formulation of proper boundary conditions is more
complicated than in the classical case. Finally, because of the dispersive
nature of the underlying Schrédinger equation, moment models, such as the
quantum hydrodynamic equations, will also be dispersive, that is, waves will
be able to travel at all speeds. Therefore, the artificial diffusion introduced
by a discretization scheme will play a crucial role in its accuracy.
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4.1. Discretization of the quantum Boltzmann equation

We now turn to the design of numerical methods for the quantum Boltz-
mann equation (2.38). There is a variety of possible choices for discret-
ization schemes in the spatial and temporal directions, which will be dis-
cussed in more detail later. The more fundamental problem is posed by
the discretization of the wave vector k, in particular by the approximation
of the pseudo-differential operator 8, the quantum equivalent of the oper-
ator —V_,V - Vi in the classical Boltzmann equation. Since the quantum
Boltzmann equation does not possess characteristics in the classical sense,
and the Wigner function w does not necessarily remain nonnegative (see
Tatarski (1983)), a Monte Carlo type approach becomes too complicated to
be practically feasible. On the other hand, since the operator 4 is defined
in terms of Fourier transforms, a spectral discretization using trigonometric
basis functions seems natural.

First we note that the quantum Boltzmann equation (2.38) allows for a
reduction in dimension. If the potential V is only dependent on the variables
x1,...,2g withd =1 or 2 (so there is no field pointing in the direction
ZTd+1,---,T3) the quantum Boltzmann equation with both collision terms
(2.39),(2.40) allows for solutions of the form

1 -
w(;p’k,t) = exp <_§ (kt2i+1 4+t kg)) w(a:l, vy gy k1, kg, t). (4.1)

The dimensionally reduced quantum Boltzmann equation for @ is then of
the form

O + k - Vb + 8[V]w = Q(w) (4.2a)

O[V]w(z, k,t) = (2n) ¢ (4.2b)
/}Rd dk’ y dn %6V (i’, gn,t) w(E, k, t) exp(in - (k — IE')),

where 7 = (x1,...,24)7, k= (k1,... k)T .

Here we have already used the quantum Boltzmann equation in a scaled
and dimensionless form, where h denotes the scaled Planck constant k. Of
course, the Poisson equation has to be modified accordingly to take into
account the integral of the Maxwellian in the directions k411, ..., k3. Since
the reduced quantum Boltzmann equation has the same form as the three-
dimensional equation, we will from now on drop the tilde symbol. Following
Ringhofer (1990) and (1992), we approximate the Wigner function w by a
trigonometric polynomial of the form

wr wy(z, k1) = Y c(z,n,t)pa(k), N={-N+1,...,N},  (43)
neN
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a d/2
k)=1|— exp(ian - k).
0uk) = (5) " explian-

Thus we approximate the L? function w by the (27/a)-periodic function
wy and, consequently, o will have to go to zero in the limit to achieve con-
vergence. The quantum Boltzmann equation (4.2) is simply approximated
by collocation at the appropriate equally spaced nodes. So

owy +k-Vzwn + H[V]TUN = QN(U)N) at k= kj, (44)

T
Na’
holds. If the relaxation time approximation is used for the collision term @
then the corresponding approximation (n has to be modified accordingly

to account for the fact that densities are now computed from periodic basis
functions. So, in this case,

ki=08j, jeN, B=

~n(w)(z, k,t) = % <n%w01v - w) , (4.5)

n= w, ng = / WON » MN = CO(xan)(bnv
/[—W/avf/a]d [=n/am/a]d Z

neEN

holds. Here wgny denotes a suitable approximation of the thermal equilib-
rium density wg. The advantage of this approach lies in the fact that the
highly oscillatory integrals in the definition (4.2b) of the pseudo-differential
operator 6 can be evaluated exactly. The basis functions ¢, satisfy the
orthogonality relations

/ Gt = 8m =n), B* S @5 (k)n(k,) = n(m —n), (46)
[-r/am/a]? veN

where 05 denotes the Kronecker § on N periodically extended over all in-
tegers. Using these orthogonality relations, a direct calculation yields

dun(akt) = 31 L5V (a h (@, n, )b k),

nEN

C(.T,‘,TL, t) = ﬁd Z ¢ QUN z, kllvt) (47)

veN

Collecting the function values of the trigonometric polynomial wy at the
collocation points k, into a vector W, one obtains the hyperbolic system

AW + A0, W + B(V)W = QW, (4.8)

where the A; are diagonal matrices made up of the jth component of the
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collocation points k,,, and the tensor B is given by

? ah .
Blu) = 3 1oV (5.5 mt) ok (Buen(an).  (49)
neN
Multiplication with the tensor B can now be carried out using FFTs, a
significant advantage in higher dimensions.

Spectral accuracy

A complete convergence proof for the semi-discretized scheme can be found
in Ringhofer (1990) and (1992), and turns out to be quite tedious. We
will here only sketch the consistency of the discretization in order to indic-
ate under what conditions and with what order the scheme is convergent.
Note that the discretization scheme (4.8) is somewhat nonstandard. The
basis functions ¢,, are not elements of the same space as the exact solution,
since we have approximated the L? solution by periodic functions. Let the
interpolation operator P be defined by

Pw(l'vk?t) = Z c(x,n,t)¢n(k), Pw(wakllat) = 'LU(.’E,]C,,,t), S N

neN
(4.10)
Then the scheme can be formally written as
P(8rw + k- Vawy +0[Vwy ~ Quuy) =0. (4.11)
Defining the global discretization error as e = wy — Pw we obtain
P(Bte +k-Vze+0[V]e— QNe) =1L, (4.12)
where the local discretization error L is given by
L = -P(0Pw+k-VoPw+0[V]Pw— QyPu)
= (P§—-6P)w+ (QNP — PQ)w (4.13)
The interpolation operator P has the representation
Pf(k) = p* 21; ZN f (k)3 (ky) o (k) (4.14)
neN ve

and, consequently, the interpolant of any (27 /a)-periodic function f is given
by

Pf=> > f(n+2Ns)¢n, f= . f(n)¢n. (4.15)

neN gcZd nezd

The formula (4.15) represents the usual aliasing error. The exact solution
w is now smoothly decomposed into a part which vanishes identically outside
the interval [—-m/a,m/a]® and a part which vanishes identically inside a
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subinterval of [—7/a, 7/a)?, that is,

T T
w=w; +w, w;=20 for k¢[—a+s’a+s]d’
s T d

= f _ —% 4.16

w, =0 for ke a+2e’a+2€] (4.16)

So w, denotes the tail of the distribution and w; equals w in the smaller
domain. Clearly w; is (27 /a)-periodic and, therefore, using (4.15),

(6P —POyw; = > >

neN seZ4—{0}
wi(n + 2Ns) <6V(l', an,t) —6V(x,an + 2Ns, t)>¢n,

where w; = Z Wi (n)Pn, (4.17)
nezd

holds. Note that the sum in equation (4.17) only contains Fourier coefficients
with indices larger than N, and therefore

(0P — PO)will 2= =jay < cqll6V |oollwill pr, (= x)a) (4.18)
holds, which gives the usual estimate for spectral accuracy of the discretiz-
ation scheme.

Time discretization

After employing the spectral collocation scheme in the wave vector direction,
it remains to discretize the first-order hyperbolic system (4.8) in space and
time. Of course, every method for hyperbolic systems would do this job.
However, the use of a standard hyperbolic scheme for (4.8) will result in
a CFL condition of the form At/(aAz) < const, which will be prohibitive
in practice since @ — 0 has to hold for the spectral discretization to be
convergent. The best alternative, given in Arnold and Ringhofer (1995b)
is to employ operator splitting to the semi discretizeed equation (4.8). In
the operator splitting approach, one time step of length At for the equation
(4.8), starting from W (z,t,) is performed by

oWy + Ajaxj Wy = 0, W1(.”C,t) = W(x, tn) (4.19&)
OWo + B(V)W2 = Q(Wg), WQ(.’E, tn) =W (.T, tn + At) (4.19b)
W(.’L‘, tn+1) = WQ(iL‘, tn+1), the1 =ty + At. (4.19C)

This discretization is first-order accurate in time. A second-order accur-
ate discretization can be achieved with a slight modification using so-called
Strang splitting (Arnold and Ringhofer 19954) . The step (4.19b) repres-
ents the solution of a system of ordinary differential equations. This can be
achieved using any ODE integrator. (Actually, in the absence of the colli-
sion term @, this step can be carried out exactly.) In theory, the first step
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(4.19a) could be carried out exactly as well, since it is given by the shift
Wi (:L‘, k:j, tn + At) = W(J? — k‘jAt, kj, tn), (4.20)

eliminating any type of CFL condition. In practice, since the vector W
is given on a fixed mesh on the z-axis, the term W (x — k;At, k;,t,) will
have to be interpolated between the nearest gridpoints. Using second-order
interpolation between nearest neighbours in the z-mesh and a first-order
ODE integrator for step (4.19b) gives a first-order accurate scheme (Arnold
and Ringhofer 1995b).

