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PREFACE

As the field of statistics has developed over the years, the role of matrix methods
has evolved from a tool through which statistical problems could be more conve-
niently expressed to an absolutely essential part in the development, understanding,
and use of the more complicated statistical analyses that have appeared in recent
years. As such, a background in matrix analysis has become a vital part of a graduate
education in statistics. Too often, the statistics graduate student gets his or her matrix
background in bits and pieces through various courses on topics such as regression
analysis, multivariate analysis, linear models, stochastic processes, and so on. An
alternative to this fragmented approach is an entire course devoted to matrix methods
useful in statistics. This text has been written with such a course in mind. It also could
be used as a text for an advanced undergraduate course with an unusually bright group
of students and should prove to be useful as a reference for both applied and research
statisticians.

Students beginning in a graduate program in statistics often have their previous
degrees in other fields, such as mathematics, and so initially their statistical back-
grounds may not be all that extensive. With this in mind, I have tried to make the
statistical topics presented as examples in this text as self-contained as possible.
This has been accomplished by including a section in the first chapter which cov-
ers some basic statistical concepts and by having most of the statistical examples
deal with applications which are fairly simple to understand; for instance, many of
these examples involve least squares regression or applications that utilize the sim-
ple concepts of mean vectors and covariance matrices. Thus, an introductory statistics
course should provide the reader of this text with a sufficient background in statistics.
An additional prerequisite is an undergraduate course in matrices or linear algebra,
while a calculus background is necessary for some portions of the book, most notably,
Chapter 8.



xii PREFACE

By selectively omitting some sections, all nine chapters of this book can be covered
in a one-semester course. For instance, in a course targeted at students who end their
educational careers with the masters degree, I typically omit Sections 2.10, 3.5, 3.7,
4.8,5.4-5.7, and 8.6, along with a few other sections.

Anyone writing a book on a subject for which other texts have already been written
stands to benefit from these earlier works, and that certainly has been the case here.
The texts by Basilevsky (1983), Graybill (1983), Healy (1986), and Searle (1982), all
books on matrices for statistics, have helped me, in varying degrees, to formulate my
ideas on matrices. Graybill’s book has been particularly influential, since this is the
book that I referred to extensively, first as a graduate student, and then in the early
stages of my research career. Other texts which have proven to be quite helpful are
Horn and Johnson (1985, 1991), Magnus and Neudecker (1988), particularly in the
writing of Chapter 8, and Magnus (1988).

I wish to thank several anonymous reviewers who offered many very helpful
suggestions, and Mark Johnson for his support and encouragement throughout this
project. I am also grateful to the numerous students who have alerted me to various
mistakes and typos in earlier versions of this book. In spite of their help and my
diligent efforts at proofreading, undoubtedly some mistakes remain, and I would
appreciate being informed of any that are spotted.

JiM ScHOTT

Orlando, Florida

PREFACE TO THE SECOND EDITION

The most notable change in the second edition is the addition of a chapter on
results regarding matrices partitioned into a 2 x 2 form. This new chapter, which
is Chapter 7, has the material on the determinant and inverse that was previously
given as a section in Chapter 7 of the first edition. Along with the results on the
determinant and inverse of a partitioned matrix, I have added new material in this
chapter on the rank, generalized inverses, and eigenvalues of partitioned matrices.

The coverage of eigenvalues in Chapter 3 has also been expanded. Some additional
results such as Weyl’s Theorem have been included, and in so doing, the last section
of Chapter 3 of the first edition has now been replaced by two sections.

Other smaller additions, including both theorems and examples, have been made
elsewhere throughout the book. Over 100 new exercises have been added to the prob-
lems sets.

The writing of a second edition of this book has also given me the opportunity
to correct mistakes in the first edition. I would like to thank those readers who have



PREFACE TO THE THIRD EDITION xiii

pointed out some of these errors as well as those that have offered suggestions for
improvement to the text.

JiM ScHOTT

Orlando, Florida
September 2004

PREFACE TO THE THIRD EDITION

The third edition of this text maintains the same organization that was present in
the previous editions. The major changes involve the addition of new material. This
includes the following additions.

1. A new chapter, now Chapter 10, on inequalities has been added. Numerous
inequalities such as Cauchy-Schwarz, Hadamard, and Jensen’s, already appear
in the earlier editions, but there are many important ones that are missing, and
some of these are given in the new chapter. Highlighting this chapter is a fairly
substantial section on majorization and some of the inequalities that can be
developed from this concept.

2. Anew section on oblique projections has been added to Chapter 2. The previous
editions only covered orthogonal projections.

3. A new section on antieigenvalues and antieigenvectors has been added to
Chapter 3.

Numerous other smaller additions have been made throughout the text. These
include some additional theorems, the proofs of some results that previously had
been given without proof, and some more examples involving statistical applica-
tions. Finally, more than 70 new problems have been added to the end-of-chapter
problem sets.

Jim ScHOTT

Orlando, Florida
December 2015
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A REVIEW OF ELEMENTARY MATRIX
ALGEBRA

1.1 INTRODUCTION

In this chapter, we review some of the basic operations and fundamental properties
involved in matrix algebra. In most cases, properties will be stated without proof, but
in some cases, when instructive, proofs will be presented. We end the chapter with a
brief discussion of random variables and random vectors, expected values of random
variables, and some important distributions encountered elsewhere in the book.

1.2 DEFINITIONS AND NOTATION

Except when stated otherwise, a scalar such as « will represent a real number. A
matrix A of size m X n is the m x n rectangular array of scalars given by

ap O A1p

aoy Qgp =+ QAop,
A= ,

A1 L2 Amn

and sometimes it is simply identified as A = (a,;). Sometimes it also will be conve-

nient to refer to the (4, j)th element of A, as (A),;; that is, a;; = (A),;;. If m =n,

ij> j

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e



2 A REVIEW OF ELEMENTARY MATRIX ALGEBRA

then A is called a square matrix of order m, whereas A is referred to as a rectangular
matrix when m # n. An m x 1 matrix

is called a column vector or simply a vector. The element a; is referred to as the ith
component of a. A 1 X n matrix is called a row vector. The ith row and jth column
of the matrix A will be denoted by (A);. and (A).;, respectively. We will usually use
capital letters to represent matrices and lowercase bold letters for vectors.

The diagonal elements of the m x m matrix A are a;q, Gy, - .. , Gy, If all
other elements of A are equal to 0, A is called a diagonal matrix and can be
identified as A = diag(ayq, ... ,a,,,,). If, in addition, a,; =1 fori=1,...,m
so that A = diag(1, ..., 1), then the matrix A is called the identity matrix of
order m and will be written as A = I,,, or simply A = [ if the order is obvious.
If A= diag(a,y,-..,a,,,) and b is a scalar, then we will use A’ to denote the

diagonal matrix diag(a%,, ... ,ab,,,). For any m x m matrix A, D, will denote
the diagonal matrix with diagonal elements equal to those of A, and for any m x 1
vector a, D, denotes the diagonal matrix with diagonal elements equal to the
components of a; thatis, D , = diag(ayy, ... ,a,,,,) and D, = diag(ay, ... ,a,,).

A triangular matrix is a square matrix that is either an upper triangular matrix or a
lower triangular matrix. An upper triangular matrix is one that has all of its elements
below the diagonal equal to 0, whereas a lower triangular matrix has all of its elements
above the diagonal equal to 0. A strictly upper triangular matrix is an upper triangular
matrix that has each of its diagonal elements equal to 0. A strictly lower triangular
matrix is defined similarly.

The ith column of the m x m identity matrix will be denoted by e,; that is, e; is
the m x 1 vector that has its ith component equal to 1 and all of its other components
equal to 0. When the value of m is not obvious, we will make it more explicit by
writing e; as e; ,,. The m X m matrix whose only nonzero element is a 1 in the
(4, j)th position will be identified as -

The scalar zero is written 0, whereas a vector of zeros, called a null vector, will be
denoted by 0, and a matrix of zeros, called a null matrix, will be denoted by (0). The
m X 1 vector having each component equal to 1 will be denoted by 1,,, or simply 1
when the size of the vector is obvious.

1.3 MATRIX ADDITION AND MULTIPLICATION

The sum of two matrices A and B is defined if they have the same number of rows
and the same number of columns; in this case,

A+ B = (a;; +b;;).
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The product of a scalar o and a matrix A is
ad = Aa = (aa;;).

The premultiplication of the matrix B by the matrix A is defined only if the number
of columns of A equals the number of rows of B. Thus, if Aism x pand Bisp x n,
then C' = AB will be the m x n matrix which has its (7, j)th element, c;;, given by

P
Cij = (A)i~(B)~j = Zaikbkj'
k=1

A similar definition exists for B A, the postmultiplication of B by A, if the number
of columns of B equals the number of rows of A. When both products are defined,
we will not have, in general, AB = BA. If the matrix A is square, then the product
AA, or simply A2, is defined. In this case, if we have A2 = A, then A is said to be an
idempotent matrix.

The following basic properties of matrix addition and multiplication in Theorem
1.1 are easy to verify.

Theorem 1.1 Let o and (3 be scalars and A, B, and C be matrices. Then, when the
operations involved are defined, the following properties hold:

(a) A+ B=DB+ A.

b)) (A+B)+C=A+(B+0).
(c) a(A+ B) =aA+ aB.

@) (a+pP)A =aA+ pA.

() A— A=A+ (—A)=(0).

(f) A(B+C)=AB + AC.

(2) (A+ B)C = AC + BC.

(h) (AB)C = A(BO).

1.4 THE TRANSPOSE
The transpose of an m X n matrix A is the n x m matrix A’ obtained by interchang-

ing the rows and columns of A. Thus, the (i, j)th element of A" is a ;. If Aism x p
and B is p x n, then the (i, j)th element of (AB)’ can be expressed as

((AB)/)ij = (AB)ji = (A)j-(B)-i = Zajkbk:i
k=1
= (B,)i-(A/)»j = (B/A/)ij'

Thus, evidently (AB)" = B’A’. This property along with some other results involving
the transpose are summarized in Theorem 1.2.
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Theorem 1.2 Let « and 3 be scalars and A and B be matrices. Then, when defined,
the following properties hold:

(@) (aA) =aA

(b) (A7) = A.

© (aA+pB) = ad'+ 3B
(d) (AB) =B'A’

If Aism x m, thatis, A is a square matrix, then A’ is also m x m. In this case, if
A = A, then A is called a symmetric matrix, whereas A is called a skew-symmetric
ifA=-A"

The transpose of a column vector is a row vector, and in some situations, we may
write a matrix as a column vector times a row vector. For instance, the matrix E;
defined in Section 1.2 can be expressed as E;; = e;e);. More generally, e, €},
yields an m X n matrix having 1, as its only nonzero element, in the (4, j)th position,

and if A is an m X n matrix, then

m n

_ /
A=32> ai€imen

i=1 j=1

1.5 THE TRACE

The trace is a function that is defined only on square matrices. If A is an m x m
matrix, then the trace of A, denoted by tr(A), is defined to be the sum of the diagonal

elements of A; that is,
m

tr(A) = Z ;.

i=1
Now if Aism x nand Bisn x m, then AB is m x m and

m n

tr(AB) = Z (AB);; = Z (A)i(B).; = Zzaijbﬁ

i=1 i=1 i=1 j=1

This property of the trace, along with some others, is summarized in Theorem 1.3.
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Theorem 1.3 Let avbe a scalar and A and B be matrices. Then, when the appropriate
operations are defined, we have the following properties:

(@) tr(4) = ( ).

(b) tr(ad) = atr(A).

(c) tr(A+ B) = tr(A) + tr(B).

(d) tr(AB) = tr(BA).

(e) tr(A’A) =0if and only if A = (0).

1.6 THE DETERMINANT

The determinant is another function defined on square matrices. If A is an m x m
matrix, then its determinant, denoted by | A|, is given by

|A| = Z (‘Uﬂil"""im)GMI%iQ S Oy
= Z (_1)J°(i1,...,zt,n>ai11ai22 Cea o,

where the summation is taken over all permutations (4, ... ,,,) of the set of inte-
gers (1, ... ,m), and the function f (i, ... ,1,,) equals the number of transpositions
necessary to change (i, ..., m) to an increasing sequence of components, that is,
to (1, ... ,m). A transposition is the interchange of two of the integers. Although f
is not unique, it is uniquely even or odd, so that | 4| is uniquely defined. Note that the
determinant produces all products of m terms of the elements of the matrix A such
that exactly one element is selected from each row and each column of A.

Using the formula for the determinant, we find that |A| = a;; when m = 1. If A
is 2 x 2, we have

| Al = ayya95 — ay5a4;,

and when A is 3 x 3, we get
|A] = ay1a99033 + a15a93a3; + 1309103
= 11093033 — Q19091 Q33 — Q13090037 -

The following properties of the determinant in Theorem 1.4 are fairly straightfor-
ward to verify using the definition of a determinant.

Theorem 1.4 If o is a scalar and A is an m X m matrix, then the following prop-
erties hold:

@ [A'] = A
(b) |aA| = a™|A.
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(c) If Ais a diagonal matrix, then |[A| = ay; -+ a,,,,, = [[12g @i;-
(d) If all elements of a row (or column) of A are zero, |A| = 0.
(e) The interchange of two rows (or columns) of A changes the sign of | A.

(f) If all elements of a row (or column) of A are multiplied by «, then the deter-
minant is multiplied by a.

(g) The determinant of A is unchanged when a multiple of one row (or column) is
added to another row (or column).

(h) If two rows (or columns) of A are proportional to one another, | A| = 0.

An alternative expression for |A| can be given in terms of the cofactors of A.

The minor of the element a,;, denoted by m,;, is the determinant of the (m — 1) x

(m — 1) matrix obtained after removing the ith row and jth column from A. The

corresponding cofactor of a;;, denoted by A, ;, is then given as 4;; = (—1)i+d M.

Theorem 1.5 For any i =1, ... ,m, the determinant of the m x m matrix A can
be obtained by expanding along the ith row,

Al =" a,A,, (1.1)
j=1
or expanding along the ith column,

|A| = ZaﬁAﬁ. (1.2)
j=1

Proof.  We will just prove (1.1), as (1.2) can easily be obtained by applying (1.1) to
A’. We first consider the result when ¢ = 1. Clearly

|A| = Z (—1)f ’im)au.a2¢2 T O,
=apby + -+ apbyy,

where
_ VG, yim)
ayjby; = E (=1 "y Aoyt Qg

and the summation is over all permutations for which i, = j. Since (—=1) Gt esim)
= (=1)771(=1)/ 02 im) this implies that

by = (1) (=) Ctmay, o,

where the summation is over all permutations (i, ... ,4,,) of (1,...,7—1,7+
1,...,m). If Cis the (m — 1) x (m — 1) matrix obtained from A by deleting its
Ist row and jth column, then b, 5 can be written
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by = (17 Z (—1)f ’im*l)Cul g, = (1)7THC
= (_1)j71m1j = (_1)1+jm1j = Ay,

where the summation is over all permutations (¢, ... ,%,, ;) of (1, ... ,m — 1) and
my is the minor of a, ;. Thus,

m m
|A] = § aljblj = § alelj»
Jj=1 Jj=1

as is required. To prove (1.1) when ¢ > 1, let D be the m x m matrix for which

(D), = (A),, (D), = (A); y. for j=2, ... 4, and (D), = (A); for j =i+

1,...,m.Then A;; = (=1)""'D;, a;; = d; and |A| = (—1)""!|D|. Thus, since
we have already established (1.1) when ¢ = 1, we have

|Al = (-1)"'|D| = (-1)"! Zdllej = zaiinjv
=1 =1

and so the proof is complete. 0

Our next result indicates that if the cofactors of a row or column are matched with
the elements from a different row or column, the expansion reduces to 0.

Theorem 1.6 If A is an m x m matrix and k ## 4, then

D a Ay =Y a,Ay =0. (1.3)
j=1 j=1

Example 1.1 We will find the determinant of the 5 x 5 matrix given by

N

I
SO OO NN
_0 O O =
DD = DN W N
N = DN O =
= -0 O =

Using the cofactor expansion formula on the first column of A, we obtain

Al =2

_ o O O
N =N W
N =N O
_ -0 O
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and then using the same expansion formula on the first column of this 4 x 4 matrix,
we get

3
1Al = 2(—1) |2
1

—= N O
—_— o O

Because the determinant of the 3 x 3 matrix above is 6, we have

|A] = 2(~1)(6) = —12.

Consider the m x m matrix C whose columns are given by the vectors
¢y, ... ,c,,;thatis, we can write C' = (¢, ... ,¢,,). Suppose that, for some m x 1
vector b= (b, ... ,b,,) and m x m matrix A = (a,, ... ,a,,), we have

c, =Ab= Zbiai.
i=1

Then, if we find the determinant of C' by expanding along the first column of C, we
get

Cl=>_cnCi=) (Z bi%‘) ¢
j=1

j=1 \i=1

m
Z Zaj'l g1 = Zbi|(a1302’ ,le)|,
i=1

=1

so that the determinant of C'is a linear combination of m determinants. If B is an
m X m matrix and we now define C' = AB, then by applying the previous derivation
on each column of C, we find that

m m
E billai17 R E bimmaim

i1=1 =1

Z Zb : zmm‘ 7,17"'7aim,)|

i1=1 T =1

_szll zmm‘ [TRIN ’aim)|7

where this final sum is only over all permutations of (1, ... ,m), because Theorem
1.4(h) implies that

C

|(a,l-17 Lo, a

if i; = iy, for any j # k. Finally, reordering the columns in |(a
using Theorem 1.4(e), we have

i ,aim)| and
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C1 = by by (1) (ay, . a,,)| = |BJA
This very useful result is summarized in Theorem 1.7.
Theorem 1.7 If both A and B are square matrices of the same order, then

|AB| = |A] B.

1.7 THE INVERSE

An'm X m matrix A is said to be a nonsingular matrix if | A| # 0 and a singular matrix
if |[A| = 0. If A is nonsingular, a nonsingular matrix denoted by A~! and called the
inverse of A exists, such that

AA =A1A=1,. (1.4)

This inverse is unique because, if B is another m x m matrix satisfying the inverse
formula (1.4) for A, then BA = I,,, and so

B=BI,=BAA ' =1 A'=A"

The following basic properties of the matrix inverse in Theorem 1.8 can be easily
verified by using (1.4).

Theorem 1.8 If «v is a nonzero scalar, and A and B are nonsingular m X m matri-
ces, then the following properties hold:

@ (aAd)t=atA"L

(b) (A)h=(A"1)"

(© (A7) = A.

(d) [A7H = [A]7".

(e) If A = diag(ayy, - ,apm), then A4 = diag(ay), ... ,a,k,).

(f) f A= A" then A~ = (A1)
(g (AB)'=B1tA"L

As with the determinant of A, the inverse of A can be expressed in terms of the
cofactors of A. Let A#, called the adjoint of A, be the transpose of the matrix of
cofactors of A; that is, the (7, j)th element of A# is Aji, the cofactor of ajje Then

AAy = A A = diag(4], ... ,|A]) = |A|L,,

because (A); (Ay),; = (Ay);.(A),; = |A] follows directly from (1.1) and (1.2), and
(A);.(Ay).; = (Ay); (A) =0, for ¢ # j follows from (1.3). The equation above

then yields the relatlonshlp
= |A|_1A#
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when |A| # 0. Thus, for instance, if A is a 2 X 2 nonsingular matrix, then

Al — \A|_1 [ Q99 a12:| )

—Qg;  Ap

Similarly when m = 3, we get A~ = |A| "' A, where

Q9033 — Q93039 —(aypas; — ajzas) 12093 — (13099
A# = | —(aya3; — aszas) Q11033 — Q13031 —(ay1a93 — ay3a4;)
Qo1Qgp — Agpl3 *(a11a32 - a12a31) Q11Qgp — Q1209

The relationship between the inverse of a matrix product and the product of the
inverses, given in Theorem 1.8(g), is a very useful property. Unfortunately, such anice
relationship does not exist between the inverse of a sum and the sum of the inverses.
We do, however, have Theorem 1.9 which is sometimes useful.

Theorem 1.9  Suppose A and B are nonsingular matrices, with A being m x m and
B being n x n. For any m x n matrix C' and any n x m matrix D, it follows that if
A+ CBD is nonsingular, then

(A+CBD) ' =A"'—A'c(B' + DA'O) DA

Proof. The proof simply involves verifying that (A + CBD)(A+CBD) ' =1,
for (A + CBD)~! given above. We have
(A+CBD){A™' —A'C(B™' + DA'C)'DA™Y}
=1,-C(B'+DA'C)'DA +CBDA™!
—~CBDA'C(B™' +DA'C) 'DA!
=1,-C{B'+DA'C)'-B
+BDA'C(B™'+ DA'C) yDA™!
=1,-C{B(B'+DA'C)(B'+DA™'C)"" — B}DA™!
=1I1,-C{B-B}DA'=1,,

and so the result follows. O

The expression given for (A + C'BD)~! in Theorem 1.9 involves the inverse of
the matrix B~ + DA~!C. Tt can be shown (see Problem 7.12) that the conditions
of the theorem guarantee that this inverse exists. If m = n and C' and D are identity
matrices, then we obtain Corollary 1.9.1 of Theorem 1.9.
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Corollary 1.9.1 Suppose that A, Band A + B are all m x m nonsingular matrices.
Then
(A+B)y'=Aat-A(B'+AahHltal
We obtain Corollary 1.9.2 of Theorem 1.9 when n = 1.

Corollary 1.9.2 Let A be an m x m nonsingular matrix. If ¢ and d are both m x 1
vectors and A + cd’ is nonsingular, then

(A+ecd)t=A4"1—AledA /(1 +d A e).

Example 1.2 Theorem 1.9 can be particularly useful when m is larger than n and
the inverse of A is fairly easy to compute. For instance, suppose we have A = I,

10 1 -1
11 21 / -1 2
B:12,C’=—11,D_ 0o 1,
02 1 0
11 -1 1
from which we obtain
1 1 1 1 0
-1 6 4 3 1
G=A+CBD=|-1 2 2 0 1
-2 6 4 3 2
-1 4 3 2 2

It is somewhat tedious to compute the inverse of this 5 x 5 matrix directly. However,
the calculations in Theorem 1.9 are fairly straightforward. Clearly, A~ = I; and

w27
so that
wrvowo-[ 27439
and
(B + DA™'C)™! = [Q_? Og} .

Thus, we find that

G'=L-Cc(B'+DA'C)'D
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-1 15 =05 -25 2
-3 3 -1 -4 3

= 3 =25 15 35 -3
2 =2 0 3 =2

-1 05 —-05 —-15 2

1.8 PARTITIONED MATRICES

Occasionally we will find it useful to partition a given matrix into submatrices. For
instance, suppose A is m x n and the positive integers m,, ms, n,, n, are such that
m = my + my and n = ny + n,. Then one way of writing A as a partitioned matrix

is
A— [Au AIZ]

where A, is m; X ny, A5 is my X ny, Ay is My X 1y, and A,y is My X n,. That
is, A,; is the matrix consisting of the first m, rows and n, columns of A, A, is the
matrix consisting of the first m,; rows and last n, columns of A, and so on. Matrix
operations can be expressed in terms of the submatrices of the partitioned matrix. For
example, suppose B is an n X p matrix partitioned as

B B
B— |Pu 12} 7
[321 By,

where B isny X Dy, Bi51SNn; X Py, By iS1y X Py, Byy 1SNy X Dy, and p = p; + ps.
Then the premultiplication of B by A can be expressed in partitioned form as
AB — [Aan +ApBy A B+ AIQBQQ] .
Ay By + Ay By Ay By + Ay By

Matrices can be partitioned into submatrices in other ways besides this 2 x 2 par-
titioned form. For instance, we could partition only the columns of A, yielding the

expression
A=A, A,

where A, is m x ny and A, is m X n,. A more general situation is one in which the
rows of A are partitioned into r groups and the columns of A are partitioned into ¢
groups so that A can be written as

All A12 T Alc
A= A‘QI A'22 U A2

Arl Ar2 e A
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where the submatrix A,; is m; x n; and the integers my, ... ,m, and ny, ... ,n,
are such that
T c
Zmi:m and an:n.
i=1 j=1

This matrix A is said to be in block diagonal form if = ¢, A, is a square matrix for
each 7, and A;; is a null matrix for all 7 and j for which 7 # j. In this case, we will
write A = diag(A,;, ..., 4,,); thatis,

Ay (O ©
diag(Alh 7Arr) = ( ) :22 ( )
©0) () A,

Example 1.3 Suppose we wish to compute the transpose product AA’, where the
5 x 5 matrix A is given by

1

0

A=1 0
-1

-1

O N = =
N O =

The computation can be simplified by observing that A may be written as

A—{ug o1, |-

As a result, we have
r_ [ I 1315 I —1;15
A4 = _—121g 21, 1,14 21,

[ I +1;151,15  —1,15 +2151)
|—1,15+21,15 1,151,154 41,

I3+ 21414 1,1}
- 1,14 31,15 + 412}
3 2 2 1 1
2 3 2 1 1
=12 2 3 1 1
1 1 1 7 3
1 1 1 3 7
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1.9 THE RANK OF A MATRIX

Our initial definition of the rank of an m X n matrix A is given in terms of submatri-
ces. We will see an alternative equivalent definition in terms of the concept of linearly
independent vectors in Chapter 2. Most of the material we include in this section can
be found in more detail in texts on elementary linear algebra such as Andrilli and
Hecker (2010) and Poole (2015).

In general, any matrix formed by deleting rows or columns of A is called a
submatrix of A. The determinant of an r x r submatrix of A is called a minor of
order r. For instance, for an m x m matrix A, we have previously defined what we
called the minor of a; s this is an example of a minor of order m — 1. Now the rank
of a nonnull m X n matrix A is r, written rank(A) = r, if at least one of its minors
of order r is nonzero while all minors of order r + 1 (if there are any) are zero. If A
is a null matrix, then rank(A) = 0. If rank(A) = min(m, n), then A is said to have
full rank. In particular, if rank(A) = m, A has full row rank, and if rank(A) = n,
A has full column rank.

The rank of a matrix A is unchanged by any of the following operations, called
elementary transformations:

(a) The interchange of two rows (or columns) of A.
(b) The multiplication of a row (or column) of A by a nonzero scalar.

(c) The addition of a scalar multiple of a row (or column) of A to another row (or
column) of A.

Thus, the definition of the rank of A is sometimes given as the number of nonzero
rows in the reduced row echelon form of A.

Any elementary transformation of A can be expressed as the multiplication of A by
a matrix referred to as an elementary transformation matrix. An elementary transfor-
mation of the rows of A will be given by the premultiplication of A by an elementary
transformation matrix, whereas an elementary transformation of the columns corre-
sponds to a postmultiplication. Elementary transformation matrices are nonsingular,
and any nonsingular matrix can be expressed as the product of elementary transfor-
mation matrices. Consequently, we have Theorem 1.10.

Theorem 1.10 Let A be an m X n matrix, B be an m X m matrix, and C be an
n x n matrix. Then if B and C' are nonsingular matrices, it follows that

rank(BAC) = rank(BA) = rank(AC) = rank(A).

By using elementary transformation matrices, any matrix A can be transformed
into another matrix of simpler form having the same rank as A.
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Theorem 1.11 If A is an m x n matrix of rank r > 0, then nonsingular m x m
and n x n matrices B and C' exist, such that H = BAC and A= B1HC!,
where H is given by

(a) I, if r=m=n, (d) [, (0)] ifr=m<n,
Lo . I, (0| .
(c) [(0)] ifr=n<m, (d) {(0) (O)] ifr<m,r <n.

Corollary 1.11.1 is an immediate consequence of Theorem 1.11.

Corollary 1.11.1 Let Abe anm x nmatrix withrank(A4) = r > 0. Thenanm X r
matrix F' and an r x n matrix G exist, such that rank(F') = rank(G) = r and A =
FG.

1.10  ORTHOGONAL MATRICES

An m x 1 vector p is said to be a normalized vector or a unit vector if p’p = 1. The
m x 1 vectors, py, ... ,p,,, where n < m, are said to be orthogonal if p’ipj = 0 for
all 4 # j. If in addition, each p, is a normalized vector, then the vectors are said to
be orthonormal. An m x m matrix P whose columns form an orthonormal set of
vectors is called an orthogonal matrix. It immediately follows that

PP=1I,.
Taking the determinant of both sides, we see that
[P'P| = |P'|P| = |PP = |I,,| = 1.
Thus, |P| = +1 or —1, so that P is nonsingular, P~! = P', and PP' =1, in
addition to P'P = I,; that is, the rows of P also form an orthonormal set of

m x 1 vectors. Some basic properties of orthogonal matrices are summarized in
Theorem 1.12.

Theorem 1.12 Let P and ) be m x m orthogonal matrices and A be any m X m
matrix. Then

(a) |P| = 41,
(b) |[P'AP| = |A],
(¢c) PQ is an orthogonal matrix.
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One example of an m x m orthogonal matrix, known as the Helmert matrix, has
the form

r_L 1 1 1 7
vm vm vm vm
L -1 0 0
v V2 >
H=| % i 0
| | L e
_\/m(mfl) \/m(mfl) \/m(mfl) m(m—1) |

For instance, if m = 4, the Helmert matrix is

1/2 1/2 1/2 1/2
[ 1/vV2  —1/V2 0 0
T l1ve o 16 —2/V6 0

V12 1/v/12 1/V/12 —3/V12

Note that if m # n, it is possible for an m X n matrix P to satisfy one of the
identities, P'P = I,, or PP' = I, but not both. Such a matrix is sometimes referred
to as a semiorthogonal matrix.

An m x m matrix P is called a permutation matrix if each row and each column
of P has a single element 1, while all remaining elements are zeros. As a result, the
columns of P willbe e, ... ,e,,, the columns of I, ,, in some order. Note then that
the (h, h)th element of P’'P will be e}e, = 1 for some 4, and the (h,[)th element
of P'P will be eje; = 0 for some i # j if h # [; that is, a permutation matrix is a
special orthogonal matrix. Since there are m! ways of permuting the columns of /,,,
there are m/! different permutation matrices of order m. If A is also m x m, then PA
creates an m X m matrix by permuting the rows of A, and AP produces a matrix by

permuting the columns of A.

1.11 QUADRATIC FORMS

Let « be an m x 1 vector, y an n x 1 vector, and A an m X n matrix. Then the
function of & and y given by

m n
/Ay = Z Z LY
i=1 j=1

is sometimes called a bilinear form in o and y. We will be most interested in the spe-
cial case in which m = n, so that A is m X m, and & = y. In this case, the function
above reduces to the function of x,

f(x) =

|P”13

m
>, 2 i
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which is called a quadratic form in x; A is referred to as the matrix of the quadratic
form. We will always assume that A is a symmetric matrix because, if it is not, A
may be replaced by B = 1(A+ A’), which is symmetric, without altering f(x);
that is,

x'Br = %w’(A + Az = %(:C’Aw +a'Alx)
— %(m/ASE +2'Azx) = o' Ax
because ' A’z = (' A'x)’ = 2’ Ax. As an example, consider the function
f(x) = 2% + 325 + 223 + 22,2y — 22925,

where @ is 3 x 1. The symmetric matrix A satisfying f(z) = o’ Az is given by

1 1 0
A=11 3 -1
0 -1 2

Every symmetric matrix A and its associated quadratic form is classified into one
of the following five categories:

(a) If &’ Az > 0 for all  # 0, then A is positive definite.

(b) If ’Ax > 0 for all  and &’ Az = 0 for some x # 0, then A is positive
semidefinite.

(¢) If £’ Az < 0 for all x # 0, then A is negative definite.

(d) If @’ Az <0 for all  and '’ Az = 0 for some « # 0, then A is negative
semidefinite.

(e) If #’ Az > 0 for some x and ' Ax < 0 for some x, then A is indefinite.

Note that the null matrix is actually both positive semidefinite and negative semidef-
inite.

Positive definite and negative definite matrices are nonsingular, whereas positive
semidefinite and negative semidefinite matrices are singular. Sometimes the term
nonnegative definite will be used to refer to a symmetric matrix that is either pos-
itive definite or positive semidefinite. An m x m matrix B is called a square root of
the nonnegative definite m x m matrix A if A = BB’. Sometimes we will denote
such a matrix B as A'/2. If B is also symmetric, so that A = B2, then B is called the
symmetric square root of A.

Quadratic forms play a prominent role in inferential statistics. In Chapter 11, we
will develop some of the most important results involving quadratic forms that are of
particular interest in statistics.
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1.12 COMPLEX MATRICES

Throughout most of this text, we will be dealing with the analysis of vectors and
matrices composed of real numbers or variables. However, there are occasions in
which an analysis of a real matrix, such as the decomposition of a matrix in the form
of a product of other matrices, leads to matrices that contain complex numbers. For
this reason, we will briefly summarize in this section some of the basic notation and
terminology regarding complex numbers.

Any complex number ¢ can be written in the form

c=a-+1b,

where a and b are real numbers and 7 represents the imaginary number \/—1. The
real number a is called the real part of ¢, whereas b is referred to as the imaginary
part of c. Thus, the number c is a real number only if b is 0. If we have two complex
numbers, ¢; = a; + b, and ¢, = a, + by, then their sum is given by

¢+ ¢y = (ay +ay) +i(by +by),
whereas their product is given by
CICQ - CLICLQ - b1b2 + Z(a1b2 + Gle).

Corresponding to each complex number ¢ = a + ib is another complex number
denoted by ¢ and called the complex conjugate of c. The complex conjugate of ¢
is given by ¢ = a — 4b and satisfies ¢¢ = a? + b, so that the product of a complex
number and its conjugate results in a real number.

A complex number can be represented geometrically by a point in the complex
plane, where one of the axes is the real axis and the other axis is the complex or
imaginary axis. Thus, the complex number ¢ = a + ib would be represented by the
point (a,b) in this complex plane. Alternatively, we can use the polar coordinates
(r,0), where r is the length of the line from the origin to the point (a, b) and € is the
angle between this line and the positive half of the real axis. The relationship between
a and b, and r and 6 is then given by

a =rcos(f), b=rsin(0).
Writing ¢ in terms of the polar coordinates, we have
¢ =rcos(f) + irsin(0),
or, after using Euler’s formula, simply ¢ = re'? . The absolute value, also sometimes

called the modulus, of the complex number c is defined to be r. This is, of course,
always a nonnegative real number, and because a” + b> = 2, we have

le| = |a +ib| = Va? + b2
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We also find that

lereo] = V/(ayay — byby)? + (ayby + agby)?

= /(@ + ) (a3 +13) = ey,

Using this identity repeatedly, we also see that for any complex number ¢ and any
positive integer n, |¢"| = |c|™.
A useful identity relating a complex number ¢ and its conjugate to the absolute

value of ¢ is
cec = |c|%.

Applying this identity to the sum of two complex numbers c¢; + ¢, and noting that
€18y + €10y < 2[ey ey, we get

ey + ol = (¢1 + &) (e1 + &) = (¢ + ) + E)
= €€ T+ €1Cy + CyCp + oGy
<l ] + 2leylley| + leyf?

= (lea] + lea])*.

From this result, we get the important inequality, |¢; + ¢5| < |¢q| + |¢y], known as
the triangle inequality.

A complex matrix is simply a matrix whose elements are complex numbers. As a
result, a complex matrix can be written as the sum of a real matrix and an imaginary
matrix; that is, if C'is an m x n complex matrix then it can be expressed as

C=A+iB,

where both A and B are m X n real matrices. The complex conjugate of C, denoted
C, is simply the matrix containing the complex conjugates of the elements of C,

that is, _
C=A—-1iB.

The conjugate transpose of C'is C* = . 1f the complex matrix C' is square and
C* = C,sothat¢;; = ¢;;, then C'is said to be Hermitian. Note that if C' is Hermitian
and C'is areal matrix, then C'is symmetric. The m x m matrix C'is said to be unitary
if C*C = I,,,, which is the generalization of the concept of orthogonal matrices to

complex matrices because if C'is real, then C* = C".

1.13  RANDOM VECTORS AND SOME RELATED STATISTICAL
CONCEPTS

In this section, we review some of the basic definitions and results in distribution
theory that will be needed later in this text. A more comprehensive treatment of this
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subject can be found in books on statistical theory such as Casella and Berger (2002)
or Lindgren (1993). To be consistent with our notation in which we use a capital letter
to denote a matrix, a bold lowercase letter for a vector, and a lowercase letter for a
scalar, we will use a lowercase letter instead of the more conventional capital letter
to denote a scalar random variable.

A random variable z is said to be discrete if its collection of possible values, R_,
is a countable set. In this case, « has a probability function p, (¢) satisfying p,(t) =
P(x=t),fort € R,,and p,(t) =0, fort ¢ R,. A continuous random variable z,
on the other hand, has for its range, R, an uncountably infinite set. Associated with
each continuous random variable x is a density function f,(¢) satisfying f,(t) > 0,
fort € R,,and f,(t) = 0,fort ¢ R, .Probabilities for x are obtained by integration;
if B is a subset of the real line, then

P(z € B) = /B £.(t) dt.

For both discrete and continuous z, we have P(z € R,,) = 1.
The expected value of a real-valued function of z, g(), gives the average observed
value of g(z). This expectation, denoted E[g(z)], is given by

Elg(z)] = Y g(t)p, (1),

teR,

if x is discrete, and

if x is continuous. Properties of the expectation operator follow directly from prop-
erties of sums and integrals. For instance, if « is a random variable and « and 3 are
constants, then the expectation operator satisfies the properties

Ela) =«

and
Elag,(z) + Bgs(2)] = aBlg, (z)] + BE[gy ()],

where ¢, and g, are any real-valued functions. The expected values of a random vari-
able z given by F/ (mk), k =1,2, ... are known as the moments of z. These moments
are important for both descriptive and theoretical purposes. The first few moments
can be used to describe certain features of the distribution of . For instance, the first
moment or mean of x, u, = E(x), locates a central value of the distribution. The
variance of x, denoted o2 or var(x), is defined as

o = var(z) = Bl(z — p,)°] = E(2*) — i3,
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so that it is a function of the first and second moments of x. The variance gives a
measure of the dispersion of the observed values of = about the central value ..
Using properties of expectation, it is easily verified that

var(a + fz) = 4% var(x).

All of the moments of a random variable = are embedded in a function called the
moment generating function of z. This function is defined as a particular expectation;
specifically, the moment generating function of x, m(t), is given by

my (t) = E(e"),

provided this expectation exists for values of ¢ in a neighborhood of 0. Otherwise, the
moment generating function does not exist. If the moment generating function of x
does exist, then we can obtain any moment from it because

More importantly, the moment generating function characterizes the distribution of x
in that, under certain conditions, no two different distributions have the same moment
generating function.

We now focus on some particular families of distributions that we will encounter
later in this text. A random variable x is said to have a univariate normal distribution
with mean 4 and variance o2, indicated by & ~ N (u, 0?), if the density of x is given
by

1 ‘
fp(t) = 5 e 2 oo <t < o0,
o

The corresponding moment generating function is
m (t) _ eut+02t2/2
- .

A special member of this family of normal distributions is the standard normal dis-
tribution N (0, 1). The importance of this distribution follows from the fact that if
x ~ N(u,o?), then the standardizing transformation z = (x — p1) /o yields a random
variable z that has the standard normal distribution. By differentiating the moment
generating function of z ~ N (0, 1), it is easy to verify that the first six moments of
z, which we will need in Chapter 11, are 0, 1, 0, 3, 0, and 15, respectively.

If r is a positive integer, then a random variable v has a chi-squared distribution
with r degrees of freedom, written v ~ X%, if its density function is

Hr/2)=1,-1/2

fo(t) = AT (r/2)

t>0,

where I'(r/2) is the gamma function evaluated at /2. The moment generating
function of v is given by m,(t) = (1 —2t)""/2, for ¢ < }. The importance of
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the chi-squared distribution arises from its connection to the normal distribution.

If 2z~ N(0,1), then 2%~ x}. Further, if z, ...,2, are independent random
variables with z; ~ N(0,1) fori =1, ... ,r, then
>z~ (1.5)

=1

The chi-squared distribution mentioned above is sometimes referred to as a central
chi-squared distribution because it is actually a special case of a more general family
of distributions known as the noncentral chi-squared distributions. These noncentral
chi-squared distributions are also related to the normal distribution. If z, ... , x, are
independent random variables with :; ~ N (u;, 1), then

> i~ (), (1.6)
=1

where x2()) denotes the noncentral chi-squared distribution with r degrees of free-
dom and noncentrality parameter

A= %iu?;
i=1

that is, the noncentral chi-squared density, which we will not give here, depends not
only on the parameter r but also on the parameter A. Since (1.6) reduces to (1.5)
when p1; = 0 for all i, we see that the distribution x?(\) corresponds to the central
chi-squared distribution 2 when A = 0.

A distribution related to the chi-squared distribution is the F' distribution with 7,

and 7, degrees of freedom, denoted by F). . . Ify ~ F,. ., then the density function
of y is
r1/2 —(r1+r9)/2
f,t) = T, +79)/2} ()" =272 4 1y ey t>0.
Y L(ry/2)L(ry/2) \ 7 T2 ’

The importance of this distribution arises from the fact that if v; and v, are indepen-
dent random variables with v; ~ X%q and v,y ~ X%»z, then the ratio

vy /1y
Uy /Ty

t=

has the F' distribution with r; and r, degrees of freedom.

The concept of a random variable can be extended to that of a random vector.
A sequence of related random variables z, ... ,x,, is modeled by a joint or mul-
tivariate probability function p,, () if all of the random variables are discrete, and
a multivariate density function f,,(¢) if all of the random variables are continuous,
wherex = (zy, ... ,x,,) andt = (¢, ... ,t,,) . Forinstance, if they are continuous
and B is a region in R™, then the probability that x falls in B is
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P(xz € B) / /fm dt, -

whereas the expected value of the real-valued function g(x) of x is given by

1= f o o

The random variables =, ... ,x,, are said to be independent, a concept we have
already referred to, if and only if the joint probability function or density function
factors into the product of the marginal probability or density functions; that is, in the
continuous case, x,, ... , T, are independent if and only if

f:p(t) = fml(tl) e fmm(tm)7

for all ¢.
The mean vector of x, denoted p, is the vector of expected values of the x;’s; that
is,

p= (s ) = B(@) = [E(y), ... E(x,,)]

A measure of the linear relationship between z; and z; is given by the covariance of
z; and x;, which is denoted cov(x;, ;) or o;; and is defined by

0; = cov(zy,a;) = El(w; — py)(@; — pj)] = Ew;z;) — pypy (1.7

When i = j, this covariance reduces to the variance of z;; that is, o;; = 07 =

var(z;). When i # j and x; and z; are independent, then cov(x“ z;) = 0 because
in this case E(x;x;) = p;p1;. If ay, ay, B and 3, are constants, then

cov(ay + 317, ay + oz ;) = B8, cov(w;, x;).

The matrix €2, which has o;; as its (4, j)th element, is called the variance—covariance
matrix, or simply the covariance matrix, of «. This matrix will be also denoted some-

times by var(z) or cov(z,x). Clearly, o,; = 0;; so that Q is a symmetric matrix.

Using (1.7), we obtain the matrix formulation for €2,
Q= var(z) = E[(x — p)(z — p)] = E(zz’) — py'.

If o is an m x 1 vector of constants and we define the random variable y = o',
then

E(y) = E(d'z)=F (Z ai%) = Z o, B(z;)
= Z%‘Mz‘ =a'p.
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If, in addition, 3 is another m x 1 vector of constants and w = 3'x, then

m m

cov(y,w) = cov(a/z,3'z) = cov Zaixi, Zﬁjxj
i=1 j=1

ZZ@B cov(z;, ;) ZZalﬂ]aU_aQﬁ

=1 j=1 1=1 j=1

In particular, var(y) = cov(y,y) = &’Qa. Because this holds for any choice of a
and because the variance is always nonnegative, {2 must be a nonnegative definite
matrix. More generally, if A is a p X m matrix of constants and y = Az, then

E(y) = E(Az) = AE(x) = Ap, (1.8)

var(y) = El{y — E(y)H{y — E(y)}'] = E[(Az — Ap)(Az — Ap)']
= ElA(z — p)(z — p)'A] = A{E[(z — p)(z — p)[}A’
= AQA'. (1.9)

Thus, the mean vector and covariance matrix of the transformed vector, Ax, is Ap
and AQA’. If v and w are random vectors, then the matrix of covariances between
components of v and components of w is given by

cov(v,w) = E(vw') — E(v)E(w)'.
In particular, if v = Az and w = B, then
cov(v,w) = Acov(z,z)B = Avar(x)B = AQB'.

A measure of the linear relationship between z; and x; that is unaffected by the
measurement scales of z; and z; is called the correlation. We denote this by p;; and

it is defined as
cov(z;, ;)

_ ir Ly Ty
Pij = =

var(z;) var(z;) V7%

When i = j, p;; = 1. The correlation matrix P, which has p,; as its (7, j)th element,

can be expressed in terms of the corresponding covariance matrix ) and the diagonal

matrix Dy, 172 _ dlag(anl/ e T_nln/@ ); specifically,

P =D,"*aD,"*. (1.10)
For any m x 1 vector a, we have

o' Pa = a'Dy*0D, o = 808,
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where 3 = Dﬂl/ “a, and so P must be nonnegative definite because 2 is. In partic-

ular, if e, is the ith column of the m x m identity matrix, then

(e; +e;)Ple; +e;)=(P),;+ (P

)ij T (P)ji +(P)y;
=2(1+p;;) >0

and

(e; — ej>/P(ei - ej) =(P); — (P ) (P)ji + (P)jj
- 2(1 - ng) 2 0
from which we obtain the inequality, —1 < Pij < 1.
Typically, means, variances, and covariances are unknown and so they must be
estimated from a sample. Suppose z,, ... ,x,, represents a random sample of a ran-

dom variable x that has some distribution with mean y and variance 0. These quan-
tities can be estimated by the sample mean and the sample variance given by

1n
fiﬁzzi’
i=1
s* = ! Z(xi—E)QZ ! zn:x?—nxQ
n—1 n—1\=

i=1

In the multivariate setting, we have analogous estimators for  and s if x, ... ,x,
is a random sample of an m X 1 random vector  having mean vector p and covari-
ance matrix €2, then the sample mean vector and sample covariance matrix are given
by

i=1 =1

The sample covariance matrix can be then used in (1.10) to obtain an esti-
mator of the correlation matrix, P; that is, if we define the diagonal matrix
D;l/ 2 _ diag(sul/ 27 . ,s,_nl,f), then the correlation matrix can be estimated by
the sample correlation matrix defined as

R=Dg"?SDg"".

One particular joint distribution that we will consider is the multivariate normal
distribution. This distribution can be defined in terms of independent standard normal
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random variables. Let z,, ..., z,, be independently distributed as N (0, 1), and put
z=1(zy, ... ,%y,) . The density function of z is then given by

=TT sn(4:2) = oo (~325).

Because E(z) =0 and var(z) = I, this particular m-dimensional multivariate
normal distribution, known as the standard multivariate normal distribution, is
denoted as N,,(0,1I,,). If p is an m x 1 vector of constants and T" is an m x m
nonsingular matrix, then = p + 7'z is said to have the m-dimensional multivariate
normal distribution with mean vector pu and covariance matrix 2 = T'T". This
is indicated by x ~ N,,(u,?). For instance, if m = 2, the vector = (x,x,)
has a bivariate normal distribution and its density, induced by the transformation
x = p + Tz, can be shown to be

_ 1 o (- 1 (z) — py)?
fl@) = 2711/ 011099 (1 — p?) P ( 2(1=p?) { o1

a =\ (T p (w9 — po)?
_9 1 1)< 2 2)+ 2 2 })’ 111
p( N AN o2 (1D

for all & € R2, where p = pyo is the correlation coefficient. When p = 0, this density
factors into the product of the marginal densities, so x; and x, are independent if and
only if p = 0. The cumbersome-looking density function given in (1.11) can be more
conveniently expressed by using matrix notation. It is straightforward to verify that
this density is identical to

1 1
f(ﬂc)mexp{i(wu)/ﬁl(mu)}. (1.12)

The density function of an m-variate normal random vector is very similar to the
function given in (1.12). If & ~ N, (1, €2), then its density is

1 1
f(x)zmexp{—ﬁ(w—u)’ﬁ 1(""#)}7 (1.13)
forallz € R™.

If © is positive semidefinite, then  ~ N, (p, §2) is said to have a singular normal
distribution. In this case, Q! does not exist and so the multivariate normal density
cannot be written in the form given in (1.13). However, the random vector & can still
be expressed in terms of independent standard normal random variables. Suppose that
rank(Q) = rand U is an m X r matrix satisfying UU’" = Q. Then ¢ ~ N, (p, Q) if
x is distributed the same as p + Uz, where now z ~ N,.(0, I,.).

An important property of the multivariate normal distribution is that a linear trans-
formation of a multivariate normal vector yields a multivariate normal vector; that
is, if ® ~ N, (,€) and A is a p x m matrix of constants, then y = Ax has a
p-variate normal distribution. In particular, from (1.8) and (1.9), we know that y ~
N, (Ap, AQA").
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We next consider spherical and elliptical distributions that are extensions of mul-
tivariate normal distributions. In particular, a spherical distribution is an extension of
the standard multivariate normal distribution N, , (0, I,,, ), whereas an elliptical distri-
bution is an extension of the multivariate normal distribution N, (p, §2). Anm x 1
random vector x has a spherical distribution if  and Pz have the same distribu-
tion for all m x m orthogonal matrices P. If x has a spherical distribution with a
density function, then this density function depends on x only through the value of
a’x; that is, the density function of @ can be written as g(«’x) for some function
g. The term spherical distribution then arises from the fact that the density function
is the same for all points x that lie on the sphere ' = ¢, where ¢ is a nonnegative
constant. Clearly z ~ N, (0, I,,,) has a spherical distribution because for any m x m
orthogonal matrix P, Pz ~ N, (0, I,,). An example of a nonnormal spherical dis-
tribution is the uniform distribution; that is, if u is a randomly selected point on the
surface of the unit sphere in 2™, then u has a spherical distribution. In fact, if the
m x 1 random vector « has a spherical distribution, then it can be expressed as

T = wu, (1.14)

where u is uniformly distributed on the m-dimensional unit sphere, w is a nonnega-
tive random variable, and v and w are independently distributed. It is easy to verify
that when z has the distribution N, (0, I,,,), then (1.14) takes the form

z = vu,

where v2 ~ in. Thus, if the m x 1 random vector x has a spherical distribution, then
it can also be expressed as

x=wu=wv 'z= sz,

where again z has the distribution N,,(0,1,,), s = wv~! is a nonnegative random

variable, and z and s are independently distributed. The contaminated normal distri-
butions and the multivariate ¢ distributions are other examples of spherical distribu-
tions. A random vector  having a contaminated normal distribution can be expressed
as ¢ = sz, where z ~ N, (0,1,,) independently of s, which takes on the values o
and 1 with probabilities p and 1 — p, respectively, and o # 1 is a positive constant.
If z ~ N,,(0,1,,) independently of v> ~ x2, then the random vector & = n'/?z /v
has a multivariate ¢ distribution with n degrees of freedom.

We generalize from spherical distributions to elliptical distributions in the same
way that N, (0, I,,) was generalized to N, (p, ). An m x 1 random vector y has
an elliptical distribution with parameters p and ) if it can be expressed as

y=p+Te,
where T is m x r, TT' = Q, rank() = r, and the r x 1 random vector x has a
spherical distribution. Using (1.14), we then have

y=p+wlu,

where the random variable w > 0 is independent of w, which is uniformly distributed
on the r-dimensional unit sphere. If €2 is nonsingular and y has a density, then it
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depends on y only through the value of (y — )’ ~!(y — p); that is, the density is
the same for all points y that lie on the ellipsoid (y — p)'Q2 ! (y — p) = ¢, where ¢
is a nonnegative constant. A more detailed discussion about spherical and elliptical
distributions can be found in Fang et al. (1990).

One of the most widely used procedures in statistics is regression analysis. We will
briefly describe this analysis here and later use regression analysis to illustrate some
of the matrix methods developed in this text. Some good references on regression are
Kutner et al. (2005), Rencher and Schaalje (2008), and Sen and Srivastava (1990).
In the typical regression problem, one wishes to study the relationship between some
response variable, say y, and k explanatory variables x,, ... ,x;. For instance, y
might be the yield of some product of a manufacturing process, whereas the explana-
tory variables are conditions affecting the production process, such as temperature,
humidity, pressure, and so on. A model relating the z;’s to y is given by

y =0+ b+ + By te (1.15)

where 3, ... ,[, are unknown parameters and e is a random error, that is, a
random variable, with E(e) = 0. In what is known as ordinary least squares
regression, we also have the errors as independent random variables with common
variance o?2; that is, if €; and €; are random errors associated with the responses
y; and y;, then var(e;) = var(e;) = o and cov(e;,€;) = 0. The model given
in (1.15) is an example of a linear model because it is a linear function of the
parameters. It need not be linear in the z;’s so that, for instance, we might have
x, = 7. Because the parameters are unknown, they must be estimated and this will
be possible if we have some observed values of y and the corresponding z;’s. Thus,
for the ¢th observation, suppose that the explanatory variables are set to the values
X1 .- >y, yielding the response y;, and this is done for ¢ =1, ... , N, where
N > k + 1. If model (1.15) holds, then we should have, approximately,

Y =By + 81wy + o+ By,

for each 7. This can be written as the matrix equation

y=Xp3
if we define
Y1 Bo Loxy o agy
Y= Y2 8= B Cox-= Lm0 agy
YN By Loy - oy,

One method of estimating the ﬂj ’s, which we will discuss from time to time in this
text, is called the method of least squares. If 3 = (5, ... , ;) is an estimate of the
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parameter vector 3, then y = X B is the vector of fitted values, whereas y — ¢ gives
the vector of errors or deviations of the actual responses from the corresponding fitted
values, and

f(B)=(y—XB)(y—XB)

gives the sum of squares of these errors. The method of least squares selects as ﬁ

any vector that minimizes the function f(3). We will see later that any such vector
satisfies the system of linear equations, sometimes referred to as the normal equations,

X'XB=X'y.

If X has full column rank, that is, rank(X) = k + 1, then (X’ X )~ exists and so the
least squares estimator of 3 is unique and is given by

B=(X'X)"'Xy.

PROBLEMS

1.1 Show that the scalar properties ab = 0 implies a = 0 or b = 0, and ab = ac for
a # 0 implies that b = ¢ do not extend to matrices by finding
(a) 2 x 2 nonnull matrices A and B for which AB = (0),
(b) 2 x 2 matrices A, B, and C, with A being nonnull, such that AB = AC,

yet B # C.

1.2 Let A be an m x m idempotent matrix. Show that
(a) I,, — Aisidempotent,
(b) BAB™!is idempotent, where B is any m x m nonsingular matrix.

1.3 Let A and B be m x m symmetric matrices. Show that AB is symmetric if and
only if AB = BA.

1.4 Prove Theorem 1.3(e); that is, if A is an m X n matrix, show that tr(A’A) =0
if and only if A = (0).

1.5 Show that
(a) if x and y are m x 1 vectors, tr(zy’) = 'y,
(b) if A and B are m x m matrices and B is nonsingular, tr(BAB™!) =

tr(A).

1.6 Suppose A is m x n and B is n X m. Show that tr(AB) = tr(A'B’).

1.7 Suppose that A, B, and C' are m x m matrices. Show that if they are symmetric
matrices, then tr(ABC) = tr(ACB).

1.8 Prove Theorem 1.4.

1.9 Show that any square matrix can be written as the sum of a symmetric matrix
and a skew-symmetric matrix.

1.10 Let A and B be m x m symmetric matrices. Show that AB — BA is a

skew-symmetric matrix.
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1.11 Suppose that A is an m x m skew-symmetric matrix. Show that —A? is a non-

negative definite matrix.

A REVIEW OF ELEMENTARY MATRIX ALGEBRA

1.12 Define the m x m matrices A, B, and C as

1.13
1.14

1.15

1.16

1.17
1.18

1.19

1.20

by +cp byt b1y + Cim
Aoy Ao Ao,
A= . . . )
L a’ml am? amm
bll blZ blm
a a a
21 22 2m
B = . . . 9
_aml am2 amm
C11 Ci2 Cim
Aoy Qg9 Aom
C=1 . ) )
_a’ml a’m2 amm_

Prove that |A| = |B| + |C].
Verify the results of Theorem 1.8.

Suppose that A and B are m X m nonnull matrices satisfying AB = (0). Show
that both A and B must be singular matrices.

Consider the 4 x 4 matrix

O = O =
— N =N
NN =
N = O =

Find the determinant of A by using the cofactor expansion formula on the first
column of A.

Using the matrix A from the previous problem, verify (1.3) when ¢ = 1 and
k=2.

Prove Theorem 1.6.

Let A be a variable, and consider the determinant of A — AI,,, where A is an
m X m matrix, as a function of A. What type of function of A is this?

Find the adjoint matrix of the matrix A given in Problem 1.15. Use this to obtain
the inverse of A.

Using elementary transformations, determine matrices B and C' so that
BAC = I, for the matrix A given in Problem 1.15. Use B and C' to compute
the inverse of A; that is, take the inverse of both sides of the equation
BAC = I, and then solve for AL,
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1.21 Compute the inverse of
@ I,+1,1,,
b I, +el),.

1.22 Show that

(a) the determinant of a triangular matrix is the product of its diagonal
elements,

(b) the inverse of a lower triangular matrix is a lower triangular matrix.

1.23 Leta and bbe m x 1 vectors and D be an m x m diagonal matrix. Use Corol-
lary 1.9.2 to find an expression for the inverse of D + aab’, where « is a scalar.

1.24 Let A, be the adjoint matrix of an m x m matrix A. Show that
(a) |A#| — |A‘m—1’
(b) (@A), = o™ 1Ay, where « is a scalar.

1.25 Consider the m x m partitioned matrix

A (0)}
A= 11 ,
[Aﬂ A22

where the m,; x m; matrix A, and the m, x m, matrix A,, are nonsingular.
Obtain an expression for A~ in terms of A;;, Ay, and A,,.

1.26 Let A A
A= |[“n 12} 7
{A/m Agy

where A, is m; x my, Ayy is My X My, and A, is m; X m,. Show that if A
is positive definite, then A, and A,, are also positive definite.
1.27 Find the rank of the 4 x 4 matrix

2 0o 1 -1
1 -1 1 -1
A= 1 -1 2 0
2 0 0 =2

1.28 Use elementary transformations to transform the matrix A given in Problem
1.27 to amatrix H having the form given in Theorem 1.11. Consequently, deter-
mine matrices B and C' so that BAC' = H.

1.29 Prove parts (b) and (c) of Theorem 1.12.
1.30 List all permutation matrices of order 3.
1.31 Consider the 3 x 3 matrix

] V2 V2 2
P=— 3 —V3 0
P31 P32 P33

Find values for ps;, p3y, and ps; so that P is an orthogonal matrix. Is your
solution unique?
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1.32

1.33

1.34

1.35

1.36

1.37

1.38

1.39

1.40

1.41
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Give the conditions on the m x 1 vector « so that the matrix H = I,, — 2xa’
is orthogonal.

Suppose the m x m orthogonal matrix P is partitioned as P = [P, P,], where
Py is m x my, Py is m X my, and m; + my = m. Show that P/P, =1, ,
PPy =1, ,and PP+ PPy = 1.

Let A, B,and C' be m x n,n X p, and n X n matrices, respectively, while x is
an n x 1 vector. Show that

(a) Ax = 0 for all choices of « if and only if A = (0),

(b) Ax = 0if and only if A’Ax = 0,

(c) A=(0)if A’A = (0),

(d) AB = (0) if and only if A’AB = (0),

(e) 'Cx = 0 for all x if and only if C' = —C.

For each of the following, find the 3 x 3 symmetric matrix A so that the given
identity holds:

(a) o' Ax = 23 + 223 — 2} + 4oy — 62,74 + 8Ty,

(b) ' Az = 3% + 5z + 223 + 22,7y + 27,75 + dTyT5.

(c) @' Ax = 22,2 + 20125 + 22525,

Let x be a 4 x 1 vector. Find symmetric matrices A, and A, such that

o' Ay = () + xy — 233)° + (33 — 7,)°,

oAy = (z) — 2y — 3)" + () + 25 — )"

Let A be an m x m matrix, and suppose that a real n x m matrix 7" exists such
that 7"T = A. Show that A must be nonnegative definite.

Prove that a nonnegative definite matrix must have nonnegative diagonal
elements; that is, show that if a symmetric matrix has any negative diagonal
elements, then it is not nonnegative definite. Show that the converse is not true;
that is, find a symmetric matrix that has nonnegative diagonal elements but is
not nonnegative definite.

Let A be an m X m nonnegative definite matrix, while B is an n X m matrix.
Show that BAB' is a nonnegative definite matrix.

Define A as
51
=B

Find an upper triangular square root matrix of A; that is, find a 2 x 2 upper
triangular matrix B satisfying BB’ = A.
Use the standard normal moment generating function, m, (t) = et’/ 2 to show

that the first six moments of the standard normal distribution are 0, 1, 0, 3, O,
and 15.
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1.42

1.43

1.44

1.45

1.46

1.47

Use properties of expectation to show that for random variables x; and z,, and
scalars o, o, (31, and 3,

cov(ay + B2y, g + Byy) = By cov(xy, T,).

Let S be the sample covariance matrix computed from the sample
x,,...,x,, where each x; is m x 1. Define the m x n matrix X to be
X =(xy,...,x,). Find a matrix expression for the symmetric matrix A
satisfying S = (n — 1) "' X AX".

Show that if z ~ N, (u, ), where (2 is positive definite, then (z — )’ !
(@ — 1) ~ X

Suppose x ~ N;(p,2), where

1 2 1 -1
p=12, a=|1 2 1},
3 -1 1 3

(a) Find the correlation matrix of x.

(b) Determine the distribution of u = 1.
(¢) Determine the distribution of v = Ax.
(d) Determine the distribution of

w— Lg;]

(e) Which, if any, of the distributions obtained in (b), (c), and (d) are singular
distributions?

Suppose x is an m x 1 random vector with mean vector p and covariance
matrix €. If A is an n x m matrix of constants and c is an m x 1 vector of
constants, give expressions for

(a) E[A(z + ¢)],

(b) var[A(x + c)].

Let z, ... ,x,, be a random sample from a normal population with mean g
and variance o2, so thatx = (z,, ... ,z,,) ~ N,,(u1,,,0°1,.).

s m

(a) What is the distribution of uw = Hx, where H is the Helmert matrix?
(b) Show that > | (z;, — Z)? = >_I", u?, and use this to establish that s? is

=2 1

distributed independently of .
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1.48 Use the stochastic representation given in Section 1.13 for a random vector
x having a contaminated normal distribution to show that E(x) = 0 and
var(z) = {1 +p(o? — 1)},,,.

1.49 Show that if = has the multivariate ¢ distribution with n degrees of freedom as
given in Section 1.13, then E(x) = 0 and var(xz) = %51, if n > 2.

n—2



VECTOR SPACES

2.1 INTRODUCTION

In statistics, observations typically take the form of vectors of values of different
variables; for example, for each subject in a sample, one might record height, weight,
age, and so on. In estimation and hypotheses testing situations, we are usually inter-
ested in inferences regarding a vector of parameters. As a result, the topic of this
chapter, vector spaces, has important applications in statistics. In addition, the con-
cept of linearly independent and dependent vectors, which we discuss in Section 3,
is very useful in the understanding and determination of the rank of a matrix.

2.2 DEFINITIONS

A vector space is a collection of vectors that satisfies some special properties; in
particular, the collection is closed under the addition of vectors and under the multi-
plication of a vector by a scalar.

Definition 2.1 Let S be a collection of m x 1 vectors satisfying the following:

() fx; € Sandx, € S, thenx; +x, € S.
(b) If x € S and « is any real scalar, then ax € S.

Matrix Analysis for Statistics, Third Edition. James R. Schott.
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Then S is called a vector space in m-dimensional space. If .S is a subset of ", which
is another vector space in m-dimensional space, then .S is called a vector subspace of
T, which will be indicated by writing S C T'.

The choice of @ = 0 in Definition 2.1(b) implies that the null vector 0 € S; that
is, every vector space must contain the null vector. In fact, the set S = {0} consisting
of the null vector only is itself a vector space. Note also that the two conditions (a)
and (b) are equivalent to the one condition that says if ; € S, x, € S, and a; and
«a, are any real scalars, then (aqx; + ayx,) € S. This can be easily generalized to
more than two, say n, vectors; that is, if o, ..., o, are real scalars and x,,...,x,
are vectors such that ; € S, for all 7, then for S to be a vector space, we must have

> €S 2.1)
i=1
The left-hand side of (2.1) is called a linear combination of the vectors x;,...,x,,.

Because a vector space is closed under the formation of linear combinations, vector
spaces are sometimes also referred to as linear spaces.

The concept of linear spaces can be generalized to sets that contain elements that
are not vectors. For example, if S is a set of m X n matrices, it is a linear space as
long as a; X| + a, X, € Sforall choices of X, € 5, X, € S, and scalars o, and «,.
We will use R™*"™ to denote the linear space consisting of all m x n matrices with
real components.

Example 2.1 Consider the sets of vectors given by

S, ={(a,0,a)" : —0 < a < oo},
S, ={(a,b,a+b) : —0o < a < 0o,—00 < b < oo},
Sy ={(a,a,a)’ : a > 0}.

Let z; = (ay,0,a,)" and x, = (a,,0,a,)’, where a; and a, are arbitrary scalars.
Then x, € S|, ¢, € S}, and

!
gy + ayxy = (aqa; + aya,,0, a0y + asa,) € Sy,

so that .S, is a vector space. By a similar argument, we find that .S, is also a vector
space. Further, S, consists of all vectors of S, for which b = 0, so S| is a subset of
S,, and thus S, is a vector subspace of S,. On the other hand, S is not a vector space
because, for example, if we take « = —1 and = (1,1,1)’, then x € S5 but

ar =—(1,1,1) ¢ S;.
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Every vector space with the exception of the vector space {0} has infinitely many
vectors. However, by using the process of forming linear combinations, a vector space
can be associated with a finite set of vectors as long as each vector in the vector space
can be expressed as some linear combination of the vectors in this set.

Definition 2.2 Let {x;,...,2,} be a set of m x 1 vectors in the vector space
S. If each vector in S can be expressed as a linear combination of the vectors
x,,...,&,, then the set {x;,...,x,} is said to span or generate the vector space S,
and {z,,...,x, } is called a spanning set of S.

A spanning set for a vector space S is not uniquely defined unless
S ={0}. Because (a,b,a+0b) =a(1,0,1)+b(0,1,1), it is easy to see
that {(1,0,1)’,(0,1,1)'} is a spanning set for the vector space S, defined in
Example 2.1. However, any set of at least two vectors of this form will also be a
spanning set as long as at least two of the vectors are nonnull vectors that are not
scalar multiples of each other. For instance, {(1,1,2)’, (1,—1,0),(2,3,5)'} is also
a spanning set for 5.

Suppose we select from the vector space S a set of vectors {z,,...,z, }. In gen-
eral, we cannot be assured that every « € S is a linear combination of x,,...,x,,
and so it is possible that the set {x, . . ., ¢, } does not span S. This set must, however,
span a vector space, which is a subspace of S.

Theorem 2.1 Let{z,,...,x,} beasetof m x 1 vectors in the vector space S, and
let W be the set of all possible linear combinations of these vectors; that is,

n
W = :c::c:Zaimi,—oo<ozi<ooforalli
i=1

Then W is a vector subspace of S.

Proof.  Clearly, W is a subset of S because the vectors x; ..., x, arein S, and S is
closed under the formation of linear combinations. To prove that W is a subspace of
S, we must show that, for arbitrary vectors v and v in W and scalars a and b, au + bv

is in W. Because w and v are in W, by the definition of W, scalars c,...,c, and
dy,...,d, mustexist such that

n n
u = E T, V= E d;z;.
i=1 i=1

It then follows that

n

au+bv=a zn:ciwi +0b zn:di:ci = Z(aci +bd;)x;,
i=1 i=1 i=1

so that au + bv is a linear combination of ,...,z,, andthusau +bv e W. U
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The notions of the size or length of a vector or the distance between two vec-
tors are important concepts when dealing with vector spaces. Although we are most
familiar with the standard Euclidean formulas for length and distance, there are a vari-
ety of ways of defining length and distance. These measures of length and distance
sometimes involve a product of vectors called an inner product.

Definition 2.3 Let S be a vector space. A function, (x,y), defined for all x € S
and y € .5, is an inner product if for any x, y, and z in S, and any scalar c:

(a) (x,x) > 0 with (x,x) = 0if and only if z = 0.
b) (@,y) = (y, ).

©) (x+y,z)=(r,2)+ (y,2).

) (cx,y) = c({z,y)

For a given inner product, define the m x m matrix A to have (i, j)th element
a;; = (e, Then, using properties (c) and (d) of Definition 2.3, we find that

(%] 7,m? j m>
for any m x 1 vectors x and y,

= <<quezm> ,y> = in<ei,may>

m m m
<ei,m7zyjej,m>zzzxz zm7 j’ITL>

m
Z%yj a;; = "Ay.

i=1 j=

e
oS

.
—

That is, every inner product defined on R™ can be expressed as a bilinear form
(x,y) = x’' Ay, for some m x m matrix A. Due to properties (a) and (b) of Definition
2.3, the matrix A must be positive definite.

A useful result regarding inner products is given by the Cauchy—Schwarz
inequality.

Theorem 2.2 If x and y are in the vector space S and (zx, y) is an inner product
defined on .S, then

(x,9)* < (z,2)(y,y), (2.2)
with equality if and only if one of the vectors is a scalar multiple of the other.

Proof.  The result is trivial if @ = 0 because it is easily shown that, in this case,
(x,y) = (z,x) =0 so that (2.2) holds with equality and = ay, where o = 0.
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Suppose that « # 0, and let a = (z,x), b = 2(x, y), and ¢ = (y, y). Then using
Definition 2.3, we find that for any scalar ¢,

0 < (te +y,te+y) = (z,2)t* + 2z, y)t + (y,y)
=at’ + bt +c. (2.3)

Consequently, the polynomial at? + bt + c either has a repeated real root or no real
roots. This means that the discriminant b2 — 4a¢ must be nonpositive, and this leads
to the inequality

b < 4dac,

which simplifies to (z, y)? < (x, z)(y,y) as is required. Now if one of the vectors
is a scalar multiple of the other, then y = aa must hold for some «, and clearly this
leads to equality in (2.2). Conversely, equality in (2.2) corresponds to equality in (2.3)
for some ¢. This can only happen if tx + y = 0, in which case y is a scalar multiple
of x, so the proof is complete. O

The most common inner product is the Euclidean inner product given by (z, y) =
x'y. Applying the Cauchy—Schwarz inequality to this inner product, we find that

(So0) < (5) (£

holds for any m x 1 vectors & and y, with equality if and only if one of these vectors
is a scalar multiple of the other.

A vector norm and a distance function provide us with the means of measuring
the length of a vector and the distance between two vectors.

Definition 2.4 A function ||x|| is a vector norm on the vector space S if, for any
vectors « and y in S, we have

@ [x] =0,
(b) ||| = 0if and only if = 0,
(©) |lex| = |¢| ||| for any scalar ¢,

@ [z +yll < llz] + lly]-

Definition 2.5 A function d(x, y) is a distance function defined on the vector space
S if for any vectors x, y, and z in .S, we have

(a) d(x,y) >0,
(b) d(z,y) =0ifand only if x = y,
(©) d(z,y) = d(y, z),

(x,2) <d
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Property (d) in both Definition 2.4 and Definition 2.5 is known as the tri-
angle inequality because it is a generalization of the familiar relationship in
two-dimensional geometry. One common way of defining a vector norm and a dis-
tance function is in terms of an inner product. The reader can verify that for any inner
product, (z,y), the functions, |z| = (z,z)"/? and d(z,y) = (x — y,x — y)'/?
satisfy the conditions given in Definition 2.4 and Definition 2.5.

We will use R™ to denote the vector space consisting of all m x 1 vectors with
real components; that is, R™ = {(z,...,x,,) : —00 < z; < 00,i =1,...,m}.
We usually have associated with this vector space the Euclidean distance function
d;(x,y) = | — y||5» where ||, is the Euclidean norm given by

1/2
|||, = (a'z)"/* = (Zw>

and based on the Euclidean inner product (x,vy) = «’y. This distance formula
is a generalization of the familiar formulas that we have for distance in two- and
three-dimensional geometry. The space with this distance function is called Euclidean
m-dimensional space. Whenever this text works with the vector space R™, the
associated distance will be this Euclidean distance unless stated otherwise. However,
in many situations in statistics, non-Euclidean distance functions are appropriate.

Example 2.2 Suppose we wish to compute the distance between the m x 1 vec-
tors  and p, where x is an observation from a distribution having mean vector p
and covariance matrix ). If we want to take into account the effect of the covari-
ance structure, then Euclidean distance would not be appropriate unless 2 = I, ,. For
example, if m = 2 and 2 = diag(0.5, 2), then a large value of (z; — y,)* would be
more surprising than a similar value of (z, — j15)? because the variance of the first
component of x is smaller than the variance of the second component; that is, it seems
reasonable in defining distance to put more weight on (z; — ;)% than on (25 — p15)%
A more appropriate distance function is given by

do(@, p) = {(& — p)'Q (@ — w)}'/7,

and it is called the Mahalanobis distance between o and p. This function is some-
times also referred to as the distance between x and p in the metric of €2 and is
useful in a multivariate procedure known as discriminant analysis (see McLachlan,
2005, or Huberty and Olejnik, 2006). Note that if 2 = I, then this distance func-
tion reduces to the Euclidean distance function. For Q = diag(0.5, 2), this distance
function simplifies to

do(z, p) = {2(z; — Nl)Q +0.5(xy — ﬂ2)2}1/2-

As a second illustration, suppose that again m = 2, but now

1 05
Q{0.5 1]'
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N a x

Figure 2.1 The angle between « and y

Because of the positive correlation, (z; — ;) and (2, — p15) will tend to have the
same sign. This is reflected in the Mahalanobis distance,

4

1/2
do ) = (e =)+ (2 = po)? = (o1 = )y = )} )

through the last term, which increases or decreases the distance according to whether
(2 — py)(zy — py) is negative or positive. In Chapter 4, we will take a closer look
at the construction of this distance function.

We next consider the angle between two m x 1 nonnull vectors  and y, where
m = 2. We will always choose this angle to be the smaller of the two angles that can
be constructed between the vectors so, for instance, in Figure 2.1, this angle is taken
to be 6 as opposed to 8, = 2m — 6. In Figure 2.1, « coincides with the first axis so
x = (a,0), whereas y = (b cos 0,b sin 0), where a = (z'z)"/? and b = (y'y)"/?
are the lengths of « and y. The squared distance between @ and vy is then given by

c=y—=x)(y—x)=(bcos § —a)*+ (bsin  —0)*
= a® 4 b*(cos® O + sin® #) — 2ab cos 0
=a® +b* — 2ab cos 6.
This identity is called the law of cosines. Solving for cos 6, we get

a2+ b2 — 2

9 =
o8 2ab

Substituting the expressions for a, b, and c in terms of & and y, we obtain

'y

an expression that is valid for all values of m and regardless of the orientation of the
vectors « and y.

cos 6 =
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We end this section with examples of some other commonly used vector norms.
The norm ||x||;, called the sum norm, is defined by

m
i=1

Both the sum norm and the Euclidean norm ||z ||, are members of the family of norms

given by
m 1/p
]I, = {Z wp} ;
i=1

where p > 1. Yet another example of a vector norm, known as the infinity norm or
max norm, is given by

xTr = max |(T,|.

2l = max [a]

Although we have been confining attention to real vectors, these norms also serve as
norms for complex vectors. However, in this case, the absolute values appearing in the
expression for |||, are necessary even when p is even. In particular, the Euclidean
norm, valid for complex as well as real vectors, is

1/2

m
lely =D |z} = (@"2)'2
i=1

2.3 LINEAR INDEPENDENCE AND DEPENDENCE

We have seen that the formation of linear combinations of vectors is a fundamental
operation of vector spaces. This operation is what establishes a link between a span-
ning set and its vector space. In many situations, our investigation of a vector space
can be reduced simply to an investigation of a spanning set for that vector space. In
this case, it will be advantageous to make the spanning set as small as possible. To do
this, it is first necessary to understand the concepts of linear independence and linear
dependence.

Definition 2.6 The set of m x 1 vectors {xy,...,x, } is said to be a linearly inde-
pendent set if the only solution to the equation

is given by a; = - -+ = «,, = 0. If there are other solutions, then the set is called a
linearly dependent set.
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Example 2.3 Consider the three vectors &, = (1,1,1)',x, = (1,0, —1)",and &5 =
(3,2,1)". To determine whether these vectors are linearly independent, we solve the
system of equations o, &; + o,y + o33 = 0 or, equivalently,

ay + ay + 3ag =0,
o) + 204 =0,

oy — ay +ag = 0.

These equations yield the constraints «, = 0.5¢; and a3 = —0.5¢;. Thus, for any
scalar a, a solution will be given by a; = o, ay = 0.5, and a3 = —0.5¢, and so the
vectors are linearly dependent. On the other hand, any pair of these vectors are linearly
independent; that is, {x;, @, }, {@, x;}, and {x,, z;} is each a linearly independent
set of vectors.

The proof of Theorem 2.3 is left to the reader.

Theorem 2.3 Let{x,,...,x,} beasetof m x 1 vectors. Then the following state-
ments hold:

(a) The set is linearly dependent if the null vector O is in the set.

(b) If this set of vectors is linearly independent, any nonempty subset of it is also
linearly independent.

(c) If this set of vectors is linearly dependent, any other set containing this set as
a subset is also linearly dependent.

Note that in Definition 2.6, if n = 1, that is, only one vector is in the set, then
the set is linearly independent unless that vector is 0. If n = 2, the set is linearly
independent unless one of the vectors is the null vector, or each vector is a nonzero
scalar multiple of the other vector; that is, a set of two vectors is linearly dependent
if and only if at least one of the vectors is a scalar multiple of the other. In general,
we have the following result.

Theorem 2.4 The set of m x 1 vectors {xy,...,x, }, where n > 1, is a linearly
dependent set if and only if at least one vector in the set can be expressed as a linear
combination of the remaining vectors.

Proof. The result is obvious if one of the vectors in the set is the null vector because
then the set must be linearly dependent and the m x 1 null vector is a linear combina-
tion of any set of m x 1 vectors. Now assume the set does not include the null vector.
First suppose one of the vectors, say x,,, can be expressed as a linear combination
of the others; that is, we can find scalars o,...,«,,_; suchthatx, = oy, +--- +
«,,_1,_;. But this implies that

S o, =0, (2.4)
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if we define o,, = —1, so the vectors x,,. .., x,, are linearly dependent. Conversely,
now suppose that the vectors x,,. .., x,, are linearly dependent so that (2.4) holds

for some choice of o, - - -, a,, with at least one of the «;’s, say «,,, not equal to zero.
Thus, we can solve (2.4) for x,,, in which case, we get

n—1
—q
T, = E o T;,
i=1 n

so that «, is a linear combination of ..., x,,_,. This completes the proof. |

We end this section by proving two additional results that we will need later. Note
that the first of these theorems, although stated in terms of the columns of a matrix,
applies as well to the rows of a matrix.

Theorem 2.5 Consider the m x m matrix X with columns x,...
| X'| # 0if and only if the vectors x, . .., x,, are linearly independent.

,@,,. Then

Proof. 1f |X| = 0, then rank(X) = r < m, and so it follows from Theorem 1.11
that nonsingular m x m matrices U and V' = [V} V5] exist, with V; m x r, such
that

(0) (0)

But then the last column of U will give coefficients for a linear combination of
T,...,T,,, which equals the null vector. Thus, if these vectors are to be linearly
independent, we must have | X| # 0. Conversely, if @,...,x,, are linearly depen-
dent, we can find a vector u # 0 satisfying X« = 0 and then construct a nonsingular
matrix U with u as its last column. In this case, XU = [W 0], where W is an
m x (m — 1) matrix and, because U is nonsingular,

XU =V I, (0) = [V, 0)].
& o] =w o

rank(X) = rank(XU) = rank([W 0]) <m — 1.

Consequently, if | X| # 0, so that rank(X) = m, then x,, ..., x,, must be linearly
independent. ]

Theorem 2.6 The set {x,...,x,} of m x 1 vectors is linearly dependent if
n>m.

Proof.  Consider the subset of vectors {x,,...,x,,}. If this is a linearly dependent
set, then it follows from Theorem 2.3(c) that so is the set {z,...,, }. Thus, the
proof will be complete if we can show that when x, . . ., x,,, are linearly independent,
then one of the other vectors, say x,, , |, can be expressed as a linear combination of
z,...,x,,. Whenz,,..., x,, arelinearly independent, it follows from the previous
theorem that if we define X as the m x m matrix with «,..., z,, as its columns,
then |X| # 0 and so X ! exists. Let & = X 'z, ., and note that « # O unless
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x,,.1 = 0, in which case, the theorem is trivially true because of Theorem 2.3(a).
Thus, we have

m
— _ -1 —
E oz = Xoo= XX, =T,

=1

and so the set {z,...,x,,,,} and hence also the set {z,...,x,} is linearly
dependent. O

2.4 MATRIX RANK AND LINEAR INDEPENDENCE

We have seen that we often work with a vector space through one of its spanning sets.
In many situations, our vector space has, as a spanning set, vectors that are either
the columns or rows of some matrix. In Definition 2.7, we define the terminology
appropriate for such situations.

Definition 2.7 Let X be an m x n matrix. The subspace of R™ spanned by the m
row vectors of X is called the row space of X. The subspace of R"™ spanned by the
n column vectors of X is called the column space of X.

The column space of X is sometimes also referred to as the range of X, and we
will identify it by R(X); that is, R(X) is the vector space given by

R(X)={y:y=Xa,a € R"}.

Note that the row space of X may be written as R(X").

A consequence of Theorem 2.5 is that the number of linearly independent col-
umn vectors in a matrix is identical to the rank of that matrix when it is nonsingular.
Theorem 2.7 shows that this connection between the number of linearly independent
columns of a matrix and the rank of that matrix always holds.

Theorem 2.7 Let X be an m X n matrix. If r is the number of linearly independent
rows of X and ¢is the number of linearly independent columns of X, thenrank(X) =
r=c

Proof.  We will only need to prove that rank(X) = r because this proof can be
repeated on X' to prove that rank(X) = c¢. We will assume that the first » rows of
X are linearly independent because, if they are not, elementary row transformations
on X will produce such a matrix having the same rank as X. It then follows that the
remaining rows of X can be expressed as linear combinations of the first r rows; that
is, if X isthe 7 x n matrix consisting of the first 7 rows of X, then some (m — r) X r

matrix A exists, such that
_ Xl _ Ir
x= L) =[]
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Now from Theorem 2.6 we know that there can be at most 7 linearly independent
columns in X because these are r X 1 vectors. Thus, we may assume that the last
n — r columns of X can be expressed as linear combinations of the first 7 columns
because, if this is not the case, elementary column transformations on X; will produce
such a matrix having the same rank as X ;. Consequently, if X, is the » X r matrix
with the first 7 columns of X, then an r x (n — r) matrix B exists satisfying

T

A

r

A

X = [Xn XnB}: Xll[]r B]~

If we define the m x m and n x n matrices U and V' by

. (0) and V =
—A I

m-—r

then we have

UXV =

X (0)
) ()}

Because the determinant of a triangular matrix is equal to the product of its diagonal
elements, we find that |U| = |V'| = 1, so that U and V are nonsingular and thus

rank(X) = rank(UXV') = rank(Xy;).

Finally, we must have rank(X,,) = r, because if not, by Theorem 2.5, the rows of
X, would be linearly dependent and this would contradict the already stated linear
independence of the rows of X, = [X}; X;B|. O

The formulation of matrix rank in terms of the number of linearly independent
rows or columns of the matrix is often easier to work with than is our original defini-
tion in terms of submatrices. This is evidenced in the proof of Theorem 2.8 regarding
the rank of a matrix.

Theorem 2.8 Let A be an m x n matrix. Then the following properties hold:

(a) If Bisann x p matrix, rank(AB) < min{rank(A), rank(B)}.

(b) If B is an m xn matrix, rank(A + B) <rank(A4) + rank(B) and
rank(A + B) > |rank(A) — rank(B)|.

(c) rank(A) = rank(A’) = rank(AA’) = rank(A’A).

Proof. Note that if B is n X p, we can write

n

(AB),; = Z bji(A)-j )

=1
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that is, each column of AB can be expressed as a linear combination of the columns
of A, and so the number of linearly independent columns in AB can be no more
than the number of linearly independent columns in A. Thus, rank(AB) < rank(A).
Similarly, each row of AB can be expressed as a linear combination of the rows of B
from which we get rank(AB) < rank(B), and so property (a) is proven. To prove
(b), note that by using partitioned matrices, we can write

A+B=[A B]

So using property (a), we find that
rank(A 4+ B) <rank([A B]) < rank(A) 4 rank(B),

where the final inequality follows from the easily established fact (Problem 2.26) that
the number of linearly independent columns of [A  B] cannot exceed the sum of the
numbers of linearly independent columns in A and in B. This establishes the first
inequality in (b). Note that if we apply this inequality to A and — B, we also get

rank(A — B) < rank(A) + rank(B) (2.5)
because rank(—B) = rank(B). Replacing A in (2.5) by A + B yields

rank(A 4+ B) > rank(A) — rank(B),
and replacing B in (2.5) by A + B leads to

rank(A 4+ B) > rank(B) — rank(A).

Combining these two inequalities, we get the second inequality in (b). In proving (c),
note that it follows immediately that rank(A) = rank(A’). It will suffice to prove that
rank(A) = rank(A’A) because this can then be used on A’ to prove that rank(A’) =
rank{(A") A’} = rank(AA"). If rank(A) = r, then a full column rank m x r matrix
A, exists, such that, after possibly interchanging some of the columns of A, A =
[A; A,C] = A{[I. C], where Cisanr X (n—r)matrix. As a result, we have

AA= |5 AAlL
Note that
AlA 0 I 0
EA/AEI _ 1441 ( ) if B = r ( ) ,
(0) (0) - Infr

and because the triangular matrix E has |E| = 1, E is nonsingular, so rank(A'A) =
rank(EA’AE") = rank (A A,). If A]A, is less than full rank, then by Theorem
2.5, its columns are linearly dependent, so we can find an » x 1 vector & # 0 such
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that A} A, = 0, which implies that ' A]A,x = (A,x) (A,x) = 0. However, for
any real vector y, y'y = 0 only if y = 0 and hence A, = 0. But this contradicts
rank(A,) = r, and so we must have rank(A’A) = rank(A14,) = r. O

Theorem 2.9 gives some relationships between the rank of a partitioned matrix
and the ranks of its submatrices. The proofs, which are straightforward, are left to the
reader.

Theorem 2.9 Let A, B, and C be any matrices for which the partitioned matrices
below are defined. Then

(a)
rank([A  B]) > max{rank(A),rank(B)},
(b)
A O\ (0) B
rank ([(O) B]) rank< A (0) >
= rank(A) + rank(B),
(c)

e (|8 Q) =i (15 0]) = e[ 6 5])

— rank ([(]g) g]) > rank(A) + rank(B).

Theorem 2.10 gives a useful inequality for the rank of the product of three matrices.

Theorem 2.10 Let A, B,and C'bep X m, m X n,and n X g matrices, respectively.
Then
rank(ABC) > rank(AB) + rank(BC') — rank(B).

Proof. Tt follows from Theorem 2.9(c) that

rank ({ o ?O?D > rank(AB) + rank(BO). 2.6)

However, because

e o) 5 R0 el 6 7]
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where, clearly, the first and last matrices on the right-hand side are nonsingular, we
must also have

B BC B (0)
rank = rank
AB (0) (0) —ABC
= rank(B) + rank(ABC). (2.7)
Combining (2.6) and (2.7) we obtain the desired result. U

A special case of Theorem 2.10 is obtained when n = m and B is the m x m
identity matrix. The resulting inequality gives a lower bound for the rank of a matrix
product complementing the upper bound given in Theorem 2.8(a).

Corollary 2.10.1 If A is an m x n matrix and B is an n X p matrix, then

rank(AB) > rank(A) + rank(B) — n.

2.5 BASES AND DIMENSION

The concept of dimension is a familiar one from geometry. For example, we recognize
a line as a one-dimensional region and a plane as a two-dimensional region. In this
section, we generalize this notion to any vector space. The dimension of a vector space
can be determined by looking at spanning sets for that vector space. In particular, we
need to be able to find the minimum number of vectors necessary for a spanning set.

Definition 2.8 Let{x,...,x, } beasetof m x 1 vectors in a vector space S. Then
this set is called a basis of S'if it spans the vector space S and the vectors x,. .., x
are linearly independent.

n

Every vector space, except the vector space consisting only of the null vector O,
has a basis. Although a basis for a vector space is not uniquely defined, a consequence
of our next theorem is that the number of vectors in a basis is unique, and this is what
gives us the dimension of a vector space.

Theorem 2.11 Suppose {4, ..., x, } is a basis for the vector space S. Then

(a) any set of more than n vectors in .S must be linearly dependent,
(b) any set of fewer than n vectors in .S does not span S.

Proof.  Let {yy,...,y;} be a set of vectors in S with k& > n. Since {x,,...,x,
spans S and each y, is in 5, there exists an n x k matrix A such that Y = X A4,
where X = (z,...,x,)andY = (yy,...,y;). It follows from Theorem 2.8(a) that
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rank(Y") < rank(X) = n < k, and this implies that the columns of Y, that is, the
vectors Yy, ..., Yy, are linearly dependent. Now assume that the set {zy,...,2,}
spans S. Then since each x; is in S, there exists an p x n matrix B such that X =
ZB, where Z = (2y,...,%,). Another application of Theorem 2.8(a) yields n =
rank(X) < rank(Z) < p, and this establishes (b). O

Definition 2.9 If the vector space S is {0}, then the dimension of S, denoted by
dim(5), is defined to be zero. Otherwise, the dimension of the vector space S is the
number of vectors in any basis for .S.

Example 2.4 Consider the set of m x 1 vectors {e,,...,e,,}, where for each i,

e, is defined to be the vector whose only nonzero component is the ith component,
which is one. Now, the linear combination of the e;’s,

m
Zaiei = (o, 0,),
=1

will equal O only if oy = - -+ = v, = 0, so the vectors e, ..., e, are linearly inde-
pendent. Also, if € = (z,...,x,,)" is an arbitrary vector in R, then
m
x = Z xe;,
i=1
sothat{ej,...,e,,} spans R™. Thus, {e,,...,e,, } is abasis for the m-dimensional

space R™, and in fact, any linearly independent set of m m x 1 vectors will be a
basis for ™. For instance, if the m x 1 vector «; has its first 7 components equal to
one while the rest are all zero, then {~4,...,,,} is also a basis of R™.

Example 2.5 An implication of Theorem 2.7 is that the dimension of the column
space of a matrix is the same as the dimension of the row space. However, this does
not mean that the two vector spaces are the same. As a simple example, consider the
matrix

00 1
X=10 1 of,
000

which has rank 2. The column space of X is the two-dimensional subspace of R?
composed of all vectors of the form (a, b, 0)’, whereas the row space of X is the
two-dimensional subspace of R? containing all vectors of the form (0, a, ). If X
is not square, then the column space and row space will be subspaces of different
Euclidean spaces. For instance, if

X =

S O =
o = O
_ o O



BASES AND DIMENSION 51

then the column space is R?, whereas the row space is the three-dimensional subspace
of R* consisting of all vectors of the form (a,b,c,a + b+ c)'.

If we have a spanning set for a vector space S and that spanning set is not a basis,
then we could eliminate at least one vector from the set so that the reduced set is still
a spanning set for S.

Theorem 2.12 If V = {x,,...,x,} spans a vector space S # {0} and V is a lin-
early dependent set of vectors, then there is a subset of V' that also spans S.

Proof. Because V is a linearly dependent set, it follows from Theorem 2.4 that one
of the vectors can be expressed as a linear combination of the remaining vectors. For
notational convenience, we will assume that we have labeled the x;’s so that x,. is

such a vector; that is, scalars o, ..., a,._; exist, such that x, = Z::_ll o,;x;. Now
because V spans S, if x € S, scalars 3,,. .., 3, exist, so that
r r—1
T = Zﬂimi =fx, + Z/Bimi
i=1 i=1
r—1 r—1 r—1
=05, Z a;T; + Zﬁzwl = Z(ﬁrai + B;)z;.
i=1 i=1 i=1
Thus, {z,,...,z,_,} spans S and so the proof is complete. O

Example 2.6 Consider the vector space S spanned by the vectors x; = (1,1,1)’,
z, = (1,0,—1), and x5 = (3,2,1)". We saw in Example 2.3 that {x,, x,, x5} is
a linearly dependent set of vectors so that this set is not a basis for S. Because
x4 = 2x, + x,, we can eliminate x; from the spanning set; that is, {x,, z,} and
{z, x,, x;} must span the same vector space. The set {z, z,} is linearly indepen-
dent, and so {x,, x,} is a basis for S and S is a two-dimensional subspace, that is, a
plane in 3. Note that z; is a linear combination of x, and x5, and z, is a linear com-
bination of «; and x, so in this case it does not matter which x; is eliminated from the
original spanning set; thatis, {z,, ¢} and {x,, ;} are also bases for S. As arelated
example, consider the vector space S, spanned by the vectors y, = (1,1,1,0),y, =
(1,0,—1,0),y; = (3,2,1,0)",and y, = (0, 0,0, 1)". The set consisting of these four
y, vectors is linearly dependent, so we will be able to eliminate one of the vectors.
However, although y,, y,, and y; each can be written as a linear combination of
the other y,’s, y, cannot. Thus, we can eliminate any one of the y,’s from the set
except for y,.

Every vector x in a vector space can be expressed as a linear combination of the
vectors in a spanning set. However, in general, more than one linear combination
may yield a particular . Our next result indicates that this is not the case when the
spanning set is a basis.
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Theorem 2.13 Suppose the set of m x 1 vectors {x;,...,x, } is a basis for the
vector space S. Then any vector € S has a unique representation as a linear com-

bination of the vectors x,...,x,,.

Proof. Because the vectors @4, ..., x, span S and € 9, scalars o, . .., o, must
exist, such that
n
T = E o,T;.
i=1

Thus, we only need to prove that the representation above is unique. Suppose it is not
unique so that another set of scalars 3, .. ., 3, exists for which

n
xr = Z Bix;.
i=1

But this result then implies that

n

Z(az’ - Bz)mv - iaiwi - iﬂﬁl), =xz—x=0.
=1 i=1

=1

Because {xy,...,x, } is a basis, the vectors x,...,x, must be linearly indepen-
dent and so we must have o; — 3; = 0 for all <. Thus, we must have o; = 3;, for
1 =1,...,n and so the representation is unique. O

Some additional useful results regarding vector spaces and their bases are summa-
rized in Theorem 2.14. The proofs are left to the reader.

Theorem 2.14 For any vector space .S, the following properties hold:

(a) If {x,...,x,} is a set of linearly independent vectors in a vector space S
and the dimension of S is n, then {x{,...,x, } is a basis for S.

(b) If the set {xy,...,x, } spans the vector space S and the dimension of S is n,
then the set {x,, ..., x, } must be linearly independent and thus a basis for S.

(c) If the vector space S has dimension n and the set of linearly independent
vectors {x,,...,x,} is in S, where r < n, then there are bases for S that
contain this set as a subset.

Our final theorem in this section gives some intuitively appealing results regarding
a vector space which is a subspace of another vector space.

Theorem 2.15 Suppose that S and 7" are subspaces of R with .S C T Then

(a) dim(S) < dim(T),
(b) S =T if dim(S) = dim(7T).
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Proof. Letn = dim(S), p = dim(T"), and suppose that n > p. Then a basis for S
would contain n linearly independent vectors. But since S C T, these vectors are
also in T leading to a contradiction of Theorem 2.11(a). Thus, we must have n < p.
Now if n = dim(S) = dim(7"), then any basis for S contains exactly n vectors. But
S C T, so these n linearly independent vectors are also in 7" and would have to form
a basis for 7" since dim(7") = n. This ensures that S = T.. O

2.6 ORTHONORMAL BASES AND PROJECTIONS

If each vector in a basis for a vector space S is orthogonal to every other vector in
that basis, then the basis is called an orthogonal basis. In this case, the vectors can be
viewed as a set of coordinate axes for the vector space S. We will find it useful also
to have each vector in our basis scaled to unit length, in which case, we would have
an orthonormal basis.