Boundary conditions

One of the major problems in the application of quantum kinetic models to
the simulation of actual devices is the appropriate formulation of boundary
conditions. In a device, the simulation region will be a bounded domain
whose boundaries will consist of contacts, insulating surfaces or artificial
boundaries, which are introduced to limit the size of the simulation domain.
The quantum Boltzmann equation is nonlocal in the wave vector k£ and
the transport term on the left-hand side of (2.38) does not possess classical
characteristics. Nevertheless, the quantum Boltzmann equation allows for
wave solutions since, at least in the collisionless case, it is equivalent to
the Schrodinger equation. Thus, if care is not taken in the formulation of
boundary conditions, artificial reflections of waves at the boundaries will
occur, and these spurious waves will propagate back in the interior of the
simulation domain. We will first treat the case of an artificial boundary,
where the boundary conditions should be such that reflection of waves at
the boundary is kept to a minimum. For simplicity, let us consider a one-
dimensional model z € R!, k € R! which is obtained from the Schrédinger
equation in one spatial dimension. The presented methodology is given in
detail in Ringhofer, Ferry and Kluksdahl (1989) and represents a generaliz-
ation of the approach of Engquist and Majda (1977) for hyperbolic systems
to the infinite-dimensional case. In the one-dimensional collisionless case
the Wigner equation becomes

oyw + kdgw + 0[V]w = 0,z,k € R (4.21)

We will assume the boundary to be located at x = 0 and the simulation
domain to be given by the half plane z > 0. Generalizations to more than
one boundary are straightforward. In the absence of the pseudo-differential
operator §, the absorbing boundary condition would trivially be given by

w(z =0,k,t) =0, for k>0, (4.22)
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since we assume that no waves enter the domain from outside the region.
The same would be true for an equation of the form

Bw + kdyw + Tw = 0, Tw = / dF Glo, b,k K w(z, K 1),  (4.23)
R

if the operator T is block diagonal in the sense that G(z,t, k, k') = 0 when
kk’ < 0, since the solution w(z,k,t) for k < 0 is completely decoupled
from the solution w(zx,k,t) for k > 0. The goal of the presented approach
is to achieve such a decoupling asymptotically for large wave speeds. If
we assume a plane wave solution in the z,t plane of the form w(z,k,t) =
g(k) expli&(z — wt)] with a velocity w and a frequency &, S,w = —i€ww holds
and the time derivative will be proportional to the velocity w. Thus, we
formally decouple k& < 0 from k > 0 by expanding the operator in powers of
o, ! for ‘large 8,’. This will be made more precise later. Setting formally

w=w— o Alkw],  Alfl(e, k) :/ Ak a(a, b,k k) f(x K, 6),  (4.24)
R
we obtain
kOpu = (1 — 87 kA)[kdw] — kd; L Ap[kw), (4.25)

where the operator A, arises from differentiating the product, so
Alf)(@ k. 6) =/ K’ dyala, b, k, k) f(z, K, 1) (4.26)
R

holds. Using the differential equation (4.21) yields
kOpu = (1 — 0, 'k A) (=0 — O]V [w — kd; P Az (kw)]. (4.27)

Asymptotically, the inverse of the operator 1 — d; LAk will be given by
148, Ak and w = u+0; ' A(ku) + O(8; ) holds. So, formally, up to terms
of order O(8; %) we obtain

kdou = —Owu+ (0, 'kA; — Ak — O)u + O(0; %)
= —du+ (kA — Ak — 0)u + O(0; u). (4.28)

Therefore, we choose the operator A such that it diagonalizes the equation
(4.28). If we write the pseudo-differential operator 6 in terms of its kernel

O(u)(z, k,t) = /dk’ (8, k — K )u(z, K, 1),

/ dn 6V( ) (4.29)

D(z,t,r)
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then (k —k')a(z,t,k, k') — D(x,t,k — k') = 0 has to hold for kk’ < 0. So, we
set

D(z,t,k—k")
a(z, bk, k') = g for kK <O, (4.30)
0 otherwise,

and the absorbing boundary condition reads

u=w—0, alx,t,k, w(x, k', t) = or =0, > 0.
oyt [ dK’ k, KK w(x, K 0 f 0, k>0
R

(4.31)

Differentiating (4.31) once with respect to time gives an implementable

boundary condition. The above formal manipulations can be made precise

to make the whole approach more plausible. Given a solution w of the
Wigner equation (4.21), we define u by

O = Oyw —/ dk’ a(z,t, k, KK w(z, k' t), u(z, k) =w(z,k). (4.32)
R
A direct calculation gives the residuals for the inverse transformations

R=w-u, S=0d(w—u)- / dk’ a(z,t, k, Kk u(z, k' t)  (4.33)
R

&R = A(kw), S = A(kR).

Inserting the new variable u into the transport operator and differentiation
with respect to time gives

o, (8tu + kB, u)

= 0,(B0 + ks )w — (8 + ks ) Alkw)

)

(w) — (B + k) A(kw)

= —0(0w) — A(kdw) ~ kA(kdyw) — (Biw + Ay(kw) — kA (kw))
)—

= —0(0w) — A(kdw) — kA + 0(w)) — (8w + Ar(kw) — kA, (kw))
= -T'(Gw) — L(w), (4.34)
where the operators 6, A; and A, are the ones obtained from differentiating
the kernels with respect to x and t, the block diagonal operator T is given
by I'(f) = 6(f) + A(kf) — kA(f) and L is given by L(f) = 6:(f) + Ac(kf) -
kAL (f) — kA(O(f)). Setting w = u+ R and dyw = dyu + A(ku) + S, and
integrating with respect to time gives
Owu + kozu+T'(u) = H,
oH = Ti(u)—T(A(ku)) —T(A(kR)) — L(u) — L(R),
R = A(k(u+ R)). (4.35)

:—8tw
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The above system is decoupled up to the lower order term H. Imposing
the boundary condition u(xz = 0,k > 0,t) = 0 and inserting a plane wave of
the form

u(z, k, t) = gulk,w,§) exp(i§($ — wt)),
H(z,k,t) = guk,w,f) exp(if(a: —wt)),
R(z,k,t) = gr(k,w,€)exp(if(z — wt)) (4.36)

immediately gives that the waves travelling to the right (for ¥ > 0) have
amplitudes of order O(w™2), that is, g,(k,w,&) = O(w™2) for k > 0 holds.
So, the second-order absorbing boundary condition is of the form

Oru(0,k > 0,t) = (B — A(kw))(o, k>0t =0. (4.37)

In the case of an insulating surface, perfect reflection is imposed instead.
So, in this case, the boundary condition u(0, k,¢) = u(0, —k,t), or

(8w — A(kw)) (0,k,t) = (8w — A(kw)) (0, —k,t), for k>0, (4.38)

holds. Finally, in the case of a contact, we will impose a boundary condition
modelling the injection of electrons according to a certain distribution. The
corresponding boundary condition is then given such that nothing but the
injected part of the distribution is reflected. Therefore, if we denote the
injection distribution by f(k), the absorbing boundary condition in (4.31)
acts on w — p(t) f, giving

ouw~ [ A ala,t,k, KK w(z, K, 0) = (4.39)
R
F(k)Bup(t) — p(t)/ Ak’ alz,t,k, K)K'f(K) for 2=0, k>0,
R

where the function p(t) is chosen such that the total charge in the device is
conserved.

4.2. Quantum hydrodynamic models

The calculation of quantum transport phenomena via the quantum Boltz-
mann equation becomes prohibitively expensive in more than two dimen-
sions. However, certain essential effects, such as non-monotone voltage
current characteristics or negative differential resistance (Gardner 1993a),
which are characteristic of the behaviour of quantum devices, can be simu-
lated using much simpler macroscopic models. Like their classical counter-
part, these model equations, the so-called quantum hydrodynamic equations
(Gardner 1994), are derived from a moment expansion of the underlying
kinetic equation. So, in the classical limit for A — 0, they reduce to the hy-
drodynamic model equations treated previously. Denoting the momentum
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hk by p and the corresponding moments by

<1>=/ dk w, <pj>=/ dk hk;w,

R3 R3

i) = [, dk wkgkw, (ipl) = [ dk kP,
R3 RrR3

(palpl%) = [, dk 5k ko, (4.40)

and taking the first three moments of the quantum Boltzmann equation
(2.38) gives

8.(1) + —0u (p) = 0 (4.41a)
0y <Pj>+%3x, (mipj) — €0z, V(1) = (p;Q) (4.41b)

o (Ip?) + ~-n, (plpl?) 200,V () = (IpPQ).  (441¢)

(In (4.41) the summation convention is used again.) The system has to be
closed again by expressing the pseudo-expectations (pip;), (pi|p|?), (p;Q)
and (|p|?Q) in terms of the primary variables (1), (p;) and (|p|?). If the
Fokker—Planck term (2.40) is used as a collision operator, the moments on
the right-hand side of (4.41) become

1
B =-1 ), (pPQ)=2(3mTomy— (bP)). (@4

As in the classical case, closure is achieved by assuming that the Wigner
function w is close to a wave vector displaced equilibrium density. Note that
the first three moments of the quantum Boltzmann equation are the same
as in the classical case. Therefore, quantum effects will enter solely through
the closure conditions. If we assume the form of a wave vector displaced
equilibrium density, so that

w(x, k,t) = we (x, k— —Tgu(w, t)> (4.43)

holds with some group velocity vector u, we obtain
(1) =n, (p;)=mnu;, (pjp)=m’nuju —mPy, (4.44)
<[p|2> = m?n|ul?> + mP =: 2mW, <pj|p|2> = 2m? (w;W — Pju),
where the P;; and P denote the second moments of the equilibrium density,
that is,
h 1
Py=—— [ dkkjkw., P= -5 > Py (4.45)
J

m Jr3
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holds. (It can always be assumed that the equilibrium density is symmetric,
which implies that the odd order moments of w, vanish.) Following Gardner
(1994), the approximate equilibrium density is taken as

we(z, k) = Az, t) fe' (4.46)
[1 + R (—*1—~AIV oL v vp e PPy V) + O(h4)]
8mT? 24mT3 24m2T3 " Tk ’
where p = hk holds and f. denotes the classical equilibrium density
_ pl*> |V
fe=A(z,t) eXp(_QmT + T (4.47)

The form (4.46) is derived from an O(/i*) approximation of the thermal
equilibrium density first given by Wigner (1932). With this form of the
equilibrium density the moments P; and P in (4.44) become

3 h2

Pjy = —nTé; — 5‘3 Lz, 10g(n) + or?), P= —nT + A log(n)
(4.48)
and the quantum hydrodynamic equations become
on+ 0y (ny) = 0 (4.49a)
1
O (mnuj) + Oy (mnuu; — Pjy) — €0,,Vn = —omn; (4.49b)
1
O < mn|u|? + P) + O, < (imnlu\2 + P> —Pjju; + ql> (4.49c¢)
2
—enyVu = - <3T0n — m|u|2) .
T

The structure of the quantum hydrodynamic equations is considerably
more complex than that of the classical hydrodynamic model. Because of
the presence of the term 12"82 -7 in the correction to the stress tensor

P}, the quantum hydrodynamlc equations show the same dispersive beha-
viour as the underlying Wigner or Schrodinger equation. More precisely,
an analysis of the linearized problem shows that the corresponding mat-
rix has two hyperbolic (pure imaginary) eigenvalues, two dispersive modes
(real eigenvalues which are proportional to the frequency) of order A2 and
one parabolic eigenvalue, due to the presence of the heat conduction term
div ;(kV,T) (Gardner 1993a). At present, there are essentially two ap-
proaches to discretizing the quantum hydrodynamic system (4.49). The
first treats the quantum hydrodynamic equations as a perturbation of the
classical hydrodynamic system and uses a discretization appropriate for hy-
perbolic conservation laws. In this approach, the system is written as

0 Zj+ 0y, Fi;(Z) = Ri(Z), Z = (n,mnu, WY)), (4.50)
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where W, denotes the classical energy term W, = (1/2)(3nT +mn|u|?), and
the flux F' and the right-hand side R are given by

nu
F(Z) = | mnuu® +nTT |,
(We+nT)u

0
R(Z) = ( nVzV — 7 — 2V,.Q ),(4.51&)
nuT' VoV — (We — 3nT) /7 + divy (kV,T) + Qu
R 1
K2 | n
Quw = —_24mTAI (log(n)) — —24md1vz (nAxu) - gu V.Q. (4.51b)

The term @ in (4.51b) is referred to as the Bohm potential. Writing
the quantum hydrodynamic system in the form (4.51), numerical methods
suitable for hyperbolic conservation laws are used. In Chen, Cockburn,
Gardner and Jerome (1995), a discontinuous Galerkin method is used in the
spatial direction to simulate hysteresis effects in resonant tunnelling diodes.
The time variable is discretized by a second-order explicit Runge-Kutta
method, where each of the intermediate stages are projected orthogonally
onto the manifold given by the Poisson equation.

A different approach to the discretization of the quantum hydrodynamic
system is used in Gardner (1993a) for one-dimensional steady state simula-
tions. Here, as in the classical case, the system is written in a form suitable
for upwinding methods as

8, (uG,) + Hi +S; =0, j=0,...,3, (4.52)
with the G;, h; and S; given by

Go =n, G1 = mnu,

5 1 2 h2n 2
Gy = EnT + imnu — F[)Z log(n) — nV, G3=0 (4.53a)

Rn _,
Hy =0, Hy = 0,(nT) — 0, (%az log(n)) - nd;V,

Hy = —0,(kd;T),  Hs=ed’V (4.53b)
So=0, & =0
T
3 1 s  Rn 3
S = EnT + gmnu’ — %az log(n) — §nTo,

S3 = e2(Np — Ng —n). (4.53c)
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Here the Poisson equation has already been included in the system. In this
form the one-dimensional quantum hydrodynamic equations are discretized
by conservative upwinding similar to the classical case. Thus, the term
0-(uG};) is discretized as

—M:Am(sz ((uzu)(usz) - %|uxu|(5zc;j)) : (4.54)

where the averaging operator p, and the difference operator 8, are defined
as in (3.40). Notice, that the philosophy behind the upwind discretiza-
tion differs from the one presented above since the quantum correction
term (h%n/m)d2log(n) is included in the transport term G. This is only
possible in the one-dimensional case and results in the dispersive modes
of the quantum hydrodynamic system being heavily damped out through
the artificial diffusion produced by upwinding method. However, this one-
dimensional scheme has proven nevertheless to be quite successful in the
simulation of quantum mechanical phenomena, such as negative differential
resistance in actual devices.

0:(uGj) =
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Preface

Section 5 is written in collaboration with Ya Yan Lu of the Department of
Mathematics, City University of Hong Kong.

1. Introduction

Complexity theory of numerical analysis is the study of the number of arith-
metic operations required to pass from the input to the output of a numerical
problem.

To a large extent this requires the (global) analysis of the basic algorithms
of numerical analysis. This analysis is complicated by the existence of ill-
posed problems, conditioning and round-off error.

A complementary aspect (‘lower bounds’) is the examination of efficiency
for all algorithms solving a given problem. This study is difficult and needs
a formal definition of algorithm.



524 S. SMALE

Highly developed complexity theory of computer science provides some
inspiration to the subject at hand. Yet the nature of theoretical computer
science, with its foundations in discrete Turing machines, prevents a simple
transfer to a subject where real number algorithms such as Newton’s method
dominate.

One can indeed be sceptical about a formal development of complexity
into the domain of numerical analysis, where problems are solved only to a
certain precision and round-off error is central.

Recall that, according to computer science, an algorithm defined by a
Turing machine is polynomial time if the computing time (measured by the
number of Turing machine operations) T'(y) on input y satisfies:

T(y) < K(size(y))*. (1.1)

Here, size(y) is the number of bits of y. A problem is said to be in P (or
tractable) if there is a polynomial time algorithm (i.e. machine) solving it.

The most natural replacement for a Turing machine operation in a nu-
merical analysis context is an arithmetical operation, since that is the basic
measure of cost in numerical analysis. Thus, one can say with little objec-
tion that the problem of solving a linear system Az = b is tractable because
the number of required Gaussian pivots is bounded by cn and the input size
of the matrix A and vector b is about n?. (There remain some crucial ques-
tions of conditioning to be discussed later.) In this way complexity theory
is part of the tradition of numerical analysis.

But this situation is no doubt exceptional in numerical analysis in that one
obtains an exact answer, and most algorithms in numerical analysis solve
problems only approximately with, say, accuracy £ > 0, or precision loge™!.
Moreover, the time required depends more typically on the condition of the
problem. Therefore it is reasonable for ‘polynomial time’ to be recast in the
form:

T(y,e) < K(u(y) + size(y) — log a)c. (1.2)

Here, y = (y1, - ,¥yn), With y; € R is the input of a numerical problem,
with size(y) = n. The accuracy required is € > 0 and p(y) is a number
representing the condition of the particular problem represented by y (u(y)
could be a condition number). There are situations where one might replace
by log i or loge™! by logloge ™!, for example. Moreover, using the notion
of approximate zero, described below, the € might be eliminated.

I see much of the complexity theory (‘upper bound’ aspect) of numerical
analysis conveniently represented by a two-part scheme. Part 1 is the es-
timate (1.2). Part 2 is an estimate of the probability distribution of y, and
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takes the form
1 C
prob {y p(y) > K} < (E) 7 (1.3)

where a probability measure has been put on the space of inputs.