Suppose the set {xy,...,x,} forms a basis for the vector space S, and we wish
to obtain an orthonormal basis for S. Unless » = 1, an orthonormal basis is not
unique so that there are many different orthonormal bases that we can construct.
One method of obtaining an orthonormal basis from a given basis {x;,...,@,} is
called Gram—Schmidt orthonormalization. First, we construct the set {y,,...,y,}
of orthogonal vectors given by

yl = wl»
THY,
Yy =Ty — )
? ? YiY '
z.y TLY,
1 rdr—
Yy =@, — oy e Ly (2.8)
TS YoaYra
and then the set of orthonormal vectors {z,. .., z,. }, where for each 1,
2= Ji
C ()2
Note that the linear independence of x,,. .., x, guarantees the linear independence

of y,,...,y,. Thus, we have Theorem 2.16.

Theorem 2.16 Every r-dimensional vector space, except the zero-dimensional
space {0}, has an orthonormal basis.

If {z,...,2,} is a basis for the vector space S and « € S, then from Theorem
2.13, we know that « can be uniquely expressed in the form ® = a2, + -+ + «,.2,..
When {z,,..., z,} is an orthonormal basis, each of the scalars 4, . . ., cv,. has a sim-

ple form; premultiplication of this equation for « by 2/ yields the identity «; = 2.
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Example 2.7 We will find an orthonormal basis for the three-dimensional vector
space S, which has as a basis {x, €,, x;}, where

T =

1 1 3/2
—2| (-2 1| |-3/2
L T IR B ) I YO Y

—2 1 ~3/2
and _ - -
3 1 3/2 1
Ll @ 1] ) |=3/2] | 1
B= o T @ ] 32 |1
-1 1 —3/2 —1)

Normalizing these vectors yields the orthonormal basis {z,, z,, 25}, Where

[1/2 [ 1/2 1/2]
12 =12 |12
LT 2| 2T 12| BT 12
1/2 —1/2 ~1/2)

Thus, for any ® € S, * = ay2; + ay2y + 325, Where «; = &’z,. For instance,
because xhz, = 2, 4z, = 2, xhz; = 2, we have &3 = 22, + 2z, + 2z,.

Now if S is a vector subspace of R™ and € R™, Theorem 2.17 indicates how
the vector @ can be decomposed into the sum of a vector in .S and another vector.

Theorem 2.17 Let{z,,..., z,} be an orthonormal basis for some vector subspace,
S, of R™. Then each x € R™ can be expressed uniquely as

Tr=u-+",
where © € S and v is a vector that is orthogonal to every vector in S.

Proof. It follows from Theorem 2.14(c) that we can find vectors z,._,. .., 2,,, SO

that the set {z4,..., z,,} is an orthonormal basis for the m-dimensional Euclidean
space R™. It also follows from Theorem 2.13 that a unique set of scalars vy, ..., o

exists, such that
m
T = E o2,
i=1

m
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T2

€1

Figure 2.2 Projection of & onto a one-dimensional subspace of R?

Thus,if weletu = ;2 +--- + a2z, andv = o, 12, + -+ a,,2,,, we have,
uniquely, € = u + v, u € S, and v will be orthogonal to every vector in .S because
of the orthogonality of the vectors z,,..., z,,. O

The vector u in Theorem 2.17 is known as the orthogonal projection of & onto
S. When m = 3, the orthogonal projection has a simple geometrical description that
allows for visualization. If, for instance, x is a point in three-dimensional space and
S is a two-dimensional subspace, then the orthogonal projection w of x will be the
point of intersection of the plane .S and the line that is perpendicular to .S and passes
through .

Example 2.8 We will look at some examples of projections in R? and R®. First
consider the space S, spanned by the vector y = (1,1)’, which is a line in R”.
Normalizing y, we get 2z, = (1/v/2,1/1/2)', and the set {2, 2, } is an orthonormal
basis for R?, where z, = (1/y/2 —1/4/2)". We will look at the projection of
x = (1,2)" onto S;. Solving the system of equations & = o,z + ay2,, we find
that o, = 3/v/2 and a, = —1/+/2. The orthogonal projection of « onto S;, which
is illustrated in Figure 2.2, is then given by uw = «a;z; = (3/2,3/2), whereas
V= y29 = (—1/2,1/2)’. Next consider the space S, spanned by the vectors
y, = (3,1,1) and y, = (1,7,2), so that S, is a plane in R>. It is easily verified
that {z;, 2, } is an orthonormal basis for S,, where z, = (3/v/11,1/v/11,1/V/11)’
and z, = (—5/v/198,13/1/198,2/4/198)", and the set {z;,2,,2;} is an
orthonormal basis for R® if we define z; = (1/v/18,1/1/18,—4/1/18)". We
will look at the projection of x = (4,4,4)" onto S,. Solving the system of
equations T = a2, + ayz, + 325, we find that oy = 20/v/11, a, = 40/1/198,
and a3 = -8/ V/18. The orthogonal projection of x onto Sy, as depicted
in Figure 2.3, is given by u = a;z; + ayz, = (4.44,4.44,2.22)’, whereas
v = (—0.44, —0.44, 1.78)’.

The importance of the orthogonal projection w in many applications arises out
of the fact that it is the closest point in S to x. That is, if y is any other point in
S and d; is the Euclidean distance function, then d; (z,u) < d;(x,y). This is fairly



56 VECTOR SPACES

Z1

v _— |

Figure 2.3 Projection of & onto a two-dimensional subspace of R?

simple to verify. Since v and y are in S, it follows from the decompositionz = u + v
that the vector u — y is orthogonal to v = & — w and, hence, (x — u) (u — y) = 0.
Consequently,

{di(z,y)}* = (z —y) (z —y)

={(z—u)+(u—-y)}{-u) +(u-y)}
=(@-u)(z—u)+(u-y)(u-—y) +2@—u)(u-y)
=(@-u)(z-u)+(u-y)(u-y)

= {d;(z,w)}* + {d;(u, y)}*,

from which d; (x,u) < d;(x,y) follows because {d;(u,y)}* > 0.

xr —
r —

Example 2.9 Simple linear regression relates a response variable y to one explana-
tory variable x through the model

y= 60 + 61T +€;
that is, if this model is correct, then observed ordered pairs (x, y) should be clustered

about some line in the x,y plane. Suppose that we have N observations, (z;,;),
i=1,...,N,and we formthe N x 1vectory = (y;,...,yy) andthe N x 2 matrix

1 =z
1 =z

X: . . - [1N .’1}]
1 zy

The least squares estimator 3 of 3 = (By, #1)" minimizes the sum of squared errors
given by . R
(y—9)(y—9) =@y —-XB)(y—-XB).

In Chapter 9, we will see how to find ,6 using differential methods. Here we will
use the geometrical properties of projections to determine ﬂ For any choice of ﬁ
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y=X [‘3 gives a point in the subspace of RY spanned by the columns of X, that is,
the plane spanned by the two vectors 1, and «. Thus, the point ¢ that minimizes
the distance from y will be given by the orthogonal projection of y onto this plane
spanned by 1, and x, which means that y — ¢ must be orthogonal to both 1, and
2. This result leads to the two normal equations

. N
0= (y— y)/lN = yllN -p X/lN
N N

:Zyi_BON_Blz%‘v

i=1 i=1

0=(y—9)z=9y'z— B X'z
N N N
=D ai =By w5 ) al,
i=1 i=1 i=1
which when solved simultaneously for Bo and ﬁl, yields

N __
Y1y, —NTY

sVetnz o PTITAT
1= K2

Blz

If we want to test the hypothesis that 3, = 0, we would consider the reduced model

y:5(]+67

and least squares estimation here only requires an estimate of (3. In this case, the
vector of fitted values satisfies ¢y = (3,1, so for any choice of 3,, y will be given
by a point on the line passing through the origin and 1. Thus, if ¢ is to minimize
the sum of squared errors and hence the distance from vy, then it must be given by the
orthogonal projection of y onto this line. Consequently, we must have

N
0=(y—9) 1y =(y—Fly) 1y = Zyi — BN,

=1

or simply

>

[=)
Il
<

The vector v in Theorem 2.17 is called the component of & orthogonal to S. It is
one vector belonging to what is known as the orthogonal complement of S.

Definition 2.10 Let S be a vector subspace of R™. The orthogonal complement of
S, denoted by S+, is the collection of all vectors in R™ that are orthogonal to every
vector in S; thatis, S* = {z : x € R™ and 'y = 0 for all y € S}.
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Theorem 2.18 If S is a vector subspace of R™, then its orthogonal complement S+
is also a vector subspace of R™.

Proof. Suppose that z; € S+ and x, € S+, sothat x|y = zhy = O forany y € S.
Consequently, for any y € S and any scalars o and «,, we have

() + yxy)'y = @)Y + azyy = 0,
and so (ay@; + ay,x,) € S*, and thus S+ is a vector space. O

A consequence of Theorem 2.19 is that if S is a vector subspace of R™ and the
dimension of S is r, then the dimension of S+ is m — r.

Theorem 2.19 Suppose {zy,...,z,,} is an orthonormal basis for R™
and {z, ...,z,} is an orthonormal basis for the vector subspace S. Then
{2,411, .., 2,,} is an orthonormal basis for S*.

Proof. Let T be the vector space spanned by {z,.,,,...,2,,}. We must show that
this vector space is the same as S*. If ¢ € T'andy € S, then scalars oy, . . ., av,,, exist,
suchthaty = a2y +-+ -+ .z, andx = o, 1z, + -+ a,z,,. Asaresult of
the orthogonality of the z;’s, z'y = 0,s0 € S* and thus T" C S*. Conversely, sup-
pose now that x € S*. Because x is also in R™, scalars ay, . . ., a,,, exist, such that
=02, + - +a,z, Nowifwelety = a2, +---+ a,2,, theny € S, and
because € S+, we must have 'y = af + - - - + a2 = (. But this can only happen
ifay =---=a, =0, in which case x = o, 2, + -+ 0,2, andsox € T.

Thus, we also have S+ C T, and so this establishes that 7" = S*. O

2.7 PROJECTION MATRICES

The orthogonal projection of an m x 1 vector « onto a vector space S can be conve-
niently expressed in matrix form. Let {z,,..., z,.} be any orthonormal basis for .S,
whereas {z,,...,z,,} is an orthonormal basis for R™. Suppose «, ..., «,, are the
constants satisfying the relationship

T = (alzl +ot arzr) + (ar+lzr+l ot amzm) =u-+tw,
where u and v are as previously defined. Write @ = (&, o) and Z = [Z, Z,),
where o = (ay,..., ), oy = (a,yy,...,,), Z, =(2,...,%,), and Z, =

(Zy415- - -» Z,,). Then the expression for & given above can be written as

T=Zo=20o + Zyo,;
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that is, u = Z,a; and v = Z,a,. As a result of the orthonormality of the z;’s, we
have 7|7, = I, and Z;Z, = (0), and so

2w = 2,7 7o = 7,727, 7 {a }
2

oy
(o)

~1z0 0|2 =z =

Thus, Theorem 2.20 results.

Theorem 2.20  Suppose the columns of the m X r matrix Z; form an orthonormal
basis for the vector space S, which is a subspace of R™. If x € R™, the orthogonal
projection of & onto S'is given by Z, Z]x.

The matrix Z, Z; appearing in Theorem 2.20 is called the projection matrix for
the vector space S and sometimes will be denoted by Pg. Similarly, Z,Z} is the pro-
jection matrix for S* and ZZ' = I, is the projection matrix for R™. Since ZZ' =
7,7\ + ZyZ,, we have the simple equation Z,Z5 = I, — Z, Z; relating the projec-
tion matrices of a vector subspace and its orthogonal complement. Although a vector
space does not have a unique orthonormal basis, the projection matrix formed from
these orthonormal bases is unique.

Theorem 2.21 Suppose the columns of the m x r matrices Z; and W, each form
an orthonormal basis for the r-dimensional vector space S. Then Z, Z] = W, W7.

Proof.  Each column of W, can be written as a linear combination of the columns of
Z, because the columns of Z,; span .S and each column of W, isin S; thatis,anr x r
matrix P exists, such that W, = Z, P. However, Z;Z; = W{W, = I, because each
matrix has orthonormal columns. Thus,

I.=WW,=PZZP=PIP=PP,
so that P is an orthogonal matrix. Consequently, P also satisfies PP' = I, and
W\W, =2Z,PP'Z, = Z,1.Z, = Z, 7,
so the proof is complete. g

We will use projection matrices to take another look at the Gram—Schmidt
orthonormalization procedure. The procedure takes an initial linearly independent

set of vectors {4, . .., x, }, which is transformed to an orthogonal set {y,,...,y,}.
which is then transformed to an orthonormal set {z,...,z,}. It is easy to verify
that fori = 1,...,r — 1, the vector y, | can be expressed as

JR— ! .
Y1 = Im*E ZiZi | Tit1s
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thatis, y; ., = (1, = Z(3Z(;)) @11, Where Z;y = (2., 2;). Thus, the (i + 1)th
orthogonal vector y; ., is obtained as the projection of the (i + 1)th original vector
onto the orthogonal complement of the vector space spanned by the first ¢ orthogonal

vectors, Yq,...,Y;-

The Gram—Schmidt orthonormalization process represents one method of obtain-
ing an orthonormal basis for a vector space S from a given basis {x;,...,x,.}. In
general, if we define the m X r matrix X; = (2, ..., ,), the columns of

Z, =X, A (2.9)
will form an orthonormal basis for S if A is any r x r matrix for which
77, =AX{ X, A=1,.

The matrix A must be nonsingular because we must have rank(X;) = rank(Z;) = r,
so A~!exists, and X] X, = (A1 A or (X]X,) ! = AA’; that is, A is a square
root matrix of (X X,)~!. Consequently, we can obtain an expression for the projec-
tion matrix onto the vector space S, Pg, in terms of X as

Py =7,7) = X, AA'X| = X, (X, X,) ' X]. (2.10)

Note that the Gram—Schmidt equations given in (2.8) can be written in matrix form
asY, = X,T,where Y], = (yy,...,9,), X; = (®1,...,2,),and T'isan r X r upper
triangular matrix with each diagonal element equal to 1. The normalization to produce
Z, can then be written as Z, = X,TD~!, where D is the diagonal matrix with the
positive square root of y.y, as its ith diagonal element. Consequently, the matrix
A = TDis an upper triangular matrix with positive diagonal elements. Thus, the
Gram-Schmidt orthonormalization is the particular case of (2.9) in which the matrix
A has been chosen to be the upper triangular square root matrix of (X|X,)~! having
positive diagonal elements. This is commonly known as the QR factorization of A.

Example 2.10 Using the basis {x,, x,, 23} from Example 2.7, we form the X,
matrix

1 1 3
1 -2 1
X1 = 1 1 1]’
1 -2 -1
and it is easy to verify that

4 -2 4 1 26 10 —12
M&:—a104,(ﬂxﬂ:% 10 8 -6
4 4 12 —-12 —6 9
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Thus, the projection matrix for the vector space S spanned by {x;, x,, x;} is given
by

3 1 1 -1
) 101 3 -1 1

PS = XI(X{XI) IX{ = Z 1 -1 3 1|
-1 1 1 3

which, of course, is the same as Z, 7], where Z; = (24, z,, z3) and 2z, z,, 25 are
the vectors obtained by the Gram—Schmidt orthonormalization in Example 2.7. Now
if £ = (1,2, —1,0)’, then the projection of  onto S is X;(X|X,) ' X|x = x; the
projection of x is equal to « because * = x5 — ¢, — 5, € S. On the other hand,
if # = (1,—1,2,1)’, then the projection of x is given by u = X, (X|X,) ' X[z =
(3,—32,9, 3) The component of z orthogonal to S or, in other words, the orthogonal

pzrlojeczltiohln f)f x onto S, is {I, — X;(X| X)) X}z =z - X;(X| X)) Xz =
z—u= (1 -1 -1 1Y which gives us the decomposition
1 3 1
T ] I [ L
2 4 9 -1
1 3 1

of Theorem 2.17.

Example 2.11 We will generalize some of the ideas of Example 2.9 to the multiple
regression model

y=0y+ 0z + -+ BTt

relating a response variable y to k explanatory variables, z,. .., x;. If we have N
observations, this model can be written as

y=XB+e,

whereyis N x 1, Xis N x (k+1),8is (k+ 1) x 1,and e is N x 1, whereas the
vector of fitted values is given by

y=Xp,
where B is an estimate of 3. Clearly, for any ﬁ, Y is a point in the subspace of RN
spanned by the columns of X. To be a least squares estimate of 3, (3 must be such

that y = X ﬁ yields the point in this subspace closest to the vector y, because this
will have the sum of squared errors,

(y—XB)(y — XB),
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minimized. Thus, X ﬁ must be the orthogonal projection of y onto the space spanned
by the columns of X. If X has full column rank, then this space has projection matrix
X(X'X)~1X’, and so the required projection is

XB=X(X'X)'X"y.
Premultiplying this equation by (X’ X)~! X", we obtain the least squares estimator
B=(X'X)"'Xy.

In addition, we find that the sum of squared errors (SSE) for the fitted model ¢y = X B
can be written as

SSE, = (y — XB)'(y — XB)

= (y—X(X'X)"'X'y)(y - X(X'X)'X'y)
=y (Iy - X(X'X)"'X")y
Y

Iy = X(X'X)"'X")y,

and so this sum of squares represents the squared length of the projection of y onto
the orthogonal complement of the column space of X. Suppose now that 3 and X
are partitioned as 3 = (83, 8;) and X = (X, X,), where the number of columns
of X, is the same as the number of elements in 3,, and we wish to decide whether
B3, = 0.1If the columns of X are orthogonal to the columns of X, then X| X, = (0)

and
_[(xaxy) ! (0)

(X' x)™ 0 (XX,

and so 3 can be partitioned as 3 = (Bll, ﬁ;) where 8, = (X]X,) ' Xy and ﬁQ
(X} X,)~! X}y. Further, the sum of squared errors for the fitted model, § = X B, can
be decomposed as

(y—XB)(y—XB) =y (Iy — X(X'X)"'X)y
=y (Iy — X, (X[ X)) ' X] — X,(X5X,) ' X3)y.

On the other hand, the least squares estimator of 3, in the reduced model
y=X,06,te€
is 61 (X} X,)"' Xy, whereas its sum of squared errors is given by

SSE, = (y — X1Bl)/(y - Xllél)
= y/(IN - Xl(X{X1)_1X{)?J-
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Thus, the term SSE, — SSE; = 4/ X, (X}X,) ' X}y gives the reduction in the sum
of squared errors attributable to the inclusion of the term X,3, in the model y =
XB+e=X,8,+X,8, + €, and so its relative size will be helpful in deciding
whether 3, = 0. If 8, = 0, then the N observations of y should be randomly clus-
tered about the column space of X, in RY with no tendency to deviate from this
subspace in one direction more than in any other direction, whereas if 3, # 0, we
would expect larger deviations in directions within the column space of X, than in
directions orthogonal to the column space of X. Now, because the dimension of the
column space of X is k + 1, SSE; is the sum of squared deviations in N — k — 1
orthogonal directions, whereas SSE, — SSE,; gives the sum of squared deviations
in k, orthogonal directions, where k, is the number of components in 3,. Thus,
SSE, /(N — k — 1) and (SSE, — SSE, ) /k, should be of similar magnitudes if 3, =
0, whereas the latter should be larger than the former if 8, # 0. Consequently, a
decision about 3, can be based on the value of the statistic

_ (SSE, —SSE,)/k,
SSE,/(N—k—1)

@2.11)

Using results that we will develop in Chapter 11, it can be shown that F' ~ I ;.
if e ~ Ny (0,0%Iy) and B, = 0.

When X[ X, # (0), (SSE, — SSE;) does not reduce to y'X,(X}X,) ' Xy
because, in this case, ¢ is not the sum of the projection of y onto the column space
of X, and the projection of y onto the column space of X,. To properly assess the
effect of the inclusion of the term X,(3, in the model, we must decompose ¥ into
the sum of the projection of y onto the column space of X, and the projection of y
onto the subspace of the column space of X, orthogonal to the column space of X;.
This latter subspace is spanned by the columns of

Xy =y — X1(X{X1)71X{)X27
because (I — X;(X]X,) 1X]) is the projection matrix of the orthogonal comple-
ment of the column space of X,. Thus, the vector of fitted values y = X B can be

written as
9 =X (X1 X)) ' Xy + X0, (X5, X,,) ' X0 y.

Further, the sum of squared errors is given by
y/(IN - Xl (X{XI)_lX{ - XQ* (Xé*XQ*)_lXé*)y’

and the reduction in the sum of squared errors attributable to the inclusion of the term
X,03, in the model y = X3 + € s

y/XZ* (Xé*XQ*)_lXé*y

Least squares estimators are not always unique as they have been throughout this
example. For instance, let us return to the least squares estimation of 3 in the model
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y = X3 + €, where now X does not have full column rank. As before, y = X B will
be given by the orthogonal projection of y onto the space spanned by the columns
of X, but the necessary projection matrix cannot be expressed as X (X'X) 1 X',
because X' X is singular. If the projection matrix of the column space of X is denoted
by Pp x), then a least squares estimator of 3 is any vector B satisfying

XB = Prix)y-

Since X does not have full column rank, the columns of X are linearly dependent,
and so we will be able to find a nonnull vector a satisfying Xa = 0. In this case, if
3 is a least squares estimator of 3, so also is 3 + a because

X(B+a) = Pyxy,
and so the least squares estimator is not unique.

We have seen that if the columns of an m X r matrix Z; form an orthonormal basis
for a vector space S, then the projection matrix of S is given by Z, Z]. Clearly this
projection matrix is symmetric and, because Z{Z, = I, it is also idempotent; that
is, every projection matrix is symmetric and idempotent. Theorem 2.22 proves the
converse. Every symmetric idempotent matrix is a projection matrix for some vector
space.

Theorem 2.22 Let P be an m x m symmetric idempotent matrix of rank r. Then
an r-dimensional vector space exists that has P as its projection matrix.

Proof. From Corollary 1.11.1, an m X r matrix F' and an 7 X m matrix G exist,
such that rank(F') = rank(G) = r and P = F'G. Since P is idempotent, we have

FGFG = FG,

which implies that

F'FGFGG = F'FGG. 2.12)
Since F' and G’ are full column rank, the matrices F'F and GG’ are nonsingular.
Premultiplying (2.12) by (F'F)~! and postmultiplying by (GG’)~!, we obtain
GF = I,. Using this and the symmetry of P = F'G, we find that

F=FGF = (FG)F =G'F'F,

which leads to G' = F(F'F)~!. Thus, P = FG = F(F'F)"'F'. Comparing this

with (2.10), we see that P must be the projection matrix for the vector space spanned
by the columns of F. This completes the proof. (]
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Example 2.12 Consider the 3 x 3 matrix

1 5 —1 2
2 2 2

Clearly, P is symmetric and is easily verified as idempotent, so P is a projection
matrix. We will find the vector space S associated with this projection matrix. First,
note that the first two columns of P are linearly independent, whereas the third col-
umn is the average of the first two columns. Thus, rank(P) = 2, and so the dimension
of the vector space associated with P is 2. For any € R?, Px yields a vector in S.
In particular, Pe, and Pe, are in S. These two vectors form a basis for .S because
they are linearly independent and the dimension of S is 2. Consequently, S contains
all vectors of the form (5a — b, 5b — a, 2a + 2b)’.

2.8 LINEAR TRANSFORMATIONS AND SYSTEMS OF LINEAR
EQUATIONS

If S is a vector subspace of R, with projection matrix Pg, then we have seen that
forany € R™, u = u(x) = Pgx is the orthogonal projection of « onto S that is,
each € R™ is transformed into a w € S. The function u(x) = Pgx is an example
of a linear transformation of R"" into S.

Definition 2.11 Let u be a function defined for all « in the vector space 7', such
that for any @ € T, u = u(x) € S, where S is also a vector space. Then the trans-
formation defined by w is a linear transformation of 7" into S if for any two scalars
oy and o, and any two vectors ¢; € T'and x, € T,

u(ogx) + yxy) = au(T) + agu(z,).

We will be interested in matrix transformations of the form v = Ax, where x is
in the subspace of R™ denoted by 7', w is in the subspace of R"™ denoted by .S, and
A is an m x n matrix. This defines a transformation of 7" into .S, and the transforma-
tion is linear because for scalars a; and a,, and n x 1 vectors ; and x,, it follows
immediately that

Al xy + anxy) = oy Az + ayAx,. (2.13)

In fact, every linear transformation can be expressed as a matrix transformation
(Problem 2.40). For the orthogonal projection described at the beginning of this
section, A = Pg, so that n = m, and thus, we have a linear transformation of R™
into R™ or, to be more specific, a linear transformation of R™ into S. In particular,
for the multiple regression problem discussed in Example 2.11, we saw that for any
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N x 1 vector of observations y, the vector of estimated or fitted values was given by
9y = X(X'X) ' X'y. Thus, because y € RY and ¢ € R(X), we have a linear
transformation of RY into R(X).

It should be obvious from (2.13) that if S is actually defined to be the set {u :
u = Ax;x € T}, then T being a vector space guarantees that S will also be a vector

space. In addition, if the vectors &, ... ,x, span 7T, then the vectors Az, ..., Az,
span S. In particular, if T" is R", then because e,..., e, span R", we find that
(A)4,...,(A),, span S; that is, S is the column space or range of A because it is

spanned by the columns of A.

When the matrix A does not have full column rank, then vectors x will exist, other
than the null vector, which satisfy Az = 0. The set of all such vectors is called the
nullspace of the transformation Az or simply the null space of the matrix A.

Theorem 2.23 Let the linear transformation of R” into S be given by u = Az,
where € R™ and A is an m x n matrix. Then the null space of A, given by the set

N(A) ={x: Az =0,z € R"},
is a vector space.

Proof. Let &, and x, be in N(A) so that Ax; = Az, = 0. Then, for any scalars
oy and a,, we have

Aoy + ayxy) = 0 Amy + Az, = a;(0) + a,(0) = 0,
so that (a1 + a,) € N(A) and, hence, N(A) is a vector space. O

The null space of a matrix A is related to the concept of orthogonal complements
discussed in Section 2.6. In fact, the null space of the matrix A is the same as the
orthogonal complement of the row space of A. Similarly, the null space of the matrix
A’ is the same as the orthogonal complement of the column space of A. Theorem
2.24 is an immediate consequence of Theorem 2.19.

Theorem 2.24 Let A be an m x n matrix. If the dimension of the row space of A
is 7, and the dimension of the null space of A is r,, then r; + 7, = n.

Since the rank of the matrix A is equal to the dimension of the row space of A, the
result above can be equivalently expressed as

rank(A4) = n — dim{N(A4)}. (2.14)

This connection between the rank of a matrix and the dimension of the null space of
that matrix can be useful to us in determining the rank of a matrix in certain situations.

Example 2.13 To illustrate the utility of (2.14), we will give an alternative
proof of the identity rank(A) = rank(A’A), which was given as Theorem 2.8(c).
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Suppose @ is in the null space of A so that Az = 0. Then, clearly, we must have
A’ Ax = 0, which implies that « is also in the null space of A’A, so it follows that
dim{N(A4)} < dim{N(A'A)}, or equivalently,

rank(A) > rank(A’A). (2.15)

On the other hand, if @ is in the null space of A’A, then A’ Az = 0. Premultiplying
by @’ yields @’ A’ Ax = 0, which is satisfied only if Az = 0. Thus, « is also in the
null space of A so that dim{N(A)} > dim{N(A'A)}, or

rank(A) < rank(A’A). (2.16)
Combining (2.15) and (2.16), we get rank(A) = rank(A’A).

When A is an m x m nonsingular matrix and & € R™, then u = Ax defines a
one-to-one transformation of R™ onto R™. One way of viewing this transforma-
tion is as the movement of each point in R™ to another point in R™. Alternatively,
we can view the transformation as a change of coordinate axes. For instance, if we
start with the standard coordinate axes, which are given by the columns e, ..., e,,
of the identity matrix I,,,, then, because for any * € R™, * = z,e; +--- + z,,,€,,,
the components of x give the coordinates of the point x relative to these standard

coordinate axes. On the other hand, if x,...,x,, is another basis for R™, then
from Theorem 2.13, scalars u,,...,u,, exist, so that with w = (uy,...,u,,) and
X = (xy,...,x,,), we have

m
T = g w;x; = Xu;
i=1

thatis, w = (uy,...,u,,) gives the coordinates of the point « relative to the coordi-
nate axes &, ..., &,,. The transformation from the standard coordinate system to the
one with axes x,, . .., x,, is then given by the matrix transformation u = Ax, where

A = X! Note that the squared Euclidean distance of u from the origin,
u'u = (Az)'(Az) = 2’ A' Az,

will be the same as the squared Euclidean distance of « from the origin for every
choice of x if and only if A, and hence, also X, is an orthogonal matrix. In this
case, &,...,x,, forms an orthonormal basis for R™, and so the transformation
has replaced the standard coordinate axes by a new set of orthogonal axes given by
Ty, T,
Example 2.14 Orthogonal transformations are of two types according to whether
the determinant of A is +1 or —1. If |A| = 1, then the new axes can be obtained by
a rotation of the standard axes. For example, for a fixed angle 6, let

cos —sinf O
A= |sin @ cos 0 0
0 0 1

)
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so that |A| = cos?@ + sin? @ = 1. The transformation given by uw = Az trans-
forms the standard axes e;,e,,e; to the new axes x; = (cos 6, —sin 6,0),
., = (sin 6, cos 0,0)’, x5 = es, and this simply represents a rotation of e; and e,
through an angle of 6. If instead we have

cos —sinfh 0
A= |sinf cosb 0],
0 0 -1

then |A| = (cos’> + sin?6)-(—1) = —1. Now the transformation given by
u = Az transforms the standard axes to the new axes x; = (cos 6, — sin 6,0)’,
x, = (sin 6, cos 6,0), and x5 = —e5; these axes are obtained by a rotation of e,
and e, through an angle of 6 followed by a reflection of e, about the x,, x, plane.

Although orthogonal transformations are common, situations occur in which non-
singular, nonorthogonal transformations are useful.

Example 2.15 Suppose we have several three-dimensional vectors @4, .. ., x, that
are observations from distributions, each having the same positive definite covariance
matrix 2. If we are interested in how these vectors differ from one another, then a plot
of the points in R® may be helpful. However, as discussed in Example 2.2, if €2 is not
the identity matrix, then the Euclidean distance is not appropriate, and so it becomes
difficult to compare and interpret the observed differences among the r points. This
difficulty can be resolved by an appropriate transformation. We will see in Chapter 3
and Chapter 4 that because 2 is positive definite, a nonsingular matrix 7" exists, which
satisfies Q = TT". If we let u, = T’lwi, then the Mahalanobis distance, which was
defined in Example 2.2, between x,; and x : is

=, ()}
x; — a:j)’Tfl’Tfl(mi — zcj)}l/Z
T 'x, — T’la:j)'(T’lmi — T’lacj)}l/2
i uj)/(ui - uj)}l/Q = dl(uivuj)a
whereas the variance of w, is given by
var(u;) = var(T'x;) = T~ Y{var(e,)} T~ "

=r'ort =7\t = I
That is, the transformation w; = T ~'x, produces vectors for which the Euclidean
distance function is an appropriate measure of distance between points.

In Example 2.16 and Example 2.17, we discuss some transformations that are
sometimes useful in regression analysis.
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Example 2.16 A simple transformation that is useful in some situations is one that
centers a collection of numbers at the origin. For instance, if T is the mean of the

components of = (z,,...,2 ), then the average of each component of
T, — T
" , Ty — X
v=(Iy— N "1y1ly)x=
Ty — T

is 0. This transformation is sometimes used in a regression analysis to center each of
the explanatory variables. Thus, the multiple regression model

y=XB+e=[1y X|] [gﬂ + €

=fly + X8, +€
can be re-expressed as
y =0y + {N "1yl + (Iy = N 1310} X 8 + €
=iy +ViBi+e=Vy+e,
where V=[1y V]=[1y (Iy-NT'1y1y)X] and ~v=(,B) =

(B, + N7'1, X, 8,,8})". Because the columns of V; are orthogonal to 1, the
least squares estimator of < simplifies to

=1 =vvytvry

K 1
- [Nt 0’ >V
Lo (Vv [ Viy
| v

Vi) Wiyl

Thus, 4, = 7. The estimator, Bl, can be conveniently expressed in terms of the sample
covariance matrix computed from the N (k 4 1) x 1 vectors that form the rows of
the matrix [y X, ]. If we denote this covariance matrix by S' and partition it as

g si S
Sy Sy
then (N — 1)"'V/V, = S,, and, because V|1, = 0,

(N — 1)_1V1ly = (N - 1)_1V1’(y —Yly) = 8g;.
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Consequently, Bl = S5,' 8. Yet another adjustment to the original regression model
involves the standardization of the explanatory variables. In this case, the model
becomes

y=20)ly+ 2,0, +€=26 +e,

where & = (8,,01).Z =1y Z].6) =10 Z, = V;Dg/*,and &, = DY’ B,. The
least squares estimators are 50 —7and & 1= s%{ 2R2’21r21, where we have partitioned
the correlation matrix R, computed from the N (k + 1) x 1 vectors that form the
rows of the matrix [y X, in a fashion similar to that of S.

The centering of explanatory variables, discussed previously, involves a linear
transformation on the columns of X. In some situations, it is advantageous to employ
a linear transformation on the rows of X, V|, or Z,. For instance, suppose that 7" is a
k x k nonsingular matrix, and we define W, = Z|T, o, = §;, and o} = T’lél, SO
that the model

y=0ly+ 2,0, +e=20+¢€

can be written as
y=qyly+Wa, +e=Wa+e,

where W = [1, W;]. This second model uses a different set of explanatory vari-
ables than the first; its ith explanatory variable is a linear combination of the explana-
tory variables of the first model with the coefficients given by the ith column of 7'.
However, the two models yield equivalent results in terms of the fitted values. To see
this, let

10

so that W = ZT,, and note that the vector of fitted values from the second model,
Yy=Wa=WWW) W'y =2ZT.(T.Z'ZT,) 'T.Z'y
= ZT.T.YZ2'2) ' T 'T 2"y = Z2(Z' 2) ' 7'y,
is the same as that obtained from the first model.
Example 2.17 Consider the multiple regression model
y=XB+e,
where now var(e) # o1 . In this case, our previous estimator, 3 = (X'X) ' X"y,
is still the least squares estimator of 3, but it does not possess certain optimality
properties, one of which is illustrated later in Example 3.14, that hold when var(e) =

oI . In this example, we will consider the situation in which the ¢,’s are still uncor-
related, but their variances are not all the same. Thus, var(e) = Q = o2C, where
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C = diag(c},. .., %) and the ¢;’s are known constants. This special regression prob-
lem is sometimes referred to as weighted least squares regression. The weighted least
squares estimator of 3 is obtained by making a simple transformation so that ordi-
nary least squares regression applies to the transformed model. Define the matrix
C~1/% = diag(c; ..., cy') and transform the original regression problem by pre-
multiplying the model equation by C'~'/2; the new model equation is

071/2y _ Cfl/QXB + 071/26

or, equivalently,
Y. =XB+e,

where y, = C~ Y2y, X, = C~'/2X, and €, = C~'/?¢. The covariance matrix of
€, 1is
var(e,) = var(C~'/%€) = C~/?var(e)C1/?
=C V0T = I

Thus, for the transformed model, ordinary least squares regression applies, and so the
least squares estimator of 3 can be expressed as

Rewriting this equation in the original model terms X and y, we get

B — (ch—1/20—1/2X>—lec—l/Qc—l/Qy
= (X'Cc'X)'X'0y.

A common application related to linear transformations is one in which the matrix
A and vector u consist of known constants, whereas x is a vector of variables, and we
wish to determine all  for which Az = w; that is, we want to find the simultaneous
solutions x, ..., x,, to the system of m equations

ATy + - AT, = Uy

1T s Oy Ty = Uy,

For instance, in Example 2.11, we saw that the least squares estimator of the
parameter vector 3 in the multiple regression model satisfies the equation,
XB=X(X'X)"'X'y; that is, here A = X, u = X(X'X) "' X'y, and z = 3. In
general, if w = 0, then this system of equations is referred to as a homogeneous
system, and the set of all solutions to Ax = w, in this case, is simply given by the
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null space of A. Consequently, if A has full column rank, then & = 0 is the only
solution, whereas infinitely many solutions exist if A has less than full column rank.
A nonhomogeneous system of linear equations is one that has u # 0. Although a
homogeneous system always has at least one solution, = 0, a nonhomogeneous
system might not have any solutions. A system of linear equations that has no
solutions is called an inconsistent system of equations, whereas a system with
solutions is referred to as a consistent system. If w # 0 and Az = u holds for
some x, then w must be a linear combination of the columns of A; that is, the
nonhomogeneous system of equations Az = w is consistent if and only if w is in the
column space of A.

The mathematics involved in solving systems of linear equations is most conve-
niently handled using matrix methods. For example, consider one of the simplest
nonhomogeneous systems of linear equations in which the matrix A is square and
nonsingular. In this case, because A~ exists, we find that the system Az = u has a
solution that is unique and is given by = A~'w. Similarly, when the matrix A is sin-
gular or not even square, matrix methods can be used to determine whether the system
is consistent, and if so, the solutions can be given as matrix expressions. The results
regarding the solution of a general system of linear equations will be developed in
Chapter 6.

The focus in this section has been on linear transformations of vectors, but the
concept is easily extended to matrices. Suppose 1 is a linear space of p X ¢ matri-
ces, and let X and Z be m X p and ¢ x n matrices, respectively. Then for B € T',
Y = X BZ is a linear transformation of the linear space 7' C RP*? onto the linear
space S ={Y : Y = XBZ,B € T} C R™*". WhenT is RP*9, this transformation
yields the range R(X, Z); thatis, R(X,Z) ={Y : Y = XBZ, B € RP*1}, so that
this linear space consists of all matrices Y whose columns are in R(X') and whose
rows are in R(Z'). The null space of the linear transformation Y = X BZ is given
by N(X,Z)={B: XBZ = (0), B € RP*1} C RP*1.

Our final example of this section concerns a statistical analysis that utilizes a
matrix transformation of the formY = X BZ.

Example 2.18 In this example, we look at a statistical model commonly known
as a growth curve model. One response variable is recorded for each of n individ-
uals at m different points in time, ¢,...,t,,. The expected value of the response
for any individual at time ¢, is modeled as a polynomial in time of degree p — 1 for
some choice of p; that is, this expected value has the form b, + b,¢;, + - - - + bp_ltf 71,
where by, ..., b, are unknown parameters. The response matrix Y is m x n with
(i, 7)th component given by the response for the jth individual at time ¢;, and the
growth curve model has the matrix form Y = X BZ + E. The (i, j)th element of the
m x pmatrix X is /" and the m x n matrix E is a matrix of random errors. Numer-
ous designs can be achieved through appropriate choices of the p x g parameter
matrix B and the ¢ x n design matrix Z. For instance, if all n individuals come from
a common group, then we would take ¢ = 1, B = (by, by,...,b, 1), and Z = 1;,.
If, on the other hand, there are g groups and n; of the individuals are from the ith
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group, we would have g = g,

1, 0o .. 0
“ e 1
boy bog o 1, - 0
B— S

bp11 by 6’ 6’ e 1;

Ng

The method of least squares can be used to find an estimator for B. We will show
that this estimator is givenby B = (X'X) ' X'Y Z'(ZZ')~! whenrank(X) = pand
rank(Z) = ¢. Note that the sum of squared errors corresponding to a particular B
matrix is tr{(Y — XBZ)(Y — XBZ)'} and
tr{(Y — XBZ)(Y — XBZ)'}
=tr[{(Y — XBZ)+ (XBZ - XBZ)}{(Y — XBZ) + (XBZ — XBZ)}']
= tr{(Y — XBZ)(Y — XBZ)'} + tr{(XBZ — XBZ)(XBZ — XBZ)'}
+2tr{(Y — XBZ)(XBZ — XBZ)'}
>tr{(Y — XBZ)(Y — XBZ)'} + 2tr{(Y — XBZ)(XBZ — XBZ)'},

where the inequality follows from the fact that the trace of a nonnegative definite
matrix is nonnegative. But since X’XBZZ' = X'Y Z', we have

tr{(Y = XBZ)(XBZ — XBZ)'} = tr{X'(Y — XBZ)Z'(B — B)'}
=tr{(X'YZ' — X'XBZZ')(B - B)'}
= tr{(X'YZ —X'YZ')(B-B)} =0,

so it follows that
tr{(Y — XBZ)(Y — XBZ)'} > tr{(Y — XBZ)(Y — XBZ)'},

which confirms that B is the least squares estimator of B.

2.9 THE INTERSECTION AND SUM OF VECTOR SPACES

In this section, we discuss some common ways of forming a vector subspace from
two or more given subspaces. The first of these uses a familiar operation from set
theory.

Definition 2.12 Let S| and S, be vector subspaces of R™. The intersection of 5
and S,, denoted by S| N .9,, is the vector subspace given as

SiNSy,={xeR":xeS andx e 5,}.
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Note that this definition says that the set .S; N .S, is a vector subspace if S| and S,
are vector subspaces, which follows from the fact that if @, and x, are in S| N.S,,
then x;, € S|, ¢, € S| and =, € S,, x, € S,. Thus, because S| and S, are vector
spaces, for any scalars «; and «y, oy + @y, Will be in S| and S, and, hence, in
S, N .S,. Definition 2.12 can be generalized in an obvious fashion to the intersection,
S;N---NS,, of the r vector spaces S,...,S,.

A second set operation, which combines the elements of S| and .S,, is the union;
that is, the union of S} and .S, is given by

S;US,={xeR":xe S orxes}

If S| and S, are vector subspaces, then S| U S, will also be a vector subspace only if
S, € S,or S, C 5. Itcan be easily shown that the following combination of .S; and
S, yields the vector space containing S, U S, with the smallest possible dimension.

Definition 2.13 If S| and S, are vector subspaces of R, then the sum of S; and
Sy, denoted by S| + 5,, is the vector space given by

S+ Sy ={x;+xy:x, € 5,25 € 5,}.

Again our definition can be generalized to S| + - - - + S,., the sum of the r vector
spaces S|, ..., S,. The proof of Theorem 2.25 has been left as an exercise.

Theorem 2.25 If S| and S, are vector subspaces of R™, then

dim(S, + 5,) = dim(S;) + dim(S,) — dim(S; N .S,).

Example 2.19 Let S, and S, be subspaces of R’ having bases {x;, T,, 3} and
{y,,y,}, respectively, where

wl = (]—7 07 07 ]-7 0)/7

332 = (07 07 17 Oa 1)/7

T3 = (Oa 17 07 07 0),7

Y = (17 0,0,1, 1)/7

Yy, = (0,1,1,0,0)".

We wish to find bases for .S; + .5, and S| N S,. Now, clearly, S| + S, is spanned by
the set {x,, z,, 3, y,, Yy, }. Note that y, = &, + x, + x5 — y;, and it can be easily
verified that no constants o, ay, oz, €Xist, except a; = @y = oy = ay = 0,

which satisfy a@; + ay@y + a5 + oy, = 0. Thus, {xy,x,, x5, y,} is a
basis for S| +5,, and so dim(S; +S,) = 4. From Theorem 2.25, we know that
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dim(S; N'Sy) =3+ 2 —4 = 1, and so any basis for S; N S, consists of one vector.
The dependency between the x’s and the y’s will indicate an appropriate vector, so
we seek solutions for oy, ay, ag, B;, and 35, which satisfy

T + QoTy + 33 = By + Brys.

As a result, we find that a basis for S, NS, is given by the vector y, + vy, =
(1,1,1,1,1) because &, + Ty + T3 = Yy + Ys.

When S, and S, are such that S; NS, = {0}, then the vector space obtained as
the sum of S| and S, is sometimes referred to as the direct sum of S, and .S, and
written .S} @ .S,. In this special case, each ¢ € S, @ S, has a unique representation
as * = T, + x,, where ¢, € S| and x, € S,. A further special case is one in which
S and S, are orthogonal vector spaces; that is, for any ; € S| and x, € S,, we have
x5, = 0. In this case, the unique representation € = x; + @, forx € S; ® S, will
have the vector &, given by the orthogonal projection of  onto S|, whereas x,, will be
given by the orthogonal projection of « onto .S,. For instance, for any vector subspace
Sof R, R = S ® S*, and for any € R™,

T = Pgx + Pg. .

In general, if a vector space .S is the sum of the 7 vector spaces S|, ...,.5,, and
S; N S; = {0} forall i # j, then S is said to be the direct sum of Sj,..., S, and is
writtenas S =S, & --- @ 5,.

Example 2.20 Consider the vector spaces S, . . ., S,,, where S, is spanned by {e, }
and, as usual, e; is the ith column of the m x m identity matrix. Consider a sec-
ond sequence of vector spaces, 17,...,T,,, where T, is spanned by {e,, e, } if
i <m — 1, whereas T, is spanned by {ey, e, }. Then it follows that R = S| +
- 45,,, as well as R =1, +---+ T . However, although R™ =S, ®--- @
S,,» itdoes not follow that R™ =T, & - - - & T}, because itis not true that T; N T}; =
{0} for all i # j. Thus, any « = (z,...,2,,)" in R™ can be expressed uniquely as
a sum comprised of a vector from each of the spaces S,,...,.S,,; namely,

:I)=.’13161—|—~+$ e

m=m?

where e; € .S,. On the other hand, the decomposition corresponding to 7}, ..., 7T, , is
not unique. For instance, we can get the same sum above by choosing e, € T, e, €
T,,...,e,, €T,. However, we also have x =y, +--- +y,, and y, € T;, where
y; = s(z,e; + x;,,€;,.;) when i <m —1 and y,, = (2,6, + 2,,€,,). In addi-
tion, the sum of the orthogonal projections of « onto the spaces S|, .. ., .S,, yields z,
whereas the sum of the orthogonal projections of « onto the spaces T}, . .., T,, yields
2x. Consider as a third sequence of vector spaces, Uy, ...,,U,,, where U, has the

basis {v,} and v, = e, +--- +e;. Clearly, U; N U; = {0} if i # j,so R™ = U; &
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Figure 2.4 Projection of  onto a along b

--- @ U, and each £ € R™ has a unique decomposition * = x; + - -- + x,,, with
x; € U,. However, in this case, because the U;’s are not orthogonal vector spaces,
this decomposition of x is not given by the sum of the orthogonal projections of x
onto the spaces Uy, ..., U,

m:*

2.10 OBLIQUE PROJECTIONS

The projections that we have considered so far have been orthogonal projections.
For any & € R™ and any subspace of R™, S|,  can be uniquely expressed as © =
x, + x,, where z, € S) and x, € S, = Si-; x, is the orthogonal projection onto S,
and x, is the orthogonal projection onto S,, and in this text these are the projections
we are referring to when we simply use the term projection.

In this section, we generalize the idea of a projection to oblique projections,
that is, to situations in which the subspaces S| and S, are not orthogonal to one
another.

Definition 2.14 Let S; and S, be subspaces of R™ such that S; NS, = {0} and
S, @& Sy, = R™. Suppose
T =T+ Ty,

where x € R™, x, € S|, and ¢, € S,. Then «, is called the projection of = onto S}
along .S, and x, is called the projection of « onto S, along 5.

An oblique projection in R? is depicted in Figure 2.4. Here S, is the line spanned
by a = (2,1) and S, is the line spanned by b = (1, 2)’. The projection of & = (1,1)’
onto S, along S, is &, = (2/3,1/3)’, while the projection onto .S, along S, is ¢, =
(1/3,2/3)".

When S| and S, are not orthogonal subspaces, we can find linear transformations
of them such that these transformed subspaces are orthogonal. Suppose the columns
of the m x m; matrix X, form a basis for .S; and the columns of the m x m, matrix
X, form a basis for S,. Then since S; N S, = {0} and S; & S, = R™, it follows that
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my; +my =m and X = (X, X,) is nonsingular. For i = 1,2, the subspace T; =
{y:y=X"lz,x € 5,} has as a basis the columns of Y; = X 1X,. Since Y =
(V,Y,) = (X 'X, X 'X,) = X 'X =1, we have

I, Y, = (0) 2.17
(0) I 2 — Im2 ) ( )

and hence Y/Y, = (0); that is, T} and T}, are orthogonal subspaces and, in particu-
lar, 75, is the orthogonal complement of 7). It follows from Theorem 2.17 that any
y € R™ can be expressed uniquely as y = y; + y,, where y; € T;. Equivalently,
=Xy =z, + z,, where ©; = Xy, € 5;. This immediately leads to the follow-
ing generalization of Theorem 2.17.

Y, =

Theorem 2.26 Let S, and S, be subspaces of R such that S; NS, = {0} and
S, @ S5, = R™. Then each € R™ can be expressed uniquely as

T =Ty + Ty,
where x, € S,.

As with orthogonal projections, oblique projections can be computed through the
use of a projection matrix. We will denote by Pg |5, the m x m matrix for which
Pg, |5, is the projection of x onto S; along .5,. Note that if y, is the projection of
y = X 'z onto T} along T, that is, the orthogonal projection onto 7}, then Xy,
is the projection of  onto S| along S,. We have seen in Section 2.7 that y, =
Pry =Y, (YY) 'Yy, and so the required projection is XY, (Y/Y}) 'Y/ X 'x.
Using (2.17), the projection matrix simplifies to the form given in the following
theorem.

Theorem 2.27 Let S, and S, be subspaces of R such that S; N S, = {0} and
S, @ S, = R™. Suppose X = (X, X,), where the columns of the m x m, matrix
X, form a basis for .S,;. Then the projection matrix for the projection onto S, along

S, is given by
L, (0)
Pgg, =X | ™ XL
e l<0> <o>]

When S| and S, are orthogonal subspaces, X| X, = (0) and

o [
(X5X,) ' X}

In this case, Pg, s, as given in Theorem 2.27 reduces to Pg = X, (X{X,)"'X] as
given in Section 2.7.
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Example 2.21 For: = 1, 2,1et .S; be the space spanned by the columns of X, where

1 -1 1
X, =1 1|, x,=[1
2 1 1

Since X = (X, X,) is nonsingular, S; N S, = {0} and S; ® S, = R>. The projec-
tion matrix for the projection onto S| along S, is

100
Pgs,=X [0 1 0f X!
000

1 -1 1]t o o0][ 0 -1 1
=11 1 1{jo1o0[|-5 5 0
2 11]000 5 15 -1
5 —15 1
=|-5 -5 1.
-5 —15 2

The projection matrix for the projection onto S, along .S, is then

S 15 —1
Pg, 5, =13 — Pg,i5, = |5 1.5 -1
S5 156 —1

If ©=(1,2,3), then we find that = ==, +x,, where =, = Pg 5,x =
(:5,1.5,2.5)" € ) and &y = Pg, g, = (.5,.5,.5)" € 5,

The projection matrix for an oblique projection, like that of an orthogonal projec-
tion, is idempotent since clearly Pgl 15, = Ps,|s,- We saw in Section 2.7 that a matrix
P is a projection matrix for an orthogonal projection if and only if P is idempotent
and symmetric, implying then that Pél‘ s, 7 Ps |5, when S; and S, are not orthog-
onal subspaces. This is also evident from the form of Pg g, given in Theorem 2.27

H : / — -1 pr — y—1
since if Py o = Pg,|s,, then X Pg o X = X7 Pg, |, X, or

0) (0)

which holds only if X] X, = (0).

We next consider another generalization of the projections discussed in
Section 2.6. Instead of using the usual inner product, (x, y) = @'y, we use the inner
product (x,y), = ' Ay, where A is an m x m positive definite matrix. We refer
to this as the A inner product.

/ -1 Iml (O) ! .
) [ ](X)Q 0 ()

%IWW
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Definition 2.15 Let S, be a subspace of R™ and suppose A is an m X m positive
definite matrix. If
xTr = :131 + :BQ,

where ¢ € R™, x, € S}, and &} Az, = 0, then &, is the orthogonal projection onto
S, relative to the A inner product.

Let Uy ={z:z=DBx,x €S|}, where B is any m xm matrix satis-
fying B'B = A. Then z = z;+ z,, where z= Bz, 2z, = Bx, €U,, and
2y zy = @\ B'Bx, = 0, so that z, = Bz, € Uj". Thus, the uniqueness of z, and z,
guarantees the uniqueness of ; and x, in Definition 2.15. If the columns of X,
form a basis for S, then the columns of BX, form a basis for U, and the projection
matrix for the orthogonal projection onto U; is BX,(X]AX,)"'X|B’. From
this, we find that X, (X{AX,) ' X]A is the projection matrix for the orthogonal
projection onto S| relative to the A inner poduct.

It is not difficult to see that there is a direct connection between the decompo-
sitions given in Definitions 2.14 and 2.15. In Definition 2.14, if X = (X, X,) and
the columns of X, form a basis for S;, then #j X VX 1z, = 0. Thus, z, is the
orthogonal projection onto S, and «, is the orthogonal projection onto .S,, both
relative to the (X X’)~! inner product. Similarly, in Definition 2.15, z; is the projec-
tion onto S, along S,, where .S, is the vector space which has the projection matrix
Pg,5, = I, — X;(X]AX,)"' X] A; S, is the orthogonal complement of .S, relative
to the A inner product, since X]APg, g = (0).

Suppose € R"™ and we want to find a point in the subspace S, € R™ so that the
distance between x and that point, relative to the A inner product, is minimized. Using
the decomposition in Definition 2.15 for , note that for any y € S;, x; —y € S|,
so that (x — x,) A(z; — y) = 4 A(x; — y) = 0. Thus,

-y Az -y)={(z—z)+ (@ -y} Az - z) + (z, —y)}
=(@—z)Al@—=z) + (z, —y)' Alz, —y)
+2(x — @) Az, - y)
=(z—z)Alz —2)) + (z, —y)'A(z; — y)
> (x—x) A

That is, «, is the point in \S; that minimizes the distance, relative to the A inner
product, from x.

z—a,).

Example 2.22 In Example 2.17, we obtained the weighted least squares estimator
of 3 in the multiple regression model

y=XB+e,

where var(e) = o?diag(c?,...,c%), c3,...,c% are known constants, and X has
full column rank. We now consider a more general regression problem, sometimes
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referred to as generalized least squares regression, in which var(e) = o>C, where
C is a known N x N positive definite matrix. Thus, the random errors not only
may have different variances but also may be correlated, and weighted least squares
regression is simply a special case of generalized least squares regression. When
C = Iy as it was in Example 2.11, we find ﬁ by minimizing the sum of squared
erTors

(y—9)(y—9) =@y—-XB)(y—XB),

wherey = X B When C' # I, we need to use the Mahalanobis distance function to
measure the distance between y and X 3. That is, to find the generalized least squares
estimator 3, we need to minimize

(y—XB)C 'y — XB).

Since X [3 is a point in the space spanned by the columns of X, and the closest point
in this space to y, relative to the C' ! inner product, is the orthogonal projection of y
onto this space, relative to the C~! inner product, we must have

XB=XX'C'X)'X'Cy.
Thus, premultiplying by (X' X) 1 X', we get

B=(XC'X)'X'Cy.

2.11 CONVEX SETS

A special type of subset of a vector space is known as a convex set. Such a set has
the property that it contains any point on the line segment connecting any other two
points in the set. Definition 2.16 follows.

Definition 2.16 A set S C R™ is said to be a convex set if for any x; € .S and
x, €9,
cx;+ (1—c)z, €5,

where c is any scalar satisfying 0 < ¢ < 1.

The condition for a convex set is similar to the condition for a vector space; for S
to be a vector space, we must have forany ¢; € Sand xz, € S, a;x; + ayx, € S for
all a; and o, whereas for S to be a convex set, this need only hold when «; and o,
are nonnegative and «; + o, = 1. Thus, any vector space is a convex set. However,
many familiar sets that are not vector spaces are, in fact, convex sets. For instance,
intervals in R, rectangles in R?, and ellipsoidal regions in R™ are all examples of
convex sets. The linear combination of x; and x,, ayx; + T, is called a convex
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combination when «; + o, = 1 and «; > 0 for each i. More generally, oy, + - - - +
a,.x, is called a convex combination of the vectors x;,...,x, when a; +--- 4+ a,
= 1 and o; > 0 for each i. Thus, by a simple induction argument, we see that a set .S
is convex if and only if it is closed under all convex combinations of vectors in .S.

Theorem 2.28 indicates that the intersection of convex sets and the sum of convex
sets are convex. The proof will be left as an exercise.

Theorem 2.28 Suppose that S| and .S, are convex sets, where S; C R™ for each s.
Then the set

(a) S; NS, is convex,
(b) S;+ Sy ={x, +x,: 2, € 5,2y €5,} is convex.

For any set S, the set C'(S) defined as the intersection of all convex sets contain-
ing S is called the convex hull of .S. Consequently, because of a generalization of
Theorem 2.28(a), C'(.S) is the smallest convex set containing S.

A point a is a limit or accumulation point of a set S C R if for any § > 0, the set
Ss={x:x € R, (x —a)(x —a) < 0} contains at least one point of .S distinct
from a. A closed set is one that contains all of its limit points. If S is a set, then S will
denote its closure; that is, if S is the set of all limit points of .S, then S=SU Sp-In
Theorem 2.29, we see that the convexity of S guarantees the convexity of S.

Theorem 2.29 If S C R™ is a convex set, then its closure S is also a convex set.

Proof. tis easily verified that the set B,, = {x : * € R™, 'z < n"'} is a convex
set, where 7 is a positive integer. Consequently, it follows from Theorem 2.28(b) that
C, = S + B, is also convex. It also follows from a generalization of the result given
in Theorem 2.28(a) that the set

oo
A=¢,
n=1
is convex. The result now follows by observing that A = S. O

One of the most important results regarding convex sets is a theorem known as the
separating hyperplane theorem. A hyperplane in R™ is a set of the form 7' = {x :
x € R™,a'x = c}, where a is an m x 1 vector and c is a scalar. Thus, if m = 2,
T represents a line in R? and if m = 3, T is a plane in R*. We will see that the
separating hyperplane theorem states that two convex sets .S} and S, are separated by
a hyperplane if their intersection is empty; that is, a hyperplane exists that partitions
R™ into two parts so that .S; is contained in one part, whereas .S, is contained in the
other. Before proving this result, we will need to obtain some preliminary results. Our
first result is a special case of the separating hyperplane theorem in which one of the
sets contains the single point 0.
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Theorem 2.30 Let S be a nonempty closed convex subset of R"™ and suppose that
0 ¢ S. Then an m x 1 vector a exists, such that a’x > 0 forall x € S.

Proof. Let a be a point in S which satisfies

ada = inf 2'z,
xcS
where inf denotes the infimum or greatest lower bound. It is a consequence of the
fact that S is closed and nonempty that such an a € S exists. In addition, a # 0
because 0 ¢ S. Now let ¢ be an arbitrary scalar and « any vector in .S except for a,
and consider the vector cx + (1 — ¢)a. The squared length of this vector as a function
of c is given by

fle)={cx+ (1 —c)a}{cx+ (1 —c)a}
={c(x —a)+ a} {c(x —a)+a}

=c(x—a)(x—a)+2cd(x—a)+da.

Since the second derivative of this quadratic function f(c) is positive, we find that it
has a unique minimum at the point

e .__a®—a)
(x—a)(x—a)

Note that because S is convex, ., = cx + (1 —c¢)a € S when 0 < ¢ < 1, and so
we must have z/x, = f(¢) > f(0) = a’a for 0 < ¢ < 1 because of the way a was
defined. However, because of the quadratic structure of f(c), this implies that f(c) >
£(0) for all ¢ > 0. In other words, ¢, < 0, which leads to

a(x—a)>0

or
adx>ada>0,

and this completes the proof. (]

A point x, is an interior point of S'ifad > 0exists, such thatthe set S5 = {x : @ €
R™ (x —x,) (x —x,) < 6} is a subset of S. On the other hand, x, is a boundary
point of S if for each § > 0, the set S; contains at least one point in ,S' and at least
one point not in S. Theorem 2.31 shows that the sets S and S have the same interior
points if S is convex.

Theorem 2.31 Suppose that S is a convex subset of R™, whereas 7" is an open
subset of R™.If ' C S,thenT C S.



CONVEX SETS 83

Proof. Let x, be an arbitrary point in 7", and define the sets
S,={z:x=y—=x,yes}, T.={z:z=y—=z,,ycT}

It follows from the conditions of Theorem 2.31 that .S, is convex, 7T, is open, and

T. C S,. The proof will be complete if we can show that 0 € S, because this will
imply thatz, € S. Since 0 € T, and 7', is an open set, we can find an € > 0 such that

each of the vectors, ey, ..., ee,,, —€l, arein T,. Since these vectors also must be
in S,, we can find sequences, x,;, ;y, ..., for i =1,2,...,m + 1, such that each
z;; €S, andw;; —ee; fori=1,....m,andx;; —» —€l, fori=m+1,asj —
oo. Define the m x m matrix X; = (zy;,...,®,,;) so that X; — €l,,,, as j — o0.

It follows that an integer N, exists, such that X is nonsingular for all j > N;. For
j > N, define
y; =X, 'z (2.18)

m+1,j

so that
Y; — (Elm)_l<_€1m) = _1m'

Thus, some integer N, > N exists, such that for all j > N,, all of the components
of y, are negative. But from (2.18), we have

Lont1,j — ijj = [Xj merl,j] |: 1 J:| =0.

This same equation holds if we replace the vector (—y},1)" by the unit vector
(¥5y; +1)"/*(—y},1)". Thus, 0 is a convex combination of the columns of
[X; =,,.1,], each of whichis in S,, so because S, is convex, 0 € S,. O
Theorem 2.32 is sometimes called the supporting hyperplane theorem. It states
that for any boundary point of a convex set S, a hyperplane passing through that
point exists, such that none of the points of S are on one side of the hyperplane.

Theorem 2.32 Suppose that .S is a convex subset of R and that «, either is not in
S or is a boundary point of S if it is in S. Then an m x 1 vector b # 0 exists, such
that b’z > b'x, forallx € S.

Proof. It follows from the previous theorem that @, also is not in .S or must be a
boundary point of S if it is in S. Consequently, there exists a sequence of vectors,
x|, To,... witheach x; ¢ S, such that x; — x, as i — oo. Corresponding to each
x,, define theset S; = {y : y = ¢ — x;, & € S}, and note that 0 ¢ S, because =, ¢
S. Thus, because ?i is closed and convex by Theorem 2.29, it follows from Theorem
2.30 that an m x 1 vector a, exists, such that aly > 0 for all y € S; or, equiva-
lently, al;(x — x;) > 0 for all z € S. Alternatively, we can write this as b,(z — ;)
> 0, where b, = (a}a;)"'/?a,;. Now because b;b, = 1, the sequence by, b,, ... isa
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bounded sequence, and so it has a convergent subsequence; that is, positive integers
iy <1y <---andsomem X 1unitvector b exist, such thatb; — basj — oo. Con-
sequently, b; (z — ;) — b/(x —x,)asj — oc,and we musthave b'(z — x,) > 0
for all © € S because b;J (x — ;) > 0forallw € S. This completes the proof. [

We are now ready to prove the separating hyperplane theorem.

Theorem 2.33 Let S| and S, be convex subsets of R™ with S; NS, = (). Then an
m x 1 vector b # 0 exists, such that 'z, > b'x, for all z; € S| and all z, € S,.

Proof. Clearly, the set S,, = {x : —x € S,} is convex because S, is convex. Thus,
from Theorem 2.28, we know that the set

S=84+8,={x:x=x —xy,x; € S},xy, €5}

is also convex. In addition, 0 ¢ S because S; NS, = (. Consequently, using
Theorem 2.32, we find that an m x 1 vector b # 0 exists for which b’z > 0 for all
x € S. However, this result implies that &' (x, — x,) > 0 for all z, € S| and all
T, € .55, as is required. O

Suppose that f(x) is a nonnegative function that is symmetric about x = 0 and
has only one maximum, occurring at z = 0; in other words, f(z) = f(—=z) forall «
and f(z) < f(cx)if 0 < ¢ < 1. Clearly, the integral of f(x) over an interval of fixed
length will be maximized when the interval is centered at 0. This can be expressed as

/af(x+cy)dx2/af(w+y)dx,

for any y, a > 0, and 0 < ¢ < 1. This result has some important applications regard-
ing probabilities of random variables. The following result, which is a generalization
to a function f(z) of the m x 1 vector x replaces the interval in R' by a symmetric
convex set in R™. This generalization is due to Anderson (1955). For some sim-
ple applications of the result to probabilities of random vectors, see Problem 2.68.
For additional extensions and applications of this result, see Anderson (1996) and
Perlman (1990).

Theorem 2.34 Let S be a convex subset of R™, symmetric about 0, so that if €
S, —x € S also. Let f(x) > 0 be a function for which f(z) = f(—=), S, = {z:
f(x) > o} is convex for any positive o, and [ f(2) dax < oc. Then

|tascwiz> [ ety ds,

for0<c<landy € R™.
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A more comprehensive discussion of convex sets can be found in Berkovitz (2002),
Kelly and Weiss (1979), Lay (1982), and Rockafellar (1970), whereas some applica-
tions of the separating hyperplane theorem to statistical decision theory can be found
in Ferguson (1967).

PROBLEMS

2.1

2.2

2.3

24

2.5

Determine whether each of the following sets of vectors is a vector space:

@ {(a,b,a+b,1): —c0 <a < oo,—00 <b< oo}

) {(a,b,c,a+b—2¢) : —00 < a <00, —00 < b<00,—00 < ¢< o0}
(© {(a,b,c,1—a—b—¢): —00<a<o00,—00 < b<00,—00<c< 00}
Consider the vector space

S ={(a,a+ba+b—b):—00<a<oo,—00<b<oc}.

Determine which of the following sets of vectors are spanning sets of .S:

(@ {(1,0,0,1),(1,2,2,-1)"}.

() {(1,1,0,0),(0,0,1,—-1)"}.

(© {(2,1,1,1),(3,1,1,2)",(3,2,2,1)'}.

(@ {(1,0,0,0),(0,1,1,0),(0,0,0,1)"}.

Is the vector = (1,1, 1,1)" in the vector space .S given in Problem 2.2? Is the
vectory = (4,1,1,3) in S?

Let {x,,...,,} be asetof vectors in a vector space S, and let TV be the vector
subspace consisting of all possible linear combinations of these vectors. Prove
that W is the smallest subspace of S that contains the vectors z, ..., x,; that
is, show that if V' is another vector subspace containing x, ..., x,, then W is
a subspace of V.

Suppose that « is a random vector having a distribution with mean vector p and
covariance matrix {2 given by

Let ¢, = (2,2) and @, = (2,0)’ be two observations from this distribution.
Use the Mahalanobis distance function to determine which of these two obser-
vations is closer to the mean.
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2.6 Use the Cauchy—Schwarz inequality to prove the triangle inequality; that is, for
m x 1 vectors  and y, show that

{(z+y)(@+y)}? < (@) + (y'y)'/

2.7 Using the law of cosines, find
(a) the angle between = (1,2,1,2) andy = (3,0,1, 1),
(b) 2’y if 'z = 3, y'y = 2, and the angle between x and y is /6.

2.8 Show that the functions ||z(|, and |||, defined in Section 2.2 are, in fact, vector
norms.

2.9 Ifavector norm is derived from an inner product, that is, || = (x, x)'/2, show
that the identity

|z +yl” + llz — yl* = 2]=]* + 2]y[,

known as the parallelogram identity, holds for all  and y.
2.10 Prove Theorem 2.3.
2.11 Which of the following sets of vectors are linearly dependent?
(a) {(1 -1 2)/ (3a L, 1)/}'
(b) {(4,—1,2)',(3,2,3),(2,5,4)'}.
(c) {( 12, ) (2,3, 1) (— 17171)/}'
d {(1,-1,-1),(2,4,3),(3,3,5)", (7,0, -1)'}.
2.12 Show that the set of vectors {(1,2,2,2),(1,2,1,2)',(1,1,1,1)'} is a linearly
independent set.
2.13 Consider the set of vectors

{(27 ]" 47 3)/7 (3’ 07 57 2)/7 (07 37 27 5)/’ (47 27 87 6)/}'

(a) Show that this set of vectors is linearly dependent.

(b) From this set of four vectors find a subset of two vectors that is a linearly
independent set.

2.14 Prove that the set of m x 1 vectors {x;,...,x, } is a linearly independent set
if and only if {@,, x| + @,,..., Y ., «,} is a linearly independent set.

2.15 Which of the following sets of vectors are bases for R*?
(a {(0,1,0,1)',(1,1,0,0)",(0,0,1,1)'}.
®) {(2,2,2,1),(2,1,1,1),(3,2,1,1),(1,1,1,1)'}.
(© {(2,0,1,1),(3,1,2,2),(2,1,1,2),(2,1,2,1)'}.

2.16 Let x; = (2,—3,2)" and x, = (4,1,1). Find a vector x5 so that the set
{z,,x,,x;} forms a basis for R>.
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2.17

2.18

2.19
2.20

2.21

2.22

2.23

2.24

2.25

2.26

2.27
2.28

2.29

2.30

Suppose that the vector space S is spanned by the vectors x; = (1,—2, 1)/,

xy=(2,1,1), and &5 = (8,-1,5)".

(a) Show that the dimension of S is two and find a basis, {z,, z,}, for S.

(b) Show that the vector x = (1, 3,0) is in S by finding the scalars «; and «,,
such that x = a2, + ay2,.

(c) For the  given in part (b), find two different sets of scalars o, ay, a5, such
that T = o) + Ty + 35,

Show that if {x,,...,,} is a basis for a vector space .S, then every set con-

taining more than r vectors from S must be linearly dependent. Note that this

result proves that the number of vectors in a basis for S'is uniquely defined.

Prove the results of Theorem 2.9.

Prove that if a set of orthogonal vectors does not contain the null vector, then it
is a linearly independent set.

Suppose that ; and x, are linearly independent and define y, = ax; + bx,
and y, = cx, + dx,. Show that y, and y, are linearly independent if and only
if ad # be.

Find a basis for the vector space given in Problem 2.2. What is the dimension
of this vector space? Find a second different basis for this same vector space,
where none of the vectors in this second basis is a scalar multiple of a vector in
the first basis.

Show that the set of vectors {~v;,...,7,,}, given in Example 2.4, is a basis for
R™.

Let A be an m x n matrix and B be an n X p matrix. Show that

(a) R(AB) C R(A).

(b) R(AB) = R(A) if rank(AB) = rank(A).

Suppose A and B are m X n matrices. Show that an n x n matrix C' exists,
which satisfies AC' = B if and only if R(B) C R(A).

Let A be an m X n matrix and B be an m X p matrix. Prove that

rank([A B]) < rank(A) + rank(B).

Prove the results of Theorem 2.14.

Suppose « is an m x 1 nonnull vector and y is an n x 1 nonnull vector. What
is the rank of the matrix xzy’'?

Let A, B,and C'be p X n, m x ¢, and m x n matrices, respectively. Prove that

rank <[i (g)D — rank(A) + rank(B)

if an m X p matrix F' and a ¢ X n matrix G exist, such that C = FA 4+ BG.

Let A be an m x n matrix and B be an n X p matrix with rank(B) = n. Show
that rank(A) = rank(AB).
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231

2.32

2.33

2.34

2.35

2.36

2.37

2.38

2.39

VECTOR SPACES

Show by example that if A and B are m x m matrices, then rank(AB) =
rank(BA) does not necessarily hold.

Refer to Example 2.7 and Example 2.10. Find the matrix A satisfying
Z, = X A, where Z, = (z1,24,25) and X, = (z;, 2,5, ;). Show that
AA = (X]X))"L

Let S be the vector space spanned by the vectors x, = (1,2,1,2),
z, = (2,3,1,2), ¢z, = (3,4,—1,0), and &, = (3,4,0,1)".

(a) Find a basis for S.

(b) Use the Gram—Schmidt procedure on the basis found in (a) to determine an
orthonormal basis for S.

(c) Find the orthogonal projection of = (1,0,0,1)" onto S.

(d) Find the component of x orthogonal to S.

Using (2.10), determine the projection matrix for the vector space S given in
Problem 2.33. Use the projection matrix to compute the orthogonal projection
ofx = (1,0,0,1)" onto S.

Let S be the vector space spanned by the vectors x; = (1,2,3) and z, =
(1,1, —1). Find the point in S that is closest to the point & = (1,1,1)".

Let {z,,..., 2.} be an orthonormal basis for a vector space S. Show that if
x € 5, then

x = (22 + -+ (2'z,)%
Suppose S is a vector subspace of R* having the projection matrix

6 -2 -2 —4

1 |-2 9 -1 -2
PS_E -2 -1 9 =2
-4 -2 -2 6

(a) What is the dimension of S?
(b) Find a basis for S.

Let P, and P, be the projection matrices for the orthogonal projections onto
S, € R™ and S, € R™, respectively. Show that

(a) P, + P, is a projection matrix if and only if P, P, = P,P, = (0),

(b) P, — P, is a projection matrix if and only if P, P, = P, P, = P,.
Consider the vector space S = {u : u = Az, z € R'}, where A is the 4 x 4
matrix given by

— == =
W O = N
N =N O
S W N
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2.40

241

242

243

2.44

(a) Determine the dimension of S and find a basis.

(b) Determine the dimension of the null space N(A) and find a basis for it.
(c) Is the vector (3,5,2,4) in S?

(d) Ts the vector (1,1,1,1) in N(A)?

Let € R™ and suppose that u(x) defines a linear transformation of R™ into

R™. Using the standard basis {e;,...,e,} for R™ and the m x 1 vectors
u(e;),...,u(e,), prove that an m x n matrix A exists, for which
u(x) = Az,

forevery x € R™.
Let T be a vector subspace of R", and suppose that S is the subspace of R™
given by

S ={u(x):xeT},

where the transformation defined by w is linear. Show that an m x n matrix A
exists, which satisfies

foreveryx € T.

Let T be the vector space spanned by the two vectors x; = (1,1,0)" and
x, = (0,1,1)". Let S be the vector space defined as S = {u(x):x € T},
where the function w defines a linear transformation satisfying w(x,) =
(2,3,1) and u(x,) = (2,5, 3)’. Find a matrix A, such that u(z) = Az, for all
zel.

Consider the linear transformation defined by

T, — 7
Ty — T

u(z) = ;
T, —T

for all @ € R™, where T = (1/m)}  z;. Find the matrix A for which
u(x) = Az, and then determine the dimension of the range and null spaces
of A.

In an introductory statistics course, students must take three 100-point exams
followed by a 150-point final exam. We will identify the scores on these exams
with the variables =, z,, x5, and y. We want to be able to estimate the value of
y Once T, Ty, and x5 are known. A class of 32 students produced the following
set of exam scores.
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Student T, T, T3 Y Student =z, ®my, Ty Y
1 87 89 92 111 17 7276 96 116
2 72 85 7 99 18 73 70 52 78
3 67 79 54 82 19 73 61 86 101
4 79 71 68 136 20 73 83 76 82
5 60 67 53 73 21 97 99 97 141
6 83 84 92 107 22 84 92 86 112
7 82 88 76 106 23 82 68 73 62
8 87 68 91 128 24 61 59 77 56
9 88 66 65 95 25 78 73 81 137
10 62 68 63 108 26 84 73 68 118
11 100 100 100 142 27 57 47 71 108
12 87 82 80 &9 28 8 95 84 121
13 72 94 76 109 29 62 29 66 71
14 86 92 98 140 30 77 82 81 123
15 85 82 62 117 31 52 66 71 102
16 62 50 71 102 32 95 99 96 130

245

(a) Find the least squares estimator for 8 = (§,, 8;, 05, 03)" in the multiple
regression model

y =By + B1xy + Baxy + Byz3 + €.

(b) Find the least squares estimator for 3, = (5, 31, 3,)’ in the model

y =By + B2y + Bozy + €

(c) Compute the reduction in the sum of squared errors attributable to the inclu-
sion of the variable x; in the model given in (a).

Suppose that we have independent samples of a response y corresponding to &

different treatments with a sample size of n; responses from the 7th treatment.

If the jth observation from the ith treatment is denoted y; ;, then the model

Yij = Hi T €5

is known as the one-way classification model. Here 1, represents the expected

value of a response from treatment ¢, whereas the eij’s are independent and

identically distributed as N (0, o'2).

(a) Ifwelet B = (uy,.-., 1), write this model in matrix form by defining y,
X,and esothaty = X3 + €.

(b) Find the least squares estimator of 3, and show that the sum of squared
errors for the corresponding fitted model is given by

k  ny
SSE, = ZZ (Ys; -7:)%

i=1 j=1
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where e
Y= Zym/nz
j=1
(¢) If oy = -+ = p, = p, then the reduced model

Yij = M+ €

holds for all z and j. Find the least squares estimator of 1 and the sum of
squared errors SSE, for the fitted reduced model. Show that SSE, — SSE;,,
referred to as the sum of squares for treatment and denoted SST, can be
expressed as

where

(d) Show that the F statistic given in (2.11) takes the form

_ SST/(k—1)
F= SSE,/(n — k)’

2.46 Suppose that we have the model y = X3 + € and wish to find the estimator B,
which minimizes

(y— XB)(y— XB),

subject to the restriction that B satisfies Aﬁ = 0, where X has full column rank

and A has full row rank.

(a) Show that S = {y : y = X3, A3 = 0} is a vector space.

(b) Let C' be any matrix whose columns form a basis for the null space of A;
thatis, C satisfies the identity, C(C'C)'C" = I — A'(AA")~' A. Using the
geometrical properties of least squares estimators, show that the restricted
least squares estimator B is given by

B=CIC'X'XC)'C'X'y.

2.47 Let S| and S, be vector subspaces of R™. Show that S| + S, also must be a
vector subspace of R™.

2.48 Let S, be the vector space spanned by {x;, x,, x5}, where ¢, = (1,1,1,1)’,
xy = (1,2,2,2), and x5 = (1,0,—2,—2)". Let S, be the vector space
spanned by {y;,y,, Y5}, where y; =(1,3,5,5)", y,=(1,2,3,6), and
y; = (0,1,4, 7). Find bases for S; + S, and S; N S,.



92

2.49

2.50
2.51

2.52

2.53

2.54

2.55

2.56
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Let S| and .S, be vector subspaces of R'™. Show that S| + .S, is the vector space
of smallest dimension containing S| U S,. In other words, show that if 7" is a
vector space for which S; U .S, C T, then S| + S, C T

Prove Theorem 2.25.

Let S; and S, be vector subspaces of R™. Suppose that {x,,...,x,} spans
S, and {yy,...,y;,} spans S,. Show that {x;,...,®,,y;,...,y,} spans the
vector space S| + S,.

Let S, be the vector space spanned by the vectors
3 1 2
1 1 1
Ty = 3| Ty = 1] T3 = 21>
1 1 1
whereas the vector space S, is spanned by the vectors
3 1 1
0 2 —4
Y = 5 Yo = 30> Ys = —1
-1 1 -3
Find the following:

(a) Bases for S| and S,.

(b) The dimension of S| + S,.

(¢) A basis for S| + 5,.

(d) The dimension of S; N .S,.

(e) A basis for S} N 9S,.

Let S; and S, be vector subspaces of R™ with dim(S;) = r; and dim(S,) =

Ty.

(a) Find expressions in terms of m, 7|, and r, for the smallest and largest pos-
sible values of dim(S; + S5).

(b) Find the smallest and largest possible values of dim(.S; N .S,).

Let S| and S, be vector subspaces of R™.

(a) Show that (S, + S,)* = S N Sy

(b) Show that (S; N Sy)* = Sit + Sy

Let T be the vector space spanned by the vectors {(1,1,1),(2,1,2)'}. Find

a vector space S}, such that R* = T'® S,. Find another vector space S,, such

that R* =T & S, and S; N S, = {0}.

Let S, be the vector space spanned by {(1,1,—2,0),(2,0,1, —3)}, whereas

S, is spanned by {(1,1,1,—-3)",(1,1,1,1)'}. Show that R* = S, + S,. Is this

a direct sum? That is, can we write R* = S, ® S,? Are S, and S, orthogonal

vector spaces?
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2.57

2.58

2.59

2.60

2.61

2.62

2.63
2.64

2.65

2.66

Let S| and S, be vector subspaces of R™, and let 7" = S| + S,. Show that this
sum is a direct sum, thatis, 7' = S, & 9, if and only if

dim(7T") = dim(S;) + dim(.S;).

For ¢ = 1,2, let S, be the space spanned by the columns of X, where

1 0 1
X, =|-1 1], X,=1]-1
—1 -2 0

(a) Find the projection matrix for the projection onto S, along 5,.

(b) Find the projection of x = (2,2, 1)’ onto S; along S, and the projection of
x onto S, along S|.

Consider the projection matrix

1 -1 1
Pgs,= [0 -2 3
0 -2 3

(a) Find a basis for the vector space .S,.

(b) Find a basis for the vector space 5,.

For i = 1,2, let S; and 7T} be subspaces of R"" such that S; ¢ T, = R™ and

S; NT; = {0}. Show that S; = S, if and only if Pgp, Ps, 1, = Ps,r, and

PSQ‘TZPSI‘TI = PSl\Tl'

Fori = 1, 2, suppose .S; and 7 are subspaces of R™ satisfying S} @& Sy, =1 &

T,=R™and S; NS, =T, NT, = {0}.

(a) Show that Pg g, + P, p, is a projection matrix if and only if Pg g, Pp, 7,
- PTl\szsl\Sz =

(b) When the condition in (a) holds, show that Pg, 15, + PTl\Tz is the projection
matrix for the projection onto S; & 1 along S, N T5.

Determine which of the following sets are convex and which are not convex:

@ S, = {(z,z,) : 23+ 2} <1}

(b) Sy = {(zy,25) : 23 + 23 =1}

(©) S3={(z,2,) : 0 <2y Sy <1}

Prove Theorem 2.28.

Show that if S| and S, are convex subsets of R™, then S; U S, need not be
convex.
Show that for any positive scalar n, the set B,, = {x : € € R™, 'z <n'}is
convex.

For any set S C R™, show that its convex hull C'(S) consists of all convex
combinations of the vectors in S.
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2.67

2.68
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Suppose that S is a nonempty subset of R". Show that every vector in the

convex hull of S can be expressed as a convex combination of m + 1 or fewer

vectors in S.

Let « be an m x 1 random vector with density function f(x) such that f(x) =

f(—) and the set {x : f(x) > «} is convex for all positive . Suppose that .S

is a convex subset of R, symmetric about 0.

(a) Show that P(x + cy € S) > P(x + y € S) for any constant vector y and
0<c<1.

(b) Show that the inequality in (a) also holds if y is an m x 1 random vector
distributed independently of .

(c) Show thatif x ~ N, (0,€), its density function satisfies the conditions of
this exercise.

(d) Show that if & and y are independently distributed with  ~ N, (0, ;)
andy ~ N,,(0,£,), such that Q; — €, is nonnegative definite, then P(x €
S)< P(y € S9).
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EIGENVALUES AND EIGENVECTORS

3.1 INTRODUCTION

Eigenvalues and eigenvectors are special implicitly defined functions of the elements
of a square matrix. In many applications involving the analysis of a square matrix,
the key information from the analysis is provided by some or all of these eigenvalues
and eigenvectors, which is a consequence of some of the properties of eigenvalues
and eigevectors that we will develop in this chapter. However, before we get to these
properties, we must first understand how eigenvalues and eigenvectors are defined
and how they are calculated.

3.2 EIGENVALUES, EIGENVECTORS, AND EIGENSPACES

If Ais an m x m matrix, then any scalar A satisfying the equation
Ax = \x, 3.1

for some m x 1 vector « # 0, is called an eigenvalue of A. The vector x is
called an eigenvector of A corresponding to the eigenvalue A, and (3.1) is called
the eigenvalue-eigenvector equation of A. Eigenvalues and eigenvectors are also

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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sometimes referred to as latent roots and vectors or characteristic roots and vectors.
Equation (3.1) can be equivalently expressed as

(A—\,)x = 0. (3.2)

Note thatif [A — AI,,,| # 0, then (A — \I,,,) ! would exist, and so premultiplication
of (3.2) by this inverse would lead to a contradiction of the already stated assumption
that « # 0. Thus, any eigenvalue A must satisfy the determinantal equation

|A— A, | =0,

which is known as the characteristic equation of A. Applying the definition of a
determinant, we readily observe that the characteristic equation is an mth degree poly-
nomial in \; that is, scalars oy, ... , o, ; exist, such that the characteristic equation
above can be expressed equivalently as

(=A™ 4, (=N oy (=) +ap = 0.

Since an mth degree polynomial has m roots, it follows that an m X m matrix has
m eigenvalues; that is, m scalars \j, ..., A, exist that satisfy the characteristic
equation. When all of the eigenvalues of A are real, we will sometimes find it nota-
tionally convenient to identify the ith largest eigenvalue of the matrix A as \;(A).
In other words, in this case, the ordered eigenvalues of A may be written as A, (A)
Z e Z )\TVL(A)'

The characteristic equation can be used to obtain the eigenvalues of the matrix A.
These can be then used in the eigenvalue-eigenvector equation to obtain correspond-

ing eigenvectors.

Example 3.1 We will find the eigenvalues and eigenvectors of the 3 x 3 matrix A
given by

5 =3 3
A=14 -2 3
4 -4 5

The characteristic equation of A is

5-\ -3 3
JA—AL|=| 4 —2-x 3
4 -4 5-2A

=—(5-N2%2+ ) —3(4)* —4(3)*
+34)24+N) +34) (B =N +34)(B-N)

=X 48\~ 17A+ 10

=-(A=-5)(A=2)(A-1) =0,
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so the three eigenvalues of A are 1,2, and 5. To find an eigenvector of A corresponding
to the eigenvalue A = 5, we must solve the equation Ax = 5 for @, which yields
the system of equations

dxy — 3y + 3wy = Sy,
4y — 229 + 323 = DTy,

4 — 4xy + dx3 = S23.

The first and third equations imply that x, = x; and x; = x,, which, when used in
the second equation, yields the identity x, = x,. Thus, x, is arbitrary, and so any
@ having z; = x4 = x, such as the vector (1,1, 1), is an eigenvector of A associ-
ated with the eigenvalue 5. In a similar fashion, by solving the equation Ax = Az,
when A = 2 and A = 1, we find that (1,1, 0)’ is an eigenvector corresponding to the
eigenvalue 2, and (0,1, 1)’ is an eigenvector corresponding to the eigenvalue 1.

Note that if a nonnull vector « satisfies (3.1) for a given value of A, then so will
ax for any nonzero scalar a. Thus, eigenvectors are not uniquely defined unless
we impose some scale constraint; for instance, we might only consider eigenvec-
tors, @, which satisfy @’z = 1. In this case, for the previous example, we would
obtain the three normalized eigenvectors, (1/v/3,1/v/3,1/v/3), (1/v/2,1/1/2,0),
and (0,1/ V2,1 / \/5)’ corresponding to the eigenvalues 5, 2, and 1, respectively.
These normalized eigenvectors are unique except for sign, because each of these
eigenvectors, when multiplied by —1, yields another normalized eigenvector.

Example 3.2 illustrates the fact that a real matrix may have complex eigenvalues
and eigenvectors.

Example 3.2 The matrix

1 1
A= 4]
has the characteristic equation
1-—A 1
|A—)\IQ|—’ 9 1)\‘
=—(1-=-XN14+N+2
=N 4+1=0,

so that the eigenvalues of A are i = v/—1 and —i. To find an eigenvector correspond-
ing to theroot i, write & = (2, ) = (y; + 121, Yy + i25) and solve for y,, ys, 21, 25
using the equation Ax = ix. As a result, we find that for any real scalar o # 0,
x = (o + ia, —2a)’ is an eigenvector corresponding to the eigenvalue i. In a sim-
ilar manner, it can be shown that an eigenvector associated with the eigenvalue —i
has the form = (a — i, —2a)’".
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The m eigenvalues of a matrix A need not all be different because the characteris-
tic equation may have repeated roots. An eigenvalue that occurs as a single solution
to the characteristic equation will be called a simple or distinct eigenvalue. Other-
wise, an eigenvalue will be called a multiple eigenvalue, and its multiplicity, or more
precisely its algebraic multiplicity, will be given by the number of times this solution
is repeated.

In some situations, we will find it useful to work with the set of all eigenvectors
associated with a specific eigenvalue. This collection, S 4 (), of all eigenvectors cor-
responding to the particular eigenvalue ), along with the trivial vector O, is called
the eigenspace of A associated with A; that is, S, () is given by S, (\) = {z: x €
R™ and Ax = \x}.

Theorem 3.1 If S, () is the eigenspace of the m x m matrix A corresponding to
the eigenvalue A, then S 4 () is a vector subspace of R™.

Proof. By definition, if € S, ()), then Az = Ax. Thus, if x € S,(\) and y €
S 4 (A), we have for any scalars « and 3

Alax + fy) = cAz + Ay = a(Az) + B(hy) = Moz + fy).
Consequently, (ax 4+ Sy) € S, (), and so S 4 () is a vector space. O

Example 3.3 The matrix

2 -1 0
A=10 1 0
0 0 1

has the characteristic equation

2-x  —1 0
0 1-X 0 [=(1-XN*2-)N=0,
0 0 1-2A

and so the eigenvalues of A are 1, with multiplicity 2, and 2. To find S 4(1), the
eigenspace corresponding to the eigenvalue 1, we solve the equation Ax = x for .
We leave it to the reader to verify that two linearly independent solutions result; any
solution to Az = x will be a linear combination of the two vectors x; = (0,0, 1)’
and ¢, = (1,1,0)". Thus, S 4(1) is the subspace spanned by the basis {x,, x,}; that
is, 5,4 (1) is a plane in R?. In a similar fashion, we may find the eigenspace, S ,(2).
Solving Ax = 2z, we find that & must be a scalar multiple of (1,0,0)". Thus, S 4(2)
is the line in R® given by {(a,0,0)’ : —00 < a < oo}.

In Example 3.3, for each of the two values of A, we have dim{S(\)}, which is
sometimes referred to as the geometric multiplicity of A, being equal to the corre-
sponding algebraic multiplicity of A. This is not always the case. In general, when
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we simply use the term multiplicity, we will be referring to the algebraic multiplicity.
Example 3.4 illustrates that it is possible for dim{S(\)} to be less than the multiplic-
ity of the eigenvalue .

Example 3.4 Consider the 3 x 3 matrix given by
1 2 3
A=10 1 0
0 2 1

Since |A — AI;| = (1 — \)?, A has the eigenvalue 1 repeated three times. The
eigenvalue-eigenvector equation Ax = Az yields the three scalar equations

Ty + 229 + 315 = T,
JUQ 2.732,

2y + 23 = 13,

which have as a solution only vectors of the form @ = (a,0,0)". Thus, although the
multiplicity of the eigenvalue 1 is 3, the associated eigenspace S (1) = {(a,0,0)" :
—00 < a < oo} is only one-dimensional.

3.3 SOME BASIC PROPERTIES OF EIGENVALUES
AND EIGENVECTORS

In this section, we establish some useful results regarding eigenvalues. The proofs
of the results in Theorom 3.2, which are left to the reader as an exercise, are easily
obtained by using the characteristic equation or the eigenvalue-eigenvector equation.

Theorem 3.2 Let A be an m x m matrix. Then the following properties hold:

(a) The eigenvalues of A’ are the same as the eigenvalues of A.

(b) A is singular if and only if at least one eigenvalue of A is equal to 0.

(c) The diagonal elements of A are the eigenvalues of A, if A is a triangular
matrix.

(d) The eigenvalues of BAB™! are the same as the eigenvalues of A, if B is a
nonsingular m x m matrix.

(e) The modulus of each eigenvalue of A is equal to 1 if A is an orthogonal matrix.

We saw in Example 3.4 that it is possible for the dimension of an eigenspace
associated with an eigenvalue A to be less than the multiplicity of A. Theorem
3.3 shows that if dim{S,(\)} # r, where r denotes the multiplicity of A, then
dim{S,(\)} < r.
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Theorem 3.3 Suppose that A is an eigenvalue, with multiplicity » > 1, of the
m x m matrix A. Then
1 <dim{S,(\)} <.

Proof. If X is an eigenvalue of A, then by definition an x # 0 satisfying the
eigenvalue-eigenvector equation Ax = A exists, and so clearly dim{S,(\)} > 1.
Now let k = dim{S,(\)}, and let &y, ... ,x, be linearly independent eigenvectors
corresponding to A. Form a nonsingular m x m matrix X that has these k
vectors as its first k& columns; that is, X has the form X = [X; X,|, where

X, =(=zy,...,z) and X, is m x (m — k). Since each column of X, is an
eigenvector of A corresponding to the eigenvalue ), it follows that AX, = A X, and
1
X71X — |: k:|
L)

follows from the fact that X "' X = I, . As a result, we find that

X1AX = XVAX, AX,)]

=X '\X, AX,]
- 5]

where B, and B, represent a partitioning of the matrix X ' AX,,. If ;1 is an eigenvalue
of X 1AX, then

. A=) B
0=Ix IAX_“Im|:’( (olf)k By~

= (A= w)k|By = ul,, 4l

where the last equality can be obtained by repeated use of the cofactor expansion for-
mula for a determinant. Thus, A must be an eigenvalue of X ' AX with multiplicity
of at least k. The result now follows because, from Theorem 3.2(d), the eigenvalues
of X~ AX are the same as those of A. O

We now prove Theorem 3.4, which involves both the eigenvalues and the eigen-
vectors of a matrix.

Theorem 3.4 Let \ be an eigenvalue of the m x m matrix A, and let « be a corre-
sponding eigenvector. Then,

(a) if n > 1is an integer, \" is an eigenvalue of A™ corresponding to the eigen-
vector x,
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(b) if A is nonsingular, A~! is an eigenvalue of A~! corresponding to the eigen-
vector .

Proof. Part (a) can be proven by induction. Clearly (a) holds when n = 1 because
it follows from the definition of A and «. Note that if (a) holds for n — 1, that is,
A" le = \» 1z, then

A = A(A" 'x) = A\ )
=\ (Az) = X" (\x) = A,

and so the induction proof of (a) is complete. To prove part (b), premultiply the
eigenvalue-eigenvector equation

Az =z
by A~!, which yields the equation
x =\ A"t (3.3)

Since A is nonsingular, we know from Theorem 3.2(b) that A # 0, and so dividing
both sides of (3.3) by A yields

Al = \"x

)

which is the eigenvalue-eigenvector equation for A~!, with eigenvalue A~! and eigen-
vector . |

The determinant and trace of a matrix have simple and useful relationships with
the eigenvalues of that matrix. These relationships are established in Theorem 3.5.

Theorem 3.5 Let A be an m x m matrix with eigenvalues A, ..., A,,. Then

(@) tr(4) = 3377 A
®) A} =I5 A

Proof. Recall that the characteristic equation, |A — AI,,| = 0, can be expressed in
the polynomial form

(=)™ + 0y (N o (< A) + o = 0. (3.4)

We will first identify the coefficients «, and «,,, ;. We can determine ¢, by eval-
uating the left-hand side of (3.4) at A = 0; thus, oy = |4 — (0)I,,,| = | A|. To find

a,,,_. recall that, from its definition, the determinant is expressed as a sum of terms
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over all permutations of the integers (1,2, ... ,m). Since «,,_; is the coefficient of
(—=\)™~1, to identify this term we only need to consider the terms in the sum that
involve at least m — 1 of the diagonal elements of (A — AI,,,). However, each term
in the sum is the product of m elements from the matrix (A — AI,,,), multiplied by
the appropriate sign, with one element chosen from each row and each column of
(A — \I,,). Consequently, the only term in the sum involving at least m — 1 of the
diagonal elements of (A — AI,,) is the term that involves the product of all of the
diagonal elements. Since this term involves an even permutation, the sign term will

equal +1, and so «,,, , will be the coefficient of (—A\)™! in

(a1 = A)(agy = A) =+ (A, — ),

which clearly is ay; + agy + - -+ + a,,,, or simply tr(A). Now to relate o, = | A| and
a,,_1 = tr(A) to the eigenvalues of A, note that because Ay, ... , A, are the roots
to the characteristic equation, which is an mth degree polynomial in J, it follows that

A =M= A) - (A, — A) =0.

m

Multiplying out the left-hand side of this equation and then matching corresponding
terms with those in (3.4), we find that

A=T[n =3
=1

and this completes the proof. |

The utility of the formulas for the determinant and trace of a matrix in terms of its
eigenvalues is illustrated in the proof of Theorem 3.6.

Theorem 3.6 Let A be an m x m nonsingular symmetric matrix and ¢ and d be
m X 1 vectors. Then
|A+cd'| = |A|(1+d A e).
Proof.  Since A is nonsingular, we have
A+ cd| = |A(I,, + A7 ed)| = |A|1L,, + bd,
where b = A~'c. For any x orthogonal to d, we have
(Im + bd/)m =,
so 1 is an eigenvalue of I,,, + bd' with multiplicity at least m — 1 because there are

m — 1 linearly independent vectors orthogonal to d. However, tr(I,, + bd') = m +
d'b, which implies that the final eigenvalue of I, + bd' is given by 1 + d'b. Taking
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the product of these eigenvalues, we find that |1,, + bd'| = (1 + d'b). The result now
follows because d'b = d' A~ c. a

Theorem 3.7 gives a sufficient condition for a set of eigenvectors to be linearly
independent.