Then Parts 1 and 2 combine, eliminating the u, to give a probability
bound of the complexity of the algorithm. The following sections illustrate
this theme. One needs to understand the condition number p with great
clarity for the procedure to succeed.

I hope this gives some immediate motivation for a complexity theory of
numerical analysis and even to indicate that, all along, numerical analysts
have often been thinking in complexity terms.

Now, complexity theory of computer science has also studied extensively
the problem of finding lower bounds for certain basic problems. For this
one needs a formal definition of algorithm, and the Turing machine begins
to play a serious role. That makes little sense when the real numbers of
numerical analysis dominate the mathematics. However without too much
fuss we can extend the concept of a machine to deal with real numbers,
and one can also start dealing with lower bounds of real number algorithms.
This last is not so traditional for numerical analysis, yet the real number
machine leads to exciting new perspectives and problems.

In computer science, consideration of polynomial time bounds led to
the fundamentally important and notoriously difficult problem ‘P = NP?’.
There is a corresponding problem for real number machines, namely ‘P =
NP over R?’.

The above is a highly simplified, idealized snapshot of a complexity theory
of numerical analysis. Some details follow in the sections below. Also see
Blum, Cucker, Shub and Smale (1996), referred to hereafter as the Mani-
festo, and its references for more background, history and examples.

2. Fundamental theorem of algebra

The fundamental theorem of algebra (FTA) deserves special attention. Its
study in the past has been a decisive factor in the discovery of algebraic num-
bers, complex numbers, group theory and more recently in the development
of the foundations of algorithms.

Gauss gave four proofs of this result. The first was in his thesis which, in
spite of a gap (see Ostrowski in Gauss), anticipates some modern algorithms
(see Smale 1981). Constructive proofs of the FTA were given in 1924 by
Brouwer and Weyl.

Further, Peter Henrici and his co-workers have given a substantial de-
velopment for analysing algorithms and a complexity theory for the FTA.
See Dejon and Henrici (1969) and Henrici (1977). Also, Collins (1975) gave
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a contribution to the complexity of FTA. See especially Pan (1996) and
McNamee (1993) for historical background and references.

In 1981-82, two articles appeared with approximately the same title,
Schénhage (1982) and Smale (1981), which systematically pursued the issue
of complexity for the FTA. Coincidentally, both authors gave main talks
at the International Congress of Mathematicians, Berkeley 1986, on this
subject; see Schonhage (1987) and Smale (1987a).

These articles fully illustrate two contrasting approaches.

Schénhage’s algorithm is in the tradition of Weyl, with a number of ad-
ded features which give very good polynomial time complexity bounds. The
Schénhage analysis includes the worst case and the implicit model is the Tur-
ing machine. On the other hand, the methods have never extended to more
than one variable, and the algorithm is complicated. Some subsequent de-
velopments in a similar spirit include Renegar (1987b), Bini and Pan (1987),
Neff (1994), and Neff and Reif (1996). See Pan (1997) for an account of this
approach to the FTA.

In contrast, in Smale (1981), the algorithm is based on continuation meth-
ods such as Kellog, Li, and Yorke (1976), Smale (1976), Keller (1978), and
Hirsch and Smale (1979). See Allgower and Georg (1990, 1993) for a survey.
The complexity analysis of the 1981 paper was a probabilistic polynomial
time bound on the number of arithmetic operations, but much cruder than
Schonhage’s. The algorithm, based on Newton’s method, was simple, ro-
bust, easy to program, and extended eventually to many variables. The
implicit machine model was that of Blum, Shub and Smale (1989), here-
after referred to as BSS (1989). Subsequent developments along these lines
include Shub and Smale (1985, 1986), Kim (1988), Renegar (1987b), Shub
and Smale (1993a, 19935, 1993¢, 1996 and 1994), hereafter referred to as
Bez I-V, respectively, and Blum, Cucker, Shub and Smale (1997), hereafter
referred to as BCSS (1997).

Here is a brief account of some of the ideas of Smale (1981). A point z is
called an approzimate zero if Newton’s method starting at z converges well
in a certain precise sense; see Section 4 below. The main theorem of this
paper asserts the following.

Theorem 2.1 A sufficient number of steps of a modified Newton’s method
to obtain an approximate zero of a polynomial f (starting at 0) is polyno-
mially bounded by the degree of the polynomial and 1/o, where o is the
probability of failure.

For the proof, an invariant p = p(f) of f is defined akin to a condition
number of f. Then the proof is broken into two parts.

Part 1: A sufficient number of modified Newton steps to obtain an approx-
imate zero of f is polynomially bounded by u(f).
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The proof of Part 1 relies on a Loewner estimate related to the Bieberbach
conjecture.

Part 2: The probability that u(f) is larger than k is less than k7¢, some
constant c.

The proof of Part 2 uses elimination theory of algebraic geometry and
geometric probability theory, Crofton’s formula, as in Santalé (1976).

The crude bounds given in Smale (1981), and the mathematics too, were
substantially developed in Shub and Smale (1985, 1986).

Here is a more detailed, more developed, complexity theoretic version of
the FTA in the spirit of numerical analysis. See BCSS (1997) for the details.

Assume given (or input):

a complex polynomial f(z) = Z a;z' in one complex variable,
a complex number zg, and an € > 0.
Here is the algorithm to produce a solution (output) z* satisfying
F(")] <. (2.1)

Let tg = 0, t; = t;_1 + At, where At = 1/k, for some positive integer k;
thus ¢y = 1, and we have a partition of [0,1]. For any polynomial g, we
define Newton’s method by

Ny(z) =z — gg’((i:))’ for all z € C, such that ¢’(z) # 0.
Let fi(2) = f(2) — (1 — t)f(20). Then, generally, there is a unique path (;
such that f;((;) =0 all t € [0,1] and {p = 29. Define inductively

z = Ny, (zi-1), i=1,....,k, 2"=z. (2.2)

It is easily shown that for almost all (f, zg), z; will be defined, ¢ = 1,...,k,
provided At is small enough. We may say that kK = 1/At is the ‘complexity’.
It is the main measure of complexity in any case: the problem at hand is,
‘how big may we choose At and still have z* satisfying (2.1) and (2.2)?’ (i.e.
so that the complexity is the lowest).

Next a ‘condition number’ u(f, 29) is defined which measures how close
¢; is to being ill-defined. (More precisely pu(f, z0) = cosec where 6 is the
supremum of the angles of sectors about f(zg) for which the inverse f1
mapping f(zp) to 2q is defined.)

Theorem 2.2 A sufficient number k of Newton steps defined in (2.2) to
achieve (2.1) is given by

k < 26u(f, z0) (log ACIN 1) :

£
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Remark 2.1

(a) We are assuming 0 < e < 1/2.

(b) Note that the degree d of f plays no role, and the result holds for any
(f7 20, 8)'

(c) The proof is based on ‘point estimates’ (a-theory) (see Section 4 below)
and an estimate of Loewner from Schlicht function theory. Thus it
doesn’t quite extend to n variables. It remains a good problem to find
the connection between Theorem 2.2 and Theorem 6.1.

For the next result suppose that f has the form

d
flz) = Zaizi, ag=1, Ja;| <1.
=0

Theorem 2.3 The set of points zg € C, |z9| = R > 2, such that u(f, 29) >
b, is contained in the union of 2(d — 1) arcs of total angle

2/1 ., 1
a(g—f—Sln ‘R—:l)'
This result is an estimate on how infrequently poorly conditioned pairs
(f, z0) occur.
It is straightforward to combine Theorems 2.2 and 2.3 to eliminate the
# and obtain both probabilistic and deterministic complexity bounds for
approximating a zero of a polynomial. The probabilistic estimate improves

the deterministic one by a factor of d. Theorem 2.3 and these results are in
Shub and Smale (1985, 1986), but see also BCSS (1997), and Smale (1985).

Remark 2.2 The above-mentioned development might be improved in
sharpness in two ways.

(A) Replace the hypothesis on the polynomial f by assuming as in Renegar
(1987b) and Pan (1996) that all the roots of f are in the unit disk.

(B) Suppose that the input polynomial f is described not by its coeflicients,
but by a ‘program’ for f.

3. Condition numbers

The condition number as studied by Wilkinson (1963), important in its own
right in numerical analysis, also plays a key role in complexity theory. We
review it now, especially some recent developments. For linear systems,
Ax = b, the condition number is defined in most basic numerical analysis
texts.

The Eckart and Young (1936) theorem is central, and may be stated as

1AM = df (A, Zn),
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where A is a non-singular n X n matrix, with the operator norm on the left
and the Frobenius distance on the right. Moreover, X, is the subspace of
singular matrices.

The case of 1-variable polynomials was studied by Wilkinson (1963) and
Demmel (1987), among others. Demmel gave estimates on the condition
number and the reciprocal of the distance to the set of polynomials with
multiple roots.