Theorem 3.7 Suppose x, ... ,x, are eigenvectors of the m x m matrix A, where
r < m. If the corresponding eigenvalues \;, ... , A, are such that \; # A; for all
1 # j, then the vectors «, ... , x, are linearly independent.

Proof.  Our proof is by contradiction; that is, we begin by assuming that the vectors
x, ...,x, are linearly dependent. Let h be the largest integer for whichx, ... ,x;,
are linearly independent. Such a set can be found because x,, being an eigenvector,
cannot equal 0, and so it is linearly independent. The vectors @, ... , T}, must be
linearly dependent, so there exist scalars oy, ... , oy, with at least two not equal
to zero because no eigenvector can be the null vector, such that

@+t Ty = 0.
Premultiplying the left-hand side of this equation by (A — A, 1,,,), we find that

(A= Ny Ly)xy + - 4oy (A= Ny L) T4
=ay(Az; — Ny @) + o+ g (AT — A1 Trg)

=a (A =)+ (A — M)y,
also must be equal to 0. But ¢, ... ,x, are linearly independent, so it follows that
ay (A = Appn) = = ap(Ay = Appy) = 0.

We know that at least one of the scalars o, ..., is not equal to zero, and if, for
instance, «; is one of these nonzero scalars, we then must have \; = ), ;. This result
contradicts the conditions of the theorem, so the vectors «,, ... , , must be linearly
independent. 0

If the eigenvalues A, ..., A, of an m x m matrix A are all distinct, then
it follows from Theorem 3.7 that the matrix X = (z,, ..., z,,), where x; is
an eigenvector corresponding to A;, is nonsingular. It also follows from the
eigenvalue-eigenvector equation Az, = Az, that if we define the diagonal matrix
A = diag()\;, ..., \,,), then AX = XA. Premultiplying this equation by X!
yields the identity X 'AX = A. Any square matrix that can be transformed into
a diagonal matrix through the postmultiplication by a nonsingular matrix and
premultiplication by its inverse is said to be diagonalizable. Thus, a square matrix
with distinct eigenvalues is diagonalizable.
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When X is nonsingular, the equation AX = X A can also be rearranged as A =
XAX~! Thatis, in this case, A can be determined from its eigenvalues and any set
of corresponding linearly independent eigenvectors.

Example 3.5 Suppose that A is a 2 x 2 matrix with eigenvalues 1 and 2, and cor-
responding eigenvectors given as the columns of the matrix

X' = [ 2 _3} .
Thus, we have enough information to compute A; that is,

o= 9

3 20 2/|-3 5
_[-8 15
-6 11

Consider a second 2 x 2 matrix B that has both of its eigenvalues equal to 0, but
only a single linearly independent eigenvector being any nonzero scalar multiple of
e; = (1,0)". The eigenvalue-eigenvector equation Be; = 0 implies that b;; = by, =
0, and so the characteristic equation for B is

‘/\ by

o b, A‘ = by — A) = 0.

Since both of the eigenvalues of B are 0, we must have by, = 0, and so B is of the
form 0 b
_ 12
p=[p %],

where b,, # 0, because otherwise B would have two linearly independent eigenvec-
tors. Note, however, that the value of b,, cannot be determined.

Clearly, when a matrix is diagonalizable, then its rank equals the number of its
nonzero eigenvalues, because

rank(A) = rank(X 'AX) = rank(A)

follows from Theorem 1.10. This relationship between the number of nonzero eigen-
values and the rank of a square matrix does not necessarily hold if the matrix is not
diagonalizable.
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Example 3.6 Consider the 2 x 2 matrices

1 1 0 1
A_{O 0} and B_[O 0].

Clearly, both A and B have rank of 1. Now the characteristic equation of A simplifies
to A(1 — X\) = 0 so that the eigenvalues of A are 0 and 1, and thus, in this case,
rank(A) equals the number of nonzero eigenvalues. The characteristic equation for
B simplifies to A2 = 0, so B has the eigenvalue 0 repeated twice. Hence, the rank of
B exceeds its number of nonzero eigenvalues.

Theorem 3.8, known as the Cayley—Hamilton theorem, states that a matrix satisfies
its own characteristic equation.

Theorem 3.8 Let A be an m x m matrix with eigenvalues A, ... , A,,,. Then

[I(A =N, = (0);

i=1

that is, if (=A\)™ + «,,, 1 (=\)™ "1 + -+ 4+ a;(=A) + oy = 0 is the characteristic
equation of A, then

(=A™ + oy (=A™ 4+ (= A) + oLy, = (0).

Proof. 1f (A — M), is the adjoint of A — Al , then

m

Since |A — AL, | is an mth degree polynomial in ), it follows that (A — AI,,), is a
polynomial in \ of degree at most m — 1. That is, we can write

m—1
(A=AL,)y =) (=AN)'B;,
=0
where B, is an m x m matrix for¢ =0, ... ,m — 1, and so
m—1
(A=A, (A= AT )# =(A-)I,) (=A\)'B;
i=0
m—1
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Equating this to [A — \I,,,|T,, = S.7 " (=A\)ia, 1, + (—A\)™I,,,, we find that

AB, = oy,
AB,+ By = o1,

ABmfl + Bm72 = am71[m7
B 1= I?n'

m—

Adding these equations after multiplying the ith equation by (—A)"!, where

(—A)" = I, yields the desired result. O

m

3.4 SYMMETRIC MATRICES

Many of the applications involving eigenvalues and eigenvectors in statistics are ones
that deal with a symmetric matrix, and symmetric matrices have some especially nice
properties regarding eigenvalues and eigenvectors. In this section, we will develop
some of these properties.

We have seen that a matrix may have complex eigenvalues even when the matrix
itself is real. This is not the case for symmetric matrices.

Theorem 3.9 Let A be an m x m real symmetric matrix. Then the eigenvalues of
A are real, and corresponding to any eigenvalue, eigenvectors that are real exist.

Proof. Let A\ =« + i be an eigenvalue of A and © = y + iz a corresponding
eigenvector, where ¢ = +/—1. We will first show that 3 = 0. Substitution of these
expressions for A and « in the eigenvalue-eigenvector equation Az = Az yields

Aly+iz) = (a+if)(y +iz). (3.5)
Premultiplying (3.5) by (y — iz)’, we get

(y —i2)'A(y +iz) = (a +if)(y — i2)'(y + iz),
which simplifies to
YAy +2'Az = (a +i0)(y'y + 2'2),

because y' Az = z’' Ay follows from the symmetry of A. Now x # 0 implies that
(y'y + 2'z) > 0 and, consequently, we must have 3 = 0 because the left-hand side

of the equation above is real. Substituting 3 = 0 in (3.5), we find that

Ay +iAz = ay + iaz.
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Thus, * = y + iz will be an eigenvector of A corresponding to A = « as long as
y and z satisfy Ay = ay, Az = az, and at least one is not 0, so that x 20 . A
real eigenvector is then constructed by selecting y # 0, such that Ay = ay, and
z=0. (|

We have seen that a set of eigenvectors of an m x m matrix A is linearly indepen-
dent if the associated eigenvalues are all different from one other. We will now show
that, if A is symmetric, we can say a bit more. Suppose that « and y are eigenvectors
of A corresponding to the eigenvalues A and ~ , where A # ~. Then, because A is
symmetric, it follows that

'y = (\z)'y = (Az)'y = ' Ay

=x'(Ay) = 2'(vy) = yx'y.

Since A # v, we must have «’'y = 0; that is, eigenvectors corresponding to different
eigenvalues must be orthogonal. Thus, if the m eigenvalues of A are distinct, then the
set of corresponding eigenvectors will form a group of mutually orthogonal vectors.
We will show that this is still possible when A has multiple eigenvalues. Before we
prove this, we will need Theorem 3.10.

Theorem 3.10 Let A be an m X m symmetric matrix, and let  be any nonzero
m x 1 vector. Then for some r > 1, the vector space spanned by the vectors

x, Az, ... , A" 'z contains an eigenvector of A.
Proof. Let r be the smallest integer for which x, Az, ... , A" form a linearly
dependent set. Then scalars oy, ... , o, exist, not all of which are zero, such that

o+ oA+ -+, A" = (agl, + A+ -+ AT)x =0,

m

where, without loss of generality, we have taken «,. = 1, because the way r was cho-
sen guarantees that «,. is not zero. The expression in the parentheses is an rth-degree
matrix polynomial in A, which can be factored in a fashion similar to the way scalar
polynomials are factored; that is, it can be written as

where -y, ...,7, are the roots of the polynomial which satisfy o, =
(D)™ Y2 Vs sy = =+ o+ ) Let

Y= (A - ’YZIm) e (A - Vrlm)w
(e A,

and note that y # 0 because, otherwise, x, Az, ... , A" "'z would be a linearly
dependent set, contradicting the definition of r. Thus, vy is in the space spanned by
z, Az, ... , A" 'z and

(A=mly)y=A-nl,)(A=l,) - (A=71,)z=0.
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Consequently, y is an eigenvector of A corresponding to the eigenvalue ~y,, and so
the proof is complete. (]

Theorem 3.11 If the . x m matrix A is symmetric, then it is possible to construct
a set of m eigenvectors of A such that the set is orthonormal.

Proof. We first show that if we have an orthonormal set of eigenvectors, say
Ty, ...,x,, where 1 <h < m, then we can find another normalized eigenvector
x;, orthogonal to each of these vectors. Select any vector x that is orthogonal to
each of the vectors x;, ... , ;. Note that for any positive integer k, A*z is also
orthogonal to x,, ... ,x;, because, if \; is the eigenvalue corresponding to x;, it
follows from the symmetry of A and Theorem 3.4(a) that

xiAbx = {(AF)x, Ve = (AFx,) e = \rxlx = 0.

From the previous theorem, we know that, for some r, the space spanned by the vec-
tors z, Az, ... , A"~ 'x contains an eigenvector, say y, of A. This vector y also must
be orthogonalto x|, ... , x;, becauseitis from a vector space spanned by a set of vec-
tors orthogonal to @1, ... , ;. Thus, we can take x;, | = (y'y)~/*y. The theorem
now follows by starting with any eigenvector of A, and then using the previous argu-
ment m — 1 times. (]

If we let the m x m matrix X = (x4, ... ,x,,), where &, ... ,x,, are the
orthonormal vectors described in the proof, and A = diag(\, ..., \,,), then the
eigenvalue-eigenvector equations Ax; = \;x; for i =1, ... ,m can be expressed
collectively as the matrix equation AX = XA. Since the columns of X are
orthonormal vectors, X is an orthogonal matrix. Premultiplication of our matrix

equation by X’ yields the relationship X’ AX = A, or equivalently
A= XAX',

which is known as the spectral decomposition of A. We will see in Section 4.2 that
there is a very useful generalization of this decomposition, known as the singular
value decomposition, which holds for any m x n matrix A; in particular, there exist
m x mandn X northogonal matrices P and () and an m x n matrix D withd,; = 0
if i # j, such that A = PDQ'.

Note that it follows from Theorem 3.2(d) that the eigenvalues of A are the same as
the eigenvalues of A, which are the diagonal elements of A. Thus, if A is a multiple
eigenvalue of A with multiplicity » > 1, then r of the diagonal elements of A are
equal to A and r of the eigenvectors, say x, ... ,T,, correspond to this eigenvalue
A. Consequently, the dimension of the eigenspace of A, S, (), corresponding to A,
is equal to the multiplicity 7. The set of orthonormal eigenvectors corresponding to
this eigenvalue is not unique. Any orthonormal basis for S, (\) will be a set of r
orthonormal vectors associated with the eigenvalue \. For example, if we let X; =
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(z, ... ,x,) and let @ be any r X r orthogonal matrix, the columns of ¥; = X,Q
also form a set of orthonormal eigenvectors corresponding to A.

Example 3.7 One application of an eigenanalysis in statistics involves overcoming
difficulties associated with a regression analysis in which the explanatory variables
are nearly linearly dependent. This situation is often referred to as multicollinearity.
In this case, some of the explanatory variables are providing redundant information
about the response variable. As a result, the least squares estimator of 3 in the model
y=XB+e

B=X'X)"Xy

will be imprecise because its covariance matrix

var(3) = (X'X)" X {var(y) } X (X'X)"!
= (X'X)"' X'’ IIX (X' X)™!
— 0_2 (X/X)—l

will tend to have some large elements because of the near singularity of X' X. If the
near linear dependence is simply because one of the explanatory variables, say z,
is nearly a scalar multiple of another, say z;, then one could simply eliminate one of
these variables from the model. However, in most cases, the near linear dependence
is not this straightforward. We will see that an eigenanalysis will help reveal any of
these dependencies. Suppose that we standardize the explanatory variables so that we
have the model
Yy=01y+ 2,0, +e€

discussed in Example 2.16. Let A = diag(A,, ..., A;) contain the eigenvalues of
Z1Z, in descending order of magnitude, and let U be an orthogonal matrix that
has corresponding normalized eigenvectors of 7] Z; as its columns, so that Z| Z, =
UAU’. 1t was shown in Example 2.16 that the estimation of y is unaffected by a non-
singular transformation of the explanatory variables; that is, we could just as well
work with the model

Yy =o9ly + W +e,

where oy = 6y, ay = T '8,, W, = Z,T, and T is a nonsingular matrix. A method,
referred to as principal components regression, deals with the problems associated
with multicollinearity by using the orthogonal transformations W, = Z,U and o; =
U’d, of the standardized explanatory variables and parameter vector. The k new
explanatory variables are called the principal components; the variable correspond-
ing to the ith column of W, is called the ith principal component. Since W{W, =
U'ZZU = Aand 1\,W, =1 Z,U = 0'U = 0/, the least squares estimate of o,
is
& = (WiW,) ' Wiy = AWy,
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whereas its covariance matrix simplifies to
var(é,) = o?(W/W,) ™' = o?A"

If Z{ Z, and, hence, also W{W| is nearly singular, then at least one of the \,’s will be
very small, whereas the variances of the corresponding ¢&;’s will be very large. Since
the explanatory variables have been standardized, W{W, is N — 1 times the sample
correlation matrix of the principal components computed from the N observations.
Thus, if A\; ~ 0, then the th principal component is nearly constant from observation
to observation, and so it contributes little to the estimation of y. If \; =~ 0 for i =
k—r-+1, ... k,thenthe problems associated with multicollinearity can be avoided
by eliminating the last r principal components from the model; in other words, the
principal components regression model is

y=oyly + Wy +e

where W, and o/}, are obtained from W, and o by deleting their last » columns.
If we let A, = diag()\, ..., \,_,.), then the least squares estimate of o, can be
written as

A -1 -1

ay = (W W) Wiy = A Wiy

Note that because of the orthogonality of the principal components, ¢, is identical to
the first £ —  components of &;. The estimate ¢, can be used to find the principal
components estimate of d, in the original standardized model. Recall that §, and
«; are related through the identity 6, = Ua,. By eliminating the last r principal
components, we are replacing this identity with the identity 6, = U, ¢y, where U =
[U; U,] and Uy is k x (k — r). Thus, the principal components regression estimate
of 4, is given by

6, =Uby, =U AWy

A set of orthonormal eigenvectors of a matrix A can be used to find what are known
as the eigenprojections of A.

Definition 3.1 Let A be an eigenvalue of the m x m symmetric matrix A with mul-
tiplicity » > 1. If ,, ... , «,. is a set of orthonormal eigenvectors corresponding to
A, then the eigenprojection of A associated with the eigenvalue A is given by

Py(N) = ZT: x, T
i—1

The eigenprojection P, () is simply the projection matrix for the vector space
S4(N). Thus, for any & € R™, y = P,(\)z gives the orthogonal projection of x
onto the eigenspace S 4 (). If we define X, as before, that is X; = (z,, ..., x,),
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then P,(\) = X, X{. Note that P,(\) is unique even though the set of eigenvec-
tors «,, ... ,«, is not unique; for instance, if Y, = X, where () is an arbitrary
r % r orthogonal matrix, then the columns of Y, form another set of orthonormal
eigenvectors corresponding to A, but

Y1Y1, = (X1Q)(X1Q)/ = XIQQ/X{
= XIITX{ = XlX{ = PA()\).

The term spectral decomposition comes from the term spectral set of A for the set
of all eigenvalues of A excluding repetitions of the same value. Suppose the m x m
matrix A has the spectral set {1, ...,y }, where k& < m, because some of the 1,’s
may correspond to multiple eigenvalues. The set of 1,’s may be different from our set
of \;’s in that we do not repeat values for the 11,’s. Thus, if Ais4 x 4 with eigenvalues
A =3, =2, A3 = 2,and A\, = 1, then the spectral set of A is {3,2,1}. Using X
and A as previously defined, the spectral decomposition states that

m k
A=XAX =3 Naai = wPa(),
i=1 =1

so that A has been decomposed into a sum of terms, one correspond-
ing to each value in the spectral set. If m, is the multiplicity of u,; and
A1 = = Aty pm, = Mg Where My = Oand M, = Siimyfori=2, ...k
then we have P, (y;) = > 77" @y, ;@) , ;- Note that when we write the decom-
position as A = Zle 1; Py (1;), the terms in the sum are uniquely defined because
of the uniqueness of the projection matrix of a vector space. On the other hand, the
decomposition A = > \,x,x} does not have uniquely defined terms unless the
A;’s are distinct.

Example 3.8 It can be easily verified by solving the characteristic equation for the
3 X 3 symmetric matrix

5 -1 -1
A= |-1 5 —1
-1 -1 S

that A has the simple eigenvalue 3 and the multiple eigenvalue 6, with multiplicity
2. The unique (except for sign) unit eigenvector associated with the eigenvalue 3 can
be shown to equal (1/v/3,1/v/3,1/1/3)’, whereas a set of orthonormal eigenvectors
associated with 6 is given by (—2/1/6,1/v/6,1/v/6) and (0,1/+v/2, —1/+/2)". Thus,
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the spectral decomposition of A is given by

5 -1 —1 1/vV3 —2/V6 0 3 00
-1 5 —1|=|1/v/3 1/¥/6 1/V/2| |0 6 0
-1 -1 5 1/v/3 1/v/6 —1/y/2] [0 0 6

1/V3 1/V3 1/V3
x [=2/v6 1/v/6  1/v6 |,
0 1/vV2 —1/V2

and the two eigenprojections of A are

[1/V3 L
Pa®)= | 1/V3 | [1/V3 18 1/vE=3 |1 1
[ 1/V3 11

[—2//6 0 B
Pa6)= | 1v6 v | [P0 Ve

L 1VE -1/VE

2 -1 -1
1

=—|-1 2 -1

-1 -1 2

The relationship between the rank of a matrix and the number of its nonzero eigen-
values becomes an exact one for symmetric matrices.

Theorem 3.12  Suppose that the m x m matrix A has r nonzero eigenvalues. Then,
if A is symmetric, rank(A) = 7.

Proof. 1If A = XAX'is the spectral decomposition of A, then the diagonal matrix
A has r nonzero diagonal elements and

rank(A) = rank(XAX') = rank(A),

because the multiplication of a matrix by nonsingular matrices does not affect the
rank. Clearly, the rank of a diagonal matrix equals the number of its nonzero diagonal
elements, so the result follows. O

Some of the most important applications of eigenvalues and eigenvectors in statis-
tics involve the analysis of covariance and correlation matrices.

Example 3.9 In some situations, a matrix has some special structure that when
recognized, can be used to expedite the calculation of eigenvalues and eigenvectors. In
this example, we consider a structure sometimes possessed by an m x m covariance
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matrix. This structure is one that has equal variances and equal correlations; that is,
the covariance matrix has the form

L p p
92,01 p
=0 |[. . .
pop 1

Alternatively, 2 can be expressed as Q = o?{(1 — p)I,,, + p1,,1/.}, so that it is a
function of the vector 1,,. This vector also plays a crucial role in the eigenanalysis
of {2 because

le = 02{(1 p)lm + plm m m} =0 {( p) + mp}lm'

Thus, 1,,, is an eigenvector of 2 corresponding to the eigenvalue o?{(1 — p) + mp}.
The remaining eigenvalues of ) can be identified by noting that if @ is any m x 1
vector orthogonal to 1,,,, then

Q(B—CT{(I* )iIZerlm m.’]}}—O’(l* ) €,

and so x is an eigenvector of € corresponding to the eigenvalue o%(1 — p). Since there
are m — 1 linearly independent vectors orthogonal to 1, , the eigenvalue o?(1 — p)
is repeated m — 1 times The order of these two distinct eigenvalues depends on the
value of p; o2{(1 — p) + mp} will be larger than o>(1 — p) only if p is positive.

Example 3.10 A covariance matrix can be any symmetric nonnegative definite
matrix. Consequently, for a given set of m nonnegative numbers and a given set
of m orthonormal m X 1 vectors, it is possible to construct an m X m covariance
matrix with these numbers and vectors as its eigenvalues and eigenvectors. On the
other hand, a correlation matrix has the additional constraint that its diagonal ele-
ments must each equal 1, and this extra restriction has an impact on the eigenanalysis
of correlation matrices; that is, a much more limited set of possible eigenvalues and
eigenvectors exists for correlation matrices. For the most extreme case, consider a
2 x 2 correlation matrix that must have the form,

-]

with —1 < p <1, because P must be nonnegative definite. The characteristic
equation |P — AI,| = 0 readily admits the two eigenvalues 1 + p and 1 — p. Using
these in the eigenvalue-eigenvector equation Px = Az, we find that regardless of the
value of p, (1/v/2,1/+/2)" must be an eigenvector corresponding to 1 + p, whereas
(1/4/2,—1/+/2)" must be an eigenvector corresponding to 1 — p. Thus, ignoring
sign changes, only one set of orthonormal eigenvectors is possible for a 2 x 2
correlation matrix if p # 0. This number of possible sets of orthonormal eigenvectors
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increases as the order m increases. In some situations, such as simulation studies
of analyses of correlation matrices, one may wish to construct a correlation matrix
with some particular structure with regard to its eigenvalues or eigenvectors. For
example, suppose that we want to construct an m x m correlation matrix that has
three distinct eigenvalues with one of them being repeated m — 2 times. Thus, this
correlation matrix has the form

m

/ / /

P =Xz x| + \zxoxH) + E AT, x;,
i=3

where A;, A,, and A\ are the distinct eigenvalues of P, and =, ...,x,,
are corresponding normalized eigenvectors. Since P is nonnegative definite,
we must have A\, >0, A\, >0, and A >0, whereas tr(P)=m implies that
A= (m— A — \y)/(m — 2). Note that P can be written as

P =\ =Nz @) + (A — Naoxh + AL,
so that the constraint (P),; = 1 implies that
M = Nzh + g =Nz +A=1
or, equivalently,

22 = 1A= (A = Nz
" (A =)

These constraints can then be used to construct a particular matrix. For instance, sup-
pose that we want to construct a 4 x 4 correlation matrix with eigenvalues \; = 2,
Ay = 1,and A = 0.5 repeated twice. If we choose &, = (0.5,0.5,0.5,0.5)’, then we
must have 2, = 0.25, and so because of the orthogonality of «, and x,, x, can be
any vector obtained from x; by negating two of its components. For example, if we
take &, = (0.5, —0.5,0.5, —0.5)’, then

1 025 050 0.25
025 1 0.25 0.50
0.50 025 1 025
0.25 050 025 1

P =

3.5 CONTINUITY OF EIGENVALUES AND EIGENPROJECTIONS

Our first result of this section is one that bounds the absolute difference between
eigenvalues of two matrices by a function of the absolute differences of the elements
of the two matrices. A proof of Theorem 3.13 can be found in Ostrowski (1973). For
some other similar bounds, see Elsner (1982).
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Theorem 3.13 Let A and B be m x m matrices with eigenvalues A, ..., \,, and
Y1, - - s Vm- respectively. Define
M= _ max  (lagl, b))

and ,

1 m m

0(A,B) = m ZZ |aij - bij"
i=1 j=1

Then

max min |\, — ;| < (m+ )M ™5(A, B)Y™,

1<i<m 1<5<m

Theorem 3.13 will allow us to establish a useful result regarding the eigenvalues of
any matrix A. Let B,, B,, ... be a sequence of m x m matrices such that B,, — A,
asn — oo, and let §(A, B,,) be as defined in Theorem 3.13. It follows from the fact
that B, — A, asn — oo, that (A, B,)) — 0, as n — oo. Hence, if v, ,,, -+ , %
are the eigenvalues of B,,, then Theorem 3.13 tells us that

max min |\, — 0

1<i<m1<j<m Ai =Yyl =0

as n — oo. In other words, if B,, is very close to A, then for each ¢, some j exists,
such that v, ,, is close to \;, or more precisely, as B, — A, the eigenvalues of B,
are converging to those of A. This leads to Theorem 3.14.

Theorem 3.14 Let A\, ..., )\, be the eigenvalues of the m x m matrix A. Then,
for each 4, \; is a continuous function of the elements of A.

Theorem 3.15 addresses the continuity of the eigenprojection P, (\) of a sym-
metric matrix A. A detailed treatment of this problem, as well as the more general
problem of the continuity of the eigenprojections of nonsymmetric matrices, can be
found in Kato (1982).

Theorem 3.15 Suppose that A is an m X m symmetric matrix and A is one of its
eigenvalues. Then P, (\), the eigenprojection associated with the eigenvalue ), is a

continuous function of the elements of A.

Example 3.11 Consider the matrix
2 0 0
A=10 1 0},
0 0 1

which clearly has the simple eigenvalue 2 and the repeated eigenvalue 1. Suppose
that By, B,, ... is a sequence of 3 x 3 matrices such that B, — A, as n — oo.
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Let vy, > Y, = 73, be the eigenvalues of B, , whereas x, ,,, @, ,, and x3,,
is a corresponding set of orthonormal eigenvectors. Theorem 3.14 implies that,
as n — oo,

M — 2 and Yin — 1, fori=23.

s

On the other hand, Theorem 3.15 implies that, as n — oo,

P1,7L—>PA(2>7 P2,n _>PA(1)7
where
Pl,n = wl,nw/l,'rﬂ PQ,n = m?,nwg,n + wB,nmg,n'
For instance, suppose that
2 0 nt
B,=10 1 0|,
n~l 0 1

so that, clearly, B,, — A. The characteristic equation of B,, simplifies to
MoaN 4+ B5-nHA =240 =A-1)N =31 +2-n"%) =0,
so that the eigenvalues of B,, are

V1+4n—2
2

V1+4n—2

3
1. 2 -
) 2 2 )

i
T2

which do converge to 1, 1, and 2, respectively. It is left as an exercise for the reader
to verify that

100 00 0
P, — |00 0 =P4(2), P, — [0 1 0f=P4(1).
00 0 00 1

3.6 EXTREMAL PROPERTIES OF EIGENVALUES

One of the reasons that eigenvalues play a prominent role in many applications is
because they can be expressed as maximum or minimum values of certain functions
involving a quadratic form. In this section, we derive some of these extremal proper-
ties of eigenvalues.

Let A be a fixed m x m symmetric matrix, and consider the quadratic form ' Az
as a function of & # 0. If « is a nonzero scalar, then (ax) A(ax) = oz’ Az, so
that the quadratic form can be made arbitrarily small or large, depending on whether
x’ Ax is negative or positive, through the proper choice of «. Thus, any meaningful
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study of the variational properties of &’ Az as we change « will require the removal of
the effect of scale changes in , which can be accomplished through the construction
of what is commonly called the Rayleigh quotient given by
/
A
R(z, A) = 222

x'x

Note that R(ax, A) = R(x, A). Our first result involves the global maximization and
minimization of R(x, A).

Theorem 3.16 Let A be a symmetric m X m matrix with ordered eigenvalues
Ay > -+ > A,,. Forany m x 1 vector  # 0,

/
A
>‘Tn S z ’ w S )\1a (36)
x'x
and, in particular,
"A "A
A, =min 2oF |\ = max -t (3.7)
0 T'T x£0 x'x

Proof. Let A = XAX' be the spectral decomposition of A, where the columns of
X = (xy, ... ,x,,) are normalized eigenvectors of A and A = diag(A\;, ..., A,,)-
Then, if y = X'z, we have

& 2
E AiY;
i=1

m ?

rr XXz 4y
vy Zlyf
iz

'Ax ' XAX'z YAy

so that (3.6) follows from the fact that

m m m
N IR P WV V) Y
=1 =1 =1

Now (3.7) is verified by choices of « for which the bounds in (3.6) are attained; for
instance, the lower bound is attained with © = x,,,, whereas the upper bound holds
withx = x;. g

Note that, because for any nonnull @, z = (z'x)~/?z is a unit vector, the min-
imization and maximization of z’ Az over all unit vectors z will also yield \,, and
A, respectively; that is,

A, = min 2’Az, )\ = max 2'Az.

m
z'z=1 z'z=1
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Theorem 3.17 shows that each eigenvalue of a symmetric matrix A can be
expressed as a constrained maximum or minimum of the Rayleigh quotient,

R(x, A).

Theorem 3.17 Let A be an m x m symmetric matrix having eigenvalues A, >

Ay > -+ >\, withx, ... ,x,, being a corresponding set of orthonormal eigen-
vectors. For h = 1, ... ,m, define S}, and T}, to be the vector spaces spanned by the
columns of X;, = (xy, ... ,x;) and Y) = (x;, ... ,x,,), respectively. Then
.z Az . oAz
A, = min = min
zeS, T'T Y, =0 T'T
x#0 240
and , ,
x'Ax x'Ax
A, = max = max
zcT, x'T X =0 'z
z#0 x#0

Proof. We will prove the result concerning the minimum; the proof for the

maximum is similar. Let X = (z, ... ,x,,) and A =diag()\, ..., \,,). Note
that, because X'AX =A and X'X =1, it follows that X} X, =1, and
X, AX, = A, where A, = diag(A, ... ,\,).Nowax € S, ifandonlyifanh x 1
vector y exists, such that © = X, y. Consequently,
. @/ Ax . Y X AXy . YAy

min = min ; = min = A,

zeS, x'x y20 Y X, X,y y#0 Y'y

x#0

where the last equality follows from Theorem 3.16. The second version of the mini-
mization follows immediately from the first and the fact that the null space of Y}
is S),. g

Example 3.12 and Example 3.13 give some indication of how the extremal prop-
erties of eigenvalues make them important features in many applications.

Example 3.12 Suppose that the same m variables are measured on individuals from
k different groups with the goal being to identify differences in the means for the k
groups. Let the m x 1 vectors p, ... , i, represent the k group mean vectors, and
let o = (poq + - - - + p,)/k be the average of these mean vectors. To investigate the
differences in group means, we will use the deviations (p; — pt) from the average
mean; in particular, we form the sum of squares and cross products matrix given by

Note that for a particular unit vector «, ' Ax will give a measure of the differences
among the k& groups in the direction «; a value of zero indicates the groups have
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identical means in this direction, whereas increasingly large values of &’ Ax indicate
increasingly widespread differences in this same direction. If ,, ... ,x,, are nor-
malized eigenvectors of A corresponding to its ordered eigenvalues A\; > --- > A |
then it follows from Theorem 3.16 and Theorem 3.17 that the greatest difference
among the k groups, in terms of deviations from the overall mean, occurs in the direc-
tion given by x,. Of all directions orthogonal to x,, x, gives the direction with the
greatest difference among the k groups, and so on. If some of the eigenvalues are very
small relative to the rest, then we will be able to effectively reduce the dimension of
the problem. For example, suppose that A;, ... , ., are all very small relative to \;
and \,. Then all substantial differences among the group means will be observed in
the plane spanned by =, and x,. In Example 4.12, we will discuss the statistical pro-
cedure, called canonical variate analysis, which puts this sort of dimension reducing
process into practice.

Example 3.13 In Example 3.12, the focus was on means. In this example, we will
look at a procedure that concentrates on variances. This technique, called principal
components analysis, was developed by Hotelling (1933). Some good references on
this subject are Jackson (1991) and Jolliffe (2002). Let « be an m x 1 random vector
having the covariance matrix 2. Suppose that we wish to find the m x 1 vector a, so
as to make the variance of a) as large as possible. However, from Section 1.13, we
know that

var(ajx) = a){var(x)}a, = a|Qa,. (3.8)

Clearly, we can make this variance arbitrarily large by taking a; = ac for some
scalar o and some vector ¢ # 0, and then let @« — oo. We will remove this effect of
the scale of a; by imposing a constraint. For example, we may consider maximizing
(3.8) over all choices of a, satisfying aja, = 1. In this case, we are searching for
the one direction in R™, that is, the line, for which the variability of observations
of x projected onto that line is maximized. It follows from Theorem 3.16 that
this direction is given by the normalized eigenvector of ) corresponding to its
largest eigenvalue. Suppose we also wish to find a second direction, given by
a, and orthogonal to a,, where aba, =1 and var(abe) is maximized. From
Theorem 3.17, this second direction is given by the normalized eigenvector of
Q corresponding to its second largest eigenvalue. Continuing in this fashion,
we would obtain m directions identified by the set a,, ... ,a,, of orthonormal
eigenvectors of (2. Effectively, what we will have done is to find a rotation of
the original axes to a new set of orthogonal axes, where each successive axis is
selected so as to maximize the dispersion among the x observations along that
axis. Note that the components of the transformed vector (ajz, ... ,al,z),
which are called the principal components of 2, are uncorrelated because for
i 7 Js

cov(a;w,a;-w) = a;Qaj = a;()\ja]) = )\ja;a] = 0.
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For some specific examples, first consider the 4 x 4 covariance matrix given by

4.65 4.35 0.55 0.45
435 4.65 045 0.55
0.55 0.45 4.65 4.35
0.45 0.55 4.35 4.65

The eigenvalues of €2 are 10, 8, 0.4, and 0.2, so the first two eigenvalues account for a
large proportion, actually 18/18.6 = 0.97, of the total variability of &, which means
that although observations of  would appear as points in R*, almost all of the disper-
sion among these points will be confined to a plane. This plane is spanned by the first
two normalized eigenvectors of €2, (0.5, 0.5, 0.5,0.5)" and (0.5,0.5, —0.5, —0.5)". As
a second illustration, consider a covariance matrix such as

59 5 2
Q=15 35 -10],
2 —10 56

which has a repeated eigenvalue; specifically the eigenvalues are 60 and 30 with mul-
tiplicities 2 and 1, respectively. Since the largest eigenvalue of €2 is repeated, there is
no one direction @, that maximizes var(a}x). Instead, the dispersion of « observa-
tions is the same in all directions in the plane given by the eigenspace S,(60), which
is spanned by the vectors (1,1, —2)" and (2,0, 1)". Consequently, a scatter plot of x
observations would produce a circular pattern of points in this plane.

Theorem 3.18, known as the Courant—Fischer min—max theorem, gives alternative
expressions for the intermediate eigenvalues of A as constrained minima and maxima
of the Rayleigh quotient R(x, A).

Theorem 3.18 Let A be an m x m symmetric matrix having eigenvalues \; >
Ay >---> N, . Forh=1, ... m,let B, be any m x (h — 1) matrix and C}, any
m X (m — h) matrix satisfying B} B, = I;,_, and C} C), = I,,,_;. Then

x' Ax

Ay, = mi 3.9
h Hflzlhn Brilmai{o T’z 59
x#£0
as well as
/
A
A, =min max ror (3.10)
Cn Chz=0 T'T
x#£0
Proof.  We first prove the min—max result given by (3.9). Let X, = (a1, ... ,x;,),

where x,, ... ,x,; is a set of orthonormal eigenvectors of A, corresponding to
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the eigenvalues A, ..., \,. Since X, _; is an m x (h — 1) matrix satisfying
X} 1 X, =1I,_4, it follows that

. x' Az x' Az
min max —— < max — =\ 3.11)
By B,z=0 T'x X, z=0 'x
x#0 x#0

where the equality follows from Theorem 3.17. Now for arbitrary B, satisfying
B} B, = I,_,, the matrix B, X, is (h—1) x h, so that the columns must be
linearly dependent. Consequently, we can find an h x 1 nonnull vector y such that
Bj, X,y = 0. Since X,y is one choice for «, we find that

xAx Yy X, AXy YAy

> = >\ 3.12
Brilji(o e T y'X; X,y yy ~ W (3.12)
x#0
where A, = diag();, ..., ;) and the last inequality follows from (3.6). Minimiz-
ing (3.12) over all choices of B, gives
. "Ax
min max —-— > A
Bn B,xz=0 IT'T
x#0
This, along with (3.11), proves (3.9). The proof of (3.10) is along the same lines. Let
Y, = (xz,, ... ,x,,), where x;, ... ,x,, is a set of orthonormal eigenvectors of A,
corresponding to the eigenvalues A, ..., A,,.Since Y}, ; isanm x (m — h) matrix
satisfying Y; Y, ., = I,,,_,,, it follows that
'A 'A
max min m/ r > min :c/ r =\, (3.13)
Chn Cjz=0 T'x Y, =0 T'T
x#0 x#0

where the equality follows from Theorem 3.17. For an arbitrary C), satisfying C C},
mn» the matrix C} Y}, is (m — h) x (m — h + 1), so the columns of C},Y;, must
be linearly dependent. Thus, an (m — h + 1) x 1 nonnull vector y exists, satisfying
C1,Y,y = 0. Since Y}y is one choice for «, we have

' Ax - Yy AV y  y'Ayy

i = <A\ 3.14
Cr;flairzlo 'z — yYY,y yy — W (314
x#0
where A, = diag()\,,, ..., ,,) and the last inequality follows from (3.6). Maximiz-

ing (3.14) over all choices of (), yields
"Ax

.x
max min —-— <\,
Ch C;lm:O T xr

x#0
which together with (3.13) establishes (3.10). O
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Corollary 3.18.1 Let A be an m x m symmetric matrix having eigenvalues A\, >
Ay >---> ), . Forh=1,... ,m,let By, be any m x (h — 1) matrix and C,, be
any m x (m — h) matrix. Then

' Az
A, < max -
B,x=0 'x

x#0

b

and
' Az

r'r

A, < min
U
=0

x#0

Proof. If B; B, =1, , and C;,C), =1, . then the two inequalities follow
directly from Theorem 3.18. We need to establish them for arbitrary B;, and C},.
When B} B;, = I, ,, the set Sp = {x:x € R™, Bjx = 0} is the orthogonal
complement of the vector space that has the columns of B, as an orthonormal
basis. Thus, the first inequality holds when maximizing over all  # 0 in any
(m — h + 1)-dimensional vector subspace of R™. Consequently, this inequality also
will hold for any m x (h — 1) matrix B), because, in this case, rank(B;) < h — 1
guarantees that the maximization is over a vector subspace of dimension at least
m — h + 1. A similar argument applies to the second inequality. O

The proof of the following extension of Theorem 3.18 is left to the reader as an
exercise.

Corollary 3.18.2 Let A be an m x m symmetric matrix having eigen-

values A\ > Ay >---> A\, and let 4,...,7 be integers satisfying
1< <--- <ip <m. Define the matrices B;,...,B; , such that B, is
m x (i; —1),B; B; =1; y,and B; B; B; = B; forh=j+1,... k. Define
the matrices C; , ... ,Cj, , such that C;, is m x (m —1i;), C; C; =1, ;. and

C;,C;,C; =C; forh=1, ... j. Then

k ) k x) Az
E Ai; = _ min . max E ;
= : By, ...,Biy Bilm]:u.:Bikwk:O = IBJ.’I}J
1 £0, ... ;@ #0
x), ®;=0,h#l
and . .
x) Az
E A, = max max E ;
= J Cips e Csy C;lw1:~~:C;kwk:0 — T;T;
= =
170, ... ;@ #0
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3.7 ADDITIONAL RESULTS CONCERNING EIGENVALUES OF
SYMMETRIC MATRICES

Let A be an m X m symmetric matrix and H be an m x h matrix satisfying H'H =
I;,. In some situations, it is of interest to compare the eigenvalues of A with those of
H'AH. Some comparisons follow immediately from Theorem 3.18. For instance, it
is easily verified that from (3.9), we have

/\1 (H/AH) > )‘mfh+1 (A)7

and from (3.10) we have
\,(H'AH) < )\, (A).

Theorem 3.19, known as the Poincaré separation theorem (Poincaré, 1890; see also
Fan, 1949), provides some inequalities involving the eigenvalues of A and H'AH in
addition to the two given above.

Theorem 3.19 Let A be an m x m symmetric matrix and H be an m x h matrix
satisfying H'H = I,,. Then, fori = 1, ... , h, it follows that

A il A) < N(H'AH) < M\ (A).

Proof.  To establish the lower bound on \;(H'AH),letY, = (x,, ... ,x,,), where
n=m—h+i+1,and zy, ... ,x,, is a set of orthonormal eigenvectors of A cor-
responding to the eigenvalues \;(A4) > --- > A, (A). Then it follows that
"Ax ' Az
. — = 1 < 1
Amni(A) = Ay (A) = min =7 = < min =0
x#0 z=Hy
y#0
'"H'AH
= min YESEY e (HAH)
Yiy=0  y'y
y7#0
— \(H'AH),

where the second equality follows from Theorem 3.17. The last inequality follows
from Corollary 3.18.1, after noting that the order of H'AH is h and Y, H is (m —
n 4 1) x h. To prove the upper bound for \;,(H'AH), let X; ; = (x1, ... ,x; 1),
and note that

o' Ax ' Ax
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where the first equality follows from Theorem 3.17 and the final inequality follows
from Corollary 3.18.1. (]

Theorem 3.19 can be used to prove Theorem 3.20.
Theorem 3.20 Let A be an m x m symmetric matrix, and let A, be its leading
k x k principal submatrix; thatis, A, is the matrix obtained by deleting the lastm — k
rows and columns of A. Then, fori =1, ... ,k,
Am—ir1(A) S A1 (Ag) < A (4).
Theorem 3.21, sometimes referred to as Weyl’s Theorem, gives inequalities relat-

ing the eigenvalues of two symmetric matrices to those of the sum of the matrices.

Theorem 3.21 Let A and B be m x m symmetric matrices. Then for
h=1,...,m,

An(A) + X0 (B) S A (A+ B) < A (A) + A(B).

Proof. Let B; be an m x (h — 1) matrix satisfying B} B;, = I;_,. Then using
(3.9), we have

"(A+ B
A (A 4+ B) =min max u
B, Byaz=0 T'x
x#0

where the inequality was introduced from an application of (3.6), whereas the final

equality used (3.9). The upper bound is obtained in a similar manner by using
(3.10). O

The inequalities given in Theorem 3.21 can be generalized. Before obtaining these
generalized inequalities, we first give some inequalities relating the eigenvalues of
A + B to those of A when we have some information about the rank of B.
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Theorem 3.22 Let A and B be m x m symmetric matrices, and suppose that
rank(B) <r.Thenforh =1, ... ,m —r,

@ Ay (4) < A (A4 B),
(b) Moy (A + B) < A\, (A).

Proof.  Since B is symmetric and has rank at most r, it can be expressed as
,
B = Z ViYiYss
i=1

where y,, ... ,y, are orthonormal vectors. Let B;, and B, be m x (h — 1) and
m x (h +r — 1) matrices satisfying B, B;, = I}, | and B}, By, ., =1, ;, and
defineY, = (y,, ... ,y,)and B, = (B,,,Y,.). Using 3.9),if h =1, ... ,m — 1, we
have

"(A+ B
A (A4 B) =min max u
By  Bjxz=0 x'x

x#0

) 2 (A+ B)x
> min max v s—
Bn B x=0,Y/x=0 T
x#0
. ' Ax
= min max
B, Blx=0 I'x
x#0

. x' Az
= min max —
B, Y,=(0) Biz=0 x'x
x#0

. x' Az
> min  max ;
Bpir B;LJ”,:Z::O €Xr'xr

x#0
= )‘thr (A)

The third equality can be justified as follows. First, the minimum can be restricted to
By, for which B, is full rank, because if B, is not full rank, then {x : BLx = 0} will
contain subspaces of the form {x : B,z = 0} for choices of B, for which B, is full
rank. Secondly, for choices of B,, for which B, is full rank, the null space of B, {« :
B’z = 0}, will be identical to the null space of B/, for a choice of By, thathas B} Y, =
(0). This establishes (a). We obtain (b) in a similar fashion by using (3.10). Let C}, and
Cj,..bem x (m — h)andm x (m — h — r) matrices satisfying C; C, = I,,,_, and
ChvChiv =1, },_,.and define C, = (C}, ., Y,). Thenforh =1, ... ,m —r,

Apir(A+ B) =max min z(A+ Bz

Chir Cj . =0 T’z

x#0



126 EIGENVALUES AND EIGENVECTORS

) ' (A+ B)x
< max min v s—
Chir C ,,=0,Y/ =0 T'x
x#0
. T Ax
= max min
Chir Clx=0 T'x
x#0
' Ax

= max min .
c . Yr=(0) Cla=0 x'x
x#0

. ' Ax
< max min ;
Cn Chaz=0 T'x

x#0
= A (4)

and so the proof is complete. O

We are now ready to give a generalization of the inequalities given in Theorem
3.21.

Theorem 3.23 Let A and B be m x m symmetric matrices, and let i and i be
integers between 1 and m inclusive. Then

@ A1 (A+B) <A (A)+N(B),ifh+i<m+1,
®) Mpimm(A+B) > A (A) + N(B),ifh+i>m+ 1.

Proof. Let x;,...,x,, be a set of orthonormal eigenvectors corresponding to
the eigenvalues A\, (4) > -+ > A, (A) and y;, ... ,y,, be a set of orthonor-
mal eigenvectors corresponding to the eigenvalues A\(B) >--- >\ (B). If

we define A, = E;’;ll Aj(A)z;x); and B; = Z;;ll A (B)y,y), then clearly

rank(A4,) < h—1, rank(B;) <i—1, and rank(A4, + B;) < h+i— 2. Thus,
applying Theorem 3.22(a) with h = 1 and r = h + ¢ — 2, we have
MA=A,+B-B;)=MN((A+B)-(4,+B))
> Mynyio(A+ B)
= N1 (A+B). (3.15)
Also
MA—-A,+B-B;) <A\(A-A4,)+ X \(B-B) (3.16)

from Theorem 3.21. Note that

/\1(A - Ah) = )‘h(A)v )‘1(3 - Bi) = )‘i(B) (3.17)
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because

A— A, = Z /\j(A)CUj:U;, B-B; = Z)\j(B)yjy;.
= —
Combining (3.15), (3.16), and (3.17), we get
Ap(A) +X(B) = A\(A—A,) +\(B - B;)
>M(A—-A,+B-B)
=AN((A+B)— (A, +B))
Z )\h+i—1(A + B)a

so that we have proven the inequality given in (a). The inequality in (b) can be
obtained by applying the inequality in (a) to — A and — B; that is,

Apyici(=A = B) < A (=A) + N\, (=B),
which can be re-expressed as
A hri-)1(A+ B) < =Ay 1 (A) = Ay (B),
or equivalently,
Am-niv2(A+B) 2 A 1 (A) + A 1(B).

The last inequality is identical to the one given in (b) because if weletk = m — h + 1
andl=m—1+ 1, thenk+]l—-—m=m—h —1i+2. O

The inequalities given in the preceding theorems can be used to obtain bounds on
sums of eigenvalues. For instance, from Theorem 3.21 it immediately follows that

=

Mw

WA+ B) <Y A (A) + kN (B).

k
D> A(A) + kA,
h=1 h=1 h=1

Theorem 3.24, which is due to Wielandt (1955), provides tighter bounds on the sums
of eigenvalues of A + B.

Theorem 3.24 Let A and B be m x m symmetric matrices, and let i, ... , 4, be
integers satisfying 1 <4; < --- <1, <m.Thenfork =1, ... ,m,

k k
D00 ) d (B £ 0 (44 B) < 200, (4) +,(B))
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Proof. Note that it follows from Corollary 3.18.2 that there are particular matrices

Cis -+ Cypsosuch that C; is m x (m —i;), C;.C; =1, ,, C;, C} C; = C,.
1 J 3J 3J 3J h h 1 J
forh=1,...,7,and
k k !
x'.(A+ B)x.
> A (A+B) = min > M (3.18)
- 7 C! x1=-=C" x),=0% xT.xT.
j=1 i1 ig j=1 JJ
x1#0, ... , @ #0
@), 2,=0,h#l
Letyy, ... ,y, be m x 1 unit vectors such that y,,y; = 0for h # [, Cj y, = --- =
C} Yy, =0, and
k k /
/ _ : mjij
Zyjij N c! .'m:fn:lg'- mk:OZ rx. (3.19)
j=1 i1 i j=1 7777
21740, ..., @, #0
a1 =0,h#l
It follows from (3.18) that
k k
Y A, (A+B) <Y yi(A+ By,
j=1 j=1
k k
= YAy + ) y;By;. (3.20)
j=1 j=1

Since the y;’s were chosen to satisfy (3.19), a direct application of Corollary 3.18.2
yields

k k
D YAy, <> N (A). (3.21)
j=1 j=1
Let y,.q, ... ,¥y,, be unit vectors such that y, ... ,y,, is an orthonormal set of
vectors, and define the m x (m —4) matrix C,; = (y;,4, ... ,Y,,) fori=1, ... k.
Then it follows that
k k /
x’. Bx;
/ : J J
By. = min
Zyj Yi C’lmlz---:C’kmk:OZ xx,’
J=1 * * =1 “3%J
1 £0, ... ;@ #0
x), ®;=0,h#l

and so another application of Corollary 3.18.2 leads to

k

k
> YiBy,; <> N(B). (3.22)
j=1

j=1
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Using (3.21) and (3.22) in (3.20), we then get the required upper bound. The lower
bound is established in a similar fashion by using the min—max identity given in
Corollary 3.18.2. O

Many applications utilizing Theorem 3.24 will involve the sum of the k largest
eigenvalues of A + B. This special case of Theorem 3.24 is highlighted in the fol-
lowing corollary.

Corollary 3.24.1 Let A and B be m x m symmetric matrices. Then for
k=1,...,m,

k k

k K K
DA D A ki(B) Y XA+ B) < N(A) + D N(B).

=1 i=1

Some additional results regarding eigenvalues can be found in Bellman (1970) and
Horn and Johnson (2013).

3.8 NONNEGATIVE DEFINITE MATRICES

In Chapter 1, the conditions for a symmetric matrix A to be a positive definite or
positive semidefinite matrix were given in terms of the possible values of the quadratic
form x’ Az. We now show that these conditions also can be expressed in terms of the
eigenvalues of A.

Theorem 3.25 Let )\, ..., \,, be the eigenvalues of the m x m symmetric matrix
A. Then

(a) A is positive definite if and only if \; > 0 for all 4,

(b) A is positive semidefinite if and only if A, > 0 for all ¢ and A\, = 0O for at least
one 1.

Proof.  Let the columns of X = (x,, ..., x,,) be a set of orthonormal eigenvec-
tors of A corresponding to the eigenvalues A, ..., A,,, so that A = XAX’, where
A =diag(Ay, ..., A,). If Ais positive definite, then '’ Az > 0 for all & # 0, so in

? m

particular, choosing * = x;, we have
z Az, = xi(\x,;) = \xix, = \; > 0.

Conversely, if A; > 0 for all 7, then for any « # 0 define y = X'z, and note that

oAz =o' XAX'w = y/Ay =D i\, (3.23)
1=1
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has to be positive because the A;’s are positive and at least one of the y;’s is positive
because y # 0. This proves (a). By a similar argument, we find that A is nonnegative
definite if and only if A\; > 0 for all 7. Thus, to prove (b), we only need to prove that
2’ Az = 0 for some x # 0 if and only if at least one \; = 0. It follows from (3.23)
that if @’ Ax = 0, then A, = 0 for every 7 for which y? > 0. On the other hand, if for
some i, A\, = 0, then &, Az, = )\, = 0. O

Since a square matrix is singular if and only if it has a zero eigenvalue, it fol-
lows immediately from Theorem 3.25 that positive definite matrices are nonsingular,
whereas positive semidefinite matrices are singular.

Example 3.14 Consider the ordinary least squares estimator B = (X' X))t X"y of
3 in the model

y=XB+e,

where 3 is (k+1)x1, E(e)=0 and var(e) = 0°Iy. For an arbitrary
(k+1) x 1 vector ¢, we will prove that ¢/ is the best linear unbiased estimator of
¢'B3; an estimator ¢ is an unbiased estimator of ¢/3 if E(t) = ¢/3. Clearly, ¢3 is
unbiased because E(€) = 0 implies that

E(dB) =c(X'X) ' X'E(y)
=J(X'X)'X'Xp
cB.

To show that ¢’ ,@ is the best linear unbiased estimator, we must show that it has vari-
ance at least as small as the variance of any other linear unbiased estimator of ¢'(3.
Let a’y be an arbitrary linear unbiased estimator of ¢/3, so that

dB8 = E(a'y) = d'E(y) = a’XB,
regardless of the value of the vector 3. However, this implies that
d=aX.
Now we saw in Example 3.7 that var(3) = 0(X'X)"!, so

var(¢'B) = ¢ {var(B)}c = ¢ {o*(X'X) '}e
=o?d X(X'X) ' X'a,

whereas

var(a'y) = a'{var(y)}a = a'{c*Iy }a = o*d a.



NONNEGATIVE DEFINITE MATRICES 131

Thus, the difference in their variances is

var(a'y) — var(cB) = 0’d'a — c’a’ X(X'X) ' X'a
=c’d(Iy - X(X'X)'X')a.

However,
{Iy - X(X'X)7'X'}? = {Iy — X(X'X)"'X"},

and so using Theorem 3.4, we find that each of the eigenvalues of I, —
X(X'X)"'X’" must be 0 or 1. Thus, from Theorem 3.25, we see that
Iy — X(X'X)"1 X’ is nonnegative definite, and so

var(a'y) — var(c'3) > 0,
as is required.

Symmetric matrices are often obtained as the result of a transpose product; that
is, if T' is an m X n matrix, then both 7"T and T'T" are symmetric matrices. The
following two theorems show that their eigenvalues are nonnegative and their positive
eigenvalues are equal.

Theorem 3.26 Let T be an m x n matrix with rank(7T") = r. Then 7T has r pos-
itive eigenvalues. It is positive definite if » = n and positive semidefinite if » < n.

Proof. For any nonnull n x 1 vector x, let y = T'x. Then clearly

m
DT'Te=yy=> vy
1=1

is nonnegative, so 7"T is nonnegative definite, and thus, by Theorem 3.25, all of its
eigenvalues are nonnegative. If x is an eigenvector of 7T corresponding to a zero
eigenvalue, then the equation above must equal zero, and this can only happen if
y = Tax = 0. Since rank(T") = r, we can find a set of n — r linearly independent
x’s satisfying T'x = 0, that is, any basis of the null space of 7', and so the number of
zero eigenvalues of 7"T is equal to n — r. The result now follows. d

Theorem 3.27 Let T be an m x n matrix, with rank(7") = r. Then the positive
eigenvalues of 7”7 are equal to the positive eigenvalues of 77".

Proof. Let A > 0 be an eigenvalue of T"T with multiplicity h. Since the n X n
matrix 7T is symmetric, we can find an n x h matrix X, whose columns are
orthonormal, satisfying

T'TX = )\X.
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Let Y = T'X and observe that
TTY =TT'TX =T(AX) =\TX = \Y,
so that \ is also an eigenvalue of T'7". Its multiplicity is also & because
rank(Y) = rank(TX) = rank((TX)'TX)
= rank(X'T"T X) = rank(AX'X)
=rank(A\[,) = h,
and so the proof is complete. O

Example 3.15 In multivariate multiple regression, we have multiple explanatory
variables, x, ... ,x, as in the standard multiple regression model described in
Example 2.11, but the response y = (4, ... ,¥,,)" is a random vector instead of a
random variable. The model is

y=DBzte,
where B is k x m, @ = (2, ... ,x,)’, and the m x 1 vector € denotes a random
error. If we have IV observations of the response vector, y;, ... ,yy, and IV corre-
sponding explanatory vectors, x, ... , Ty, the model can be written as
Y=XB+E,
where V' = (yq, ..., yy), X' =(zy, ..., xy), and E is an N x m matrix

containing error terms. The least squares estimator of B is the k X m matrix
which minimizes the sum of squares of the matrix (Y — X B,)), that is, minimizes
tr{(Y — XB,) (Y — XB,)}, over all choices for B;,. We now show that this least
squares estimator is B = (X'X) ' X’Y when X has full column rank. Note that

(Y = XBy)'(Y — XB,)
=(Y-XB+XB-XB,)'(Y-XB+XB-XB,)
={Y - XB+X(B—-B,)}{Y - XB+X(B-B,)}
= (Y -~ XB)(Y - XB) + (B - B)X'X(B - By)
+(Y = XB)X(B— By) + (B - B)X'(Y - XB)
= (Y -~ XB)(Y - XB) + (B — B))X'X (B — By),
since X'(Y — XB) = X'{Y — X(X'X)"'X'Y} = (X' — X")Y = (0). Thus,

tr{(Y — XB,) (Y — XB,)} > tr{(Y — XB)'(Y — XB)},

since (B — By) X'X (B — B,) is nonnegative definite.
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Next we will use the Courant-Fischer min—max theorem to prove the following
important monotonicity property of the eigenvalues of symmetric matrices.

Theorem 3.28 Let A be an m x m symmetric matrix and B be an m X m nonneg-
ative definite matrix. Then, for h = 1, ... ,m, we have

A (A+ B) > N\, (A),
where the inequality is strict if B is positive definite.
Proof.  For an arbitrary m x (h — 1) matrix B, satisfying B} B, = I;,_;, we have

' (A+ B)x (az’Asc sc’Bsc)
—— " = max
B} =0

max ; = / .
B x=0 x'x x'x x'x
x#0 x#£0
x' Az . x'Bx
> max . min -
B, xz=0 T'T B, xz=0 T'T
x#0 xA£0
' Az . ='Bx
> max — + min —
B ax=0 T'x x40 x'x
x#0
/
x' Ax
= max —— + A, (B)
B z=0 T'x
x#0
' Az
> max ——,
B z=0 T'x
x#0

where the last equality follows from Theorem 3.16. The final inequality is strict if B
is positive definite because, in this case, A,,,(B) > 0. Now minimizing both sides of
the equation above over all choices of B, satisfying B}, B, = I,,_; and using (3.9)
of Theorem 3.18, we get

"(A+ B
A (A + B) = min max u
B, Byz=0  T'w
x#0

i ' Az
> min max
By Bjx=0 T'T
x#0

= A\, (A).

This completes the proof. O

Note that there is not a general bounding relationship between A, (A + B) and
Ap(A) + A, (B). For instance, if A = diag(1,2,3,4) and B = diag(8, 6,4, 2), then
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whereas
M(A+B)=7>XM(A)+X(B) =2+4=6.

In Example 3.12, we discussed a situation in which the eigenvalues and eigenvec-
tors of

were used in analyzing differences among the group means 4, ... , p;,. For instance,
an eigenvector x,, corresponding to the largest eigenvalue of A, gives the direction
of maximum dispersion among the group means in that

) Az,

Ty

is maximized. The division here by @} &, which removes the effect of scale, may not
be appropriate if the groups have covariance matrices other than the identity matrix.
Suppose, for example, that each group has the same covariance matrix B. If y is a
random vector with covariance matrix B, then the variability of y in the direction
given by  will be var(z'y) = o’ Bx. Since differences among the groups in a direc-
tion with high variability will not be as important as similar differences in another
direction with low variability, we will adjust for these differences in variability by
constructing the ratio

x' Az

*'Bx’

The vector x; that maximizes this ratio will then identify the one-dimensional sub-
space of R™ in which the group means differ the most, when adjusting for differences
in variability. The next step after finding ; would be to find the vector x, that max-
imizes this ratio but has xy uncorrelated with & y; this would be the vector x,, that
maximizes the ratio above subject to the constraint that =} Bz, = 0. Continuing in

this fashion, we would determine the m vectors x, ... , ,, that yield the m extremal
values A, ..., A, of the ratio. These extremal values are identified in the following
theorem.

Theorem 3.29 Let A and B be m xm matrices, with A being sym-
metric and B being positive definite. Then the eigenvalues of B~ 'A,
AN (B71A) > ... >\ (B7'A), are real and there exists a linearly indepen-

dent set of eigenvectors, xi,...,x,,, corresponding to these eigenvalues.
In addition, if we define X, = (xy,...,x,) and Y, = (xz,, ... ,x,,) for
h=1,...,m,then

' Ax

M (B71A) =  min

/
v, Bz=0 x'Bx

x#0
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and ‘A
x' Ax
M\, (B7TA) =
a ) X;Tg);:(] x'Bx
x#0

)

where the min and max are over all  # 0 when h = m and h = 1, respectively.

Proof. Let B = PDP' be the spectral decomposition of B, so that
D = diag(d,, ... ,d,,), where the eigenvalues of B, d,...,d,,, are
all positive because of Theorem 3.25. If we let T = PDY2P' where
DY? = diag(d\?, ... i), then B=TT =T? and T, like B, is symmet-
ric and nonsingular. Now it follows from Theorem 3.2(d) that the eigenvalues of
B! A are the same as those of T~ AT~!, and these must be real because 7' AT is
symmetric. Also because of its symmetry, 7' AT ! must have an orthonormal set of
eigenvectors, ¥y, ... ,y,,. Note that if we write \; = \,(B~1A4) = \,(T AT 1),
then T-'AT 'y, = \;y,, so that

T T 'AT 'y, = \,T 'y,

or
B'A(T 'y,) = N(T 'y,).

Thus, x; = T~ 'y, is an eigenvector of B~'A corresponding to the eigenvalue
A\, = \;(B7'A) and y, = Tx,;. Clearly the vectors x,...,x,, are linearly
independent because vy, ... ,vy,, are orthonormal. All that remains is to prove
the identities involving the minimum and maximum. We will just prove the result
involving the minimum; the proof for the maximum is similar. Putting y = Tz, we
find that

) x' Ax ) oTT AT 'Tx
min _— min e ———
v, Bz=0 ' Bx Y/ TTx=0 2TTx
z#0 x#0
'"TTAT!
= mn 2 =Y (3.24)
Yy Ty=0 yy
y7#0
Since the rows of Y} 7" are the transposes of the eigenvectors T'x), , ... , Tz,

of T~ AT, it follows from Theorem 3.17 that (3.24) equals A, (T~ AT '), which
we have already established as being the same as \, (B~ A). O

Note that if @, is an eigenvector of B~!A corresponding to the eigenvalue \; =
\;(B71A), then
B 'Ax, = \x,

or, equivalently,

Az, = \,Bx,. (3.25)
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Equation (3.25) is similar to the eigenvalue-eigenvector equation of A, except for the
multiplication of x; by B on the right-hand side of the equation. The eigenvalues
satisfying (3.25) are sometimes referred to as the eigenvalues of A in the metric of
B. Note that if we premultiply (3.25) by &/ and then solve for \;, we get

/
N(BA) = TAT

/ Y
T, Bx,

that is, the extremal values given in Theorem 3.29 are attained at the eigenvectors of
B'A.

The result given in Theorem 3.29 can be generalized just as the result in Theorem
3.17 was generalized to that given in Theorem 3.18.

Theorem 3.30 Let A and B be m x m matrices, with A being symmetric and B
being positive definite. Forh = 1, ... ,m, let B, be any m x (h — 1) matrix and C},
any m x (m — h) matrix satisfying, B, B, = I;,_; and C},C}, = I,,,_;. Then

/
. . ' Ax
Ap(B7'A) = min max ==
By B, z=0 *'Bx
x#0

and A
Ay (B7'A) = max min Tow

Cr C} =0 x' Bx
x#0

where the inner max and min are over all © # 0 when i = 1 and h = m, respectively.

The proof of Theorem 3.29 suggests a way of simultaneously diagonalizing the
matrices A and B. Since T-'AT ! is a symmetric matrix, it can be expressed in
the form QAQ’, where @ is an orthogonal matrix and A is the diagonal matrix
diag(\ (TYAT1), ... )\, (T YAT1)). The matrix C' = Q'T! is nonsingular
because () and T are nonsingular, and

CAC' =Q'T'AT'Q = QQAQ'Q = A,
CBC' =QT'TTT'Q=QQ=1,,
Equivalently, if G = C~!, we have A = GAG’ and B = GG'. This simultaneous

diagonalization is useful in proving our next result in Theorem 3.31. For some other
related results, see Olkin and Tomsky (1981).

Theorem 3.31 Let A be an m X m symmetric matrix and B be an m X m positive
definite matrix. If F'is any m x h matrix with full column rank, thenfori =1, ... | h

N,((F'BF) Y(F'AF)) < \,(B7'A),
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and further
max N, ((F'BF) Y (F'AF)) = )\, (B ' A).

Proof.  Note that the second equation implies the first, so our proof simply involves
the verification of the second equation. Let the nonsingular m x m matrix G be such
that B = GG’ and A = GAG’, where A = diag(\,(B'A), ... ,\,,(B~'A)). Then

max N, ((F'BF) Y(F'AF)) = max N((F'GG'F)Y Y (FFGAG'F))

= max N\, ((E'E)"Y(E'AE)),

where this last maximization is also over all m x h matrices of rank h, because
E = G'F must have the same rank as F. Note that because F has rank h, the b x h
matrix E'F is a nonsingular symmetric matrix. As was seen in the proof of Theorem
3.29, such a matrix can be expressed as E'FE = T'T' for some nonsingular symmetric
h x h matrix T'. It then follows that

max N((E'E)"Y(E'AE)) = max N,((TT)"Y(E'AE))

= max N(T'E'AET™Y),

where this last equality follows from Theorem 3.2(d). Now if we define the m x h
rank h matrix H = ET!, then

HH=T'EFET'=T7'TTT ' =1,.

Thus,
max N(TE'AET™Y) = max N, (H'AH) = \;(B™'A),

where the final equality follows from Theorem 3.19 and the fact that equality is actu-
ally achieved with the choice of H' = [I;, (0)]. O

Example 3.16 Many multivariate analyses are simply generalizations or extensions
of corresponding univariate analyses. In this example, we begin with what is known
as the univariate one-way classification model in which we have independent samples
of a response y from k£ different populations or treatments, with a sample size of n;
from the 7th population. The jth observation from the ith sample can be expressed as

Yij = Mi T €5,
where the y;’s are constants and the ¢€,;’s are independent and identically distributed
as N(0,0?). Our goal is to determine if the 1,’s are all the same; that is, we wish to
test the null hypothesis H, : u; = - - - = p,, against the alternative hypothesis H; : at
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least two of the p;’s differ. An analysis of variance compares (see Problem 2.45) the
variability between treatments,

k
SST => n,(m; — 1),
i=1

to the variability within treatments,

k  n;
SSE = Z Z (i — 7,)°,
i=1 j—1

where
n; k

i
?izz%j/”ia ?:znﬂi/”a n:Zm
j=1 i—1 im1

SST is referred to as the sum of squares for treatment whereas SSE is called the sum
of squares for error. The hypothesis H|, is rejected if the statistic

P SST/(k —1)

~ SSE/(n — k)

exceeds the appropriate quantile of the F' distribution with £ — 1 and n — k degrees
of freedom. Now suppose that instead of obtaining the value of one response variable
for each observation, we obtain the values of m different response variables for each
observation. If y, ; is the m x 1 vector of responses obtained as the jth observation
from the ith treatment, then we have the multivariate one-way classification model
given by

Yij = Ky + €5,

where p; is an m x 1 vector of constants and €;; ~ N,,(0,€), independently. Mea-
sures of the between treatment variability and within treatment variability are now
given by the matrices,

k k  n;

B = Z”z(@ -9)@, -y, W= ZZ(?J” - yi)(yij -7,;)

i=1 i=1 j=1

One approach to testing the null hypothesis Hj: p, =--- =, against the
alternative hypothesis [, : at least two of the u,’s differ, is by a method called
the union-intersection procedure. This technique is based on the following
decomposition of the hypotheses H,, and H, into univariate hypotheses. If c is
any m x 1 vector, and we define the hypothesis H,(c) : ¢y = -+ = 'y, then
the intersection of Hy(c) over all ¢ € R™ is the hypothesis H,,. In addition, if we
define the hypothesis H,(c) : at least two of the ¢’ ;s differ, then the union of the
hypotheses H,(c) over all ¢ € R™ is the hypothesis H,. Thus, we should reject
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the hypothesis H,, if and only if we reject H,(c) for at least one c. Now the null
hypothesis H,(c) involves the univariate one-way classification model in which
c'y,; is the response, and so we would reject H(c) for large values of the [ statistic

Fle) = SST(e)/(k — 1)’
SSE(e)/(n — k)

where SST(c) and SSE(c¢) are the sums of squares for treatments and errors, respec-

tively, computed for the responses 'y, ;. Since H,, is rejected if Hy(c) is rejected

for at least one ¢, we will reject H,, if F'(c) is sufficiently large for at least one c or,

equivalently, if

F
)

is sufficiently large. Omitting the constants (k — 1) and (n — k) and noting that the
sums of squares SST(c¢) and SSE(c¢) can be expressed using B and W as

SST(¢) = ¢ Be, SSE(c) = We,

we find that we reject H, for large values of

cBe

——— =\(W'B 3.26
W owe =MD o
where the right-hand side follows from Theorem 3.29. Thus, if u,_, is the (1 — a)th

quantile of the distribution of the largest eigenvalue \, (W~ B) (see, for example,
Morrison, 2005) so that

PN(WTIB) <uy |H) =1-a, (3.27)

then we would reject H, if A\ (W 'B)>u; ,. One advantage of the
union-intersection procedure is that it naturally leads to simultaneous confi-
dence intervals. It follows immediately from (3.26) and (3.27) that for any mean
vectors fiy, ... , i, with probability 1 — «, the inequality

> ne (@~ 9) — (s — WH@: ~7) — (s — e
=l e <u,, (3.28)

holds for all m x 1 vectors ¢, where

k
= Z nip;/n.
i=1
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Scheffé’s method (see, Scheffé, 1953, or Miller, 1981) can then be used on (3.28) to
yield the inequalities

k. m k

I / 2
E E a;CiYi; — ¢ | W_aWe E ai/n;
i=1 j=1 i=1

M-
NE

Il
—
<.

Il

A;Cjifij

7 1

k. m k
Z Z @;CTi; + 4| U We (Z af-/nz) :

i=1 j=1 i=1

IN

which hold with probability 1 — «, for all m x 1 vectors ¢ and all k£ x 1 vectors a
satisfying a’1;, = 0.

The remaining results in this section relate the eigenvalues of a matrix product to
products of the eigenvalues of the individual matrices. Theorem 3.32, which is due
to Anderson and Das Gupta (1963), gives bounds for a single eigenvalue of a matrix
product.

Theorem 3.32 Let A be an m X m nonnegative definite matrix, and let B be an
m X m positive definite matrix. If ¢, 7, and k are integers between 1 and m inclusive
and satisfying j + k& < ¢ + 1, then

@ A (AB) < A;(A)AL(B),
GD Am—H&L4B)EiAm—}H(A)Am—kH(B)

Proof.  Let the columns of the m x (j — 1) matrix H, be orthonormal eigenvectors
of A corresponding to A (A), ..., \;_;(A), and let the columns of the m x (k — 1)
matrix H, be orthonormal eigenvectors of B corresponding to A, (B), ... , A;,_(B).

Define the m x (j + k — 2) matrix H as H = [H, H,). Then

Ai(AB) <A 1(AB)

- ' Ax

max ————

~ Hz=0 x'B~lx
x#0

r’Ax  x'x

= max — —

Hz=0 x'x x'Blx
x#0

' Ax x'z
< max

max ——
Hz=0 x'x Hz=0 x'B 'z
x#0 x#0
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- x' Az x'z

max max ———

~ Hz=0 z'r Hz=0 *'B~lx
z#0 x#0

= (AN(B),

where the second inequality follows from Theorem 3.30 and the final equality follows
from Theorem 3.17. This establishes the inequality given in (a). The inequality in (b)
can be obtained from (a) as follows. Write A, = T AT, where T is the symmetric
matrix satisfying B = T, Then A, is nonnegative definite because A is. Applying (a)
to A, and B~" and using the fact that \;(A,B™") = X\;(A) and \;(A,) = X;(AB),
we get

Ai(A) S X (AB)AL(BT).

Since A\, (B™') = A\ !

" 41(B), this leads to

N(AB) > N(A)N,, g1 (B). (3.29)

For each (i, j, k) satisfying the constraint given in the theorem so also will (i, j,, k),
where ¢, =m —j+ 1 and j, = m — i+ 1. Making these substitutions in (3.29)
yields (b). O

Our next result, due to Lidskii (1950), gives a bound for a product of eigenvalues
of a matrix product. For a proof of this result, see Zhang (2011).

Theorem 3.33 Let A and B be m x m nonnegative definite matrices. If i,, ... , i,
are integers satisfying 1 <, < --- <14, < m, then

k k
j=1 j=1
fork =1, ... ,m, with equality for k = m.

Some additional inequalities for eigenvalues will be given in Sections 7.6
and 10.2.

3.9 ANTIEIGENVALUES AND ANTIEIGENVECTORS

Consider an m x m positive definite matrix A and an m x 1 nonnull vector x. If
y = Aw, it follows from the Cauchy-Schwarz inequality that

2/ Az = a'y < /(@)(y'y) = /(@) (@ ),
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with equality if and only if one of the vectors, « and vy, is a scalar multiple of the
other, that is, Az = Ax for some scalar A\. Another way of stating this is that the
function
/
b(x) = __ wAr

(z'x)(x' A%x)
has a maximum value of 1, which is attained if and only if « is an eigenvector of A.
This is not surprising since () is cos 0, where 0 is the angle between x and Ax,
and clearly the eigenvectors of A minimize this angle.

While the eigenvectors of A maximize 1)(x), the vectors that minimize ¢ (x) are
known as the antieigenvectors of A. The notion of antieigenvalues and antieigenvec-
tors was originated by Gustafson (1972).

Definition 3.2 Let A be an m x m positive definite matrix and x be an m x 1
vector. Then

. ' Az
fy = min ——————
=0 | /(x'x)(x' A2x)

is the first antieigenvalue of A and x is a corresponding antieigenvector if 1, = ¥(x).

The quantity 6 = cos™!(j;) can be described as the largest turning angle of A
since it gives the maximum angle between @ and Ax over all choices of & # 0.

Let \; > --- > X > 0 be the eigenvalues of A and x,, ... ,z,, corresponding
orthonormal eigenvectors. The following result shows that the first antieigenvalue
and corresponding normalized first antieigenvectors can be expressed in terms of
Al A, Ty, and @,

Theorem 3.34 The m x m positive definite matrix A has first antieigenvalue

2/ MM,

ﬂl:)\l‘i‘)\m,

with corresponding normalized antieigenvectors given by

1/2 1/2
1+ >‘1 + )‘m ! >‘1 + )‘Tn "

1/2 1/2
P S N AP VI S
1= A+ A, ! A+ A, m
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Proof. Let A= XAX' be the spectral decomposition of A, and define
y=AV’X'z, z = (y'y) "y, and v; = \,/(\\,,)"/% Then

' Az B (' XAV (A2 X' x)
V@) (@ A2x) /(@ XA 2)A (A2 X ) (2 XAT2) A2 X )
Yy
(y'A'y)(y'Ay)
1
(2’A"12)(2'Az)

= . (3.30)

Now since the function g() = v+~ ! has positive second derivative and g(vy,) =

9(Vy)» it follows that g(vy,) < g(v;) for j = 2, — 1, and so
1 m m 1 m
2 “12) _
B (;%‘21‘ +;% Zz) = 5222 Y+ )z
1 m
< 52 n+vnhz
1 1
=5+ =smtm). @3

An application of the arithmetic-geometric mean inequality (see Section 10.6) yields

m m m 1/2
% <Z%Z? +Z%‘12?> > {(Zwﬂ) (Z vz 2)} . (332
i=1 i=1 i=1

Combining (3.31) and (3.32), we have

m 1/2
{(Zl%f) (Z itz 2)} %(% +%m) = 5 (Al%i;”> =ur,

which establishes yi; as a lower bound for (3.30). This bound is attained if we have
equality in (3.31) and (3.32), sothat 27 = 2%, = Lory; =y, =+ = Y,y = 0.
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Consequently, the bound is attained when

x=XAy= iml + N

\/)\71 \/E m*

If A\, > XAy and \,,_; > A, there are only two linearly independent vectors of this
form, which, when normalized, can be expressed as &, , and x, _. O

Additional antieigenvalues and associated antieigenvectors can be defined as fol-
lows. Let X, = (&, ... ,®,_|, Ty, _jio, --- ,L,,). Then for k =2, ..., r, where
r=m/2if misevenand r = (m — 1)/2 if m is odd, the kth antieigenvalue of A is

. x' Ax
o= i — s
[ V(2'x)(x A%x)

with associated antieigenvectors given by any @ satisfying ¢)(x) = p,,. The proof of
the following result, which is omitted, is similar to the proof of Theorem 3.34.

Theorem 3.35 The m x m positive definite matrix A has kth antieigenvalue

2 V )‘k)‘mkarl

= :
¥ )‘k: + )‘mkarl

for k = 2, ... ,r. Corresponding normalized antieigenvectors are given by

SN— 1/2 A 1/2
x e _ Tmok4l €T _|_ - v € ,
h <>‘k + )‘mk+1> i Akt Akt mek

A 1/2 1/2
x, = <W7k+1> x; — (#) Ty i
>‘k + )‘mkarl >‘k + )‘mkarl

Applications of antieigenvalues and antieigenvectors in statistics can be found in
Khattree (2003), Rao (2005), and Gustafson (2006).

PROBLEMS

3.1 Consider the 3 x 3 matrix

9 -3 -4
A= 112 —4 —6
8 =3 -3

(a) Find the eigenvalues of A.
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3.2

33

34

3.5

3.6

3.7

(b) Find a normalized eigenvector corresponding to each eigenvalue.

(¢) Find tr(A).

Consider the 3 x 3 matrix A given in Problem 3.1 and the vector x = (3, 3,4)’.
(a) Show that  can be written as a linear combination of the eigenvectors of

A.
(b) Find A'%2 without actually computing A'°.

Find the eigenvalues of A’, where A is the matrix given in Problem 3.1. Deter-
mine the eigenspaces for A’, and compare these with those of A.

Let the 3 x 3 matrix A be given by

(a) Find the eigenvalues of A.

(b) For each different value of )\, determine the associated eigenspace
Sa(A).

(c) Describe the eigenspaces obtained in part (b).

Consider the 4 x 4 matrix

00 20
10 10
A= 01 -2 0

00 01
(a) Find the eigenvalues of A.
(b) Find the eigenspaces of A.
If the m x m matrix A has eigenvalues A\, ... , A, and corresponding eigen-
vectors &y, ... ,x,,, show that the matrix (A + ~I,,) has eigenvalues A\; +
Y, ..., A, + v and corresponding eigenvectors &, ... ,T,,.

In Example 3.7, we discussed the use of principal components regression as a
way of overcoming the difficulties associated with multicollinearity. Another
approach, called ridge regression, replaces the ordinary least squares estimator
in the standardized model, &, = (Z}Z,) ' Z|y by (ASM = (ZZ, +~I,) " Z}y,
where 7 is a small positive number. This adjustment will reduce the impact of
the near singularity of Z; Z, because the addition of I, increases each of the
eigenvalues of Z| Z, by ~.

(a) Show thatif NV > 2k + 1, there is an N x k matrix W, such that 317 is the
ordinary least squares estimate of d, in the model

y=0yly +(Z; +W)d; +¢
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3.8

3.9

3.10

3.11

3.12

313
3.14
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that is, 81w can be viewed as the ordinary least squares estimator of §;
after we have perturbed the matrix of values for the explanatory variables
Z, by W.

(b) Show that a k x k matrix U exists, such that 317 is the ordinary least
squares estimate of §, in the model

o] = %]+ (8] 2+ <)

where 0 is a k x 1 vector of zeros and €, ~ N, (0,021, ), independently
of € . Thus, the ridge regression estimator also can be viewed as the least
squares estimator obtained after adding k observations, each having zero
for the response variable and the small values in U as the values for the
explanatory variables.

Refer to Example 3.7 and the previous exercise.

(a) Find the expected values of the principal components regression estimator,
4., and the ridge regression estimator, ., thereby showing that each is a
biased estimator of ;.

1v>

(b) Find the covariance matrix of &, and show that var(§,) — var(d,,) is a
nonnegative definite matrix, where 81 is the ordinary least squares estimator
of 4.

(c) Find the (?ovariance matrix of & 1, and show that tr{var(d,) — var(é 1)} is
nonnegative.

If A and B are m X m matrices and at least one of them is nonsingular, show

that the eigenvalues of AB and B A are the same.

If A is a real eigenvalue of the m x m real matrix A, show that there exist real

eigenvectors of A corresponding to the eigenvalue \.

For some angle 6, consider the 2 x 2 matrix

__|cosf —sinf
" |sin@ cos@ |’

(a) Show that P is an orthogonal matrix.
(b) Find the eigenvalues of P.

Suppose that A is m x n and B is n x m. Show that if ABx = Az, where
A # 0 and x # 0, then Bex is an eigenvector of BA corresponding to A. Thus,
show that AB and B A have the same nonzero eigenvalues by showing that the
number of linearly independent eigenvectors of AB corresponding to A # 0 is
the same as the number of linearly independent eigenvectors of B A correspond-
ing to \.

Prove the results given in Theorem 3.2.

Suppose A is an m x m skew symmetric matrix. Show that each eigenvalue of
A is zero or a pure imaginary number; that is, each eigenvalue is of the form
0 + bt for some scalar b.
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3.15

3.16

3.17

3.18

3.19

3.20

3.21

3.22

3.23

We know from Theorem 3.2(d) that if /m x m matrices A and C' satisfy C' =
BAB™! for some nonsingular matrix B, then A and C' have the same eigenval-
ues. Show by example that the converse is not true; that is, find matrices A and
C that have the same eigenvalues, but do not satisfy C = BAB™" for any B.

Suppose that A is a simple eigenvalue of the m x m matrix A. Show that
rank(A — \I,)) =m — 1.

If Aisanm x mmatrix and rank(A — AI,,) = m — 1, show that \ is an eigen-
value of A with multiplicity of at least one.

Let A be an m X m matrix.

(a) Show that if A is nonnegative definite, then A? is also nonnegative definite.
(b) Show that if A is positive definite, then A~! is positive definite.

Consider the m x m matrix

1 1 0 0
0 1 1 0
A= o 7
0 0 O 1
0 0 O 1

which has each element on and directly above the diagonal equal to 1. Find the
eigenvalues and eigenvectors of A.

Let « and y be m x 1 vectors.

(a) Find the eigenvalues and eigenvectors of the matrix xy’.

(b) Show that if c=1+a'y #0, then [, +xy’ has an inverse and
(I, +xy) =1, —clay.

Let A be an m x m nonsingular matrix with eigenvalues A, ... , A, and cor-

responding eigenvectors x,, ... ,x,,.If I, + Aisnonsingular, find the eigen-
values and eigenvectors of

@ (I, +A4)7"

(b) A+ AL,

(¢ I, +AL

Suppose that A is an m x m nonsingular matrix and the sum of the elements in
each row of A is 1. Show that the row sums of A~ are also 1.

Let the m x m nonsingular matrix A be such that /,, + A is nonsingular, and
define

B=(,+A) "+, +A )"

(a) Show that if « is an eigenvector of A corresponding to the eigenvalue ),
then « is an eigenvector of B corresponding to the eigenvalue 1.

(b) Use Theorem 1.9 to show that B = I,,.
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3.24

3.25

3.26

3.27
3.28

3.29

3.30
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4 2
A= .
3 5

(a) Find the characteristic equation of A.

Consider the 2 x 2 matrix

(b) Tlustrate Theorem 3.8 by substituting A for A in the characteristic equation
obtained in (a) and then showing the resulting matrix is the null matrix.

(¢) Rearrange the matrix polynomial equation in (b) to obtain an expression for
A? as a linear combination of A and I,,,.

(d) In a similar fashion, write A% and A~! as linear combinations of A and I,,,.
Consider the general 2 X 2 matrix

A= [au 012} _

A1 Qg2

(a) Find the characteristic equation of A.

(b) Obtain expressions for the two eigenvalues of A in terms of the elements
of A.

(¢) When will these eigenvalues be real?

If A is m x m, then a nonnull m x 1 vector x satisfying Ax = A\x for some
scalar )\ is more precisely referred to as a right eigenvector of A corresponding
to A\. Anm x 1 vector y satisfying y’' A = py' is referred to as a left eigenvector
of A corresponding to y. Show that if A\ # p, then @ is orthogonal to y.

Find the eigenvalues and eigenvectors of the matrix 1,1/ .
A 3 x 3 matrix A has eigenvalues 1, 2, and 3, and corresponding eigenvectors
(1,1,1),(1,2,0), and (2,—1,6)". Find A.

Consider the m x m matrix A = al,, + (1 where « and 3 are scalars.

m 1 /m ’
(a) Find the eigenvalues and eigenvectors of A.
(b) Determine the eigenspaces and associated eigenprojections of A.
(¢) For which values of « and 3 will A be nonsingular?

(d) Using (a), show that when A is nonsingular, then

Al =a7l1, — lelin.
ala+mp)
(e) Show that the determinant of A is o™ (o + m@3).

Consider the m x m matrix A = al,,, + fec’, where o and 3 are scalars and
c # 0isanm x 1 vector.

(a) Find the eigenvalues and eigenvectors of A.
(b) Find the determinant of A.
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3.31

3.32

3.33

3.34

3.35

3.36

3.37

3.38

3.39

(¢) Give conditions for A to be nonsingular and find an expression for the
inverse of A.

Let A be the 3 x 3 matrix given by

A= |-

O =N
— =
o = O

(a) Find the eigenvalues and associated normalized eigenvectors of A.

(b) What is the rank of A?

(c) Find the eigenspaces and associated eigenprojections of A.

(d) Find tr(A%).

Construct a 3 x 3 symmetric matrix having eigenvalues 18, 21, and 28, and
corresponding eigenvectors (1,1,2)', (4,—2,—1)’, and (1, 3, —2)".

Show that if A is an m x m symmetric matrix with eigenvalues A\, ... , \,,,
then

m m

D) T
1=1

i=1 j=1

Show that the matrix A = (1 — p)I,,, + p1,,1,, is positive definite if and only
if—(m—-1)"1<p<l.

Show that if A is an m x m symmetric matrix with its eigenvalues equal to its
diagonal elements, then A must be a diagonal matrix.

Show that the converse of Theorem 3.28 is not true; that is, find symmetric
matrices A and B for which A\,(A+ B) > X\;(A) fori =1, ... ,m yet B is
not nonnegative definite.

Let A be an m x n matrix with rank(A) = r. Use the spectral decomposition
of A’A to show that an n x (n — r) matrix X exists, such that

AX=(0) and X'X=1,,.
In a similar fashion, show that an (m — r) X m matrix Y~ exists, such that
YA=(0) and YY'=1,_,.

Let A be the 2 x 3 matrix given by

6 4 4
A_{s 2 2]

Find matrices X and Y satisfying the conditions given in the previous exercise.

An m x m matrix A is said to be nilpotent if A*¥ = (0) for some positive
integer k.
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3.40

341
3.42

343

3.44
345

3.46

3.47

3.48
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(a) Show that all of the eigenvalues of a nilpotent matrix are equal to 0.
(b) Find a matrix, other than the null matrix, that is nilpotent.
Complete the details of Example 3.11 by showing that

7/n/ ?

1 0 0 0 0 O
P,—10 0 0/, P,— 1|0 10
0 0 O 0 0 1
as n — oQ.
Prove Corollary 3.18.2.

Let A be an m x m symmetric matrix with eigenvalues A; > --- > ), , and
suppose S is a k-dimensional subspace of R™.

(a) Show that if ' Ax/x'x > b for all x € S, then \;, > b.
(b) Show that if &' Ax/x’x < bforallx € S,then A, ;. <b.

Show by example that Theorem 3.21 need not hold if the matrices A and B are
not symmetric.

Prove Theorem 3.20.

Our proof of Theorem 3.28 utilized (3.9) of Theorem 3.18. Obtain an alternative
proof of Theorem 3.28 by using (3.10) of Theorem 3.18.

Let A be a symmetric matrix with A, (A) > 0. Show that

1
max .
z'Ax=1 '

)‘1(14) =

Let A be an m X m symmetric matrix and B be an m x m positive definite
matrix. If F'is any m x h matrix with full column rank, then show the follow-
ing:

@ Ny (F'BF) Y (F'AF)) > X, i (B'A), fori =1, ...  h.

(b) ming A, ((F'BF)" (F'AF)) = ,,_,, (B A).
(©) ming \,((F'BF)"\(F'AF)) = A, (B~ A).

Suppose A is an m x m matrix with eigenvalues A, ... , A, and associated
eigenvectors x,, ... ,x,,, whereas B is n x n with eigenvalues v, ... ,7,
and eigenvectors vy, ... ,Yy,. What are the eigenvalues and eigenvectors of the

(m+n) x (m+ n) matrix

=l B

Generalize this result by giving the eigenvalues and eigenvectors of the matrix
o
0 ¢, --- (0
c=|. .
© © -
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3.49

3.50

3.51

3.52

3.53

3.54

in terms of the eigenvalues and eigenvectors of the square matrices C, . ..

Let ) L 9
T:[Q 1 1]‘

(a) Find the eigenvalues and corresponding eigenvectors of 77",

,C,

re

ind the eigenvalues and corresponding eigenvectors o .
(b) Find the eigenval d ponding eig f7'T

Let A be an m x m symmetric matrix. Show that if k is a positive integer, then
A?F is nonnegative definite.

Show that if A is a nonnegative definite matrix and a;; = 0 for some ¢, then
a;; = aj;; = 0forall j.

Let A be an m x m positive definite matrix and B be an m X m nonnegative

definite matrix.
(a) Use the spectral decomposition of A to show that

A+ B| > 4],

with equality if and only if B = (0).
(b) Show that if B is also positive definite and A — B is nonnegative definite,
then |A| > | B| with equality if and only if A = B.

Suppose that A is an m x m symmetric matrix with eigenvalues A, ... , A,
and associated eigenvectors x, ... ,,,, whereas B is an m X m symmetric
matrix with eigenvalues v, ... ,7,, and associated eigenvectors T, ... ,,,;
that is, A and B have common eigenvectors.

(a) Find the eigenvalues and eigenvectors of A + B.

(b) Find the eigenvalues and eigenvectors of AB.

(¢) Show that AB = BA.

Suppose that z,, ... ,x, is a set of orthonormal eigenvectors corresponding
to the r largest eigenvalues v, ... ,7, of the m x m symmetric matrix A and

assume that 7,. >+, ;. Let P be the total eigenprojection of A associated with
the eigenvalues 7, ... ,,; that is,

T
_ 1
P = E T,T;.
i=1

Let B be another m x m symmetric matrix with its r largest eigenvalues given
by py, ..., p,, where p,. > .., and a corresponding set of orthonormal
eigenvectors given by y,, ... ,y,. Let () be the total eigenprojection of B
associated with the eigenvalues i, ... , j1,. so that

.
Q=> vy
i=1
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3.55

3.56

3.57
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(a) Show that P = ( if and only if

Z{%‘ +p; — A(A+ B)} = 0.

i=1

(b) Let X = (xy, ... ,x,,), where ., ... ,x,, is a set of orthonormal
eigenvectors corresponding to the smallest m — r eigenvalues of A. Show

that if P = @, then X’ BX has the block diagonal form

o V)

where U is r X rand V' is (m —r) x (m —r).

Let A\, > --- > )\, be the eigenvalues of the m x m symmetric matrix A and
T, ...,x,, be asetof corresponding orthonormal eigenvectors. For some &,
define the total eigenprojection associated with the eigenvalues A, ... , A\, as
m
P = Z T,x
i—k
Show that A\, = --- = A,, = Aif and only if

P(A - AL,)P = (0).

Let A, ..., A, be m x m symmetric matrices, and let 7, be one of the eigen-
values of A;. Let,, ... ,x, be aset of orthonormal m x 1 vectors, and define

T
_ /
P = E T, x;.
i=1

Show that if each of the eigenvalues 7; has multiplicity r and has =, ... ,x
as associated eigenvectors, then

k
P {Z (4, — Tifm)2} P =(0).

i=1

Let A\, > --- > ), be the eigenvalues of the m x m symmetric matrix A.
(a) If Bis an m x r matrix, show that

Br%m tr(B'AB) Z Ar—itl

and
,

B'AB)
Br/%ax tr( Z A
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(b) Forr =1, ... ,m, show that

s T T
Z Am—it1 < zam‘ < Z Ai
i=1 i=1 i=1

3.58 Let A\, > --- > ), be the eigenvalues of the m x m positive definite matrix
A.

(a) If B is an m X r matrix, show that
-
. /
in [B'AB| = 11 S
i

and

/ = .
Jnax [BAB| = 1:[1 A,

(b) Let A, be the r x r submatrix of A consisting of the first » rows and first
r columns of A. Forr =1, ... , m, show that

H)‘mfiJrl < ‘Arl < HAz
i=1 i=1

3.59 Let A be an m x m nonnegative definite matrix, whereas B and C' are m x m
positive definite matrices. If 7, j, and k are integers between 1 and m inclusive
and satisfying j + k& < ¢ 4+ 1, show that

(@ )\,(AB) < )\j(AC’*l))\k(CB),
(b) A (AB) > A (AC?I)/\m—k-H(CB)'
3.60 Let A and B be m x m positive definite matrices. Show that

m—i+1 m—j+1

N:(AB) N:(AB)
NN (B) = M ENB) < s

m (B) ’
fori=1,... ,m.

3.61 Let A be an m x m positive definite matrix with eigenvalues Ay > -+ > A
If X is an m x k matrix with k& < m/2, show that

m*

|X,AX| - 2 V >‘i)‘m—1l+1

min :
XX=Le /IXTAPX] g At A
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3.62 Consider the function () given in Section 3.9, where the m x m matrix A is
positive definite.

(a) Show that the stationary points of 1)(x) subject to the constraint 'z = 1

satisfy 42 oA
T T

22 2 e
A’z x'Ax T

(b) Show that the equation given in part (a) holds for all normalized eigenvec-
tors of A and all normalized antieigenvectors of A.



MATRIX FACTORIZATIONS AND
MATRIX NORMS

4.1 INTRODUCTION

In this chapter, we take a look at some useful ways of expressing a given matrix A
in the form of a product of other matrices having some special structure or canonical
form. In many applications, such a decomposition of A may reveal the key features
of A that are of interest to us. These factorizations are particularly useful in multivari-
ate distribution theory in that they can expedite the mathematical development and
often simplify the generalization of results from a special case to a more general sit-
uation. Our focus here will be on conditions for the existence of these factorizations
as well as mathematical properties and consequences of the factorizations. Details
on the numerical computation of the component matrices in these factorizations can
be found in texts on numerical methods. Some useful references are Golub and Van
Loan (2013), Press, et al. (2007), and Stewart (1998, 2001).

4.2 THE SINGULAR VALUE DECOMPOSITION

The first factorization that we consider, the singular value decomposition, could be
described as the most useful because this factorization is for a matrix of any size;
the subsequent decompositions will only apply to square matrices. We will find this
decomposition particularly useful in the next chapter when we generalize the concept
of an inverse of a nonsingular square matrix to any matrix.

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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Theorem 4.1 If Ais anm x n matrix of rank r > 0, orthogonal m x mandn x n
matrices P and @) exist, such that A = PD(Q’ and D = P'AQ), where the m X n
matrix D is given by

(a) A if r=m=n, (b) [A (0)] if r=m<mn,

(c) {(ﬁ)} it r=n<m, (d) [(ﬁ) Egﬂ it r<m,r<mn,

and A is an r x r diagonal matrix with positive diagonal elements. The diagonal
elements of A? are the positive eigenvalues of A’A and AA’.

Proof. 'We will prove the result for the case » < m and r < n. The proofs of (a)—(c)
only require notational changes. Let A? be the r x r diagonal matrix whose diago-
nal elements are the r positive eigenvalues of A’ A, which are identical to the positive
eigenvalues of AA’ by Theorem 3.27. Define A to be the diagonal matrix whose diag-
onal elements are the positive square roots of the corresponding diagonal elements
of A2, Since A’A is an n x n symmetric matrix, we can find an n x n orthogonal

matrix @, such that ,
Paao — |A%(0)
QAAQ= {<0> <o>] |

Partitioning Q as Q = [@Q, Q,], where @, is n X r, the identity above implies that
QA'AQ, = A? 4.1)
and
QyA'AQ, = (0). (4.2)
Note that from (4.2), it follows that
AQ, = (0). 4.3)
Now let P = [P, P,] be an m x m orthogonal matrix, where the m x r matrix
P, = AQ,A~! and the m x (m — r) matrix P, is any matrix that makes P orthog-
onal. Consequently, we must have PP, = PyAQ, A~ = (0) or, equivalently,
PyAQ, = (0). 4.4
By using (4.1), (4.3), and (4.4), we find that

. [PIAQ, PAQ,
PaQ= {PéAQl PIAQ,
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ATIQLAAQ, AlQ’lA’AQz]

| BAQ PAQ,
_[AiAz AlQ’lA’(O)}
) P3(0)

and so the proof is complete. |

The singular value decomposition as given in Theorem 4.1 is for real matrices A.
However, this decomposition easily extends to complex matrices. In particular, an
m x n complex matrix A can be expressed as A = PDQ*, where the m x m and
n X n matrices P and () are unitary, while D has the same form given in Theorem
4.1 with the diagonal elements of A given by the positive square roots of the nonzero
eigenvalues of A*A.

The diagonal elements of the A matrix given in Theorem 4.1, that is, the positive
square roots of the positive eigenvalues of A’ A and AA’, are called the singular values
of A. It is obvious from the proof of Theorem 4.1 that the columns of () form an
orthonormal set of eigenvectors of A’ A, and so

A'A=QD'DQ. 4.5)

It is important to note also that the columns of P form an orthonormal set of eigen-
vectors of AA’ because

AA = PDQ'QD'P = PDD'P'. (4.6)

If we again partition P and Q as P =[P, P,J and Q = [Q; @], where P, is
m x r and (); is n X r, then the singular value decomposition can be restated as
follows.

Corollary4.1.1 If Aisanm x nmatrix of rank r > 0, thenm X rand n X r matri-
ces P, and @) exist, such that P{ P, = Q| Q, = I, and A = P,AQ), where A is an
r % r diagonal matrix with positive diagonal elements.

It follows from (4.5) and (4.6) that P, and (), are semiorthogonal matrices
satisfying

PAA'P = A QIAAQ, = A”. 4.7
However, in the decomposition A = P, AQ), the choice of the semiorthogonal matrix

P, satisfying (4.7) is dependent on the choice of the (), matrix. This should be appar-
ent from the proof of Theorem 4.1 in which any semiorthogonal matrix (), satisfying
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(4.7) was first selected, but the choice of P, was then given by P, = AQ,A~". Alter-
natively, we could have first selected a semiorthogonal matrix P, satisfying (4.7) and
then have chosen Q; = A’P, AL

A lot of information about the structure of a matrix A can be obtained from its
singular value decomposition. The number of singular values gives the rank of A,
whereas the columns of P, and @), are orthonormal bases for the column space and
row space of A, respectively. Similarly, the columns of P, span the null space of A’,
and the columns of @, span the null space of A.

Theorem 4.1 and Corollary 4.1.1 are related to Theorem 1.11 and its corollary,
Corollary 1.11.1, which were stated as consequences of the properties of elemen-
tary transformations. It is easily verified that Theorem 1.11 and Corollary 1.11.1 also
follow directly from Theorem 4.1 and Corollary 4.1.1.

Example 4.1 We will find the singular value decomposition for the 4 x 3 matrix

2 0 1

3 -1 1

A= -2 4 1

1 11

First, an eigenanalysis of the matrix

18 —10 4
AA=|-10 18 4
4 4 4

reveals that it has eigenvalues 28, 12, and 0 with associated normalized eigenvectors
(1/v2,-1/v/2,0), (1/v/3,1/3/3,1/4/3)", and (1/v/6,1/1/6,—2/+/6)', respec-
tively. Let these eigenvectors be the columns of the 3 x 3 orthogonal matrix Q.
Clearly, rank(A) = 2 and the two singular values of A are /28 and 1/12. Thus, the
4 x 2 matrix P, is given by

R IR VIVC AR Ve
Pp=AQAT = o, ] |-UvV2 VB
111 0 1/V3
1/V/28 0
[ 0 WE]
1/V14 1/2
2/V/14 1/2
-3/V14 1/2
0 1/2

The 4 x 2 matrix P, can be any matrix satisfying P/P, = (0) and P,P, = I,; for
instance, (1/v/12,1/v/12,1/4/12,—-3/+v/12) and (—5/v42,4/v/42,1//42,0)
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can be chosen as the columns of P,. Then our singular value decomposition of A is
given by

1/vi4 1/2  1/V12 -5/V/42] [V28 0 0]
2/V/14 1/2  1/V/12  4/V42 0 V12 0
—3/V/14 1/2  1/V/12  1/V42 0 00
0 1/2 -3/V12 0 0 0 0]
1/V2 —1/V2 0]

x [1/V3  1/V3  1/V3],

1/v6  1/vV6 —2/V6]

or in the form of Corollary 4.1.1,

1/v/14 1/2

2/V/14 1/2| [V28 ol [1/v2 —1/v2 0

—3/V14 1/2 [ 0 \/ﬁ} {1/\/5 1/vV3 1/V3]'
0 1/2

As an alternative way of determining the matrix P, we could have used the fact that
its columns are eigenvectors of the matrix

5 7 -3 3
711 -9 3
AN=113 9 21 3
3 3 3 3

However, when constructing P this way, one must check the decomposition
A = P,AQ) to determine the correct sign for each of the columns of P;.

The singular value decomposition of a vector is very easy to construct. We illus-
trate this in the next example.

Example 4.2 Let x be an m x 1 nonnull vector. Its singular value decomposition
will be of the form

x = Pdgq,
where P is an m x m orthogonal matrix, d is an m x 1 vector having only its first
component nonzero, and ¢ is a scalar satisfying ¢ = 1. The single singular value of
x is given by A\, where \? = z/z. If we define z, = A~ 'x, note that =x, = 1, and

zx'x, = xx'(\'x) = (V) = Nx,,

so that x, is a normalized eigenvector of xa’ corresponding to its single positive
eigenvalue A>. Any nonnull vector orthogonal to x, is an eigenvector of xx’
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corresponding to the repeated eigenvalue 0. Thus, if we letd = (A,0 ... ,0),q¢ =1,
and P = (z,, p,, ... ,p,,) be any orthogonal matrix with «, as its first column, then

A

Pdq = [x,,py, ..., D) | .| 1=z

as is required.

When A is m x m and symmetric, the singular values of A are directly related to
the eigenvalues of A. This follows from the fact that AA’ = A?, and the eigenvalues of
A? are the squares of the eigenvalues of A. Thus, the singular values of A will be given
by the absolute values of the eigenvalues of A. If we let the columns of P be a set of
orthonormal eigenvectors of A, then the ) matrix in Theorem 4.1 will be identical to
P except that any column of () that is associated with a negative eigenvalue will be —1
times the corresponding column of P. If A is nonnegative definite, then the singular
values of A will be the same as the positive eigenvalues of A and, in fact, the singular
value decomposition of A is simply the spectral decomposition of A discussed in the
next section. This nice relationship between the eigenvalues and singular values of a
symmetric matrix does not carry over to general square matrices.

Example 4.3 Consider the 2 x 2 matrix
6 6
=l

, 20 o [37 35
AA_[O 2}’ AA_{35 37}'

which has

Clearly, the singular values of A are /72 = 61/2 and /2. Normalized eigenvec-
tors corresponding to 72 and 2 are (1,0)" and (0,1) for AA’, whereas A’A has
(1/+/2,1/4/2)" and (—1/+/2,1/+/2)". Thus, the singular value decomposition of A
can be written as

o S v L )

On the other hand, an eigenanalysis of A yields the eigenvalues 4 and 3. Associated

normalized eigenvectors are (3/1/10, —1/4/10)" and (2//5, —1/v/5)".

We end this section with an example that illustrates an application of the singular
value decomposition to least squares regression. For more discussion of this and other
applications of the singular value decomposition in statistics, see Mandel (1982),
Eubank and Webster (1985), and Nelder (1985).
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Example 4.4 In this example, we will take a closer look at the multicollinearity
problem that we first discussed in Example 3.7. Suppose that we have the standardized
regression model,

y=10ly + 2,6, +e

We have seen in Example 2.16 that the least squares estimator of d; is J. The fitted
model §y =yl + thsl gives points on a hyperplane in RF*!, Where the (k4 1)
axes correspond to the k standardized explanatory variables and the fitted response
variable. Now let Z, = V DU’ be the singular value decomposition of the N x k
matrix Z;. Thus, V is an N x N orthogonal matrix, U is a k x k orthogonal matrix,
and D is an N x k matrix that has the square roots of the eigenvalues of Z]Z, as
its diagonal elements and zeros elsewhere. We can rewrite the model y = J,1 +
Z,6, + e as we did in Example 2.16 by defining ooy = 0, ¢; = U'd and W, = VD,
so that y = oyy1y + W, + €. Suppose that exactly r of the diagonal elements of
D, specifically the last r diagonal elements, are zeros, and so by partitioning U, V,
and D appropriately, we get Z, = V, D, U;, where D, is a (k — r) x (k — r) diago-
nal matrix. This means that the row space of Z, is a (k — r)-dimensional subspace of
RF, and this subspace is spanned by the columns of U, ; that is, the points on the fitted
regression hyperplane described above, when projected onto the k-dimensional stan-
dardized explanatory variable space, are actually confined to a (k — r)-dimensional
subspace. Also, the model y = ay1 5 + W, + € simplifies to

y=oyly +Wyay +€ (4.8)

where Wy, = V| D, a;; = U{ 8, and the least squares estimator of the (k — r) x 1
vector v, is given by &y, = (W{,W,,)"'W{,y = D;'V/y. This can be used to
find a least squares estimator of §; because we must have &;; = U{&l. Partitioning
6, = (3/11,[5,12)’ and U = (U},,U}), where &, is (k—r) x 1, we obtain the
relationship X R

&y = Uj10y; + U0y,

Premultiplying this equation by U], (if U}, is not nonsingular, then &, and U, can
be rearranged so that it is), we find that

N / 1A —1rrr 5 .
011 = Upy &y — Upy Uppdyy;

that is, the least squares estimator of &, is not unique because 8, = (3/11, 3/12)’ is a
least squares estimator for any choice of 612, as long as 511 satisfies this identity.
Now suppose that we wish to estimate the response variable y corresponding to an
observation that has the standardized explanatory variables at the values given in
the k x 1 vector z. Using a least squares estimate 5 | we obtain the estimate § =
Y+ z 5 This estimated response, like ) 1> may not be unique because, if we partition
z as z' = (2, z}) with z; being (k — r) x 1,

y:g—&—z’ﬁ =G+ 218y, + 250,
U/lldu +( Z1U111U12)512
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Thus, § does not depend on the arbitrary 512 and is therefore unique, only if
(25— U1 ' Upy) = O, (4.9)

in which case the unique estimated value is given by § = 7 + 2/ U} 'éy;. It is easily
shown that the set of all vectors z = (2], 2})’ satisfying (4.9) is simply the column
space of U;. Thus, y = ¢, + 2’8, is uniquely estimated only if the vector of standard-
ized explanatory variables z falls within the space spanned by the collection of all
vectors of standardized explanatory variables available to compute 5 1-

In the typical multicollinearity problem, Z, is full rank so that the matrix D has no
zero diagonal elements but instead has r of its diagonal elements very small relative
to the others. In this case, the row space of Z; is all of R, but the points correspond-
ing to the rows of Z; all lie very close to a (k — r)-dimensional subspace S of R¥,
specifically, the space spanned by the columns of U;. Small changes in the values of
the response variables corresponding to these points can substantially alter the posi-
tion of the fitted regression hyperplane § =7 + 2’ 31 for vectors z lying outside of
and, in particular, far from S. For instance, if £ = 2 and r = 1, the points correspond-
ing to the rows of Z, all lie very close to S, which, in this case, is a line in the 2, 2,
plane,and§ =7 + 2’ ) , will be given by a plane in R? extended over the z,, z, plane.
The fitted regression plane §j = 3 + 2’ ) , can be identified by the line formed as the
intersection of this plane and the plane perpendicular to the z,, z, plane and passing
through the line .S, along with the tilt of the fitted regression plane. Small changes in
the values of the response variables will produce small changes in both the location
of this line of intersection and the tilt of the plane. However, even a slight change in
the tilt of the regression plane will yield large changes on the surface of this plane
for vectors z far from S. The adverse effect of this tilting can be eliminated by the
use of principal components regression. As we saw in Example 3.7, principal com-
ponents regression utilizes the regression model (4.8), and so an estimated response
will be given by § = 7 + 2'U, D; ' V{/y. Since this regression model technically holds
only for z € S, by using this model for z ¢ S, we will introduce bias into our esti-
mate of y. The advantage of principal components regression is that this bias may be
compensated for by a large enough reduction in the variance of our estimate so as to
reduce the mean squared error (see Problem 4.11). However, it should be apparent
that the predicted values of y obtained from both ordinary least squares regression
and principal components regression will be poor if the vector z is far from S.

4.3 THE SPECTRAL DECOMPOSITION OF A SYMMETRIC MATRIX

The spectral decomposition of a symmetric matrix, which was briefly discussed in
Chapter 3, is nothing more than a special case of the singular value decomposition.
We summarize this result in Theorem 4.2.

Theorem 4.2 Let A be an m x m symmetric matrix with eigenvalues A, ... , A

) m?

and suppose that x;, ... ,x,, is a set of orthonormal eigenvectors corresponding
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to these eigenvalues. Then, if A = diag(A, ..., A
follows that

)and X = (xy, ... ,x,,), it

m

A=XAX'

We can use the spectral decomposition of a nonnegative definite matrix A to find a
square root matrix of A; thatis, we wish to find an m x m nonnegative definite matrix
AY? for which A = AY2AY2 1f A and X are defined as in Theorem 4.2, and we let
A2 = diag(A?, ... A7) and AY2 = XAY2X', then because X'X = I, |

A1/2A1/2 — XAI/QXlel/ZX/ — XA1/2A1/2X/
= XAX' = A,

as is required. Note that (A'/?)" = (XA'/2X') = XA'/2X" = A'/?; consequently,
X A2 X" is referred to as the symmetric square root of A. Note also that if we did not
require A to be nonnegative definite, then A'/? would be a complex matrix if some
of the eigenvalues of A are negative.

Itis easy to show that the nonnegative definite square root A'/? is uniquely defined.
In Section 3.4, we saw that the spectral decomposition of A can be written as

k

A= Z:u’iPA(N’z’)a

=1

where (i, ..., u; are the spectral values of A. The eigenprojections of A are
uniquely defined and satisfy {P,(u;)} = Pa(p;), {Pa(it;)}* = P4(1;), and
Pa(p;)Pa(p;) = (0) if i # j. Suppose B is another m x m nonnegative definite
matrix with its spectral decomposition given by

T
B=3 Ps(1)-
j=1

If A = B? so that .
A= "Pg(y)),
J=1

it follows that we must have 7 = k and for each i, y1; = 77 and P, (p;) = Pg(~;) for
some j. This implies that

B = Z:ul/ZPA :U’z

and this is equivalent to the expression A'/2 = X A'/2X" given above.

We can expand the set of square root matrices if we do not insist that A'/2 be
symmetric; that is, now let us consider any matrix A'/? satisfying A = A'/2(A'/?Y’,
If  is any m x m orthogonal matrix, then A/ = XA'/2Q)’ is such a square root
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matrix because

A1/2A1/2/ — XAI/QQ/QAI/QX/ — XAI/ZAl/ZX/
= XAX' = A.
If A'/? is a lower triangular matrix with nonnegative diagonal elements, then the

factorization A = A'/? A'/? is known as the Cholesky decomposition of A. Theorem
4.3 establishes the existence of such a decomposition.

Theorem 4.3 Let A be an m X m nonnegative definite matrix. Then an m x m
lower triangular matrix 7" having nonnegative diagonal elements exists, such that
A = TT'. Further, if A is positive definite, then the matrix 7" is unique and has posi-
tive diagonal elements.

Proof.  'We will prove the result for positive definite matrices. Our proof is by induc-
tion. The result clearly holds if m = 1, because in this case, A is a positive scalar,
and so the unique 7" would be given by the positive square root of A. Now assume
that the result holds for all positive definite (m — 1) x (m — 1) matrices. Partition A

as
A= {An ‘112}
- ! )
Qjp Ay

where A, is (m — 1) x (m — 1). Since A;; must be positive definite if A is, we
know there exists a unique (m — 1) x (m — 1) lower triangular matrix 7}, having
positive diagonal elements and satisfying A,,; = T3;77,. Our proof will be complete
if we can show that there is a unique (m — 1) X 1 vector ¢,, and a unique positive

scalar ¢4, such that
{Au 011 _ [Tn 0} [Tﬁ t12}
ay, ay thy ty] [0° ty

_ [7:11T}/1 / Tiity, , } )
Tl oty + 157

that is, we must have a,, = T},t,, and ayy = t}yt,5 + t3,. Since T}, must be nonsin-
gular, the unique choice of t,, is given by ¢,, = T}, a,,, and so 3, must satisfy

2 / . / —1\/—1
tyy = A9y — thotyy = agy — aip(T1; )11y ayy

_ / /-1 _ / —1
= 9y — a1 (T11 1Y) @y = ayy — ajpAjy agy.

Note that because A is positive definite, a,, — @}, A @, will be positive because,
if weletx = (x}, —1) = (a},A;], —1)', then

/ R/ /
' Ax = 2| Aj Ty — 2310, + aqgy

4 -1 roa-1
= ajp A Ap A app —2a,A1 aqy + ay
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/ -1
= Gy — apAjyag,.
Consequently, the unique t,, > 0 is given by tyy = (ayy — @}y A7 ayy)/>. O

The following decomposition, commonly known as the () R factorization, can be
used to establish the triangular factorization of Theorem 4.3 for positive semidefinite
matrices.

Theorem 4.4 Let A be an m X n matrix, where m > n. An n X n upper triangu-
lar matrix R with nonnegative diagonal elements and an m x n matrix () satisfying
Q'Q = I, exist, such that A = QR.

Proof. Let 7|, = (a}a,)"/?, where a, is the first column of A. If 7, = 0, let
Q, = 1,,,, otherwise let ), be any m x m orthogonal matrix with its first row given

by a /7y, so that
/
_ T 11
QIA - |: 0 A2:|

for some (n—1)x1 vector b;; and (m—1)x (n—1) matrix A,. Let
Ty = (ahay)'/?, where a, is the first column of A,. If ryy = 0, let Qo = I, 4,
otherwise let @y, be any (m — 1) x (m — 1) orthogonal matrix with its first row
given by al,/r,, so that

T T2 :12 1 0o
Q@1 A= | 0 1y by|,where Q)= {0 Q } )
0 0 A, 22

i1 = (719, b)), by is some (n — 2) x 1 vector, and A, is some (m — 2) x (n — 2)

matrix. Continuing in this fashion through n steps, we will have obtained m x m
orthogonal matrices @)y, ... ,@,, such that

oran- 8]

where R is ann x n upper triangular matrix with diagonal elements r,;, ... ,r,,,,all
of which are nonnegative. Finally, partition the orthogonal matrix ), = @,, - - - @, as
Q. = [Q, P], where Q is m x nsothat Q'Q = I,, and A = QR. O

If A is a positive semidefinite matrix and A = A'/?(A'/2?)’, then the triangular

factorization of Theorem 4.3 for positive semidefinite matrices can be proven by using
the QR factorization of (A'/2)’.

Example 4.5 Suppose that the m x 1 random vector = has mean vector p and
the positive definite covariance matrix €. By using a square root matrix of 2, we
can determine a linear transformation of x so that the transformed random vector
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is standardized; that is, it has mean vector O and covariance matrix [,,. If we let
Q72 be any matrix satisfying Q = Q/2(Q'/2)" and put z = Q" /?(x — ), where
Q12 = (Q'/?)~!, then by using (1.8) and (1.9) of Section 1.13, we find that
E(z) = E{Q*(z — p)} = O VH{E(x — p)}
= (p—p)=0
and
var(z) = var{Q~V2(z — p)}
— QP fvar(e — ) Q2
= Q2 {var(z) }(Q /2
=2 =1,
Since the covariance matrix of z is the identity matrix, the Euclidean distance func-
tion will give a meaningful measure of the distance between observations from this
distribution. By using the linear transformation defined above, we can relate dis-

tances between z observations to distances between x observations. For example,
the Euclidean distance between an observation z and its expected value O is

dr(2,0) = {(z - 0)(z — 0)}'/* = (22)"/?

{(x— p)( Q2 Q 2 (@ — )}/
{(@— Q' (@ — )}/

do(z, p),

€T —
€T —

where d, is the Mahalanobis distance function defined in Section 2.2. Similarly, if
x, and x, are two observations from the distribution of x and 2z, and z, are the
corresponding transformed vectors, then d;(z;, z,) = dg(x;, x,). This relationship
between the Mahalanobis distance and the Euclidean distance makes the construction
of the Mahalanobis distance function more apparent. The Mahalanobis distance is
nothing more than a two-stage computation of distance; the first stage transforms
points so as to remove the effect of correlations and differing variances, whereas the
second stage simply computes the Euclidean distance for these transformed points.

Example 4.6 We consider the generalized least squares regression model which
was first discussed in Example 2.22. This model has the same form as the standard
multiple regression model that is,

y=XB+e,

but now var(e) = o>C, where C is a known N x N positive definite matrix. In
Example 2.22, we found the least squares estimator of 3 by using properties of pro-
jections. In this example, we obtain that same estimator by a different approach. We
will transform the problem to ordinary least squares regression; that is, we wish to
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transform the model so that the vector of random errors in the transformed model has
oIy as its covariance matrix. This can be done by using any square root matrix of C.
Let T be any N x N matrix satisfying TT" = C or, equivalently, 7" 'T~! = 1.
Now transform our original regression model to the model

wherey, = T 'y, X, = T"'X,ande, = T '€, andnote that E(e,) = T 'E(e) = 0
and
var(e,) = var(T 'e) = T~ {var(e)} T
=T Yo*O)T' ' =T ' TT'T"™!
= UZIN.
Thus, the generalized least squares estimator B* of B in the model y = X3 + € is

given by the ordinary least squares estimator of 3 in the model y, = X,3 + €, and
so it can be expressed as

B, = (X/X,) Xy, = (XT'T'X)'XT'T 'y
— (X/C_lX)_lX/C_ly.

In some situations, a matrix A can be expressed in the form of the transpose prod-
uct, BB’, where the m x r matrix B has r < m, so that unlike a square root matrix,
B is not square. This is the subject of Theorem 4.5, the proof of which will be left to
the reader as an exercise.

Theorem 4.5 Let A be an m x m nonnegative definite matrix with rank(A) = r.
Then there exists an m X r matrix B having rank of r, such that A = BB'.

The transpose product form A = BB’ of the nonnegative definite matrix A is not
unique. However, if C' is another matrix of order m x n where n > rand A = CC"’,
then there is an explicit relationship between the matrices B and C'. This is established
in the next theorem.

Theorem 4.6 Suppose that B is an m x h matrix and C'is an m X n matrix, where
h < n.Then BB’ = CC"if and only if an h x n matrix () exists, such that QQ' = I,
and C' = BQ.
Proof. If C = BQ with QQ’ = I, then clearly

CC' = BQ(BQ)' = BQQ'B' = BB'.

Conversely, now suppose that BB’ = C'C’. We will assume that h = n because
if h <n, we can form the matrix B, =[B (0)], so that B, is m x n and
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B, B! = BB’; then proving that an n x n orthogonal matrix (), exists, such that
C = B,Q,, will yield C' = BQ if we take () to be the first h rows of @,. Now
because BB’ is symmetric, an orthogonal matrix X exists, such that

A (0)
(0) (0)
where rank(BB') =r and the r x r diagonal matrix A contains the positive

eigenvalues of the nonnegative definite matrix BB’. Here X has been partitioned as
X =[X, X,], where X, is m x r. Form the matrices

BB =CC' =X [ } X' = X,AX],

_ (A2 (o) /
P=lw0 5.]%7
[A-12X'B E
=" x| = 5]
_ (A2 (o) /
F=1wo 1n,.]%¢
[A-12X1C F
=[x =R

so that

we=rr= [ B

thatis, B\ E} = [\ F| = 1., E,E) = F,F) = (0),and so B, = F, = (0). Now let
and F; be any (h — r) x h matrices, such that £, = [E] FEj]'and F, = [F] Fj
are both orthogonal matrices. Consequently, if @ = E.F,,then QQ' = E.F,F.F, =
E/E, = I, so Q is orthogonal. Since E, is orthogonal, we have E, E; = (0), and so

sa-srs -] =]

[o WA
©0) (0] [F3 (0)
However, using (4.10) and (4.11), EQ = F can be written as

o |xme= [ty [0 ]xe

m-—r m-—r

The result now follows by premultiplying this equation by
1/2
A o]
0 I

m-—r

because X X' =1 . O
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4.4 THE DIAGONALIZATION OF A SQUARE MATRIX

From the spectral decomposition theorem, we know that every symmetric matrix can
be transformed to a diagonal matrix by postmultiplying by an appropriately chosen
orthogonal matrix and premultiplying by its transpose. This result gives us a very
useful and simple relationship between a symmetric matrix and its eigenvalues and
eigenvectors. In this section, we investigate a generalization of this relationship to
square matrices in general. We begin with Definition 4.1.

Definition 4.1 The m x m matrices A and B are said to be similar matrices if a
nonsingular matrix C' exists, such that A = CBC .

It follows from Theorem 3.2(d) that similar matrices have identical eigenvalues.
However, the converse is not true. For instance, if we have

0 1 0 0
R U
then A and B have identical eigenvalues because each has 0 with multiplicity 2.
Clearly, however, there is no nonsingular matrix C' satisfying A = CBC .

The spectral decomposition theorem given as Theorem 4.2 tells us that every sym-
metric matrix is similar to a diagonal matrix. Unfortunately, the same statement does
not hold for all square matrices. If the diagonal elements of the diagonal matrix A are
the eigenvalues of A, and the columns of X are corresponding eigenvectors, then
the eigenvalue-eigenvector equation AX = XA immediately leads to the identity
X TAX = A, if X is nonsingular; that is, the diagonalization of an m X m matrix
simply depends on the existence of a set of m linearly independent eigenvectors.

Consequently, we have the following result, previously mentioned in Section 3.3,
which follows immediately from Theorem 3.7.

Theorem 4.7 Suppose that the m x m matrix A has the eigenvalues A\, ... , A,
which are distinct. If A =diag(\, ... ,\,,) and X = (a, ... ,x,,), where
x,, ... ,x,, are eigenvectors of A corresponding to A, ..., \,,, then

X'AX = A. 4.12)

Theorem 4.7 gives a sufficient but not necessary condition for the diagonalization
of a general square matrix; that is, some nonsymmetric matrices that have multiple
eigenvalues are similar to a diagonal matrix. The next theorem gives a necessary and
sufficient condition for a matrix to be diagonalizable.

Theorem 4.8 Suppose the eigenvalues A, ..., A\, of the m x m matrix A
consist of h distinct values p, ..., p,;, having multiplicities r, ... ,r,, so that
ry +---+ 1, = m. Then A has a set of m linearly independent eigenvectors and,
thus, is diagonalizable if and only if rank(A — u,;I,,,)) = m —r; fori =1, ... , h.
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Proof.  First, suppose that A is diagonalizable, so that using the usual notation, we
have X 'AX = A or, equivalently, A = AAX —1 Thus,

rank(A — . 1,) = rank(XAX 1 — ;1)

- rank{X(A - :uiIm)Xil}
= rank(A — u;1,,),

where the last equality follows from the fact that the rank of a matrix is unaltered by its
multiplication by a nonsingular matrix. Now, because ., has multiplicity r;, the diag-
onal matrix (A — u;I,,,) has exactly m — r, nonzero diagonal elements, which then

guarantees that rank (A — p,I,,) = m — r,. Conversely, now suppose that rank (A —
wil,,) =m—r;, fori =1, ..., h. Thisimplies that the dimension of the null space
of (A—u;I,,)is m— (m—r;) =r;, and so we can find r; linearly independent

vectors satisfying the equation
(A - :uil’m)m =0.

However, any such « is an eigenvector of A corresponding to the eigenvalue .
Consequently, we can find a set of r; linearly independent eigenvectors associated
with the eigenvalue y1;. From Theorem 3.7, we know that eigenvectors corresponding
to different eigenvalues are linearly independent. As a result, any set of m eigenvec-
tors of A, which has r; linearly independent eigenvectors corresponding to p,; for
each ¢, will also be linearly independent. Therefore, A is diagonalizable, and so the
proof is complete. O

The spectral decomposition previously given for a symmetric matrix can be
extended to diagonalizable matrices. Let A be an m x m diagonalizable matrix with

eigenvalues A\, ..., A, and the corresponding linearly independent eigenvectors
xy, ..., x,,. Denote the spectral set of A by {p,...,u,} with p; having
multiplicity 7, and Ay 4 =+ = Ay, = pt;. where My = Oand M; = Y"1\,

fori=2,...,h.fY = (y;, ... ,¥,,) = XV, then A can be expressed as
m h
A=XAXT"=XAY' =Y Nawy; =D wiPalu),
i=1 i=1

where Py (11;) = 300, @,y Y0y, .4 If A is symmetric, then X is an orthogonal
matrix so Y = X and this, of course, reduces to the spectral decomposition given in
Section 4.3.

Example 4.7 In Example 3.3, we saw that the matrix

A=

o O N

-1
1
0

_ o O
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has eigenvalues A\; = A, =1 and A; =2, and corresponding linearly inde-
pendent eigenvectors x; = (0,0,1),x, = (1,1,0), and x; = (1,0,0)". With
X = (x,, z,y, ), it is easily shown that

Yl 0 01
X'=|yl=1l0 10
Yh 1 -1 0

A=1P4(1) +2P4(2) = 1(m, ¥ + o) + 22,395
01 0 1 -1 0
=1(0 1 0] +210 0 0
0 0 1 0 0 0

We saw in Chapter 3 that the rank of a symmetric matrix is equal to the number
of its nonzero eigenvalues. The diagonal factorization given in (4.12) immediately
yields the following generalization of this result in Theorem 4.9.

Theorem 4.9 Let A be an m x m matrix. If A is diagonalizable, then the rank of
A is equal to the number of nonzero eigenvalues of A.

The converse of Theorem 4.9 is not true; that is, a matrix need not be diagonaliz-
able for its rank to equal the number of its nonzero eigenvalues.

Example 4.8 Let A, B, and C be the 2 x 2 matrices given by

A R |

The characteristic equation of A simplifies to (A — 3)(\ + 1) = 0, so its eigenvalues
are A = 3, —1. Since the eigenvalues are simple, A is diagonalizable. Eigenvectors
corresponding to these two eigenvalues are x; = (1,2)" and x, = (1, —2)’, so the
diagonalization of A is given by

1/2 1/4| (1 1] |1 1 13 0

{1/2 1/4} [4 1} {2 2} - [O 1] '
Clearly, the rank of A is 2, which is the same as the number of nonzero eigenvalues
of A. The characteristic equation of B reduces to A> = 0, so B has the eigenvalue
A = 0 with multiplicity » = 2. Since rank(B — A\I,) = rank(B) =1#0=m —r,
B will not have two linearly independent eigenvectors. The equation Bz = Az = 0
has only one linearly independent solution for &, namely, vectors of the form (a, 0)’.

Thus, B is not diagonalizable. Note also that the rank of B is 1, which is greater
than the number of its nonzero eigenvalues. Finally, turning to C, we see that it has
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the eigenvalue A\ = 1 with multiplicity » = 2, because its characteristic equation sim-
plifies to (1 — A)? = 0. This matrix is not diagonalizable because rank(C' — \I,) =
rank(C — I,) = rank(B) = 1 # 0 = m — r. Any eigenvector of C'is a scalar mul-
tiple of the vector & = (1,0)". However, notice that even though C'is not diagonal-
izable, it has rank of 2, which is the same as the number of its nonzero eigenvalues.

Theorem 4.10 shows that the connection between the rank and the number of
nonzero eigenvalues of a matrix A hinges on the dimension of the eigenspace asso-
ciated with the eigenvalue 0.

Theorem 4.10 Let A be an m x m matrix, let k be the dimension of the eigenspace
associated with the eigenvalue O if O is an eigenvalue of A, and let £ = 0 otherwise.
Then

rank(A4) = m — k.

Proof. From Theorem 2.24, we know that
rank(A) = m — dim{N(A)},

where N (A) is the null space of A. However, because the null space of A consists of
all vectors « satisfying Az = 0, we see that N (A) is the same as S 4 (0), and so the
result follows. il

We have seen that the number of nonzero eigenvalues of a matrix A equals the
rank of A if A is similar to a diagonal matrix; that is, A being diagonalizable is a suf-
ficient condition for this exact relationship between rank and the number of nonzero
eigenvalues. The following necessary and sufficient condition for this relationship to
exist is an immediate consequence of Theorem 4.10

Corollary 4.10.1 Let A be an m x m matrix, and let m,, denote the multiplicity of
the eigenvalue 0. Then the rank of A is equal to the number of nonzero eigenvalues
of A if and only if

dim{S4(0)} = m,,.

Example 4.9 We saw in Example 4.8 that the two matrices
0 1 11
o=l o] o=l )
are not diagonalizable because each has only one linearly independent eigenvector
associated with its single eigenvalue, which has multiplicity 2. This eigenvalue is O

for B, so
rank(B) =2 — dim{Sz(0)} =2—-1=1.
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On the other hand, because 0 is not an eigenvalue of C', dim {S~(0)} = 0, and so the
rank of C' equals the number of its nonzero eigenvalues, 2.

4.5 THE JORDAN DECOMPOSITION

Our next factorization of a square matrix A is one that could be described as an
attempt to find a matrix similar to A, which, if not diagonal, is as close to being
diagonal as is possible. We begin with Definition 4.2.

Definition4.2 For h > 1,the h x h matrix J, () is said to be a Jordan block matrix
if it has the form

A 10 0
0 A1 - 0
_)\Ih+Zel e, =0 0 A - 0]
00 0 -~ A

where e, is the ith column of ;. If h = 1, J,;(\) = A

The matrices B and C' from Example 4.8 and Example 4.9 are both 2 x 2 Jordan
block matrices; in particular, B = J,(0) and C' = J,(1). We saw that neither of these
matrices is similar to a diagonal matrix. This is true for Jordan block matrices in gen-
eral; if h > 1, then J;, () is not diagonalizable. To see this, note that because .J;, ()
is a triangular matrix, its diagonal elements are its eigenvalues, and so it has the one
value, A, repeated h times. However, the solution to J;, (\)@ = Ax has x; arbitrary,
whereas x, = - - - = x;, = 0; that is, .J, (A) has only one linearly independent eigen-
vector, which is of the form « = (2,0, ... ,0)".

We now state the Jordan decomposition theorem. For a proof of this result, see
Horn and Johnson (2013).

Theorem 4.11 Let A be an m x m matrix. Then a nonsingular matrix B exists,
such that

B'AB = J = diag(J,,,(\y), ..., J;, (A)

oy N) o (0) e (0)
O 0 )
(0) ) o T (N)
where hy +---+ h, =mand A, ..., )\, are the not necessarily distinct eigenvalues

of A.
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The matrix J in Theorem 4.11 will be diagonal if h; = 1 for all 7. Since the
h; x h; matrix .J, ();) has only one linearly independent eigenvector, it follows that
the Jordan canonical form J = diag(J;, (A), ... ,J}, (A,.)) has r linearly indepen-
dent eigenvectors. Thus, if h; > 1 for at least one ¢, then J will not be diagonal; in
fact, J will not be diagonalizable. The vector x, is an eigenvector of .J correspond-
ing to the eigenvalue A, if and only if the vector y, = Bz, is an eigenvector of A
corresponding to A;; for instance, if x; satisfies Jx; = \;x;, then

Ay, = (BJB"\Bz; = BJx; = \,Bz, = \,y,.

Thus, r also gives the number of linearly independent eigenvectors of A, and A is
diagonalizable only if .J is diagonal.

Example 4.10 Suppose that A is a 4 x 4 matrix with the eigenvalue \ having
multiplicity 4. Then A will be similar to one of the following five Jordan canonical
forms:

A0 0 0

. 0 A 0 0
diag(J;(A), J1(A), J1(A), J1(A)) = 0 0 X 0}
00 0 A

A 1 0 0]

' 0 A 0 0
diag(Jy(N), Jy(N), J;(N)) = 00 XN Ol
00 0 A

A 1 0 0]

' 0 A 10
diag(J5(A), J1(N) = 0 0 X 0l

00 0 A

A 1 0 0

. 0 XN 00
diag(,(A), LN = g 5\ 1]>

00 0 A

A 1 0 0]

0 XN 10

TN =10 0 a1

00 0 A

The first form given is diagonal, so this corresponds to the case in which A has four
linearly independent eigenvectors associated with the eigenvalue A. The second and
last forms correspond to A having three and one linearly independent eigenvectors,
respectively. If A has two linearly independent eigenvectors, then it will be similar to
either the third or the fourth matrix given.
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4.6 THE SCHUR DECOMPOSITION

Our next result can be viewed as another generalization of the spectral decomposi-
tion theorem to any square matrix A. The diagonalization theorem and the Jordan
decomposition were generalizations of the spectral decomposition in which our goal
was to obtain a diagonal or “nearly” diagonal matrix. Now, instead we focus on the
orthogonal matrix employed in the spectral decomposition theorem. Specifically, if
we restrict attention only to orthogonal matrices, X, what is the simplest structure that
we can get for X’ AX? It turns out that for the general case of any real square matrix
A, we can find an X such that X*AX is a triangular matrix, where we have broad-
ened the choice of X to include all unitary matrices. Recall that a real unitary matrix
is an orthogonal matrix, and in general, X is unitary if X*X = I, where X* is the
transpose of the complex conjugate of X. This decomposition, sometimes referred to
as the Schur decomposition, is given in Theorem 4.12.

Theorem 4.12 Let A be anm X m matrix. Then an m X m unitary matrix X exists,
such that
X'AX =T,

where 7" is an upper triangular matrix with the eigenvalues of A as its diagonal
elements.

Proof. Let A, ..., ]\, be the eigenvalues of A, and let y, be an eigenvector of A
corresponding to A; and normalized so that yjy, = 1. Let Y be any m x m unitary
matrix having y, as its first column. Writing Y in partitioned formas Y = [y, Y},
we see that, because Ay, = Ay, and Yy, = 0,

VAV — [y’{Ayl y’{AYQ] _ Plyiyl yTAYz}

YAy, Y5AY,| o [MYSy, YSAY,

— A yiAY,
0 B |’

where the (m — 1) x (m — 1) matrix B = Y;"AY,. Using the identity above and
the cofactor expansion formula for a determinant, it follows that the characteristic
equation of Y*AY is

()‘1 - >\)|B - )\Im71| =0,

and, because by Theorem 3.2(d) the eigenvalues of Y*AY" are the same as those of
A, the eigenvalues of B mustbe Ao, ..., A,,. Now if m = 2, then the scalar B must
equal A\, and Y*AY is upper triangular, so the proof is complete. For m > 2, we
proceed by induction; that is, we show that if our result holds for (m — 1) x (m — 1)
matrices, then it must also hold for m x m matrices. Since B is (m — 1) x (m — 1),
we may assume that a unitary matrix W exists, such that W*BW = T, where T}, is
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an upper triangular matrix with diagonal elements \,, ... , \,,. Define the m x m
matrix U by
10
7=lo W

and note that U is unitary because W is. If we let X = YU, then X is also unitary
and

B, [t 0[N yiAY 1 o
XAX—UYAYU—_O W*}{O B 0o W
_ [N yiAY, W
|0 W*BW
_ [N yiAn W
|0 T, ’
where this final matrix is upper triangular with A\, ... , A, as its diagonal elements.
Thus, the proof is complete. i

If all of the eigenvalues of A are real, then corresponding real eigenvectors exist.
In this case, a real matrix X satisfying the conditions of Theorem 4.12 can be found.
Consequently, we have the following result.

Corollary 4.12.1 If the m x m matrix A has real eigenvalues, then an m x m
orthogonal matrix X exists, such that X’AX = T, where T is an upper triangular
matrix.

Example 4.11 Consider the 3 x 3 matrix given by

5 =3 3
A=14 -2 3
4 —4 5

In Example 3.1, the eigenvalues of A were shown tobe A\; = 1, Ay = 2, and Ay = 5,
with eigenvectors, x; = (0,1,1), , = (1,1,0), and x5 = (1,1,1)’, respectively.
We will find an orthogonal matrix X and an upper triangular matrix 7" so that A =
XTX'. First, we construct an orthogonal matrix Y having a normalized version of
x; as its first column; for instance, by inspection, we set

0 0 1
Y=|1/V2 1/V2 0
1/vV2 —1/v/2 0
Thus, our first stage yields
1 =7  4v2
Y'AY = |0 2 0

0 —-3v2 5
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The 2 x 2 matrix

2 0
=0 3
has a normalized eigenvector (1/ V3,v/2 / \/ﬁ)’ , and so we can construct an orthogo-
nal matrix
wo | UV3 . —V2/V3
T WV2/V3 o 1/V3
for which

o2 32
wpw = [2 3.

Putting it all together, we have

1 0o 1 0 2 V2
X:Y{ ]:— V31 =2
0
Wivelys 1
and
1 1/v3 22/V6
T=XAX=1|0 2 3V2
0 0 5

The matrices X and 7' in the Schur decomposition are not unique; that is, if
A= XTX" is a Schur decomposition of A, then A = X7, X is also, where
X, = XP and P is any unitary matrix for which P*T'P = T}, is upper triangular.
The triangular matrices 1" and 7;, must have the same diagonal elements, possibly
ordered differently. Otherwise, however, the two matrices 7' and 7}, may be quite
different. For example, it can be easily verified that the matrices

1/vV3  2/V6 0 5 8/V2 20/V6
Xo=|1/V3 -1/V6 -1/v2|, T,=|0 1 -1/V3
1/V3 —1/V/6  1/V2 0 0 2

give another Schur decomposition of the matrix A.

In Chapter 3, by using the characteristic equation of the m x m matrix A, we were
able to prove that the determinant of A equals the product of its eigenvalues, whereas
the trace of A equals the sum of its eigenvalues. These results are also very easily
proven using the Schur decomposition of A. If the eigenvalues of A are A, ..., A
and A = XTX* is a Schur decomposition of A, then it follows that

m

Al = |XTX"] = [x*X|7| = 7] = [ M
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because | X* X | = 1 follows from the fact that X is a unitary matrix, and the deter-
minant of a triangular matrix is the product of its diagonal elements. Also, using
properties of the trace of a matrix, we have

tr(A) = tr(XTX") = tr(X*XT) = tr(T) = Em:)\-

i
i=1

The Schur decomposition also provides a method of easily establishing the fact
that the number of nonzero eigenvalues of a matrix serves as a lower bound for the
rank of that matrix. This is the subject of our next theorem.

Theorem 4.13 Suppose the m x m matrix A has r nonzero eigenvalues. Then
rank(A) > r.

Proof. Let X be a unitary matrix and 7" be an upper triangular matrix, such that
A = XTX*. Since the eigenvalues of A are the diagonal elements of 7", 7' must have
exactly r nonzero diagonal elements. The  x r submatrix of 7', formed by deleting
the columns and rows occupied by the zero diagonal elements of 7', will be upper tri-
angular with nonzero diagonal elements. This submatrix will be nonsingular because
the determinant of a triangular matrix is the product of its diagonal elements, so we
must have rank(7") > r. However, because X is unitary, it must be nonsingular, so

rank(A) = rank(XTX") = rank(T) > r,

and the proof is complete. U

4.7 THE SIMULTANEOUS DIAGONALIZATION OF TWO SYMMETRIC
MATRICES

We have already discussed in Section 3.8 one manner in which two symmetric matri-
ces can be simultaneously diagonalized. We restate this result in Theorem 4.14.

Theorem 4.14 Let A and B be m x m symmetric matrices with B being posi-
tive definite. Let A = diag()\, ..., \,,), where A, ..., \,, are the eigenvalues of
B~ A. Then a nonsingular matrix C' exists, such that

CAC' = A, CBC' =1,,.

Example 4.12 One application of the simultaneous diagonalization described in
Theorem 4.14 is in a multivariate analysis commonly referred to as canonical variate
analysis (see Krzanowski, 2000 or Mardia, et al. 1979). This analysis involves data
from the multivariate one-way classification model discussed in Example 3.16, so that
we have independent random samples from £ different groups or treatments, with the
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ith sample of m x 1 vectors given by y,,, ... ,y;,,.. The model is
Yij = Hi + €,

where p; is an m x 1 vector of constants and €;; ~ N, (0,€2). In Example 3.16, we
saw how the matrices

k k  ng
B = an(yz -y, -y, W= (Yi; — ) (Y, — 93,
1=1 =1 j=1
where
nq k k
gi:Zyij/ni, ﬂZZniﬂi/n, TL:ZTLZ»,
j=1 i=1 i=1
could be used to test the hypothesis, H, : pt; = - - - = pu,,. Canonical variate analysis

is an analysis of the differences in the mean vectors, performed when this hypothe-
sis is rejected. This analysis is particularly useful when the differences between the
vectors 4, ... , M4y, are confined, or nearly confined, to some lower dimensional sub-
space of R™. Note that if these vectors span an r-dimensional subspace of R™, then
the population version of B,

where i = > n,; p; /n, will have rank r; in fact, the eigenvectors of ® corresponding
to its positive eigenvalues will span this r-dimensional space. Thus, a plot of the pro-
jections of g1y, ..., u;, onto this subspace will yield a reduced-dimension diagram of
the population means. Unfortunately, if €2 # I, it will be difficult to interpret the dif-
ferences in these mean vectors because Euclidean distance would not be appropriate.
This difficulty can be resolved by analyzing the transformed data Q~/ 2yij, where
Q7 V/7Q7Y2 = 07 because Q7 2y,; ~ N, (Q7/2p;, 1,). Thus, we would plot
the projections of Q~1/2p,, ..., Q /2, onto the subspace spanned by the eigen-
vectors of Q~1/2®Q~1/% corresponding to its 7 positive eigenvalues; that is, if the
spectral decomposition of Q~'/2®Q~1/¥ is given by P,A, P{, where P, is an m x r
matrix satisfying P| P, = I, and A, is anr x r diagonal matrix, then we could simply
plot the vectors P{Q’lﬂul, ceey P{Q’I/Q/Lk in R". The » components of the vector
v; = P/Q /2, in this 7-dimensional space are called the canonical variates means
for the ¢th population. Note that in obtaining these canonical variates, we have essen-
tially used the simultaneous diagonalization of ® and €2, because if C’' = (C}, C%)
satisfies
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EIECREE

1, (0) }

0) L]’

then we can take C; = P{Q~'/2, When p,, ..., are unknown, the canonical
variate means can be estimated by the sample canonical variate means, which are
computed using the sample means ¥y, ... , ¥y, and the corresponding simultaneous
diagonalization of B and W.

Theorem 4.14 is a special case of the more general result given next.

Theorem 4.15 Let A and B be m X m symmetric matrices, and suppose that there
is a linear combination of A and B that is positive definite. Then a nonsingular matrix
C exists, such that both C AC” and C BC" are diagonal.

Proof. Let D = aA+ 3B be a linear combination of A and B for which D is
positive definite. If both o and (§ are zero, D would not be positive definite, so we
may assume without loss of generality that o 7 0. In this case, A may be written as
A=qat (D — BB). Since D is positive definite, a nonsingular matrix 7" exists, such
that D = TT", or equivalently, T-*DT~Y = I . Further, T-' BT " is symmetric,
so an orthogonal matrix P exists, for which P’"T~!BT~YP = A is diagonal. Thus,
if we define C = P'T~!, we have CDC’ = P'P = I,, and CBC’' = A; that is, B
is diagonalized by C' and so also is A because CAC" = o~ (CDC’ — BCBC") =
a(l, — BA). O

We can get another set of sufficient conditions for A and B to be simultaneously
diagonalizable by strengthening the condition on A given in Theorem 4.14 while
weakening the condition on B.

Theorem 4.16 Let A and B be m x m nonnegative definite matrices. Then a non-
singular matrix C exists, such that both CAC" and C BC" are diagonal.

Proof. Let r; = rank(A), r, = rank(B), and assume without loss of generality
that r; <r,. Let A= P/A, P/ be the spectral decomposition of A, so that the
m X r; matrix P, satisfies P/P, =1, and A, is an 7 x 7, diagonal matrix
with positive diagonal elements. Define A, = C,AC] and B, = C,BCY, where
Cl =[PA, 1/2 P,] and P, is any m X (m — ry) matrix for which [P, P,] is
orthogonal, and note that

= 9.

0) (0)

so that C| diagonalizes A. If any of the last m — r| diagonal elements of B, is zero,
then all elements in that row and column are zero because B, is nonnegative definite
(Problem 3.51). Note that if the (r; + i,7, + #)th element of B, is b # 0 and the
(r; 4+ 4,j)th and (4, r, + 4)th elements of B, are a, and we define

a
T:Im bejerﬁ—w
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then T'B,T" yields a matrix identical to B, except that a multiple of row 7, + i has
been added to row j after which a multiple of column r; + 7 has been added to col-
umn j so that the (r; + 4, j)th and (j, ; + ¢)th elements are now each zero. We can
repeatedly use this process to get a nonsingular matrix C,, which is a product of
matrices of the form given for 7" so that

CyB,C) = [%3 (gﬂ ,

where B, is an r; X r; matrix of rank 75, D; is an (m — r,) x (m — ;) diagonal
matrix with r, nonzero diagonal elements each of which is positive, and r5 + 7, = 7.
Since the matrix 7', and hence also the matrix C,, when partitioned has the form

I, E

0) F
for some r; x (m —r,) and (m — r;) X (m — r,) matrices F and F, it follows that
C,A,CY) = A,. Finally, define Cj; as

a=[a ]

m—nry

where @ is an r; x r; orthogonal matrix satisfying B, = QD,Q’ and D, is an
r; X r; diagonal matrix with 7; nonzero diagonal elements each of which is
positive. Then with C' = C;C,C,, we have CAC" = diag(I,.,(0)) and CBC' =
diag(D,, D). O

We are now in a position to establish a useful determinantal inequality.
Theorem 4.17 Suppose A and B are m x m nonnegative definite matrices. Then
A+ B| > |4 +|B],

with equality if and only if A = (0) or B = (0) or A + B is singular.

Proof. Since A + B is also nonnegative definite, the inequality clearly holds when
|A| = |B| = 0, with equality if and only if A + B is singular. For the remainder of
the proof we assume, without loss of generality, that B is positive definite. Using
Theorem 4.14, we find that we can establish the result by showing that

m

[+ = 1A+ 1, = A+ L, = [[ X +1, (4.13)

i=1 =1

with equality if and only if A = (0). We prove this by induction. For m = 2,

A+ DA+ 1) =AM+ A+ A +12 A2 +1
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since A; and A, are nonnegative, and we have equality if and only if A\; = X, = 0.
Now if (4.13) holds for m — 1, with equality if and only if A\ =--- =X ,_; =0,
then

ﬁ(/\ﬂ—l) = {Ti—[(Aﬁ 1)} (A, +1) > {ﬁ A+ 1} A\, +1)

i=1

m m—1 m
o I I R RN = | YRR &
i=1 1=1 1=1

as is required. The first inequality is an equality if and only if \; = --- =X, ; =0,
while the second is an equality if and only if H:Zl A; =0and )\, =0, and so the
proof is complete. (]

The matrix C' that diagonalizes A and B in Theorems 4.14, 4.15, and 4.16 is non-
singular but not necessarily orthogonal. Further, the diagonal elements of the two
diagonal matrices are not the eigenvalues of A nor B. This sort of diagonalization,
one which will be useful in our study of quadratic forms in normal random vectors in
Chapter 11, is what we consider next; we would like to know whether there exists an
orthogonal matrix that diagonalizes both A and B. Theorem 4.18 gives a necessary
and sufficient condition for such an orthogonal matrix to exist.

Theorem 4.18 Suppose that A and B are m X m symmetric matrices. Then an
orthogonal matrix P exists, such that P’ AP and P’ BP are both diagonal if and only
if A and B commute; that is, if and only if AB = BA.

Proof.  First suppose that such an orthogonal matrix does exist; that is, there is an
orthogonal matrix P such that P’AP = A, and P'BP = A,, where A, and A, are
diagonal matrices. Then because A; and A, are diagonal matrices, clearly A, A, =
A, A, so we have

AB = PAP'PA,P' = PAJA,P' = PALA P
= PA,P'PA,P' = BA,
and hence, A and B do commute. Conversely, now assuming that AB = BA, we
need to show that such an orthogonal matrix P does exist. Let p, ...,y be the

distinct values of the eigenvalues of A having multiplicities |, ... ,r;,, respectively.
Since A is symmetric, an orthogonal matrix () exists, satisfying

QIAQ = Al = diag(lu’ljn’ s 7/J’hIrh)’

Performing this same transformation on B and partitioning the resulting matrix in the
same way that Q' AQ) has been partitioned, we get
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Cll 012 T Olh
C = Q/BQ _ (/\1'21 CiQQ e CQh ’
Chl Ch2 e Chh

where C;; is ; X r;. Note that because AB = BA, we must have

AC =Q'AQQ'BQ = Q'ABQ = Q'BAQ
— Q'BQQ'AQ = CA,.
Equating the (4, j)th submatrix of A;C to the (7, j)th submatrix of C'A; yields the
identity 11,C;; = p;C;;. Since pi; # p; if i # j, we must have C;; = (0) if i # j;
that is, the matrix C' = diag(C,,, ... ,C);,) is block diagonal. Now because C' is
symmetric, so also is C; for each 4, and thus, we can find an r; x r; orthogonal

matrix X; satisfying
X0, X, = A,

K2 23

where A, is diagonal. Let P = QX, where X is the block diagonal matrix
X = diag(X;, ..., X)), and note that
PP=XQQX=XX
= diag(X| Xy, ..., X, X})
=diag(l,, ... 1. ) =1,
so that P is orthogonal. Finally, the matrix A = diag(A, ... ,4,,) is diagonal and
P'AP =X'Q'AQX = X'\, X
= diag(X7, ..., X},) diag(p, 1., ..., 1, ) diag(X,, ..., X},)
= diag(p, X1 X1, -+, 1, X1, X))
=diag(p L, , ... i1, ) = A
and
P'BP=X'Q'BQX = X'CX
= dl&g(X{, s aXIIL) diag(clh te achh) diag(xh s aXh)
= diag(XiClle, “e ,X;lcthh)
=diag(A,, ... ,A,) = A,

and so the proof is complete. d
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The columns of the matrix P are eigenvectors of A as well as B; that is, A and B
commute if and only if the two matrices have common eigenvectors. Also, note that
because A and B are symmetric, (AB) = B’A’ = BA,andso AB = BAifand only
if AB is symmetric. Theorem 4.18 easily generalizes to a collection of symmetric
matrices.

Theorem4.19 Let A, ..., A, bem x m symmetric matrices. Then an orthogonal
matrix P exists, such that P'A; P = A, is diagonal for each i if and only if A;A; =
A; A, for all pairs (i, 7).

The two previous theorems involving symmetric matrices are special cases of more
general results regarding diagonalizable matrices. For instance, Theorem 4.19 is a
special case of the following result. The proof, which is similar to that given for
Theorem 4.18, is left as an exercise.

Theorem 4.20 Suppose that each of the m x m matrices A, ... , A, is diagonal-
izable. Then a nonsingular matrix X exists, such that X 14, X = A, is diagonal for
each i if and only if A;A; = A; A, for all pairs (i, j).

4.8 MATRIX NORMS

In Chapter 2 , we saw that vector norms can be used to measure the size of a vector.
Similarly, we may be interested in measuring the size of an m x m matrix A or mea-
suring the closeness of A to another m x m matrix B. Matrix norms will provide the
means to do this. In a later chapter, we will need to apply some of our results on matrix
norms to matrices that are possibly complex matrices. Consequently, throughout this
section, we will not be restricting attention only to real matrices.

Definition 4.3 A function ||A| defined on all m x m matrices A, real or complex,
is a matrix norm if the following conditions hold for all m x m matrices A and B:

(a) ||A] > 0.
(b) |A|| = 0if and only if A = (0).
(©) |lcA]l = || ||A| for any complex scalar c.

@ [|A+ B[ < [|A] + 1B
(@ [AB| < [lA] | B].

Any vector norm defined on m? x 1 vectors, when applied to the m? x 1 vector
formed by stacking the columns of A, one on top of the other, will satisfy conditions
(a)—(d) because these are the conditions of a vector norm. However, condition (e),
which relates the sizes of A and B to that of AB, will not necessarily hold for vector
norms; that is, not all vector norms can be used as matrix norms.
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Although a given vector norm might not be a matrix norm, it can always be used
to find a matrix norm.

Theorem 4.21 Suppose ||| is a vector norm defined on m x 1 vectors. Then

|A] = max || Az|

ll]|=1

is a matrix norm defined on m X m matrices.

Proof. 'We simply need to verify the five conditions of Definition 4.3. Condition (a)
follows immediately since the nonnegativity of || A| is guaranteed by the nonnegativ-
ity of ||Az||. Clearly, A = (0) implies || A|| = 0, while ||A| = 0 implies || Ae;|| = 0,

that is, Ae; =0, fori =1, ... ,m, so (b) holds. Condition (c) holds since for any
scalar ¢
leA]l = max [cAz| = |c| max [[Az| = |c[| A].
[l]=1 [l]=1

Next, for any unit vector x, we have
[(A+ B)z|| = |Az + Bz| < ||Az| + | Bz| < [|A] + [|B]l,

and so
|A+ Bl = max [|(A+ B)z|| < [A] + [ B].

[lae]|=1

To establish (e), we first note that || Ay|| < |A|/||ly| holds, clearly when y = 0, and
when y # 0 since

Y
Il = o | Az] = | Agl = 4yl Iy]

yields the required inequality. Thus, for any unit vector x,
|ABz| = [A(Bz)| < |All|Bz| < [AlllBI

SO
IAB|| = max |ABz| < ||All|B].
=1 0

The matrix norm, |A|, given in Theorem 4.21 is sometimes referred to as the
matrix norm induced by the vector norm |-

We now give examples of some commonly encountered matrix norms. We will
leave it to the reader to verify that these functions, in fact, satisfy the conditions



186 MATRIX FACTORIZATIONS AND MATRIX NORMS

of Definition 4.3. The Euclidean matrix norm is simply the Euclidean vector norm
computed on the stacked columns of A, and so it is given by

1/2

”A”E = ZZ |aij‘2 = {tr(A*A)}l/Q.

i=1 j=1

The maximum column sum matrix norm is given by

m
1Al = 1r<na<x Z |a’ij|7
=1

whereas the maximum row sum matrix norm is given by

||AHOO = max Z |alj|

1<i<m

The spectral norm uses the eigenvalues of A*A; in particular, if p, ... , p,, are the
eigenvalues of A* A, then the spectral norm is given by

IA]l, = max /u;;

1<i<m

that is, the spectral norm of A is the largest singular value of A.

Example 4.13 In this example, we will show that the spectral matrix norm
|All, = /py, where gy >--->p,, >0 are the eigenvalues of A*A, is
induced by the Euclidean vector norm |z, = (z*x)'/?. Let A = PDQ* be
the singular value decomposition of A so that P and () are m X m unitary
matrices and D = diag(\/zty, - - - M) Put y = Q*x so that © = Qy and
Izl = 1Qyll, = (¥*Q*Qy)"/* = (y*y)"/* = |yl Then

max [[Az], = max |PDQ"x], = max {(PDQ"@)’ (PDQ*m)}'/?
XT|2= :1: o=
= max (z*QD’Q"x)"? = max (y*D*y)'/?
[l]l2=1 [Qull2=1
m 1/2
= max (y*D*y)"/? = max w2
i (WD) = e ;“ i

m 1/2
< /i max (Z w) = Vi

lyl:=1 \ &=

The inequality can be replaced by equality since if g, is the first column of @),
[Ag: [, = /iy and [|q, ]|, = 1.
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We will find the following theorem useful. The proof, which simply involves the
verification of the conditions of Definition 4.3, is left to the reader as an exercise.

Theorem 4.22 Let || A|| be any matrix norm defined on m X m matrices. If C is an
m X m nonsingular matrix, then the function defined by

lAle = C1AC|
is also a matrix norm.

The eigenvalues of a matrix A play an important role in the study of matrix norms
of A. Particularly important is the maximum modulus of this set of eigenvalues.

Definition 4.4 Let A\, ..., A, be the eigenvalues of the m x m matrix A. The
spectral radius of A, denoted p(A), is defined to be

p(4) = max |\

1<i<m

Although p(A) does give us some information about the size of A, it is not a matrix
norm itself. To see this, consider the case in which m = 2 and

0 1
A= {0 0} |
Both of the eigenvalues of A are 0, so p(A) = 0 even though A is not the null matrix;

that is, p(A) violates condition (b) of Definition 4.3. Theorem 4.23 shows that p(A)
actually serves as a lower bound for any matrix norm of A.

Theorem 4.23 For any m x m matrix A and any matrix norm ||A||, p(A) < ||A].
Proof.  Suppose that ) is an eigenvalue of A for which |A| = p(A), and let x be a
corresponding eigenvector, so that Az = Ax. Then x1/ is an m X m matrix satis-
fying Az1/ = Azl , and so using properties (c) and (e) of matrix norms, we find
that

p(A)lzLy, | = Al 21, = [|Ae1,, [ = Az, || < [A] [21,].

The result now follows by dividing the equation above by |1}, ||. O

Although the spectral radius of A is at least as small as every norm of A, our next
result shows that we can always find a matrix norm so that || A|| is arbitrarily close to

p(A).
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Theorem 4.24  For any m x m matrix A and any scalar € > 0, there exists a matrix
norm, [A| 4 ., such that

1A][a,e = p(4) <e

Proof. Let A= XTX* be the Schur decomposition of A, so that X is a unitary

matrix and 7" is an upper triangular matrix with the eigenvalues of A, A\, ... , \,,, as
its diagonal elements. For any scalar ¢ > 0, let the matrix D, = diag(c, c?, ... ,c™)
and note that the diagonal elements of the upper triangular matrix D, 7'D_! are also
Ay, -y A, Further, the ith column sum of D, T'D_ " is given by
i1
Ay e
j=1

Clearly, by choosing c large enough, we can guarantee that

i1
Dl <€
j=1
for each 4. In this case, because |A;| < p(A), we must have
ID.TD; |y < p(A) +e,

where || A]|; denotes the maximum column sum matrix norm previously defined. For
any m X m matrix B, define | B|| 4 . as

1Bl = (XD B(XDH);.-

Since
Al 4. = (XD TAX DI = |D.TD ),

the result follows from Theorem 4.22. O

Often we will be interested in the limit of a sequence of vectors or the limit of a
sequence of matrices. The sequence of m x 1 vectors x;, 5, ... converges to the
m X 1 vector x if the jth component of x,; converges to the jth component of x,
as k — oo, for each j; that is, T — xj| — 0, as k — oo, for each j. Similarly, a
sequence of m x m matrices, A, A,, ... converges to the m x m matrix A if each
element of A, converges to the corresponding element of A as k — oco. Alternatively,
we can consider the notion of the convergence of a sequence with respect to a specific
norm. Thus, the sequence of vectors x,, x,, ... converges to x, with respect to the
vector norm ||, if |z, — | — 0as k — oco. Theorem 4.25 indicates that the actual
choice of a norm is not important. For a proof of this result, see Horn and Johnson
(2013).
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Theorem 4.25 Let |||, and ||, be any two vector norms defined on any m X 1
vector x. If ¢, x4, ... is a sequence of m x 1 vectors, then x;, converges to T as
k — oo with respect to || x|, if and only if «;, converges to x as k — oo with respect
o ||z,

Since the first four conditions of a matrix norm are the conditions of a vector norm,
Theorem 4.25 immediately leads to the following.

Corollary 4.25.1 Let |4, and ||A], be any two matrix norms defined on any
m x mmatrix A. If A,, A,, ... isasequence of m x m matrices, then A, converges
to A as k — oo with respect to || A||,, if and only if A, converges to A as k — oo with
respect to || 4],-

A sequence of matrices that is sometimes of interest is the sequence A, A%, A%, ...
formed from a fixed m x m matrix A. A sufficient condition for this sequence of
matrices to converge to the null matrix is given next.

Theorem 4.26 Let A be an m X m matrix, and suppose that for some matrix norm,
|A|| < 1. Then lim A* = (0) as k — oo.

Proof. By repeatedly using condition (e) of a matrix norm, we find that || A*|| <
|A||*, and so ||A¥|| — 0 as k — oo, because |A| < 1. Thus, A* converges to (0)
with respect to the norm || A||. However, by Corollary 4.25.1, A* also converges to
(0) with respect to the matrix norm (see Problem 4.51)

Al = m(lgggm lag;|)-

But this implies that |af’j | — 0ask — oo foreach (i, ), and so the proof is complete.
0

Our next result relates the convergence of A* to (0), to the size of the spectral
radius of A.

Theorem 4.27 Suppose that A is an m x m matrix. Then A* converges to (0) as
k — oo if and only if p(A) < 1.

Proof.  Suppose that A¥ — (0), in which case, A*x — 0 for any m x 1 vector x.
Now if « is an eigenvector of A corresponding to the eigenvalue A\, we must also have
Mg — 0, because A¥z = \ez. This can only happen if |\| < 1, and so p(A) < 1,
because A was an arbitrary eigenvalue of A. On the other hand, if p(A) < 1, then we
know from Theorem 4.24 that there is a matrix norm satisfying ||A|| < 1. Hence, it
follows from Theorem 4.26 that A* — (0). O

Theorem 4.28 shows that the spectral radius of A is the limit of a particular
sequence that can be computed from any matrix norm.
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Theorem 4.28 Let A be an m x m matrix. Then for any matrix norm || A||

Tim [ A5]/% = p(A).

Proof. X is an eigenvalue of A if and only if A\ is an eigenvalue of A*. Further,
IAI¥ = |\F|, so p(A)F = p(AF). This, along with Theorem 4.23, yields p(A)* <
| A* |, or equivalently, p(A) < ||A¥||'/*. Thus, the proof will be complete if we can
show that for arbitrary € > 0, an integer N, exists, such that | A¥||'/* < p(A) + ¢ for
all £ > N_. This is the same as showing that an integer NN, exists, such that for all
k> N_, ||A*| < {p(A) + €}*, or, equivalently,

|B¥|| < 1, (4.14)

where B = {p(A) + ¢} ' A. However,

p(A)
B)=—7" <1,
p(B) o(A) + ¢
and so (4.14) follows immediately from Theorem 4.27. [l

Our final result gives a bound that is sometimes useful.

Theorem 4.29 Consider a matrix norm || - | and an m X m matrix A for which
[L,| =1and ||A| < 1. Then I,, — A has an inverse and

1
H(Im - A)71|| < —
1— A

Proof.  Since ||A]| < 1, the series Y .- A’ converges to some matrix B. Note that

n+1

(1, — Z ZAl ZAZ_I — AL

1= =0

The limit as n — oo of the left-hand side is (I,, — A)B, while the limit of the

right-hand side is [, due to Theorem 4.26. Thus, we have B =) 7 A" =
(I, —A)~!, and so

m

o0 o0
[ = A7 = M+ D A< Ll + D 14°)
g p

<1+ Z IA|l" = IIAH

where the final equality uses the well-known result for a geometric series. (]
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Example 4.14 Let A be an m x m nonsingular matrix. In this example, we wish
to compare the inverse of A to the inverse of a perturbation A + B of A, where
B is another m x m matrix satisfying ||B| < 1/||A~!|| for some norm for which
I, = 1. Now

IAT' B < |ATHIB] < [AHI/1AT =1,

and consequently, according to Theorem 4.29, (I, + A~'B) is nonsingular. Note
that

A (A+B) ' ={AA+B) -1, }(A+B)!
=, +A"'B-1,)(A+DB)"!
=A'B(A+B) ' =A"'B{A(I, + A 'B)}!
=A'B(I,+A'B)tAL
Using this identity, the bound given in Theorem 4.29, and the fact that |A™' B <

|A=Y[||B] < 1, we then find that a bound on the norm of the error associated with
using the inverse of the perturbed matrix instead of the inverse of A is given by

|A™ = (A+ B)7|

IN

AT PIBII (L, + AT B) 7|

[AZPIBI . IAPIBI
1—[AZB| = 1A B]

The corresponding bound on the relative error is

A7 = A+ BT [ATIB] ~(A)IBII/[1Al

[ 1= JATBL 1= s(AIB]/AIP

where k(A), known as the condition number for matrix inversion, is defined as
k(A) = | A7 | A]. Since | B|| < 1/|| A7, it follows that (A) < ||A||/||B|, while
a lower bound for x(A) is given by

K(A) = A7 = [AATY = |1, ] = 1.

Clearly, as x(A) increases, the bound on the relative error increases.

PROBLEMS

4.1 Obtain a singular value decomposition for the matrix

122 1
A:[lll—ll
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4.2

4.3

4.4

4.5

4.6
4.7

4.8

4.9

4.10

4.11

MATRIX FACTORIZATIONS AND MATRIX NORMS

Let A be an m x n matrix.

(a) Show that the singular values of A are the same as those of A’.

(b) Show that the singular values of A are the same as those of F'AG, if F' and
G are orthogonal matrices.

(¢) If o # 0 is a scalar, how do the singular values of « A compare with those
of A?

Let A be an m x m matrix. Show that A has a zero eigenvalue if and only if it

has fewer than m singular values.

Let A be m x n and B be n x m. We will see in Chapter 7 that the nonzero

eigenvalues of AB are the same as those of BA. This is not necessarily true

for the singular values. Give an example of matrices A and B for which the

singular values of AB are not the same as those of BA.

Let A be an m x n matrix having rank 7 and singular values y, ... , f,.. Show
that the (m + n) x (m + n) matrix
o) 4
2= 6
has eigenvalues p;, ..., ., —fy, ... , —fi,, With the remaining eigenvalues
being zero.
Find a singular value decomposition for the vector = (1,5,7,5)’.

Let & be an m x 1 nonnull vector and y be an n x 1 nonnull vector. Obtain a
singular value decomposition of xy’ in terms of x and y.

Let A be m x n with m < n. The polar decomposition of A is
A = BR,

where B is an m x m nonnegative definite matrix satisfying rank(B) =
rank(A) and R is an m x n matrix satisfying RR’ = I,,. Use the singular
value decomposition to establish the existence of the polar decomposition.

Let A be an m x n matrix, and let A = P,AQ) be the decomposition given
in Corollary 4.1.1. Define the n x m matrix B as B = Q,; A~ P]. Simplify, as
much as possible, the expressions for ABA and BAB.

Let A and B be m xn matrices. From Theorem 1.10 we know
that if B=CAD, where C' and D are nonsingular matrices, then
rank(B) = rank(A). Prove the converse; that is, if rank(B) = rank(A),
show that nonsingular matrices C' and D exist, such that B = C'AD.

If ¢ is an estimator of @, then the mean squared error (MSE) of ¢ is defined by
MSE(t) = E[(t — 0)*] = var(t) + {E(t) — 0}*.

Consider the multicollinearity problem discussed in Example 4.4 in which r of
the singular values of Z, are very small relative to the others. Suppose that we
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want to estimate the response variable corresponding to an observation that has
the standardized explanatory variables at the values given in the k£ x 1 vector
z. Let§ =75+ 2'(Z]Z,) "' Z]y be the estimate obtained using ordinary least
squares regression, whereas § =y + 2'U, D] W]y is the estimate obtained
using principal components regression, both being estimates of § = ¢, + z'4;.
Assume throughout that € ~ Ny (0, 021 ).

(a) Show that if the vector v = (vy, ... ,vy) satisfies 2’ = v’ DU’, then

k
MSE(j) = o (Nl +y v§> .
1=1

(b) Show that

k—r k 2
MSE() = o° (zvl +zvz) . ( > d) |
i=1

i=k—r+1
where d; is the ith diagonal element of D.
(¢) If r = 1, when will MSE(g) < MSE(g)?
4.12 Suppose that ten observations are obtained in a process involving two explana-
tory variables and a response variable resulting in the following data:
1 ) Y
—2.49 6.49 28.80
0.85 4.73 21.18
—0.78 4.24 24.73
—-0.75 5.54 25.34
1.16 4.74 28.50
—1.52 5.86 27.19
—0.51 5.65 26.22
—0.05 4.50 20.71
—1.01 5.75 25.47
0.13 5.69 29.83

(a) Obtain the matrix of standardized explanatory variables Z;, use ordinary
least squares to estimate the parameters in the model y = 6,15 + Z,0,
+ €, and obtain the fitted values ¢y = 3011\7 + Z131.

(b) Compute the spectral decomposition of Z{ Z,. Then use principal compo-
nents regression to obtain an alternative vector of fitted values.
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(c) Use both models of (a) and (b) to estimate the response variable for an
observation having x; = —2 and z, = 4.

4.13 Consider the 3 x 3 symmetric matrix given by

3 1 -1
A= 1 3 1
-1 1 3

(a) Find the spectral decomposition of A.

(b) Find the symmetric square root matrix for A.

(c¢) Find a nonsymmetric square root matrix for A.
4.14 Use the spectral decomposition theorem to prove Theorem 4.5
4.15 Find a 3 x 2 matrix 7', such that 77" = A, where

5 4 0
A=14 5 3
0 3 5
4.16 Suppose x ~ N,(0,£2), where
2 11
Q=11 2 1
1 1 2

Find a 3 x 3 matrix A, such that the components of z = Ax are independently
distributed.

4.17 Let the matrices A, B, and C be given by

1 25 01 0 2 1 -1
A=| 2 1 4|, B=| o0 10|, c=|2 5 3
-1 1 1 1 1 1 -2 -1 1

(a) Which of these matrices are diagonalizable?
(b) Which of these matrices have their rank equal to the number of nonzero
eigenvalues?
4.18 A 3 x 3 matrix A has eigenvalues \; = 1, \, = 2, \; = 3, and corresponding
eigenvectors ¢; = (1,1,2), &, = (—1,1,—2) and z; = (1,1,1)". Find A.
4.19 Let A and B be m x m matrices and suppose that one of them is nonsingular.
Show that if AB is diagonalizable, then B A must also be diagonalizable. Show
by example that this is not necessarily true when both A and B are singular.
4.20 Let A be an m x m positive definite matrix and B be an m X m symmetric
matrix. Show that AB is a diagonalizable matrix and the number of its positive,
negative, and zero eigenvalues are the same as that of B.
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4.21

4.22

4.23

4.24

4.25

4.26

4.27

4.28

Let A be an m x m matrix and B be an n X n matrix. Prove that the matrix

is diagonalizable if and only if the matrices A and B are diagonalizable. Using

induction, show that the square matrices A4, ... , A, are diagonalizable if and

only if diag(A4,, ..., A;) is diagonalizable.

Let « and y be m x 1 vectors. Show that A = @y’ is diagonalizable if and only

if 'y # 0.

Let A= Zle w; P4 (p;) be the spectral decomposition of the diagonalizable

matrix A. Show that

(@) Py(p;)Py(py) = (0),if i # 7,

(b) Z?:l PA(:U‘i) = Im’

(c¢) P4(p,;) is the projection matrix for the projection onto the null space of
(A — p,1,,) along the column space of (A — p,1,,).

Suppose A is an m x m diagonalizable matrix with linearly independent eigen-

vectors given by the columns of the m x m matrix X . Show that linearly inde-

pendent eigenvectors of A’ are given by the columns of Y = X V.

Find a 4 x 4 matrix A having eigenvalues 0 and 1 with multiplicities 3 and 1,

respectively, such that

(a) the rank of Ais 1,

(b) the rank of A is 2,

(¢) the rank of A is 3.

Repeat Example 4.10 for 5 x 5 matrices; that is, obtain a collection of 5 x 5

matrices in Jordan canonical form, such that every 5 x 5 matrix having the

eigenvalue A\ with multiplicity 5 is similar to one of the matrices in this set.

Consider the 6 x 6 matrix

O OO OO
OO OO NN
O OO NO O
OO N = OO
O W o o oo
w = oo oo

which is in Jordan canonical form.

(a) Find the eigenvalues of .J and their multiplicities.

(b) Find the eigenspaces of J.

Anm x mmatrix B is said to be nilpotent if B¥ = (0) for some positive integer

k.

(a) Show that Jy, (\) = A}, + By,, where Bj, is nilpotent. In particular, show
that B! = (0).
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4.29

4.30

4.31

4.32

4.33

4.34

4.35

4.36

4.37
4.38
4.39

4.40
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(b) Let J = diag(J,, (\), --. ,Jp, (A,.)) be a Jordan canonical form. Show
that J canbe writtenas J = D + B, where D is diagonal and B is nilpotent.
What is the smallest  such that B" = (0)?

(c) Use part (b) to show that if A is similar to .J, then A can be expressed as
A = F + G, where F is diagonalizable and G is nilpotent.

Suppose that A is 5 x 5 with the eigenvalue A having multiplicity 5. If
(A — \I;)? = (0), what are the possible Jordan canonical forms for A?

If J,()\) is an h x h Jordan block matrix, find the eigenvalues of {.J, (\)}2.
If A = 0, how many linearly independent eigenvectors does {.J, (\)}* have?
Use this information to show that if an m x m nonsingular matrix A has
Jordan decomposition A = B~ JB, where .J = diag(.J;, (\,), ... ,J}, (X)),
then A has the Jordan decomposition given by A? = B;'J, B,, where
J, = diag(J, (A7), ..., J), (A})).

Let A be an m X m nilpotent matrix. In Problem 3.39, it was shown that all of
the eigenvalues of A are 0. Use this and the Jordan canonical form of A to show
that there must be a positive integer A < m satisfying A" = (0).

Let A be an m x m matrix. Show that the rank of A is equal to the number of
nonzero eigenvalues of A if and only if rank(A?) = rank(A).

Suppose that A is an eigenvalue of A with multiplicity . Show that there are
r linearly independent eigenvectors of A corresponding to A if and only if
rank(A — \I,,,) = rank{(A — X\I,,,)*}.

Let A and B be m X m matrices. Suppose that an m X m unitary matrix X
exists, such X*AX and X*BX are both upper triangular matrices. Show then
that the eigenvalues of AB — BA are all equal to 0.

Let T and U be m x m upper triangular matrices. In addition, suppose
that for some positive integer r < m, l; = Ofor1 <:<r,1<j5<r and
Uy i1 441 = 0. Show that the upper triangular matrix V' =TU is such that
v;=0forl<:<r+1,1<j<r+1

Use the Schur decomposition of a matrix A and the result of the previous
exercise to prove the Cayley—Hamilton theorem given as Theorem 3.8; that is,

it \j, ..., A, are the eigenvalues of A, show that

(A - AIInL)(A - )‘ZIm) T (A - )‘mlm) - (0)
Obtain a Schur decomposition for the matrix C' given in Problem 4.17.
Repeat Problem 4.37 by obtaining a different Schur decomposition of C.
Let A be an m x m matrix, and consider the Schur decomposition given in
Theorem 4.12. Show that although the matrix 7" is not uniquely defined, the
quantity >, [t |2 is uniquely defined.
Let A and B be m x m matrices and suppose that AB = B A. Show that there
exists an m x m unitary matrix X such that X*AX and X*BX are upper
triangular.
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4.41

4.42

443

4.44

4.45

4.46

4.47

4.48

4.49

4.50

4.51

Suppose that A and B are m x m and diagonalizable. Show that A and B com-
mute, that is, AB = BA, if and only if they are simultaneously diagonalizable;
in other words, AB = BA, if and only if a nonsingular matrix X exists, such
that both X 'AX and X 'BX are diagonal matrices. This proves Theorem

4.20 when k = 2.
1 0 0 1
A= [0 1] , B= {O O} ’

Let

(a) Show that AB = BA.

(b) Show that AB is not diagonalizable.

(¢) Why does this not contradict the result of Problem 4.41?

Suppose that the m x m matrices A and B are diagonalizable and AB = BA.

Denote the eigenvalues of A by A, ..., A, and those of B by py, ... , ft,,. If
the eigenvalues of A + B are vy, ... ,7,,, show thatfork =1, ... ,m,

Vi = Aip T M
where (i, ... ,1,,) and (j;, ... ,7J,,) are permutations of (1, ... ,m).

Let A and B be m x m matrices, and suppose that A and B commute.

(a) If A and B are nonsingular, show that A~ and B~! commute.

(b) If i and j are positive integers, show that A’ and B’ commute.

Find 2 x 2 matrices A and B that do not satisfy the conditions of Theorem

4.15 and Theorem 4.16, yet a nonsingular matrix C' exists for which C AC” and

CBC" are diagonal.

Suppose that A and B are m x m positive definite matrices. Show that A — B

is positive definite if and only if B~! — A~ is positive definite.

Let A and B be m x m symmetric matrices with B being positive definite.

Show that A + B is positive definite if and only if every eigenvalue of AB~! is

greater than —1.

Let A and B be m x m matrices, and suppose A has m distinct eigenvalues.

Show thatif AB = BA, then there exists a nonsingular matrix X such that both

X 'AX and X ' BX are diagonal.

Suppose A and B are m X m symmetric matrices.

(a) Show that if B is positive definite, then AB is diagonalizable.

(b) Show that if both A and B are nonnegative definite, then AB is diagonal-
izable.

Show that the functions || Al| gz, | All;, ||Al| . and || 4], given in Section 4.8 are,

in fact, matrix norms.

Let A be an m x m matrix, and consider the function

Al = m( max|ay]).
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Show that || A|, is a matrix norm.

4.52 Prove Theorem 4.22.
4.53 For any matrix norm defined on m x m matrices, show that

@ [ L,[ =1,
(b) [|A7Y| > ||A[|7Y, if A is an m x m nonsingular matrix.

4.54 Show that

(a) the maximum column sum matrix norm, || 4|, is induced by the sum vector

norm, |||,
(b) the maximum row sum matrix norm, || A ., is induced by the infinity vector
norm, || ..
4.55 Let A be an m x m real matrix with singular values d,, ... ,d,. Show that

N 1/2
1AllE = (Z 5?) :
i=1

4.56 Let Abeanm x m real matrix with singular values §; > --- > §,., and suppose

that B is another m x m real matrix with rank(B) = s < r. Show that

IB—AlL > ) 6

1=s+1

4.57 Find examples of 2 x 2 matrices A and B to show that it is possible to have

@) p(A+ B) > p(A) + p(B),
(b) p(AB) > p(A)p(B).

4.58 Consider the 2 x 2 matrix of the form

s )

(a) Determine A* for general positive integer k.

(b) Find p(A) and p(A*).

(¢) For which values of a does A* converge to (0) as k — 00? In this case,
show how to construct a norm so that || 4| < 1.

4.59 In this problem, we consider a factorization of an m X m matrix A of the form

A = LU, where L is an m x m lower triangular matrix and U is an m x m

upper triangular matrix.

(a) Let A; be the j x j submatrix of A consisting of the first j rows and j
columns of A. Show that if r = rank(A) and [A;[ # 0,7 =1, ... ,7, then
A, can be factored as A, = L, U,, where L, is an r x r nonsingular lower
triangular matrix and U, is an r X r nonsingular upper triangular matrix.
Apply this result to then show that A may be factored as A = LU, where L



PROBLEMS 199

is an m x m lower triangular matrix and U is an m x m upper triangular
matrix.
(b) Show that not every m x m matrix has an LU factorization by finding a
2 x 2 matrix that cannot be factored in this way.
(c) Show how the LU factorization of A can be used to simplify the computa-
tion of a solution , to the system of equations Ax = c.
4.60 Suppose that A is an m x m matrix. Show that an m x m lower triangular

matrix L, an m X m upper triangular matrix U, and m X m permutation matri-
ces P and @ exist, such that A = PLUQ.

4.61 Suppose that A is an m x m matrix for which [A;[ # 0,7 =1, ... ,m, where
A; denotes the j x j submatrix of A consisting of the first j rows and j columns
of A.

(a) Show that there exist m x m lower triangular matrices L and M having all
diagonal elements equal to one and an m x m diagonal matrix D, such that
A=LDM.

(b) Show that if A is also symmetric, then M = L, sothat A= LDL'.






GENERALIZED INVERSES

5.1 INTRODUCTION

The inverse of a matrix is defined for all square matrices that are nonsingular. There
are some situations in which we may have a rectangular matrix or a square singular
matrix, A, and still be in need of another matrix that in some ways behaves like the
inverse of A. One such situation, which is often encountered in the study of statistics
as well as in many other fields of application, involves finding solutions to a system
of linear equations. A system of linear equations can be written in matrix form as
Ax = c,
where A is an m x n matrix of constants, ¢ is an m x 1 vector of constants, and @
is an n x 1 vector of variables for which we need to find solutions. If m = n and
A is nonsingular, then A~! exists, and so by premultiplying our system of equations
by A~!, we see that the system is satisfied only if x = A~'c; that is, the system
has a solution, the solution is unique, and it is given by = A~'c. When A~! does
not exist, how do we determine whether the system has any solutions, and if solutions
exist, how many solutions are there, and how do we find them? We will see in Chapter
6 that the answers to all of these questions can be conveniently expressed in terms of
the generalized inverses discussed in this chapter.
A second application of generalized inverses in statistics involves quadratic forms
and chi-squared distributions. Suppose we have an m-dimensional random vector «
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that has a mean vector of zero and covariance matrix 2. A useful transformation
in some situations is one that transforms @ to another random vector, z, having the
identity matrix as its covariance matrix. For instance, in Chapter 11, we will see that
if z has a normal distribution, then the sum of squares of the components of z, that
is, z'z, has a chi-squared distribution. We saw in Example 4.5 that if 7" is any m x m
matrix satisfying 27! = T'T", then z = T"z will have I, as its covariance matrix.
Then
2z =2 (T)Tx=2'(TT)x =20 'z,

which of course, will be possible only if {2 is positive definite. If {2 is positive semidef-
inite with rank r, then it will be possible to find m x m matrices A and B, with
A = BB, such that when z is defined by z = B'z,

and z’'z = ' Ax. We will see later that A is a generalized inverse of  and 2’z still
has a chi-squared distribution if z has a normal distribution.

5.2 THE MOORE-PENROSE GENERALIZED INVERSE
A useful generalized inverse in statistical applications is one developed by Moore
(1920, 1935) and Penrose (1955). This inverse is defined so as to possess four prop-

erties that the inverse of a square nonsingular matrix has.

Definition 5.1 The Moore—Penrose inverse of the m x n matrix A is the n X m
matrix, denoted by A", which satisfies the conditions

AATA = A, (5.1)
ATAAT = AT, (5.2)
(AATY = AAY, (5.3)
(ATA) = ATA. (5.4)

One of the most important features of the Moore—Penrose inverse, one that dis-
tinguishes it from other generalized inverses that we will discuss in this chapter, is
that it is uniquely defined. This fact, along with the existence of the Moore—Penrose
inverse, is established in Theorem 5.1.

Theorem 5.1 Corresponding to each m x n matrix A, one and only one n X m
matrix A" exists satisfying conditions (5.1)—(5.4).

Proof.  First we will prove the existence of A™. If A is the m x n null matrix,
then it is easily verified that the four conditions in Definition 5.1 are satisfied with
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A* = (0), the n x m null matrix. If A # (0), so that rank(A) = r > 0, then from
Corollary 4.1.1, we know m x r and n x r matrices P and @ exist, such that P'P =

QQ=1 and
A= PAQ,

where A is a diagonal matrix with positive diagonal elements. Note that if we define
AT = QA~'P, then
AATA = PAQ' QA 'P'PAQ = PAAT'AQ'
= PAQ = A,
ATAAT = QAP PAQ' QAP = QATTAATP
=QA'P = AT,
AAT = PAQ'QA'P' = PP is symmetric,
ATA=QA'P'PAQ = QQ' is symmetric.
Thus, AT = QA P’ is a Moore—Penrose inverse of A, and so we have established
the existence of the Moore—Penrose inverse. Next, suppose that B and C' are any two
matrices satisfying conditions (5.1)—(5.4) for A*. Then using these four conditions,
we find that
AB = (AB) = B'A' = B'(ACA) = B'A'(ACY
= (AB)'AC = ABAC = AC

and

BA = (BA) = A'B' = (ACA)B = (CA)A'B'
— CA(BAY = CABA = CA.

Now using these two identities and (5.2), we see that
B =BAB = BAC = CAC =C.
Since B and C are identical, the Moore—Penrose inverse is unique. O

We saw in the proof of Theorem 5.1 that the Moore—Penrose inverse of a matrix
A is explicitly related to the singular value decomposition of A; that is, this inverse
is nothing more than a simple function of the component matrices making up the
singular value decomposition of A.

Definition 5.1 is the definition of a generalized inverse given by Penrose (1955).
The following alternative definition, which we will find useful on some occasions,
utilizes properties of the Moore—Penrose inverse that were first illustrated by
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Moore (1935). This definition applies the concept of projection matrices that was
discussed in Chapter 2. Recall that if .S is a vector subspace of R™and Pg is its
projection matrix, then for any @ € R™, Pgx gives the orthogonal projection of x
onto S, whereas * — Pgq is the component of & orthogonal to .S; further, the unique
matrix Pg is given by @, @} + -+ - + x,x)., where {x,,...,x,} is any orthonormal
basis for S.

Definition 5.2 Let A be an m x n matrix. Then the Moore—Penrose inverse of A is
the unique n X m matrix A" satisfying

(a) AA+ = PR(A)’
(b) A*A = Py,

where Pp4) and Pp 4+ are the projection matrices of the range spaces of Aand AT,
respectively.

It should be noted that although A" AA’” = A’, condition (b) in Definition 5.2 can-
not simply be replaced by the condition AT A = Ppan- As shown by Hu (2008), this
substitution would then require a third condition, rank(A™") = rank(A).

The equivalence of Definition 5.1 and Definition 5.2 is not immediately obvious.
Consequently, we will establish it in Theorem 5.2.

Theorem 5.2 Definition 5.2 is equivalent to Definition 5.1.
Proof.  We first show that a matrix A™ satisfying Definition 5.2 must also satisfy
Definition 5.1. Conditions (5.3) and (5.4) follow immediately because by definition,
a projection matrix is symmetric, whereas (5.1) and (5.2) follow because the columns
of A are in R(A) imply that
and the columns of A™ are in R(A™) imply that

A+AA+ = PR(A’)A+ = A+.
Conversely, now suppose that A" satisfies Definition 5.1. Premultiplying (5.2) by A
yields the identity

AATAAT = (AAT)? = AAT,
which along with (5.3) shows that AA" is idempotent and symmetric, and thus by
Theorem 2.22 is a projection matrix. To show that it is the projection matrix of the
range space of A, note that for any matrices B and C, for which BC' is defined,

R(BC) C R(B). Using this twice along with (5.1), we find that

R(A) = R(AA* ) C R(AA*) C R(A),
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so that R(AA™) = R(A). This proves that Pp4) = AA*. A proof of P4 =
At A is obtained in a similar fashion using (5.1) and (5.4). O

5.3 SOME BASIC PROPERTIES OF THE MOORE-PENROSE INVERSE

In this section, we will establish some of the basic properties of the Moore—Penrose
inverse, whereas in some of the subsequent sections we will look at some more spe-
cialized results. First, we have Theorem 5.3.

Theorem 5.3 Let A be an m x n matrix. Then

(@) (ad)" =a AT, if a # 0 is a scalar,
®) (4) = (4%,
(c) (A")" = A,

(d) A* = A~ if Ais square and nonsingular,

(e) (A/A)T = AT A" and (AA)T = AT AT,

(f) (AAT)T = AAT and (ATA)T = AT A,

(g) AT = (AA)TA = A(AANT,

(hy A" = (A’A)"tA"and AT A = I, if rank(A) = n,

() AT = A(AA) Land AAT =1, if rank(A) = m,

(j) AT = A', if the columns of A are orthogonal, that is, A’A =

Proof. Each part is proven by simply verifying that the stated inverse satisfies con-
ditions (5.1)—(5.4). Here, we will only verify that (A’ A)" = At A", given in (e), and
leave the remaining proofs to the reader. Since A" satisfies the four conditions of a
Moore—Penrose inverse, we find that
AAAA)TAA=AAATATAA = AAAT(AAT) A
= AAATAATA = AAATA = AA,
(AA)TAAAA)T = ATATAAATAY = AT(AATY AAT AT
= ATAATAATAY = ATAATAY
=ATAY = (A A",
so that AT A" satisfies conditions (5.1) and (5.2) of the Moore—Penrose inverse
(A’A)". In addition, note that
AAAA)T = AAATAT = A(AT(AAT)Y
=A(ATAAT) = A'A"
= (ATA),
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and A" A must be symmetric by definition, so it follows that condition (5.3) is satis-
fied for (A’A)* = AT A", Likewise, condition (5.4) holds because

(AATAA=ATAYAA=AT(AAM)A
=ATAATA= AT A
This then proves that (A’A)" = ATA™. O

Example 5.1 Properties (h) and (i) of Theorem 5.3 give useful ways of computing
the Moore—Penrose inverse of matrices that have full column rank or full row rank.
We will demonstrate this by finding the Moore—Penrose inverses of

1 1 2 1
a—[l} and A—[2 1 O]'

From property (h), for any vector a # 0, a* will be given by (a’a) *a’, so here we
find that
at =105 0.5].

For A, we can use property (i) because rank(A) = 2. Computing AA’ and (AA")7L,
we get

! 6 4 /717i 5 —4
AA[4 5]’ A" =% o)
and so
1 2
At =A@y t=L o g 2
14 -4 6
10
(-3 8
1
=—1 6 -2
14 5 4

Theorem 5.4 establishes a relationship between the rank of a matrix and the rank
of its Moore—Penrose inverse.

Theorem 5.4 For any m X n matrix A,

rank(A) = rank(A") = rank(AA") = rank(AT A).

Proof.  Using condition (5.1) and the fact that the rank of a matrix product cannot
exceed the rank of any of the matrices in the product, we find that

rank(A) = rank(AA"A) < rank(AAT) < rank(A™). (5.5)
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In a similar fashion, using condition (5.2), we get
rank(A") = rank(ATAAT) < rank(ATA) < rank(A). (5.6)

The result follows immediately from (5.5) and (5.6). O

We have seen through Definition 5.2 and Theorem 5.2 that A" A is the projec-
tion matrix of the range of A™. It also will be the projection matrix of the range of
any matrix B satisfying rank(B) = rank(A™") and At AB = B. For instance, from
Theorem 5.4, we have rank(A’) = rank(A™") and

ATAA = (ATAYA = AATA = A,

so A" A is also the projection matrix of the range of A’; that is, Prian = AT A.

Theorem 5.5 summarizes some of the special properties possessed by the
Moore—Penrose inverse of a symmetric matrix.

Theorem 5.5 Let A be an m x m symmetric matrix. Then

(a) AT is also symmetric,
(b) AAT = AT A,
(c) AT = A, if Ais idempotent.
Proof. Using Theorem 5.3(b) and the fact that A = A’, we have
AT = (A" =AY,

which then proves (a). To prove (b), note that it follows from condition (5.3) of the
Moore—Penrose inverse of a matrix, along with the symmetry of both A and A™, that

AAT = (AAT)Y = ATA = AT A
Finally, (c) is established by verifying the four conditions of the Moore—Penrose
inverse for At = A, when A% = A. For instance, both conditions (5.1) and (5.2) hold
because

AAA = A’A = AA =A% = A

Note also that
(AA) = AA' = AA,

so that conditions (5.3) and (5.4) hold as well. O

In the proof of Theorem 5.1, we saw that the Moore—Penrose inverse of any matrix
can be conveniently expressed in terms of the components involved in the singular
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value decomposition of that matrix. Likewise, in the special case of a symmetric
matrix, we will be able to write the Moore—Penrose inverse in terms of the com-
ponents of the spectral decomposition of that matrix, that is, in terms of its eigen-
values and eigenvectors. Before identifying this relationship, we first consider the
Moore—Penrose inverse of a diagonal matrix. The proof of this result, which simply
involves the verification of conditions (5.1)—(5.4), is left to the reader.

Theorem 5.6 Let A be the m x m diagonal matrix diag(),,...,A,,). Then the

Moore-Penrose inverse AT of A is the diagonal matrix diag(¢y, . . ., ¢,,), where
¢‘: )\;17 lf)\z#oa
’ 0, ifx, =0.
Theorem 5.7 Let x,,...,x,, be a set of orthonormal eigenvectors correspond-
ing to the eigenvalues, A,,. .., A,,, of the m x m symmetric matrix A. If we define
A = diag(\,...,\,) and X = (x4,...,x,,), then
AT = XATX'.