We now give a more general context for condition numbers and give exact
formulae for the condition number as the reciprocal of a distance to the set
of ill-posed problems following Bez I, II, IV, Dedieu (19974, 1997b, 1997¢)
and BCSS (1997).

Consider first the context of the implicit function theorem:

F:REXR™ S R™ ', Flag,y0) =0,

OF
a—(ao, yo) : R — R™ non-singular.
Y

Then there exists an open neighbourhood U of ag in R* and a C' map
G : U — R™ such that G(ag) = yo and F(a,G(a)) =0, for a € U.

Regard F, : R™ — R™, Fy(y) = F(a,y), as a system of equations para-
meterized by a € R¥. Then a might be the input of a problem F,(y) = 0
with output y; G is the ‘implicit function’.

Let us call the derivative DG(ag) : R¥ — R™ the condition matriz at
(ag,yo). Then the condition number p(ag,yo) = p, as in Wilkinson (1963),
Rice (1966), Wozniakowski (1977), Demmel (1987), Bez IV, and Dedieu
(1997a), is defined by

p(a0, yo) = [|1DG(ao)|l;

the operator norm. Thus p(ag, yo) is the bound on the infinitesimal output
error of the system Fy(y) = 0 in terms of the infinitesimal input error.
It is important to note that, while the map G is given only implicitly, the
condition matrix
oF _,0F

DG(GO) = a—y(ao,yo) %(amyo)

is given explicitly, as is its norm, the condition number u(ag, yo)-

An example, given by Wilkinson, is the case where R* is the space of real
polynomials f in one variable of degree < k — 1, and R™ = R the space of
¢, F(f,¢) = f(¢). One may compute that in this case

(dic1) "
u(f,¢) = W

For the discussion of several variable polynomial systems, it is convenient
to use complex numbers and homogeneous polynomials.
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If f:C" — Cis a polynomial of degree d, we may introduce a new vari-
able, say zo, and define fcvtl o oby f(1, 21, yZn) = f(z1,...,20)

and f (Az0, Az1, ..., Azg) = A9 f (20,--.,2n). Thus fisa homogeneous poly-
nomial.

Iff:C"—C" f=(f1,...,fn), deg fi =d;; i =1,...,n, is a polynomial
system, then by letting fequal (fi,...,fn), we obtam a homogeneous sys-

tem f C™*t! — €. Any zero of f will also be a zero of f and justification
can be made for the study of such systems in their own right. Thus now we
will consider such systems, say f : C**! — C” and denote the space of all
such f by Hg, d = (d1,...,dy), degree f; = d;.

Recall that an Hermitian inner product on C**! is defined by

n
= ij’wi, Z, W E crtl
1=0

Now, define for degree d homogeneous polynomials f, g : C**1 — C,

(f.9)= Za: (2)—1 fala

where
=) fa2®,  g(2) = ) ga2™.
lal=d lal=d
Here a = (a1, ..., anyt1) is a multi-index and

a1l ang!

d d' n+1
()=t -
i=1

The weighting by the multinomial coefficient is important, and yields unitary
invariance of the inner product, as below.

Proposition 3.1 (Reznick 1992) Let f, N, : C""! — C be degree d
homogeneous polynomials, where N,(z) = (x, 2)%. Then f(z) = (f, Ny).

Corollary 3.1

LF @) < AN < A )|
For f, g € Hy, define

<f,g>:Z_@d_"" ”f||:<f7f>l/2
(

Dedieu has suggested weighting by 1/d; to make the Condition Number
Theorem below more natural.

The unitary group U(n + 1) is the group of all linear automorphisms of
C™*t! which preserve the Hermitian inner product.
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There is an induced action of U(n + 1) on H, defined by
(0f)(2) = fo™12), oceU(n+1), zeC" feH,
Then it can be proved (see, for instance, BCSS 1997) that
(of,o9)=(f9), f.g€eHs o€Un+1).

This is unitary invariance.

There is a history of this inner product going back at least to Weyl (1932),
with contributions or uses in Kostlan (1993), Brockett (1973), Reznick
(1992), Bez I-V, Dégot and Beauzamy (1997), Stein and Weiss (1971),
Dedieu (1997a).

Now we may define the condition number u(f, () for f € Hy, ¢ € C*H1,
f(¢) = 0 using the previously defined implicit function context. To be
technically correct, one must extend this context to Riemannian manifolds
to deal with the implicitly defined projective spaces. See Bez IV for details.

The following is proved in Bez I (but see also Bez III, Bez IV).

Condition Number Theorem 1 Let f € Hg, ¢ € C**L, f(¢) = 0. Then

1
5O = qoE

Here the distance d is the projective distance in the space {g € Hy :
g(¢) = 0} to the subset where ¢ is a multiple root of g.

The proof uses unitary invariance of all the objects. Thus one can reduce
to the point ¢ = (1,0, --,0), and then to the linear terms, and then to the
Eckart—Young theorem.

Dedieu (1997a) has generalized this result quite substantially, and has
considered sparse polynomial systems (Dedieu 1997b). Thus a formula for
the eigenvalue problem becomes a special case.

4. Newton’s method and point estimates

Say that z € C™ is an approzimate zero of f : C* — C" (or R* — R", or even
for Banach spaces) if there is an actual zero ¢ of f (the ‘associated zero’)
and

1\ 21
l=cl<(5) el (41)
where 2; is given by Newton’s method

zi = Nf(zi-1), 20=2, Nf(z)=2z- Df(z)_lf(z).

Here Df(z) : C* — C" is the (Fréchet) derivative of f at z.
An approximate zero z gives an effective termination for an algorithm
provided one can determine whether z has the property (4.1).
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Towards that end, the following invariant is decisive.

1
k=1

Df(z)"'DWf(z)
k!

v =7(f,2) =sup
k>2

Here D) f(2) is the kth derivative of f considered as a k-linear map and
we have taken the operator norm of its composition with Df(z)~!; if the
expression is not defined, then use v = co. See Smale (1986), Smale (1987a)
and Bez I for details of this development.

The invariant v turns out to be a key element in the complexity theory of
non-linear systems. Although it is defined in terms of all the higher deriv-
atives, in many contexts it can be estimated in terms of the first derivative,
or even the condition number.

Theorem 4.1 (Smale 1986; see also Traub and Wozniakowski 1979)
Let f:C" — C", ¢ € C" with f({)=0. If

Aol - < 20T

then z is an approximate zero of f with associated zero (.

Now let
a=oa(f,2) = B(f,2)v(f,2), B(f,2) =IIDf(2) ().

Theorem 4.2 (Smale 1986) There exists a universal constant oy > 0
such that: if a(f, z) < ag for f : C* — C", z € C", then z is an approximate
zero of f (for some associated actual zero ¢ of f).

Remark 4.1 This is the result that motivates ‘point estimates’. One uses
it to conclude that z is an approximate zero f by checking an estimate at
the point z only. Nothing is assumed about f in a region or f at (.

Remark 4.2 For this definition of approximate zero, the best value of ag
is probably no smaller than 1/10. See developments, details and discussions
in Smale (1987a), Wang (1993), Bez I, and BCSS (1997).

Now how might one estimate ¥? In Smale (1986, 1987a), there is an
estimate in terms of the first derivative of f, but an estimate in Bez I seems
much more useful. In the context of Section 3, let f € Hq, ¢ € C*H

f(€) = 0, and v (f,¢) = ||<||¥(f,¢). The last is to make v projectively
invariant. Recall that D = max(d;), d = (di,...,dy,), d; = deg f;.

Theorem 4.3 (Bez I)
2

D
Recall that u(f,¢) is the condition number.
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Remark 4.3 One has a similar estimate without assuming f(¢) = 0.

As a corollary of Theorem 4.3 and a projective version of Theorem 4.1,
one obtains the following.

Theorem 4.4 (Separation of zeros, Malajovich-Munoz 1993, BCSS
1997, Dedieu 1997b, 1997d) Let f € Hy, and ¢, ¢/ be two distinct zeros
of f. Then

37

(I D2u(f)’
D = max(degfz), f:(fla"'7fn)7
u(lf) = ; I?(gt_o u(f,¢) is the condition number of f,

and d is the distance in projective space.

Remark 4.4 One has also the stronger result

’ 3_\/7
d(CaC)Z m

Remark 4.5 The strength of Theorem 4.4 lies in its global aspect. It is
not asymptotic even though pu is defined just by a derivative.

We end this section by stating a global perturbation theorem (Dedieu
(1997b)).

Theorem 4.5 Let f, g: C" — C", ¢ € C" with f(¢) = 0. Then, if

alg,¢) < B3I g
I = DF(Q) " Dglo)] < 2=

16
there is a zero (' of g such that

1€ =<'l < 2u(f,Ollf — gll.
Here everything is affine including u(f, vC ). This uses Theorem 4.2.