Proof. Let r =rank(A), and suppose that we have ordered the A,’s so that
Apyp ==\, = 0. Partition X as X = [X|, X,|, where X, is m x r, and par-

tition A in block diagonal form as A = diag(A,, (0)), where A| = diag(A,..., \,.).
Then, the spectral decomposition of A is given by

0) (0)] [ X5

and similarly the expression above for A* reduces to A* = X, A X]. Thus, because
X{X, =1, we have

A=[X, X, [Al (0)} m — XA X,

AAT = XN XIXOATIX = XA ATTX = XX

which is clearly symmetric, so condition (5.3) is satisfied. Similarly, AT A = X, X7,
and so (5.4) also holds. Conditions (5.1) and (5.2) hold because

AATA = (AAN)A = X, X| X, A, X!
= XA X| = A

and

ATAAT = AT(AAT) = X AT XX X
= X A7X] = AT,

and so the proof is complete. (]
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Example 5.2 Consider the symmetric matrix

32 16 16
A= 116 14 2
16 2 14

It is easily verified that an eigenanalysis of A reveals that it can be expressed as

2VE 0 Vs 0] [2v6 1VE 1/VE
S A | I

Thus, using Theorem 5.7, we find that

A f;ﬁ _13\/5 [1/48 0 } [2/\/6 1/V6 1/\/6]

0 1/12 _
Ve 1/va / 0 —1/vV2 1/V2
L e 2
— |2 B -1
819 11 13

In Section 2.7, we saw that if the columns of an m x r matrix X form a basis for
a vector space S, then the projection matrix of .S is given by X (X' X )1 X’; that is

Prix) = X(X'X)7'X".
Definition 5.2 indicates how this can be generalized to the situation in which X is
not full column rank. Thus, using Definition 5.2 and Theorem 5.3(g), we find that the
projection matrix of the space spanned by the columns of X is

Prxy = XXt = X(X'X)"X". (5.7)

Example 5.3 We will use (5.7) to obtain the projection matrix of the range of

4 1 3
X=1-4 -3 -1
0 -2 2
The Moore—Penrose inverse of
32 16 16

X'X=1[16 14 2
16 2 14
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was obtained in the previous example, which we use to find that

PR(X) = X(X/X)+X/
4 314 2 214 -4 0
- 555 | 1l |2 13 1] |1 -3 -2
880 ol 2 —11 13| |3 -1 2

2 -1 1

R N

1 1 2

This illustrates the use of (5.7). Actually, Pgx) can be computed without ever for-
mally computing any Moore—Penrose inverse because Pp x is the total eigenprojec-
tion corresponding to the positive eigenvalues of X X'. Here we have

26 —22 4
XX'=|-22 26 4f,
4 4 8

which has z, = (1/v2,-1/v/2,0)" and z, = (1/v/6,1/1/6,2/4/6)" as normal-
ized eigenvectors corresponding to its two positive eigenvalues. Thus, if we let
Z = (z4, z,), then

1
Prooy=22'= 5 |-

— =N
L
N = =

Example 5.4 The Moore—Penrose inverse is useful in constructing quadratic forms
in normal random vectors so that they have chi-squared distributions. This is a topic
that we will investigate in more detail in Chapter 11; here we will look at a simple
illustration. A common situation encountered in inferential statistics is one in which
one has a sample statistic, t ~ N, (0,Q), and it is desired to determine whether
the m x 1 parameter vector @ = 0; formally, we want to test the null hypothesis
H,: 8 = 0 versus the alternative hypothesis H,: 8 # 0. One approach to this prob-
lem, if ) is positive definite, is to base the decision between H, and H, on the
statistic

v, =7t

Now if T is any m x m matrix satisfying TT" = €, and we define uw = T~ 't, then
E(u)=T7"'6 and

var(u) = T Hvar(®)} TV =71 (TTTV =1

m>
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sou ~ N,,(T7'0,1,,). Consequently, u,,. . .,u,, are independently distributed nor-
mal random variables, and so

v =t "t =u'u= Zuf

i=1

has a chi-squared distribution with m degrees of freedom. This chi-squared distri-
bution is central if @ = 0 and noncentral if @ # 0, so we would choose H, over H,,
if v; is sufficiently large. When 2 is positive semidefinite, the construction of v,
above can be generalized by using the Moore—Penrose inverse of €. In this case, if
rank(Q2) = r, and we write Q = X;A, X| and QT = X, A X], where the m x r
matrix X, and the r x r diagonal matrix A, are defined as in the proof of Theorem
5.7, then w = A;1/2X{t ~ NT(AIINX{O, 1), because

var(w) = A; /2 X {var(t)} X, A,/
= AII/QX{(XlAlX{))QA;l/Q
=1,.
Thus, because the w,’s are independently distributed normal random variables,
v, =0Tt =ww = Zw?
i=1

has a chi-squared distribution, which is central if Afl/ ’x 10 = 0, with r degrees of
freedom.

5.4 THE MOORE-PENROSE INVERSE OF A MATRIX PRODUCT

If A and B each is an m x m nonsingular matrix, then it follows that (AB)~! =
B! A~ This property of the matrix inverse does not immediately generalize to the
Moore—Penrose inverse of a matrix; that is, if A is m X p and B is p X n, then we
cannot, in general, be assured that (AB)" = B* A™. In this section, we look at some
results regarding this sort of factorization of the Moore—Penrose inverse of a product.

Example 5.5 Here we look at a very simple example, given by Greville (1966),
that illustrates a situation in which the factorization does not hold. Define the 2 x 1

vectors L 1
e=fo] o=[i]

a"=(aa)'ad =1 0, b"=(bb)"'d=[05 05

so that
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Thus, we have
(@b)" = (1) =1#bta™ =0.5.

Actually, in the previous section, we have already given a few situations in which
the identity (AB)" = B A does hold. For example, in Theorem 5.3, we saw that

(AA)" = ATAY = ATA'T

and
(AA*)+ = AAT = (A*)*A*.

Theorem 5.8 gives yet another situation.

Theorem 5.8 Let A be an m x n matrix, whereas P and @) are h X m and n X p
matrices satisfying P'P = I, and QQ' = I,,. Then

(PAQ)" = QtATPT = QAT P

The proof of Theorem 5.8, which we leave to the reader, simply involves
the verification of conditions (5.1)—(5.4). Note that Theorem 5.7, regarding the
Moore—Penrose inverse of a symmetric matrix, is a special case of Theorem 5.8.

Our next result gives a sufficient condition on the matrices A and B to guarantee
that (AB)" = BT A™.

Theorem 5.9 Let A be an m x p matrix and B be a p x n matrix. If rank(A) =
rank(B) = p, then (AB)" = BT A",

Proof. Since A is full column rank and B is full row rank, we know from
Theorem 5.3 that AT = (A’A)"'A’ and B = B'(BB’)"!. Consequently, we find
that
ABBTATAB = ABB'(BB') Y (AA)"'A'AB = AB,
BYATABBYA" = B (BB') " Y(A'A) ' A’/ABB'(BB') '(A'A) ' A’
B'(BB)"|(A'A)"'A' = BT A",

so conditions (5.1) and (5.2) are satisfied. In addition,

ABBTA" = ABB'(BB') '(A'A) ' A
= A(AA)TA,

BYATAB = B'(BB') Y(A'A)'A'AB
=B (BB')'B

are symmetric, so BT A" is the Moore—Penrose inverse of AB. O
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Although Theorem 5.9 is useful, its major drawback is that it only gives a sufficient
condition for the factorization of (AB) ™. The following result, due to Greville (1966),
gives several necessary and sufficient conditions for this factorization to hold.

Theorem 5.10 Let A be an m X p matrix and B be a p X n matrix. Then each of
the following conditions are necessary and sufficient for (AB)" = BT A™:

(a) ATABB'A' = BB'’A’ and BBTA’AB = A’AB.

(b) AYABB’ and A’ ABB™ are symmetric matrices.

(c) AYTABB'A'ABB" = BB'A’A.

(d) ATAB = B(AB)"AB and BBYA' = A/AB(AB)™.

Proof.  'We will prove that the conditions given in (a) are necessary and sufficient;
the proofs for (b)—(d) will be left to the reader as an exercise. First assume that the
conditions of (a) hold. Premultiplying the first identity by B* while postmultiplying
by (AB)"" yields

BYA"AB(AB)(AB)" = BTBB'A'(AB)"". (5.8)
Now for any matrix C,
creo = (ctoyc =c'ct'c
=C'ctC =" (5.9)

Using this identity, when C' = B, on the right-hand side of (5.8) and its transpose on
the left-hand side, when C' = A B, we obtain the equation

BTATAB = (AB)'(AB)"*,
which, because of condition (5.4), is equivalent to

The final equality in (5.10) follows from the definition of the Moore—Penrose inverse
in term of projection matrices, as given in Definition 5.2. In a similar fashion, if we
take the transpose of the second identity in (a), which yields

B'AABBT = B'A'A
and premultiply this by (AB)"" and postmultiply this by A, then, after simplifying

by using (5.9) on the left-hand side with C' = (AB)" and the transpose of (5.9) on the
right-hand side with C' = A’, we obtain the equation

ABB'A* = (AB)(AB)" = Py 4p). (5.11)
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However, from Definition 5.2, (AB)* is the only matrix satisfying both (5.10) and
(5.11). Consequently, we must have (AB)" = Bt A™. Conversely, now suppose that
(AB)T = Bt A*. Applying this equation in (5.9), when C' = AB, gives

(AB) = B"A"(AB)(AB)'.
Premultiplying this by ABB’B, we obtain
ABB'BB'A' = ABB'BB"ATABB'A’,
which, after using the transpose of (5.9) with C' = B’ and then rearranging, simpli-
fies to
ABB'(I, - ATA)BB'A" = (0).

Note that because D = (I p A" A) is symmetric and idempotent, the equation above
isin the form E'D'DE = (0), where E = BB’A’. This then implies that ED = (0);
that is,

(I, — A*A)BB'A’ = (0),

which is equivalent to the first identity in (a). In a similar fashion, using (AB)" =
B*A* in (5.9) with C = (AB)' yields

AB = AYBYB'A'AB.

This, when premultiplied by B’ A’ AA’, can be simplified to an equation that is equiv-
alent to the second identity of (a). U

Our next step is to find a general expression for (AB)* that holds for all A and
B for which the product AB is defined. Our approach involves transforming A to a
matrix A, and transforming B to By, such that AB = A, B, and (A, B,)" = B A}.
The result, due to Cline (1964a), is given in Theorem 5.11.

Theorem 5.11 Let A be an m X p matrix and B be a p X n matrix. If we define
B, =A"ABand A| = AB, B, then AB = A, B, and (AB)" = B A}.

Proof. Note that
AB = AAYAB = AB, = AB,B{ B, = A, By,

so the first result holds. To verify the second statement, we will show that the two
conditions given in Theorem 5.10(a) are satisfied for A, and B,. First note that

ATA, = AYAB,Bf = AT A(ATAB)B;
— ATABB{ = B,Bf (5.12)
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and

AfA, = AT AB,Bif = A A(B, B B,)B;"
— AT A,B,Bf. (5.13)

Taking the transpose of (5.13) and using (5.12), along with conditions (5.3) and (5.4),
we get
ATA, = BB ATA, = ATA|ATA, = AT A, = BB,

and so
ATAlBlBiA/l = BlerBlBiA/l = BlBiA/lv

which is the first identity in Theorem 5.10(a). The second identity can be obtained by
noting that

A/1 = (AB1B1+), = (AB1Bl+BlB1+)/
= (AlBle)/ = B1B1+A/1a

and then postmultiplying this identity by A, B;. U

Note that in Theorem 5.11, B was transformed to B, by the projection matrix of
the range space of A*, whereas A was transformed to A, by the projection matrix of
the range space of B, and not that of . Our next result indicates that the range space
of B can be used instead of that of By, if we do not insist that AB = A, B,. A proof
of this result can be found in Campbell and Meyer (1979).

Theorem 5.12 Let A be an m X p matrix and B be a p X n matrix. If we define
B, = ATABand A = ABB™, then (AB)" = B Af.

5.5 THE MOORE-PENROSE INVERSE OF PARTITIONED MATRICES

Suppose that the m x n matrix A has been partitioned as A = [U V], where U is
m X n; and V' is m X n,. In some situations, it may be useful to have an expression
for A" in terms of the submatrices, U and V. We begin with the general case, in
which no assumptions can be made regarding U and V.

Theorem 5.13 Let the m x n matrix A be partitioned as A = [U V], where U is
m X n;,Vism X ny, and n = n; + n,. Then

g (U =UrV(CT+ W)
o Ct+WwW ’

where C = (I,, — UU )V, M ={I,, + (I, — C*C)V'UYUV (I, — C*C)} !,

and W = (I, — C*C)MV'UTU(I,, — VCY).
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Proof. Partition A" as

Y
so that
AAT=UX +VY (5.14)
and
A A= [)555 );ﬂ . (5.15)
Since AATA = A, we have
AATU = U, (5.16)
AATYV = V. (5.17)

Transposing (5.16) and then premultiplying by (U'U)*, we get
UTAAT =UT, (5.18)

because (U'U)*U’ = U™ by Theorem 5.3(g). Also from Theorem 5.3(e) and (g), we
have AT = A’A™ A™, so that

X=UXX+UY'Y,
which leads to
U'UX =UUU'X'X+U00UUY'Y
=UX'X+UY'Y
= X.

Thus, premultiplying (5.14) by U™ and using (5.18), we find that U™ = X + Ut VY,
which implies that

At = {U+ B Uﬂ/Y} . (5.19)

Y

Consequently, the proof will be complete if we can show that Y = C™ + W. Since
U+C = (0), it follows (Problem 5.14) that

U = (0), (5.20)
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and using (5.16) and (5.17), we get AATC' = C, or equivalently C' = C"AA™. This
last identity, when premultiplied by (C'C)*, yields C™ = CT AA™. Thus, using
(5.19), we have

AAY =UU* + (I, -UUNVY =UU" + CY,
and when this identity is premultiplied by C'", it reduces to C" = CTCY’, so that
cY = cCt. (5.21)
Also, C = CCTC =CCH(V —UU"V) = CCTV, which implies
CHV =t (5.22)

Thus, CYV = CC*V = CC*C = C, and from (5.15) we know that YV is sym-
metric, so YV ' = C' or when postmultiplying this last identity by (CC’)*,

YVCet =t (5.23)

Using the expression for A* given in (5.19) and the identity AT AAT = A*, we find
that
YUU'+YCY =Y

or
YUUT +YCCH =Y (5.24)
because of (5.21). The symmetry condition (AT A)" = A" A yields the equations
UtvyU = (UTVYUY, (5.25)
(Yu)=uv{,, -YV). (5.26)
Now from (5.26) and the definition of C,
(YU) =U"V{l, —-Y(UU"V +C)}
=U'V -UtVYUU'V —U'VYC,
and because by (5.20) and (5.21)
(I, —CTO)YYU=YU-C'CYU =YU-C*'CC*'U =YU,
it follows that
Yu) ={{,, -ctoOyyv}y = (Yv)d,, - C*C)
= UV -UVYuUu'v -uvtvyo)d,, - ¢ C)
= UV -UVYUU'V)(I,, —C*"C).
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Transposing this last equation and using (5.25), we get

YU = (I, — C*C)V'U — (I, — CTC)WV'UTUTVYU
= (I,, — C*C)V'U* — (I, — C*C)V'UTUTV(I, - CT*C)YU

which leads to
BYU = (1, fC+C)V’U+’ 5.27)

where B = I, + (I,,, — C*C)V'UYU*V (1, — C*C). Postmultiplying (5.27) by
ut(l,, — VC*) and then using (5.22), (5.23) and (5.24), we have

B(Y —C*) = (I, — C*C)V'UYU(I,, — VCY).

Since B is the sum of [,,, and a nonnegative definite matrix, it must be positive definite
and, hence, nonsingular. Thus, our previous equation can be re-expressed as

Y =C"+B I, —CTO)V'UTU (I, —-VCT)
=C"+ (I, — C*C) B YW'utut(,, —-vch)

=C"+W,
where we have used the fact that B~! and (I,, — C*C) commute because B and
(1,,, — C*C) commute, and B~' = M. This completes the proof. O

The proofs of the following consequences of Theorem 5.13 can be found in Cline
(1964b), Boullion and Odell (1971), or Pringle and Rayner (1971).

Corollary 5.13.1 Let A and C be defined as in Theorem 5.13, and let
K = (I,,+V'UYU"V)"!. Then

() CTCV'UTUTV = (0) if and only if

At — [U* - U*VKV’U*’U*}

Ct+ KV'UTU*
(b) C = (0) if and only if

At [U+ - U+VKV’U+’U+}

KvV'ut'u+
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(c) CTCV'UTUTV = V'UYUTV if and only if

Ut —Utver*
!
(d) U'V = (0) if and only if
=[]
=1+

Our final theorem involves the Moore—Penrose inverse of a partitioned matrix that
has the block diagonal form. This result can be easily proven by simply verifying that
the conditions of the Moore—Penrose inverse are satisfied.

Theorem 5.14 Let the m x n matrix A be given by

Ay (O - (0)
O A @
0 © - A,

where A,; ism; x n;, m; +---+m, =m,andn, + --- +n, = n. Then

§a
L <:> <.>
0) (©) - A

Some additional results for the generalized inverse of a matrix A that is partitioned
into a 2 x 2 form will be given in Chapter 7.

5.6 THE MOORE-PENROSE INVERSE OF A SUM

Theorem 1.9 gave an expression for (A + CBD)‘I, when the matrices A, B, and
A+ CBD are all square and nonsingular. Although a generalization of this formula
to the case of a Moore—Penrose inverse is not available, there are some specialized
results for the Moore—Penrose inverse of a sum of matrices. Some of these results
are presented in this section. The proofs of our first two results use the results of the
previous section regarding partitioned matrices. These proofs can be found in Cline
(1965) or Boullion and Odell (1971).

Theorem 5.15 Let U be an m x n; matrix and V' be an m X n, matrix. Then

UU +VV)' =1, — CYVUTKUY (I, — VC) + (CC)*,
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where K =1, —U"V (I, — CTC)M(U"V)" and C and M are defined as in
Theorem 5.13.

Theorem 5.16 Suppose U and V' are both m x n matrices. If UV’ = (0), then
U+V)"=U"+I,-UV)(CT+W),
where C' and W are as given in Theorem 5.13.
Theorem 5.16 gives an expression for (U + V)™ that holds when the rows of U
are orthogonal to the rows of V. If, in addition, the columns of U are orthogonal to

the columns of V/, this expression greatly simplifies. This special case is summarized
in Theorem 5.17.

Theorem 5.17 If U and V are m x n matrices satisfying UV’ = (0) and U'V =
(0), then
U+ =Ut+VvH.
Proof.  Using Theorem 5.3(g), we find that
UtV = (U'U)TU'V = (0)

and
VUt =vu'(ouht ={0u)uv'}y = (0).

Similarly, we have VU = (0) and UV = (0). As a result,

U+V)UT+VH)=UU"+VVT, (5.28)
U+ VHU+V)=UTU+VTV, (5.29)
which are both symmetric, so that conditions (5.3) and (5.4) are satisfied. Postmulti-
plying (5.28) by (U + V') and (5.29) by (U™ 4+ V) yields conditions (5.1) and (5.2),
so the result follows. 0

Theorem 5.17 can be easily generalized to more than two matrices.

Corollary 5.17.1 Let U;,...,U, be m x n matrices satisfying U;U; = (0) and
UjU; = (0) for all i # j. Then

U+ 4U)" =U+-+ U
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We saw in Corollary 1.9.2 that if A and A + cd’ are nonsingular matrices, then

A lted A7?

A dy =12 —""
(A+ed) 1+dAle

Our final theorem gives a generalization of this result to the case in which A + ed’ is
singular and A is symmetric.

Theorem 5.18 Let A be an m x m nonsingular symmetric matrix and ¢ and d
be m x 1 vectors. Then A + ed' is singular if and only if 1 +d A~'c = 0, and if
A+ ed' is singular,

(A+ed)" = (I, —yy A (L, —za"),
wherex = A 'dand y = A~ 'c.

Proof.  Our proof follows that of Trenkler (2000). From Theorem 3.6, |A + ed'| =
|A|(1+ d' A 'e), and so the stated necessary and sufficient condition for the sin-
gularity of A + cd’ follows. Now if 1 + d A~tc = 0, it follows that (A + cd')y =
c+c(d A le) = ¢ — ¢ = 0, which implies (A + ed')yy™ = (0), or equivalently

(A+ed)(I, —yy")=A+cd. (5.30)
In a similar fashion, because A is symmetric we can show that

(I, —xzx")(A+ecd)=A+cd. (5.3
Thus, using (5.31), we get

(I —yy )AL, —xa ") (A +ed) = (I

m

—yy ) AT (A+cd)

whereas an application of (5.30) confirms that

(A + Cdl)(Im - yy+)A_1(Im - $$+> = (A + Cdl)A_1<I

m 33$+)

= (I, +cx')(I,, —zx")
= (I, —xz"). (5.33)

m
This establishes conditions (5.3) and (5.4) of a Moore—Penrose inverse. Condition
(5.1) follows by premultiplying (5.32) by (A + cd') and then applying (5.30),
whereas condition (5.2) is obtained by postmultiplying (5.33) by (A + cd’) and then
applying (5.31). This completes the proof. O
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5.7 THE CONTINUITY OF THE MOORE-PENROSE INVERSE

It is very useful to establish the continuity of a function because continuous functions
enjoy many nice properties. In this section, we will give conditions under which the
elements of AT are continuous functions of the elements of A. However, before doing
so, let us first consider the determinant of a square matrix A and the inverse of a
nonsingular matrix A. Recall that the determinant of an m X m matrix A can be
expressed as the sum of terms, where each term is +1 or —1 times the product of m
of the elements of A. Thus, because of the continuity of sums and the continuity of
scalar products, we immediately have the following.

Theorem 5.19 Let A be an m x m matrix. Then the determinant of A, |A|, is a
continuous function of the elements of A.

Suppose that A is an m X m nonsingular matrix so that | A| # 0. Recall that the
inverse of A can be expressed as

A=A Ay, (5.34)

where A, is the adjoint matrix of A. If A, A,,... is a sequence of matrices such
that A, — A as i — oo, then, because of the continuity of the determinant function,
|A;] — A, and so an N must exist, such that |A;| # 0 for all > N. Since each
element of an adjoint matrix is +1 or —1 times a determinant, it also follows from
the continuity of the determinant function that if A, , is the adjoint matrix of A, then
Ai# — A# as ¢ — oo. As aresult, (5.34) has allowed us to establish the following.

Theorem 5.20 Let A be an m x m nonsingular matrix. Then the inverse of 4, A~!,
is a continuous function of the elements of A.

An alternative way of establishing the continuity of A~! is to show directly that
if A, — A, then for some matrix norm, |[A~! — A; || — 0. Without loss of gener-
ality, we assume our norm satisfies the identity ||1,,,|| = 1. Let B, = A; — A so that
A, = A+ B; = A(I,, + A'B,). Now since B; — (0), there exists an integer N
such that | B;|| < 1/||A~Y|| for all i > N. Thus, following the derivation given in
Example 4.14, we find that for: > N,

—112
ey < IATRIB
N S B VeI

From this it immediately follows that |A~' — A7 = |A™' — (A+B,))" | =0
since || B;|| — 0.

The continuity of the Moore—Penrose inverse is not as straightforward as the con-
tinuity of the inverse of a nonsingular matrix. If A is anm x n matrix and 4, A, . ..
is an arbitrary sequence of m X n matrices satisfying A, — A asi — oo, then we are
not assured that A7 — A™. A simple example will illustrate the potential problem.



THE CONTINUITY OF THE MOORE-PENROSE INVERSE 223

Example 5.6 Consider the sequence of 2 x 2 matrices A;, A,, ..., where
{1/i 0
A=,

Clearly, A, — A, where
0 0
A= {0 J |

However, note that rank(A) = 1, whereas rank(A;) = 2 for all <. For this reason, we
do not have A — A™. In fact,

L _|i 0
F
does not converge to anything because its (1, 1)th element, 4, goes to co. On the other
hand,
0 0
+_
A% = [O 1] |
If we have a sequence of matrices A;, A,,... for which rank(A4;) = rank(A)

for all ¢ larger than some integer, say /N, then we will not encounter the difficulty
observed in Example 5.6; that is, as A, gets closer to A, Ai+ will get closer to A, This
continuity property of A" is summarized in Theorem 5.21. A proof of this important
result can be found in Penrose (1955) or Campbell and Meyer (1979).

Theorem 5.21 Let A be an m x n matrix and A, A,,... be a sequence of m x n
matrices, such that A; — A as i — oco. Then

A — A" asi— o0
if and only if an integer NV exists, such that

rank(4;) = rank(A) foralli > N.

Example 5.7 The conditions for the continuity of the Moore—Penrose inverse have
important implications in estimation and hypothesis testing problems. In particular,
in this example, we will discuss a property, referred to as consistency, that some esti-
mators possess. An estimator ¢, computed from a sample of size n, is said to be a
consistent estimator of a parameter € if ¢ converges in probability to 6, that is, if

lim P(|t—0| >¢€) =0,

n—oQ
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for any e > 0. An important result associated with the property of consistency is that
continuous functions of consistent estimators are consistent; that is, if ¢ is a consis-
tent estimator of 0, and g(¢) is a continuous function of ¢, then ¢(¢) is a consistent
estimator of ¢g(#). We will now apply some of these ideas to a situation involving the
estimation of the Moore—Penrose inverse of a matrix of parameters. For instance, let €2
be an m X m positive semidefinite covariance matrix having rank » < m. Suppose
that the elements of the matrix €2 are unknown and are, therefore, to be estimated.
Suppose, in addition, that our sample estimate of 2, which we will denote by Q, is
positive definite with probability one, so that rank(Q) m with probability one, and
() is a consistent estimator of €2; that is, each element of { is a consistent estimator of
the corresponding element of 2. However, because rank((2) = r < m, Q" is not a
consistent estimator . Intuitively, the problem here is obvious. If Q2 = X A X' is the
spectral decomposition of Q) sothat O = Q1 = XA 'X", then the consistency of
Qis implying that as n increases, the m — r smallest diagonal elements of A are con-
verging to zero, whereas the m — r largest diagonal elements of A~! are increasing
without bound. The difficulty here can be easily avoided if the value of r is known. In
this case, {2 can be adjusted to yield an estimator of ) having rank r. For example, if
) has eigenvalues A\; > A\, > --- > ) and corresponding normalized eigenvectors
T,...,T,,,and P, isthe eigenprojection

T
_2 : !
Pr - T;T;,
i=1

then

Q* = PTQPT = XT: )\ia:i;c’i

i=1

will be an estimator of {2 having rank of r. It can be shown then that, because of the
continuity of eigenprojections, Q* is also a consistent estimator of {2. More impor-
tantly, because rank((2,) = rank(€2) = r, Theorem 5.21 guarantees that Q is a
consistent estimator of Q7.

5.8 SOME OTHER GENERALIZED INVERSES

The Moore—Penrose inverse is just one of many generalized inverses that have been
developed in recent years. In this section, we will briefly discuss two other general-
ized inverses that have applications in statistics. Both of these inverses can be defined
by applying some of the four conditions, (5.1)—(5.4), or, for simplicity, 1-4, of the
Moore—Penrose inverse. In fact, we can define a different class of inverses corre-
sponding to each different subset of the conditions 1—4 that the inverse must satisfy.

Definition 5.3 For any m x n matrix A, let the n x m matrix denoted A("1»-r)
be any matrix satisfying conditions 4,,. .., %, from among the four conditions 1-4;
A7) will be called a {iy, . .., i, }-inverse of A.
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Thus, the Moore-Penrose inverse of A is the {1,2,3,4}-inverse of A; that is,
At = A12349 Note that for any proper subset {4,,...,i,} of {1,2,3,4}, A* will

also be a {iy,...,1, }-inverse of A, but it may not be the only one. Since in many
cases, there are many different {i,,...,4, }-inverses of A, it may be easier to com-
pute a {iy,...,i,}-inverse of A than to compute the Moore-Penrose inverse. The

rest of this section will be devoted to the {1}-inverse of A and the {1, 3}-inverse of
A, which have special applications that will be discussed in Chapter 6. Discussion
of other useful {i,,...,4, }-inverses can be found in Ben-Israel and Greville (2003),
Campbell and Meyer (1979), and Rao and Mitra (1971).

In Chapter 6, we will see that in solving systems of linear equations, we will only
need an inverse matrix satisfying the first condition of the four Moore—Penrose con-
ditions. We will refer to any such {1}-inverse of A as simply a generalized inverse
of A, and we will write it using the fairly common notation, A~; that is, AL = A~
One useful way of expressing a generalized inverse of a matrix A applies the singular
value decomposition of A. The following result, which is stated for a matrix A having
less than full rank, can easily be modified for matrices having full row rank or full
column rank.

Theorem 5.22 Suppose that the m X n matrix A has rank r > 0 and the singular
value decomposition given by

a=rlg 0@

where P and Q are m x m and n x n orthogonal matrices, respectively, and A is an
r x r nonsingular diagonal matrix. Let

-1
B=Q [AF g] P,

where E'isr X (m —r), Fis (n —r) x r,and G'is (n — r) X (m — r). Then for all
choices of F, I, and G, B is a generalized inverse of A, and any generalized inverse
of A can be expressed in the form of B for some F, F', and G.

Proof. Note that

=P

0 ;o
7|0 )7 =4

and so the matrix B is a generalized inverse of A regardless of the choice of F,
F, and G. On the other hand, if we write Q@ = [Q; Q,], P =[P, P,], where
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@, isn x rand P, is m x r, then, because PP' = I, QQ' = I,,, any generalized
inverse B3, of A, can be expressed as
/ / Q/l /
B=QQ'BPP' =Q Q) B[P, P)P

_olaBn @BR],
Q,BP, QyBR,| "

which is in the required form if we can show that Q} BP, = A~!. Since B is a gen-
eralized inverse of A, ABA = A, or equivalently,

(P'AQ)(Q'BP)(P'AQ) = P'AQ.

Writing this last identity in partitioned form and equating the (1, 1)th submatrices on
both sides, we find that

AQ|BP,A = A,

from which it immediately follows that Q}BP, = A~!, and so the proof is
complete. (]

When A is an m X m nonsingular matrix, the matrix B in Theorem 5.22 simplifies
to B = QA~'P', where A, P, and Q are now all m x m matrices. In other words, an
immediate consequence of Theorem 5.22 is that A~! is the only generalized inverse
of A when A is square and nonsingular.

Example 5.8 The 4 x 3 matrix

1 0 0.5
1 0 0.5
A= 0 -1 -0.5
0 -1 =05

has rank = 2 and singular value decomposition with

i1 UVE SIVE 0
P=51y 1 1 1] @=|UV3 V3 LVE),
1 -1 -1 1 1/\/6 1/\/6 —2/\/6

and
o[ 8]
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If we take F/, F', and G as null matrices and use the equation for B given in Theorem
5.22, we obtain as a generalized inverse of A the matrix

5 5 1 1
-1 -1 -5 =5
2 2 -2 -2

1
12

Actually, from the proof of Theorem 5.1, we know that the matrix above is the
Moore—Penrose inverse. Different generalized inverses of A may be constructed
through different choices of F, I, and G for example, if we again take F and F' as
null matrices but now use

G=[1/v6 0],

then we obtain the generalized inverse

1 3 2 1 0
5 0 -1 -2 =3
0 2 -2 0

Note that this matrix has rank 3, whereas the Moore—Penrose inverse has its rank
equal to that of A, which is 2.

Theorem 5.23 summarizes some of the basic properties of {1}-inverses.

Theorem 5.23 Let A be an m X n matrix, and let A~ be a generalized inverse of
A. Then

(a) A~ is a generalized inverse of A’,

(b) if v is a nonzero scalar, o' A~ is a generalized inverse of a4,

(c) if A is square and nonsingular, A~ = A~! uniquely,

(d) if B and C are nonsingular, C~' A~ B~! is a generalized inverse of BAC,

(e) rank(A) = rank(AA~) = rank(A~A) < rank(A7),

(f) rank(4) =mifandonly if AA~ =1,

(g) rank(A) =nifandonlyif A~A =1,

(h) if m = n and A is symmetric, there exists a generalized inverse A~ that is
symmetric,

(i) if m =n and A is nonnegative definite, there exists a generalized inverse
A~ that is nonnegative definite.

Proof. Properties (a)—(d) are easily proven by simply verifying that the one condi-
tion of a generalized inverse holds. To prove (e), note that because A = AA™ A, we
can use Theorem 2.8 to get

rank(A) = rank(AA~A) < rank(AA7) < rank(A)
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and
rank(A) = rank(AA~A) < rank(A”A) < rank(A),

so that rank(A) = rank(AA~) = rank(A~ A). In addition,
rank(A) = rank(AA~A) < rank(A~A) < rank(47),

so the result follows. It follows from (e) that rank(A) = m if and only if AA™ is
nonsingular. Premultiplying the equation

(AA7)2 = (AA"A)A~ = AA~

by (AA~)~! yields (). Similarly, rank(A) = n if and only if A~ A is nonsingular,
and so premultiplying

(A"A)2 = A (AA A)=A A

by (A~ A)~! gives (g). Properties (h) and (i) follow immediately from the fact that
A is a generalized inverse of A. O

Example 5.9 Some of the properties possessed by the Moore—Penrose inverse
do not carry over to the {1}-inverse. For instance, we have seen that A is the
Moore—Penrose inverse of A*; that is, (A")" = A. However, in general, we are not
guaranteed that A is a generalized inverse of A~, where A~ is an arbitrary gener-
alized inverse of A. For example, consider the diagonal matrix A = diag(0,2,4).
One choice of a generalized inverse of A is A~ = diag(1,0.5,0.25). Here A~ is
nonsingular, so it has only one generalized inverse, namely, (A~)~! = diag(1,2,4),
and, thus, A is not a generalized inverse of A~ = diag(1,0.5,0.25).

All generalized inverses of a matrix A can be expressed in terms of any one par-
ticular generalized inverse. This relationship is given below.

Theorem 5.24 Let A~ be any generalized inverse of the m x n matrix A. Then for
any n X m matrix C,

A +C—-A ACAA™

is a generalized inverse of A, and each generalized inverse of A can be expressed in
this form for some C'.

Proof. Since AA~A = A,

A(A-+C - A"ACAA)A=AA A+ ACA—- AA"ACAA™ A
=A+ACA - ACA =4,
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so A=+ C — A7 ACAA™ is a generalized inverse of A regardless of the choice of
A~ and C. Now let B be any generalized inverse of A and define C' =B — A~
where A~ is some particular generalized inverse of A. Then, because ABA = A,
we have

A 4+C—AACAA = A +(B—A")— A A(B— A")AA™
— B— A ABAA™ + A" AA”AA”
—B- A AA” + A" AA” = B,

and so the proof is complete. g

From Definition 5.2, we know that AA™ is the matrix that projects vectors orthog-
onally onto R(A), whereas A" A projects vectors orthogonally onto R(A’). Theorem
5.25 looks at the matrices AA~ and A~ A.

Theorem 5.25 Let A be an m X n matrix, B be an m X p matrix,and C'beaq X n
matrix. Then

(a) AA"B = Bifandonlyif R(B) C R(A),
(b) CA-A = Cifandonly if R(C") C R(A4").

Proof. Clearly if AA~B = B, the columns of B are linear combinations of the
columns of A from which it follows that R(B) C R(A). Conversely, if R(B) C
R(A) then an n x p matrix D exists, such that B = AD. Using this and the identity
AA-A = A, we have

B=AD=AA"AD = AA™ B,
and so we have proven (a). Part (b) is proven in a similar fashion. O

Like AAT, the matrix AA~ projects vectors onto the vector space R(A). For
instance, from Theorem 5.25, we see that € = AA™« for any « € R(A), and if
x ¢ R(A),theny = AA~x € R(A) because y clearly is a linear combination of the
columns of A. However, although AA™ projects vectors orthogonally onto R(A), the
projections given by AA~ are oblique projections unless AA~ is symmetric. In par-
ticular, AA~ projects onto R(A) along the vector space R(I,, — AA™). Similarly,
(A~ A) = A’ A7 is the projection matrix for R(A’) along R(I,, — A’A™").

We will find the following result useful in a later chapter.

Theorem 5.26 Let A, B, and C be matrices of sizes p X m, m X n, and n X q,
respectively. If rank(ABC') = rank(B), then C(ABC')~ A is a generalized inverse
of B.
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Proof.  Our proof follows that of Srivastava and Khatri (1979). Using Theorem 2.8,
we have

rank(B) = rank(ABC) < rank(AB) < rank(B)

and
rank(B) = rank(ABC) < rank(BC) < rank(B),

so that evidently

rank(AB) = rank(BC') = rank(B) = rank(ABC). (5.35)
Using Theorem 2.10 along with the identity

A(BC){I, - (ABC)” ABC} = (0),
we find that
rank(ABC) + rank(BC{l, — (ABC)” ABC}) — rank(BC) < rank{(0)} = 0,
so that
rank(BC{I, — (ABC)” ABC}) < rank(BC) — rank(ABC) = 0,
where the equality follows from (5.35). But this can be true only if
BC{I, - (ABC) ABC} = {I, — BO(ABC)” A}B(C) = (0).
Again applying Theorem 2.10, this time on the middle expression above, we obtain
rank({I, — BO(ABC)~ A} B) + rank(BC) — rank(B) < rank{(0)} =0,
or equivalently,
rank({I, — BO(ABC)~ A} B) < rank(B) — rank(BC) = 0,
where, again, the equality follows from (5.35). This implies that
{I,— BC(ABC)" A}B = B — B{C(ABC) A} B = (0),

and so the result follows. (]

Some properties of a generalized inverse of A’A are given in Theorem 5.27.



SOME OTHER GENERALIZED INVERSES 231

Theorem 5.27 Let (A’ A)~ be any generalized inverse of A’ A, where Aisanm x n
matrix. Then

(a) (A’A)~"is a generalized inverse of A’A,

(b) the matrix A(A’A)~ A’ does not depend on the choice of the generalized
inverse (A’A)",

(c) A(A’A)~ A’ is symmetric even if (A’ A)™~ is not symmetric.

Proof. Transposing the equation A’A(A’A)” A’A = A’ A yields
ATA(AA)TAA=AA,
so (a) follows. To prove (b) and (c), first note that
A(A'A)"A'A = AATAAA) AA=(AATY AL A)AA
=ATAAAA) " AA=AYAA
= (AATYA=AATA= A
Then
AAA)"A = A(AA)"AATA = A(AA)-A'(AATY
= A(AA)"AAAT = AAT, (5.36)
where the last equality applies the identity, A(A’A)~ A’A = A, just proven; (b) fol-

lows from (5.36) because A", and hence also AA™, is unique. The symmetry of
A(A’A)~ A’ follows from the symmetry of AA™. O

We have seen that if S’ is the vector space spanned by the columns of the m x r
matrix X, then its projection matrix is given by

Py = X,(X|X,)"X]. (5.37)

An immediate consequence of Theorem 5.27 is that the Moore—Penrose inverse in
(5.37) can be replaced by any generalized inverse of X| X ; that is, regardless of the
choice of (X{X,)~, we have

Py = X, (X1 X,) X].

We will see in Chapter 6 that the {1, 3}-inverse is useful in finding least squares
solutions to an inconsistent system of linear equations. Consequently, this inverse is
commonly called the least squares inverse. We will denote a {1, 3}-inverse of A by
AL thatis, A1) = AL, Since a least squares inverse of A is also a {1}-inverse of A,
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the properties given in Theorem 5.23 also apply to A”. Some additional properties
of least squares inverses are given below.

Theorem 5.28 Let A be an m x n matrix. Then

(a) for any least squares inverse, A", of A, AAL = AAT,

(b) (A’A)~ A'is aleast squares inverse of A for any generalized inverse, (A’A) ",
of A’A.

Proof. Since AAYA = Aand (AAL) = AAL, we find that

AAL = AATAAL = (AATY (AARY = AT A’ AV A
= AY(AATAY = AT A = (AAT) = AAT,

and so (a) holds. Part (b) follows from the proof of Theorem 5.27 because it was
shown that

A(AA)"A'A = A,
which yields the first condition of a least squares inverse, and it was also shown that
A(AA)"A = AAT,

so that the symmetry of A(A’A)~ A’ follows from the symmetry of AA™. O

5.9 COMPUTING GENERALIZED INVERSES

In this section, we review some computational formulas for generalized inverses. The
emphasis here is not on the development of formulas best suited for the numerical
computation of generalized inverses on a computer. For instance, the most common
method of computing the Moore—Penrose inverse of a matrix is through the computa-
tion of its singular value decomposition; that is, if A = P;AQ) is the singular value
decomposition of A as given in Corollary 4.1.1, then A" can be easily computed
via the formula A™ = Q,;A~!P]. The formulas provided here and in the problems
are ones that, in some cases, may be useful for the computation of the generalized
inverse of matrices of small size but, in most cases, are primarily useful for theoretical
purposes.

Greville (1960) obtained an expression for the Moore—Penrose inverse of a matrix
partitioned in the form [B  ¢], where, of course, the matrix B and the vector ¢ have
the same number of rows. This formula can be then used recursively to compute
the Moore—Penrose inverse of an m x n matrix A. To see this, let a; denote the jth
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column of A and define A; = (a,...,a;),sothat A, is the m x j matrix containing

the first j columns of A. Greville has shown that if we write A; = [A; ; a;], then
AT . —d.b.

At = { jilb'j J J} , (5.38)

A+
where dj = Aj_laj,

b — (cje;) e, if ¢; # 0,
IS\ dd) AL, ife, =0,

Jj—b

and ¢; = a; — A; ;d;. Thus, A" = A} can be computed by successively comput-

: + oA+ +
ing Ay, Ay ..., A,

Example 5.10 We will use the procedure above to compute the Moore—Penrose
inverse of the matrix

1 1 2 3
A=1(1 -1 0 1
1 1 2 3

We begin by computing the inverse of A, = [a@; a,] =[A; a,]. We find that

1
Af = (aja;) 'al = 3 11 1],
1
dy = Al a, = =,
2 1@2 = 3
2
1 1
c=a,—Ady=a,—-a, == -4
3 31 9
Since ¢, # 0, we get
1
b= cf = (Ge) e = 1 2 1]

and thus,

AT — dyb! 11 2 1
o Pl 2 )

bl 401 -2 1

The inverse of A; = [A, a] now can be computed by using A5 and

d3 = A2+a3 = |:{| )
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c; =a;— Aydy =

O O N
|

O O N
Il
=]

Since ¢; = 0, we find that

1
B, = (1+dydy) 'dy AT = (1+2)7']1 111[1 2 1}

1 -2 1
1
=—/1 0 1

6[ ]’
and so ) )
g = M) L 61

3 b 12

3 2 0 2

Finally, to obtain the Moore—Penrose inverse of A = A,, we compute

1
d,=Aja,= |0,
1
3 3
c,=a,—Ad, = [1| — [1| =0,
3 3

1
by = (1+did,) " diA] =

Bl 2 1

Consequently, the Moore—Penrose inverse of A is given by

0 40

g [A5—db]_ 1|1 6 1
4 v, 201 -2 1
1 21

A common method of computing a generalized inverse, that is, a {1}-inverse, of
a matrix is based on the row reduction of that matrix to Hermite form.

Definition 5.4 An m x m matrix H is said to be in Hermite form if the following
four conditions hold:

(a) H is an upper triangular matrix.

(b) h,; equals O or 1 for each 7.

(c) If hy; = 0, then h,;; = 0 for all j.
(d) If hy; =1, then h;; = O forall j # i
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Before applying this concept of Hermite forms to find a generalized inverse of a
matrix, we will need a couple of results regarding matrices in Hermite form. The first
of these two results says that any square matrix can be transformed to a matrix in
Hermite form through its premultiplication by a nonsingular matrix. Details of the
proof are given in Rao (1973).

Theorem 5.29 Let A be an m x m matrix. Then a nonsingular m x m matrix C'
exists, such that CA = H, where H is in Hermite form.

The proof of Theorem 5.30 will be left to the reader as an exercise.

Theorem 5.30 Suppose the m x m matrix H is in Hermite form. Then H is idem-
potent; that is, H> = H.

The connection between a generalized inverse of a square matrix A and matrices in
Hermite form is established in the following theorem. This result says that any matrix
C satisfying the conditions of Theorem 5.29 will be a generalized inverse of A.

Theorem 5.31 Let A be an m X m matrix and C be an m X m nonsingular matrix
for which CA = H, where H is a matrix in Hermite form. Then the matrix C' is a
generalized inverse of A.

Proof. 'We need to show that ACA = A. Now from Theorem 5.30, we know that
H is idempotent, and so

CACA =H?=H = CA.
The result then follows by premultiplying this equation by C~!. O
The matrix C can be obtained by transforming A, through elementary row trans-
formations, to a matrix in Hermite form. This process is illustrated in the following

example.

Example 5.11 We will find a generalized inverse of the 3 x 3 matrix

2 2 4
A= 1[4 -2 2
2 —4 =2

First, we perform row transformations on A so that the resulting matrix has its first
diagonal element equal to one, whereas the remaining elements in the first column
are all equal to zero. This can be achieved via the matrix equation C; A = A,, where

1/2 0 0 11 2
C,=|-2 1 0|, 4=[0 -6 —6
-1 0 1 0 —6 —6
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Next, we use row transformations on A; so that the resulting matrix has its second
diagonal element equal to one, whereas each of the remaining elements in the second
column is zero. This can be written as C, A; = A,, where

1 1/6 0 10 1
Cy=10 —1/6 0|, A,=1]0 1 1
0 -1 1 00 0

The matrix A, satisfies the conditions of Definition 5.4, and so it is in Hermite form.
Thus, we have C, A, = C,C| A = A,, so by Theorem 5.31 a generalized inverse of
A is given by

oo
C=0Cr=¢[2 -1 0
6 —6 6

Not only is a generalized inverse not necessarily unique, but this particular method
of producing a generalized inverse does not, in general, yield a unique matrix. For
instance, in the second transformation given above, C,A; = A,, we could have
chosen

1 0 1/6
C,= 10 =1/6 0
0o -2 2

In this case, we would have obtained the generalized inverse

2 0o
C=CC==1]2 -1 0
12 —12 12

The method of finding a generalized inverse of a matrix by transforming it to a
matrix in Hermite form can be easily extended from square matrices to rectangular
matrices. Theorem 5.32 indicates how such an extension is possible.

Theorem 5.32 Let A be an m X n matrix, where m < n. Define the matrix A, as

so that A, is n X n, and let C' be any n X n nonsingular matrix for which C'A, is in
Hermite form. If we partition C' as C = [C} C,], where C| is n x m, then C| is a
generalized inverse of A.
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Proof.  We know from Theorem 5.31 that C' is a generalized inverse of A,. Hence,
A, CA, = A,. Simplifying the left-hand side of this identity, we find that

A A
A CA, = (0)} [Cl C2] [(0)}
. -AC'1 AC,| | A
- L0 (0)] [(0)}
AC, A
RO }

Equating this identity to A,, we get AC} A = A, and so the proof is complete. [
Clearly, an analogous result holds for the case in which m > n.

Example 5.12 Suppose that we wish to find a generalized inverse of the matrix

N = ==
O = O =
N DN DN

Consequently, we consider the augmented matrix

N — — =
O = O =
N DN DN
oS O OO

Proceeding as in the previous example, we obtain a nonsingular matrix C'so that C' A,
is in Hermite form. One such matrix is given by

0 1 00
1 -1 0 O
¢= -1 01 0
0 -2 0 1
Thus, partitioning this matrix as
_ &G
c=[]

we find that a generalized inverse of A is given by

0

O
Il
—
I
O = =
_ o O
oS O O



238 GENERALIZED INVERSES

A least squares generalized inverse of a matrix A can be computed by
first computing a generalized inverse of A’A and then using the relationship,
AL = (A’A)~ A, established in Theorem 5.28(b).

Example 5.13 To find a least squares inverse of the matrix A from Example 5.12,
we first compute

7T 2 9
AA=12 2 4
9 4 13

—_

By transforming this matrix to Hermite form, we find that a generalized inverse of
A’ Ais given by

2 =2 0
@A) =52 70
~10 —10 10

Hence, a least squares inverse of A is given by

Lo 20 4
AL:(A’A)%’:E 5 -2 5 —4
0 00 0

PROBLEMS

5.1 Prove results (a)—(d) of Theorem 5.3.
5.2 Use Theorem 5.3(h) to find the Moore—Penrose inverse of

N OO =
O ==
—_— O

5.3 Find the Moore—Penrose inverse of the vector

N W N

5.4 Provide the proofs for (f)—(j) of Theorem 5.3.
5.5 Prove Theorem 5.6.
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5.6

5.7

5.8

5.9

5.10

5.11

5.12

5.13

5.14

5.15

Use the spectral decomposition of the matrix

2 0 1
A=10 2 3
1 3 5
to find its Moore—Penrose inverse.
Consider the matrix
0 -1 2
A=10 -1 2
3 2 -1

(a) Find the Moore-Penrose inverse of AA’, and then use Theorem 5.3(g) to
find A*.

(b) Use A" to find the projection matrix for the range of A and the projection
matrix for the row space of A.

Show that the converse of Theorem 5.5(c) does not hold. That is, give an
example of a symmetric matrix A for which A" = A yet A is not idempotent.

Let A be an m x n matrix with rank(A) = 1. Show that AT = ¢! A/, where
c=tr(AA).

Letz and y be m x 1 vectors, and let 1,, be the m x 1 vector with each element
equal to one. Obtain expressions for the Moore—Penrose inverses of

(@ 1,1 ,

M) I, —m*t1,1 ,

(¢) =z,

) zy'.

Let A be an m X n matrix. Show that each of the matrices, AA", AT A,
(I, — AA"), and (I,, — AT A) is idempotent.

Let A be an m x n matrix. Establish the following identities:

(a) A/AAT = ATAA = A

(b) AATAT = ATAYA = AT,

(c) A(A/A)TAA=AA(AAYTA = A

Let Abe anm x n matrix and B be an n X n positive definite matrix. Show that

ABA(ABA')*A = A.

Let A be an m x n matrix. Show that

(a) AB = (0) if and only if BT A" = (0), where B is an n x p matrix.

(b) A"B = (0) if and only if A’B = (0), where B is an m X p matrix.

Let A be an m X m symmetric matrix having rank r. Show that if A has one
nonzero eigenvalue A of multiplicity r, then AT = A\72A4 .
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5.16

517

5.18

5.19

5.20

5.21

5.22
5.23

5.24

5.25
5.26

5.27

GENERALIZED INVERSES

Let A be an m X n matrix and B be an n X p matrix. Show that if B has full
row rank, then
AB(AB)T = AA*.

Let A be an m x m symmetric matrix. Show that

(a) if A is nonnegative definite, then so is A™,

(b) if Az = 0 for some vector x, then AT = 0 also.

Let A be an m x m symmetric matrix with rank(A) = r. Use the spectral
decomposition of A to show that if B is any m x m symmetric matrix with
rank(B) = m — r, such that AB = (0), then ATA+ B*B=1,.

Let A and B be m x m nonnegative definite matrices, and suppose that A — B
is also nonnegative definite. Show that B — A™ is nonnegative definite if and
only if rank(A) = rank(B).

Let A be an m x n matrix and B be an n X m matrix. Suppose that rank(A) =
rank(B) and, further, that the space spanned by the eigenvectors corresponding
to the positive eigenvalues of A’A is the same as that spanned by the eigenvec-
tors corresponding to the positive eigenvalues of BB’. Show that (AB)* =
BtAT.

Prove Theorem 5.8.

Prove (b)—(d) of Theorem 5.10.

For each case below use Theorem 5.10 to determine whether (AB)" = BT A™.
[0 0 0] [1 0 0]
@ A=|1 0 0], B=|0 0 0
0 1 0 0 0 2
11 0] [0 0 0]
(b) A=10 1 0f, B=1|0 11
0 0 O 01 0

Let A be an m xn matrix and B be an n x m matrix. Show that
(AB)t = BtYATif AABB' = BB'A'A.

Prove Theorem 5.14.
Find the Moore—Penrose inverse of the matrix
2 1 0 0 O
1 1.0 0 O
A=10 0 1 2 0
00 1 2 0
00 0 0 4

Use Corollary 5.13.1(d) to find the Moore—Penrose inverse of the matrix
A=[U V], where

1 11 1 -2
U=|1 1 1}, V=1]-1 1
1 1 1 0 1
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5.28 Use Corollary 5.13.1(c) to find the Moore—Penrose inverse of the matrix
A=[U V], where

1 1 2 2
1 -1 2 0
U=1|1 o], VvV=|-1 o0
1 0 1 -2
0 0 0 1

1 1 1 1
1 1 -1 1
U= TT 2l YT o 2T
1 0 0 -3

Use Theorem 5.17 to find the Moore—Penrose inverse of the matrix
A=wzx' +yz.

5.30 Suppose A is an m x n matrix while ¢ and d are m x 1 and n x 1 vectors. Let
u= (I, —AA")candv = d'(I, — ATA).
(a) Show that

(At+ed)t =A" - Afcu™ —v'd A"+ (1 +d ATc)vTu’,

if u # 0and v # 0.
(b) Show that

(A+ed)t = AT — Afc(ATe)TAT —vTd AT,

ifu=0,v#0,and1+dA"c=0.
(¢) Show that

(A+ed)t = A" —(1+dAte) 'Ated AT,

ifu=0,v=0,and 1 +dA"c #0.
5.31 If the m x 1 random vector  has a multinomial distribution (see, for example,
Johnson, et al. 1997), then var(x;) = np,;(1 — p;) and cov(z;, ;) = —np;p;
for ¢ # j, where n is a positive integer and 0 < p, < 1, such that p; +--- +
D,, = 1.If Q is the covariance matrix of &, use Theorem 5.18 to show that €2 is

singular and
Qt=n',-m 1,1, )D NI, —m'1,1),

where D = diag(py,...,p,,)-
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5.32

5.33

5.34

5.35

5.36

5.37

5.38

5.39

5.40

541

5.42

GENERALIZED INVERSES

Let A be an m x m nonsingular symmetric matrix and ¢ and d be m x 1
vectors. Show that if A+ ed’ is singular, then it has A~! as a generalized

inverse.
Let A be an m X m symmetric matrix, and suppose that ¢ and d are m x 1
vectors that are in the column space of A. Show thatif 1 +d' A*e # 0
Ated At
Ated)r =AT - — .
(4 +ed) 1+dAte

Find a generalized inverse, different than the Moore—Penrose inverse, of the
vector given in Problem 5.3.

Consider the diagonal matrix A = diag(0, 2, 3).

(a) Find a generalized inverse of A having rank of 2.

(b) Find a generalized inverse of A that has rank of 3 and is diagonal.
(c) Find a generalized inverse of A that is not diagonal.

Let A be an m x m matrix partitioned as
A, A
A= |“1n 12} ’
{Am Agy

where Ay, is 7 X r. Show that if rank(A) = rank(A4;;) = r, then

{Alf (0)]
0) (0)
is a generalized inverse of A.

Let A be an m x n matrix and B be an n X p matrix. Show that B~ A~ will be
a generalized inverse of AB for any choice of A~ and B~ if rank(B) = n.
Let Abe anm x n matrix and B be ann x p matrix. Show that for any choice of
A~ and B~, B~ A~ will be a generalized inverse of AB ifand only if A~ ABB~
is idempotent.

Show that a matrix B is a generalized inverse of A if and only if AB is
idempotent and rank(A) = rank(AB).

Let A, P, and (Q be m X n, p x m, and n X g matrices, respectively. Show
that if P has full column rank and @ has full row rank, then Q- A P~ is a
generalized inverse of PAQ.

Let A be an m x n matrix, B be an m X m matrix, and C be an n X n matrix.
Show that if B and C' are nonsingular, then an n X m matrix D is a generalized
inverse of BAC! if and only if D = C~'A~B~! for some generalized inverse
A~ of A.

Show that the matrix AA~ yields orthogonal projections if and only if it is
symmetric; that is, show that

(x —AA z)AA =0

for all « if and only if AA™ is symmetric.
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5.43

5.44

545

5.46

547

5.48

549
5.50

A matrix B is called a reflexive generalized inverse of A if it satisfies the first

two conditions of a Moore—Penrose inverse; that is, B is a reflexive inverse of

Aif ABA = Aand BAB = B. Show the following.

(a) A generalized inverse B of a matrix A is reflexive if and only if rank(B) =
rank(A).

(b) For any two matrices E and F/,

At EB T,
BQ{F FAE}P

is a reflexive inverse of A, where A has the singular value decomposition
given by

A O],
(0) (oﬂQ'

Suppose that the m x n matrix A is partitioned as A =[A; A,], where
Ay is m xr, and rank(A4) =rank(A4;) =r. Show that A(A’A)"A =
A (A1A) Ay

Suppose that the . x n matrix A has been partitioned as A’ = [U’ V'], where
Uismy x n,V ismy x nand m; + m, = m. Show that a generalized inverse
of Ais givenby A~ = [W  X], where

a-r|

W= ([n - (In - U7U>{V(In - UiU)}iv)Uia
X=(,-UU{V(I,-UTU)}.

Use the recursive procedure described in Section 9 to obtain the Moore—Penrose
inverse of the matrix.

1 -1 -1
A=|-1 1 1
2 -1 1

Find a generalized inverse of the matrix A in the previous problem by finding
a nonsingular matrix that transforms it into a matrix having Hermite form.

Find a generalized inverse of the matrix

1 -1 -2 1
A= -2 4 3 -2
1 1 -3 1

Find a least squares inverse for the matrix A given in the previous problem.
Let A be an m x m matrix and C' be an m X m nonsingular matrix such that
CA = H is in Hermite form. Show that A is idempotent if and only if H is a
generalized inverse of A.
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5.51

5.52

5.53

5.54

5.55

5.56

5.57
5.58

5.59

5.60

GENERALIZED INVERSES

Let A be an m x n matrix and suppose that B is an n X n matrix that satisfies
conditions 1 and 4 of the Moore—Penrose inverse of A’ A. Show that AT = BA’.
Let A be an m x n matrix and B be an n X m matrix. Show that B is the
Moore-Penrose inverse of A if and only if B is a least squares inverse of A and
A is a least squares inverse of B.

Let A be an m X n matrix. Show that for any least squares generalized inverse,
(AANE of AA/, AT = A'(AA)E.

Let A be an m x n matrix. Show that an n x m matrix B is a least squares
generalized inverse of A if and only if A’/AB = A'.

Let A be an m X n matrix, and let (AA’)” and (A’A)~ be any generalized
inverses of AA’ and A’ A, respectively. Show that

At = A(AA)) A(AA) A

It was shown in Theorem 5.31 that a generalized inverse of an m x m matrix A
can be obtained by finding a nonsingular matrix that row reduces A to Hermite
form. Show that there is a similar result for column reduction to Hermite form;
that is, show that if C'is a nonsingular matrix, such that AC' = H, where H is
in Hermite form, then C' is a generalized inverse of A.

Prove Theorem 5.30.

Let A be an m x n matrix. Show that
At = lim (AA+61,) A = lim A(AA +6°1,)
Penrose (1956) obtained the following recursive method for calculating the

Moore—Penrose generalized inverse of an m x n matrix A. Successively
calculate B,, Bs, ..., where

B, =i 'tr(B,AA)I, — B;A'A

and B, is defined to be the n x n identity matrix. If rank(A4) = r, then
B, . A’A = (0) and

AT =r{tr(B,A'A)} 'B A

Use this method to compute the Moore—Penrose inverse of the matrix A of
Example 5.10.

Let \ be the largest eigenvalue of AA’, where A is an m x n matrix. Let a be
any constant satisfying 0 < o < 2/, and define X; = «A’. Ben-Israel (1966)
has shown that if we define

Xi+1 = Xi<2‘[m - AXi)
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for i =1,2,..., then X, — AT as i — oo. Use this iterative procedure to
compute the Moore—Penrose inverse of the matrix A of Example 5.10 on a
computer. Stop the iterative process when

tr{(X; 1 — X)) (X — X))
gets small. Note that A does not need to be computed because we must have

2
ALY SN

5.61 Use the results of Section 5 to obtain the expression given in (5.38) for the

Moore—Penrose inverse of the matrix A; = [A4; | a;].






SYSTEMS OF LINEAR EQUATIONS

6.1 INTRODUCTION

As mentioned at the beginning of Chapter 5, one of the applications of generalized
inverses is in finding solutions to a system of linear equations of the form

Az = ¢, (6.1)

where A is an m X n matrix of constants, ¢ is an m x 1 vector of constants, and
x is an n x 1 vector of variables for which solutions are needed. There are three
possibilities regarding the solution x to (6.1): there is no solution, there is exactly
one solution, there is more than one solution. We will see in Section 6.3 that if there
is more than one solution, then there are actually infinitely many solutions. In this
chapter, we discuss such issues as the existence of solutions to (6.1), the form of
a general solution, and the number of linearly independent solutions. We also look
at the special application of finding least squares solutions to (6.1), when an exact
solution does not exist.

6.2 CONSISTENCY OF A SYSTEM OF EQUATIONS

In this section, we will obtain necessary and sufficient conditions for the existence
of a vector x satisfying (6.1). When one or more such vectors exist, the system of

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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equations is said to be consistent; otherwise, the system is referred to as an incon-
sistent system. Our first necessary and sufficient condition for consistency is that the
vector c is in the column space of A or, equivalently, that the rank of the augmented
matrix [A ¢] is the same as the rank of A.

Theorem 6.1 The system of equations, Ax = ¢, is consistent if and only if
rank([A ¢]) = rank(A).

Proof. 1Ifay, ...,a, arethecolumns of A, then the equation Az = ccan be written
as
Ly n
Az =la; - a,]|: :inai:c.
- i=1

n

Clearly, this equation holds for some @ if and only if ¢ is a linear combination of the
columns of A, in which case rank[A ¢] = rank(A). O

Example 6.1 Consider the system of equations that has

121
[A c|=2 1 5|=0,
10 3

so that the rank of [A  ¢] is also 2. Thus, we know from Theorem 6.1 that the system
of equations Ax = c is consistent.

Although Theorem 6.1 is useful in determining whether a given system of linear
equations is consistent, it does not tell us how to find a solution to the system when
it is consistent. Theorem 6.2 gives an alternative necessary and sufficient condition
for consistency applying a generalized inverse, A~, of A. An obvious consequence
of this result is that when the system Ax = c is consistent, then a solution will be
givenby x = A" c.

Theorem 6.2 The system of equations Ax = c is consistent if and only if for some
generalized inverse, A, of A, AA"c=c.

Proof.  First, suppose that the system is consistent and x, is a solution, so that ¢ =
Ax,. Premultiplying this identity by AA~, where A~ is any generalized inverse of
A, yields

AA e = AA" Az, = Az, = ¢,



CONSISTENCY OF A SYSTEM OF EQUATIONS 249

as is required. Conversely, now suppose that there is a generalized inverse of A sat-
isfying AA~ ¢ = c. Define , = A~ ¢, and note that

Az, = AA c=c.

Thus, because x, = A~ c is a solution, the system is consistent, and so the proof is
complete. O

Suppose that A; and A, are any two generalized inverses of A so that AA; A =
AA,A = A. In addition, suppose that A, satisfies the condition of Theorem 6.2; that
is, AA,c = c. Then A, satisfies the same condition because

AAje = AA,(AA c) = (AA,A)A e = AAc=c

Thus, in applying Theorem 6.2, one will need to check the given condition for only
one generalized inverse of A, and it does not matter which generalized inverse is used.
In particular, we can use the Moore—Penrose inverse, A", of A.

Corollary 6.2.1 and Corollary 6.2.2 involve some special cases regarding the
matrix A.

Corollary 6.2.1 If A is an m x m nonsingular matrix and ¢ is an m x 1 vector of
constants, then the system Ax = c is consistent.

Corollary 6.2.2 Ifthe m x n matrix A has rank equal to m, then the system Ax = ¢
is consistent.

Proof.  Since A has full row rank, it follows from Theorem 5.23(f) that AA~ = 1,,.
As aresult, AA~ ¢ = ¢, and so from Theorem 6.2, the system must be consistent. []

Example 6.2 Consider the system of equations Ax = ¢, where
1 1 1 2 3
A=1[1 0 1 0|, e=|2
2 1 2 2 5

A generalized inverse of the transpose of A was given in Example 5.12. Using this
inverse, we find that

'1112(1)_*(1)3
AA"c= |1 Lof |, 112
2 1 2 2] | ol o
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Since this is ¢, the system of equations is consistent, and a solution is given by

0 1 -1 -3
_ 1 -1 0 1
Are=1y o 1 i_ 5
0 0 0 0

The generalized inverse given in Example 5.12 is not the only generalized inverse for
A so we could have solved this problem using a different generalized inverse. For
instance, it is easily verified that

3 3 -1

_ 1 -1 0
A= -4 -3 2
0 0 O

satisfies AA~ A = A. Using this choice for A~, we again find that the consistency
condition holds because

1 1 1 2] i’ _i’ *(1) 3
AATc=|1 0 1 O 2
2 1 2 2 |74 73 2|5
L L0 0 0

[0 -1 1] [3 3

= (-1 0 1] |2 =12

-1 -1 2] |5 5

However, we get a different solution because

3 3 -1 3 10
_ 1 -1 0 1
Ae=1.4 3 o g -8
0 0 0 0

The system of linear equations Ax = cis a special case of the more general system
of linear equations given by AX B = C, where Aism x n, Bisp x ¢, C'ism X g,
and X is n X p. A necessary and sufficient condition for the existence of a solution
matrix X satisfying this system is given in Theorem 6.3.

Theorem 6.3 Let A, B, and C be matrices of constants, where A is m X n, B is
p X ¢, and C'is m x q. Then the system of equations,

AXB =C,
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is consistent if and only if for some generalized inverses A~ and B,

AA~CB B =C. 6.2)

Proof.  Suppose that the system is consistent and the matrix X, is a solution, so that
C = AX,B. Premultiplying by AA™ and postmultiplying by B~ B, where A~ and
B~ are any generalized inverses of A and B, we find that

AA CB B =AA AX,BB B=AX,B=C,

and so (6.2) holds. On the other hand, if A~ and B~ satisfy (6.2), define X, =
A~ CB™, and note that X is a solution because

AX,B=AACB B=C,
so the proof is complete. g

Using an argument similar to that given after Theorem 6.2, we can verify that if
(6.2) is satisfied for any one particular choice of A~ and B, then it will hold for all
choices of A~ and B~. Consequently, the application of Theorem 6.3 is not dependent
on the choices of generalized inverses for A and B.

6.3 SOLUTIONS TO A CONSISTENT SYSTEM OF EQUATIONS

We have seen that if the system of equations Ax = c¢ is consistent, then x = A~ ¢
is a solution regardless of the choice of the generalized inverse A~. Thus, if A" c is
not the same for all choices of A~, then our system of equations has more than one
solution. In fact, we will see that even when A~ ¢ does not depend on the choice of
A~, which is the case if ¢ = 0, our system of equations may have many solutions.
Theorem 6.4 gives a general expression for all solutions to the system.

Theorem 6.4 Suppose that Az = c is a consistent system of equations, and let A~
be any generalized inverse of the m x n matrix A. Then, for any n x 1 vector y,

z,=Ac+([,—A Ay (6.3)
is a solution, and for any solution, x, a vector y exists, such that x, = x,,.

Proof. Since Ax = cis a consistent system of equations, we know from Theorem
6.2 that AA ¢ = ¢, and so

Az, = AA c+ A(l, — A" Ay
=c+(A—-AA Ay =c,
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because AA~A = A.Thus, z, is a solution regardless of the choice of y. On the other
hand, if «, is an arbitrary solution, so that Az, = ¢, it follows that A~ Az, = A" c.
Consequently,

Ac+ (I, - A Az, =A ct+ax, — A Az, =x,,
so that x, = x, . This completes the proof. U

The set of solutions given in Theorem 6.4 is expressed in terms of a fixed general-
ized inverse A~ and an arbitrary n x 1 vector y. Alternatively, this set of all solutions
can be expressed in terms of an arbitrary generalized inverse of A.

Corollary 6.4.1 Suppose that Az = ¢ is a consistent system of equations, where
c # 0. If B is a generalized inverse of A, then = Bec is a solution, and for any
solution x,, a generalized inverse B exists, such that x, = Be.

Proof. Theorem 6.4 was not dependent on the choice of the generalized inverse, so
by choosing A~ = B and y = 0in (6.3), we prove that x = Beis a solution. All that
remains to be shown is that for any particular A~ and y, we can find a generalized
inverse B, such that the expression in (6.3) equals Be. Now because ¢ # 0, it has
at least one component, say c;, not equal to 0. Define the n x m matrix C' as C' =
c;lye;, so that C'c = y. Since the system of equations Ax = cis consistent, we must
have AA ¢ = ¢, and so

z,=Act+ ([, - A Ayy=A"c+ (I, - A A)Cc
=Ac+Cc— A ACe=A"c+Cec— A ACAA ¢
=(A"+C—-AACAA )c.

However, it follows from Theorem 5.24 that A~ + C' — A~ AC AA™ is a generalized
inverse of A for any choice of the n x m matrix C, and so the proof is complete. [

Example 6.3 For the consistent system of equations discussed in Example 6.2, we
have

O = O
N ==
=
(NS
N O N

o N O =
O N NN




SOLUTIONS TO A CONSISTENT SYSTEM OF EQUATIONS 253

where we have used the first of the two generalized inverses given in that example.
Consequently, a general solution to this system of equations is given by

x,=Ac+ (I, —A Ay

Yy
-3 2 1 1 27 [w
R 0 0 0 =2| |y
s T2 -1 -1 2| |y
0 0 0 0 1] |y
=342y, + Yo +y; + 2y,
_ 1—2y,
52y Y~y — 2y, |
Yy

where y is an arbitrary 4 x 1 vector.

Our next theorem gives a result, analogous to Theorem 6.4, for the system of
equations AX B = C. The proof will be left to the reader as an exercise.

Theorem 6.5 Let AX B = C be a consistent system of equations, where A is m x
n, B is p X ¢, and C'is m x q. Then for any generalized inverses, A~ and B, and
any n X p matrix, Y,

Xy =ACB +Y —-A AYBB™
is a solution, and for any solution, X, a matrix Y exists, such that X, = X .

Example 6.4 Suppose an m X m nonsingular matrix C is partitioned as
C =[A BJ],where Aism x m, and B is m x m,. We wish to find an expression
for C~! in terms of the submatrices A and B. Partition C~' as C~! = [X' Y],
where X is m; x m and Y is my X m. The system of equations XA = I, is
consistent since A~ A = I, , and so it follows from Theorem 6.5 that

X=A +U(l, — AA™), (6.4)

where U is an arbitrary m; x m matrix. Note that Theorem 5.23(e) and
(I, — AA7)A = (0) guarantee that rank(l,, — AA~) =m,, and since the
columns of B are linearly independent of those in A, we must also have
rank{(I,, — AA")B} =m,. Thus, XB=AB+U(I,,— AA")B=(0) is
consistent, and another application of Theorem 6.5 yields

U=—A"B{(, — AA")B}"
YV (I, —{(L, — AAT)BY{(I, — AAT)B}7), 6.5)

m
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where V' is an arbitrary m, x m matrix. Since (/,, — AA~)Band ({,, — AA~) have
the same rank, they also have the same column space, so it follows from Theorem 5.25
that

{1, — AA")B}{(L,, — AA")B} (I, — AA") = (I, — AA").
Using this while substituting (6.5) into (6.4), we get
X=A"—-AB{I,,—AA")B} (I, — AA").
In a similar fashion, using the equations Y B = I, and YA = (0), we can show that

Y =B~ — B~ A{(I,,— BB")A} (I,, — BB").

In some applications, it may be important to know whether a consistent system of
equations yields a unique solution; that is, under what conditions will (6.3) yield the
same solution for all choices of y?

Theorem 6.6 If Ax = c is a consistent system of equations, then the solution
x, = A cisaunique solution if and only if A=A = I,,, where A~ is any generalized
inverse of the m x n matrix A.

Proof.  Note that , = A”c is a unique solution if and only if z, =z, for all
choices of y, where z, is as defined in (6.3). In other words, the solution is unique
if and only if

(In - AiA)y =0

for all y, and clearly this is equivalent to the condition (I, — A~ A) = (0) or
AA=1,. O

We saw in Theorem 5.23(g) that rank(A) = n if and only if A“A=1,. As a
result, we can restate the necessary and sufficient condition of Theorem 6.6 as follows
in Corollary 6.6.1.

Corollary 6.6.1 Suppose that Ax = cis a consistent system of equations. Then the
solution &, = A~ c is a unique solution if and only if rank(A) = n.

Example 6.5 We saw in Example 6.1 that the system of equations Az = ¢, where
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is consistent. The Moore—Penrose inverse of the transpose of A was obtained in
Example 5.1. Using this inverse, we find that

1 2
1[-3 6 5
A*A[ }21
14| 8 =2 —4 L0

_ 114 0—1
T4l 0 14| %

Thus, the system of equations Az = ¢ has the unique solution given by

1
1[-3 6 5

‘o= —

AC_14[8 —2 —4] ?,

Il
—
==
\
=
SN )
_ 1
I

\
—
—_

Suppose that a system of linear equations has more than one solution, and let =,
and x, be two different solutions. Then, because Ax; = ¢ for ¢ = 1 and 2, it follows
that for any scalar «

A{axy + (1 — a)xy} = adx, + (1 — o)Az, = ac+ (1 —a)c=c.

Thus, x = {ax; + (1 — @)z, } is also a solution. Since « was arbitrary, we see that
if a system has more than one solution, then it has infinitely many solutions. However,
the number of linearly independent solutions to a consistent system of equations hav-
ing ¢ # 0 must be between 1 and n; that is, a set of linearly independent solutions

{x, ... ,x,} exists, such that every solution can be expressed as a linear combi-
nation of the solutions, x;, ... ,x,. In other words, any solution @ can be written
as © = qyx, + -+ + a,x,, for some coefficients o, ... ,q,. Note that because

Ax,; = c for each i, we must have

Az =A (i 0%'%) = i o Ax; = i a,c = <i ai> c,
i=1 i=1 i=1 i=1

and so if x is a solution, the coefficients must satisfy the identity a; + -+ - + o, = 1.
Theorem 6.7 tells us exactly how to determine this number of linearly independent
solutions  when ¢ # 0. We will delay the discussion of the situation in which ¢ = 0
until the next section.

Theorem 6.7 Suppose that the system Ax = c is consistent, where A is m x n
and ¢ # 0. Then each solution can be expressed as a linear combination of r linearly
independent solutions, where r = n — rank(A4) + 1.
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Proof. Using (6.3) with the particular generalized inverse A", we begin with
the n+1 solutions, x5=A%c,x, =A'c+(l,—ATA)e,, ..., x, =
Ate+ (I, — AT A)e,, where, as usual, e; denotes the n x 1 vector whose only
nonzero element is 1 in the ith position. Now every solution can be expressed as a

linear combination of these solutions because for any y = (y;, ... ,4,,),

x,=Atc+ (I, - AT Ay = (1 - Z%) Ty + Zyzwa

i=1 i=1

Thus, if we define the n x (n + 1) matrix X = (xy, x,,, ... , @, ), the proof will be
complete if we can show that rank(X) = n — rank(A) + 1. Note that we can write
X as X = BC, where Band C arethe n x (n+ 1) and (n + 1) x (n + 1) matrices
givenby B = (Ate, I, — AT A) and

1 1,
C= [0 In]

Clearly, C'is nonsingular because it is upper triangular and the product of its diagonal
elements is 1. Consequently, from Theorem 1.10, we know that rank (X)) = rank(B).
Note also that

(I, — AYAY Ate = (I, — A" A)Ate = (A" — AT AAY)e
= (A" —ANe =0,

so that the first column of B is orthogonal to the remaining columns. This implies
that

rank(B) = rank(A"¢) + rank(I,, — AT A) = 1 + rank(I,, — AT A),

because the consistency condition AA"Tc = cand ¢ # 0 guarantee that A ¢ # 0. All
that remains is to show that rank(7,, — AT A) = n — rank(A). Now because A" A is
the projection matrix of R(A™) = R(A’), it follows that I, — AT A is the projection
matrix of the orthogonal complement of R(A’) or, in other words, the null space
of A, N(A). Since dim{N(A)} = n — rank(A), we must have rank(l,, — ATA) =
n — rank(A). O

Since x, = A*c s orthogonal to the columns of (I,, — A" A), when constructing
a set of r linearly independent solutions, one of these solutions always will be x,,
with the remaining solutions given by x,, for r — 1 different choices of y # 0. This
statement is not dependent on the choice of A" as the generalized inverse in (6.3),
because A~ c and (I,, — A~ A)y are linearly independent regardless of the choice of
A~ if ¢ # 0, y # 0. The proof of this linear independence is left as an exercise.
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Example 6.6 We saw that the system of equations Az = ¢ of Examples 6.2 and
6.3 has the set of solutions consisting of all vectors of the form

=342y +y, +ys+ 2y,

1 -2y,
—A c+ —AA 4
(L )y D=2y — Yy — Y3 —2Y,
Yy
Since the last row of the 3 x 4 matrix

1 1 1 2
A=11 0 1 0
2 1 2 2

is the sum of the first two rows, rank(A) = 2. Thus, the system of equations possesses
n—rank(A)+1=4-2+1=3

linearly independent solutions. Three linearly independent solutions can be obtained
through appropriate choices of the y vector. For instance, because A~ ¢ and (I, —
A~ A)y are linearly independent, the three solutions

A7e, Act+(,-AA),;, Act+(l,—-AA),

will be linearly independent if the ith and jth columns of (I, — A~ A) are linearly
independent. Looking back at the matrix (I, — A~ A) given in Example 6.3, we see
that its first and fourth columns are linearly independent. Thus, three linearly inde-
pendent solutions of Ax = c are given by

s
A c= é ,
L 0_
e
Ac+ (I, —AA), é + 72 =1 3>
o] [ of | o
3] [ 2] [—1]
Ac+ (I, —AA), é+:§:_§
o] [ 1 | 1]
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6.4 HOMOGENEOUS SYSTEMS OF EQUATIONS

The system of equations Ax = c is called a nonhomogeneous system of equations
when ¢ # 0, whereas Az = 0 is referred to as a homogeneous system of equations. In
this section, we obtain some results regarding homogeneous systems of equations.
One obvious distinction between homogeneous and nonhomogeneous systems is that
a homogeneous system of equations must be consistent because it will always have
the trivial solution, = 0. A homogeneous system will then have a unique solution
only when the trivial solution is the only solution. Conditions for the existence of
nontrivial solutions, which we state in the next theorem, follow directly from Theorem
6.6 and Corollary 6.6.1.

Theorem 6.8 Suppose that A is an m x n matrix. The system Ax = 0 has nontriv-
ial solutions if and only if A=A # I, or equivalently if and only if rank(A) < n.

If the system Az = 0 has more than one solution, and {x,, ... ,x,} isasetof r
solutions, then = ax; + - - - + «,.x,. is also a solution regardless of the choice of
oy, ... ,q,, because

Az =A (i aim,;) = iaiAwi = i ;0 =0.
i=1 i=1 i=1

In fact, we have the following.

Theorem 6.9 If A is an m X n matrix, then the set of all solutions to the system of
equations Az = 0 forms a vector subspace of R™ having dimension n — rank(A).

Proof.  The result follows immediately from the fact that the set of all solutions of
Az = 0 is the null space of A. O

In contrast to Theorem 6.9, the set of all solutions to a nonhomogeneous system of
equations will not form a vector subspace. This is because, as we have seen in the pre-
vious section, a linear combination of solutions to a nonhomogeneous system yields
another solution only if the coefficients sum to one. Additionally, a nonhomogeneous
system cannot have 0 as a solution.

The general form of a solution given in Theorem 6.4 applies to both homogeneous
and nonhomogeneous systems. Thus, for any n x 1 vector vy,

z,=(,—A Ay

is a solution to the system Axz = 0, and for any solution, x,, a vector y exists,
such that x, = x,,. Theorem 6.10 shows that the set of solutions of Ax = ¢ can

Yy
be expressed in terms of the set of solutions to Az = 0.
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Theorem 6.10 Let x, be any solution to the system of equations Az = ¢. Then
(a) if Ty is a solution to the system Az =0, x ==z, + Ty is a solution of
Ax = ¢, and
(b) for any solution x to the equation Az = ¢, a solution x, to the equation
Ax = 0 exists, such that x = x, + Ty

Proof.  Note that if ., is as defined in (a), then

Alz, +xy) = Az, + Azy =c+0=c,

and so * = x, + , is a solution to Az = ¢. To prove (b), define xz, = = — x,, s0

that x = @, + x,. Then because Az = c and Az, = c, it follows that
Az, = Az —=x,) = Az — Az, =c—c =0,

and so the proof is complete. O

Our next result, regarding the number of linearly independent solutions possessed
by a homogeneous system of equations, follows immediately from Theorem 6.9.

Theorem 6.11 Each solution of the homogeneous system of equations Ax = 0
can be expressed as a linear combination of 7 linearly independent solutions, where
r =mn — rank(A).

Example 6.7 Consider the system of equations Az = 0, where

A:

— D =
O =N

We saw in Example 6.5 that AT A = [,. Thus, the system only has the trivial solu-
tion 0.

Example 6.8 Since the matrix

11
A=1|1 0
2 1

DO = =
N O N

from Example 6.6 has rank of 2, the homogeneous system of equations Ax = 0
has r = n — rank(A) = 4 — 2 = 2 linearly independent solutions. Any set of two
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linearly independent columns of the matrix (I, — A~ A) will be a set of linearly inde-
pendent solutions; for example, the first and fourth columns,

2 2
0 —2
2|’ 2|’
0 1

are linearly independent solutions.

6.5 LEAST SQUARES SOLUTIONS TO A SYSTEM OF LINEAR
EQUATIONS

In some situations in which we have an inconsistent system of equations Ax = c, it
may be desirable to find the vector or set of vectors that comes “closest” to satisfying
the equations. If «, is one choice for x, then =, will approximately satisfy our system
of equations if Az, — c is close to 0. One of the most common ways of measuring
the closeness of Az, — c to 0 is through the computation of the sum of squares of
the components of the vector Az, — c. Any vector minimizing this sum of squares
is referred to as a least squares solution.

Definition 6.1 The n x 1 vector x, is said to be a least squares solution to the
system of equations Ax = c if the inequality

(Az, — ¢)(Az, — c) < (Az — ¢)'(Az — ¢) (6.6)
holds for every n x 1 vector .

Of course, we have already used the concept of a least squares solution in many
of our examples on regression analysis. In particular, we have seen that if the matrix
X has full column rank, then the least squares solution for B in the fitted regression
equation, § = X 3, is given by 3 = (X' X))~ X'y. The generalized inverses that we
have discussed in Chapter 5 will enable us to obtain a unified treatment of this problem
including cases in which X is not of full rank.

In Section 5.8, we briefly discussed the {1, 3}-inverse of a matrix A, that is, any
matrix satisfying the first and third conditions of the Moore—Penrose inverse. We
referred to this type of inverse as a least squares inverse of A. Theorem 6.12 motivates
this description.

Theorem 6.12 Let A" be any {1,3}-inverse of a matrix A. Then the vector
x, = Alcis aleast squares solution to the system of equations Ax = c.
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Proof. We must show that (6.6) holds when x, = A% c. The right-hand side of (6.6)
can be written as
(Az — ¢)/(Azx — ¢) = {(Ax — AAc) + (AAFc —c))
x{(Azx — AALc) + (AALc - ¢)}
= (Ax — AALc) (Ax — AA%c)
+(AALc — ¢)(AALc —¢)
+2(Ax — AALc) (AATe —¢)
> (AAYc - ¢)(AARc - ¢)
= (Az, — ¢)'(Az, — ¢),

where the inequality follows from the fact that

(Ax — AALe) (Ax — AATc) >0

and
(Ax — AATc) (AAYc —¢) = (x — AFe) A'(AA%c - ¢)
= (xz— Ale) A ((AAY) e - ¢)
= (x— Afe)(AAVA'c — Ale)
=(x— Ale)(Ac— Ale) = 0. (6.7)
This completes the proof. U

Corollary 6.12.1 The vector x, is a least squares solution to the system Ax = cif
and only if
(Az, — c)(Ax, —c) = (I, — AAL)e.

Proof. From Theorem 6.12, Alc is a least squares solution for any choice of A”,
and its sum of squared errors is given by
(AAYc — ) (AAYc —c) = ¢ (AAF — T ) (AAY — T )c
=c(AAY -1 )%c
= c/(AAFAAY —2AAT + 1 )c
= (AAY —24AF + 1 )c
=d(I, — AAY)e.

m
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The result now follows because, by definition, a least squares solution minimizes the
sum of squared errors, and so any other vector x, will be a least squares solution
if and only if its sum of squared errors is equal to this minimum sum of squares,
d(1,, — AAb)e. O

Example 6.9 Let the system of equations Az = ¢ have A and ¢ given by

N
O = O =
T O

In Example 5.13, we computed the least squares inverse,

(o 20 4
AL:1—0572574
0 00 0
Since
5 0 5 0] [4 5
110 2 0 4| |1 2.2
L—— =
Ad%e=1515 0 5 of |6 5| 7 ¢
0 4 0 8|15 4.4

it follows from Theorem 6.2 that the system of equations is inconsistent. A least
squares solution is then given by

L [0 204? 2.2
AL:EB—25—46:2.8
0 00 0f| 0

Since (AALec—e¢) = (5,2.2,5,4.4) — (4,1,6,5) = (1,1.2,—1,—0.6)’, the sum
of squared errors for the least squares solution is

(AAYc — ) (AA*c —c) = 3.8.

In general, a least squares solution is not unique. For instance, the reader can easily
verify that the matrix

-2 —-0.8 -2 —1.6
B=|-15 -12 -15 =24
2 1 2 2
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is also a least squares inverse of A. Consequently,

-2 —-0.8 -2 -16 le —28.8
Be=|-15 —-12 -15 -24 6l = —28.2
2 1 2 2 5 31

is another least squares solution. However, because (ABc — ¢)' = (5,2.2,5,4.4) —
(4,1,6,5)" = (1,1.2,—1,—0.6)’, the sum of squared errors for this least squares
solution is, as it must be, identical to that of the previous solution.

The following result will be useful in establishing the general form of a least
squares solution. It indicates that although a least squares solution &, may not be
unique, the vector Az, will be unique.

Theorem 6.13 The vector x, is a least squares solution to the system Ax = c if
and only if
Az, = AALec. (6.8)

Proof. Using Theorem 6.2, we see that the system of equations given in (6.8) is
consistent because

AAF(AALe) = (AAXA)Ale = AALe.
The sum of squared errors for any vector x, satisfying (6.8) is
(Azx, — ¢)(Az, — c) = (AAYc — ¢)/(AATc - ¢)
= (AAF T )¢
=d(I, — AAY)e,

so by Corollary 6.12.1, x, is a least squares solution. Conversely, now suppose that
x, is a least squares solution. Then from Corollary 6.12.1 we must have

(Azx, — ¢)(Ax, —c) = c/(I,, — AAF)c
= (I, — AAR) (1, — AAY)c
= (AAfc —¢)(AALc - ¢), (6.9)

where we have used the fact that (I,, — AA”) is symmetric and idempotent. How-
ever, we also have

(Az, — ) (Ax, — ¢) = {(Az, — AALc) + (AALc—¢)}
x{(Az, — AAY¢c) + (AATc—c)}
= (Az, — AAYc) (Axz, — AALc)
+ (AALc — ¢)'(AAfc - ¢), (6.10)
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because (Az, — AALc)' (AAYec — ¢) = 0, as shown in (6.7). Now (6.9) and (6.10)
imply that
(Az, — AALc) (Ax, — AATc) =0,

which can be true only if
(Az, — AATc) =0,

which establishes (6.8). (I

We now give an expression in Theorem 6.14 for a general least squares solution
to a system of equations.

Theorem 6.14 Let A be any {1,3}-inverse of the m x n matrix A. Define the
vector
x, = Ale+ (1, — AX Ay,

where y is an arbitrary n x 1 vector. Then, for each y, z, is a least squares solution
to the system of equations Ax = ¢, and for any least squares solution x, a vector y

exists, such that ¢, = z,,.

Proof.  Since
AL, — AR Ay = (A— AAE Ay = (A— A)y = 0,

we have Awy = AALe, and so by Theorem 6.13, z, is a least squares solution.
Conversely, if «, is an arbitrary least squares solution, then by using Theorem 6.13
again, we must have

Ax, = AALe,

which, when premultiplied by A", implies that
0=—-AlA(z, — Alc).
Adding «, to both sides of this identity and then rearranging, we get
x, =x, — AYA(z, — Alc)

=Alctrx, — Alc— AP Az, — ALe)
= Alc+ (I, — AL A)(x, — ALe).

This completes the proof because we have shown that ., =x,, where y =
(x, — ALe). O

We saw in Example 6.9 that least squares solutions are not necessarily unique.
Theorem 6.14 can be used to obtain a necessary and sufficient condition for the solu-
tion to be unique.
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Theorem 6.15 If A is an m X n matrix, then the system of equations Az = ¢ has
a unique least squares solution if and only if rank(A) = n.

Proof. It follows immediately from Theorem 6.14 that the least squares solution is
unique if and only if (I, — AL A) = (0), or equivalently, AL A = I,,. The result now
follows from Theorem 5.23(g). O

In some applications, when there is more than one least squares solution to the
system Ax = ¢, one maybe interested in finding the least squares solution that has
the smallest size. We will refer to such a solution as the minimal least squares solution.
Our next result indicates that this solution is given by & = A" ec.

Theorem 6.16 Suppose =, # A'c is a least squares solution to the system of

equations Az = c. Then
xx, > AT Ate.

Proof. It follows from Theorem 6.14 that x, can be written as , = ATc + (I, —
At A)y forsomen x 1vectory. Since x, # Ate, wemusthave (I, — ATA)y # 0,
or equivalently {(I,, — AT A)y} (I, — ATA)y = y'(I,, — At A)y > 0. The result
now follows since
xx, = A" Ate+y' (I, — AT Ay + 2y (I, — ATA)A'c
=AY Ate+y/(I,— AT A)y
>cd AT A"e.
U

Even when the least squares solution to a system is not unique, certain linear com-
binations of the elements of least squares solutions may be unique. This is the subject
of our next theorem.

Theorem 6.17 Let x, be aleast squares solution to the system of equations Ax = c.
Then a’x, is unique if and only if a is in the row space of A.

Proof.  Using Theorem 6.14, if a’x, is unique regardless of the choice of the least
squares solution x,, then

awx, =aAlc+d(I, — A" Ay
is the same for all choices of y. But this implies that

a(I, —AlA)=0. (6.11)

Now if (6.11) holds, then
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where b’ = a’ A, and so a is in the row space of A. On the other hand, if a is in the
row space of A, then some vector b exists, such that @’ = b’ A. This implies that

a (I, — AVA) =bA(I, — A¥A) =b/(A - AALA) =b(A-A) =0,
and so the least squares solution must be unique. (]

Example 6.10 We will obtain the general least squares solution to the system of
equations presented in Example 6.9. First, note that

1 01
AFA=10 1 1|,
00 0

so that

10 2 0 411 0 0 —1| |y

=E5725746—&-00—1y2
0 0 0 05 0 0 1 Y3
22—y

= (2.8 —y3
Y3

is a least squares solution for any choice of y;. The quantity a’ x,, does not depend on
the choice of y; as long as a is in the row space of A; in this case, that corresponds
to a being orthogonal to the vector (—1, —1,1)".

6.6 LEAST SQUARES ESTIMATION FOR LESS THAN FULL RANK
MODELS

In all of our previous examples of least squares estimation for a model of the form
y=XB+e, (6.12)

where yis N x 1, X is N x m, Bism x 1, and € is N x 1, we have assumed that
rank(X) = m. In this case, the normal equations,

X'XB3 =Xy, (6.13)
yield a unique solution, the unique least squares estimator of 3, given by

B=(X'X)"'Xy.
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However, in many applications, the matrix X has less than full rank.

Example 6.11 Consider the univariate one-way classification model, which was
written as

Yij = Ky T €5,
in Example 3.16, where ¢ = 1, ... ,kand j =1, ... ,n,. This model can be written
in the form of (6.12), where 3 = (py, ... , ;) and
1, O 0
0o 1, 0
X = .
0 0 1

In this case, X is of full rank, and so
A !
b= Xy =g= (Y py/n D w/n)
An alternative way of writing this one-way classification model is

Yijg =+ T+ €5,

which has k£ + 1 parameters instead of k. Here p represents an overall effect, whereas
7, is an effect due to treatment ¢. In some respects, this form of the model is more
natural in that the reduced model, which has all treatment means identical, is simply

a submodel with some of the parameters equal to 0, thatis, 7 = - - - = 7, = 0. If this
second form of the model is written as y = X,3, + €, then 8, = (u, 7y, ... ,73,)’
and
r, 1, 0 - 0
i, 0 1, -~ O
X, =% 0 0 - 0
i, 0 0 - 1,

Thus, this second parameterization of the one-way classification model has the design
matrix X, less than full rank because rank(X,) = k.

In this section, we will apply some of the results of this chapter to the estimation
of parameters in the model given by (6.12) when X is less than full rank. First of
all, let us consider the task of solving the normal equations given by (6.13); that is,
using our usual notation for a system of equations, we want to solve Ax = ¢, where
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A=X'X, z =0, and ¢ = X'y. Now from Theorem 6.2, we see that (6.13) is a
consistent system of equations because

X'X(X'X) X'y=XXX"XVX'y=XXXHXX")y
= XXX XXt y=X'XX"y
= X' (XXNy=XX"Xy=Xy.

Consequently, using Theorem 6.4, we find that the general solution B can be written
as
B=(X'X)"Xy+{I, — (X'X)"X'X}u, (6.14)

or, if we use the Moore—Penrose generalized inverse, as

B=XX)"Xy+{I, — (X'X)"X'X}u
=Xty+ (I, — X" X)u,

where u is an arbitrary m X 1 vector. The same general solution can be obtained by
applying the least squares results of Section 6.5 on the system of equations

y:XB.

Thus, using Theorem 6.14 with A = X, x = B and ¢ = vy, the least squares solution
is given by
B=Xly+ (I, - XEX)u,

which is, of course, equivalent to that given by (6.14).

One key difference between the full rank model and the less than full rank model
is that the least squares solution is unique only if X has full rank. When X is less
than full rank, the model y = X3 + € is overparameterized, and so not all of the
parameters or linear functions of the parameters are uniquely defined; this is what
leads to the infinitely many solutions for ﬁ Thus, when estimating linear functions
of the parameters, we must make sure that we are trying to estimate a function of the
parameters that is uniquely defined. This leads to the following definition of what is
known as an estimable function.

Definition 6.2 The linear function a’3 of the parameter vector 3 is estimable if and
only if some N X 1 vector b exists, such that

adB=E@by)=bE(y) =bXg;

that is, if and only if there exists a linear function of the components of vy, b’'y, which
is an unbiased estimator of a’(3.
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The condition that a linear function a’3 be estimable is equivalent to the condition
that the corresponding estimator a’ ﬁ be unique. To see this, note that from Definition
6.2, the function a’(3 is estimable if and only if a is in the row space of X, whereas
it follows from Theorem 6.17 that a’B is unique if and only if a is in the row space
of X. In addition, because X' (X X')" X is the projection matrix for the row space of
X, we get the more practical condition for estimability of a’3 given by

X'(XX")'Xa = a. (6.15)
It follows from Theorems 5.3 and 5.28 that
X( XXX =X'X"=X'XV=X(XX")X,

and so (6.15) is not dependent on the Moore—Penrose inverse as the choice of the
generalized inverse of X X',

Finally, we will demonstrate the invariance of the vector of fitted values y = X B
and its sum of squared errors (y — )’ (y — ¥) to the choice of the least squares solu-
tion 3. Since XXX = X,

§=XB=X{X"y+(1, - X"X)u}
=XXTy+ (X - XX"X)u=XX"y,

which does not depend on the vector w. Thus, ¥ is unique, whereas the uniqueness
of

(y-9)'(y—9) =y, - XXy
follows immediately from the uniqueness of y.
Example 6.12 Let us return to the one-way classification model
y=X.0,+e

of Example 6.11, where 8, = (u, 7, ... ,7;,) and

1, 1, O 0
1, 0 1, 0

X -], 0 0 0
1, 0 0 - 1,

Since the rank of the n x (k + 1) matrix X, where n = > n,, is k, the least squares
solution for 3, is not unique. To find the form of the general solution, note that

v |non
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whereas a generalized inverse is given by

/ - _|n o’
(X*X*) - |: 0 D;Ll o nl]-k]-;c:| 9

where n = (ny, ... ,n;)" and D,, = diag(n,, ... ,n;). Thus, using (6.14) we have
the general solution

B _[nt o ny
*~ |0 D'-n'1,1,||D,y
- 1 n-n/ w
k+1 0 I, —n'1,n

B ] 0 —nln
- [y—gﬂk] T [0 nllk'n/] s

where ¥ = (7, ... ,7,) and 7 = > n,;7,/n. Choosing u = 0, we get the partic-
ular least squares solution that has i =g and 7, =7, —y fori =1, ... , k. Since
a3, is estimable only if @ is in the row space of X, we find that the k& quanti-
ties, u + 7;,% =1, ... , k, as well as any linear combinations of these quantities, are
estimable. In particular, because 1 + 7; = a}3,, where a; = (1, €)', its estimator is
given by

ap.-1 el " |-

The vector of fitted values is

1, 1, O 0 7 -
1n2 0 1n2 0 yl - g yllnl
§g=XpB,= | 0 O 0| |Z—7|=|"™],
1nk 0 0 . 17lk Up — yklnk
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6.7 SYSTEMS OF LINEAR EQUATIONS AND THE SINGULAR VALUE
DECOMPOSITION

When A is square and nonsingular, then the solution to the system of equations Ax =
c can be conveniently expressed in terms of the inverse of A, as £ = A~ 'c. For this
reason, it has seemed somewhat natural to deal with the solutions for the more general
case in terms of the generalization of A~!, A*. This is the approach that we have
taken throughout this chapter. Alternatively, we can attack this problem by directly
using the singular value decomposition, an approach that may offer more insight.
In this case, we will always be able to transform our system to a simpler system of
equations of the form

Dy =b, (6.16)

where y is an n X 1 vector of variables, b is an m x 1 vector of constants, and D is
anm X n matrix such that d;; = 0if i # j. In particular, D will have one of the four
forms, as given in Theorem 4.1,

@ w0l ©|g). @G O

where A is an r X r nonsingular diagonal matrix and r = rank(A). Now if D has
the form given in (a), then the system (6.16) is consistent with the unique solution
given by y = A~!b. For (b), if we partition y as y = (y},y5)’, where y, is 7 x 1,
then (6.16) reduces to

Ay, =b.