5. Linear algebra

Complexity theory is quite implicit in the numerical linear algebra literature.
Indeed, numerical analysts have studied the execution time and memory
requirements for many linear algebra algorithms. This is particularly true for
direct algorithms that solve a problem (such as a linear system of equations)
in a finite number of steps. On the other hand, for more difficult linear
algebra problems (such as the matrix eigenvalue problem) where iterative
methods are needed, the complexity theory is not fully developed. It is our
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belief that a more detailed complexity analysis is desirable and such a study
could help lead to better algorithms in the future.

5.1. Linear systems

Consider the classical problem of a system of linear equations Ax = b,
where A is a n x n non-singular matrix, b is a column vector of length
n. The standard method for solving this problem is Gaussian elimination
(say, with partial pivoting). The number of arithmetic operations required
for this method can be found in most numerical analysis textbooks: it is
2n3/3 + O(n?). Most of these operations come from the LU factorization
of the matrix A, with suitable row exchanges. Namely, PA = LU, where
L is a unit lower triangular matrix (whose entries satisfy |l;;| < 1), U is an
upper triangular matrix, and P is the permutation matrix representing the
row exchanges. When this factorization is completed, the solution of Az = b
can be found in O(n?) operations. Similar operation counts are also avail-
able for other direct methods for linear systems, for example, the Cholesky
decomposition for symmetric positive definite matrices. Another method
for solving Ax = b, and, more importantly, for least squares problems, is
to use the QR factorization of A. The number of required operations is
4n3/3 + O(n?). All these direct methods for linear systems involve only a
finite number of steps to find the solution. The complexity of these meth-
ods can be found by counting the total number of arithmetic operations
involved.

A related problem is to investigate the average loss of precision for solving
linear systems. It is well known that the condition number « of the matrix A
bounds the relative errors introduced in the solution by small perturbations
in b and A. Therefore, log s is a measure of the loss of numerical precision.
To find its average, a statistical analysis is needed. The following result for
the expected value of log x is obtained by Edelman.

Theorem 5.1 (Edelman 1988) Let A be a random n x n matrix whose
entries (real and imaginary parts of the entries, for the complex case) are
independent random variables with the standard normal distribution, and
let x = ||A]| ||A7!| be its condition number in the 2-norm; then

E(logk) =logn+c+o(l), for n— oo,

where ¢ &~ 1.537 for real random matrices and ¢ ~ 0.982 for complex random
matrices.

The above result on the average loss of precision is a general result valid for
any method, as a lower bound. If one uses the singular value decomposition
to solve Ar = b, the average loss of precision should be close to E(logk)
above. For a more practical method like Gaussian elimination with partial
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pivoting, the same average could be larger. In fact, Wilkinson’s backward
error analysis reveals that the numerical solution £ obtained from a finite
precision calculation is the exact solution of a perturbed system (A+ E)& =
b. The magnitude of E could be larger than the round-off of A by an extra
growth factor p(A). This gives rise to the extra loss of precision caused
by the particular method used, namely, Gaussian elimination with partial
pivoting. Well-known examples indicate that the growth factor can be as
large as 2"~!. But the following result suggests that large growth factors
only rarely appear exponentially.

Conjecture 5.1 (Trefethen) For any fixed constant p > 0, let A be a
random n X n matrix, whose entries (real and complex parts of the entries
for the complex case, scaled by v/2) are independent samples of the standard
normal distribution. Then, for all sufficiently large n,

Prob (p(A) > n%) < n7?,
where o > 1/2.

For iterative methods, we mention that a complexity result is available
for the conjugate gradient method (Hestenes and Stiefel 1952). Let A be a
real symmetric positive definite matrix, xo be an initial guess for the exact
solution z, of Az = b, and z; be the jth iterate of the conjugate gradient
method. Then the following result is well known (Axelsson (1994), Appendix

B):
o~ zulla < 2 (\“f;‘ 1) 2o 2l

where the A-norm of a vector v is defined as |[v||4 = (vT Av)/2. From this,
one easily concludes that if

log 2
j=> —%T =0<%—Elogg),
log (¥i51) ‘

then ||z; — z4]|a < €l|lzo — 24| 4.

5.2. Eigenvalue problems

In this subsection, we consider a number of basic algorithms for eigenvalue
problems. Complexity results for these methods are more difficult to obtain.

For a matrix A, the power method approximates the eigenvector corres-
ponding to the dominant eigenvalue (largest in absolute value). If there
is one dominant eigenvalue, for almost all initial guesses xg, the sequence
generated by the power method z; = A’zq/||A/zo|| converges to the dom-
inant eigenvector. A statistical complexity analysis for the power method
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tries to determine the average number of iterations required to produce an
approximation to the exact eigenvector, such that the angle between the
approximate and exact eigenvectors is less than a given small number € (e
dominant eigenvector). These questions have been studied by Kostlan. The
average is first taken for all initial guesses xg and a fixed matrix A, then
extended to all matrices for some distribution.

Theorem 5.2 (Kostlan 1988) For any real symmetric n x n matrix A
with eigenvalues [A1| > [A2] > ... > |\,[, the number of iterations 7.(A) re-
quired for the power method to produce an e-dominant eigenvector, averaged
over all initial vectors, satisfies

log cot € (A < Flw(n/2) —(1/2)] + logcot e
log [A1] — log [ A2 log [A1] — log | 2|

where ¢(z) = T'(z) /T (z).

When an average is taken for the set of n x n random real symmetric
matrices (the entries are independent random variables with Gaussian dis-
tributions of zero mean, the variance of any diagonal entry is twice the
variance of any off-diagonal entry), the required number of iterations is in-
finite. However, a finite bound can be obtained if a set of ‘bad’ initial guesses
and ‘bad’ matrices of normalized measure 7 are excluded.

+1,

Theorem 5.3 (Kostlan 1988) For the above n x n random real sym-
metric matrix, with the probability 1 — », the average required number of
iterations to produce an e-dominant eigenvector satisfies

Teqn < 3n4(:1/:t ) (¥(n/2) —¥(1/2) + 2logcote) .

Similar results hold for complex Hermitian matrices. Furthermore, a fi-
nite bound on random symmetric positive definite matrices is also available.
Statistical complexity analysis for a different method of dominant eigen-
vector calculation can be found in Kostlan (1991).

In practice, the Rayleigh quotient iteration method is much more efficient.
Starting from an initial guess xo, a sequence of vectors {z;} is generated from

T
p= w, (A—ply =m0, 2=
-Tfj-lxjﬂl ”yH

For symmetric matrices, the following global convergence result has been
established.

Theorem 5.4 (Ostrowski 1958, Parlett and Kahan 1969, Batterson
and Smillie 1989) Let A be a symmetric n X n matrix. For almost any
choice of zg, the Rayleigh quotient iteration sequence {x;} converges to an
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eigenvector and lim;_, 9j+1/9§»’ < 1, where 6, is the angle between x; and
the closest eigenvector.

A statistical complexity analysis for this method is still not available.
In fact, even for a fixed symmetric matrix A, there is no upper bound on
the number of iterations required to produce a small angle, say, 6; < € for
a small constant e. In general, for a given initial vector zy, one can not
predict which eigenvector it converges to (if the sequence does converge).
On the other hand, for nonsymmetric matrices, we have the following result
on non-convergence.

Theorem 5.5 (Batterson and Smillie 1990) For each n > 3, there is
a nonempty open set of matrices, each of which possesses an open set of
initial vectors for which the Rayleigh quotient iteration sequence does not
converge to an invariant subspace.

Practical numerical methods for matrix eigenvalue problems are often
based on reductions to the condensed forms by orthogonal similarity trans-
formations. For an nxn symmetric matrix A, one typically uses Householder
reflections to obtain a symmetric tridiagonal matrix T. The reduction step
is a finite calculation that requires O(n3) arithmetic operations. While many
numerical methods are available for calculating the eigenvalues and eigen-
vectors of symmetric tridiagonal matrices, we see the lack of a complexity
analysis for these methods.

The QR method with Wilkinson’s shift always converges; see Wilkinson
(1968). In this method, the tridiagonal matrix T is replaced by sI + RQ
(still symmetric tridiagonal), where s is the eigenvalue of the last 2 x 2 block
of T that is closer to the (n,n) entry of T, and QR = T — sl is the QR
factorization of T'— sI. Wilkinson proved that the (n,n — 1) entries of this
sequence of T always converge to zero. Hoffman and Parlett (1978) gave
a simpler proof for the global linear convergence. The following is an easy
corollary of their result.

Theorem 5.6 Let T be a real symmetric n x n tridiagonal matrix. For
any € > 0, let m be a positive integer satisfying

1
m > 6log,y P logy(Ton1Tn 14 2) + 1.

Then, after m QR iterations with Wilkinson’s shift, the last subdiagonal
entry of T satisfies

lTn7n_1| < €.
It would be interesting to develop better complexity results based on the

higher asymptotic convergence rate. Alternative definitions for the last sub-
diagonal entry to be sufficiently small are desirable, because the usual de-
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coupling criterion is based on a comparison with the two adjacent diagonal
entries.