Thus, (6.16) is consistent and has solutions of the form

y— [A‘lb]
Yy |’
where the (n — r) x 1 vector y, is arbitrary. Since we then have n — r linearly inde-

pendent choices for y,, the number of linearly independent solutionsisn — rif b = 0
andn — r + 1if b # 0. When D has the form given in (c), the system in (6.16) takes

the form
Ay| _ |b
where b, is 7 x 1 and b, is (m — r) x 1, and so it is consistent only if b, = 0. If this

is the case, the system then has a unique solution given by y = A~!b,. For the final
form given in (d), the system of equations in (6.16) appears as

Ay, _ b,
0 by |’
where y and b have been partitioned as before. As in the case of form (c), this system
is consistent only if b, = 0, and as in the case of form (b), when consistent, it has
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n — r linearly independent solutions if b = 0 and n — r + 1 linearly independent
solutions if b # 0. The general solution is given by

_ |:A1b1:|
Yy Yy )

where the (n — 7) x 1 vector y, is arbitrary.
All of the above can now be readily applied to the general system of equations,

Ax =c (6.17)

by utilizing the singular value decomposition of A given by A = PDQ’ as in
Theorem 4.1. Premultiplication of this system of equations by P’ produces the
system of equations in (6.16), where the vector of variables is given by y = Q'@ and
the vector of constants is b = P’c. Consequently, if ¥ is a solution to (6.16), then
x = Qy will be a solution to (6.17). Thus, in the case of forms (a) and (b), (6.17) is
consistent with a unique solution given by

r=Qy=QA 'b=QA 'Pc=Al¢,
when (a) is the form of D, whereas for form (b) the general solution is

A~ 'b

r=Qy=Q, Qz]{ Yy

} = QA" Ple+ Quy,,

where ) is n x r and y, is an arbitrary (n — r) x 1 vector. The term Q),y, has no
effect on the value of Az because the columns of the n x (n — r) matrix @, form
a basis for the null space of A. In the case of forms (c) and (d), the system (6.17) is
consistent only if ¢ = P, by, so that P,b, = 0, where P = (P,, P,) and P, ism X r;
that is, because the columns of P, form a basis for the range of A, the system is
consistent if ¢ is in the column space of A. Thus, if we partition ¢ as ¢ = (¢}, ¢)’,
where ¢, is 7 x 1, then when form (c) holds, the unique solution will be given by

x=Qy=QA'b, = QA 'Plc.
In the case of form (d), the general solution is

A~'b,

2= Qy - @) Qz][ .

} = QA" Ple+ Quy,.
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6.8 SPARSE LINEAR SYSTEMS OF EQUATIONS

The typical approach to the numerical computation of solutions to a consistent sys-
tem of equations Ax = ¢, or least squares solutions when the system is inconsistent,
applies some factorization of A such as the QR factorization, the singular value
decomposition, or the LU decomposition, which factors A into the product of a lower
triangular matrix and upper triangular matrix. Any method of this type is referred to
as a direct method. One situation in which direct methods may not be appropriate is
when our system of equations is large and sparse; that is, m and n are large and a rel-
atively large number of the elements of the m X n matrix A are equal to zero. Thus,
although the size of A may be quite large, its storage will not require an enormous
amount of computer memory because we only need to store the nonzero values and
their locations. However, when A is sparse, the factors in its decompositions need not
be sparse, so if A is large enough, the computation of these factorizations may easily
require more memory than is available.

If there is some particular structure to the sparsity of A, then it may be possible
to implement a direct method that exploits this structure. A simple example of such
a situation is one in which A is m x m and tridiagonal; that is, A has the form

vy owy, 0 .- 0 0 0

U2 'U2 'LUQ M O O O
A=l: :

0 O 0 U‘mfl /Umfl U)m,1

0 0 0 0 Uy, Uy,

In this case, if we define

rn 0 -+ 0 0 1 s 0 0
Uy T - 0 0 0 1 0 0
L= : s U= : o
0 0 - 7r,, 0 00 - 1 s,
0 0 - w, 7, 00 -~ 0 1
where 7, = vy, 7, = v; — u;w; /7, 1, and s, | = w,_1/r;,_, for i =2, ... m,

then A can be factored as A = LU as long as each r; # 0. Thus, the two factors, L
and U, are also sparse. The system Ax = c¢ can easily be solved by first solving the
system Ly = c and then solving the system Ux = y. For more details on this and
adaptations of direct methods for other structured matrices, such as banded matrices
and block tridiagonal matrices, see Duff, et al. (1986) and Golub and Van Loan
(2013).

A second approach to the solution of sparse systems of equations uses iterative
methods. In this case, a sequence of vectors, Ty, €, ... is generated with x, being
some initial vector, whereas x; for j = 1,2, ... is a vector that is computed using

the previous vector ;_,, with the property that ; — , as j — oo, where  is the
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true solution to Ax = c. Typically, the computation in these methods only involves
A through its product with vectors, and this is an operation that will be easy to han-
dle if A is sparse. Two of the oldest and simplest iterative schemes are the Jacobi
and Gauss—Seidel methods. If A is m x m with nonzero diagonal elements, then the
system Ax = c can be written as

(A= Dy)xz+ D, x = c,
which yields the identity
x=D,{c—(A-D,)z}.

This identity is the motivation for the Jacobi method that computes x; as

x; = D He—(A— D)z, 1}

On the other hand, the Gauss—Seidel method applies the splitting of Aas A = A, +
A,, where A, is lower triangular and A, is upper triangular with each of its diagonal
elements equal to zero. In this case, Az = c can be rearranged as

Ax=c— Az,
and this leads to the iterative scheme

Ayx; =c— Ay

J—1
which is easily solved for x; because the system is triangular.

In recent years, some other more sophisticated iterative methods, requiring less
computation and having better convergence properties, have been developed. We will
briefly discuss a method for solving a system of equations which utilizes an algorithm
known as the Lanczos algorithm (Lanczos, 1950). For more information on this pro-
cedure, including convergence properties, generalizations to a general m x n matrix,
and to the problem of finding least squares solutions, as well as other iterative meth-
ods, the reader is referred to Young (1971), Hageman and Young (1981), and Golub
and Van Loan (2013).

Consider the function )
flx) = 53/;’/13: —a'c,

where x is an m x 1 vector and A is an m x m positive definite matrix. The vector
of partial derivatives of f(x) given by

0 of \'
Vf(x)= <8_1]‘2”%> =Ax —c

m
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is sometimes referred to as the gradient of f(x). Setting this equation equal to the
zero vector, we find that the vector minimizing f, x = A~le, is also the solution to
the system Ax = c. Thus, a vector that approximately minimizes f will also be an
approximate solution to Az = c¢. One iterative method for finding the minimizer x
involves successively finding minimizers ; of f over a j-dimensional subspace of
R™, starting with 7 = 1 and continually increasing j by 1. In particular, for some
set of orthonormal m x 1 vectors, q,, ... ,q,,, we will define the jth subspace as
the space with the columns of the m x j matrix, Q; = (qq, --- ;4,), as its basis.
Consequently, for some j x 1 vector Y

z, = Qy, (6.18)

and

flz;) = ;relgl f(Q;y) = ;relgl 9(y) = 9(y;),

where 1
9(y) = 39 (QAQ))y — y' Qje.

Thus, the gradient of g(yj) must be equal to the null vector, and so

(Q;’AQj)yj = Q;C (6.19)
To obtain x;, we can first use (6.19) to calculate y; and then use this in (6.18) to get
x,. The final T, Ty will be the solution to Ax = ¢, but the goal here is to stop the
iterative process before j = m with a sufficiently accurate solution x;.

The iterative scheme described above will work with different sets of orthonormal
vectors qy, ... ,q,,, but we will see that by a judicious choice of this set, we may
guarantee that the computation involved in computing the x;’s will be fairly straight-
forward even when A is large and sparse. These same vectors are also useful in an
iterative procedure for obtaining a few of the largest and smallest eigenvalues of A.
We will derive these vectors in the context of this eigenvalue problem and then later
return to our discussion of the system of equations Az = c. Let A, and \,,denote
the largest and smallest eigenvalues of A, whereas A, ; and A, denote the largest and
smallest eigenvalues of the j x j matrix Q;AQJ-. Now we have seen in Chapter 3
that A; < Aj, A;; > A, and that A, and A, are the maximum and minimum values
of the Rayleigh quotient,

' Az

x'x

R(x, A) =

Suppose that we have the j columns of (), and we wish to find an additional vector
g1 so as to form the matrix @), and have A; ;,, and A, ;,; as close to A, and
and )\, as possible. If w; is a vector in the space spanned by the columns of (); and
satisfying R(u;, A) = \;, then because the gradient

2
VR(u;,A) = W{Auj — R(u;, A)u,}
A

J
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gives the direction in which R(u, A) is increasing most rapidly, we would want to
choose g, so that VR(u;, A) is in the space spanned by the columns of @Q; ;.
On the other hand, if v; is a vector in the space spanned by @; and satisfying
R(v;, A) = \;, then because R(v;, A) is decreasing most rapidly in the direction
given by —V R(v;, A), we would want to make sure that VR(v,, A) is also in the
space spanned by the columns of @, . Both of these objectives can be satisfied if
the columns of (); are spanned by the vectors g, Aqq, ..., A7 q, and we selgct
g4, so that the columns of @, are spanned by the vectors g,, Aq,, ... , A/q;
because both VR(u;, A) and VR(v;, A) are of the form aAx + bx for some
vector  spanned by the columns of ;. Thus, we start with an initial unit vector
q,, whereas for j > 2, g, is selected as a unit vector orthogonal to gy, ... i1
and such that the columns of Q; are spanned by the vectors q;, Aqy, ... , A7 q;.
These particular g; vectors are known as the Lanczos vectors. The calculation of the
g,’s can be facilitated by the use of the tridiagonal factorization A = PTP', where
P is orthogonal and 7 has the tridiagonal form

a B 0 -~ 0 0 0

By oay By - 0 0 0
O I

0 0 o - ﬁm72 Q1 Bmfl

0 0 0 -« 0 B, a,

Using this factorization, we find that if we choose P and g, so that Pe; = g, then
(q,,Aqy, ..., A 'q)) = P(e;,Te,, ... ,T" 'e,).

Since (e, Te,, ... ,T?"'e,) has upper triangular structure, the first j columns of P
span the column space of (g, Aqy, ... , A7 1q,); that is, the g,’s can be obtained
by calculating the factorization A = PTP’, or in other words, we can take ) =
(g, ---,q,,) = P. Thus, because AQ = QT, we have

Agq, = ayq; + 5,9, (6.20)

and
qu = ﬁjflqj'q +o;q; + ﬁjqj‘ﬂy (6.21)
for 7=2,...,m—1. Using these equations and the orthonormality of

the g;’s, it is easily shown that «; = q’quj for all j, and as long as
py=(A—oa;l,)q; —B; 1q;  #0, then fFf=pjp;, and q;.,=p;/5
forj=1,...,m—1, if we define g, = 0. Thus, we can continue calculating the
g,’s until we encounter a p; = 0. To see the significance of this event, let us suppose
that the iterative procedure has proceeded through the first j — 1 steps with p, # 0

foreachi=2,...,7 — 1, and so we have obtained the matrix ); whose columns
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form a basis for the column space of (q,, Aq,, ..., A7'q,). Note that it follows
immediately from the relationship AQ = QT that

AQ; = Q;T; + p;ej;,

where 7; is the j x j submatrix of T’ consisting of its first 7 rows and j columns. This
leads to the equation Q’ AQ; =T; + Q" p]e .However, ¢, Aq; = «;, whereas it fol-
lows from (6 20) and (6 21) that qurlqu B; and g}, Aq; = 0 if k > i + 1. Thus,
Q;AQ; = T}, and so we must have Q;p; = 0. Now if p; # 0, then q;., = p;/3;
is orthogonal to the columns of @);. Further, it follows from the fact that g, is
a linear combination of qu, g, and q,_; that the columns of Q= (Qj, qu)
form a basis for the column space of (q;, Aq,, ..., A’q,). If, on the other hand,
p; =0, then AQ; = Q,T}. From this we see that the vectors Alq,, ... A™ 1q,
are in the space spanned by the columns of @;, that is, the space spanned by the vec-
tors q,, Aq,, ..., A7 1q,. Consequently, the iterative procedure is complete because
there are only j g;’s

In the iterative procedure described above, the largest and smallest eigenvalues of
T); serve as approximations to the largest and smallest eigenvalues of A. In practice,
the termination of this iterative process is usually not because of the encounter of a

= 0, but because of sufficiently accurate approximations of the eigenvalues of A.

Now let us return to the problem of solving the system of equations Ax = ¢
through the iterative procedure based on the calculation of y,; in (6.19) and then
x, in (6.18). We will see that the choice of the Lanczos vectors as the columns of
®; will simplify the computations involved. For this choice of (;, we have already
seen that Q;- AQ; = Tj, so that the system in (6.19) is a special case of the tridiag-
onal system of equations discussed at the beginning of this section, special in that
Tj is symmetric. As a result, the matrix Tj can be factored as Tj =L j Dj L}, where
D; = diag(dy, ... ,d;),

]

1 0 0
Lol 0 0

Ly=1: ]
0 0 1 0
0 0 Ly 1

dy=oaq,andfori=2,...,4,0,_=08,_,/d;_, and d; = o; — B;_11;_;. Thus, the
solution for y, in (6.19) can be easily found by first solving L;w; = Q;-c, then
D;z; = w;, and finally L;-yj = z;. Even as j increases, the computation required
is not extensive because [, ; and L, _, are submatrices of D; and L, and so in the
Jthiteration, we only need to calculate d; and [;_; to obtain D; and L; from D,_,;
and L;_,

The next step is to compute x; from y; using (6.18). We will see that this also
may be done with a small amount of computation. Note that if we define the m X j
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matrix B; = (b, ..., b;) so that B;L; = @, then by premultiplying the equation
Tyy; = Qchby Q]-Tj’1 and using (6.18), we get

1 1
x; =Q,T;'Qic=Q;(L;D;L;) ' Qjc= Bz, (6.22)

where z; is as previously defined. It will be easier to compute x; from (6.22)
than from (6.18) because B; and z; are simple to compute after B; ; and z;_,
have already been calculated. For instance, from the definition of Bj, we see that
b, =gq, and b, =q; —[; b, ; for i > 1, and consequently, B, = (B;_;,b,).
Using the defining equations for w; and z;, we find that

L;D;z; = Qjc. (6.23)

If we partition z; as z; = (v}_;,7;)’, where ;_; is a (j — 1) x 1 vector, then by
using the fact that

L 0 D, 0
C e B K|
j leeg.l 1 A

we see that (6.23) implies that L, D; ;v 4 = Q;flc. Asaresult,v; ; = z; 4,

and so to compute z;, we only need to compute ~y;, which is given by
Vi = (q;c =l ad;_v5-0)/d;,
where 7;_, is the last component of z;_,. Thus, (6.22) becomes

Zi_
z; = Bjz;=[Bj, bj] { : ,1}
7

= Bj1zj1 1750 = %1 + ;b5
and so we have a simple formula for computing the jth iterative solution from b, ,,

and the (j — 1)th iterative solution =, ;.

PROBLEMS

6.1 Consider the system of equations Ax = ¢, where A is the 4 x 3 matrix given
in Problem 5.2 and

(a) Show that the system is consistent.
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6.2

6.3

6.4

6.5
6.6

(b) Find a solution to this system of equations.
(¢) How many linearly independent solutions are there?

The system of equations Az = c has A equal to the 3 x 4 matrix given in Prob-
lem 5.48 and

1
c= |1
4

(a) Show that the system of equations is consistent.

(b) Give the general solution.

(¢) Find r, the number of linearly independent solutions.
(d) Give a set of r linearly independent solutions.
Suppose the system of equations Az = ¢ has

=N W Ot

DN = = DN
\

wWw o=

For each c given below, determine whether the system of equations is consistent.

1 3 1
1 2 —1
(@) e=|1|. ® e=|2]. © e=|7,
1 -1 —1

Consider the system of equations Ax = ¢, where

11 -1 0 2 3
A=1a 1 1 11}’ CH‘

(a) Show that the system of equations is consistent.

(b) Give the general solution.

(¢) Find r, the number of linearly independent solutions.
(d) Give a set of r linearly independent solutions.

Prove Theorem 6.5.

Consider the system of equations AX B = (', where X is a 3 x 3 matrix of
variables and
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6.7

6.8

6.9

6.10

6.11

6.12

6.13

6.14

6.15

SYSTEMS OF LINEAR EQUATIONS

(a) Show that the system of equations is consistent.
(b) Find the form of the general solution to this system.

The general solution of a consistent system of equations was given in Theorem
6.4as A~c+ (I, — A~ A)y. Show that the two vectors A~ cand (I,, — A~ A)y
are linearly independent if ¢ # 0 and (I,, — A~ A)y # 0.

Suppose we want to find solutions @ to (6.1) under the restriction that the solu-
tions are in some vector space S. Let Pgq be the projection matrix for the orthog-
onal projection onto .S. Show that a restricted solution exists if AP¢(APg) ¢ =
c and, in this case, the general solution is given by

z, = Ps(APg) ¢+ Pg{l, — (APs)” APs}y,

where y is an arbitrary n x 1 vector.

Suppose the m x n matrix A and m X 1 vector ¢ # 0 are such that A~ c is
the same for all choices of A~. Use Theorem 5.24 to show that if Ax = cisa
consistent system of equations, then it has a unique solution.

Let A be an m x n matrix, whereas ¢ and d are m x 1 and n x 1 vectors,
respectively.

(a) Show that BAx = Be has the same set of solutions for the n x 1 vector
as Ax = cif the p X m matrix B has full column rank.

(b) Show that A’ Ax = A’ Ad has the same set of solutions for  as Ax = Ad.
For the homogeneous system of equations Az = 0 in which

-1 3 =2 1
A= 2 -3 0o -2\’
determine r, the number of linearly independent solutions, and find a set of r
linearly independent solutions.

Suppose that x, is a solution to the system of equations Az = ¢ and y, is a
solution to the system of equations A’y = d. Show that d'z, = cy,.

Suppose Ax = cis a consistent system of equations, and let G be a matrix that
satisfies conditions 1 and 4 of the Moore—Penrose generalized inverse of A.
Show that G¢ is the minimal solution of the system Az = c. That is, show that
for any other solution z, # Ge, x,x, > /G'Ge.

Show that if the system of equations AX B = (' is consistent, then the solution
is unique if and only if A has full column rank and B has full row rank.
Suppose A is an m x m matrix satisfying AX, = XA, for some m x r full
rank matrix X, and diagonal matrix A; = diag(A;, ..., A,.). If X, is an m x
(m — r) matrix such that X = [X; X,] is nonsingular, show that A can be
expressed as A = X;A{ X7 — WX, where W is an m X (m — r) matrix,
and X; and X, are the generalized inverses of X, and X, satisfying X ' =
(X7 Xy
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6.16

6.17

6.18

6.19

Let

(a) Show that the system Ax = c is consistent and has three linearly indepen-
dent solutions.

(b) Show that the system Bx = d is consistent and has three linearly indepen-
dent solutions.

(¢) Show that the systems Ax = ¢ and Bx = d have a common solution and
that this common solution is unique.

Consider the systems of equations AX = C' and X B = D, where A is m X n,

Bispxq, Cism x p,and Disn X q.

(a) Show that the two systems of equations have a common solution X if and
only if each system is consistent and AD = CB.

(b) Show that the general common solution is given by

X,=AC+(I, - A A)DB + (I, — A"A)Y(I, -~ BB),

where Y is an arbitrary n x p matrix.

Suppose the r x m matrix A, is a generalized inverse of the m x r
matrix X, which has rank r. We wish to find m x (m — r) matrices X,
and A} such that X = [X, X,] is nonsingular and X! =1[A] A}].
Show that X, and A, can be expressed as X, = (I, — X;4;)Y and
A, ={(1,, — X;A4,)Y} (I, — X;A,), where Y is an arbitrary m x (m — )
matrix for which rank{(Z,,, — X;4,)Y} =m —r.

In Problem 5.49, a least squares inverse was found for the matrix

1 -1 =2 1
A= -2 4 3 -2
1 1 -3 1

(a) Use this least squares inverse to show that the system of equations Az = ¢
is inconsistent, where ¢’ = (2,1, 5).
(b) Find a least squares solution.

(¢) Compute the sum of squared errors for a least squares solution to this system
of equations.
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6.20

6.21

6.22

6.23

6.24

SYSTEMS OF LINEAR EQUATIONS

Consider the system of equations Az = ¢, where

0

2 1 B
2 €=
1

O Ot NN

2

3

0 )
-3

(a) Find a least squares inverse of A.

(b) Show that the system of equations is inconsistent.
(¢) Find a least squares solution.

(d) Is this solution unique?

Show that x, is a least squares solution to the system of equations Az = c if
and only if
A'Az, = Ale.

Let A be an m x n matrix, and x,, y,,and cben x 1, m x 1,and m x 1 vec-
tors, respectively. Suppose that x, and y, are such that the system of equations

{IA”? (Sﬂ [Z} - M

holds. Show that «, then must be a least squares solution to the system Az = c.
The balanced two-way classification model with interaction is of the form

Yijk = M+ T + 9 + i + €5k

wherei =1, ... ,a,7=1,... ,b,and kK =1, ... ,n. The parameter y repre-

sents an overall effect, 7; is an effect due to the ith level of factor one, Y is an

effect due to the jth level of factor two, and 7),; is an effect due to the interaction

of the +th and jth levels of factors one and two; as usual, the € S represent

independent random errors, each distributed as N (0, o%).

(a) Set up the vectors y, 3, and € and the matrix X so that the two-way model
above can be written in the matrix form y = X3 + €.

(b) Find the rank, r, of X. Determine a set of  linearly independent estimable
functions of the parameters, i, 7;, Vo and ;-

(¢) Find a least squares solution for the parameter vector 3.

Consider the regression model

y:Xﬁ+€7

where X is N x m, € ~ Ny (0,02C), and C is a known positive definite
matrix. In Example 4.6, for the case in which X is full column rank, we
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6.25

6.26

obtained the generalized least squares estimator, 3 = (X'C ' X) "' X'C 'y,
that minimizes

(y— XB)C ' (y — XP). (6.24)

Show that if X is less than full column rank, then the generalized least squares
solution for 3 that minimizes (6.24) is given by

B=(XC'X)X'Cly+{I, — (X'C'X)"X'C"'X }u,

where w is an arbitrary m x 1 vector.
Restricted least squares obtains the vectors 3 that minimize

(y—XB)(y— XB),

subject to the restriction that ﬁ satisfies B3 = b, where B is p x m and b is
p x 1,suchthat BB~b = b. Use Theorem 6.4 to find the general solution B to
the consistent system of equations Bﬁ = b, where 6 depends on an arbitrary
vector u. Substitute this expression for 3 into (y— X ﬁ) (y—X ﬁ) and then
use Theorem 6.14 to obtain the general least squares solution u,, for u, where
u,, depends on an arbitrary vector w. Substitute u, for u in ﬁu to show that
the general restricted least squares solution for 3 is given by
B.=B"b+ (I, — B B){[X(I, - B B)"(y ~ XBb)

m

+(Im, - [X(Im - BiB)}LX(Im - BiB))w}

In the previous problem, show that if we use the Moore-Penrose inverse as the
least squares inverse of [X (I,, — B~ B)] in the expression given for 3,,, then
it simplifies to
B. =B b+[X(I, ~ B B)'(y - XBb)
+(I,,— B B){I,, — [X(I,,— B B)]*X(I,, — B"B)}w






PARTITIONED MATRICES

7.1 INTRODUCTION

The concept of partitioning matrices was first introduced in Chapter 1, and we have
subsequently used partitioned matrices throughout this text. Up to this point, most
of our applications involving partitioned matrices have utilized only the simple
operations of matrix addition and matrix multiplication. In this chapter, we will
obtain expressions for such things as the inverse, determinant, and rank of a matrix
in terms of its submatrices. We will restrict attention to an m X m matrix A that is
partitioned into the 2 x 2 form

A, A
4 [P A ’ 7.1
Ay Agy

where A, is m; x my, Ay is m; X my, Ay is my X my, and A,y is my X my.
Additional results, including ones for which A, and A,, are not square matrices,
can be found in Harville (1997).

7.2 THE INVERSE

In this section, we obtain an expression for the inverse of A when it and at least one
of the submatrices down the diagonal are nonsingular.

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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Theorem 7.1 Let the m x m matrix A be partitioned as in (7.1), and suppose that
A is nonsingular. For notational convenience, write B = A~! and partition B as

Bll Bl?
B21 BQ2

b

where the submatrices of B are of the same sizes as the corresponding submatrices
of A. Then if A;, and A,, — Ay A;' A}, are nonsingular, we have

(@) By = A + A A By Ay Ay
(b) Byy = (Agy — Ay A Apy) Y,

(¢) By, = *Af11A12B22’

(d) By = *Bz2A21A1711’

whereas if Ay, and A;; — A, A5, Ay, are nonsingular, we have
(€) By = (A — ApAy Ay)
() By = Ay + Ay Ay By Ap Ay,

(&) By = _B11A12A521’
(h) By = _AEQIAngu-

Proof. Suppose that A, and A,, — A, A;'A,, are nonsingular. The matrix
equation

AB — Ay Ap| | B B _ [Im, (0)] —I,
Ay Ay |Bau By 0) I,
yields the four equations
AnBu + A12B21 = Im17 (7.2)
Ay By + Ay Boy = 1,,,,, (7.3)
A By + A1y By = (0), (7.4)
Ay By + Ay By = (0). (7.5)

Solving (7.4) for B,, immediately leads to the expression given in (c) for B,,. Substi-
tuting this solution for B, into (7.3) and solving for B,, yields the expression given
for By, in (b). From (7.2) we get

By, = Aﬁl - Af11A12321~ (7.6)
Substituting this result in (7.5) yields

Ay ATl — Ay AT Ay By + Ay By = (0),
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from which we get the expression for B,; given in (d). Finally, when this result
is substituted back in (7.6), we obtain the expression given for B, in (a). The
expressions given in (e)—(h) are obtained in a similar fashion. O

Note that, in general, A;; and A,, do not need to be nonsingular for A to be
nonsingular. For instance, if m, =m,, A;; = Ay, = (0), and A, and A,, are
nonsingular, it is easily verified that

(0) Ay
A (0)

-1

Theorem 7.1 and additional results to be developed later in this chapter illustrate
the importance of the matrices Ay, — Ay A7 Ajy and A;; — A5 A5y A,y in the anal-
ysis of the partitioned matrix A given in (7.1). These matrices are commonly referred
to as Schur complements. In particular, Ay, — Ay A;' A}, is called the Schur com-
plement of A, in A, whereas A;; — A, A5, A,y is called the Schur complement of
Ay, in A. Some results involving Schur complements in addition to the ones given in
this chapter can be found in Ouellette (1981) and Zhang (2005).

Example 7.1 Consider the regression model
y=XB+e,

where y is N x 1, X is N x (k+ 1), Bis (k+ 1) x 1, and € is N x 1. Suppose
that 3 and X are partitioned as 3 = (3}, 3,)" and X = (X, X,) so that the product
X, is defined, and we are interested in comparing this complete regression model
with the reduced regression model,

y=X,08,+e

If X has full column raI}k, then the least squares estimators for the two models are
B = (X'X)"'X'yand B, = (X]X,) ' X|y, respectively, and the difference in the
sums of squared errors for the two models,
(y = X,8,)(y — X.8)) — (y - XB)'(y — XB)

=y'(Iy — X, (X1 X)Xy — 9/ (Iy - X(X'X) "' X )y

=y X(X'X)"' X'y -y X,(X1X;) ' Xy, (7.7)
gives the reduction in the sum of squared errors attributable to the inclusion of the
term X,3, in the complete model. By using the geometrical properties of least

squares regression in Example 2.11, we showed that this reduction in the sum of
squared errors simplifies to

y/XQ* (Xé*X2*>_1Xé*y7
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where X,, = (Iy — X, (X{X,) ' X{)X,. An alternative way of showing this, which
we illustrate here, uses Theorem 7.1. Now X'X can be partitioned as

X'X = , ,
XXy XoX,

Xin X{X2‘|

and so if we let
C = (X5X, — XX, (X1X)) ' X1 X,) 7! = (X5, X,,) 7,
we find from a direct application of Theorem 7.1 that
(X'X)" =
(X1X) "+ (X X)X X,0X X (X1 X)) —(X X)) ' X X0
~CX3 X (X1X,)™! ¢ .

Substituting this into (7.7) and then simplifying, we get y'X,, (X}, X,,) 1 X}, vy, as
required.

7.3 THE DETERMINANT

In this section, we will begin by obtaining an expression for the determinant of A
when at least one of the submatrices A;; and Ay, is nonsingular. Before doing this,
we will first consider some special cases.

Theorem 7.2 Let the m X m matrix A be partitioned as in (7.1). If Ay, =1, , and
Ay = (0) or Ayy = (0), then |A] = Ay, ].

Proof. To find the determinant

Ay (0)
Ay I

ma

Al =

9

first apply the cofactor expansion formula for a determinant on the last column of A
to obtain
Ay (0)

Al =
B Imzfl

)

where B is the (m, — 1) X m, matrix obtained by deleting the last row from A,;.
Repeating this process another (m, — 1) times yields |A| = |A;;|. In a similar
fashion, we obtain |A| = |A,;| when A,, = (0), by repeatedly expanding along the
last row. ]

Clearly we have aresult analogous to Theorem 7.2 when A, = I,, and A}, = (0)
or Ay; = (0). Also, Theorem 7.2 can be generalized to Theorem 7.3.
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Theorem 7.3 Let the m x m matrix A be partitioned as in (7.1). If 4;, = (0) or
Ay = (0), then |A] = [A, ]| Ayy.

Proof.  Observe that

Ay (0)
Ay Ay

Ay (0)
A21 Img

I, (0)
(0) Ay

|A| = = = |A11||A22|7

where the last equality follows from Theorem 7.2. A similar proof yields
|A[ = [Ay1[|Agy| when Ay = (0). O

We are now ready to find an expression for the determinant of A when the only
thing we know is that A, or A,, is nonsingular.

Theorem 7.4 Let the m X m matrix A be partitioned as in (7.1). Then
(@) |A| = |Ag| Ay — Ay AS Ay |, if Ay, is nonsingular,
(b) |A] = | Ay || Ay — Ay AT A,|, if Aj; is nonsingular.

Proof.  Suppose that A,, is nonsingular. Note that, in this case, the identity

L, —ARAG| [An Ap I, (0)
(0) I, Ay Ayl |—A% Ay I,
_ A — ApAy Ay (0)

(0) Agy

holds. After taking the determinant of both sides of this identity and using the previous
theorem, we immediately get (a). The proof of (b) is obtained in a similar fashion by
using the identity

m O)] [An Al |1, —ALA,
—Ap Ay I, | Ay Ay | (0) I,
Ay (0)

(0) Ag — Ay ATl Ay -

Example 7.2 We will find the determinant and inverse of the 2m x 2m matrix A

given by
A= ,
1,1 b,
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where a and b are nonzero scalars. Using (a) of Theorem 7.4, we find that

=pm ‘a[m T

b m—m

2
= pm m—1 _m_

where we have used the result of Problem 3.29(e) in the last step. The matrix A will
be nonsingular if | A| # 0 or, equivalently, if

2
m
a # T
In this case, using Theorem 7.1, we find that
Bll = (a"[m - 1m1;n(b'[m)_11m1;n)_1

-1
- (a[m ST )

b mTm

=alI o m Uy oy
@ Smt a(ab—m?2) | ~mT™

where this last expression follows from Problem 3.29(d). In a similar fashion, we find
that

B22 = (bIm - ]'m]';n(a’lm)illmllm)il

- (bIm - %1 1 )_1

mTm

m
=b'I ¢ 1,10,
o (s o

The remaining submatrices of B = A~! are given by

By =—(al,) 1,1, (b7, +{-— 11,1
12 (a‘m) mm( m+{b(ab_m2)} mm)

= —(ab—m?)"'1,,1/

m-m?
and because A is symmetric, By, = B}, = Bj,. Putting this all together, we have

m-m mTm

A'l=B=
—c1,, 1/, b (1, +mel,, 1)

a (I, +mecl,,1") —c1,,1/ ]

where ¢ = (ab — m?)~L.

Theorem 7.4 can be used to prove the following useful inequality.
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Theorem 7.5 Suppose the m x m matrix A is partitioned as in (7.1) and is a pos-
itive definite matrix. Then
[A] < Ay [ Ags|.

Proof. Since A, Aj'A;, = Aj, A7 A}, is nonnegative definite, it follows from
Theorem 3.28 that

An(Agg) = Ap(Agy — A AT Ay + AL AT A)
> A (Agy — AHATA)

for h =1,...,m,. Consequently, |Ay| > |4y — Al A A}y, and so the result
follows from Theorem 7.4(b). O

Theorem 7.1 and Theorem 7.4 are helpful in showing that conditional distribu-
tions formed from a random vector having a multivariate normal distribution are also
multivariate normal.

Example 7.3 Suppose that @ ~ N, (u,€2), where the covariance matrix  is

m
positive definite. Partition  as @ = (!, x})’, where &, is m; x 1 and @, is m, X 1.

Let o = (p, ph)’ be partitioned similar to x, whereas

Q, Q
0= |1 12] ’
[9/12 Qg9

where (2, is m; x m, and £y, is My X Mmy. We wish to determine the conditional

distribution of x; given x,. We will do this by obtaining the conditional density of
x, given x,, which is defined by

f1\2($1|~’172) = %7

where f(x) and f,(x,) are the density functions of @ and x,, respectively. Since
x ~ N, (1, ), which implies that &y ~ N, (15,2, ), it immediately follows that

1 1 _
f(w)zmexp —s(@ - (z—p)
(2m)m 2|t 2

and

1 1 10—1

folzs) = om0 1172 €XP — (@ — Hy) oy (x5 — o) ¢ -
S 2
22

As aresult, fio(x;|z,) has the form

1 —b/2
fip(e|ey) = @mymlia © 2.
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Now using Theorem 7.4(a), we find that
a= |Q|1/2|922|71/2
= Q|| B ||| V2 = | By [,

where B, is the Schur complement €, — Q,0,,'Q,. Also from Theorem
7.1(e)—(h),

By —B 0,0

-1 _
O LB 05+ 050, B10,,051 |

so we have
b=(z—p)Q(x—p)— (2, - 1) Qa5 (5 — p)
= (2, — ) By (@) — ) + (25 — p19) Qoy Q15 By 1 Q150 (25 — p1y)
— (&) — 1) By Q1 (5 — )
— (®y = o) Uy N By (21 — p1y)
= {z; — ) — Qo (@5 — o) Y By ey — g — 01,05 (5 — o)}
= (z; — ¢/ By (=, — ¢,

where ¢ = g, + Q595 (x5 — ). Thus,

1 1 _
f1\2(931|-’”2) = W €Xp {—5(% —¢)'B; 1(5“1 - C)} )
which is the IV, (¢, B;) density function; that is, we have shown that

x|Ty ~ N,y (9 + Q1292721(31’32 — M),y — 9129521912)~

my

Theorem 7.4 can be used to prove the following theorem which gives necessary
and sufficient conditions for an m X m symmetric matrix to be positive definite.

Theorem 7.6 Let Abeanm x m symmetric matrix, and let A, beits leading k x k
principal submatrix; that is, A;, is the matrix obtained by deleting the last m — k rows
and columns of A. Then A is positive definite if and only if all of its leading principal
minors, |4,],...,|A4,,], are positive.

Proof.  Suppose first that A is positive definite so that | A4,,,| > 0. For an arbitrary k& x
1 vector & # 0 where k < m, define the m x 1 vector y = (x’,0")’. Then because

y # 0 and A is positive definite, we must have

YAy =2'A,x > 0.
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Thus, A, is positive definite, and so |A;| > 0. Next assume that |A;| > 0 for
k=1,...,m. We will use induction to prove that A = A, is positive definite.
Trivially, A, is positive definite because | 4| > 0 and A, is 1 x 1. If A, is positive
definite for some k& < m, we will show that A, 1 must also be positive definite. For
some k x 1 vector b and scalar ¢, A, ; can be partitioned into the form

A, b
Apyr = [b}C :| :
Note that
A 0
BA, B - { ¢ ) } ,
k+1 0 c— b’Aklb
where

_ [ —A
b= {0’ I

and A, is positive definite if and only if B'A,; | B is positive definite. Since A,

is positive definite, A, is positive definite if and only if ¢ — b’A;lb is positive.
However, we know that |A;| > 0, [A,_,| > 0, and from Theorem 7.4

|Ak+1| = |Agl(c— b’A;lb),
so the result follows. O
We will also use Theorem 7.4 to establish Theorem 7.7.
Theorem 7.7 Let A and B be m x n and n X m matrices, respectively. Then

I, + AB| = |I, + BA.

Proof. Note that

5 )05 ) [ 1)

so that by taking the determinant of both sides and using Theorem 7.4, we obtain the
identity

m = I, + AB|. (7.8)

I, A
ITL

Similarly, observe that

IR e
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so that
I, Al
‘—B In’ = I, + BA|. (7.9)
The result now follows by equating (7.8) and (7.9). [l

Corollary 7.7.1 follows directly from Theorem 7.7 if we replace A by —A~1 A.

Corollary 7.7.1 Let A and B be m x n and n x m matrices. Then the nonzero
eigenvalues of AB are the same as the nonzero eigenvalues of BA.

Suppose that both A;; and A,, are singular so that we cannot use Theorem 7.4
to compute the determinant of A. A natural question in this situation is whether the
formulas in Theorem 7.4 still hold if we replace the inverses by generalized inverses.
A simple example will illustrate that, in general, this is not the case. For instance, if

01
A - [ ] ’
10
then |A| = —1. However, the formulas |aj;|asy — aga71015] and |agllay; —
155,057 | both yield 0 regardless of the choice of the generalized inverses aj; and a,.
Conditions under which we can replace the inverses in Theorem 7.4 by
generalized inverses are given in our next theorem. The matrices Ay, — Ay A1 A

and A, — AyA5 Ay appearing in this theorem are commonly referred to as
generalized Schur complements.

Theorem 7.8 Let the m x m matrix A be partitioned as in (7.1), and suppose that
Aj; and A,, are arbitrary generalized inverses of A, and A,,. Then

(a) if R(Ay;) C R(Ayy) or R(A}y) C R(AY),

Al = [Ag| Ay — Ajp Ay Ay,
(b) if R(Ay5) C R(A;y) or R(A})) C R(AY),

|A] = Ay [[Agy — Ay A Aps .

Proof. It follows from Theorem 5.25 that Ay, A5y Ay = Ay if R(Ay) C R(Ay).
Consequently,

A, A
A= [4n An
[Am Agy
_ |:Im1 Au} {Au — Ay Ay Ay (0)
(0) Ay 2421 I,
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Taking the determinant of both sides of this equation and then applying Theorem
7.3 yields the determinantal identity in (a). It also follows from Theorem 5.25 that
ApAs Ay = Ayy if R(A),) C R(A)L,). In this case,

A, A
A - |4 12}
[Am Ay
_ {An — AppAynAy A12A22} |:Im1 (0)} '
(0) Ly | [An Ag

Taking the determinant of both sides of this equation and then applying Theorem 7.3,
we again get the determinantal identity in (a). This establishes (a). Part (b) is proven
in a similar fashion. O

It is important to note that if A is a nonnegative definite matrix, then it satisfies
the conditions given in (a) and (b) of Theorem 7.8. To see this, recall that if A is
nonnegative definite, it can be written as A = T'T", where T is m X m. Partitioning
T appropriately, we then get

A, A T T 1T,
R LR I e N A A e L R Er
o = [ v = i ]

Since A,y = 1513, R(Ay) = R(T,), and because Ay, = 1,77, R(Ay) C R(T),
and so R(A,;) C R(Ay,). Clearly R(AY,) = R(A,,) and R(A},) = R(A,;), so we
alsohave R(A},) C R(A),);thatis, the conditions of Theorem 7.8(a) hold. Similarly,
it can be shown that the conditions in (b) hold as well.

We will use the normal distribution as an illustration of an application in which a
generalized Schur complement arises naturally.

Example 7.4 Suppose that © ~ N, (p,2), where the covariance matrix ) is
positive semidefinite. Since 2 is singular,  does not have a density function, and
so the derivation of the conditional distribution given in Example 7.3 does not apply
in this case. Let &, p, and €2 be partitioned as in Example 7.3, and again we want
to find the conditional distribution of &, given x,. For any m x m matrix A of
constants, we know that Ax ~ N, (Ap, AQA’), and in particular, if

m

_ Ly — 20080,
4= [(05 I, |’

mo

we find that
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has a multivariate normal distribution with mean vector

Ap = I:/l'l - 91292_2%] )
Ho

The covariance matrix is
(7 —Q.,05.1 9, Q I (0)

AQA/ — my 12 22:| |: 11 12:| |: m ]

_(O) [mg QllQ Q22 7922/9/12 I’r

_ _Qn - 91/2952932 (0)] [ L, (0)]

no

Ny Qo Qg Vy 1,
Q) — Q3,5 (0)]
= . 7.10
(0) 0, 710

In simplifying AQA’, we have used the fact that ;525,05 = €, and the transpose
of this identity, (9,5, = Q). As a result of the zero covariances in (7.10), it
follows that x; — 2,525, is independently distributed of «,, and so its conditional
distribution given x, is the same as its unconditional distribution. Consequently,
we have

Ty |2y ~ N (1 4 Q90 (25 — 119), U — Q1505,)).

74 RANK

In this section, we wish to find an expression for the rank of A in term of the subma-
trices given in (7.1). One special case was already given in Theorem 2.9; if

a= [ O],

then rank(A) = rank(A,;) + rank(Ay,). When A, # (0) or A,, # (0), but A, or
A,, is nonsingular, Theorem 7.9 can be used to determine the rank of A.

Theorem 7.9 Let A be defined as in (7.1). Then
(a) if Ay, is nonsingular,
rank(A) = rank(Ay) + rank(A;; — A3 A5 Ay),
(b) if A,; is nonsingular,

rank(A) = rank(A,,) + rank(Ay, — Ay Al A).
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Proof.  To prove part (a), note that because A, is nonsingular, we can write A as

A, A
A= |[4u 12]
[Am Ay
_ |:]m1 A12A221} [An — ApAy Ay (0>]
) I, (0) Agy

I (0) ]
X _m .
|:A221 A21 Im

2

It follows from Theorem 7.4 that the determinant of the matrix

Im1 A12A521
) I

ma

is 1, so this matrix is nonsingular. Likewise, the matrix

{Iml (0)]
A2_21A21 I

mo

is nonsingular, so an application of Theorem 1.10 yields
A A Ay — AR AL A, (0)
rank 11 12} } _ rank{ [ 11 124122 4121 )
{ [Am Ayy (0) Agy
The result now follows from Theorem 2.9. The proof of part (b) is similar. (]

Under similar but slightly stronger conditions than those given in Theorem 7.8,
we are able to generalize the results of Theorem 7.9 to situations in which both A;;
and A,, are singular matrices.

Theorem 7.10 Let the m x m matrix A be partitioned as in (7.1), and suppose that
Ay, and A, are any generalized inverses of A;; and A,,.

(@) If R(Ay) C R(Ay) and R(A},) C R(A,), then
rank(A) = rank(Ay,) + rank(A;; — A5 A5 A5).
(b) If R(A,5) C R(Ay;) and R(AY,) C R(A};), then

rank(A) = rank(A;,) + rank(A,y — Ay A1 Aj).
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Proof. 'We will only prove the result in (a) because the proof of (b) is very similar.
Since, by Theorem 5.25, R(A,;) C R(Ay,) and R(A},) C R(A),) imply that
AgyAgyAyy = Ay and A5 Aj Ay = Ay, it is easily verified that

C,AC, = C;, (7.11)
where
C, = Im] _A12A52 C, = Im] (0)
! (O) Imz ’ 2 _A52A21 Imz '
and

Co = A = Apdpndsy (0)
’ (0) Ap]”

Applying Theorem 7.4 to C; and C,, we find that |C|| = 1 and |C,| = 1, and so it
follows Theorem 1.10 that

rank(A) = rank(C; AC,) = rank(Cy).

The result now follows from Theorem 2.9. O

7.5 GENERALIZED INVERSES

In this section, we will present some results for the one condition generalized inverse
A~ and the Moore—Penrose inverse A" of a matrix A partitioned in the form as
given in (7.1). We begin with the generalized inverse A~. First we will consider a
special case.

Theorem 7.11 Let the m x m matrix A be partitioned as in (7.1). Suppose that
Ay5 = (0) and Ay = (0) and that A}, and A5, are any generalized inverses of A,
and A,,. Then

& 2]

is a generalized inverse of A.

Proof. Denote the matrix given in the theorem by A~. The result is obtained by
verifying through the use of the identities, A,; A;; 4;; = A;; and Ay Ay Ayy = Ay,
that AA~A = A. O

Theorem 7.12 gives conditions under which the formulas given in Theorem 7.1
can be used to obtain a generalized inverse of A if we replace the inverses in those
formulas by generalized inverses.

Theorem 7.12  Let the m x m matrix A be partitioned as in (7.1), and suppose that
Ay, and A,, are any generalized inverses of A;; and Ay,.
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(a) If R(Ay) C R(A,,) and R(A)5) C R(AL,), then

A:[ By =BiAp4, ]
—Ap Ay By Ay + Ay Ay By Ay Ay

is a generalized inverse of A, where B, = A} — A, A5, 4,,.
(b) If R(A}y) C R(A,;) and R(A5;) C R(A],), then

A — [Aﬁ + A1_1:41232_f121f41_1 A1_1A1232_]
—B; Ay Ay B,

is a generalized inverse of A, where By = Ayy — Ay A1 Ao

Proof.  Suppose the conditions in (a) hold. Then equation (7.11) holds and this can
be written as

cucy= |G 7).

or equivalently,

a=er [ e

because C' and C), are nonsingular matrices. As a result of Theorem 5.23(d), a gen-
eralized inverse of A can be computed as

c-aly B

Now using Theorem 7.11, we get
w= | O] (B O] [l At
_A52A21 Im (0) A72 (O) Img
:{ By =BiApAy, }
—ApAyn By Ay + ApAy Bl ApAy, |’

2

thereby proving (a). The proof of (b) is similar. |

Our next result, which is due to Gross (2000), gives an expression for the
Moore-Penrose generalized inverse A" of the partitioned matrix A when it is
nonnegative definite.



300 PARTITIONED MATRICES

Theorem 7.13  Suppose the m x m nonnegative definite matrix A is partitioned as
in (7.1). Then

At — {Aﬁ + A} A BT AR AY AT1A12BN}

—B~ A A B~
4 {‘Aﬁ(AmZ‘FZ/ 12) AT AEZJ
ZAY, ONN
where
B =[Z I,] A} + AL AR BT ALAY, AL ARBY] [ 7
= | o )

(L, — B+B)A/12A{r1{jml + A{rlAIZ(ImZ — BTB)ALA Y,

7 =
B = A22 - Al12Af1A12'

Proof.  Since A is nonnegative definite, it can be written as

A, Ayl (U v vv
A= [A’m Ayl ~ |V W V=l vyl

where U and V are  x m, and r x m., matrices and r = rank(A) < m. Denote the
Moore-Penrose inverse of A by G so that

G= [G“ Gl?] =[v v]'[U v]", (7.12)

21 22

where we have used Theorem 5.3(e). Now it follows from Theorem 5.13 that

U V] = {W - %T:L(CV; W (7.13)
where
C=(,-UUY"YY, W=2zZU"I,-VC")
and
Z =, —C"C){I,,
+ (I, —CTO)WVvV'vrvtvd,, — crontviut.
Since

U'C = U -UUUY)Y = (U - UUYU) = U —U)V = (0),
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it follows (Problem 5.14) that C*U "™ = (0). Using this and (7.13) in (7.12), we find
that

G11 - (U/U)Jr + U+VG22V/U+,

- Utvwut —-utw'v'ut, (7.14)
G12 - _U+VG22 + U+W’, (715)

Note that
c'c=v(I,-UU")(I,-UU"V
=V'(I, -UU")V
=V'vV-Vuuu)tu'v
= Ay — A/12A1+1A12 = B.
Thus, using Theorem 5.3(g), we have
cCtC = (C'C)*C'C = BB,
VUt =V'UU'U)" = AL AL,
UtV = U'U)TU'V = A1 Ay,
so that
Z=(I,,—B"B){1,,
+ (I,,, — B B)A, AT A} A (1, — BYB)} TAL AL (7.17)
A simple application of Theorem 1.9 yields
{Ln, + (I, — BT B) A, A A Ay (1, — B*B)}!
=Ly, = (Iy, = B B)AR AL {1, + Al A (1, — BT B) AL AL
x Af1A, (1, — B'B). (7.18)
Using (7.18) in (7.17) and simplifying, we get
Z = (I, — B"B)Ap Al {1, + Al App(1,, — BT B)AR AL},

which is the formula for Z given in the statement of the theorem. By again using
CTU* = (0), we also find that

WU = ZUtU" = Z(U'U)" = ZA],, (7.19)
WCt = -ZUtVv(C'C)" = —Z A} A,BY, (7.20)
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and
Ww'=zUutvt +utveretvotz
= Z(Af, + A[JA,BT AL, A7) Z'. (7.21)
Substituting (7.19), (7.20), and (7.21) in (7.14), (7.15), and (7.16), we then get

Gy = Af} + AL A Gy A AT — AT A Z AT, — AL ZV AL AT,
Gy = —AfA;,Gyy + AT 7',

and
G22 == (C"/C‘f)+ + WC+/ + C+W/ + WW/
=BT — ZA[A,BT — BYA, AL Z'
+ Z(Afy + A AR BT ALAY)Z
=z I,] Af} + A1+1A133+;4/12A1+1 —A1+1A1QB+] [ z' ]
" —BT AR A Bt I,

= B~,

and so the proof is complete. U

7.6 EIGENVALUES

In this section, we explore relationships between the eigenvalues of A as given in
(7.1) with those of A;; and A,. As usual, we will denote the ordered eigenvalues
of a matrix such as A using A,;(A); that is, if the eigenvalues of A are real, then
they will be identified as A, (A) > --- > A, (A). Our first result gives bounds on the
eigenvalues of A in terms of the eigenvalues of A;; and A,, when the matrix A is
nonnegative definite.

Theorem 7.14 Suppose the m X m nonnegative definite matrix A is partitioned as
in (7.1). Let h and ¢ be integers between 1 and m inclusive. Then

@ Appio1(4)
() Apyim(A)

where A\;, (Ayy) = 0if h > my and A\;(Ay,y) = 0if i > m,.

A (A + N (Ag), ifh+i <m+1,

<
> AN (Ap) + N (Ay), ifh+1>m+ 1,

Proof. Let A'/? be the symmetric square root matrix of A, and partition it as
AY? = [F ], where F is m x m, and G is m x m,. Since

_ Ay Awl| v g |F'FOF'G
A[A/IQ Ap| = WA= Gr ¢a)
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we see that A;; = " F and A,, = G'G. However, we also have

A=AYV2(AV?Y = FF' + GG (7.22)
Since the nonzero eigenvalues of A;; and F'F’ are the same and the nonzero
eigenvalues of A,, and GG’ are the same, the result follows by applying Theorem

3.23to0 (7.22). O

Theorem 7.14 can be used to obtain bounds for sums of eigenvalues of A. For
instance, from Theorem 7.14(a), it follows that

An(A) <A (An) + A (Ay)

for h = 1,..., m;, which immediately leads to

M=

k
Ap(4) < Z An(Agp) + EA(Ag),
h=1 h=1

for k =1,...,m,. The following extension of Theorem 7.14 gives better bounds on
the sums of eigenvalues of A than we get from the repeated application of Theorem
7.14 described above.

Theorem 7.15  Suppose the m x m nonnegative definite matrix A is partitioned as
in(7.1), and let iy, . . ., i), be distinctintegers with 1 <4, < mforj =1,..., k. Then
fork=1,...,m,

A

vy

M=

k
Z{)\i_j (A1) + Apsj(Ag)} < (A)

1

<.
Il

M-

{A, (Ag) + A5 (Ag) )

J
where \;(A;;) = 0if j > my and \;(Ayy) = 0if j > ms,.
Proof.  The result follows immediately by applying Theorem 3.24 to (7.22). (]

Theorem 7.14 can be used to obtain bounds on differences between eigenvalues
of a symmetric matrix A and corresponding eigenvalues of A, or A,,. These bounds
are useful in obtaining the asymptotic distribution of the eigenvalues of a random
symmetric matrix (Eaton and Tyler, 1991).

Theorem 7.16 Let A be an m X m symmetric matrix partitioned as in (7.1). If
A, (A1p) > A (Ay,), then

my (

0 < N(A) = A (A) < A (ApAL) /{N(An) — A (A}, (7.23)
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forj=1,...,m, and
0< )‘mgfj+1(A22) - )‘mfijl(A)
< )‘I(A12A/12)/{>\m1 (Apn) — )‘mer(AQz)}a (7.24)

forj=1,...,ms.

Proof.  Since A, is the leading m; x m, principal submatrix of A, the lower bound
in (7.23) follows immediately from Theorem 3.20. Noting that the upper bound in
(7.23) holds for A if and only if the upper bound holds for the matrix A + o,
where « is an arbitrary constant, we may assume without loss of generality that
A (Agy) = 0 because we can take av = —\;(A,,). In this case, the lower bound in
(7.23) implies that A\;(A) > A;(A;;) >0, for j =1,...,m,. Let A be the matrix
obtained by replacing A,, in (7.1) by the null matrix so that

A2 A%1+A12A/12 A11A12

A? = . 7.25
AAy AA, (725)

Since — Ay, is nonnegative definite and A = A — diag((0), Ay,), it follows from

Theorem 3.28 that \;(A) > A;(A), for j=1,...,m. Now the eigenvalues of
A? are the squares of the eigenvalues of A, but we are not assured that the
ordered eigenvalues satisfy )\j(fp) = )\3(121) for all j because A is not necessarily
nonnegative definite and, hence, may have negative eigenvalues. However, we do

know that A;(A) > A;(A) > 0forj=1,...,m;, and
Aj(A%) > N5(A) > Mj(4), (7.26)
forj =1,...,m;. Note also that
)‘j(AQ) < )‘j(A%I + A Aly) + A (A A))
< {)‘j(A%I) + A (A ALy} + A (A1 A))
= )‘2 (App) 420 (A1 470), (7.27)

where the first inequality applied Theorem 7.14(a), the second inequality applied
Theorem 3.23, whereas the equality follows from the fact that the positive
eigenvalues of A;yAj, and A7, A, are the same, and A3(A;;) = A, (A7) because
A, (A11) > 0. Combining (7.26) and (7.27), we find that for j = 1,...,m;,

A?(A) < A?(An) 42X (A}, A%),
or equivalently,

{0 (A4) = X (A1) HA (A) + A5 (A1)} = A(A) = A (Ay)
S 2)\1(A12Al12)'
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Thus,

A (A) = N(Agy) < 2X0 (A A%) {N(A) +X(A)}
<M (ApAi) /A (Ay),

because A;(A) > A;(A;;). This establishes the upper bound in (7.23) because
we are assuming that \;(A,,) = 0. The inequalities in (7.24) can be obtained by
applying those in (7.23) to — A. O

The bounds given in Theorem 7.16 can be improved on; for instance, see Diimbgen
(1995).

In Theorem 7.17, we use Theorem 7.15 to obtain bounds on the difference between
a sum of eigenvalues of A and the corresponding sum of eigenvalues of A,;.

Theorem 7.17 Let A be an m X m symmetric matrix partitioned as in (7.1). If
Amy (A1) > Aj(Agy), then

k
<2 () - HKZA 2/ Dn(A) = M(A)}, (7.28)
fork=1,...,m,.

Proof.  The lower bound follows from Theorem 3.20. As in the proof of Theorem
7.16, we may assume without loss of generality that A, (Ay5) = 0. Applying Theorem
7.15 to A? defined in (7.25), we find that

k k k
DONA) <D TN (AT + ApAly) + ) A (Al Ay). (7.29)
j=1

J=1 J=1

An application of Theorem 3.24 yields

/\j(A%I + A Alp) <

1 J

k
A%l Z (A A7),

M=
*MW

1

<.
I

and when combined with (7.29), we get

k k k
DN MSZ () + 27 A (ApAly),
j=1 j=1 j=1

because the eigenvalues of A,; are positive, and the positive eigenvalues of A;,A4],
and A}, A,, are the same. Now using (7.26), we have

k
> NA) < 30 H+22A (A Al)

=1 =1
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or equivalently,

Z{V — X(A)} < 2ZA (A1 Al). (7.30)
J=1
However,
k
ZM?(A) At = Z{A (A HA;(A) = A;(An)}
= {A(4) + A (A }Z{)\ Aj(An)}
k
> 20,4 Z (A} (7.31)
Combining (7.30) and (7.31) leads to
k k
Z{/\j(A) - Z A Al) /AL (Ary),

which establishes the upper bound in (7.28) because we have assumed that
)\1 (A22) - 0. |:|

Our final result compares the eigenvalues of A with those of the Schur complement
Ay — A Ay AL, when A s positive definite.

Theorem 7.18 Suppose A in (7.1) is positive definite, and let B, =
Ay = Ap Ay Ay, By = Ay — A Al Ay, and €= —B;'ApA,). Then
it A\;(By) < A, (Bs),

HM»

ml J+1 - >‘mfj+1(A)}

,\2 k+1(Bl) k /
- {)‘ k+1(B1) Ak (By)} ;AJ(CC ),

fork=1,...,m,.

Proof.  Using Theorem 7.1 and the fact that both A, and A,, are nonsingular, the
inverse of A can be expressed as

o [Bt ©
Al:[l }
C' Byt
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Applying Theorem 3.20to A=, we have forj = 1,...,m,, A (ByY) <\
that A\ . (B)) <AL, (A)or, equivalently, A, ;.1 (B)) > X

m—j+1
proves the lower bound. Since A, (By') = A['(B;) > A,L(B,) = A\ (B 1), we
can apply Theorem 7.17 to A~!, which leads to

Z{Am j+1 A:m ]+1(Bl)}

k
Z (COVANL e (BY) = A (B)}-

However,

Z{)‘m j+1 )‘mll j+1(Bl)}

_ i >\ my ]+l ) )‘mfjﬁ»l (A)
j=1 m j+1(A)/\m,1—j+1(Bl)
k
> )‘;nl—k+1(A m1 k+1 Bl Z my j+1 - )‘mfjJrl (A)}7
N
k
D D (B) = Ay (A)}
j=1
k
< )\m k+l(A))\m1 k+11 Z CC’
{Aml k+1( ) )\ j=1
/\2 k 1 a
S mi—k+ OC/
{Am1 k+1( ) )‘ 1 B2 z::
thereby establishing the upper bound. 0
PROBLEMS

7.1 Consider the 2m x 2m matrix

al, bI,
A= [dm dlm} ’

where a, b, ¢, and d are nonzero scalars.
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7.2

7.3

7.4

7.5

7.6

PARTITIONED MATRICES

(a) Give an expression for the determinant of A.
(b) For what values of a, b, ¢, and d will A be nonsingular?
(¢) Find an expression for AL
Let A be of the form
A= [An Aw] :

Ay (0)
where each submatrix is m X m and the matrices A, and A,, are nonsingular.
Find an expression for the inverse of A in terms of 4,;, 4,5, and A,, by applying
equations (7.2)—(7.5).
Generalize Example 7.2 by obtaining the determinant, conditions for
non-singularity, and the inverse of the 2m x 2m matrix

— aI"L C]‘m]‘/m
A= {dlml’m bI,, }

where a, b, ¢, and d are nonzero scalars.
Let the matrix G be given by
A B C
G=1|(0) D E|,
(0) (0) F
where each of the matrices A, D, and F' is square and nonsingular. Find the
inverse of G.

Use Theorems 7.1 and 7.4 to find the determinant and inverse of the matrix
40012
03012
A=100223
00123
11012
Suppose
A+ A, A, A,
Ay, A, + A, Ay
v=| . . ,
Ay, A A A
where A,,. .., A, are m x m positive definite matrices. Show that V ~! has the
form
A —A'BTIATY AT BTIAY —A'BTTAY
—A;'BTTATY AT - A'BTIAGY - —A'BAY
—A L BA —ALBTAYY AL - AL BTIALY

where B =Y A1
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7.7 Let A be an m x m matrix partitioned as

A= {An A12} 7

A21 A22

where A, is m; x m, and rank(A) = rank(A4,;) = m,.
(a) Show that Ay, = Ay Al Ay,
(b) Use the result of part (a) to show that

Ay (O)}
B = 11
[ (0) (0)
is a generalized inverse of A.
(¢) Show that the Moore—Penrose inverse of A is given by

!
All

A+:[ !
Al

| ctat,
where C' = (A Ajy + A Alp) 7 Ay (A Ay + Ay Ayy) 7
7.8 Let A be a symmetric matrix partitioned as in (7.1). Show that A is positive
definite if and only if A,, and A,y — Ay A;' A, are positive definite.
7.9 Let A be an m x m positive definite matrix, and let B be its inverse. Partition

A and B as
A, A B,, B
A= |41 12], B:[ 11 12}’
[A/u Ay Biy By,

where A, and B}, are m; x m, matrices. Show that the matrix

{An - By A12:|
Ay Ay

is positive semidefinite with rank of m — m,.

7.10 Let A and B be defined as in Theorem 7.1. If A is positive definite, show that
By, — Aj} is nonnegative definite.

7.11 Consider the m x m matrix

A= |

mm

where the (m — 1) x (m — 1) matrix A,; is positive definite.
(a) Prove that |A| < a,,,,|A;;| with equality if and only if @ = 0.
(b) Generalize the result of part (a) by proving that if a,...,a,,,, are the

diagonal elements of a positive definite matrix A, then |[A| < ay;---a
with equality if and only if A is a diagonal matrix.

mm
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7.12

7.13

7.14

7.15

7.16

7.17

7.18

7.19
7.20

PARTITIONED MATRICES

Let A and B be nonsingular matrices, with A being m x m and B being n X n.
If Cis m xn, Disnxm,and A+ CBD is nonsingular, then an expres-
sion for the inverse of A + C'BD utilizing the inverse of B~! + DA~'C was
given in Theorem 1.9. Show that A + C'BD is nonsingular if and only if B~! +
DA~'C is nonsingular by applying Theorem 7.4 to the matrix
A C
-4 -5
Let A be defined as in (7.1), and suppose that B is an m, X m; matrix.
Show that
Ay Ay

Ay + BAy Ay + BA,

= |A].

Suppose A is partitioned as in (7.1), m; = m,, and A is positive definite. Use
Theorem 4.17 to show that [A;,|? < |A};[|As]-

Let A be defined as in (7.1), where m; = m, and A,; 45, = A, A,;. Show that
|A] = [A1 Ayy — Ay Ap.

LetT = (T}, Ty) be anm x m orthogonal matrix with I'; and T, being m. x m,;
and m X m,, respectively. Show that if A is anm x m nonsingular matrix, then

[PLAT | = [A[THATIT,].

Let A be an m X m nonsingular matrix and B be an m X m matrix having
rank 1. By considering a matrix of the form

A d
c 1|’

|A+ B| = {1+ tr(A"'B)}|A|.

show that

Let A be an m x m symmetric matrix, and let A, be its leading k x k principal

submatrix.

(a) Show thatif |A;| >0,...,|4,, 1] > 0and |A,,| > 0, then A is nonnega-
tive definite.

(b) Give an example of a 2 X 2 symmetric matrix that has both of its lead-
ing principal minors being nonnegative, yet the matrix is not nonnegative
definite.

Provide the details of the proof of part (b) of Theorem 7.8.
Let A be an m X n matrix and B be an n X m matrix. Show that

rank(7,, — AB) = rank(I,, — BA) + m — n.
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7.21

7.22

7.23

7.24

7.25

7.26
7.27

7.28

Show that the conditions given in Theorem 7.8 are not necessary conditions.
For instance, find a matrix for which the conditions given in Theorem 7.8(a) do
not hold, yet the corresponding determinantal identity does hold.

Let w and v be m X 1 vectors and A be an m x m matrix. Show that if b # 0,
then

rank(A — b tuv’) < rank(A)

if and only if vectors & and y exist, such thatu = Ay, v = A'x,and b = x' Ay.
Let A be defined as in (7.1), and suppose that the conditions R(A,;) C R(Ay)
and R(A},) C R(A)) both hold. Show that A;; — A,,A5 A, does not
depend on the choice of the generalized inverse A,,. Give an example of
a matrix A such that only one of these conditions holds and the Schur
complement 4,; — A,,A,,A,, does depend on the choice of A,,.

Let A be defined as in (7.1), and suppose that the conditions R(A,;) C R(Ay,)
and R(A},) C R(A),) hold. Show that if A is idempotent, then the generalized
Schur complement 4, — A, A,,A,, is also idempotent.

Suppose A is partitioned as in (7.1) and define B = Ay — Ay A1 A,
C= (I, —AnAL)Ay, D= Ay, — A, Ay), and E=(1,, —CC)
{(L,,, - DD7)B(I,,, - C~C)} (I, — DD~). Show that a generalized
inverse of A is given by

A4 [AL — AL ALCF = GD A4y A = GD"BC™F GD-
CF (0)
N {GD—B }r Aj A,

ma

|leF+auas -1,
where F'= 1, — A Ajand G =1, — A Ay
Provide the details of the proof of part (b) of Theorem 7.12.

Let A be defined as in (7.1), and let B, = A;; — A;5A4,,A,,. Show that the

matrix B B B
[ 7B1 o _€1 A12422 B
—Agp Ay By Ay + Ap Ay By Ay Ay

is a generalized inverse of A if and only if

@) (I, — ApAy)Ay (1, — B B)) = (0),

(b) (I, — B\ By )Ayy(1,,, — Ay Ay) = (0),

(© (L, = AgpAp) Ay By Ayy(I,, — ApAy) = (0).

Let A be defined as in (7.1), and let B, be the Schur complement
B, = Ay, — Ay Af| Ay, Consider the matrix

_[Af + A ALBy Ay Af —Af AR By .

c
—Bj Ay Ay By

Show that C' is the Moore—Penrose inverse of A if the conditions
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7.29

7.30

7.31

7.32

7.33

PARTITIONED MATRICES

(@) R(Ayy) C R(Ay) and R(Ay) C R(AY),
(b) R(A,;) C R(B;) and R(Ay) C R(B3)
both hold.

Consider the nonnegative definite matrix

A:

(NI N
O ==
= O N

Partition A so that A, is 2 x 2. Use Theorem 7.13 to obtain the Moore—Penrose
inverse of A.

Consider the matrices B and B"~ given in Theorem 7.13. Show that B~ is a
generalized inverse of B.

Consider the m X m matrix

A A
A= |1 A
)

where A, is an m; x m; nonnegative definite matrix and A, is m; X m,.
Show that

BT Ajy — BT A A

At = ,
|:AB - ABAHB+ AEAHBJrAllAE/ - AILZAHAE/

where B = CA;;Cand C =1, — ApAf, =1, — AJA),.
Let A be an m x m symmetric matrix partitioned as in (7.1). Show that if
A, (A1) > A (Agy) > 0, then

j=1
Ay (Ag)
§2{1+ L2 } A (ApAL)
M) — () | 2 (et
fork=1,...,my.
Show that, under the conditions of Theorem 7.18,

k
0<Y A (B) = A (A)}
j=1
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7.34

7.35

Suppose that A in (7.1) is nonnegative definite with A,, being positive definite.
Consider the Schur complement B, = A;; — A, A5 A},. Show that

A, (A) < A (By) < Ay (A),

forh=1,...,m,.

Suppose that A in (7.1) is nonnegative definite with A,, being positive
definite, whereas rank(B,) = r, where B, = A,, — A, A5, A},. Let Q be any
m, X r matrix satisfying Q'Q = I, and B; = QAQ’, where A is a diagonal
matrix with the positive eigenvalues of B, as its diagonal elements. Define
By = Ay — AQ(Q'A,Q) 'Q'Ayy and C = —A'Q' A, A5, . Show that,
if \;(B;) < A,,,,(B,), then

my—r+k

0< Z {)‘m,—j+1(B1) - )‘m—jH(A)}
j=1

A e (By) : A A
S(cch,
S By - A 2 M)

fork=1,...,r.






SPECIAL MATRICES AND MATRIX
OPERATIONS

8.1 INTRODUCTION

In this chapter, we will introduce and develop properties of some special matrix oper-
ators. In particular, we will look at two matrix products that differ from the ordinary
product of two matrices. One of these products, known as the Hadamard product,
simply involves the element-wise multiplication of the matrices. The other matrix
product, called the Kronecker product, produces a matrix that in partitioned form
has each of its submatrices being equal to an element from the first matrix times the
second matrix. Closely related to the Kronecker product is the vec operator, which
transforms a matrix to a vector by stacking its columns one underneath another. In
many situations, a seemingly complicated matrix expression can be written in a fairly
simple form by applying one or more of these matrix operators. In addition to these
operators, we will look at some special types of structured matrices that we have not
previously discussed and are important in some statistical applications.

8.2 THE KRONECKER PRODUCT

Some matrices possess a special type of structure that permits them to be expressed
as a product, commonly referred to as the Kronecker product, of two other matrices.

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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If Ais an m X n matrix and B is a p X ¢ matrix, then the Kronecker product of A
and B, denoted by A ® B, is the mp X nq matrix

a; B ap,B - a,, B
ayB  apB - a,, B

. . (8.1)
amlB a'mQB e amnB

This Kronecker product is more precisely known as the right Kronecker product, and
it is the most common definition of the Kronecker product appearing in the literature.
However, some authors (for example, Graybill, 1983) define the Kronecker product
as the left Kronecker product, which has B ® A as the matrix given in (8.1). Through-
out this book, any reference to the Kronecker product refers to the right Kronecker
product. The special structure of the matrix given in (8.1) leads to simplified formulas
for the computation of such things as its inverse, determinant, and eigenvalues. In this
section, we will develop some of these formulas as well as some of the more basic
properties of the Kronecker product.

Unlike ordinary matrix multiplication, the Kronecker product A ® B is defined
regardless of the sizes of A and B. However, as with ordinary matrix multiplica-
tion, the Kronecker product is not, in general, commutative as is demonstrated in the
following example.

Example 8.1 Let A and B be the 1 x 3 and 2 X 2 matrices given by

A=[01 2] B:[;) ﬂ

Then we find that

aen-oppem-[)0122 0]

1424] 012024
B®A[3A4A}{O36048}

Some of the basic properties of the Kronecker product, which are easily proven
from its definition, are summarized in Theorem 8.1. The proofs are left to the reader
as an exercise.

whereas

Theorem 8.1 Let A, B, and C be any matrices and a and b be any two vectors.
Then

(a) a® A= A® a = «aA, for any scalar «,
(b) (0A) ® (BB) = af(A ® B), for any scalars « and (3,



THE KRONECKER PRODUCT 317

() (A®B)eC =A@ (Bx(C),

d (A+B)@C=(A®C)+ (B®C(C),if Aand B are of the same size,
() A9 (B+C)=(A® B)+ (A® (), if B and C are of the same size,
) (A B) =A®B,

(g ab=axb =b ®a.

Although as we have already pointed out, A ® B = B ® A does not hold in gen-
eral, we see from Theorem 8.1(g) that this commutative property does hold when A
and B’ are vectors.

We have a useful property involving the Kronecker product and ordinary matrix
multiplication in Theorem 8.2.

Theorem 8.2 Let A, B, C, and D be matrices of sizes m x h, p X k, h X n, and
k x g, respectively. Then

(A® B)(C ® D) = AC @ BD. 8.2)

Proof. The left-hand side of (8.2) is

apB - ay, B ey 1, D Fy oo F,
amlB T a’th cth e chnD le T an
where

h
F; =Y aye,;BD = (A),(C),;BD = (AC),;BD.
=1

The right-hand side of (8.2) is

(AC)yBD -+ (AC),,BD
AC ® BD = : : :
(Ac)mlBD e (Ac)mnBD

and so the result follows. U

Our next result demonstrates that the trace of the Kronecker product A ® B can
be expressed in terms of the trace of A and the trace of B when A and B are square
matrices.

Theorem 8.3 Let A be an m X m matrix and B be a p X p matrix. Then

tr(A® B) = tr(A)tr(B).
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Proof.  Using (8.1) when n = m, we see that

tr(A® B) = iaiitr(B) = <i an-) tr(B) = tr(A)tr(B),

so that the result holds. O

Theorem 8.3 gives a simplified expression for the trace of a Kronecker product.
There is an analogous result for the determinant of a Kronecker product. However,
let us first consider the inverse of A ® B and the eigenvalues of A ® B when A and
B are square matrices.

Theorem 8.4 Let A be an m x n matrix and B be a p X ¢ matrix. Then

(@ (A B)'=A"1'®@ Bl ifm=n,p=q,and A® B is nonsingular,
(b) (A® B)t = A" @ BY,
(c) (A® B)” = A~ ® B, for any generalized inverses, A~ and B~, of A and B.

Proof. Using Theorem 8.2, we find that
—1 -1 _ -1 -1 _ _
(A @B )(A®B)=(A"A®B B)—Im®Ip—Imp,

so (a) holds. We will leave the verification of (b) and (c) as an exercise for the reader.
O

Theorem 8.5 Let A\, ..., \,, be the eigenvalues of the m x m matrix A, and let
0, ..., 0, be the eigenvalues of the p x p matrix B. Then the set of mp eigenvalues
of A® Bis givenby {\0, :i=1,...,m;j=1,...,p}

Proof. It follows from Theorem 4.12 that nonsingular matrices P and @) exist, such
that
PilAP = T17 QilBQ = T27

where 7 and 7}, are upper triangular matrices with the eigenvalues of A and B,
respectively, as diagonal elements. The eigenvalues of A ® B are the same as
those of

PeQ) " (AeB)(PoQ) = (P 0@ )46 B)(PeQ)
=P 'AP®Q 'BQ=T,T,,
which must be upper triangular because 7' and 75, are upper triangular. The result

now follows because the eigenvalues of 7} ® T, are its diagonal elements, which are
clearly given by {\;0; :i =1, ... ,m;j=1,...,p}. O
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A simplified expression for the determinant of A ® B, when A and B are square
matrices, is most easily obtained by using the fact that the determinant of a matrix is
given by the product of its eigenvalues.

Theorem 8.6 Let A be an m X m matrix and B be a p X p matrix. Then

|A® B| = |A]"|B|™.

Proof. Let Ay, ..., A, be the eigenvalues of A, and let0,, ... , 0, be the eigenval-
ues of B. Then we have

m P
Al=TTx 1BI=1]¢
i=1 j=1

and from Theorem 8.5

|A® B| :ﬁﬁxi Hem (HA) H97 Al

j=1i=1 Jj=1

» m
[Ie;) =1ariB,
j=1
and so the proof is complete. g

Our final result on Kronecker products identifies a relationship between rank (A ®
B) and rank(A) and rank(B).

Theorem 8.7 Let A be an m x n matrix and B be a p X ¢ matrix. Then

rank(A ® B) = rank(A) rank(B).

Proof.  Our proof uses Theorem 3.12, which states that the rank of a symmetric
matrix equals the number of its nonzero eigenvalues. Although A ® B as given is
not necessarily symmetric, the matrix (A ® B)(A ® B)', as well as AA’ and BB/, is
symmetric. Now from Theorem 2.8, we have

rank(A ® B) = rank{(A ® B)(A ® B)'} = rank(AA’ ® BB').

Since AA’ ® BB’ is symmetric, its rank is given by the number of its nonzero eigen-

values. Now if A, ..., \,, are the eigenvalues of AA’,and 0,, ..., ¢, are the eigen-
values of BB’ then, by Theorem 8.5, the eigenvalues of AA’ @ BB’ are given by
{)\lﬂj ci=1,...,m;j =1, ...,p}. Clearly, the number of nonzero values in this

set is the number of nonzero A;’s times the number of nonzero ¢ g ’s. However, because
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AA’" and BB' are symmetric, the number of nonzero \;’s is given by rank(AA’) =
rank(A), and the number of nonzero 6;’s is given by rank(BB’) = rank(B). The
proof is now complete. O

Example 8.2 The computations involved in an analysis of variance are sometimes
particularly well suited for the use of the Kronecker product. For example, consider
the univariate one-way classification model,

Yij = B+ T + €,
which was discussed in Example 3.16, Example 6.11, and Example 6.12. Suppose that
we have the same number of observations available from each of the £ treatments, so

that j = 1, ... ,n for each ¢. In this case, the model may be written as
Yy = X/B + €,
where X = (1, ®1,,[,®1,), B= (w7, - 7)s y= (¥ ... ,y;), and
Y; = (Yis - -+ » ;) - Consequently, a least squares solution for 3 is easily computed
as
Boxx) Xy %% e rengl
- Yy= Ik; Q 1/n k n k n
y 1, ®1),
I, ®1),
_ nk n1,] [1, 01,
 [(nk) 0o 1, ®1,
0 Tl kL) [ e,
] (nk) (1 ©1,)
et - k)t e )| Y

This yields ft =y and 7; = y; — Yy, where

1 k n 1 n
%Zzyu, yi:ﬁzlyij'
j=

i=1 j=1

y

Note that this solution is not unique because X is not full rank, and hence the solution
depends on the choice of the generalized inverse of X' X . However, for each i, i + 7;
is estimable and its estimate is given by /i + 7; = ¥,. In addition, the sum of squared
errors for the model is always unique and is given by

(y—XB)(y— XB) =y'(I,, - X(X'X)"X")y
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= yl(Ink - n_l(‘[k ® ln]';z))y
k
=Y i, —n 1,1y,

k
= Z yz] i

j=1

.
Il

—
<.

Since {(1, ®1,) (1, ®1,)} (1, ®1,)y =¥, the reduced model
Yij = Bt €5
has the least squares estimate /i = ¥, whereas its sum of squared errors is

kK n

(-7, 1) {y -1, ®1,)} =>> (4, - 7)°

i=1 j=1

The difference in the sums of squared errors for these two models, the so-called sum
of squares for treatments (SST), is then

k n k n
SST =" (9 — 2. > (i — 7))
i=1 j=1

i=1 j=1

=3 @ -

i=1

Example 8.3 In this example, we will illustrate some of the computations involved
in the analysis of the two-way classification model with interaction, which is of the
form

Yije = W+ T =795 + 055 + €51

where i =1, ... ,a,j=1,...,b,and k=1, ... ,n (see Problem 6.23). Here u
can be described as an overall effect, whereas 7; is an effect due to the ¢th level
of factor A, V; is an effect due to the jth level of factor B, and u is an effect
due to the interaction of the ¢th and jth levels of factors A and B. If we define
the parameter vector 3 = (14, Ty, -« s Tuy Vs -« s Vo> This Ths - - s Dab_1s Nap) and

the response vector ¥ = (Y111, - s Y11n> Y1215 - -+ > Yibms Y2115 - - - » Yapn) » then the
model above can be written as

y=XB+e,
where

X = (1a®1b®1n’Ia®1b®1n71a®lb®1nﬂla®lb®1n)'
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Now it is easily verified that the matrix
abn bnl/, anlj nl, @1}
XX — bnl, bnl, nl,®1, nl,®1;
anl, nl, ®1, anl, nl, ® I,
nl,®1, nl,®1, nl,®I, nl,®I,
has as a generalized inverse the matrix
diag((abn)™", (bn) "' (I, — a™'1,1;), (an) ™ (L, = b7'1,1}),C),

where

C=n'l,®I,— (bn) ', ®1,1, — (an) 1,1, ® I,
+ (abn) 1,1, ® 1,1},

Using this generalized inverse, we find that a least squares solution for 3 is given by

7.
Y. —7Y
Yo — Y.
) ) 70— 7.
B=XX)Xy= ,
Yy — Y.
Un =Y.~ Y1ty
Yab — Yo — Y T Y.

where

Clearly, p + 7, + ¥+ 1y is estimable, and its estimate, which is the fitted value for
Yijko 18 fL+ T, + 7, + 1;; = Y;;- We will leave the computation of some of the sums
of squares associated with the analysis of this model for the reader as an exercise.



THE VEC OPERATOR 323
8.3 THE DIRECT SUM
The direct sum is a matrix operator that transforms several square matrices into one

block diagonal matrix with these matrices appearing as the submatrices along the
diagonal. Recall that a block diagonal matrix is of the form

A, (0) - (0)
| 0) A, -+ (0
diag(Ay, ..., A,) = : . T

where A; is an m; x m, matrix. This block diagonal matrix is said to be the direct
sum of the matrices A;, ... , A, and is sometimes written as

diag(4,, ... ,A,) =4, &---DA,.

Clearly, the commutative property does not hold for the direct sum because, for
instance,

4, (0)
(0) A,

4, (0)

Aoy = 0) A
1

= A, ® A,

unless A; = A,. Direct sums of a matrix with itself can be expressed as Kronecker
products; thatis,if A, = --- = A, = A, then

A DA =Ad---0A=1.0A.

Some of the basic properties of the direct sum are summarized in the following
theorem. The proofs, which are fairly straightforward, are left to the reader.

Theorem 8.8 Let A, ..., A, be matrices, where A; is m; x m;. Then

(@ tr(A; @ D A,) =tr(A) + -+ tr(4,),
®) [A, @ @A =[A]-- |4,
(c) if each A, is nonsingular, A = A, @ --- @ A, is also nonsingular and A~! =

Afl@-~-69A;l,
(d) rank(A; @ --- @ A,) =rank(A;) + --- +rank(A4,),
(e) if the eigenvalues of A; are denoted by A, 1, ..., A, ,,, , the eigenvalues of

A @@ A aregivenby {); ;ii=1, ... mi=1, ... ,m;}

8.4 THE VEC OPERATOR

There are situations in which it is useful to transform a matrix to a vector that has
as its elements the elements of the matrix. One such situation in statistics involves
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the study of the distribution of the sample covariance matrix .S. It is usually more
convenient mathematically in distribution theory to express density functions and
moments of jointly distributed random variables in terms of the vector with these
random variables as its components. Thus, the distribution of the random matrix S is
usually given in terms of the vector formed by stacking columns of S, one underneath
the other.

The operator that transforms a matrix to a vector is known as the vec operator. If
the m x n matrix A has a; as its ith column, then vec(A) is the mn x 1 vector given
by

a;

Qs
vec(A) =

a,

Example 8.4 If A is the 2 x 3 matrix given by

2 05
A{S 1 3]’

then vec(A) is the 6 x 1 vector given by

vec(A) =

W Ut = O 00N

In this section, we develop some of the basic algebra associated with this operator.
For instance, if a is m x 1 and bis n x 1, then ab’ is m x n and

ba
n

vec(ab') = vec([bja,bya, ... ,b,al)=| . | =b®a.

Theorem 8.9 gives this result and some others that follow directly from the definition
of the vec operator.

Theorem 8.9 Let a and b be any two vectors, whereas A and B are two matrices
of the same size. Then

(a) vec(a) = vec(a') = a,
(b) vec(ab') =b®a,
(c) vec(aA + BB) = avec(A) + Bvec(B), where o and 3 are scalars.



THE VEC OPERATOR 325

The trace of a product of two matrices can be expressed in terms of the vecs of
those two matrices. This result is given in Theorem 8.10.

Theorem 8.10 Let A and B both be m x n matrices. Then
tr(A'B) = {vec(A)}vec(B).

Proof. Asusual, let a,, ... ,a, denote the columns of A and b, ... ,b, denote
the columns of B. Then

n bl
tr(A'B):Z Za =la},...,a}] | :
=1 bn
= {vec(A)}vec(B),
as is required. |

A generalization of Theorem 8.9(b) to the situation involving the vec of the product
of three matrices is given in Theorem 8.11.

Theorem 8.11 Let A, B, and C' be matrices of sizes m X n, n X p, and p X ¢,
respectively. Then
vec(ABC) = (C' @ A)vec(B).

Proof. Note thatif by, ... , b, are the columns of B, then B can be written as

where e; is the 7th column of Ip. Thus,

vec(ABC) —vec{ <zp: i ;) } zp: c(Ab,e.C)
_ Zvec{ (Ab;) i C'e; ® Ab;

NE

=(C'® A) (e;®b,),

1

~.
Il

where the second to last equality follows from Theorem 8.9(b). By again using
Theorem 8.9(b), we find that
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P P
Z e, ®b;) Zvec = vec (Z bie;> = vec(B),
i—1

i=1

and so the result follows. O

Example 8.5 The growth curve model discussed in Example 2.18 models anm x n
response matrix Y as Y = X BZ + E, where the m X p and ¢ x n matrices X and
Z are known, the p X ¢ matrix B contains unknown parameters, and F is an m X
n matrix of errors. In this example, we will illustrate an alternative way of finding
the least squares estimator, B, of B by utilizing the vec operator and properties of
projections. Letting Y = X BZ denote the matrix of fitted values, 33 is chosen so that

tr{(Y = Y)(Y = Y)'} = {vec(Y) — vec(Y)} {vec(Y) — vec(Y)}

is minimized. But since vec(Y) = vec(XBZ) = (Z' @ X)vec(B), we see that
vec(Y') must be in the column space of (Z’ ® X), and so the required minimum is
obtained when vec(Y’) is the projection of vec(Y') onto that space. Since

Prigex) = (2@ X){(Z'©X)(Z' @ X)} (Z'® X)
=7 (ZZY"Z 2 X(X'X)T X/,

this leads to

VeC(Y) = PR(Z’QQX)VGC(Y)
= vee(X(X'X)*X'YZ/(22')* Z),

or equivalently R R
Y =XBZ=XX'X)"X'YZ(2Z)*Z.

When rank(X) = p and rank(Z) = ¢, B is the unique solution obtained by pre-
multiplying this equation by (X’X)~!X’ and postmultiplying by Z'(ZZ')~*; that
is,

B=(X'X)'X'vZz(zz)?

Example 8.6 We return to the multivariate multiple regression model,
Y=XB+E,

considered in Example 3.15. Here Y and Fare N x m, X is N x k,and Bis k x m.
In Example 3.15, it was established that the least squares estimator of B is B=
(X’ X)~1X'Y by showing that the sum of squared error corresponding to an arbitrary
estimator B, is equal to the sum of squared errors corresponding to the estimator B
plus a term that is nonnegative. Using the vec operator and the Kronecker product, we
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can establish the same result by using the projection method employed in Example
2.11 to find the least squares estimator of 3 in the standard multiple regression model.
The least squares estimator B by definition minimizes

{vec(Y) — vec(Y) Y {vec(Y) — vec(Y)}, (8.3)

where Y = X B, and vec(Y) = vec(X B) = (I,, ® X)vec(B), so vec(Y') is a point
in the subspace of R™! spanned by the columns of 7,, ® X . Since (8.3) is minimized
by selecting as this point the orthogonal projection of vec(Y") onto this subspace, we
have

vec(XB) = (I, ® X){(I,, ® X)'(I,, ® X)} (I

={I, ® X(X'X)' X"} vec(Y)
= vec{ X (X'X)'X'Y},

® X) vec(Y)

that is, X B = X (X'X) ' X'Y. Premultiplying this last equation by (X’X) X",
we arrive at the desired result.

Theorem 8.10 also can be generalized to a result involving the product of more
than two matrices.

Theorem 8.12 Let A, B, C, and D be matrices of sizes m X n,n X p, p X ¢, and
q X m, respectively. Then

tr(ABCD) = {vec(A)} (D' @ B)vec(C).

Proof.  Using Theorem 8.10, it follows that
tr(ABCD) = tr{ A(BCD)} = {vec(A")} vec(BCD).

From Theorem 8.11, however, we know that vec(BC'D) = (D' ® B)vec(C), and so
the proof is complete. U

The proofs of the following consequences of Theorem 8.12 are left to the reader
as an exercise.

Corollary 8.12.1 Let A and C be matrices of sizes m x n and n x m, respectively,
whereas B and D are n X n. Then

(a) tr(ABC) = {vec(A")}(I,, ® B)vec(C),
(b) tr(AD'BDC) = {vec(D)} (A'C’' ® B)vec(D).
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Other transformations of a matrix, A, to a vector may be useful when the matrix A
has some special structure. One such transformation for an m x m matrix, denoted by
v(A), is defined so as to produce the m(m + 1)/2 x 1 vector obtained from vec(A)
by deleting from it all of the elements that are above the diagonal of A. Thus, if A is
a lower triangular matrix, v(A) contains all of the elements of A except for the zeros
in the upper triangular portion of A. Yet another transformation of the m x m matrix
A to a vector is denoted by v(A) and yields the m(m — 1)/2 x 1 vector formed from
v(A) by deleting from it all of the diagonal elements of A; that is, v(A) is the vector
obtained by stacking only the portion of the columns of A that are below its diagonal.
If A is a skew-symmetric matrix, then A can be reconstructed from v(A) because the
diagonal elements of A must be zero, whereas a;; = —a,; if i # j. The notation v(A)
and v(A) we use here corresponds to the notation of Magnus (1988). Others (see, for
example, Henderson and Searle, 1979) use the notation vech(A) and veck(A). In
Section 7, we will discuss some transformations that relate the v and v operators to
the vec operator.

Example 8.7 The v and v operators are particularly useful when dealing with
covariance and correlation matrices. For instance, suppose that we are interested in
the distribution of the sample covariance matrix or the distribution of the sample
correlation matrix computed from a sample of observations on three different
variables. The resulting sample covariance and correlation matrices would be of the
form

S11 S12 Si3 1 T2 T3
S= S5 S So3|, R=ry 1 1y,
513 S23  S33 T3 T3 1

so that
_ /!
vec(S) = (8115 5125 513+ 5125 5225 523, 513, 523, 533) 5

vec(R) = (1,719,713, 195 1, a3, 7135 T3 1)

Since both S and R are symmetric, there are redundant elements in vec(S) and
vec(R). The elimination of these elements result in v(S) and v(R) given by

V(S) = (811, 8125 S135 S22, S35 833)
V(R) = (1,713,713, 1,73, 1),
Finally, by eliminating the nonrandom 1’s from v(R), we obtain

V(R) = (719,713, T23)/7

which contains all of the random variables in R.
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8.5 THE HADAMARD PRODUCT

A matrix operator that is a little more obscure than our other matrix operators, but
one that is finding increasing applications in statistics, is known as the Hadamard
product. This operator, which we will denote by the symbol ®, simply performs the
element-wise multiplication of two matrices; that is, if A and B are each m x n, then

apibyy T ay, by,
AGOB=

amlbml e Ay b

mn-mn

Clearly, this operation is only defined if the two matrices involved are of the same size.

Example 8.8 If A and B are the 2 x 3 matrices given by

1 4 2 3 1 3

A_[O 2 3}’ B_[G 5 1}’
then 5 4 6
A@B:[O 10 3}.

One of the situations in which the Hadamard product finds application in statistics
is in expressions for the covariance structure of certain functions of the sample covari-
ance and sample correlation matrices. We will see examples of this later in Section
11.7. In this section, we will investigate some of the properties of this operator. For
a more complete treatment, along with some other examples of applications of the
operator in statistics, see Styan (1973) and Horn and Johnson (1991). We begin with
some elementary properties that follow directly from the definition of the Hadamard
product.

Theorem 8.13 Let A, B, and C be m x n matrices. Then

(a) AOB=DB0® A,

b) (AeB)6C=A6(B6o0),

¢ (A+B)oC=A0C+BoC,

d (AoB) =A"60B,

() A®(0) = (0),

H Ac1,1, =A,

(g) AT, =D, =diag(ay, ... ,a,,,)ifm=mn,

(h) DLA®B)=(DA)©B=A® (DB)and (AOB)E=(AE)®B=A0
(BE),if D is an m x m diagonal matrix and E is an n X n diagonal matrix,

(i) abl ®cd = (a® c)(b® d)’, where a and ¢ are m x 1 vectors and b and d
are n X 1 vectors.
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We will now show how A ® B is related to the Kronecker product A ® B; specif-
ically, A ® B is a submatrix of A ® B. To see this, define the m x m? matrix v
as

Note that if A and B
2

where e, ,,, is the ith column of the identity matrix I,,,.

are m x n, then ¥, (A® B)W¥, forms the m x n submatrix of the m? x n
matrix A ® B, which contains rows 1,m +2,2m+3, ... ,m? and columns
1,n+2,2n+3, ... ,n% Taking a closer look at this submatrix, we find that

(A®B \IJ/ Zzezm zm®e )(A®B)(ej,n®ej,n)e;,n

1=1 j=1

m n
o E : 2 : / / i
- ei,m(ei,mAej,n ® ei,mBej,n)e]

i=1 j=1

:Zzaz 17 zm jn_AQB

i=1 j=1

Although the rank of A ® B is not determined, in general, by the rank of A and
the rank of B, we do have the following bound.

Theorem 8.14 Let A and B be m x n matrices. Then

rank(A ® B) < rank(A) rank(B).

Proof.  Using the identity ¥, (A ® B)¥! = A® B, we get

rank(A ® B) = rank(¥,,(A ® B)¥) < rank(A ® B)
= rank(A) rank(B),
where we have used Theorem 2.8(a) and Theorem 8.7. This completes the proof. [
Example 8.9 Although Theorem 8.14 gives an upper bound for rank(A ® B) in
terms of rank(A) and rank(B), there is no corresponding lower bound. In other

words, it is possible that both A and B have full rank, whereas A ® B has rank equal
to 0. For instance, each of the matrices

A=

o = O
O O =

0
ol, B=
1

S O =

0
0
1

O = O

clearly has rank 3, and yet A ® B has rank 0 because A ® B = (0).
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Theorem 8.15 shows that a bilinear form in a Hadamard product of two matrices
may be written as a trace.

Theorem 8.15 Let A and B be m x n matrices, and let  and y be m x 1 and
n x 1 vectors, respectively. Then

(@ 1. (A® B)1,, = tr(AB),
(b) 2'(A® B)y = tr(D,AD, B'),

where D, = diag(zy, ... ,z,,)and D, = diag(y;, ... ,¥,)-

Proof. (a) follows because

L.(A0 B)1 ZZ (A© B); :ZZ%%
— Z = Z(AB’)Z-Z- = tr(AB').

Note also that z = D,1,, and y = D, 1,, so that by using (a) above and Theorem
8.13(h), we find that

x'(A® B)y=1,,D,(A® B)D,1, =1,,(D,A® BD,)1,
= tr(D,AD,B'),

and this proves (b). O

Example 8.10 A correlation matrix is a nonnegative definite matrix with each diag-
onal element equal to 1. In Example 3.10, we saw how this constraint on the diagonal
elements of a correlation matrix affects the possible choices for the eigenvalues and
eigenvectors of the correlation matrix. Let P be an m x m correlation matrix, and let
P = QDQ’ be its spectral decomposition; that is, ) is an m x m orthogonal matrix
with orthonormal eigenvectors of P as its columns, and D is a diagonal matrix with
the nonnegative eigenvalues of P, d,, ... ,d,,, as its diagonal elements. Suppose we
have a particular orthogonal matrix ), and we wish to determine the possible choices
for the diagonal elements of D so that Q DQ’ has correlation-matrix structure. The

constraint on the diagonal elements of P can be expressed as
(QD Q ) ( Z d ql] - a

for + =1, ... ,m. Note that these m equations can be written as the one matrix
equation

(QoQ)d =
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where d = (d,, ... ,d,,) . Using the results from Chapter 6, we solve this matrix
equation to get

d=1, + Ab, (8.4)

where b is an arbitrary r x 1 vector, r is the dimension of the null space of Q ® Q,
and A is any m X r matrix whose columns form a basis for the null space of Q@ ®
(. Any d obtained from (8.4) will produce a correlation matrix when used in P =
QDQ' as long as each d; > 0, and any correlation matrix that has the columns of Q
as orthonormal eigenvectors will have its vector of eigenvalues as a solution to (8.4).
Note that 1,, is a solution to (8.4) regardless of the choice of (). This is not surprising
becaused = 1,, leadsto P = I, and I, has the spectral decomposition I, = QQ’,
where () can be any m x m orthogonal matrix. Also, d = 1,, is the unique solution
to (Q ®Q)d =1,, only if Q ® @ is nonsingular. In other words, if the correlation
matrix P = QDQ’ # I,,,, then Q ® @ must be singular.

The following result can be helpful in determining whether the Hadamard product
of two symmetric matrices is nonnegative definite or positive definite.

Theorem 8.16 Let A and B each be an m x m symmetric matrix. Then

(a) A ® B is nonnegative definite if A and B are nonnegative definite,
(b) A ® B is positive definite if A and B are positive definite.

Proof. Clearly, if A and B are symmetric, then so is A ® B. Let B = XAX' be
the spectral decomposition of B so that b;; = > A,z ;4, where A, > 0 for all k
because B is nonnegative definite. Then we find that for any m x 1 vector y,

(AQB ZZ 17 1jylyj 72 ZZAk(yzzzk)az](yngk)

i=1 k=1 \ i=1 j=1

My ©xy) Ay © xy.), (8.5)

I
Ms

ko
Il

1

where x;, represents the kth column of X . Since A is nonnegative definite, the sum in
(8.5) must be nonnegative, and so A ® B is also nonnegative definite. This proves (a).
Now if A is positive definite, then (8.5) will be positive for any y # 0 that satisfies
y © x;, # 0 for at least one k for which \;, > 0. However, if B is also positive defi-
nite, then A;, > 0 for all £, and if y has its ~th component y,, # 0, theny © x;, = 0
for all k only if the hth row of X has all zeros, which is not possible because X is
nonsingular. Consequently, there is no y # 0 for which (8.5) equals zero, and so (b)
follows. t

Theorem 8.16(b) gives a sufficient condition for the matrix A ® B to be positive
definite. Example 8.11 demonstrates that this condition is not necessary.
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Example 8.11 Consider the 2 x 2 matrices
11 4 2
=] m=fd)
The matrix B is positive definite because, for instance, B = V'V’, where
20
v=1]

and rank(V') = 2. Clearly, A ® B is also positive definite because A ® B = B.
However, A is not positive definite because rank(A4) = 1.

A sufficient condition for the positive definiteness of A ® B, weaker than that
given in Theorem 8.16(b), is given in Theorem 8.17.

Theorem 8.17 Let A and B each be an m x m symmetric matrix. If B is positive
definite and A is nonnegative definite with positive diagonal elements, then A ©® B
is positive definite.

Proof.  'We need to show that for any « # 0, '(A ® B)x > 0. Since B is posi-
tive definite, a nonsingular matrix T exists, such that B = T'T". It follows then from
Theorem 8.15(b) that

z'(A® B)x = tr(D,AD_B') = tr(D,AD,TT")
=tr(I"D,AD,T). (8.6)
Since A is nonnegative definite, so is D AD,,. In addition, if  # 0 and A has no
diagonal elements equal to zero, then D_AD,, # (0); that is, D, AD,_, has rank of
at least one, and so it has at least one positive eigenvalue. Since 7' is nonsingular,
rank(D,AD_) = rank(1T"D,AD,T),andsoT'D,AD,T is also nonnegative defi-

nite with at least one positive eigenvalue. The result now follows because (8.6) implies
that «'(A © B)x is the sum of the eigenvalues of 7'D_AD,_T. O

The following result, which gives a relationship between the determinant of a pos-
itive definite matrix and its diagonal elements, is commonly known as the Hadamard
inequality.

Theorem 8.18 If A is an m X m positive definite matrix, then

m
Al < Han‘a
i=1

with equality if and only if A is a diagonal matrix.
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Proof.  Our proof is by induction. If m = 2, then
2
|A] = ayay, — ajy < apjagy,

with equality if and only if a;, = 0, and so the result clearly holds when m = 2. For
general m, use the cofactor expansion formula for the determinant of A to obtain

Qoo Qg 7 Ao, 0 aip A1
R I R Aoy G vrr gy
[Al=an| : ST :

Ao Qg e Arm Ay ) e Aim

0 a
=a,|A |+ (8.7)
1144 )

a A

where A is the (m — 1) x (m — 1) submatrix of A formed by deleting the first row
and column of A and @' = (ayy, ... ,ay,,). Since A is positive definite, A; also must
be positive definite. Consequently, we can use Theorem 7.4(a) to simplify the second
term in the right-hand side of (8.7), leading to the equation

|Al = ay A ] — a’Af1a|A1|.
Since A, and Afl are positive definite, it follows that
[A] < aqq|A4],

with equality if and only if @ = 0. Thus, the result holds for the m x m matrix A if
the result holds for the (m — 1) x (m — 1) matrix A;, and so our induction proof is
complete. O

Corollary 8.18.1 Let B be an m x m nonsingular matrix. Then

2 2
|BI* < ljl Z:; v |
with equality if and only if the rows of B are orthogonal.
Proof.  Since B is nonsingular, the matrix A = BB’ is positive definite. Note that
Al = |BB'| = |B|B = |B]
and

a; = (BB');; = (B).(B),; = (B).(B);. = Zb?jv
j=1

and so the result follows immediately from Theorem 8.18. O
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Theorem 8.18 also holds for positive semidefinite matrices except that, in this case,
A need not be diagonal for equality because one or more of its diagonal elements
may equal zero. Likewise, Corollary 8.18.1 holds for singular matrices except for the
statement concerning equality.

Hadamard’s inequality, as given in Theorem 8.18, can be expressed, with the
Hadamard product, as

Al (H 1) <JAGL,), (8.8)
1=1

where the term (J] 1) corresponds to the product of the diagonal elements of .
Theorem 8.20 will show that the inequality (8.8) holds for other matrices besides the
identity. However, first we will need Theorem 8.19.

Theorem 8.19 Let A be an m X m positive definite matrix, and define
A, =A—aee,

where o = |A|/|A,| and A, is the (m — 1) x (m — 1) submatrix of A formed by
deleting its first row and column. Then A, is nonnegative definite.

Proof. Let A be partitioned as

!
a a

a A

A:

)

and note that because A is positive definite, so is A,. Thus, using Theorem 7.4, we
find that
a,; a

=8
1

= |4,[(a;, — a’'Aj"a),

and so o = |A|/|A,| = (a,; — a’A;'a). Consequently, A, may be written as

4 - [0, a ay —aAta O
“ la A 0 (0)
- (a/A'a o
B a A
[ /Ail
= (j- ' AATta 1, ]
m—1

Since A, is positive definite, an (m — 1) x (m — 1) matrix T exists, such that A; =
TT' . If welet U' =T'[A;'a I, 4], then A, = UU’, and so A, is nonnegative
definite. O
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Theorem 8.20 Let A and B be m x m nonnegative definite matrices. Then
AT b <1A© Bl
i=1

Proof.  The result follows immediately if A is singular because |A| = 0, whereas
|A® B| > 0 is guaranteed by Theorem 8.16. For the case in which A is positive
definite, we will prove the result by induction. The result holds when m = 2, because
in this case

a1b aq5b

_|G110n1 12012 9
|A® B| = b b | = 119911 byy — (a12b15)
Q12012 Q92099

= (a1 a9 — Q%Q)bnbm + a%z(bnbﬂ - b%?)

= |Alby,byy + afy| B| > |Alby by

To prove the result for general m, assume that it holds for m — 1, so that

1A T]bs <14, © Byl (8.9)

=2

where A, and B, are the submatrices of A and B formed by deleting their first row
and first column. From Theorem 8.19, we know that (A — «e;e}) is nonnegative
definite, where aw = |A|/|4,|. Thus, by using Theorem 8.16(a), Theorem 8.13(c),
and the expansion formula for determinants, we find that

0<|(A—aee))®B|=|A®B—ae €, ® B]
=|A® B — ab,, e €]
=|A® B[ —aby,|[(A® B),],
where (A ® B), denotes the (m — 1) x (m — 1) submatrix of A ® B formed by

deleting its first row and column. However, (A ® B); = A; ® B, so that the inequal-
ity above, along with (8.9) and the identity «| A, | = |A|, implies that

|A® B| > aby; |4, © By > aby <|A1| Hbu> = |4] an

i=2
The proof is now complete. O
Our final results on Hadamard products involve their eigenvalues. First we

obtain bounds for each eigenvalue of the matrix A ® B when A and B are
symmetric.
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Theorem 8.21 Let A and B be m x m symmetric matrices. If A and B are non-
negative definite, then the ith largest eigenvalue of A ® B satisfies

/\m(A){ min b; } <M(A® B) < M\ (A) { max b;, }

1<i<m 1<i<m

Proof.  Since B is nonnegative definite, an m X m matrix 7" exists, such that B =
TT'. Let t; be the jth column of T, whereas t,; denotes the (4, j)th element of 7.
For any m x 1 vector,  # 0, we find that

< /\1(14){ max b; }:c x, (8.10)

given in Theorem 3.16, and the last inequality follows because \; (A4) is nonnegative.
Using this same result in Theorem 3.16 applied to A ® B, along with (8.10), we find
that for any 7, 1 < i <m,

MAGB) < A (A6 B) = max TAOBIZ ) { max by, }

x40 'z 1<i<m

which is the required upper bound on \;(A © B). By using the identity

!
y' A
A, (4) = min 2 y
y£0 Y’ y
the lower bound can be established in a similar fashion. O

The bounds given in Theorem 8.21 can be improved; narrower bounds were
obtained by Im (1997). Our final result provides an alternative lower bound for the
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smallest eigenvalue of (A ® B). The derivation of this bound will make use of the
following result.

Theorem 8.22 Let A be an m x m positive definite matrix. Then the matrix
(A® A~Y) — I, is nonnegative definite.

Proof. Let
m
Z T
i=1

be the spectral decomposition of A so that

m
-1 _ —1 /
AT = g Dt 3%
i=1

Then
(AQA_l) _Im = (AQA—l) _ImQIm
= Z Nz, T, O Z A;le:c;-
i=1 j=1

= Z Z()\l-)\;l —1)(z;z; © ;)

=) WA =D () © mya))
i#j
-1 -1
= AN = 2)(z o)) (z 0 x;)
1<j
= XDX',

where X is the m x m(m — 1)/2 matrix having (z; © x;), i < j, as its columns,

whereas D is the diagonal matrix with its corresponding diagonal elements given by

()\1-/\3Tl + )\j/\i_1 —2),1 < j. Since A is positive definite, A; > 0 for all 7, and so
AT AT =2) = A7 = AP >0,

Thus, D is nonnegative definite, and consequently so is X DX". O

Theorem 8.23 Let A and B be m x m nonnegative definite matrices. Then

An(A® B) > A, (AB).
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Proof. As a result of Theorem 8.16, A ® B is nonnegative definite, and so the
inequality is obvious if either A or B is singular because, in this case, AB will have a
zero eigenvalue. Suppose that A and B are positive definite, and let 7" be any matrix
such that TT" = B. Note that T"AT — \,,(AB)I,, is nonnegative definite because
its ith largest eigenvalue is \;(T"AT) — \,,,(AB), and \,,(AB) = \,,,(T"AT). As
a result,

T YT'AT — \,,,(AB)I, )T ' = A— )\, (AB)B™*

is also nonnegative definite. Thus, (4 — \,,(AB)B~!) ® B is nonnegative definite
because of Theorem 8.16, whereas \,,,(AB){(B~' ® B) — I,,} is nonnegative def-
inite because of Theorem 8.22, and so the sum of these two matrices, which is given
by

{(A=X,,(AB) B"YY® B} + \,,(ABY{(B'®B)-1,}
=A©®B-\,(AB)(B"' ©B)+A,,(AB)(B™' ® B) — \,,(AB)I,,
- A @ B Am(A )I

m>

is also nonnegative definite. Consequently, for any «,
' (A® B)x > \,,(AB)x'x

and so the result follows from Theorem 3.16. O

8.6 THE COMMUTATION MATRIX

An m x m permutation matrix was defined in Section 1.10 to be any matrix that can
be obtained from I,,, by permuting its columns. In this section, we discuss a special
class of permutation matrices, known as commutation matrices, which are very useful
when computing the moments of the multivariate normal and related distributions. We
will establish some of the basic properties of commutation matrices. A more complete
treatment of this subject can be found in Magnus and Neudecker (1979) and Magnus
(1988).

Definition 8.1 Let H,; be the m X n matrix that has its only nonzero element, a
one, in the (7, j)th position. Then the mn x mn commutation matrix, denoted by
K, . ,1is given by

mn?

:iiH ® H])) 8.11)

i=1 j=1

The matrix H;; can be conveniently expressed in terms of columns from the iden-
tity matrices I, and I,,.1f e, ,, is the ith column of I, and e , is the jth column of
I, then H,; = e, e’

i,m-j,n:

’L m
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Note that, in general, there is more than one commutation matrix of order mn. For
example, for mn = 6, we have the four commutation matrices, K, Ky3, K3,, and
K. Using (8.11), it is easy to verify that K|; = Ky = I;, whereas

1000 0 0
0010 00
0000 1 0

Ks=10 1 0 0 0 of
00 0 1 0 0
0 0 0 0 0 1]
1 0 0 0 0 0]
00010 0
01 00 0 0

Ko=10 0 0 0 1 0
0010 00
0 0 0 0 0 1]

The fact that K5, = K is not a coincidence, because this is a general property that
follows from the definition of K,

Theorem 8.24 The commutation matrix satisfies the properties

(a) Kml - Klm = Im’
Proof.  When H;; ism x 1, then H;; = e, ,,,, and so

m m

Kml = Z(ei,m ® e/i,m) = Im = Z(e/i,m ® ei,m) = Klm,,
=1 i=1

which proves (a). To prove (b), note that

m n

K}, ZZH ®H,) =Y Y (H;®H;)=K,,,.

i=1 j=1 1=1 j=1

Finally, (c) follows because

e . ée if j=1
I ! / iwm=k,m>’ ’
Hinkl - ei,mej,nel,nek,m {(

0), it j#L,

, e -

e. e if 1=k
H.H,=e. € e e =< in-btn "~ ’
ikl Jm=i,mSkm=ln (0), if 7/7516,
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and so

.

O

Commutation matrices have important relationships with the vec operator and the
Kronecker product. For an m x n matrix A, vec(A) and vec(A’) are related because
they contain the same elements arranged in a different order; that is, an appropriate
reordering of the elements of vec(A) will produce vec(A’). The commutation matrix
K,,,, is the matrix multiplier that transforms vec(A) to vec(A4’).

Theorem 8.25 For any m X n matrix A,

K, vec(A) = vec(4).

Proof.  Clearly, because a,; H. ij is the n x m matrix whose only nonzero element,
a;;» is in the (3, 7)th position, we have

m n

ZZ% ZZ (e5.mAe;,)e; € m

=1 j=1 =1 j=1
n
!
E Jn zm jnei,m)

m n
= E E ej,n(ez mAe n
1 j5=1

i=1 j=1 i

- Z Z Hi;AH;.

i=1 j=1

u
Ms

Taking the vec of both sides and using Theorem 8.11, we get

vec(A") = vec ZZH{]AH' :iivec(H;jAng)

i=1 j=1 i=1 j=1
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m
= Z (Hz] ® Hz{j)veC(A) = KmnveC(A)a
O
and so the result follows.

The term commutation arises from the fact that commutation matrices provide the
factors that allow a Kronecker product to commute. This property is summarized in
Theorem 8.26.

Theorem 8.26 Let A be an m X n matrix, B be a p X ¢ matrix, « be an m x 1
vector, and y be a p x 1 vector. Then

(@ K,,(A®B)=(B® A)K,,,

) K,,,(A@B)K,, = B® A,

(©) K, ,(A®y) =y A,

D K,,(y® A)=Ay,

) K,,(z0y) =y,

O tr{(B® A)K,,,,} =tr(BA),if p=nand ¢ = m.

Proof. If X is a ¢ X n matrix, then by using Theorem 8.11 and Theorem 8.25, we
find that
K, (A® B)vec(X) = K,,,,vec(BX A") = vec{(BX A")'}
= vec(AX'B') = (B ® A)vec(X')
= (B® A)K ,vec(X).

Thus, if X is chosen so that vec(X) equals the ith column of [ ,,, we observe that

the ith column of K, (A ® B) must be the same as the ith column of (B ® A)K

qn>

so (a) follows. Postmultiplying (a) by K, and then applying Theorem 8.24(c) yields
(b). Properties (c)—(e) follow from (a) and Theorem 8.24(a) because
Knp(y®A)=(Ay)K, =Ady,
Kpm(x ® y) = (y Y m)Kll =Y .

Finally, using the definition of the commutation matrix, we get

tr{(B® A)K,,,} = i Zn:tr{(B ® A)(Hij ® H{])}
= Z Z{tr(BHij)}{tr(AHz{j)}

i=1 j=1
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= Z . (e;',nBeLm)(e;,mAej,n) = Z ijiaij

I
E
=

I
[
]
=

I
24

&
=

which proves (f). O

The commutation matrix also can be used to obtain a relationship between the vec
of a Kronecker product and the Kronecker product of the corresponding vecs.

Theorem 8.27 Let A be an m x n matrix and B be a p X ¢ matrix. Then

vec(A® B) = (I, ® K, ® I,){vec(A) @ vec(B)}.

Proof.  Our proof follows that given by Magnus (1988). Let a4, ... ,a, be the
columns of A and by, ... ,b, be the columns of B. Then, because A and B can
be written as
q
A= Zaz e B=D by

j=1

we have
n q
vec(A® B) = ZZVGC( ae;, be; )

~
Il
—
<.
Il
—

[
M=

~
Il
-
<.
Il
—

Vec{(a’i ® bj)(e/i,n ® e/j,q)}

{(ei,n ® ej,q) ® (a; ® bj)}

[
M=

<
Il
—
.
Il
—

I
M=

~
Il
—
BN
Il
—

{ei,n ® qu(a'i ® ej,q) ® b]}

(I, © Kgp @ 1) (€;,, ®a; @ €;, @ b))

[
M=

~
Il
—
<.
Il
—

n

q
:(In®qu®Ip) Z zn®a’ ®Z
Jj=1

i=1
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n q
— (L, @ Ky @ 1) S veclae),) @ 3 vee(be) )
i=1 Jj=1

= (I, ® Ky, © I){vec(A) @ vee(B)},
and so the proof is complete. (]

Our next theorem establishes some results for the special commutation matrix
K, . Corresponding results for the general commutation matrix K ,,, can be found
in Magnus and Neudecker (1979) or Magnus (1988).

Theorem 8.28 The commutation matrix K, has the eigenvalue +1 repeated
1

+m(m + 1) times and the eigenvalue —1 repeated 3m(m — 1) times. In addition,

tr(K,

mm)

=m and |K,,|=(-1)"m"1D/2

Proof. Since K, is real and symmetric, we know from Theorem 3.9 that its

eigenvalues are also real. Further, because K, is orthogonal, the square of
each eigenvalue must be 1, so it has eigenvalues +1 and —1 only. Let p be the
number of eigenvalues equal to —1, which implies that m? — p is the number of
eigenvalues equal to +1. Since the trace equals the sum of the eigenvalues, we
must have tr(K,,,,) = p(—1) + (m? — p)(1) = m* — 2p. However, by using basic
properties of the trace, we also find that

Evidently, m* — 2p = m, so that p = 1m(m — 1) as claimed. Finally, the formula
given for the determinant follows directly from the fact that the determinant equals
the product of the eigenvalues. (]

Commutation matrices can be used to permute the order in Kronecker products
of three or more matrices. For instance, suppose that A is m x n, B is p x ¢, and
Cisrx s Thenif K, . denotes the commutation matrix K, where h = mp, it
immediately follows from Theorem 8.26(b) that

K”‘amP(A ® B ® C)an,s = (C ® A ® B)
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Theorem 8.29 shows us how higher dimensional commutation matrices, such

as K, ,,,, are related to lower dimensional commutation matrices, such as K,

and K, .
Theorem 8.29 For any positive integers m, n, and p,

Proof. Let a, b, and ¢ be arbitrary m x 1, n x 1, and p x 1 vectors, respectively.
Then using Theorem 8.26(e), we find that

Kpm(@®b®e)=boca=b®K,,(a®c)
= (I, ®K,,)(boaw®c)
= (I, ® K, {EK,yn(a @ b) @ ¢}
=, ®K,,)(K,,®I)a®b®c).

This implies that K, ,, = (I,, ® K,,,,,)(K,,, ® I,) because a, b, and c are arbi-

trary. The second part is proven in a similar fashion because clearly K, ,,, = K, ,,,
and

Kyml@a@ecab)=coba=coK,,(a2b)
= (I, ® K,)(c®a®b)

= (1, ® K, {Kpm(a ® ) ® b}

= (L, ® Ky ) (K ® 1) (@@ e @ D).

O
We will see later that the commutation matrix K, appears in some important
matrix moment formulas through the term N, = 3(1,,.» + K,,,,,). Consequently, we

will establish some basic properties of N,,.

)
)

Theorem 8.30 Let N,, = 3(/,» + K,,,,,), and let A and B be m x m matrices.
Then

@ N, =N =N2,

(¢) N,,vec(A) = tvec(A+ A'),
(d) N,,(A® B)N,, = N,,(B® A)N,,.

Proof. 'The symmetry of IV, follows from the symmetry of I, ,» and K whereas

mm?
1

Nz =1

1

1
Im2 + Kmm)2 - 7(

4 Im2 + 2Kmm + K2 )

mm

m m?
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because K2,,, = I,,» follows from the fact that K}, = K, . Similarly, (b) follows

from the fact that K2,,,, = I,,,.. Part (c) is an immediate consequence of

I,2vec(A) =vec(A), K, vec(A) = vec(4").

m

Finally, note that by using part (b) and Theorem 8.26(b),

N,,(A® B)N,, = N,, K,,,.(B® A)K,,.N,, = N,.(B& A)N,,,

m mm mm m m

which proves (d). [l
The proof of our final result will be left to the reader as an exercise.
Theorem 8.31 Let A and B be m x m matrices, such that A = BB’. Then

(@ N,,(B® B)N,, =(B® B)N,, =N,,(B® B),
(b) (B® B)N,,(B'® B') =N, (A® A).

8.7 SOME OTHER MATRICES ASSOCIATED WITH
THE VEC OPERATOR

In this section, we introduce several other matrices that, like the commutation matrix,
have important relationships with the vec operator. However, each of the matrices
we discuss here is useful in working with vec(A) when the matrix A is square and
has some particular structure. A more thorough discussion of this and other related
material can be found in Magnus (1988).

When the m x m matrix A is symmetric, then vec(A) contains redundant ele-
ments because a,; = a;;, fori # j. For this reason, we previously defined v(A) to be
the m(m + 1)/2 x 1 vector formed by stacking the columns of the lower triangular
portion of A. The matrix that transforms v(A4) into vec(A) is called the duplication
matrix; that is, if we denote this duplication matrix by D, , then for any m x m
symmetric matrix A,

m?

D, v(A) = vec(A). (8.12)

For instance, the duplication matrix Dy is given by

1 00 0 0 0
01 0 0 0 0
00 1 0 0 0
01 0 0 0 0
Dy=10 0 0 1 0 0
00 0 0 1 0
00 1 0 0 0
00 0 0 1 0
0 0 0 0 0 1
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For an explicit expression of the m? x m(m + 1) /2 duplication matrix D,,,, refer to
Magnus (1988) or Problem 8.63.

Some properties of the duplication matrix and its Moore—Penrose inverse are sum-
marized in Theorem 8.32.

Theorem 8.32 Let D,, be the m? x m(m + 1)/2 duplication matrix and D, be
its Moore—Penrose inverse. Then

(a) rank(D,,,) = m(m +1)/2,

(b) Dy, = (D, D,,)" D},

© DDy =Ly oo

(d) D) vec(A) = v(A) for every m x m symmetric matrix A.

Proof.  Clearly, forevery m(m + 1)/2 x 1 vector &, an m X m symmetric matrix A
exists, such that = v(A). However, if for some symmetric 4, D,,v(A) = 0, then
from the definition of D,,, vec(A) = 0, which then implies that v(A) = 0. Thus,
D,,x =0onlyif x =0, and so D,,, has full column rank. Parts (b) and (c) follow
immediately from (a) and Theorem 5.3, whereas (d) is obtained by premultiplying
(8.12) by D" and then applying (c). O

The duplication matrix and its Moore—Penrose inverse have some important rela-
tionships with K, and N,,.

Theorem 8.33 Let D,, be the m? x m(m + 1)/2 duplication matrix and D,’, be
its Moore—Penrose inverse. Then

@ K,,,.D,, =N, D, =D,,

(¢) D,,D};, = N,,.

Proof. For any m x m symmetric matrix A, it follows that

K,,..D,v(A) = K, vec(A) = vec(A4")
=vec(A) = D,,v(A). (8.13)

Similarly, we have

N,

m

D, v(A) = N, ,vec(A) = %vec(A + A)

=vec(A) = D, v(A). (8.14)

m

Since {v(A): Am xm and A" = A} is all of m(m + 1)/2-dimensional space,
(8.13) and (8.14) establish (a). To prove (b), take the transpose of (a), premultiply
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all three sides by (D!, D,,))~!, and then apply Theorem 8.32(b). We will prove (c) by
showing that for any m x m matrix A,

D,, D vec(A) = N,,vec(A).

If we define A, = 1(A + A'), then A, is symmetric and

N, vec(A) = %(IW + K,,.,) vec(4) = %{vec(A) + vec(A")}
= vec(4,).
Using this result and (b), we find that

D,,D; vec(A) = D,,D; N, vec(A) = D,,D; vec(A,)

m

=D, v(A,) =vec(A,) = N, vec(A),
and so the proof is complete. U

We know from Theorem 8.32 that D;} vec(A) = v(A) if Aisanm x m symmet-

m
ric matrix. Suppose now that A is not symmetric. What will D;} vec(A) produce? Let

A, = %(A + A’), and note that because A, is symmetric, we must have
+ 1 /
D, vec(A,) =v(A,) = §V(A + A').
However,
D} vec(A) — D} vec(A,) = D} vec(A — A,) = D} vec {%(A — A’)}

%D;{vec(A) —vec(A")}

1
= §D;L<Im2 - K,,,,) vec(A)

= %(D+ — D )vec(A) =0,

m

where we have used Theorem 8.33(b) in the second to the last step. Thus, D;, vec(A)

is the same as D vec(A,). This result and the analogous expression for D,,v(A),

the derivation of which we leave as an exercise, are summarized in Theorem 8.34.
Theorem 8.34 Let A be an m x m matrix. Then

(a) D} vec(A) = iv(A+ A'),
() D,,v(A) =vec(A;, + A7 —D,),
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where A, is the lower triangular matrix obtained from A by replacing a;; by 0 if
1 < j,and D 4 is the diagonal matrix having the same diagonal elements as A.

We will need Theorem 8.35 in Chapter 9.

Theorem 8.35 If A is an m x m nonsingular matrix, then D/, (A ® A)D,, is non-
singular and its inverse is given by D, (A~ @ A1) D,/

Proof.  To prove the result, we simply show that the product of the two matrices
given in Theorem 8.35 yields 7, ,,, ;) /- Using Theorem 8.31(a), Theorem 8.32(c),
and Theorem 8.33(a) and (c), we have
D! (A® A)D,, D} (At @ A=Y D}

=D, (A® AN, (A" @ A" D!

=D N, (A® A)(A'® A "D, =D/ N, D}

= (ND,,)' Dyl = DDyl = (D5, Dy) = Lo o
and so the result follows. U

We next consider the situation in which the m x m matrix A is lower triangular.

In this case, the elements of vec(A) are identical to those of v(A), except that vec(A)
has some additional zeros. We will denote by L’ the m? x m(m + 1)/2 matrix that
transforms v(A) into vec(A); that is, L’ satisfies

L v(A) = vec(A). (8.15)

Thus, for instance, for m = 3,

S

I
cCoococococo o
coocoocococooroO
coococoocor oo
cocoocor~roooO
coor~roocoooO
PO o000 O OO

Note that L/, can be obtained from D,,, by replacing m(m — 1)/2 of the rows of D,,
by rows of zeros. The properties of the matrix L,, in Theorem 8.36 can be proven
directly from its definition given in (8.15).

Theorem 8.36 The m(m + 1)/2 x m? matrix L,, satisfies
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(a) rank(L,,) = m(m+1)/2,

() L, Ly, = L1y 20

© L =1L,

(d) L,,vec(A) =v(A), for every m x m matrix A.

Proof. Note that if A is lower triangular, then vec(A)' vec(A) = v(A)'v(A), and so
(8.15) implies

V(A) Ly, Ly v(A) = v(A)V(A) = V(A) (L Ly = L) 2) V(A) = 0

for all lower triangular matrices A. But this can be true only if (b) holds because
{v(A): Am xm and lower triangular} = R™™*+1D/2 Part (a) follows immedi-
ately from (b), as does (c) because L, = L' (L,, L' )~*. To prove (d), note that
every matrix A can be written A = A; + A, where A is lower triangular and A;
is upper triangular with each diagonal element equal to zero. Clearly,

0 = vec(A,) vec(Ay) = v(AL) L, vec(Ay),

and because, for fixed A;;, this must hold for all choices of the lower triangular matrix
Ay, it follows that

L, vec(Ay) =0.
Thus, using this, along with (8.15), (b), and v(A4;) = v(A), we have

L, vec(A) =L, vec(A;, + Ay) = L, vec(A;)
=L, L,v(Ar) = v(AL) = v(A),

and so the proof is complete. (]

We see from (d) in Theorem 8.36 that L, is the matrix that eliminates the zeros
in vec(A) coming from the upper triangular portion of A so as to yield v(A). For this
reason, L, is sometimes referred to as the elimination matrix. Theorem 8.37 gives
some relationships between L,, and the matrices D,, and N,_,. We will leave the
proofs of these results as an exercise for the reader.

Theorem 8.37 The elimination matrix L,, satisfies

(a) anDnL - I7n(m+l)/2’
) D, L, N, =N,.

m—m> m

() D, =L, N,,.
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The last matrix related to vec(A) that we will discuss is another sort of elimination
matrix. Suppose now that the m x m matrix A is a strictly lower triangular matrix;
that s, it is lower triangular and all of its diagonal elements are zero. In this case, v(A)
contains all of the relevant elements of A. We denote by L/, the m? x m(m — 1)/2
matrix that transforms v(A) into vec(A); that is,

L (A) = vec(A).

Thus, for m = 3, we have

~ 010000O0O0O
L;=10 01 000000
000O0O0OT1TO0O0O

Since L,, is similar to L, , some of its basic properties parallel those of L, . For
instance, Theorem 8.38 is analogous to Theorem 8.36. The proof of this theorem,
which we omit, is similar to that of Theorem 8.36.

Theorem 8.38 The m(m — 1)/2 x m? matrix L,, satisfies

(b) {’lem~: Im(mfl)/Q’
© L, =L,

Theorem 8.39 gives some relationships between im, L. D,, K,,,and N_.
The proof is left to the reader as an exercise.

Theorem 8.39 The m(m — 1)/2 x m? matrix L,, satisfies

1

) L, K, L =(0),

mTTmmTTm

L, D =L L

m-—m?

(@ L' L L =1L,

mTmTm

() D, L L =2N_ I

mTmTTm m-—m?

() L L Ly Ly = Lo 1))

mTmTTmoTm

8.8 NONNEGATIVE MATRICES

The topic of this section, nonnegative and positive matrices, should not be
confused with nonnegative definite and positive definite matrices, which we have
discussed earlier on several occasions. An m X n matrix A is a nonnegative matrix,
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indicated by A > (0), if each element of A is nonnegative. Similarly, A is a positive
matrix, indicated by A > (0), if each element of A is positive. We will write A > B
and A > B to mean that A — B > (0) and A — B > (0), respectively. Any matrix
A can be transformed to a nonnegative matrix by replacing each of its elements
by its absolute value, which will be denoted by abs(A); that is, if A is an m x n
matrix, then abs(A) is also an m x n matrix with (i, j)th element given by [a,;|.
We will investigate some of the properties of nonnegative square matrices as well as
indicate some of their applications in stochastic processes. For a more exhaustive
coverage of this topic, the reader is referred to the texts on nonnegative matrices
by Berman and Plemmons (1994), Minc (1988), and Seneta (2006), as well as the
books by Gantmacher (1959) and Horn and Johnson (2013). Most of the proofs that
we present here follow along the lines of the derivations, based on matrix norms,
given in Horn and Johnson (2013).

We begin with some results regarding the spectral radius of nonnegative and
positive matrices.

Theorem 8.40 Let A be an m x m matrix and & be an m x 1 vector. If A > (0)
and x > 0, then

m
min a; ) < max E a;: 8.16
1<Z<m ig = ~ 1<i<m &= ( )
Jj=1
IZ Z
min x; a; ) < max x; a, 8.17
1<i<m i 1<i<m it ( )

with similar inequalities holding when minimizing and maximizing over columns
instead of rows.

Proof. Let

o = min a;
1<i<m
J=1

@70

and define the m x m matrix B to have (7, h)th element

-1

m
by, = aay, E Qij
Jj=1

if «>0 and b;, =0 if & =0. Note that |B|, =« and b,, < a;,, so that
A > B. Clearly, it follows that for any positive integer k, A¥ > B*, which implies
that | A*||, > || B*| ., or, equivalently,

loo lc

(AR = {IB 3.

loc loc
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Taking the limit as k — oo, it follows from Theorem 4.28 that p(A) > p(B). How-
ever, this proves the lower bound in (8.16) because p(B) = « follows from the fact
that p(B) > « because

Bl =al

m m

and p(B) < | B|,, = « due to Theorem 4.23. The upper bound is proven in a similar
fashion using

The bounds in (8.17) follow directly from those in (8.16) because if we define the

matrix C' = D' AD,, then C' > (0), p(C) = p(A), and ¢;; = aij:c;lxj. O

Theorem 8.41 Let A be an m x m positive matrix. Then p(A) is positive and is
an eigenvalue of A. In addition, a positive eigenvector of A corresponding to the
eigenvalue p(A) exists.

Proof.  p(A) > 0 follows immediately from Theorem 8.40 because A is positive.
By the definition of p(A), there exists an eigenvalue of A, A, such that |\| = p(A).
Let x be an eigenvector of A corresponding to A so that Az = Ax. Note that

p(A) abs(x) = |\| abs(x) = abs(A\x) = abs(Ax)
< abs(A) abs(z) = A abs(x),

where the inequality clearly follows from the fact that

m

m
> aiay| < D lag ]
j=1

Jj=1

for each 4. Thus, the vector y = A abs(x) — p(A)abs(x) is nonnegative. The vec-
tor z = A abs(x) is positive because A is positive and the eigenvector  must be a
nonnull vector. Now if we assume that y # 0, then, again, because A is positive, we
have

0< Ay = Az — p(A)z,

or simply Az > p(A)z. Premultiplying this inequality by D!, we get
D;'Az > p(A)1,,

or, in other words,

m
it Zaijzj > p(A)
j=1
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holds for each i. However, using Theorem 8.40 this implies that p(A) > p(A). Thus,
we must have y = 0. This yields A abs(x) = p(A4) abs(x), so that abs(x) is an
eigenvector corresponding to p( A), and from this we get abs(z) = p(A) 1A abs(z),
which shows that abs(a) is positive because p(A) > 0 and A abs(a) > 0. This com-
pletes the proof. U

An immediate consequence of the proof of Theorem 8.41 is Corollary 8.41.1.
Corollary 8.41.1 Let A be an m X m positive matrix, and suppose that A is an
eigenvalue of A satisfying |A\| = p(A). If « is any eigenvector corresponding to A,

then
A abs(x) = p(A) abs(x).

Before determining the dimensionality of the eigenspace associated with the
eigenvalue p(A), we need Theorem 8.42.
Theorem 8.42 Let x be an eigenvector corresponding to the eigenvalue A of
the m x m positive matrix A. If |A| = p(A4), then some angle 0 exists, such that
—i6
e x> 0.
Proof. Note that
abs(Ax) = abs(Ax) = p(A4) abs(x), (8.18)
whereas it follows from Corollary 8.41.1 that
A abs(x) = p(A) abs(x). (8.19)

Now by using (8.18) and (8.19), we find that

m
E AT
k=1

p(Dla;] = [Ala;] = [Ae;| =

m
< Z |aij35k|
k=1

M-

ajlzg] = p(A)lz;|

e
Il

1

holds for each j. Evidently

m
Z kT
k=1

m
= Zajk‘ka
k=1

and this implies that the possibly complex numbers a .z, = reet =1 (cos b +
isinf,), for k =1, ... ,m, have identical angles; that is, some angle 6 exists, such
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that each a;;x;, for k=1, ... ,m can be written in the form a;,x; = rpet? =
7}, (cos 0 + isin ). In this case, e "’ a;,x), = r), > 0, which implies that ez, > 0
because a;;, > 0. O

Theorem 8.43 not only indicates that the eigenspace corresponding to p(A) has
dimension one, but also that p(A) is the only eigenvalue of A having modulus equal
to p(A).

Theorem 8.43 If A is an m x m positive matrix, then the dimension of the
eigenspace corresponding to the eigenvalue p(A) is one. Further, if A is an
eigenvalue of A and \ # p(A), then || < p(A).

Proof.  The first statement will be proven by showing that if « and v are nonnull
vectors satisfying Au = p(A)u and Av = p(A)v, then some scalar ¢ exists, such
that v = cu. Now from Theorem 8.42, we know angles 6, and 6, exist, such that
s=e Wy >0andt = e v > 0. Define w = t — ds, where

d= min s:'t,,
1<jsm 7Y

so that w is nonnegative with at least one component equal to 0. If w # 0, then clearly
Aw > 0 because A is positive, which leads to a contradiction because

Aw = At — dAs = p(A)t — p(A)ds = p(A)w

then implies that w > 0. Thus, we must have w = 0, so t = ds and v = cu, where
¢ = deif2=9) To prove the second statement of the theorem, first note that from the
definition of the spectral radius, |A| < p(A) for any eigenvalue A of A. Now if x is an
eigenvector corresponding to A and |A\| = p(A), then it follows from Theorem 8.42
that an angle 6 exists, such that u = e~*2 > 0. Clearly, Au = \u. Premultiplying
this identity by D!, we get

D, Au = )1,
so that .
u;l Z a;ju; = A
j=1
holds for each i. Now applying Theorem 8.40, we get A = p(A). O

We will see that the first statement in Theorem 8.43 actually can be replaced
by the stronger condition that p(A) must be a simple eigenvalue of A. However,
first we have the following results, the last of which is a useful limiting result
for A.
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Theorem 8.44 Suppose that A is an m X m positive matrix, and  and y are posi-
tive vectors satisfying Ax = p(A)x, A'y = p(A)y, and 2’y = 1. Then the following
hold:

(@) (A—p(A)zy)k = A% — p(A)rxy’, fork =1,2, ...

(b) Each nonzero eigenvalue of A — p(A)xy’ is an eigenvalue of A.

(c) p(A)is not an eigenvalue of A — p(A)xy'.

(@) p(A—p(A)zy’) < p(A).

(e) klim {p(A)TAYF = 2y

C— 00

Proof. (a) is easily established by induction, because it clearly holds for £ = 1, and
if it holds for k£ = j — 1, then

(A= p(A)zy' = (A— p(A)zy' ) (A — p(A)zy)
= (A7 = p(A) 'y ) (A — p(A)my)
= A — p(A) A ay' — p(AY ey A+ p(A) zy'zy’
= A — p(A)Yzy’ — p(A)zy’ + p(A) zy’
= A — p(AYzy.
Next, suppose that A # 0 and u are an eigenvalue and eigenvector of (A — p(A)zy'),

so that
(A= p(A)zy )u = \u.

Premultiplying this equation by xy’ and observing that zy'(A — p(A)zy’') = 0, we
see that we must have zy'u = 0. Consequently,

Au = (A - p(A)zy)u = \u,

and so A is also an eigenvalue of A, as is required for (b). To prove (c), suppose
that A = p(A) is an eigenvalue of A — p(A)xy’ with u being a corresponding eigen-
vector. However, we have just seen that this supposition implies that w is also an
eigenvector of A corresponding to the eigenvalue p(A). Thus, from Theorem 8.43,
u = cx for some scalar ¢ and

p(A)u = (A - p(A)zy )u = (A - p(A)zy')cx
= p(A)cx — p(A)cx = 0,

which is impossible because p(A) > 0 and u # 0, and so (c) holds. Now (d) follows
directly from (b), (c), and Theorem 8.43. Finally, to prove (e), note that by dividing
both sides of the equation given in (a) by p(A)* and rearranging, we get

{p(A) A = xy + {p(A) 1A — zy'}*.
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Take the limit, as £ — oo, of both sides of this equation and observe that from (d),

p{A — p(A)zy'}

A)TA -y} = <1,
plo(4) } i
and so
Jim {p(A)7'A -2y} = (0)
follows from Theorem 4.26. O

Theorem 8.45 Let A be an m x m positive matrix. Then the eigenvalue p(A) is a
simple eigenvalue of A.

Proof. Let A = XTX* be the Schur decomposition of A, so that X is a unitary
matrix and 7" is an upper triangular matrix with the eigenvalues of A as its diagonal
elements. Write 1" = T} + T, where T} is diagonal and T, is upper triangular with
each diagonal element equal to 0. Suppose that we have chosen X so that the diagonal
elements of 7 are ordered as T} = diag(p(4), ... ,p(A), A1 .-, A,,), Where
is the multiplicity of the eigenvalue p(A) and |\;[ < p(A) for j=7r+1,... ,m,
because of Theorem 8.43. We need to show that » = 1. Note that, for any upper tri-
angular matrix U with ith diagonal element w,;, U is also upper triangular with its

21°

ith diagonal element given by u%. Using this, we find that

Jim () Ay = x {fim {p(0)1 (73 + 7)) f

A k
= X { lim diag 1,...,1,{ T“}
{;Ho ( p(A)

{ﬁ}’“) }X

= X{diag(1, ..., 1,0, ... ,0) + T3} X*,

where this last diagonal matrix has r 1’s and 73 is an upper triangular matrix with
each diagonal element equal to 0. Clearly, this limiting matrix has rank at least r.
However, from Theorem 8.44(e) we see that the limiting matrix must have rank 1,
and this proves the result. U

To this point, we have concentrated on positive matrices. Our next step is to extend
some of the previous results to nonnegative matrices. We will see that many of these
results generalize to the class of irreducible nonnegative matrices.

Definition 8.2 An m x m matrix A, with m > 2, is called a reducible matrix if

some integer 7, with 1 < r < m — 1, and m X m permutation matrix P exist, such

that B
/

par = [(o) D] ’
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where B is 7 xr, Cis r x (m —r), and D is (m —r) x (m —r). If A is not
reducible, then it is said to be irreducible.

We will need Theorem 8.46 regarding irreducible nonnegative matrices.

Theorem 8.46 An m x m nonnegative matrix A is irreducible if and only if
(I, +A)™ 1 > (0).

Proof.  First suppose that A is irreducible. We will show that if x is an m x 1
nonnegative vector with r positive components, 1 <r < m — 1, then (I, + A)x
has at least 7 4 1 positive components. Repeated use of this result verifies that
(I,, + A)™ 1 > (0) because each column of I,, + A has at least two positive com-
ponents due to the fact that A is irreducible. Since A > (0), (I, + A)x = x + Ax
must have at least r positive components. If it has exactly r positive components,
then the jth component of Az must be O for every j for which z; = 0. Equivalently,
for any permutation matrix P, the jth component of P Ax must be O for every j for
which the jth component of Pz is 0. If we choose a permutation matrix for which
y = Px has its m —r 0’s in the last m — r positions, then we find that the jth
component of PAx = PAP'y mustbe O forj =r +1, ... ,m. Since PAP" > (0)
and the first 7 components of y are positive, P AP’ would have to be of the form
y B C
PAP = [ i D] |

Since this result contradicts the fact that A is irreducible, the number of positive
components in the vector (I,,, + A)x must exceed r. Conversely, now suppose that
(I, + A)™ 1 > (0), so that, clearly, (1,, + A)™ ! is irreducible. Now A cannot be

reducible because, if for some permutation matrix P,

PAP — [B C]

(0) D
then

P(I,, +A)™ P ={P(I, + AP} = (I, + PAP )™ !

m—1

I.+B C
©) I, ,+D

m-—r

and the matrix on the right-hand side of this last equation has the upper triangular
form given in Definition 8.2. O

We will generalize the result of Theorem 8.41 by showing that p(A) is positive, is
an eigenvalue of A, and has a positive eigenvector when A is an irreducible nonneg-
ative matrix. However, first we need Theorem 8.47.
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Theorem 8.47 Let A be an m x m irreducible nonnegative matrix,  be an m x 1
nonnegative vector, and define the function

m

. -1 . -1

f(@) = min;'(4),2 = mine; 2 a;;;.
=

Then an m x 1 nonnegative vector b exists, such that b'1,, =1 and f(b) > f(x)

holds for any nonnegative x.

Proof. Define the set
S={y:y=(,+A)" 'z, ,x, ¢ R z,>0,2.1, =1}

Since S is a closed and bounded set, and f is a continuous function on S due to
the fact that y > 0 if y € S, there exists a ¢ € S, such that f(c) > f(y) for all
y € S. Define b = ¢/(c'1,,), and note that f is unaffected by scale changes, so
f(b) = f(e). Let x be an arbitrary nonnegative vector, and define x, = x/(x'1,,)
andy = (I, + A)™ 'x,. Now it follows from the definition of f that

Premultiply this equation by (7,,, + A)"™ ! and use the fact that (,, + A)" 'A =
A(IL, + A)™ ! o get
Ay — f(z,)y > 0.

However, o = f(y) is the largest value for which Ay — ay > 0 because at least
one component of Ay — f(y)y is 0; that is, for some k, f(y) = y,;l(A)kAy
and, consequently, the kth component of Ay — f(y)y will be 0. Thus, we have
shown that f(y) > f(x,) = f(x). The result then follows from the fact that

fy) < f(e) = f(b) -

Theorem 8.48 Let A be an m x m irreducible nonnegative matrix. Then A has the
positive eigenvalue p(A) and associated with it a positive eigenvector x.

Proof. We first show that f(b) is a positive eigenvalue of A, where f(b) is
defined as in Theorem 8.47, and b is a nonnegative vector satisfying b'1,, = 1 and
maximizing f. Since b maximizes f(x) over all nonnegative x, we have

f(b) > f(m™'1,) = min (1/m)~"(A);(m™'1,,)

1<i<m
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recall that from the definition of f it follows that Ab — f(b) 0.If Ab — f(b)bhas

because A is nonnegative and irreducible. To prove that f(b) is an eigenvalue of A,
at least one positive component, then because (I,, + A)™ ! > (0), we must have

>
>

([m + A)mil(Ab - f(b)b) = Ay - f(b)y >0,

where y = (I, + A)™ 'b. However, o = f(y) is the largest value for which Ay —
ay > 0, so we would have f(y) > f(b), which cannot be true because b maximizes
f(y)overally > 0. Thus, Ab — f(b)b = 0, and so f(b) is an eigenvalue of A and b
is a corresponding eigenvector. Our next step is to show that f(b) = p(A) by showing
that f(b) > |),|, where ), is an arbitrary eigenvalue of A. Now if w is an eigenvector
of A corresponding to \;, then Au = \;u or

m
)\iuh = E ahjuj
Jj=1

for h =1, ... ,m. Consequently,

m
Aillugl < Z ahj|uj‘v
j=1

forh =1, ... ,m, or simply
A abs(u) — |\;| abs(u) > 0,

which implies that |\;| < f(abs(u)) < f(b). Finally, we must find a pos-
itive eigenvector associated with the eigenvalue p(A4) = f(b). We have

already found a nonnegative eigenvector, b. Note that Ab = f(b)b implies
that (1, + A)™ b= {1 + f(b)}"™ 'b, and so

- (Im—‘rA)m_lb
{1+ st

Thus, using Theorem 8.46, we find that b is actually positive. (]

b

The proof of Theorem 8.49 will be left to the reader as an exercise.

Theorem 8.49 If A is an m x m irreducible nonnegative matrix, then p(A) is a
simple eigenvalue of A.

Although p(A) is a simple eigenvalue of an irreducible nonnegative matrix A,
there may be other eigenvalues of A that have absolute value p(A). Consequently,
Theorem 8.44(e) does not immediately extend to irreducible nonnegative matrices.
This leads us to the following definition.



NONNEGATIVE MATRICES 361

Definition 8.3 An m x m nonnegative matrix A is said to be primitive if it is irre-
ducible and has only one eigenvalue satisfying |A;| = p(A).

Clearly, the result of Theorem 8.44(e) does extend to primitive matrices, and this
is summarized in Theorem 8.50.

Theorem 8.50 Let A be an m X m primitive nonnegative matrix, and suppose that
the m x 1 vectors « and y satisfy Az = p(A)x, A'y = p(A)y, z > 0,y > 0, and
x'y = 1. Then

Jim {p(A)7 A} = zy'.

Our final theorem of this section gives a general limit result that holds for all irre-
ducible nonnegative matrices. A proof of this result can be found in Horn and Johnson
(2013).

Theorem 8.51 Let A be an m x m irreducible nonnegative matrix, and suppose
that the m x 1 vectors x and y satisfy Ax = p(A)x, A’y = p(A)y, and 'y = 1.
Then

N
lim <N1 > {p<A>1A}k> —ay.

Nonnegative matrices play an important role in the study of stochastic processes.
We will illustrate some of their applications to a particular type of stochastic process
known as a Markov chain. Additional information on Markov chains, and stochastic
processes in general, can be found in texts such as Bhattacharya and Waymire (2009),
Medhi (2009), and Pinsky and Karlin (2011).

Example 8.12 Suppose that we are observing some random phenomenon over time,
and at any one point in time our observation can take on any one of the m values,

sometimes referred to as states, 1, ... ,m. In other words, we have a sequence of
random variables X, for time periods ¢ = 0, 1, ..., where each random variable can
be equal to any one of the numbers, 1, ... ,m. If the probability that X, is in state ¢

depends only on the state that X, ; is in and not on the states of prior time periods,
then this process is said to be a Markov chain. If this probability also does not depend
on the value of ¢, then the Markov chain is said to be homogeneous. In this case, the
state probabilities for any time period can be computed from the initial state proba-
bilities and what are known as the transition probabilities. We will write the initial
state probability vector p(¥) = (pg()), e pg,l))’ , where p§“> gives the probability that
the process starts out at time O in state ¢. The matrix of transition probabilities is the
m X m matrix P whose (i, j)th element, p,;, gives the probability of X being in
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state 4 given that X, , is in state j. Thus, if p(*) = (pgw, . ,pgff)’ and pgt) is the
probability that the system is in state ¢ at time ¢, then, clearly,

p) = pp®,
p? = ppl) = pppl) = p2p0),

or for general ¢,
pl) = ptpO),
If we have a large population of individuals subject to this random process, then p(.t)
could be described as the proportion of individuals in state ¢ at time ¢, whereas pgo)
would be the proportion of individuals starting out in state ¢. A natural question then
is what is happening to these proportions as ¢ increases? That is, can we determine
the limiting behavior of p(¥)? Note that the answer depends on the limiting behavior
of P!, and P is a nonnegative matrix because each of its elements is a probability.
Thus, if P is a primitive matrix, we can apply Theorem 8.50. Now, because the jth
column of P gives the probabilities of the various states for time period ¢ when we
are in state j at time period ¢ — 1, the column sum must be 1; that is, 1, P =1/
or P’1,, =1, so P has an eigenvalue equal to 1. Further, a simple application of
Theorem 8.40 assures us that p(P) < 1, so we must have p(P) = 1. Consequently, if
P is primitive and 7 is the m x 1 positive vector satisfying P = and 7’1, = 1,
then
lim {p(P)'P}! = lim P' = 71/

m*
t—00 t—o0

Using this, we see that

lim p® = lim P'p¥) = x1/ p¥ ==,
t—0o0 t—oo

where the last step follows from the fact that 1/ p(®) = 1. Thus, the system
approaches a point of equilibrium in which the proportions for the various states
are given by the components of 7, and these proportions do not change from time
period to time period. Further, this limiting behavior is not dependent on the initial
proportions in p(©).

As a specific example, let us consider the problem of social mobility that involves
the transition between social classes over successive generations in a family. Suppose
that each individual is classified according to occupation, as being upper, middle, or
lower class, which have been labeled as states 1, 2, and 3, respectively. Suppose that
the transition matrix relating a son’s class to his father’s class is given by

0.45 0.05 0.05
P =045 0.70 0.50] ,
0.10 0.25 0.45



CIRCULANT AND TOEPLITZ MATRICES 363

so that, for instance, the probabilities that a son will have an upper, middle, and
lower class occupation when his father has an upper class occupation are given by
the entries in the first column of P. Since P is positive, the limiting result previously
discussed applies. A simple eigenanalysis of the matrix P reveals that the
positive vector 7, which satisfies Pm = and =«'l,, =1, is given by
7 = (0.083,0.620,0.297)". Thus, if this random process satisfies the condi-
tions of a homogeneous Markov chain, then after many generations, the male
population would consist of 8.3% in the upper class, 62% in the middle class, and
29.7% in the lower class.

8.9 CIRCULANT AND TOEPLITZ MATRICES

In this section, we briefly discuss some structured matrices that have applications in
stochastic processes and time series analysis. For a more comprehensive treatment of
the first of these classes of matrices, see Davis (1994).

An m x m matrix A is said to be a circulant matrix if each row of A can be
obtained from the previous row by a circular rotation of elements; that is, if we shift
each element in the ith row over one column, with the element in the last column being
shifted back to the first column, we get the (7 + 1)th row, unless ¢ = m, in which case
we get the first row. Thus, if the elements of the first row of A are a, ay, ... ,a,,,
then to be a circulant matrix, A must have the form

Ay Gy Azt Gy Gy
m A1 Ay~ Qoo Oy
a a; - a a
m—1 m 1 m—3 “m-—2
A= . ) N (3.20)
as a; Qg -+ a4y aqy
Qg Az Qg =+ G O

We will sometimes use the notation A = circ(ay, ... ,a,,) to refer to the circu-
lant matrix in (8.20). One special circulant matrix, which we will denote by II,,,
is circ(0, 1,0, ... ,0). This matrix, which also can be written as

-, -
€
!
€3
I, =(e,.e, e, 1)=1"1],

/

€m

!
€]

is a permutation matrix, so I, 1 = II/ . Note that if we use a,, . .. ,a,, to denote the

columns of an arbitrary m x m matrix A and b, ... , b/, to denote the rows, then
AHm = (a’17 Ay, ... 7am)(em7 €5 - aemfl)

=(a,,,a, ... ,a,, 1), (8.21)
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feb ] [ 01 ] [0:]
e} b, b,
m,A=| : =1, (8.22)
€ b by,
Let] Lo, ] o]

and (8.21) equals (8.22) if and only if A is of the form given in (8.20). Thus, we have
Theorem 8.52.

Theorem 8.52 The m x m matrix A is a circulant matrix if and only if

A=1I,AlT, .

Theorem 8.53 gives an expression for an m X m circulant matrix in terms of a
sum of m matrices.

Theorem 8.53 The circulant matrix A = circ(ay, ... ,a,,) can be expressed as

A= a1Im + (IQHm + aiSH?n 4+ amnm—l.

Proof.  Using (8.20), we see that

A= a‘l‘[m + aZ(e €1y - 7em—1) + aS(enL—h €mr€1s - 7em—2) +oee

m?

+a,,(es e, ...,€,,€e).

Since the postmultiplication of any m X m matrix by I, shifts the columns of that
matrix one place to the right, we find that

2
Hm = (em717 em7 e 7em72)
H;?nl = (623635 7emvel)a
and so the result follows. O

Certain operations on circulant matrices produce another circulant matrix. Some
of these are given in Theorem 8.54.

Theorem 8.54 Let A and B be m x m circulant matrices. Then

(a) A’is circulant,
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(b) for any scalars « and (3, «A + BB is circulant,
(c) for any positive integer r, A" is circulant,

(d) A~!is circulant, if A is nonsingular,

(e) AB is circulant.

Proof. 1If A =circ(ay, ... ,a,,) and B = circ(by, ... ,b,,), it follows directly

»Y'm rrm

from (8.20) that A" = circ(ay, a,,, @1y - - - 5 Qs) and

m’ “m—1»
aA + BB = circ(aa, + fby, ... ,aa,, + 8b,,).

Since A is circulant, we must have A = II AII' . However, II,, is an orthogonal
matrix, so
A" = (I1,,AIL,)" =11, ATTL,

and consequently by Theorem 8.52, A" is also a circulant matrix. In a similar fashion,
we find that if A is nonsingular, then

At =10,AIL,) =10, AT, =10, AT,

and so A~ is circulant. Finally, to prove (e), note that we must have both A =
I1,, A}, and B = II,,, BIT/ ,, implying that

m
AB = (II,, AL, )(II,, BIT, ) = 11, ABIT,,,

and so the proof is complete. U

The representation of a circulant matrix given in Theorem 8.53 provides a simple
way of proving Theorem 8.55.

Theorem 8.55 Suppose that A and B are m x m circulant matrices. Then their
product commutes; that is, AB = BA.

Proof. 1If A = circ(ay, ... ,a,,) and B = circ(by, ... ,b,,), then it follows from
Theorem 8.53 that

j—1
A= ZaHm , B=> bIn",
j=1
where I, = I, . Consequently,

AB

<§: aiH2n1> z’m:b]]:[’zgl _ ZZ a Hz 1 b H%l)
i=1 :

i=1

SO by = 3 S (1 a0

i=1 j=1 i=1 j=1
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i—1 i-1
=D b, (Z a,1T:, ) = BA,
j=1 i=1
and so the result follows. |

All circulant matrices are diagonalizable. We will show this by determining the
eigenvalues and eigenvectors of a circulant matrix. However, first let us find the eigen-
values and eigenvectors of the special circulant matrix II,,.

Theorem 8.56 Let A, ...,)\, be the m solutions to the polynomial
equation A" —1=0; that is, A, = 671, where 6 =exp (27i/m) =
cos(2m/m) +isin(2m/m) and i = /—1. Define A to be the diagonal matrix
diag(1,6, ... ,0™ 1), and let

11 1 - 1

1 0 6 ... gm-1
P 1o g2 gt ... pAm-1

i 97)'7:—1 92(7;7,—1) . a(m—l.)(m—l)

Then the diagonalization of II,, is given by II,, = FAF™, where F'* is the conjugate
transpose of F'; that is, the diagonal elements of A are the eigenvalues of IT, whereas
the columns of F' are corresponding eigenvectors.

Proof.  The eigenvalue-eigenvector equation, Il & = Az, yields the equations
T = Az,

forj=1,... ,m—1,and

T, = AT,

After repeated substitution, we obtain for any 7, T; = )\mxj. Thus, A™ = 1, and so

the eigenvalues of I1,, are 1,6, ... , 0™ 1. Substituting the eigenvalue ¢’ ! and z; =
m~'/2 into the equations above, we find that an eigenvector corresponding to the
eigenvalue 67! is given by & = m~/2(1,67~1, ... ,9(m=DG-1) Thus, we have

shown that the diagonal elements of A are the eigenvalues of 11, and the columns of
F are corresponding eigenvectors. The remainder of the proof, which simply involves

the verification that F—1 = F™*, is left to the reader as an exercise. O

The matrix F' given in Theorem 8.56 is sometimes referred to as the Fourier
matrix of order m. The diagonalization of an arbitrary circulant matrix, which follows
directly from Theorem 8.53 and Theorem 8.56, is given in Theorem 8.57.
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Theorem 8.57 Let A be the m X m circulant matrix circ(ay, ... ,a,,). Then
A= FAF~,
where A = diag(dy, ... ,5,,), 6; = a; + ayAj + -+ a,, A7 and \; and F are

defined as in Theorem 8.56.

Proof. Since II,, = FAF* and FF*=1,, we have I/, = FAJF*, for
7 =2,...,m— 1. By using Theorem 8.53, we find that
A=ayl, +a)dl,, + a3 +---+a,T"!
=a,FF* + ayFA'F* + ayFA*F* + -+ +a,, FA" ' F*
= F(a,I,, + aA' + azA* + --- 4+ a,, A" ) F*
= FAF",

and so the proof is complete. 0

The class of circulant matrices is a subclass of a larger class of matrices known as
Toeplitz matrices. The elements of an m x m Toeplitz matrix A satisfy a,; = a;_,

J—
for scalars a_,,, . 1,a_,, 9, .- ,Qp,_;; thatis, A has the form
Qg a L T R
a_y Q4 Ay Qg Gy
ao G Gy Qg Qg3
A= . : . . .- (8.23)
O_myo Oomy3 Qg 70 Qg Oy
& —mi1 Comy2 Gomy3 00 G G

Two simple m x m Toeplitz matrices are

01000 00000

00100 10---000

0001 -0 01--000
B= , F=

0000 -1 00--100

0000 -0 00 ---010)

These are sometimes referred to as the backward shift and forward shift matrices
since for an m x m matrix C = [¢, ... ,¢,,],CB =[0,¢,, ... ,c,, ;] and CF =

[¢y, ... ,¢,,,0]. Any Toeplitz matrix can be expressed in terms of B and F since
apl,, + 37 (a_;F' + a,B) clearly yields the matrix given in (8.23).
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Ifaj=a_; for j=1,...,m— 1, then the matrix A in (8.23) is a symmetric
Toeplitz matrix. One important and simple symmetric Toeplitz matrix is one that has
a; =a_;=0forj=2,...,m—1,so that

[ag a; 0 0 0]
a, ag a; -+ 0 0
0 a ay--- 0 0
A=1. . . o (8.24)
00 0 - aga
10 0 0 ay ag |

Toeplitz matrices are sometimes encountered in time series analysis.

Example 8.13 In this example, we consider a response variable y which is observed
over time. For instance, we may be recording the annual amount of rainfall at some
particular location and have the measurements for the last V years. These type of data
are called time series, and standard regression methods typically cannot be used since
the responses are usually correlated. One of the time series models sometimes used
for this type of data is a moving average model which models the response variable

for time period ¢ as
o0
Yy = Z r’ €ij-

=0

Here pis a constant satisfying |p| < 1, while the ¢; ;’s are uncorrelated random errors
each with mean 0 and variance o%. We will determine the covariance matrix of the
vector,y = (yy, ... ,yy) , of the N successive observations of the response. Clearly,
E(y;) =0forallisofori=1,... ,Nand h =0, ... ,N — i, we have

o0 o0
5 l
cov(¥is Yirn) = EWiYin) = E Z Z PP €irn

§=0 1=0
o0 [o¢] o0
= j+k+h _ 2j+h 2
=F E E p €i—ji-k | = E p7e
Jj=0 k=—h J=0
00 h 2
_ h. 2 2 _ PO h 2
=po § Pr=q_ =P
=0 P

where 2 = var(y,) = 0/(1 — p?). Thus, the covariance matrix of ¥ is the symmet-

ric Toeplitz matrix
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Some specialized results, such as formulas for eigenvalues and formulas for the

computation of the inverse of a Toeplitz matrix, can be found in Grenander and Szego
(1984) and Heinig and Rost (1984).

8.10 HADAMARD AND VANDERMONDE MATRICES
In this section, we discuss some matrices that have applications in the areas of design
of experiments and response surface methodology. We begin with a class of matrices

known as Hadamard matrices. An m x m matrix H is said to be a Hadamard matrix
if first, each element of H is either +1 or —1, and second, H satisfies

H'H=HH = ml,,; (8.25)

that is, the columns of H form an orthogonal set of vectors, and the rows form an
orthogonal set as well. For instance, a 2 x 2 Hadamard matrix is given by

11
welia)

whereas a 4 x 4 Hadamard matrix is given by

11 1 1
1 -1 1 1
H=1 49 1 14
1 -1 -1 1

Some of the basic properties of Hadamard matrices are given in Theorem 8.58.
Theorem 8.58 Let H,, denote any m x m Hadamard matrix. Then
(a) m~'/2H, is anm x m orthogonal matrix,
(b) |H,,| = +m™/?,
(¢) H,, ® H, is an mn x mn Hadamard matrix.
Proof.  (a) follows directly from (8.25). Also using (8.25), we find that
|Hy Hy| = Imi, | = m™.

However,
|H,, H,,| = |H,,||H,,| = |H,,
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and so (b) follows. Note that each element of H,, ® H,, is 4+1 or —1 because each
element is the product of an element from H,, and an element from H,,, and

=ml, ®nl, =mnl,,,
so (c) follows. ]

Hadamard matrices that have all of the elements of the first row equal to +1 are
called normalized Hadamard matrices. Our next result addresses the existence of nor-
malized Hadamard matrices.

Theorem 8.59 If an m x m Hadamard matrix exists, then an m x m normalized
Hadamard matrix exists.

Proof.  Suppose that H is an m x m Hadamard matrix. Let D be the diagonal
matrix with the elements of the first row of H as its diagonal elements; that is,
D = diag(hy;, ... ,hy,,). Note that D* = I, because each diagonal element of
D is +1 or —1. Consider the m x m matrix H, = HD. Each column of H, is the
corresponding column of A multiplied by either +1 or —1, so clearly each element
of H, is +1 or —1. The jth element in the first row of H, is h%j =1, so H, has all
of its elements of the first row equal to +1. In addition,

H'H,=(HDYHD = D'H'HD
= D(ml,,)D = mD? = mlI,,.

m
Thus, H, is an m X m normalized Hadamard matrix, and so the proof is
complete. U

Hadamard matrices of size m x m do not exist for every choice of m. We have
already given an example of a 2 x 2 Hadamard matrix, and this matrix can be used
repeatedly in Theorem 8.58(c) to obtain a 2" x 2" Hadamard matrix for any integer
n > 2. However, m x m Hadamard matrices do exist for some values of m # 2.
Theorem 8.60 gives a necessary condition on the order m so that Hadamard matrices
of order m exist.

Theorem 8.60 If H is an m x m Hadamard matrix, where m > 2, then m is a
multiple of four.

Proof.  The result can be proven by using the fact that any three rows of H are
orthogonal to one another. Consequently, we will refer to the first three rows of H,
and, because of Theorem 8.59, we may assume that [ is a normalized Hadamard
matrix, so that all of the elements in the first row are +1. Since the second and third
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rows are orthogonal to the first row, they must each have r +1’s and r —1’s, where
r = m/2; thus, clearly,

m = 2r, (8.26)
or, in other words, m is a multiple of 2. Let n, _ be the number of columns in which

row 2 has a +1 and row 3 has a —1. Similarly, define n_,, n, ,, and n__. Note
that the value of any one of these n’s determines the others because n, +n, _ =r,

n ,+n_,=r,n__+n_, =r,and n__+n,_ = r. For instance, if n,, = s,

thenn,_ = (r—s),n_, = (r —s), and n__ = s. However, the orthogonality of

rows 2 and 3 guarantee thatn, . +n__ =n_, + n,_, which yields the relationship
2s = 2(r — s).

Thus, r = 2s, and so using (8.26) we get m = 4s, which completes the proof. [

Some additional results on Hadamard matrices can be found in Hedayat and Wallis
(1978), Agaian (1985), and Xian (2001).
An m X n matrix A is said to be a Vandermonde matrix if it has the form

1 1 1 - 1
a; G as - Ay
2 2 2 2
A= arp  ap as an, (8.27)
m—1 m—1 m—1 m—1
K1 ay as ap

For instance, if F' is the m x m Fourier matrix discussed in Section 8.9, then A =
m!/?F is an m x m Vandermonde matrix with a; = #°~', fori = 1, ... ,m. For a
statistical example, consider the polynomial regression model,

Yi = Bo+ Brz; + -+ Brat + e,

in which the response variable y is regressed on one explanatory variable  through
a kth-degree polynomial. If we have N observations and the model is written in the
usual matrix form y = X3 + €, then X’ has the form of the Vandermonde matrix in
827 witha; =z;,m=k+1,andn = N.

Our final result of this chapter gives an expression for the determinant of a square
Vandermonde matrix.

Theorem 8.61 Let A be the m x m Vandermonde matrix given in (8.27). Then its
determinant is given by

A= [ (a;—a). (8.28)

1<i<j<m
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Proof.  Our proof is by induction. For m = 2, we find that

1 1
a; G

Al =

= Qy — Qy,

and so (8.28) holds when A is 2 x 2. Next we assume that (8.28) holds for Vander-
monde matrices of order i — 1 and show that it must also hold for order m. Thus, if
Bisthe (m — 1) x (m — 1) matrix obtained from A by deleting its last row and first
column, then, because B is a Vandermonde matrix of order m — 1, we must have

|B| = H (aj —a;).

2<i<j<m
Define the m x m matrix
M1 0 O - 0 O]
—a; 1 0 - 0 0
0 —ay 1 - 0 0
c=1 . . )
0 0 0 - 1 0
| 0 0 0. —ay 1]

and note that by repeatedly using the cofactor expansion formula for a determinant
on the first row, we find that |C'| = 1. Thus, |A| = |C'A|. However, it is easily verified
that CA = FE, where

E = I:l 1,m—1:|

0 BD
and D = diag((ay — ay), (a3 — ay), ..., (a,, — a;)). Consequently,
|A| = |CA| = |E| = |BD| = | B| D|

H (aj - a;) H (aj - ay)

2<i<j<m 2<j<m

= H (a; = a;),

1<i<j<m

where the third equality was obtained by using Theorem 7.4. This completes the
proof. (]
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PROBLEMS

8.1

8.2
8.3
8.4

8.5

8.6
8.7
8.8
8.9

8.10

8.11

Let the 2 x 2 matrices A and B be given by

23 53

., B= .
12 3 2
(a) Compute A ® B and B® A.
(b) Find tr(A ® B).
(c) Compute |A ® B].
(d) Give the eigenvalues of A ® B.

(e) Find (A® B)~..
Give a simplified expression for I, ® I,,.

A:

Prove the properties given in Theorem 8.1.

Suppose that A and B are m x n and p X ¢ matrices, respectively, and c is
an r x 1 vector. Show that

(a) A(l,ocd)=AxCd,

(b) (c®1,)B=c®B.

Let a be an m x 1 vector and B be a p X ¢ matrix. Suppose B is partitioned
as B = [B, - - - By]. Show that

a®B=[a®B - a®B].

Prove results (b) and (c) of Theorem 8.4.
Show that if A and B are symmetric matrices, then A ® B is also symmetric.
Show that A ® B is nonsingular if and only if A and B are nonsingular.

Let A be m x m and B be n x n. Show that A ® B is an orthogonal matrix
if and only if cA and ¢! B are orthogonal matrices for some ¢ > 0.

Find the rank of A ® B, where

2 6 524
31 102

For matrices A and B of any sizes, show that A ® B = (0) if and only if
A= (0)or B=(0).
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8.12

8.13

8.14

8.15

8.16

8.17

8.18

8.19

SPECIAL MATRICES AND MATRIX OPERATIONS

Let , be an eigenvector of the m x m matrix A corresponding to the eigen-
value \;. Let y; be an eigenvector of the p X p matrix B corresponding to the
eigenvalue 0.

(a) Show that x; ® Y; is an eigenvector of A ® B.

(b) Give an example of matrices A and B, such that A ® B has an eigen-
vector that is not the Kronecker product of an eigenvector of A and an
eigenvector of B.

Suppose that A is an m x n matrix and B is an n X m matrix, where n > m.

Show that A ® B has a 0 eigenvalue with multiplicity at least (n — m)m.

Suppose @ is an eigenvector of the m X m matrix A corresponding to the

eigenvalue ), and vy is an eigenvector of the n x n matrix B corresponding to

the eigenvalue . Show that y ® @ is an eigenvector of (I, ® A) + (B ® I,,,)

corresponding to the eigenvalue A\ + .

Show that if A and B are positive definite matrices, then A ® B is also positive

definite.

It follows from Theorem 8.3 and Theorem 8.6 that if A and B are square

matrices, then tr(A ® B) = tr(B® A) and |A ® B| = |B ® A|. Show that

when A and B are not square and A ® B is square, then the first of these two
identities need not hold whereas the second one does hold. That is, suppose

that A is m x n and B isn x m.

(a) Give an example for which tr(4A ® B) # tr(B ® A).

(b) Provethat |A® B| = |B® A|.

Let & be an m x 1 vector and y be an n x 1 vector. Verify that the three
matrices zy’, ¥y’ ® x, and x ® y’ are identical.

Compute the sum of squared errors SSE = (y — ¢)'(y — ) for the two-way
classification model with interaction discussed in Example 8.3.

Consider the two-way classification model without interaction given by

Yije = b+ T T + €

where:=1,...,a,7=1,... ;bandk =1, ... ,n.

(a) Find a least squares solution for 3 = (p, 7y, ... , Ty, Vs -+ ) > and
use this to obtain the vector of fitted values and the sum of squared errors
for this model.

(b) Compute the sum of squared errors for the reduced model y,;;, = p +
7; + €5 and use this along with the SSE computed in (a) to show that
the sum of squares for factor A is

SSA=mnb> (7, —7.)"
i=1
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8.20
8.21

8.22

8.23
8.24

8.25
8.26

8.27

8.28

(¢) In a similar fashion, show that the sum of squares for factor B is
b
SSB=na) (7,-7.)"
j=1

(d) Find a set of as many linearly independent estimable functions of n, 7;,
and -y; as possible.

(e) Use the sum of squared errors computed in (a) and the sum of squared
errors computed in Problem 8.18 to show that the sum of squares for
interaction in the model of Problem 8.18 is given by

a b
SSAB=n> "> (7 — U — 75 +7.)"

i=1 j=1

Prove Theorem 8.8.

Let A,, A,, A5, and A, be square matrices. Show that, when the sizes of these
matrices are such that the appropriate operations are defined,

(@) (A @A)+ (A304,)) = (A + 43) © (Ay + Ay),
(b) (A, & Ay)(A3 @A) = A A3 & Ay Ay,

(©) (A ©A) ®A;=(4;®@ A43) D (A; ® Ay).

Give an example to show that, in general,

A @ (A Ay) # (A © Ay) © (A ® Ay).

Use Theorem 6.4 and Theorem 8.11 to prove Theorem 6.5.

Consider the system of equations AX — XB = C, where X is an m X n
matrix of variables and A, B, and C' are matrices of constants. Show that
if the matrices A and B do not have any eigenvalues in common, then this
system has a unique solution for X.

Prove the results of Corollary 8.12.1.

Let A and B be m x n and n X p matrices, respectively, whereas ¢ and d are
p x 1 and n x 1 vectors, respectively. Show that

(@) ABc= (¢’ ® A)vec(B) = (A® c)vec(B'),
(b) d'Be = (¢ ® d')vec(B).
Let A, B, and C be m x m matrices. Show that if C' is symmetric, then

{vec(C)} (A ® B)vec(C) = {vec(C)} (B @ A)vec(C).
For any matrix A and any vector b, show that

vec(A @ b) = vec(A) @ b.



376

8.29

8.30

8.31

8.32

8.33

8.34
8.35

8.36

8.37
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Let A be an m x n matrix and B be an n x p matrix. Show that

vec(AB) = (I, ® A)vec(B) = (B'® I,,,) vec(A)
= (B'® A)vec(I,).

Let A be an m X m matrix, B be ann X n matrix, and C be an m X n matrix.
Prove that

vec(AC +CB) ={(I,® A) + (B'®1,,)} vec(C).
Let A and B be m x n matrices. Show that
{tr(A'B)) < {tr(AA)}{tx(B'B)}

with equality if and only if one of the matrices is a scalar multiple of the other.

Let A be an m x m symmetric matrix, and consider the function of A defined
by f(A) = tr(A?) — m~{tr(A)}>. Show that f(A) can be expressed as

f(A) = {vec(A)Y{I,,. —m ' vec(l,,)vec(I,,) } vec(A).

If e; is the ith column of the identity matrix I,,,, verify that

m

vee(I,,) = Z(ei ® e;).

i=1

Prove property (h) of Theorem 8.13.
Let the 2 X 2 matrices A and B be given by

B el

(a) Compute A ® B.

(b) Which of the matrices, A, B, and A @ B, are positive definite or positive
semidefinite? How does this relate to Theorem 8.17?

Give an example of matrices A and B such that neither is nonnegative definite,
yet A ® B is positive definite.

Let A, B, and C be m x n matrices. Show that

tr{(A' ® B)C} = tr{A'(B® C)}.
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8.38

8.39

8.40

8.41

8.42

8.43

Suppose that the m x m matrix A is diagonalizable; that is, a nonsingular
matrix X and a diagonal matrix A = diag(\,, ..., A,,) exist, such that A =
XAX~!. Show that if we define the vector of diagonal elements of A, a =
(ay1y « -+ Q) s and the vector of eigenvalues of A, A= (A, ..., \,,,),
then

(XoX A=a

and

(XoXx M1, =(Xox "1, =1

Let A and B be m x m nonnegative definite matrices. Show that

(@) |A® B| > |A||B,

(b) |[A® A7 > 1,if Ais positive definite.

Let A be an m x m matrix. Use Theorem 8.15 to show that A is nonnega-
tive definite if and only if tr(AB’) > 0 for every m x m nonnegative definite
matrix B.

For each of the following pairs of 2 x 2 matrices, compute the smaller eigen-
value A\, (A ® B) and the lower bounds for this eigenvalue given by Theorem
8.21 and Theorem 8.23. Which bound is closer to the actual value?

[4 0] 20
(2) A‘_o 1) B‘_o 3]'
_[1 0] 2 V2
(b) A__Ol_’ B__\/5 3}.

Let A be an m x m positive definite matrix. Use Theorem 8.19 to show that
if B= A"!, then a;;b;; > 1. Show how this result generalizes to a,;b;; > 1
fore=1,... ,m.

Let A and B be m x m positive definite matrices, and consider the inequality

|A© B|+|A|B| = |A| Hbii + |B| H%‘r
ie1 i=1

(a) Show that this inequality is equivalent to
(R4 © Rp|+ Ry Rp| = |Ral + [Rp),

where R, and Ry represent the correlation matrices computed from A
and B.

(b) Use Theorem 8.20 on |R,4 ® C|, where C' = Ry — (€| Rz'e;) e €],
to establish the inequality given in (a).
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8.44

8.45

8.46
8.47

8.48

8.49

8.50

8.51
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Suppose that A and B are m x m positive definite matrices. Show that
A ® B = AB if and only if both A and B are diagonal matrices.

Let A be an m x m positive definite matrix and B be an m X m positive
semidefinite matrix with exactly r positive diagonal elements. Show that
rank(A® B) =r.

Show that if A and B are singular 2 x 2 matrices, then A ® B is also singular.

Let Rbe anm x m positive definite correlation matrix having A as its smallest
eigenvalue. Show that if 7 is the smallest eigenvalue of R ® R and R # I,
then 7 > A.

Consider the matrix
m
i
\I]m = § ei,m(ei,m ® ei,m) )
i=1

which we have seen satisfies ¥, (A® B)U/ = A® B for any m x m
matrices A and B. Define w(A) to be the m x 1 vector containing the
diagonal elements of A; that is, w(A) = (ayy, ... ,Gyp,yy,) - Also let A, be
the m? x m? matrix given by

A, = Z(Eu ® E;) = Z(ei,me;,m ® ei,me;,m)'
i=1 i=1

Show that
(a) U/ w(A) = vec(A) for every diagonal matrix A,
(b) ¥, vec(A) = w(A) for every matrix A,
(¢) v, W' =1 sothat ¥} =W .
@ v, v . =A,,
) A, N, =N, A, =A,,
() {vec(A)}YA,,(B® B)A,,vec(A) ={w(4)}(B o B)w(A).
Additional properties of ¥, can be found in Magnus (1988).
Let A and B be m x m positive definite matrices. Since ¥, (A ® B)U! =
AG®Band ¥,V =1, it follows that an m? x m? orthogonal matrix P
exists, such that P(A ® B)P’ can be partitioned into the 2 x 2 form of (7.1)
with the (1, 1)th submatrix given by A ® B. Use this result and the result from
Problem 7.10 to show that

(a) A7'® B™! — (A ® B)~! is nonnegative definite,
(b) A1 ® A7 — (A ® A)~!is nonnegative definite,
() A1 ® A~ (A1 ® A)~!is nonnegative definite.

Verify that the commutation matrix f,,,,, is a permutation matrix; that is, show

that each column of K, is a column of /,,,, and each column of [, is a
columnof K,,,.

Write out the commutation matrices K, and K,,.
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8.52 The eigenvalues of K ,,,, were given in Theorem 8.28. Show that correspond-

ing eigenvectors are given by the vectors of the form e; ® e, (e; ® e;,) +
(e, ®e;),and (e, ® e;,) — (e, @ €)).
8.53 Show that the commutation matrix K,,,, can be expressed as

m
Z e, I, e,

where e; is the ith column of [,,,. Use this to show that if A is n x m, x is
m x 1, and y is an arbitrary vector, then

K,  (x2Ay)=Aczy.

8.54 Show that
@K, =K K =K. K

np,m n,pm**p,nm p,nm*rn,pm>
(b) Knp,prm,nKmn,p Imnp
8.55 Let A be an m x n matrix with rank r, and let A, ... , A\, be the nonzero

eigenvalues of A’ A. If we define
P=K, (A ®A),

show that

(a) P is symmetric,

(b) rank(P) = 12,

(0) tr(P) =tr(A'A),

(d) P? = (AA) @ (A'A),

(e) thenonzeroeigenvaluesof Pare A, ..., A, and :I:()\i)\j)l/2 foralli < j.
8.56 Let A be an m x n matrix and B be a p X ¢ matrix. Show that

(a) vec(A' ®@ B) = (K., ® I,){vec(A) @ vec(B)},

(b) vec(A® B') = (I,, ® K, ;,,){vec(A) @ vec(B)}.
8.57 Suppose that A is an m x n matrix and B is a p X ¢ matrix with mp = nq.

Show that

tr(A® B) = {vec(I,) ® vec(I,)}'{vec(A) ® vec(B')}.

8.58 Show that
(a) Kmnp q = (Imn ® qu)(‘[m ® an ® Ip)(Kmq ® Inp)’
(b) Kmn ,Pq (Im ®Knp ®Iq)(Kmp®an)(Ip ®Kmq ®In)

8.59 Prove the results of Theorem 8.31.
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8.60 Show that if A and B are m x m matrices, then

N, (A® B+B®A)N, = (A® B+ B® A)N,,
=N, (A® B+ B® A)
= 2N, (A® B)N,,.

m

8.61 Consider the matrix N,,, = £(I,» + K,,,,,).
(a) Show that N, can be expressed as

1 m m
N, = 5 Z Z(eie’i ®eje; + e e @ eje;).

(b) Show that
1
N, (a®b) = §(a®b+b®a)

for any m x 1 vectors a and b.

(¢) Let A be the matrix that generalizes the property illustrated in (b) to the
Kronecker product of three m x 1 vectors, a ® b ® c; that is, suppose A
satisfies

1
A(a®b®c):6(a®b®c+a®c®b+b®a®c

+b®c®a+c®a®b+c®b®a).

Show that A can be expressed as

m
/ ! ! !/ !/ !/
E E E (ene, ®e;e; @e e, +e,€), Qee; ®e;e;

m
A pr—
h=1 i=1 j=1

m

=

/ / / / / /
+ee; Ve, Deje; +ee;Dee, Qe e;

/ / / / / /
+ee; Qe Re;e, +e,€; @ e€; @ e;e).

8.62 Write out the matrices NV, and ;.

8.63 Fori=1,... ,m,j =1, ... 4, definethem(m + 1)/2 x 1 vector u,; to be
the vector with one inits {(j — 1)m + ¢ — j(j — 1)/2}th position and zeros
elsewhere. It can be easily verified that these vectors are the columns of the
identity matrix of order m(m + 1)/2; that is,

Im(m+1)/2 = (u11>u21a con s Uy, Uggy ve s Uy, Usgz,y o >umm)'
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Let £;; be the m x m matrix whose only nonzero element is a one in the
(4, j)th position, and define

o[BG+ By, it i # 7,
i E, it i=j

1%

Show that D,,, = 3", .{vec(T};) }u;;; that is, verify that

S {vee(T;,) Yulv(A) = vee(A),

(2]

where A is an arbitrary m X m symmetric matrix.
8.64 Use the expression given for D,,, in Problem 8.63 to prove Theorem 8.34(b).
8.65 Letu,;,i=1,...,m,j=1,... ibethem(m + 1)/2 x 1 vectors defined
in Problem 8.63. Show that
@) D}, D, =261y 72 = Doy Wii Wi
(b) | D}, D, | = 27172
8.66 Prove the results of Theorem 8.37.
8.67 If A is an m X m matrix, show that
() D,,D;,(A® A)D,, = (A A)D,,
() {D,,(A® A)D,,} = D/ (A* ® A")D,,, where i is any positive inte-
ger.

8.68 Let A be an m x m nonsingular symmetric matrix and « be a scalar. Show
that

(D, {A® A+ avec(A)vec(A)}D,,) "
=D {A '@ At — Bvec(A ) vec(AY YD,

where = o/(1 + ma).
8.69 If u,; and E;; are defined as in Problem 8.63, show that

L;n = Z{Vec(Eij)}ulm
i>j

that is, verify that

Z{Vec(Eij)}u;jv(A) = vec(A),

i>j

where A is an arbitrary m x m lower triangular matrix.
8.70 Prove the following results:
(@ L, L, =>,,;(E;®E,;), where E;; was defined in Problem 8.63.
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(b) If A and B are m x m lower triangular matrices, then

Ly, L, (A" ® B)L,, = (A" @ B)L,,.

(¢) If Ais an m x m nonsingular lower triangular matrix, « is a scalar, and
B =a/(1+ ma), then

(L, {A"® A + avec(A)vec(A)} L, )
=L, {A"® A — pvec(A )vec(A™V)} L

m*

Prove Theorem 8.38.
Fori=2,...,m,j=1,...,i—1,define the m(m — 1)/2 x 1 vector
to be the vector with one in its {(j — 1)m + ¢ — j(j + 1)/2}th position and
zeros elsewhere. It can be easily verified that these vectors are the columns of
the identity matrix of order m(m — 1)/2; that is,

Im(mfl)/Q = (Tops - s Upyy Uggy « oo 5 Uiy, Uygs - 7um,m71)'

Show that L}, = 3", ;{vec(E,;) }t};; that is, verify that

Z{Vec(Eij)}ﬂ’ij\?(A) = vec(A),

i>7

where A is an arbitrary m x m strictly lower triangular matrix.
Prove the results of Theorem 8.39.

Find a 2 x 2 nonnegative matrix A that has its spectral radius equal to 1, yet
A¥ does not converge to anything as k — oo.

Show that the inverse of a nonsingular positive matrix cannot be nonnegative.
Show that the inverse of a nonsingular nonnegative matrix A can be nonneg-
ative only if A has exactly one nonzero element in each column.

Show that if A is a nonnegative matrix and, for some positive integer k, AF s
a positive matrix, then p(A) > 0.

It can be shown (see, for example, Horn and Johnson, 2013) that if A is an
m X m nonnegative matrix, then p(A) is an eigenvalue of A and a nonneg-
ative eigenvector x corresponding to the eigenvalue p(A) exists. This result
is weaker than the result for irreducible nonnegative matrices. For each of
the following, find a 2 x 2 nonnull reducible matrix A, such that the stated
condition holds.

(@) p(4) =0.
(b) x is not positive for any x satisfying Az = p(A)x.
(c¢) p(A) is a multiple eigenvalue.
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Verify that the absolute value of each of the eigenvalues of the 2 x 2 irre-

ducible matrix 01
=114

We have seen in Theorem 8.41 that p(A) is an eigenvalue of A if A is positive.

In this exercise, we will use the extension of this result that says p(A) is an

eigenvalue of A if A is nonnegative (see Horn and Johnson, 2013). In the

following, assume that A is an m X m nonnegative matrix.

(a) Show that p(I,, + A) =1+ p(A).

(b) Show that if A* > (0) for some positive integer k, then p(A) is a simple
eigenvalue of A.

(c) Apply part (b) on the matrix (I,, + A) to prove Theorem 8.49; that is,
prove that for any irreducible nonnegative matrix A, p(A) must be a sim-
ple eigenvalue.

is equal to p(A).

Consider the homogeneous Markov chain that has three states and the matrix
of transition probabilities given by

0.50 0.25 0
0.50 0.50 0.25
0 0.25 0.75

P =

(a) Show that P is primitive.

(b) Determine the equilibrium distribution; that is, find the vector 7r such that
lim,  p* = .

An m x m matrix A is said to be completely positive (see, for example,

Berman and Shaked-Monderer, 2003) if it can be expressed as A = BB’

for some m X r nonnegative matrix B, where » < m. Clearly every com-

pletely positive matrix must be a nonnegative definite matrix and a nonnega-

tive matrix. Show that in the 2 x 2 case, these conditions are also sufficient;

thatis, show thata 2 x 2 matrix A thatis nonnegative definite and nonnegative

will also be completely positive.

Let A be the m x m circulant matrix circ(a,, . ..

(a) Find the trace of A.

(b) Find the determinant of A.

Show that the conjugate transpose of the matrix F' given in Theorem 8.56 is

L)

1 1 1 e 1
g1 92 9—(m—1)
Fr— 1 f—2 94 9—2(m—1)

g-(m-1)(m-1)
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Then use the geometric series partial sum formula

n+1

n
er: 1—r
‘ 1—1r
Jj=0

to prove that =1 = F*.

Let F' be defined as in Theorem 8.56, and let I = (ey, e,,,€,, 1, --- ,€5).
Show that

(a) F?> =T,

(b) F* =1,

(¢) F? =F~.

Let II,, be the circulant matrix defined in Section 8.9. Show that
(@) T =11,

(b) I3 = I,

(c) I+ =1I" | for any integers n and r.

If A = circ(ay, ... ,a,,) and B = circ(by, ... ,b,,), find the eigenvalues of
A+ Band AB.
Find the eigenvalues of the circulant matrix A = cire(1, ... ,1) by using

Theorem 8.57.

Show that if A is a singular circulant matrix, then its Moore—Penrose inverse,
AT, is also a circulant matrix.

Find square matrices A and B of the same order, such that A and B are not
circulant matrices, yet their product AB is a circulant matrix.

Let B be the m x m Jordan block matrix .J,,, (0). Show that an m x m matrix
A is a Toeplitz matrix if and only if it can be written in the form

m—1
A=ayl, + Z(aij +a_;B”).
j=1

Consider the m x m Toeplitz matrix
1 b oot
a 1 b b2
A= a? 1 pm—3
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where ab # 1. Verify by multiplication that the inverse of A is given by

c —bc 0 e 0 0
—ac (ab+1)e  —be - 0 0
0 —ac  (ab+1)c --- 0 0
Al = ,
0 0 0 (ab+ 1) —be
| 0 0 0 —ac c |

where ¢ = (1 — ab) L. Show that A is singular if ab = 1.

Suppose that zy, ... ,z2,,,, are independent random variables each having
mean 0 and variance 1. Let @ be the m x 1 random vector that has as its ith
component,

Ty = Zip1 = PZs

where p is a constant. Show that the covariance matrix of a is a Toeplitz matrix
of the form given in (8.24), and find the values of ¢, and a;.

Consider the m x m symmetric Toeplitz matrix given by

1 p p2 pmfl
p2 1 p cee pm7§
A= | P P Lo pmo
pmfl pm72 pm73 . 1

where 0 < p < 1. Use Theorem 7.6 to show that A is positive definite.

Find a Hadamard matrix of order 8.

Give a Hadamard matrix of order 12, thereby illustrating the existence of a
Hadamard matrix of order m, where m # 2" for any positive integer n.
Show that the determinant of a Hadamard matrix attains the upper bound of
the Hadamard inequality given in Corollary 8.18.1.

Let A, B, C, and D be m x m matrices with all of their elements equal to
+1 and —1, and define H as

A B C D
B A -D C
H=1_¢ p 4 _-B
D -C B A
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Show that if
AA'+ BB +CC'+ DD’ = 4mlI,,

and
XY =YX’

for every pair of matrices X and Y chosen from A, B, C, and D, then H is a
Hadamard matrix of order 4m.

Let H and E be Hadamard matrices of order 4m and 4n, respectively. Parti-
tion these matrices as

[PQ [K L
w=[n 8] el d)

where each submatrix of H is 2m x 2m and each submatrix of F is 2n x 2n.
Show that if F' is defined as

(P+Q)@K+(P-Q)®@ M (P+Q)®L+(P—Q)®N}
(R+S)®K+(R-S)®M (R+S)®L+(R-S)®@N |’

then %F is a Hadamard matrix of order 8mn.

Show that when m = n, the Vandermonde matrix A given in (8.27) is non-
singular if and only if the m elements of the second row are distinct.

Let A be the Vandermonde matrix given in (8.27) with m = n. Prove that if
there are r distinct values in the set {a,, ... ,a,,}, then rank(A) = r.

Let P be the m x m orthogonal matrix (e, e, 1, - .. ,e;). Show thatif Ais
anm X m Vandermonde matrix, then PAA’ and AA’P are Toeplitz matrices.
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MATRIX DERIVATIVES AND
RELATED TOPICS

9.1 INTRODUCTION

Differential calculus has widespread applications in statistics. For example, estima-
tion procedures such as the maximum likelihood method and the method of least
squares use the optimization properties of derivatives, whereas the so-called delta
method for obtaining the asymptotic distribution of a function of random variables
uses the first derivative to obtain a first-order Taylor series approximation. These and
other applications of differential calculus often involve vectors or matrices. In this
chapter, we obtain some of the most commonly encountered matrix derivatives.

9.2 MULTIVARIABLE DIFFERENTIAL CALCULUS

We will begin with a brief review of some of the basic notation, concepts, and results
of elementary and multivariable differential calculus. Throughout this section, we
will assume differentiability or multiple differentiability of the functions we discuss.
For more details on the conditions for differentiability, see Magnus and Neudecker
(1999). If f is a real-valued function of one variable, x, then its derivative at x, if it
exists, is given by

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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Equivalently, f'(x) is the quantity that gives the first-order Taylor formula for
f(z + u). In other words,

fl@+u) = flx) +uf(x) +r(u, ), (9.1)

where the remainder r; (u, x) is a function of u and x satisfying

G
u—0 u
The quantity
d,f(z) = uf'(z) ©.2)

appearing in (9.1) is called the first differential of f at x with increment w. This
increment w is the differential of z. Later we will use dx in place of u, that is, write
f(x + dz) instead of f(x + w), to emphasize the fact that u is the differential of
x. For notational convenience, we will often denote the differential given in (9.2)
simply by df. Generalizations of (9.1) can be obtained by taking higher ordered
derivatives; that is, with the ¢th derivative of f at = defined as

@ ) = g L) = (@)

B dxt u—0 u

F9(x)

Y

we have the kth-order Taylor formula

+

flx+u) = f(2) > T + 7 (u,x)

where ', (u, ) is a function of u and x satisfying

llm rk ('U/7 x)

=0
u—0 uk ’

and

d f(z) = u' fO (),

or simply d’ f, is the ith differential of f at = with increment w.
The chain rule is a useful formula for calculating the derivative of a composite
function. If y, g, and f are functions such that y(z) = g(f(x)), then

y'(@) =g (f(2))f (). 9.3)
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If f is a real-valued function of the n x 1 vector © = (z,...,x,)’, then its
derivative at «, if it exists, is given by the 1 x n row vector
i@ = [ 5@ - o f@)
% (:B) - [8901 T o, T ] ’
where
9 [+ ue) — f(x)
5z, =TT

i

is the partial derivative of f with respect to x;, and e, is the ith column of I,,. The
first-order Taylor formula analogous to (9.1) is given by

fatw) = f@)+ (@) ut i w) 0.4

where the remainder, r, (u, ), satisfies

r(u, x)

am (ulu)l/‘z =0.

The second term on the right-hand side of (9.4) is the first differential of f at  with
incremental vector u; that is,

i = duf(@) = (o (@) ) u= Y ui-fi)

It is important to note the relationship between the first differential and the first
derivative; the first differential of f at x in w is the first derivative of f at x times wu.
The higher order differentials of f at « in the vector w are given by

. . - - ai
A = f(@) =30 3wy ey g f (@),
— 7

Ji
and these differentials appear in the kth-order Taylor formula,

k

d'f
fla+u) = f(x) + Z; o (@),
where the remainder r, (u, ) satisfies
"k (ua 113)

u—0 ('l,l,"'_l,)k/2 =0.

The second differential, d° f, can be written as a quadratic form in the vector u; that is,

&f = u' Hu,
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where H , called the Hessian, is the matrix of second-order partial derivatives given
by
2 2 2
i@ g f(@) o gl (@)
2 2 2
. — ﬁf@) aa—wgf(w) ﬁf@?)
- . . .