The divide and conquer method suggested by Cuppen (1981) calculates
the eigensystem of an unreduced symmetric tridiagonal matrix based on
the eigensystems of two tridiagonal matrices of half size and a rank-one
updating scheme. The computation of the eigenvalues is reduced to solving
the following nonlinear equation

c2

14+p> 1= =0,
di— X

where {d;} are the eigenvalues of the two smaller matrices and {c;} are re-
lated to their eigenvectors. This method is complicated by the possibilities
that the elements in {d;} may be not distinct and the set {c;} may con-
tain zeros. Dongarra and Sorensen (1987) developed an iterative method
for solving the nonlinear equation based on simple rational function approx-
imations. See Bini and Pan (1994) for a complexity analysis of a related
algorithm.

A related method for computing just the eigenvalues uses the set {d;}
to separate the eigenvalues and a nonlinear equation solver for the charac-
teristic polynomial. In Du, Jin, Li and Zeng (1997b), the quasi-Laguerre
method is used. An asymptotic convergence result has been established in
Du, Jin, Li and Zeng (1997a), but a complexity analysis is still not available.
The method is complicated by the switch to other methods (the bisection
or Newton’s method) to obtain good starting points for the quasi-Laguerre
iterations.

For a general real nonsymmetric matrix A, the QR iteration with Fran-
cis’s double shift is widely used to triangularize the Hessenberg matrix H
obtained from the reduction by orthogonal similarity transformations from
A. In this case, there are simple examples for which the QR iteration does
not lead to a decoupling. In Batterson and Day (1992), matrices where
the asymptotic rate of decoupling is only linear are identified. For normal
Hessenberg matrices, Batterson discovered the precise conditions for decoup-
ling under the QR iteration. See Batterson (1994) for details. To develop a
statistical complexity analysis for this method is a great challenge.

6. Complexity in many variables

Consider the problem of following a path, implicitly defined, by a computa-
tionally effective algorithm. Let Hy be as in Section 3.

Let F:[0,1] = Hg x C*L, F(t) = (f1, (), satisfy fi(G) =0,0 <t <1,
with the derivative D f;({;) having maximum rank. For example, (; could
be given by the implicit function theorem from f; and the initial {y with

fo(Go) = 0.
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Next, suppose [0, 1] is partitioned into k parts by 9 = 0, ¢; = t;—1 + At,
At = 1/k; thus t;, = 1.
Define via Newton’s method Ny,

Zi:thi(zi—l), t=1,...,k, z5=C(p. (6.1)

For sufficiently small At, the z; are well defined and are good approximations
of (;. But k = 1/At represents the complexity, so the problem is to avoid
taking At much smaller than necessary. What is a sufficient number of
Newton steps?

Theorem 6.1 (The main theorem of Bez I) The biggest integer k in
cLD??

is sufficient to yield z; by (6.1) which is an approximate zero of f;, with
associated actual zero (;;, eachi=1,...,k.

In this estimate c is a rather small universal constant, L is the length of
the curve f; in the projective space, P(Hg), 0 <t < 1, D is the max of the
di, i =1,...,n and g = maxo<t<1 #(ft, (), where u(fi, () is the condition
number as defined in Section 3.

Newton’s method and approximate zero have been adapted to projective
space. Thus N ffor f€eHyat ze C"*! is the ordinary Newton method
applied to the restriction of f to

z+ {y eCl: (y,2) = 0}.

As a consequence of the Condition Number Theorem and Theorem 6.1,
the complexity depends mainly on how close the path (f:, ;) comes to the
set of ill-conditioned problems. An improved proof of Theorem 6.1 may be
found in BCSS (1997).

For earlier work on complexity theory for Newton’s method in several
variables, see Renegar (1987a). Malajovich (1994) has implemented the
algorithm and developed some of the ideas of Bez 1.

The main theorem of the final paper of the series Bez [-Bez V is as follows.

Theorem 6.2 The average number of arithmetic operations sufficient to
find an approximate zero of a system f : C* — C" of polynomials is poly-
nomially bounded in the input size (the number of coefficients of f).

On one hand, this result is surprising, because it gives a polynomial time
bound for a problem that is almost intractable. On the other hand, the
‘algorithm’ is not uniform: it depends on the degrees of the (f;) and even
the desired probability of success. Moreover, the algorithm isn’t known! It
is only proved to exist. Thus Theorem 6.2 cries out for understanding and
development. In fact, Mike Shub and I were unable to find a sufficiently
good exposition to include in BCSS (1997).
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Since deciding if there is a solution to f : C* — C" is unkkely to be
accomplished in polynomial time, even using exact arithmetic (see Section
8), an astute analysis of Theorem 6.2 can give insight into the basic problem
‘What are the limits of computation?’ For example, is it ‘on the average’
that gives the possibility of polynomial time?

A real (rather than complex) analogue of Theorem 6.2 also remains to be
found.

Let us give some mathematical detail about the statement of Theorem
6.2. An ‘approximate zero’ has been defined in Section 4, as, of course,
exact zeros cannot be found (Abel, Galois, et al.). Averaging is performed
relative to a measure induced by the unitarily invariant inner product on
homogenized polynomials of degree d = (dy,...,d,), where d; = deg f;,
f=(f1,--., fn) (see Section 3). If N = N(d) is the number of coefficients

of such a system f, then unless n < 4 or some d; = 1, the number of
arithmetic operations is bounded by ¢N*. If n < 4 or some d; = 1, then we
get ¢N®.

An important special case is that of quadratic systems, when d; = 2
and so N < n3. Then the average arithmetic complexity is bounded by a
polynomial function of n.

‘On the average’ in the main result is needed because certain polynomial
systems, even affine ones of the type f : C?> — C2, have one-dimensional sets
of zeros, extremely sensitive to any (practical) real number algorithm; one
would say such f are ill posed.

The algorithm (non-uniform) of the theorem is similar to those of Section
2. It is a continuation method where each step is given by Newton’s method
(the step size At is no longer a constant). The continuation starts from a
given ‘known’ pair g : C"*! — C™ and ¢ € C**1, g(¢) = 0. It is conjectured
in Bez V that one could take for g, the system defined by g;(z) = zgi_lzi,
i=1,...,nand ¢ = (1,0,...,0). A proof of this conjecture would yield a
uniform algorithm.

Finally, we remark that in Bez V, Theorem 6.2 is generalized to the prob-
lem of finding ¢ zeros, when ¢ is any number between one and the Bézout
number [TIX, d; and the number of arithmetic operations is augmented by
the factor £2.

The proof of Theorem 6.2 uses Theorem 6.1 and the geometric probability
methods of the next section.

7. Probabilistic estimates

As described in the Introduction, our complexity perspective has two parts,
and the second deals with probability estimates of the condition number.
We have already seen some aspects of this in Sections 2 and 5. Here are
some further results.
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Section 3 describes a condition number for studying zeros of polynomial
systems of equations. We have dealt especially with the homogeneous setting
and defined projective condition number u(f,() for f € Hy, d = (dy,...,dn),
degree f; = d;, and ¢ € C**! with f(¢) = 0. Then

p(f) = max Ou(f, ¢)-

The unitarily invariant inner product (Section 3) on Hg4 induces a probab-
ility measure on Hy (or equivalently on the projective space P(Hg4)). With
this measure the following is proved in Bez II.

Theorem 7.1
1
Probability {f € Hg : pu(f) > E} < Cyet

n
Ci=n*(n+1)(N-1)(N-2)D, N=dimHy, D=]]d;
i=1
In the background of this and a number of related results is a geometric
picture (from geometric probability theory), briefly described as follows. It
is convenient to use the projective spaces P(Hy), P(C**1) and their product
for the environment of this analysis. Define V to be the subset of ordered
pairs (system, solution):

— {(£,0) € P(Ha) x P@*): £(¢) =0},

Let m : V — P(Hy), ma : V. — P(C™"*1) be the restrictions of the corres-
ponding projections, as shown below.

V C P(Hg) x P(C™*1)

N

Cn—i—l

Theorem 7.2 (Bez II) Let U be an open set in V, then

“HynU =/ / det( DG(a)DG(a)*
/.TEP(Hd)#(WI ( ) > zeP(Cnt1) (a,z)EﬂZ_I(z)ﬂU ( ( ) ( ) )

Here DG(a) is the condition matrix, DG(a)* its adjoint and # means car-
dinality.

—1/2

This result and the underlying theory is valid in great generality (see Bez
IL, IV, V, BCSS (1997)).
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There is one aspect of these results and arguments that is quite unsettling
and pervades Bez II-V: the implicit existence theory is not very constructive.

Consider the simplest case (Bez III). For the moment, let d > 1 be an
integer and H, the space of homogeneous polynomials in two variables of
degree d. It follows from the above geometric probability arguments that
there is a subset Sy of P(H,4) of probability measure larger than one-half
such that, for f € Sy, u(f) < d.

Problem 7.1 (Bez III) Construct a family {fy € Hq : d = 2,3,...} so
that

p(fa) <d,  oreven pu(fq)<d’,

for ¢ any constant.

By ‘construct’, we mean to provide a polynomial time algorithm (e.g.
in the sense of the machine of Section 8) which, given input d, outputs fy
satisfying the above condition. (This amounts to constructing elliptic Fekete
polynomials.) See also Rakhmanov, Saff and Zhou (1994, 1995).

Another example of an application of the above setting of geometric prob-
ability is the following result. For d = (di, ..., dy), let HE denote the space of
real homogeneous systems (fi,. .., fn) in n+1 variables with degree f; = d;.
One can average just as before and obtain the following.

Theorem 7.3 (Bez II) The average number of real zeros of a real homo-
geneous polynomial system is exactly the square root of the Bézout number
D =[], d;i (D being the number of complex solutions).

See Kostlan (1993) for earlier special cases. See also Edelman and Kostlan
(1995).

For the complexity results of Bez IV, V, Theorem 7.1 is inadequate. There
one has similar theorems where the maximum of the condition number along
an interval is estimated.

8. Real machines

Up to now, our discussion might be called the complexity analysis of al-
gorithms, or upper bounds for the time required to solve problems. To
complement this theory one needs lower bound estimates for problem solv-
ing.

For this endeavour, one must consider all possible algorithms that solve a
given problem. In turn this needs a formal definition and the development
of algorithms and machines. The traditional Turing machine is ill-suited
for this purpose, as is argued in the Manifesto. A ‘real number machine’
is the most natural vehicle to deal with problem-solving schemes based on
Newton’s method, for example.
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There is a recent development of such a machine in BSS (1989) and BCSS
(1997), which we will review very briefly.
Each input is a string y of real numbers of the form

.-+ 000y1 - - - yn000- - - ;

the size S(y) of y is n. These inputs may be restricted to code an instance
of a problem. An ‘input node’ transforms an input into a state string.

Y Input node
y— f(y) Computation node
No
n =07 Branch node
Yes
Y Output node

Fig. 1. Example of a real number machine

The computation node replaces the state string by a shifted one, right
or left shifted, or does an arithmetic operation on the first elements of the
string. The branch nodes and output nodes are self-explanatory.

The definition of a real machine (or a ‘machine over R’) is suggested by the
example and consists of an input node and a finite number of computation,
branch, and output nodes organized into a directed graph. It is the flow
chart of a computer program seen as a mathematical object. One might
say that this real number machine is a ‘real Turing machine’ or an idealized
Fortran program.

The halting set of a real machine is the set of all inputs such that, acting
on the nodal instructions, we eventually land on an output node. An input—
output map ¢ is defined on the halting set by ‘following the flow’ of the flow
chart. For precise definitions and developments see BSS (1989) and BCSS
(1997).
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A machine has polynomial time complexity (sometimes with a restricted
class of inputs) if it enjoys the property

T(y) < S(y)S, for all inputs y, (8.1)

where ¢ is independent of y. In this estimate, T(y) is the time to the
output for the input y measured by the number of nodes encountered in the
computation of ¢(y). Recall that the size S(y) of y is the length of the input
string y.

If the size of the inputs is bounded, and there are no loops, i.e., the
machine is a tree of nodes, then one has a tame machine, or an algebraic
computation tree. These objects have been used to obtain lower bounds
for real number problems. One such development is that of Steele and
Yau (1982) and Ben-Or (1983), based on a real algebraic geometry estimate
of Oleinik and Petrovski (1949), Oleinik (1951), Milnor (1964) and Thom
(1965). Another is that of Smale (1987b) and Vassiliev (1992), and based
on the cohomology of the braid group.

Lower bounds tend to be modest and difficult to obtain, but are necessary
for the understanding of the fundamental problem: ‘What are the limits of
computation?’

Note that the definition of a real machine is valid with strings of numbers
lying in any field if one replaces the branch node with the question, ‘y; = 07’
If this field is the field of two elements, one has a Turing machine, and the
size becomes the number of bits. If one uses complex numbers, then one has
a ‘complex machine’.

Side remarks 8.1 The study of zeros of polynomial systems plays a cent-
ral role in both mathematics and computation theory. Deciding whether
a set of polynomial equations has a zero over R is even universal in a
formal sense in the theory of real computation. This problem is called
‘NP-complete over R’ and hence its solution in polynomial time is equival-
ent to ‘P = NP over R.” For machines over C, this problem is that of the
Hilbert Nullstellensatz, and Brownawell’s (1987) work was critical in get-
ting the fastest-known algorithm (but not polynomial time!) The relation
to NP-complete over C and ‘P = NP over C’ is as in the real case. The same
applies to the field Zs of two elements and ‘P = NP over Z;?’ is the same
as the classical Cook—Karp problem ‘P = NP?’ of computer science. See
BCSS (1997).

My own belief is that this problem is one of the three great unsolved prob-
lems of mathematics (together with the Riemann hypothesis and Poincaré’s
conjecture in three dimensions).

The rest of Section 8 is more tentative, as we present suggestions in the
direction of a ‘second generation’ real machine.
For an input y of a problem, an extended notion of size still denoted by
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S(y) could be convenient. The extended notion would be the maximum of
the length of the string (i.e. the previously defined size) and other ingredi-
ents, as follows:

(i) the condition number u(y), or its log, or similar invariants of y
(ii) the precision loge™!, where ¢ is the required accuracy (or perhaps,
depending on the problem, ¢, or even logloge~!) of the output
(iii) for integer machines, the number of bits.

It is convenient to consider the traditional size of the input as part of
the input (BSS 1989, BCSS 1997). Should the same hold for the extended
size? We won’t try to give a definitive answer here. Part of this answer is a
question of convenience, part interpretation. Should the algorithm assume
that the condition number is known explicitly? Probably not, at least very
generally. On the other hand, if one has a good theoretical result on the
distribution, one can make some guess about the condition number. This
can to some extent justify taking the condition number of the particular
problem as input. It is analogous, for example, to running a path-following
program inputing an initial step size as a guess.

Let me give an example of an open problem that fits into this framework.
Let d = (di,...,dn) and P, 4 be the space of m-tuples of real polynomials
f = (f1,--., fm) in n variables with deg f; < d;. Put some distance D
on P,q4. Say that f is feasible if the system of inequalities f;(x) > 0, all
t = 1,...,m has a solution z € R™. Let the ‘condition number’ of f be
defined by:

g not feasible

-1
p(f) = ( inf  D(f, g)) if f is feasible,

-1
u(f) = < inf D(f,g)) if f is not feasible.

g feasible

Let the extended size S(f) of f € Py, 4 be the maximum (perhaps oo) of
dim Py, 4 and p(f).

Problem 8.1 Is there a polynomial time algorithm deciding the above
feasibility problem using the extended size?

The problem is formalized in terms of the real machines described above,
using exact arithmetic in particular.

We now propose an extension of the earlier notion of real machine to allow
round-off error in the computation.

A round-off machine over R is a real machine, together with a function
of inputs that, at each input, computation and output node, adds a state
vector of magnitude less than some positive constant 6. One has no a priori
knowledge of the added state vector (it’s an adversary). This idealization
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has the virtue of simplicity; we hope this compensates for its ignorance of
important detail.

A problem will be called robustly solvable if it can be solved for inputs of
finite extended size by a round-off machine, no matter what the round-oft
error.

More important is the concept of robustly solvable in polynomial time. In
addition to the estimate (8.1) with extended size, S(y), one adds a require-

ment such as
1

- <
6(y)
One can now sharpen Problem 8.1 to ask for a decision which is robustly
solvable in polynomial time.
The above gives some sense of the notion of a robust or numerically stable

algorithm, perhaps improving on the attempts in Isaacson and Keller (1966),
Wozniakowski (1977), Smale (1990) and Shub (1993).

S(y)°. (8.2)

9. Some other directions

Many aspects of complexity theory in numerical analysis have not been dealt
with in this brief report. We now refer to some of these omissions.

A general reference is Renegar, Shub and Smale (1997), which expands
on the previous topics and those below.

There is the important, well-developed field of algebraic complexity the-
ory, which relates very much to some of our account. I have the greatest
admiration for this work, but will only mention here Bini and Pan (1994),
Grigoriev (1987), and Giusti et al. (1997).

Also well-developed is the area of information-based complexity. In spite
of its relevance and importance to our review, I will only mention Traub,
Wasilkowski and Wozniakowski (1988), where one will find a good introduc-
tion and survey.

Another area in which the mathematical foundation and development
are strong is the science of mathematical programming, or optimization.
I believe that numerical analysts interested in complexity considerations
can learn much from what has happened and is happening in that field. I
especially like the perspective and work of Renegar (1996).
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