2 2

ﬁf(m) ﬁf@) afo( x)

9.3 VECTOR AND MATRIX FUNCTIONS

Suppose now that f,,...,f,, each is a function of the same n x 1 vector
x = (zy,...,z,) . These m functions can be conveniently expressed as components
of the vector function
fi(@)
fl@)=1 =
f?n(m)

The function f is differentiable at @ if and only if each component function f; is
differentiable at x. The Taylor formulas from the previous section can be applied
component-wise to f. For instance, the first-order Taylor formula is given by

flo+w = @)+ (5 F@) utri(u2)
= fla) +d f@) + 7 (),

where the vector remainder 7, (u, x) satisfies

lim 7%

u—0 (ww)l/? =0

and the first derivative of f at « is given by the m x n matrix

6$1f1(w) ax2f1(w) aggnf1(93)
0 ax1f2(m) a@fz(m) %fz(m)

axlf () amf (@) - o fm(2)

This matrix of partial derivatives is sometimes referred to as the Jacobian matrix of
f atx. Again, it is crucial to understand the relationship between the first differential
and the first derivative. If we obtain the first differential of f at « in w and write it in
the form

df = Bu,

then the m x n matrix B must be the derivative of f at x .
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If y and g are real-valued functions satisfying y(x) = g(f()), then the general-
ization of the chain rule given in (9.3) is

i@ =3 (5700) (30@)

i j=1

0 0
“(o720) (3. 7)
fori =1,...,n, or simply

i) = (500 (5 712

In some applications, the f;’s or the z;’s are arranged in a matrix instead of a
vector. Thus, the most general case involves the p x ¢ matrix function

Jin(X) fio(X) - fig(X)
fon(X) fo(X) - foy(X)

FX) =

Sot(X) fpa(X) - [y (X)

of the m x n matrix X. Results for the vector function f () can be easily extended
to the matrix function F'(X) by using the vec operator; that is, let f be the pg x 1
vector function such that f(vec(X)) = vec(F(X)). Then, for instance, the Jacobian
matrix of F" at X is given by the pg x mn matrix

0

MT(X)’ F(vec(X))

= W VeC(F(X)),

which has as its (4, j)th element the partial derivative of the ith element of vec(F' (X))
with respect to the jth element of vec(X). This could then be used to obtain the
first-order Taylor formula for vec(F(X + U)). The differentials of the matrix F'(X)
are defined by the equations
vee(d' F) = vee(diy F(X)) = d'f = di o) f(vee(X)):

thatis, d* F, the ith-order differential of F' at X in the incremental matrix U, is defined
as the p x ¢ matrix obtained by unstacking the ith-order differential of f at vec(X)
in the incremental vector vec(U).

Basic properties of vector and matrix differentials follow in a fairly straightforward
fashion from the corresponding properties of scalar differentials. We will summarize
some of these properties here. If x and y are functions and « is a constant, then the
differential operator, d, satisfies
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(a) do =0,
(b) d(ax) = adz,

(©) dz+y) =dx+ dy,
(@) d(zy) = (dz)y + =(dy).
(e) dx® = ax* dz,

(f) de® = e*dx,

(g) dlog(z) = z~'dx.

For instance, to illustrate property (d), note that
(z + dz)(y + dy) = zy + x(dy) + (dz)y + (dz)(dy),

and d(xy) will be given by the first-degree term in dx and dy, whichis (dz)y + x(dy)
as required. Using these properties and the definition of a matrix differential, it is
easily shown that if X and Y are matrix functions and A is a matrix of constants,
then

(h) dA = (0),

(i) d(aX) = adX,

() d(X') = (dX),

k) d(X+Y)=dX +dY,

D) d(XY)=(dX)Y + X(dY),

(m) dtr(X) =tr(dX),

(n) dvec(X) = vec(dX),

0 dX®Y)=UdX)Y +X ® (dY),
P dXoY)=WdX)oY +X O (dY).

We will verify property (1). Thus, we must show that the (7, j)th element of the
matrix on the left-hand side of the equation, (d(XY")),;, is the same as the (7, j)th
element on the right-hand side, (d.X),.(Y).; + (X),.(dY).;, where X is m x n and
Y is n x m. Using properties (c) and (d), we find that

(d(XY))ij = d{(X)i~(Y)~j} =d {inkykj}
k=1

= Zd(xikykj) = Z{(dxik)ykj + 2, dYy,; }
=1

k=1

Z dSE yk] + lek‘dyk‘j
k=

.

k=1
= (dX)i~(Y)-j + (X)i-(dy)ja

,_.

and so (1) is proven.
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We illustrate the application of some of these properties first by finding the deriva-
tives of some simple scalar functions of a vector , and then by finding the derivatives
of some simple matrix functions of a matrix X.

Example 9.1 Let = be an m x 1 vector of unrelated variables, and define the
functions

where a is an m x 1 vector of constants, and
g(x) = ' Az,

where A is an m X m symmetric matrix of constants. The hth component of the
1 x m row vector Of /0x' is Of /Ox;, and

i 0
5% athax —Za (a—l'hx):ah’

i=1

because
0 1, ifi=h,
B, "t T \0, ifi#h.
This then implies that
KA
ox' '

In a similar fashion, we compute the hth component of the 1 x m row vector dg/dx’

as

D ) DL TIESD 9) UM ey

hi = =1 =1
> { () o (3}
hJ:chrZa

aj,; +Zah:1c _2Za

Il
I Ms I Mg H'Ms

because a;;, = a,,;. Note that this derivative can be written as 2x'(A) ;,, so

0
i 22 A.
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An alternative approach to computing these derivatives, one that we will use in most
of our examples, involves direct calculation of the differential. As a by-product, we
obtain the derivative. For instance, the differential of the first function is

df =d(d'x) = d'dx.

Since this differential and the derivative are related through the equation

af = (aif) iz,

we immediately observe that the derivative is given by
9 /
—f=a.
ox’

The differential of our second function is given by

dg = d(x' Az) = d(z') Az + 2'd(Ax) = (dz) Az + =’ Adx
={(dz) Az} + 2’ Adx = 2’ A'dzx + 2’ Adx = 22’ Adzx.

By again making use of the relationship between the differential and the derivative,
we observe that

0

Example 9.2 Let X be anm x n matrix of unrelated variables, and define the func-
tions
F(X)=AX,

where A is a p X m matrix of constants, and
GX)=(X-C)B(X -0),

where B is an m x m symmetric matrix of constants and C' is an m X n matrix of
constants. We will find the Jacobian matrices by first obtaining the differentials of
these functions. The derivatives can be obtained from these differentials because, for
instance, if we obtain

dvec(F) = Wdvec(X),

then the matrix W will be the derivative of vec(F' (X)) with respect to vec(X). For
our first function, we find that

dF = d(AX) = AdX,
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so that

d vec(F) = vec(dF) = vec(AdX) = (I, ® A) vec(dX)
— (I, ® A)dvec(X),

where we have used Theorem 8.11. Thus, we must have

WVGC(F) = I’n. ®A

The differential of our second function is

dG = d{(X — C)B(X — O)}
— {d(X' = C")}B(X - C) + (X — O B{d(X - C)}
= (dX)'B(X - C) + (X — C)'BdX,

from which we obtain

dvec(G) ={(X —C)B®1I,} vec(dX') + {I,, ® (X — C)' B} vec(dX)
={(X-0)B®I,}K,,, vec(dX) +{I, ® (X — C) B} vec(dX)
=K, {I,® (X —C)B}vec(dX) + {I,, ® (X — C)'B} vec(dX)
= (I,»+ K,,,){I,, ® (X — C)'B} vec(dX)
=2N,{I, ® (X — C)'B}d vec(X),

where we have used properties of the vec operator and the commutation matrix devel-
oped in Chapter 8. Consequently, we have

Bvec(xy Ve(G) = 2Nu{l, © (X — C)'B}.

In Example 9.3, we show how we can use the Jacobian matrix of the simple trans-
formation z = ¢ + Ax to obtain the multivariate normal density function given in
(1.13).

Example 9.3 Suppose that z is anm x 1random vector with density function f; (2)
that is positive for all z € S; C R™. Let the m x 1 vector = x(z) represent a
one-to-one transformation of S| onto S, C R™, so that the inverse transformation
z = z(x), ¢ € S, is unique. Denote the Jacobian matrix of z at x as

0
J = %z(a:)
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If the partial derivatives in J exist and are continuous functions on the set S,, then
the density of x is given by

fo(®) = fi(2(2)) |J].

We will use the formula above to obtain the multivariate normal density, given
in (1.13), from the standard normal density. Now recall that, by definition,
x ~ N, (u, ) if & can be expressed as © = p + T'z, where 77" = Q and the
components of z, zy,..., z,,, are independently distributed each as N(0,1). Thus,
the density function of z is given by

e L ! e 1z'z
| I X 3% ) = momr P (=5 .
Pl /9 p (27‘-)m/2 p 2

The differential of the inverse transformation z = T~ !(x — ) is dz = T~ 'dx, and
so the necessary Jacobian matrix is J = T~!. Consequently, we find that the density
of x is given by

(@) = gz o (5 (T @ = W) T o= ) ) 177

1
 (2m)mAT|

1 1 ro—

e (< (e W/ T T @ )

because
Qfl — (TT,)71 — T711T71

and
|Q‘1/2 ‘TTI|1/2 |T|1/2|T/|1/2 |T‘1/2|T|1/2 |T|

9.4 SOME USEFUL MATRIX DERIVATIVES

In this section, we will obtain the differentials and the corresponding derivatives of
some important scalar functions and matrix functions of matrices. Throughout this
section, when dealing with functions of the form f(X') or F/(X), we will assume that
the m x n matrix X is composed of mn unrelated variables; that is, X is assumed
not to have any particular structure such as symmetry, triangularity, and so on. We
begin with some scalar functions of X.

Theorem 9.1 Let X be an m X m matrix, and let X “ denote the adjoint matrix of
X. Then

0

@ d{tr(X)} = vee(I,Yd vee(X); 5=y

tr(X) = vec(1,,),
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0
(¢) and if X is nonsingular,
_ -1 . _ —17\/
d|X| = |X|tr(X " dX); 7@vec(X)"X| | X| vee(X )"

Proof.  Part (a) follows directly from the fact that

dtr(X) =tr(dX) = tr(,,dX) = vec(I,,) vec(dX)
= vec(I,,)'d vec(X),
with the third equality following from Theorem 8.10. Since X, is the transpose of

the matrix of cofactors of X, to obtain the derivative in (b), we simply need to show
that 5
—8 |X| = Xija

)

where X, is the cofactor of z;;. By using the cofactor expansion formula on the ith
row of X, we can write the determinant of X as

m
| X| = Z Ty X,
k=1

Note that for each £, X, is a determinant computed after deleting the ¢th row so that
each X, does not involve the element z,;. Consequently, we have

8 a m m a
Ox;; X = Oz, inkxik = Z (87xlk> Xy = X5
’ Y k=1 k=1 ij

Using the relationship between the first differential and derivative, we then get
d|X| = {vec(X})} vec(dX) = tr(X 4dX)
as required. Part (c) follows directly from (b) because if X is nonsingular, then
X 1= |X|*1X#. O
An immediate consequence of Theorem 9.1(c) is Corollary 9.1.1.

Corollary 9.1.1 Let X be an m x m nonsingular matrix. Then

dflog(|X|)} = tr(X~dX); log 1) = vec(X 1.

92
0 vec(X)
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Theorem 9.2 gives the differential and derivative of the inverse of a nonsingular
matrix.

Theorem 9.2 If X is a nonsingular m x m matrix, then

dX 1= - X"YdX)x 1 vee(X N =—(X"YoXx").

0 vec(X)

Proof. Computing the differential of both sides of the equation I,, = X X!, we
find that
(0) =dI,, =d(XX ') = (dX)X '+ X(dX).
Premultiplying this equation by X ~! and then solving for d.X ~! yields
dX ' =-X"'dx)X 1,

which leads to

dvec(X ') = vec(dX ') = —vec(X 1 (dX)X )
= (X" ® X Yvec(dX)
= (X Yo X )dvec(X),

and so the proof is complete. (]

A natural generalization of Theorem 9.2 is one that gives the differential and
derivative of the Moore—Penrose inverse of a matrix. Theorem 9.3 gives the form
of these when they exist at a matrix X . Conditions for the differentiability of X+ can
be found in Magnus and Neudecker (1999).

Theorem 9.3 If X is an m x n matrix and X is its Moore—Penrose inverse, then
dxX+t = (I, — XJ“X)(CZX’)XJ”X+ + Xt X(dX")\(T,, — XX*) - X*(ch)XJr
and

Fvec(y YoeX ) = (XX @ (1, — X7 X) (I, — XX ) @ X7 X7}

x K, —(XV®X"h).

mn
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Proof. Note that
dXXT)=(@dX)X" + XdX™,

from which we get
XdX* = d(XXT) - (dX)X*. 9.5)
Since X+ = XTX X, we also have

X' =d(XTXXT) =d(XTX)X" + X XdX*
= d(XTX)XT + XTd(XXT) = XT(dX)XT, (9.6)

where we have used (9.5) in the last step. Thus, if we obtain expressions for d( X+ X))
and d(X X ™) in terms of dX, we can then find dX*. To find d(X X ™), we use the
fact that X X " is symmetric and idempotent to get

AXXT)=d(XXTXXT)=d(XXDXX" + XX d(XX™)
= d(XXHXXt 4+ (dXXT)XXTY, (9.7)

because d(X X)) = d((XX 1)) = d(XX™"). However,
XXX =dX — XXTdX = (I,, — XX)dX, (9.8)
because X = X X X implies that
dX = d(XX+X) = d(XX")X + XX"dX.
Now substituting (9.8) in (9.7), we find that

AXXT) = (I, — XX)(dX)X" +{(I,, — XX")(dX)X"}
= (I, — XX")(dX)X" + XX, - XX). (9.9

m

By using the fact that X " X is symmetric and idempotent, we can show in a similar
fashion that

AXTX) = XT(dX)(I, — XTX) + (I, - X" X)(dX)X". (9.10)

Substituting (9.9) and (9.10) into (9.6), and noting that (I,, — X" X)X = (0) and
XTI, — XX*)=(0), we get

dX*t = (I, - X*X)(dX)XVX" + Xt XV (dX') (I, — XX 1) - XT(dX)XH,
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as is required. When we take the vec of both sides of the equation above, we get

dvec(X") ={X"X*®@ (I, — X" X)} vec(dX")
+{(I,, - XX") @ X" X" }vec(dX’)
— (X7 ® XT)vec(dX)
— (X"Xt @ (I, - XTX)
+ (I, - XX") @ Xt X"}K,,,dvec(X)
— (X" @ XT)d vee(X),

which yields the required expression for the differential. U

9.5 DERIVATIVES OF FUNCTIONS OF PATTERNED MATRICES

In this section, we consider the computation of the derivative of a function of an
m X n matrix X when some of the variables of X are related to one another. In
particular, we will focus on the situation in which X is square and symmetric. For a
more general treatment of the topic of derivatives of functions of patterned matrices,
see Nel (1980).

If X is an m x m symmetric matrix of variables, then because of the symmetry it
only contains m(m + 1)/2 mathematically independent variables. These variables
are precisely the variables comprising the vector v(X). If f(X) is some vector
function of the matrix X, then the derivative of f will be given by the matrix

0
ov(X) FX)-

We can compute derivatives of this form by using the derivative

0

0 vec(X)' FX)

for a general nonsymmetric matrix X, along with the chain rule. Specifically, from
the chain rule we have

%f(X) N <av%(X)/f(X)> (%V(%C(XO.

It must be emphasized here that the first of the two derivatives on the right-hand side
of this equation is computed ignoring the symmetry of X. The second of these two
derivatives can be conveniently expressed if we make use of the duplication matrix
D,,.Since D, v(X) = vec(X), we immediately get D,,d v(X) = d vec(X), and so

0 0
st T = (G 70 ) D
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Consequently, the following results follow directly from Theorem 9.1, Theorem 9.2,
and Theorem 9.3.

Theorem 9.4 Let X be an m x m symmetric matrix of variables. Then

0

(a) W|X| = vec(Xy)'D,,,
®) 0 V?}()/ vec(X ') = —(X'® X ")D,, if X is nonsingular,
© 3 V?X)f vee(X¥) = ({X* X" @ (I, - X7 X)

+ (I, - XX @ XTXTIK

mm

- (‘Xr+ ® X+))D77L'

The derivatives given in (b) and (c) of Theorem 9.4 still have some redundant
elements because of the symmetry of X! and X *. In general, if X is an m x m
symmetric matrix of variables and the m X m matrix function F'(X) is also symmet-
ric, then all derivatives of elements of F'(X) with respect to elements of X will be
contained in the matrix derivative

0
WV{F(X)}*

This matrix derivative can be easily computed from the derivative

A=

o
aV(X)/vec{F(X)} (9.11)

by again using the relationship vec(F') = D, v(F). Thus, because (9.11) implies that
dvec(F) = A dv(X), we have

D, dv(F)=Adv(X)

or
D} D, dv(F)=dv(F)= D} Adv(X),

because D)} D, = Ly (m41)/2 by Theorem 8.32. Using this result, we obtain the
derivatives in Corollary 9.4.1.

Corollary 9.4.1 Let X be an m X m symmetric matrix of variables. Then

(a) %V(Xl) =-D! (X '® X 1D,, if X is nonsingular,
v
®) %v(X*) — DL(X X @ (I, ~ X' X)

+(I, - XX)®X"XT}K, —(X*©X")D,,.



402 MATRIX DERIVATIVES AND RELATED TOPICS
9.6 THE PERTURBATION METHOD

The perturbation method is a technique, closely related to the method using the
differential operator, for finding successive terms in a Taylor expansion formula. In
this section, we will use this method to obtain Taylor formulas for some important
matrix functions. A more rigorous treatment of this subject can be found in texts
such as Hinch (1991), Kato (1982), or Nayfeh (1981).

Suppose that the elements of dX are small, which we can emphasize by writing
dX = €Y, where € is a small scalar and Y is an m X n matrix. Then X + €Y
represents a small perturbation of the m x n matrix X. The Taylor formula for the
vector function f of X would then be of the form

o0

FIX+eV) = F(X)+ > _€g,(X,Y),

=1

where g,(X,Y’) represents some vector function of the two matrices, X and Y.
Similarly, if we have a matrix function F', then the expansion would be of the form

F(X +eY)=F(X)+ Z €G(X,Y). 9.12)

=1

Our goal is to determine the first few terms in the summations given above. These then
can be applied in an approximation of f(X + €Y) or F((X + €Y") when € is small.
For instance, suppose that m = n and our function is the matrix inverse function; that
is, F(X) = X L. For notational simplicity, write G;,(X,Y) = G, and suppose that
the m x m matrices X and (X + €Y") are nonsingular. Then (9.12) can be written

(X+eY) ' =X 4eG+ Gy + G, + -+
However, we must have
I,=(X+eV)(X+ev) !
= (X 4+ V)X 4G, + Gy +EG, + )
=I,+e(YX '+ XG)+EYG, +XGy)
+E(YGy+ XGy) + .
If this result is to hold for all ¢, then we must have (Y X!+ XG,) = (0) or,
equivalently,
G, =-X'vyx

Similarly, we must have (Y'G, + XG,) = (0) so that

Gy=-X'YG, =X'YX'vyx,
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and in fact, it should be apparent that we have the recursive relationship
G,=-X'vaG, .

As a result, we have

(X+eV) =X eXx 'YX ' +X Y Xy x!
—EXTYX WYXy X 4

or, if we return to the notation dX = €Y,

(X4+dX) ' =X - X1dX)X '+ X HdX)X ' (dX) X!
— X NdX)X M dX)X dX)X 4.

Next, we will use this perturbation method to determine the first few terms in the
Taylor series expansion for an eigenvalue of a symmetric matrix. Such an expansion
will be possible only if the corresponding eigenvalue of the unperturbed matrix X is
distinct. We will first consider the special case in which X is a diagonal matrix.

Theorem 9.5 Suppose X = diag(zy,...,z,,), where xy > - >z, 1 > x; >
Ty > -+ >, so that the /th diagonal element x; differs from the other diagonal
elements of X. Let U be an m X m symmetric matrix, and denote the [th largest
eigenvalue and corresponding normalized eigenvector of X + U by A\;(X + U) and
7, (X + U), respectively. Then

A (X + U) + Z u?l Z ulluz?l
Al (z; — ) 2l (z; — ;)

n Z Z : Uz U Uy

z; —x)(7; — )’

1 2 2
%z(X*'U)%l——Z Uil _Z Uy Uiy

il (2, — ) it (2, — )

U U Uyj
t 2 G e —a)

and for h # [,

u Uy U
X+ U) ~— hl _ YA
WX +U) (zp, — ) (zp, —7))?

2
Ui Upg Ul

+ ; (x), — ) (z; — ) (2), — 2))3
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2
i ulluhz il + UpiUsy
§ : 2
.’,E 756 ,13 — X Ty, — T xr, — T
U
1R Uil
LD D e ey
Z# ) l
*ZZ u’”u -
n—x)(z, —x T;—x
24 2t (= ), — ), — )
thuzz
+ n— ) (x, —x;)?
zyél h =) !

where y;,;(X + U) denotes the hth element of -y, (X + U), and these approximations
are accurate up through third-order terms in the u’s.

Proof. Here U is the perturbation matrix, and we wish to write A\, = \;(X + U)
and vy, = v,(X + U) in the form

)‘l:$1+a1+a2+a3+"'v (913)
7l:el+b1+b2+b3+'“7 9.14)
where a; and b, only involve ith degree terms in the elements of U. Substituting
these expressions in the defining equation (X + U)~y, = A;7,, and then equating ith

degree terms in the elements of U on the left-hand side of this equation to those on
the right-hand side, we obtain

Xe, = x€e, (9.15)
Xb, +Ue; = ;b +a,e, (9.16)
Xb, +Ub, = 2;b, + a;b;, + ayey, (9.17)
Xb; +Uby = x,b3 + a,by + ayby + aze;. (9.18)

In a similar fashion, the normalizing equation -}y, = 1 yields the identities

e;el = 1, (919)

e;b, + ble, =0, (9.20)

e;b, + b\ b, + be, =0, 9.21)

e;b; + bl b, + byb, + ble; = 0. (9.22)

Equations (9.15) and (9.19) are trivially true, whereas equations (9.16) and (9.20) can
be used to find @, and b,. Premultiplying (9.16) by e; and then solving for a;, we find
that

a; = eUe, = uy, (9.23)
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because e;Xb, = z;e;b; follows from (9.15). We can then rewrite (9.16) as the
system of linear equations

(X =2 L,)by = =(U —uyly, ey,
with the general solution for b, given by
by = —(X —2,1,,) (U —uyl,,)e; + crey,

where ¢, is an arbitrary constant. Since (X — x;I,,)"e; = 0 and (9.20) implies that
e;b, = 0, it follows that ¢, = 0, and thus,

b =—(X —x,1,)" Ue,. (9.24)

Next, we will use (9.17) and (9.21) to find a, and b,. Premultiplying (9.17) by e and
then solving for a,, we find, after we again use the fact that e;b1 = 0, that

ay = e;Ub, = —e)U(X — z,1,,) Ue,. (9.25)
Rewriting (9.17) as the system of equations in b,,
(X =2 1,,)by = aye; — (U — a,1,,,)by,
which for any scalar ¢, has as a solution,
by = (X —x,1,,) {ase, = (U — a,1,,)b } + crey.

Now because (X — z;1,,)"e; = 0 and (9.21) implies that e}b, = — b} b,, we find
that

1 1
Gy = _ibllbl = —ieEU{( —ayl,) Y Ue = __Z

.13 — T
i#l )

and so with this value for c,, the solution for b, is given by
b2 = (X—xllm)+(U—UllIm)(X—ml ) Uel +02€l (926)
To find a5, premultiply (9.18) by e; and solve for as, after using e;b, = 0, to get

ay = ¢€,(U—a,I,,)b,

=e)(U —uyl, (X — 2 0,) (U = uy ) (X —x,1,,) Ue; + coe;}
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Equation (9.18) can be expressed as

(X —x1,)by = aze; + azby — (U — a,1,,)b,,
so that the solution for b; will be given by

by = (X —a,1,,) {aze; + asb, — (U — a,1,,)by} + €,
= (X —xy0,) {agb, — (U — a,1,,)by} + e, (9.28)

where ¢ is an arbitrary constant. By premultiplying this equation by e and using
ejb; = —b\ b, that follows from (9.22), we find that

C3 = —b 1by = eEU{(X - xlIm>+}2(U =yl ) (X — xllm)+U€l

B Z ulluzl Z Z zl“ﬂu
(z; — =) (T — x)

£l H i#£l ﬁél Ti

The results now follow by substituting (9.23), (9.25) and (9.27) in (9.13), and (9.24),
(9.26) and (9.28) in (9.14). O

We can use Theorem 9.5 to obtain expansion formulas for a general symmetric
matrix; that is, if Z is an m x m symmetric matrix and W is its associated sym-
metric perturbation matrix, then we can obtain expansion formulas for \,(Z + W)
and v;(Z+W). Let Z =QXQ' be the spectral decomposition of Z, so that
X = diag(zy,...,z,,), with x; being an eigenvalue of Z corresponding to the

eigenvector g;, which is the /th column of (). As in Theorem 9.5, we assume that z; is
a distinct eigenvalue. If we let U = Q"W Q, then the eigenvalue-eigenvector equation

(Z4+Wv(Z+W)=X(Z+ W)y (Z+ W)
can be equivalently expressed as
(X +U)Qi(Z + W) = N(Z + W)Q(Z + W)

that is, U is the perturbation matrix of X and X\;(Z + W) is an eigenvalue of
(X 4+ U) corresponding to the eigenvector Q'~y,(Z + W). Thus, if we use the
elements of U = QW Q' in place of those of U in the formulas in Theorem 9.5, we
will obtain expansions for \;(Z + W) and Q'v,(Z + W). For instance, first-order
approximations of \;(Z + W) and ~,(Z + W) are given by

NZ+W) =~z +qWq,,
7[(2 + W) ~ Q{el - (X 77L) (Q WQ)el}
=q,—(Z— CEzjm) Waq.
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Theorem 9.6 is an immediate consequence of these first-order Taylor expansion
formulas.

Theorem 9.6 Let \;(Z) be the eigenvalue function defined on m x m symmetric
matrices Z, and let «y;(Z) be a corresponding normalized eigenvector. If the matrix
Z is such that the eigenvalue \;(Z) is distinct, then differentials and derivatives at
that matrix Z are given by

a ! !
WAZ(Z) = ®7)D,,,

dy,=—(Z - )\zIm)Jr(dZ)’Yz»

d\, = v (dZ)~,

Gz D) =~ (8 (Z = ML) ID,.

The expansions given in and immediately after Theorem 9.5 do not hold when
the eigenvalue z; is not distinct. Suppose, for instance, that again z; > --- >z, ,
butnow x; = 2;,; = --- = x;,,_, so that the value x, is repeated as an eigenvalue
of Z=QXQ', r times. In this case, we can get expansions for X, ;,,. (Z + W),
the average of the perturbed eigenvalues \;(Z + W),..., N\, (Z + W), and
the total eigenprojection ®; associated with this collection of eigenvalues; if
Py wiNi1(Z + W)} represents the eigenprojection of Z 4+ W associated with
the eigenvalue A\, ;_,(Z + W), then this total eigenprojection is given by

P, = ZPZ+W{)‘I+1—1(Z + W)}

=1

= Z'YlJrifl(Z + WYy (Z +W).

i=1

These expansions are summarized in Theorem 9.7. The proof, which is similar to that
of Theorem 9.5, is left to the reader.

Theorem 9.7 Let Z be an m X m symmetric matrix with eigenvalues
Ty 2 2w > A= Xy = = Xy > Ay 200 2 Ty, SO that
is an eigenvalue with multiplicity r. Suppose that W is an m x m symmetric
matrix, and let A\ > X\, > --- > X be the eigenvalues of Z 4+ W, whereas
Xz,l+r71 =r~'(\,+ -+ A,_1). Denote the eigenprojection of Z corresponding
to the repeated eigenvalue x; by P,, and denote the total eigenprojection of
Z + W corresponding to the collection of eigenvalues A;,..., A\, ,._; by ®;. Define
Y =(Z — x,1,,)". Then the third-order Taylor approximations

ALitr—1 R 2+ ay + ay + ag,

O, ~ P, + B, + B, + B,
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have

1
a, = ;tr(WPl),

1
ay = —;tr(WYWPl),

as = %{tr(YWYWPlW) —tr(Y2PWP,WP,W)},

B, =-YWP, - PbWY,

By, =YWPWY +YWYWP, - Y*WP,WP, + PBWYWY
—~- PWPWY? - PWY*WP,

By =Y*WPWYWP,+ PWYWPWY? +Y*WP,WP,WY
+YWPWPWY?+Y*WYWPWP, + PBWP,WYWY?
+YWY?WPWP, + BWPWY*WY - Y*WP,WPWP,
~ PWPWPWY? - YWYWPWY —~YWP,WYWY
~YWYWYWP, - PWYWYWY +YWP,WY?*WP,

+ PWY*WPWY + PWY*WYWP, + PWYWY*WP,
—~ PWY3WPWP, — BWP,WY*WP,.

Example 9.4 Suppose that {2 is an m x m covariance matrix and its smallest eigen-
value, A, has multiplicity r. Let .S be the sample covariance matrix defined in Section
1.13, and define A = S — Q so that S = € + A. We can use Theorem 9.7 to obtain
approximations of functions of S in terms of A. For instance, as an illustration, we will
consider the first-order approximation of P(S — /A\Im)ff’, where ) is the average of
the  smallest eigenvalues of S and P is the total eigenprojection of .S corresponding
to these 7 eigenvalues. Now from Theorem 9.7, we have the approximations AR A+
r~!tr(AP) and PrP+ B,, where P is the eigenprojection of €2 corresponding to
its smallest eigenvalue and the formula for B, can be obtained from Theorem 9.7.
Ignoring second-order terms in A, these approximations yield the approximation

P(S— M, )P~ (P+B)((Q+4) —{\+r "' tx(AP)}I, )(P + B,)
=(P+B)(Q—=A,) +{A—r""tx(AP)I,,})(P + B,)
=P(Q—\,)P+ B,(Q—\,,)P+ P(Q—\,)B,

+ P{A—r'tr(AP)I,} P
=P{A—r"tr(AP)I,} P,

where the last equality has used the fact that P(Q — A1) = (Q — A\[,,,) P = (0).
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9.7 MAXIMA AND MINIMA

One important application of derivatives involves finding the maxima or minima of
a function. A function f has a local maximum at an n x 1 point a if for some § > 0,
f(a) > f(a+ x) whenever ’x < §. This function has an absolute maximum at a
if f(a) > f(x) for all  for which f is defined. Similar definitions hold for a local
minimum and an absolute minimum,; in fact, if f has a local minimum at a point a,
then — f has a local maximum at a, and if f has an absolute minimum at a, then
— f has an absolute maximum at a. For this reason, we will at times confine our
discussion to only the case of a maximum. In this section and the next section, we
state some results that are helpful in finding local maxima and minima. For proofs
of these results, see Khuri (2003) or Magnus and Neudecker (1999). Our first result
gives a necessary condition for a function f to have a local maximum at a.

Theorem 9.8 Suppose the function f(x) is defined for all n x 1 vectors x € S,
where S is some subset of R". Let a be an interior point of S; that is, a § > 0 exists,
such that a + w € S for all w'u < §. If f has a local maximum at @ and f is differ-
entiable at a, then

0 '
g/ (@) =0 (9.29)

Any point a satisfying (9.29) is called a stationary point of f. Although
Theorem 9.8 indicates that any point at which a local maximum or local minimum
occurs must be a stationary point, the converse does not hold. A stationary point
that does not correspond to a local maximum or a local minimum is called a saddle
point. Theorem 9.9 is helpful in determining whether a particular stationary point
is a local maximum or minimum in those situations in which the function f is twice
differentiable.

Theorem 9.9 Suppose the function f(x) is defined for all n x 1 vectors x € S,
where S is some subset of R™. Suppose also that f is twice differentiable at the
interior point a@ of S. If a is a stationary point of f and H is the Hessian matrix of
f at a, then

(a) f has alocal minimum at a if H is positive definite,
(b) f has alocal maximum at a if H ¢ 1s negative definite,

(c) fhasasaddle pointataif H  is nonsingular but not positive definite or negative
definite,

(d) f may have a local minimum, a local maximum, or a saddle point at a if H ¥ is
singular.

Example 9.5 On several occasions, we have discussed the problem of finding a
least squares solution 3 to the inconsistent system of equations

y = Xg,
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where y is an N X 1 vector of constants, X is an N x (k + 1) matrix of constants,
and Bis a (k + 1) x 1 vector of variables. A solution was obtained in Chapter 2 by
using the geometrical properties of least squares regression, whereas in Chapter 6 we
utilized the results developed on least squares generalized inverses. In this example,
we will show how the methods of this section may help obtain a solution. We will
assume that rank(X) = k + 1; that is, the matrix X has full column rank. Recall
that a least squares solution ,@ is any vector that minimizes the sum of squared errors
given by

f(B)=(y—XB)(y— XB).

The differential of f(3) is

df = {d(y — XB)}y — XB) + (y — XB)'d(y — XB3)
= —(dB)X'(y — XB) — (y — XB)XdB
= —2(y — XB)'Xdp,

so that
O 1(B) = —2(y — XBY'X.
B

Thus, on setting this first derivative equal to 0’ and rearranging, we find that the sta-
tionary values are given by the solutions 3 to the system of equations

X'XB=X"y. (9.30)

Since X has full column rank, X’X is nonsingular, and so the unique solution to
(9.30) is

B=(XX)"'X"y. 9.31)

To verify that this solution minimizes the sum of squared errors, we need to obtain

the Hessian matrix H ;. The second differential of f(/3) is given by

d*f = d(df) = —d{2(y — XB)' XdB}
= —2{d(y — XPB)}Y Xdp
=2(dB)'X'XdB,

so that

H;=2X'X.

Since this matrix is positive definite, it follows from Theorem 9.9 that the solution

given in (9.31) minimizes f(3).
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Example 9.6 One of the most popular ways of obtaining estimators of unknown
parameters is by a method known as maximum likelihood estimation. If we have
a random sample of vectors x,...,x, from a population having density function
f(x; 0), where 0 is a vector of parameters, then the likelihood function of € is defined
to be the joint density function of x,, ..., x,, viewed as a function of 0; that is, this
likelihood function is given by

n

(0) = ] f(x.: ).

i=1

The method of maximum likelihood estimates @ by the vector 6 that maximizes L(6).
In this example, we will use this method to obtain estimates of p and {2 when our sam-
ple is coming from the normal distribution, N,, (@, ©2). Thus, p is an m x 1 vector,
Q) is an m x m positive definite matrix, and the required density function f(x; p, )
is given in (1.13). In deriving the estimates £ and ), we will find it a little bit easier
to maximize the function log(L(u, 2)), which is, of course, maximized at the same
solution as is L(g, €2). After omitting terms from log(L(g, €2)) that do not involve
p or €, we find that we must maximize the function

1 1
g(p, Q) = _gnlog Q2 — Etr(QilU%

where

U= Z(mz —p)(z; —p)

i=1

The first differential of g is given by
1 1 - 1 -
dg = —3n d(log [€?]) — itr{(dﬂ W}t — itr(ﬂ du)

1 1
=—3n tr(Q1dQ) + 5tr{grl(azQ)srlU}

+ %tr (Ql {(du) D (@ —p) + Z(wi - u)du’}>

=1

= %tr{(dQ)Q’l(U —n)Q '}

+ (@ nld) (@ — )’ + (@ — p)dp'})

1
§tr{(dQ)Q_1(U —n)Q '} +n(@ — p)Q tdp
_ %Vec(dﬂ)/(srl © Q) vee(U — nf) + n(@ — p)'Q dp,

where the second equality applied Corollary 9.1.1 and Theorem 9.2, and the fifth
equality applied Theorem 8.12. Since ) is symmetric, vec(d2) = d vec(Q) =
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D,,dv(Q2), and so the differential may be re-expressed as

dg = %{d QYD (@ Q) vee(U — nQ) +n(@ — p)'Q 'du,  (9.32)

and thus,
0 _ _
8N,g = TL(:I: - /")/Q la
0 1 rro—1 -1

On equating these first derivatives to null vectors, we obtain the equations
nQ_l(f - l‘l’) =0,
D, (Q @) vec(U —nQ) = 0.

From the first of these two equations, we obtain the solution for p, fi = T, whereas
the second can be rewritten as

D, Qe D, v(U —nQ) =0,
because the symmetry of (U — n€2) implies that vec(U — nQ)) = D, v(U — n{Q).
Premultiplying this equation by D}, (2 ® ) D/ and using Theorem 8.35, we find

that
v(U —nQ)) =0.

Since (U — nf2) is symmetric, this implies that (U — n2) = (0), and so the solution

for  is Q = n'U. All that remains is to show that the solution (fa, Q) yields a
maximum. By differentiating (9.32) , we find that

g = %{d QYD {d(Q ! @ Q1)) vee(U — nQ)
+ %{d v(QY DL (2 @ Q) vec(dU — ndQ)
—n(dp)Q tdp + n(x — p) (dQ ) dp.

Evaluating this at g = Z and = n~'U, we find that the first and the fourth terms
on the right-hand side of the equation above vanish. In addition, note that

AU = n(dp)(Z — p) +n(T — p)dp’

also vanishes when evaluated at g = @. Thus, at u = Z and Q = n"'U,

&g = —g{d VYD, (' @ QD d v(Q) — n(dp)Q dp

— i VI, | ot |
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where
o —n! (0)
= () -3p, @7 20D,

Clearly, H, is negative definite because Q' and D;, (™' ® Q~")D,,, are positive
definite matrices, which then establishes that the solution (i1, ) = (Z,n'U) yields
a maximum.

9.8 CONVEX AND CONCAVE FUNCTIONS

In Section 2.11, we discussed convex sets. Here we will extend the concept of convex-
ity to functions and obtain some special results that apply to this class of functions.

Definition 9.1 Let f(x) be a real-valued function defined for all x € S, where S is
a convex subset of R™. Then f(x) is a convex function on S, if

flex; + (1 = c)my) < cf(xy) + (1 —c)f(zy) (9.33)

forall @, # @y, ¢, € S, 2y € S,and 0 < ¢ < 1. The function f(x) is a strictly con-
vex function if inequality (9.33) is always a strict inequality. If — f () is a (strictly)
convex function, then f(x) is said to be a (strictly) concave function.

The implication of Definition 9.1 is that the line between any two points of a
convex function must be above the function. Figure 9.1 illustrates a convex function
when z is a scalar variable.

If f(x) is a convex function, then it is easily verified that the set defined by

T={z=(ay) :@weSy=flx)}

Dy

—
8

=

cf(z1) + (1 —c)f(z2)

>

flezr + (1= c)zs)

z1 cxy + (1 —c)ze T2

Figure 9.1 A convex function f(x) of a scalar variable
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is a convex subset of R™*!. For instance, if m = 1, then 7" will be a convex subset
of R?. In this case, for any a € S, the point (a, f(a)) will be a boundary point of the
set T'. Now from the supporting hyperplane theorem, Theorem 2.32, we know that
there is a line passing through the point (a, f(a)), such that the function f(x) is never
below this line. Since this line passes through the point (a, f(a)), it can be written in
the form g(z) = f(a) + t(x — a), where t is the slope of the line, and thus, for all
r € S, we have

F(@) > f(a) + t(z — a). 9.34)

The generalization of this result to arbitrary m is given below.

Theorem 9.10 Let f(x) be a real-valued convex function defined for all « € S,
where S is a convex subset of R™. Then, corresponding to each interior pointa € S,
an m X 1 vector t exists, such that

f(x) > f(a)+t(x—a) (9.35)

forallx € S.

Proof. Forany a € S, the point z, = (a’, f(a))’ is a boundary point of the convex
set T defined above, and so it follows from Theorem 2.32 that an (m + 1) x 1
vector b = (b}, b,,,,)" # 0 exists, for which b’z > b'z, for all z € T Clearly, for
any z = (x',y)' € T, we can arbitrarily increase the value of y and get another
point in T". For this reason, we see that b,,,  ; cannot be negative because if it was,
we could make b’z arbitrarily small and, in particular, less than b’z*. Thus, b, ; is
either positive or 0. Now for any « € S, (', f(x)) € T, and so for this choice of
z in the inequality b’z > b'z_, we get

bix+b,. . f(x)>ba+b,, fla)

If b,,,, is positive, then the inequality above may be rearranged to the form given
in (9.35) with t = —b,’nlﬂbl. If, on the other hand, b,,,,; =0, then b’z > b’ z,
reduces to

bz > bla,
which implies that a is a boundary point of S. Thus, the proof is complete. 0

If f is a differentiable function, then the hyperplane given on the right-hand side
of (9.35) will be given by the tangent hyperplane to f(x) at x = a.

Theorem 9.11 Let f(x) be a real-valued convex function defined for all « € S,
where S is an open convex subset of R™. If f(x) is differentiable and @ € S, then

@) 2 f(@) + (/@) @~ a)

forallx € S.
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Proof.  Supposethatx € Sanda € S,andlety = x — a,sothatx = a + y. Since
S is convex, the point

cx+(l—cla=cla+y)+(l—cla=a+cy
isin S for 0 < ¢ < 1. Thus, because of the convexity of f, we have

flatcy) <cfla+y)+(1-c)f(a)=fla)+c{flat+y)-fla)}

or equivalently,
fla+y) > fla) +c{fla+cy) - fa)}. (9.36)
Now because f is differentiable, we also have the Taylor formula

flaten)=fa)+ (Gofl@) e tnlera)  ©)

where the remainder satisfies lim c‘lrl (cy,a) = 0as c — 0. Using (9.37) in (9.36),
we get

f(a+y)2f(a)+< 0

da’ f(a)) Yy + C_1T1(6y7 a)7

and so the result follows by letting ¢ — 0. 0

We can easily use Theorem 9.11 to show that a stationary point of a convex func-
tion will actually be an absolute minimum. Equivalently, a stationary point of a con-
cave function will be an absolute maximum of that function.

Theorem 9.12 Let f(x) be a real-valued convex function defined for all « € S,
where S is an open convex subset of R™. If f(x) is differentiable and @ € S is a
stationary point of f, then f has an absolute minimum at a.

Proof. If a is a stationary point of f, then

0

%f(a) =0

Using this in the inequality of Theorem 9.11, we get f(x) > f(a) forall z € S, and
so the result follows. O

We can use the inequality given in (9.35) to prove a useful inequality involving
the moments of a random vector y. This inequality is known as Jensens’s inequality.
However, before we can prove this result, we will need Theorem 9.13.
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Theorem 9.13 Suppose that S is a convex subset of R™ and y is an m x 1 random
vector with finite first moments. If P(y € S) =1, then E(y) € S.

Proof.  'We will prove the result by induction. Clearly, the result holds if m =1,
because in this case, S is an interval, and it is easily shown that a random variable y
satisfying P(a <y < b) =1 for some constants a and b will have a < E(y) < b.
Now assuming that the result holds for dimension m — 1, we will show that it
must then hold for m. Define the convex set S, = {x:x =u— FE(y),u € S},
so that the proof will be complete if we show that 0 € S,. Now if 0 ¢ S,,
it follows from Theorem 2.32 that an m x 1 vector a #* 0 exists, such that
a'x >0 for all © € S,. Consequently, because P(y € S)=Pw e S,) =1,
where the random vector w =y — E(y), we have a’w > 0 with probability
I; yet E(a’w) =0, which is possible only if a’w =0, in which case, w
is on the hyperplane defined by {x :a’x =0}, with probability one. How-
ever, because P(w € S,) =1 as well, we must have P(w € S,) =1, where
Sy =S, N{z : a’x = 0}. Now it follows from Theorem 2.28 that .S is a convex
set, and it is contained within an (m — 1)-dimensional vector space because
{z : @’z =0} is an (m — 1)-dimensional vector space. Thus, because our result
holds for (m — 1)-dimensional spaces, we must have E(w) = 0 € S,. This leads to
the contradiction 0 € S, because S, C S., and so the proof is complete. O

We now prove Jensen’s inequality in Theorem 9.14.

Theorem 9.14 Let f(x) be a real-valued convex function defined for all « € S,
where S is a convex subset of R™. If y is an m x 1 random vector with finite first
moments and satisfying P(y € S) = 1, then

E(f(y)) = f(E(y)).

Proof. Theorem 9.13 guarantees that F(y) € S. We first prove the result form = 1.
If E(y) is an interior point of .S, the result follows by taking the expected value of
both sides of (9.34) when x = y and a = E(y). Since S is an interval when m = 1,
E(y) can be a boundary point of .S only if S is closed and P(y = ¢) = 1, where
c is an endpoint of the interval. In this case, the result is trivial because the terms
on the two sides of the inequality above are equal. We will complete the proof by
showing that if the result holds for m — 1, then it must hold for m. If the m x 1
vector E(y) is an interior point of S, the result follows by taking the expected value
of both sides of (9.35) with « = y and a = E(y). If E(y) is a boundary point of .S,
then we know from the supporting hyperplane theorem that an m x 1 unit vector b
exists, such that w = b’y > b’ E(y) = p with probability one. However, because we
also have E(w) = b'E(y) = p, it follows that b’y = ;1 with probability one. Let P
be any m x m orthogonal matrix with its last column given by b, so that the vector
u = P’y has the form u = (u}, 1)’, where u, is an (m — 1) x 1 vector. Define the

function g(u,) as
glu,) = f (P m) ~ i),
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forallu, € S, = {x : x = Ply,y € S}, where P, is the matrix obtained from P by
deleting its last column. The convexity of S, and g follow from the convexity of S
and f, and so, because w4 is (m — 1) x 1, our result applies to g(w,). Thus, we have

E(f(y)) = E(g9(w)) = g(E(u,))

—f (P [E%‘l)]) — H(E()),

and so the proof is complete. 0

9.9 THE METHOD OF LAGRANGE MULTIPLIERS

In some situations, we may need to find a local maximum of a function f(x), where
f is defined for all € S, whereas the desired maximum is over all « in 7', a subset
of S. The method of Lagrange multipliers is useful in those situations in which the
set T" can be expressed in terms of a number of equality constraints; that is, functions
915 - - -5 Gy, €Xist, such that

T={x:xze€R" g(x)=0},
where g(z) is the m x 1 function given by (g, (z),. .., g,,(x))".
The method of Lagrange multipliers involves the maximization of the Lagrange
function

L(z, ) = f(z) — Ng(),

where the components of the m x 1 vector A, A;,..., A, are called the Lagrange

y» Mmoo

multipliers. The stationary values of L(x, ) are the solutions (x, A) satisfying

P P [0 e

P L @A) =55 () — A <6m,9(w)> =0, (9.38)
0 Y

oL@ A =—g(@)=0.

The second equation above is simply the equality constraints,
g(x)=0 (9.39)

that determine the set 7". Under certain conditions, the local maximum of the func-
tion f(x), subject to & € T, will be given by a vector x that, for some A, satisfies
equations (9.38) and (9.39). We will present a procedure for determining whether
a particular solution vector « is a local maximum. This procedure is based on the
following result, a proof of which can be found in Magnus and Neudecker (1999).
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Theorem 9.15 Suppose the function f(x) is defined for all n x 1 vectors x € S,
where S is some subset of R", and g() is an m x 1 vector function defined for all
x € S, where m < n. Let a be an interior point of .S, and suppose that the following
conditions hold:

(a) f and g are twice differentiable at a.
(b) The first derivative of g at a, (0/0a’)g(a), has full rank m.

(¢) g(a)=0.
(d) (8/0a’)L(a,A) = 0, where L(z,X) = f(z) — Ng(z) and X is m x 1.

Let H; and H , be the Hessian matrices of the functions f(z) and g;(z) evaluated
at x = a, and define

A:Hf—i/\iHi,
i=1

0
B = @9(‘1)-

Then f () has a local maximum at & = a, subject to g(x) = 0, if
' Ax <0,

for all & # 0 for which Bz = 0.

A similar result holds for a local minimum with the inequality =’Ax > 0
replacing @’ Az < 0. Theorem 9.16 provides a method for determining whether
' Az < 0 or ' Az > 0 holds for all  # 0 satisfying Bx = 0. Again, a proof can
be found in Magnus and Neudecker (1999).

Theorem 9.16 Let A be an n X n symmetric matrix and B be an m X n matrix.

Forr =1,...,n,let A, bether x r matrix obtained by deleting the last n — r rows
and columns of A, and let B, be the m x 7 matrix obtained by deleting the last n — r
columns of B. For r = 1,...,n, define the (m + r) x (m + r) matrix A, as
_[0) B,
B = [B; ALl

Then, if B,,, is nonsingular, ’ Az > 0 holds for all « # 0 satisfying Bz = 0 if and
only if

(=D)™A,[ >0,
forr=m+1,...,n, and £’ Az < 0 holds for all x # 0 satisfying Bz = 0 if and
only if

(=D"A,[ >0,

forr=m-+1,...,n.
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Example 9.7 We will find solutions & = (z,, ,, x3)’, which maximize and mini-
mize the function
f(®) =2y + 2y + x5,

subject to the constraints

o425 =1, (9.40)
Ty — T — Ty = 1. (9.41)

Setting the first derivative of the Lagrange function
L(z,A) =) + 2y + 25 — A (2] + 23 — 1) = My(25 — 2 — 2y — 1),
with respect to x, equal to 0’, we obtain the equations

1 -2 Nz + X =0,
1—=2Nzy+ Xy =0,
1-X=0.

The third equation gives \, = 1, and when this is substituted in the first two equations,
we find that we must have 1
Ty =Ty = —.

Ay

Using this equation in (9.40), we find that \; = £+/2, and so we have the stationary
points

(x1, 29, 25) = (%, %7 1+ \/5) when \; = V2,

1 1 1
V2T V2
To determine whether either of these solutions yields a maximum or minimum, we

use Theorem 9.15 and Theorem 9.16. Thus, because m = 2 and n = 3, we only need
the determinant of the matrix

(51,25, 23) = ( ﬁ) when A, = 3.

0 0 2z 22y O
o 0 -1 -1 1
Ag= |22, =1 =2X;, 0 0
209 =1 0 —=2X, 0
0 1 0 0 0

By using the cofactor expansion formula for a determinant, it is fairly straightforward
to show that
|Ag] = —8\, (a7 + a3).
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Thus, when (21, Ty, 23, A;, Ay) = (1/v/2,1/v/2,1 4+ v/2,1/2,1), we have
(—D)"IA,] = (=1)°|A] = 8V2 > 0,

and so the solution (7,2, 25) = (1/v/2,1/v/2,1++/2) yields a constrained
maximum. On the other hand, when (1, 2y, 23, A\;, \y) = (—1/v/2, —1/v/2,1 —
V2, -v2,1),

(=1)™A | = (=1)%|12y] = 8v2 > 0,

so the solution (zy,xy,;) = (—1/v/2,—1/4/2,1 —+/2) yields a constrained
minimum.

In some situations, in the process of obtaining the stationary values of L(x, ),
it becomes apparent which solution yields a maximum and which solution yields a
minimum. Thus, in this case, there will be no need to compute the A, matrices.

Example 9.8 Let A be an m x m symmetric matrix and  be an m x 1 nonnull
vector. We saw in Section 3.6 that

' Ax

x'x

(9.42)

has a maximum value of A\;(A) and a minimum value of A ,(A), where \;(A4) >
<+« > \,,,(A) are the eigenvalues of A. We will prove this result again, this time using
Lagrange’s method. Note that because z = (2'z)~'/?z is a unit vector, it follows
that maximizing or minimizing (9.42) over all  # 0 is equivalent to maximizing or
minimizing the function
f(z) = 2'Az,

subject to the constraint

2z =1 (9.43)
Thus, the Lagrange function is

L(z,\) = 2'Az — M\ (2’2 — 1).
Setting its first derivative, with respect to z’, equal to 0, we obtain the equation
2Az —2Xz =0,

or, equivalently,

Az = Az, (9.44)
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which is the eigenvalue-eigenvector equation for A. Thus, the Lagrange multiplier A
is an eigenvalue of A. Further, premultiplying (9.44) by 2’ and using (9.43), we find
that

A= 2'Az;

that is, if (2/,)\)" is a stationary point of L(z,)\), then A = 2’ Az must be an
eigenvalue of A. Consequently, the maximum value of 2’ Az, subject to 2’z = 1, is
A (A), which is attained when z is equal to any unit eigenvector corresponding to
A, (A). Similarly, the minimum value of z’ Az, subject to 2’z = 1,is A, (A), which
is attained at any unit eigenvector associated with A, (A4).

Example 9.9 Let D = diag(dy,...,d,,), where d, > --- >d,, > 0 and let A be
an m x m positive definite matrix. Consider the function f(X) = tr(XAX'D),
where X is an m x m orthogonal matrix. We wish to maximize and minimize f(X)
over all choices for X. Since X must satisfy X X' — I, = (0), we use the Lagrange
function

L(X,\) =tr(XAX'D) + tr{A(XX' - 1)},

where A is a symmetric matrix of Lagrange multipliers. The differential of L(X, A)
is
dL = tr{(dX)AX'D} + tr{ X A(dX) D} + tr{d(A)(XX' - 1,,)}
+tr{A(dX) X'} + tr{AX (dX)"}
=2vec(DXA+ AX)dvec(X) + vec(XX' —1I,,)'dvec(A),

and so the stationary values of L(X, A) occur at the solutions to

DXA+AX =(0), XX =1

Thus, A = —DX AX’, and since A is symmetric, we have DX AX' = XAX'D, or
DY =YD, (9.45)

where Y = X AX’. Examining the (¢, j)th term on each side of (9.45), we see that
d;y;; = y;;d;. Since d; # d; when i # j, it follows that Yis a diagonal matrix. Con-
sequently, the stationary values of f(X) subject to X X’ = I, are given be the set of

values "

i=1
where A\ (4) > --- > )\, (A) are the eigenvalues of A and (jy,...,7J,,) is a permu-
tation of (1,...,m), the set being formed over all such permutations. It readily then

follows that

m

Xg{(lfﬂ} tr(XAX'D) Zdl)\l
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and

mintr( (XAX'D) de (A

In Example 9.10, we obtain the best quadratlc unbiased estimator of ¢ in the
ordinary least squares regression model.

Example 9.10 Consider the multiple regression model y = X3 + €, where € ~

Ny (0,0°1). A quadratic estimator of o2 is any estimator 62 that takes the form 6% =

y' Ay, where A is a symmetric matrix of constants. We wish to find the choice of A
that minimizes var(62) over all choices of A for which 62 is unbiased. Now because
E(e) = 0and E(e€') = oI, we have
E(y'Ay) = E{(XB + €)A(XB + €)}
= F{B'X'AX[3+20'X'Ae + € Ae}
=B X'AXB + tr{AE(e€)}
=3 X'AX B+ o*tr(A),
and so 6% = y' Ay is unbiased regardless of the value of 3 only if
X'AX = (0) (9.46)
and

tr(A) = 1. (9.47)

Using the fact that the components of € are independently distributed and the first
four moments of each component are 0, 1, 0, 3, it is easily verified that

var(y' Ay) = 20" tr(A?) + 40?8’ X' A’ X 3.
Thus, the required Lagrange function is
L(A, N A) = 20" tr(A?) + 40°B' X' A2 X B — tr(AX'AX) — Mtr(A) — 1},

where the Lagrange multipliers are given by A and the components of the matrix A,
which is symmetric because X’ AX is symmetric. Differentiation with respect to A
yields

dL = 20*tr{(dA)A + AdA} + 40°F' X'{(dA)A + AdA}XB
—tr{AX'(dA) X} — Mr(dA)
=tr({40'A + 40*(AXBB' X' + XBB' X'A) — XAX' — N }dA).

Thus, we must use

40" A+ 40*(AXBB' X' + XBA' X'A) — XAX' — My = (0) (9.48)
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along with (9.46) and (9.47) to solve for A. Premultiplying and postmultiplying (9.48)
by X X and using (9.46) and the fact that X+ = (X'X)* X', we find that

XAX' = -AXXT.

Substituting this result back into (9.48), we get

A= ia*ﬂ(IN —~XXT)—o0%H, (9.49)

where H = Ay~ +v+4'A and v = X3. Putting (9.49) back into (9.48) and
simplifying, we obtain

H = —02(H~vy +~~'H). (9.50)

By postmultiplying (9.50) by -, we find that v must be an eigenvector of H, which
in light of (9.50), can be true only if H is of the form H = ¢y~ for some scalar c.
Further, when we put H = ¢y~ in (9.50), we find that we must have ¢ = 0; thus,
H = (0). In addition, if we take the trace of both sides of (9.49) and use (9.47), we
see that
\ 40t B 40t
Ctr(ly — XXT) N -7’

where 7 is the rank of X. Consequently, we have shown that (9.49) simplifies to
A=(N-r)tIy—-XX"), 9.51)

so that 62 = y' Ay = SSE/(N — r) is the familiar residual variance estimate. We
can easily show that (9.51) yields an absolute minimum by writing an arbitrary sym-
metric matrix satisfying (9.46) and (9.47),as A, = A + B, where B must then satisfy
tr(B) = 0 and X'BX = (0). Then, because tr(AB) = 0 and AX = (0), we have
var(y'A,y) = 20'tr(A?) + 40?3’ X' A2 X B
= 20*{tr(A?) + tr(B?) + 2tr(AB)} + 40°8'X’
x (A?+ B>+ AB+ BA)Xp
= 20*{tr(A%) + tr(B)} + 40’8’ X' B’ X 3
> 20'tr(A?) = var(y' Ay).

PROBLEMS

9.1 Consider the natural log function, f(z) = log(z).
(a) Obtain the kth-order Taylor formula for f(1 4 u) in powers of w.
(b) Use the formula in part (a) with k¥ = 5 to approximate log(1.1).
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9.2

9.3

94

9.5

9.6

9.7

9.8

9.9
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Suppose the function f of the 2 x 1 vector « is given by
(m — 1)
T) = —7-F5.

Give the second-order Taylor formula for f(0 + w) in powers of «, and u,.
Suppose the 2 x 1 function f of the 3 x 1 vector x is given by

2 4 22 2

=[]

20 — Ty — T4

and the 2 x 1 function g of the 2 x 1 vector z is given by

g9(z) = {ZQ/ZI} :

2172
Use the chain rule to compute

0
%y(m)v

where y(x) is the composite function defined by y(x) = g( f(x)).

Let A be an m x m symmetric matrix of constants and « be an m x 1 vector
of variables. Find the differential and first derivative of f(x) = exp(—1x'Ax).

Let A and B be m x m symmetric matrices of constants and « be an m x 1
vector of variables. Find the differential and first derivative of the function

o' Ax
x'Bx’

flx) =

Let & be an m x 1 vector of variables. Find the differential and derivative
of zx'.

Let A and B be m x n matrices of constants and X be an n X m matrix of
variables. Find the differential and derivative of

(@) tr(AX),

(b) tr(AXBX).

Let X be an m x m nonsingular matrix, A be an m X m matrix of constants,
and a be an m x 1 vector of constants. Find the differential and derivative of
@ |X?],

(b) tr(AX ),

(¢) ¢’ X 'a.

Let A be an m x m positive definite matrix of constants and X be an m x n

matrix of variables such that X’ AX is nonsingular. Find the differential and
first derivative of log | X’ AX|.
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9.10

9.11

9.12

9.13

9.14
9.15

9.16

9.17

9.18

Let X be an m X n matrix with rank(X) = n. Show that

0 R o
W(X)/|XX|*2|XX|(vec{X(XX) 1y,

Let X be an m x m matrix and n be a positive integer. Show that
A vee(X™) = En:{(X"-i)’ ® X'}
0 vec(X)' P

Let A and B be n x m and m X n matrices of constants, respectively. If X is
an m X m nonsingular matrix, find the derivatives of

(a) vec(AXB),

(b) vec(AX!B).

Show that if X is an mm X m nonsingular matrix and X, is its adjoint matrix,
then

W VeC(X#) = |X|{Vec(X*1) VeC(X—l/)/ . (X,I, ® Xﬁl)}.
Prove Corollary 9.1.1.

Let X be an m x m symmetric matrix of variables. For each of the following
functions, find the Jacobian matrix

(a) F(X)= AXA' where A is anm X m matrix of constants.

(b) F(X)= XBX, where B is an m X m symmetric matrix of constants.
Suppose X is an m x n matrix of rank n. Find the differential and first
derivative of [, — X (X'X)'X".

Let X be an m x n matrix. Show that

(@ if F(X)=X® X,

MT(X)/WC(F) =, ® Ky, @ L ) {1, ® vee(X) + vee(X) @ 1, },

b) if F(X)=X0X,

(%;T(X)/ VeC(F) = 2Dvec(X)'

Show that the Hessian matrix H is given by

(@) Hy =21, if f(X) = tr(X'X), where X is an m x n matrix,
(b) H; =2K,,,, if f(X) = tr(X?), where X is an m x m matrix,
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9.19

9.20

9.21

9.22

9.23
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(©) Hy = —K,,,,(X V@ X)) if f(X)=log|X]|, where X is an m x m
nonsingular matrix.
Let X be an m x m nonsingular matrix. Show that

d"X ' = (=) (X taX)" X .

Let X be an m x m matrix having correlation structure; that is, X is a sym-
metric matrix of variables, except that each of its diagonal elements is equal to
one. Show that if X is nonsingular, then

)
av(X)

V(X Y=-2L, N, (X '®@X YN,L .

Suppose that Y is an m x m symmetric matrix and e is a scalar, such that
(I, +€Y)" exists. Let (I,, +¢Y) '/ be the symmetric square root of
(I,, +€Y)~L, so that

(I, +eY) = (I, +eV) VI, +ev) /2

m m

Using perturbation methods, show that

o0
(I, +eY) > =1, +Y ¢B,

i=1

where
1 3 5 35
B,=—2Y, By=-Y? By=—-—Y3 B, =Y.
2 8 16 128
Let X be an m x n full column rank matrix, so that X+ = (X’X) 1 X’. Let

Y be an m x n matrix and € be a scalar, such that X + €Y is also full column
rank. Show that

(X+eV)F =X"4+> €B,
i=1

where
B, =(X'X)"%V'(I, - XX") - X"YX".

Let S be an m x m sample covariance matrix, and suppose that (2, the
corresponding population covariance matrix, has each of its diagonal elements
equal to one. Define A to be the difference between these two matrices; that is,
A=S5—-Q,sothat S =+ A. Note that the population correlation matrix is
also €2, whereas the sample correlation matrix is given by R = D;l/ 2SD;1/ 2,
where D;l/ 2 diag(sil/ 2, cer, 3;%2). Show that the approximation
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9.24

9.25

R =Q+ C, + C, + Cj, accurate up through third-order terms in the elements
of A, is given by

1
Cy = A= S(QD, +D,),

1 1
Cy = S(DQQ +QD%) + 1DA0D, — 5(AD 4 + D4 A),
1
Cy = g(DilA +AD%) + DAAD, — %(DE,QDA +D QDY)
5 .
- E(DE&Q + QD&A)?
where D , = diag(ayy,. .., ap,m)-

Derive the results given in Theorem 9.7. First obtain expressions for B, B,,
and B, by using the equations (Z + W)®, = ®,(Z + W), ®} = &,, and
@} = ®,. Then obtain expressions for a;, a,, and a5 by using the fact that
Mg =1 te{(Z+W)®;}.

Let X = diag(xy,...,x,,), where &y > --- >z, and suppose that the Ith
diagonal element is distinct, so that z; # x; if i %[ Let Ay > --- >\,
and ~,...,7,, be the eigenvalues and corresponding eigenvectors of
(I, + V)X (X + U), where U and V are m x m symmetric matrices; that is,
for each 7,

(X +U)vi = Ly + V)i

The purpose of this exercise is to obtain the first-order approximations
A = x; +a; and 7y; = ce; + b;, where ¢, is the [th column of I,,. Higher
order approximations can be found in Sugiura (1976). These approximations
can be determined by using the eigenvalue-eigenvector equation just given
along with the appropriate scale constraint on -y;.

(a) Show that a; = Uy — TV
(b) Show that if ¢ = 1 and v}y, = 1, then

by =0, by =——L" T gl £,

Ty — X

where b, is the ith component of the vector b, .
(c) Show thatif ¢ = 1 and 7,(,, + V), = 1, then

1 U — T30,
_ il 1Yl
5 bypy=—"""-—"

for all 7 # [.
2 T, — I

(d) Show that if ¢ = 2}/* and v}y, = \,, then

1/2
b — Uy — Ty b — x) " (uy — 20y)
n= " 173 3 B

for all 4 £ .
29511/2 Ty — I
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9.26 Let 2 and S be as defined in Example 9.4 with the smallest eigenvalue of {2
being A\ = 1, and consider the quantity

_ T71 Z;imf'rdrl )\3(8)
{7’71 Zyimf'ﬂrl )\L (S) }2

where A, (S) > --- > \,,,(S) are the eigenvalues of S. Note that

U

)

S X(8) = (8P,

i=m—r+1

where P is the total eigenprojection of S corresponding to its r smallest
eigenvalues. Show that if we let A =5 — (), so that S = Q + A, then the
second-order approximation formula for U is given by

U =71 (tr(APAP) — r{tr(AP)}?).
9.27 Consider the function f of the 2 x 1 vector  given by

f(x) = 223 4+ 23 — 63, — 27,

(a) Determine the stationary points of f.
(b) Identify each of the points in part (a) as a maximum, minimum, or saddle
point.
9.28 For each of the following functions, determine any local maxima or minima:
(a) 2% + %x% — 2329 + 2 — 229 + 1.
(b) =} + %x% + a3 — 62, — 215.
(© z3+ 223 + 2% + 22,25 — 375 — 754,
9.29 Let a be anm x 1 vector and B be an m X m symmetric matrix, each contain-
ing constants. Let « be an m x 1 vector of variables.
(a) Show that the function

f(x) =a'Bx +a'z
has stationary solutions given by
1
T = —§B+a + (I, — B*B)y,
where y is an arbitrary m x 1 vector.

(b) Show that if B is nonsingular, then only one stationary solution exists.
When will this solution yield a maximum or a minimum?
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9.30

9.31

9.32

9.33

9.34

9.35

9.36

If the Hessian matrix H ; of a function f is singular at a stationary point x, then
we must take a closer look at the behavior of this function in the neighborhood
of the point x to determine whether the point is a maximum, minimum, or a
saddle point. For each of the functions below, show that 0 is a stationary point
and the Hessian matrix is singular at 0. In each case, determine whether O yields
a maximum, minimum, or a saddle point.

(a) z} + 3.
(b) 2223 — ] — 3.

3_ .3
(©) 7 — 5.

Suppose that we have independent random samples from each of & multivariate
normal distributions with the ith distribution being N, (;, €2). Thus, these dis-
tributions have possibly different mean vectors but identical covariance matri-
ces. If the ith sample is denoted by x;;,...,x,, , show that the maximum

likelihood estimators of p,; and €2 are given by

k Ty = \/

ﬂi=§i=i::’_j, Q:ZZ(”’U*@&%J‘*%)?
P

i=1 j=1

where n =n; + -+ ny.
Consider the multiple regression model,

y:X/B+67

where y is N x 1, X is N x m, B is m x 1, and € is N x 1. Suppose that
rank(X) = m and € ~ Ny (0,0%Iy), so that y ~ Ny (X3,0°Iy). Find the

maximum likelihood estimates of 3 and 2.

Let f(x) be a real-valued convex function defined for all € S, where S is a
convex subset of R™. Show thattheset T = {z = (z’,y) : x € S,y > f(x)}
is convex.

Suppose that f(x) and g(x) are convex functions both defined on the convex
set S C R™. Show that the function af(x) + bg(x) is convex if ¢ and b are
nonnegative scalars.

Prove the converse of Theorem 9.11; that is, show that if f(«) is defined and
differentiable on the open convex set S and

@) 2 f(@) + (/@) @ a)

forallz € Sand a € S, then f(x) is a convex function.

Let f(«) be a real-valued function defined for all « € S, where S is an open
convex subset of R™, and suppose that f(x) is a twice differentiable function
on S. Show that f(z) is a convex function if and only if the Hessian matrix H
is nonnegative definite at each € S.
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9.37

9.38

9.39

9.40

9.41

9.42

9.43
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Let x be a2 x 1 vector and consider the function f(x) = 2§z} “forallx € S,
where 0 < ¢ < land S = {x:z; > 0,2, > 0}.

(a) Use the previous exercise to show that f(x) is a concave function.
(b) Show that if y is a 2 x 1 random vector with finite first moments and sat-

isfying P(y € S) = 1, then
B(yiy ) < {Ew)} {B(p)}

if0 < a<1.
Let x be a 3 x 1 vector, and define the function

f@) =2 2y — x5

Find the maximum and minimum of f () subject to the constraint ' = 1.
Find the shortest distance from the origin to a point on the surface given by

x%+x§+x§+4x1—6x3:2.

Let A be an m x m positive definite matrix and « be an m x 1 vector. Find the
maximum and minimum of the function

subject to the constraint ' Az = 1.
Find the maximum and minimum of the function

f(@®) =z (z9 + 73),

subject to the constraints 23 + 23 = 1 and z, 73 + 7, = 2.
For an m x 1 vector  with positive components, maximize the function

f(@) =229 7,

subject to the constraint z; + x5 + - -- + x,,, = a, where a is some positive
number. Use this to establish the inequality

1
/m ~ —
(129 - 2,) < m(l’l +ot )

for all positive real numbers z,,...,z,,.
Let A and B be m x m matrices, with A being nonnegative definite and B being
positive definite. Following the approach of Example 9.8, apply the Lagrange

method to find the maximum and minimum values of
' Ax
x'Bx’

flx) =

over all « # 0.
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9.44

9.45

9.46

9.47

Let a be an m x 1 nonnull vector and B be an m x m positive definite matrix.
Using the results of Problem 9.43, show that for « # 0,

- (a/m)Q
f(m) - a_:/Bw
has a maximum value of
a B la.

We can use this result to obtain the union-intersection test (see Example 3.16)
of the multivariate hypothesis H,, : u = p, against H, : p # p,, where p rep-
resents the m x 1 mean vector of a population and p, is an m x 1 vector of
constants. Let © and .S denote the sample mean vector and sample covariance
matrix computed from a sample of size n from this population. Show that if we
base the union-intersection procedure on the univariate ¢ statistic

(T — o)
s/v/n

for testing H,, : j1 = p, then the union-intersection test can be based on T2 =
n(@ — py)'S~H @ — po)-

Suppose that x,,...,z, are independent and identically distributed random
variables with mean y and variance 2. Consider a linear estimator of j, which
is any estimator of the form /i = > a,x;, where a,,. .., a,, are constants.

t:

(a) For what values of a, ..., a, will i be an unbiased estimator of ;.?

(b) Use the method of Lagrange multipliers to show that the sample mean 7 is
the best linear unbiased estimator of y; that is, = has the smallest variance
among all unbiased linear estimators of .

A random process involves n independent trials, where each trial can result in
one of k distinct outcomes. Let p, denote the probability that a trial results in
outcome ¢ and note that then p; + - - - + p;, = 1. Define the random variables,
Zy,...,T;, where x; counts the number of times that outcome ¢ occurs in the n
trials. Then the random vector = (x4, ..., z;)" has the multinomial distribu-
tion with probability function given by

n!

° n n
P(xl =Ny Ty = nk) = n1!~-~nk!pll "'pk;ka

where n,. .., n; are nonnegative integers satisfying n, + - - - 4+ n;, = n. Find
the maximum likelihood estimate of p = (py,...,p;)".

Suppose that the m x m positive definite covariance matrix €2 is partitioned in
the form

0= [ 11 912}
- !/ I
12 Qo

where €y, is m; X my, £y is My X My, and m,; + my = m. Suppose also
that the m x 1 random vector x has covariance matrix (2 and is partitioned as
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x = (x), ), where x, is m; x 1 and x, is m, x 1. If the m; x 1 vector a
and m, X 1 vector b are vectors of constants, then the square of the correlation
between the random variables u = a’x; and v = b'z, is given by

f( b) (0/9121))2

a,b)=——F—.
' a’Qy,ab' Qb

Show that the maximum value of f(a,b), that is, the maximum squared

correlation between u and v, subject to the constraints

aQua=1, bQ,b=1,

is the largest eigenvalue of Q;,'Q,,95, ), or, equivalently, the largest eigen-
value of €25, Q,9,,'Q,,. What are the vectors a and b that yield this maximum?
Consider the multiple regression model y = X3 + €, where E(e) =0,
var(e) = 0%I, and the N x (k+ 1) matrix X has rank k+ 1. A linear
estimator of 3 has the form 8 = Ly, where L is a (k4 1) x N matrix of
constants.

(a) What is the condition on L for ﬁ to be an unbiased estimator of 3?

(b) Show that the miniAmum variance unbiased linear estimator of 3 ~is the least
squares estimator 3 = (X’X)~! X’y. Thatis, show that tr{var(3)} is min-
imized by choosing L = (X'X)"'1X".
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INEQUALITIES

10.1 INTRODUCTION

We have already encountered a number of inequalities in this text. For instance, we
saw the Cauchy-Schwarz inequality in Chapter 2, the Poincaré separation theorem in
Chapter 3, the Hadamard inequality in Chapter 8 and Jensen’s inequality in Chapter 9,
just to name a few of them. In this chapter, we present some additional important clas-
sical inequalities along with some extensions or generalizations of them. We begin
the chapter with an introduction to the theory of majorization, a concept which has
proven useful in developing a number of inequalities.

10.2 MAJORIZATION

Majorization is a preordering of the vectors in R™. It can be viewed as an attempt
to make precise the notion that the components of one vector x are less spread out
than the components of another vector y. As an example, we may be comparing the
vector = m~'1,, to the vector y = €1 ., In this section, we develop some of the
basic results regarding majorization and a few of its applications to the eigenvalues
of symmetric matrices. Additional results and applications can be found in Marshall
etal. (2011), Ando (1989, 1994), and Bhatia (1997).

In defining majorization, we will need to refer to the ordered components of
vectors. For a vector © = (24, ... ,,,), denote its decreasing components by

1 m
Ty = - > &y, and its increasing components by x ;) < -+ < ).

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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Definition 10.1 A vector x is said to be majorized by a vector y, indicated by
x < vy, and y is said to majorize x, indicated by y > x, if

k k
me SZym, E=1,...,m—1,
=1

=1
m m
i=1 i=1

or, equivalently,

k

k
=1

i=1

m m
E T, = g Yi-
i=1 i=1

Clearly, for any x, * < x, and for any x, y, and z satisfying x < y and y < z,
then < z. Also, notice that a majorization relationship between x and y is not
dependent on the ordering of the components of x or y. So, for instance, if P and ()
are m X m permutation matrices, then < vy if and only if Pz < Qy. As aresult, for
notational convenience, in some situations we will assume without loss of generality
that the components of x and y have the orderingz; > --- >z, andy; > - - > y,..

As an example, consider the m x 1 vectors z;, = k! Zle €m k=1 ...,m
Thenm '1,, =, <@, | < <z = €1.m,» and for any m x 1 vector & hav-
ing nonnegative components and satisfying 1/ x = 1, ¢, < © < x,. However, a
majorization relationship does not exist for every pair of vectors. For instance, if
T = %eLm + %6277” + %e&m, then @ does not majorize x, nor does &, majorize .

There is an important connection between majorization and doubly stochas-
ticmatrices. An m x m matrix P is doubly stochastic if it has nonnegative
components and P1,, = P'1_ =1, . We first establish the relation between

x = Pyandy.

Theorem 10.1 Ifyisanm x 1 vector and P is an m x m doubly stochastic matrix,
then & = Py is majorized by y.

Proof. Weassumey; > --- >y, since, otherwise, we may replace y and P by Qy
and PQ’, where () is a permutation matrix for which Qy has decreasing components.
Since 1/, P = 1/, it immediately follows that

m

m
in =l,z=1,y= Zyi'
i=1 i=1



MAJORIZATION 435

Note that z; = > py,,;y; for some choice of %, so S T = D05 WY

where w,;, = Sk Phij < 2Py =1 and 377wy = k. Consequently, we
have

Zym - Zwm - Zyz Zwﬂcyz
( yz + Z WikY; — Z W;ikY;
- Z WikY;

I
s
9
;

~.
Il
—

|
\tﬂ?

i=1 i=k+1
k m
k (k - Z%‘k) ~ Ykt Z Wi
i=1 i=k+1
m
= (Y = Yps1) Z wyy, 2 0,
i=k+1
and so the proof is complete. O

Our next result will make use of a special linear transformation known as a
T-transform. It utilizes the matrix

T =\, +(1-)Q,

where 0 < A < 1and @ is a permutation matrix that interchanges two components. It
is easily observed that 7" is doubly stochastic since @ is doubly stochastic. Theorem
10.1 indicates that the relationship = Py, where P is doubly stochastic, is a suffi-
cient condition for < y. Theorem 10.2 tells us it is also a necessary condition.

Theorem 10.2 If « is majorized by y, then there exists a doubly stochastic matrix
P such that x = Py.

Proof.  'We assume without loss of generality that z; > --- >z, and y; > --- >
Y., and let 7 denote the number of nonzero differences vy, — x;. If r =0, the result
is trivial since x = I,,,y. We will prove the result by inductlon, assuming it holds
when r < h and proving that it holds when r = h. Thus, for the remainder of the
proof, we have < y with exactly h > 0 nonzero differences y, — x,. We will find
a T-transform matrix 7" such that x < z = T'y and the number of nonzero differ-
ences z; — x; is less than h. Then the assumed result will yield x = Pz = PTy for
some doubly stochastic matrix P and the proof will be complete since P71 is also
doubly stochastic. Let j be the largest index for which z; < y; and k be the smallest
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index greater than j for which x;, > y,.. Such a 7 must exist since 7 = h > 0 and y
majorizes x, while a corresponding k is guaranteed by the fact that x;, > y, for the
largest index ¢ satisfying x; # y;. As a result, we have

and
=y, t=75+1,...,k—1 (10.2)

Let A =1-0/(y; — yj), where § = min(y; — x;, 7, — y;), so that 0 < A < 1 fol-
lows from (10.1). Then using T' = AI,,, + (1 — A\)@, where @ is the permutation
matrix obtained from the identity matrix by interchanging the jth and kth rows, we
find that
z=Ty=(y, .. Y1 A+ (1- )‘)ykaijrla s Yg—1o
Ay, + (1= )‘)yj7yk:+17 e 7ym)/
=W Y Y = 6 Yt e Y1 Uk 6 Ykts e Ym) -

We will now show that x < z. Firstnote thatsince z; < z; = y; —dandx), > z;, =
Yy, + 6, we have

i =Y 2 Y > 2 25 2 X = Y = 2
k1 T Y1 = Ty 2 Tp 2 2 > Y 2 Y1 = 2kt

that is, the components of z are arranged in order like those of  and y. Since y
majorizes x, we find that

Y

l l l
Yon=>y>> =, (10.3)
i—1 i—1 i—1

fori=1,...,5—1and [ =k, ... ,m, with equality when [ = m. Using (10.3)
when [ = j — 1 and the fact that z; > xj, We have

1 1
Zzi > le (10.4)
=1 =1

when [ = 7, while (10.2) then guarantees that (10.4) holds forl = j + 1, ... |k — 1,
and so we have established that < z. All that remains is to show that the number of
nonzero differences z; — ; is less than h. Since 2; = z;if 6 = y; — z; and 2, = x;,
if § = x;, — y,, it follows that the number of nonzero differences z; — x; is h — 1 or

h—2. t
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The following is an immediate consequence of the proof of Theorem 10.2.

Corollary 10.2.1 If x < y, then there exist a finite number of T-transforms,
Ty, ...,T,,such that x = Py, where P =T ---T,.

Our next result shows that there is a majorization relationship between the vector
of diagonal elements of a symmetric matrix and the vector of its eigenvalues.

Theorem 10.3 Let A be an m x m symmetric matrix with diagonal elements
Aq1y « -+ Gy, and eigenvalues A (A) > --- >N (A). If a=(ayy, - Q)
and A = (A (4), ... ,\,,(4)), then

a < A

Proof.  'We may assume thata;; > --- > a,,,, since, if this is not the case, there is a
permutation matrix P for which P AP’ has nonincreasing diagonal elements and the
same eigenvalues as A. Fork =1, ... ,m — 1, let A, be the leading £ x k principal
submatrix of A. From Theorem 3.20, A\, (A4,) < \;(A) fori =1, ... , k, so we have

k k

k
Zan = tr(4,;) = Z)‘i(Ak) < ZAi(A)'
i=1

i=1 i=1

The equality part of Definition 10.1 follows immediately from the fact that tr(A) =
it Ai(A). O

Our next result gives the converse of Theorem 10.3

Theorem 10.4 Suppose x and y are m x 1 vectors and < y. Then there exists
an m X m symmetric matrix A with diagonal elements z,, ... , z,, and eigenvalues

Y1y oo 5 Ym-

Proof.  Our proof follows that of Horn and Johnson (2013). Without loss of gener-
ality we assume that x; > --- >z, and y; > --- > y,,. Note that since < y, it
follows that y, > x; > z,,, > v,,,. Thus, the result immediately follows if y; = y,,,,
since in this case = y = y,1,,, and the required matrix is given by A = y,I,,,. For
the remainder of the proof we assume that y; > y,,,. We first consider the case in
which m = 2, so that y; > oy > z, > y, with y; > 7,. Now the matrix

1 VYL — Ty Ty — Yo
VY1 — Y2 —VZTy =Yg VY — Ty

is orthogonal, and so if A = diag(y,, ys), then A = PAP’ is a symmetric matrix with
eigenvalues y; and y,. The diagonal elements of A reduce to y; + yo — =, and x,
but since we must have x, + =, = y; + ¥,, we see the diagonal elements are in fact
x, and x4 as required. This proves the result for m = 2, and we will prove the result
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for larger m by induction. Suppose that m > 2 and assume that the result holds for
values less than or equal to m — 1. Let k be the largest index for which y;,, > z;. Such
a k must exist since y; > x;. Note that if £ = m, then y,, > =, > z,,, > y,, and so
Ty ==, =Y, Buttheny, —z; >y, —x, > 0and

m m

Z(yz’ —ay) = Z(yz —x;) = Zyi *in =0,

=1 =1

imply each y, =x;, and this contradicts the assumption that ¥y, > y,,.
Thus, k<m—1 and so y, >x; >y, >V, This and the identity
Ty 4 W + Ypir — 1) =Yg + Yy show  that  w= (2,5, + ypyy — 1) <
v = (Y, Yps1) - Since y;, > y;,, 1, we can use the construction for the case m = 2
to obtain an orthogonal matrix P, such that P, D, P{ has diagonal elements u; = 2
and u, = yj, + Yy, — ;. Letting 2’ = (uy, z,)', where z, is the (m —2) x 1
vector obtained from y by removing y,, and y,. ;, we have

P (0) K a
(0) Im72 a Dz
for some (m — 1) x 1 vector a. The result will then follow if we can find an
(m — 1) x (m — 1) orthogonal matrix P, such that P, D, P, has diagonal elements

B(0) | [Dy (0)
0) I 0) D,

m—2

Ty, - .. ,T,,. Since we are assuming the result holds for m — 1, the proof will be
complete if we can show w = (s, ... ,x,,) < z. Note that
Yo = Us + (T1 = Ypr1) > Uy = Y1 + (W — T1) 2 Ypoir- (10.5)

First suppose that k£ = 1. It follows from (10.5) that the components of z, like those

of w, are nondecreasing. Then forh =1, ... ;m — 1,
h h h+1
E Zi:U2+§ yi+1:y1+y2_$1+§ Y;
i=1 =2 i=3
h+1 h+1 h+1 h

:E yi_mIZE wi—%:E xiZE Wy,
i=1 i=1 i=2 i=1

with equality if h = m — 1. Now suppose k£ > 1, in which case the ordered compo-
nentsof zare y; > -+ > yp_| > Uy > Ypi9 = -+ = Y,,,. Then

h

h h h h
DI TED DD BT BERE P
i=1 i=1 i=1 i=1

i=1
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forh=1,...,k—1,

k k—1 k—1 k+1
Zz[i] = Z?/z tuy = Zyz T Yr T Yk — T = Zi‘/z -
i=1 i=1 i=1 i=1
k+1 k+1

> Zx Zx = Zw (10.6)
=1

and
h h+1
>z Zyz+u2+ Z yzH—Zyﬁywka T+ YU
i=1 i=k+1 i=k+2

h+1 h+1 h+1

=Ny =) = Zx wa (10.7)
=1 1=1

for h=k+1,...,m — 1. Note that we have equality in (10.6) when k =m — 1
and equality in (10.7) when i = m — 1, so we have shown that w < z. (]

Our next result gives a majorization relationship between the sum of the two vec-
tors of eigenvalues of two symmetric matrices and the vector of eigenvalues of the
sum of the two matrices.

Theorem 10.5 Let A and B be m x m symmetric matrices. If the ith components
of a, band care \;(A), \;(B) and \;(A + B), respectively, then ¢ < (a + b).

Proof.  The result can be proven using the extremal properties of eigenvalues. If P
is an m X k semiorthogonal matrix, then for k = 1, ... ,m, we have

k
Y e=) MA+B)= max tr{P (A+ B)P}
j i=1
— / /
= Pr/r}lpaﬁk{tr(P AP) +tr(P'BP)}
< max tr(P'AP)+ max tr(P'BP)
P'P=I,, P'P=I,,
k

k k
= Z)‘i(A) + Z)‘i(B) = Z(ai +b;).

i=1

We have equality when k& = m since tr(A + B) = tr(4) + tr(B). O
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The result given in Theorem 10.5 holds when the components of a and b have
been ordered in the same manner. When one has nondecreasing components and the
other has nonincreasing components, we get the opposite majorization relationship.

Theorem 10.6 Let A and B be m x m symmetric matrices. If the ith components
of a and ¢ are \;(A) and \;(A + B), respectively, and the ith component of b is
Aps1(B). then (a +b) < c.

Proof. If Pis an m x k semiorthogonal matrix, then for k =1, ... ,m, we have

k k
r— . f— /
> e => NA+DB) Jnax tr{P'(A+ B)P}

i=1 i=1
/ /
Pr/rllgsgk{tr(P AP) +tr(P'BP)}

Y

/ . /
Pr/r}ljagk{tr(P AP) + Jmin tr(P'BP)}

P'P=I}

k
= max {tr(P’AP)—}—Z)\mHl(B)}

i=1
k k k

=3 MA@+ A, 0 (B) =D (a;+1b,).

=1 =1 =1

We have equality when k& = m since tr(A + B) = tr(A4) + tr(B). O

Our next result gives upper and lower bounds for tr(AB) in terms of the eigen-
values of A and B.

Theorem 10.7 If A and B are m X m symmetric matrices, then

m m

Z Ai(A)A, i1 (B) < tr(AB) < Z Ai(A)Ai(B). (10.8)

i=1 i=1

Proof. Let A = PAP’ be the spectral decomposition of A, so that P is an m X m
orthogonal matrix and A = diag(\;(A), ... A,,(A)). Then if C = P'BP,

tr(AB) = tr(PAP'B) = tr(AP'BP)

=tr(AC) = > N(A)ey. (10.9)

i=1
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Since the eigenvalues of C' are the same as those of B, from Theorem 10.3, ¢ < b,
where ¢ = (¢1q, -+« , Cppyn) and b= (A (B), ..., \,,(B))". Using this along with
the fact that \;(A) — \;;(A) is nonnegative, we have

m

m i i1
Z Ai(A)ey; = A (A)ey + Z Ai(4) Z Cjj — Z Cjj
i1 i—2 j=1 j=1
m % m—1
A)eyy + Z Ai(4) Z Cjj — Z Ais1(A) Z Cjj
i—2 j=1 i=1

J=1

m—1 m
= Z{)\’L(A) - Z+1 }chj + )‘m chj
i=1

\ /\

Z{A “ X (AN B+ XA ey
j=1

m

= ZAi(A)/\i(B). (10.10)

Combining (10.9) and (10.10) yields the upper bound in (10.8). Applying this upper
bound to A and — B, we get

—tr(AB) Z = — Z Ai(A)A, i (B),
i=1 i=1
which is equivalent to the lower bound in (10.8). [

Theorem 10.7 can be used to obtain a more general result regarding a partial sum
of eigenvalues of a matrix product.
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Theorem 10.8 Let A and B be m x m symmetric matrices with A being nonneg-
ative definite. Then

k
Z AB ZZ m1+1 B)

fork=1,...,m

Proof. Let A= PDP’ be the spectral decomposition of A, where the diagonal
matrix is given by D = diag(\(4), ..., \,,(A4)), and let D, be the m x m diago-
nal matrix D, = diag(\,(4), ..., A\.(A),0, ... ,0). It follows from Problem 3.12
that the eigenvalues of AB are the same as those of D'/2P' BPD'/? Using this and

Problem 3.57, we have

k k
> N(AB) => \(DY?P'BPD'?)

i=1

= max tr(C'DY?P'BPD'Y?C)
C'C=I,,

o)

DY?P'BP | = tr(D,P'BP)

> tr {[Ik, (0)]DY2P'BPDY?

1/2 Ik (0)
" (D/ l<0> 0)

Z Amin1(P'BP) =

)‘i (A) )‘mfiJrl (B) )

M-

Il
_

7

where the last inequality follows from Theorem 10.7. O

Majorization can be combined with order-preserving functions to develop numer-
ous useful inequalities. A real-valued function ¢ () defined for all € S, where S'is
asubset of R™, is said to be order-preserving if < y implies that ¢(x) < ¢(y). W
will focus on functions ¢() that have the form ¢(x) = > ;" g(z;), where g(x) is a
real-valued scalar function. Our final result of this section gives a sufficient condition
for this type of function to be order-preserving.

Theorem 10.9 Let g be a real-valued convex function defined on an interval .S in
R.If ¢ < vy, then

m m

D glz) <> gwy). (10.11)

i=1 i=1

In addition, if g is strictly convex on .S, then we have equality in (10.11) if and only
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Proof.  We assume without loss of generality that z; > --- >z, and y; > --- >
Y- 1t follows from Corollary 10.2.1 that there are m x 1 vectors wl, T, such
that

T=Ty < < <xT, | T, =Y

and x;_, and x; have at most 2 components that differ. Consequently, it will suffice
to prove the result for m = 2. Since < y, there exists a doubly stochastic matrix PP
such that = Py. Every 2 x 2 doubly stochastic matrix has the form

a 1—«
P_[l—oz a}

for some « € [0, 1], so we have z; = ay, + (1 — &)y, and z, = (1 — @)y, + ay,.
Then since g is convex

g(x) +g(x9) = glay, + (1 — )ys) + g((1 — @)y, + ay,)
<{ag(y,) + (1 —a)g(y)} +{(1 — a)g(y) + ag(ys)}
=9(y1) + 9(ys),

which establishes (10.11). Clearly, if * = y, we have equality in (10.11). Next
assume we have equality in (10.11) and note that this requires

glay; + (1 = a)yy) = ag(y,) + (1 — a)g(ys),

and
g((1 =)y, +ayy) = (1 — a)g(y;) + ag(y,).

But if g is strictly convex these identities only hold if z; = v, and z, = ys. (]

Example 10.1 As a simple example of Theorem 10.9, we consider the strictly con-
vex function g(z) = (x — a)?, where a is areal number. Then it follows thatif z < y,

m m
Yow—a) <Y (y,—a),
i=1 i=1

with equality if and only if x; = yp;), fori =1, ... ,m. In particular, if we choose
a=T=m1 ZZL x;, so that a = y also, we have
1 m m
2 _ 52
SJ“_m—l_z:(x -7 m— IZ %y (10.12)

=1 i=1

if ¢ < y. Since £ < y means that the components of x are less spread out than those
of y in some sense, namely as indicated by Definition 10.1, the inequality in (10.12)
is not surprising.
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10.3 CAUCHY-SCHWARZ INEQUALITIES

We will start by restating the standard Cauchy-Schwarz inequality that was presented
in Section 2.2 and give an alternative proof.

Theorem 10.10 Suppose that  and y are m x 1 vectors. Then

(@'y)” < (') (y'y), (10.13)
with equality if and only if one of the vectors is a scalar multiple of the other.

Proof. If either vector is the null vector, then (10.13) holds with equality and that
null vector equals zero times the other vector. Otherwise, note that

(z'z)(y'y) — (x'y)* = (z'z)y’ Ay, (10.14)

where A = I, — (z'x) 'xx’'. Clearly, A has eigenvalues of 1 and 0 with multiplici-
ties of m — 1 and 1. This guarantees that (10.14) is nonnegative and so (10.13) holds.
Eigenvectors of A corresponding to the O eigenvalue are of the form ca for ¢ # 0,
and so (10.14) equals 0, and hence (10.13) holds with equality, if and only if y has
this same form. O

A simple extension of the standard Cauchy-Schwarz inequality is given next.

Theorem 10.11 If x and y are m x 1 vectors and A is an m x m positive definite
matrix, then

(2'y)* < («'Az)(y' A 'y),

with equality if and only if one of the vectors, Az and vy, is a scalar multiple of the
other.

Proof.  Since A is positive definite, there exists a nonsingular matrix 7" such that
A=TTand A~' = T~'TV. Defining u = T« and v = Ty, we find that

(z'y)’ = (@'T'T™"y)* = (u'v)’ < (u'u)(v'v)
= (@'T'Tx)(y'T 'T "y) = (¢’ Az)(y' A" 'y),
where the inequality follows from Theorem 10.10. We have equality if and only if
one of the vectors, w = Tx and v = T~V vy, is a scalar multiple of the other. Premul-

tiplying by 7", we see this is equivalent to saying that one of the vectors, Az and vy,
is a scalar multiple of the other. 0



CAUCHY-SCHWARZ INEQUALITIES 445

The rest of this section is devoted to matrix versions of the Cauchy-Schwarz
inequality. We first consider one involving the trace.

Theorem 10.12 If A and B are both m x n matrices, then

{tr(A'B)}* < {tx(A'A)}{tx(B'B)},
with equality if and only if one of the matrices is a scalar multiple of the other.
Proof.  Using Theorem 8.10, we can write tr(A'B) = a'y, tr(A’A) = 2’ and

tr(B'B) = y'y, where @ = vec(A) and y = vec(B). The result then follows
immediately from Theorem 10.10. 0

Before giving a general Cauchy-Schwarz inequality involving determinants, we
first consider the following special case.

Theorem 10.13 Suppose that P and @) are both m x n semiorthogonal matrices
with n < m. Then

IPQP <1,

with equality if and only if PP' = QQ'.
Proof. We have

|P'Q|* = |Q'PP'Q| < |QPP'Q+Q (I, — PPQ|=|I,| =1, (10.15)
where the inequality follows from Theorem 4.17 since Q' PP'Q and Q'(I,,, — PP')Q
are both nonnegative definite. From that same theorem, we see that we have equality
in (10.15) if and only if Q'(1,, — PP")Q = (0) which is equivalent to the condition
PP =QQ'. ]

Next we have the generalization of Theorem 10.13 to arbitrary real matrices.
Theorem 10.14 Suppose that both A and B are m x n matrices. Then

|A'B|? < |A'A||B'B|, (10.16)

with equality if and only if rank(A) < n or rank(B) < n, or B = AC for some
nonsingular matrix C.

Proof.  Clearly the inequality holds when | A’ B| = 0 and, in this case, equality holds
if and only if rank(A) < n or rank(B) < n. For the remainder of the proof we
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assume |A'B| # 0. Using the singular value decomposition we can write A and B
as A= P/ D,Q, and B = P,D,(),, where the m x n matrix P, and n X n matrix
Q, satisfy P/P, = Q.Q, = I,,, and D, is an n x n diagonal matrix with positive
diagonal elements. It then follows that

|A/B‘2 = |Q/1D1P1/P2D2Q2|2 = |D1|2|D2|2\P{P2\2,

while |A’A| = |D,|*> and |B'B| = |D,|>. Thus, (10.16) follows directly from
Theorem 10.13. Also from Theorem 10.13, we have equality if and only if
P, P| = P,Pj, and since this is equivalent to A and B having the same column
space, the proof is complete. (]

104 HOLDER’S INEQUALITY

We start with one version of an inequality known as Holder’s inequality. If « and y are
m X 1 vectors with nonnegative components and « is a scalar satisfying 0 < a < 1,
then

m m « m -«
> gyl < (Z%) (Z%) : (10.17)
=1 i=1 i=1

with equality if and only if one of the vectors is a scalar multiple of the other. A proof
of this result, along with some extensions to more than two vectors, can be found in
Hardy et al. (1952). We will first use Holder’s inequality to prove the following result.

Theorem 10.15 Suppose a is an m x 1 vector with nonnegative components and
% + % =1, where p > 1. Then

m m 1/p
ab; < a? (10.18)
i=1 i=1

for every m x 1 vector b having nonnegative components and satisfying
Yoty b = 1. We have equality in (10.18) if and only if @ = 0 or

7

fori =1,... ,m.

Proof. Clearly both sides of (10.18) reduce to O when a = 0, so for the remainder
of the proof we assume a # 0. Let z; = af, y, = b}, and @ = 1/p so that a; = z¢
and b; = yil’a. Then using (10.17), we have
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m m m X/ m 1-a
. a, -«

E a;b; = E iy, © < E L E Yi

1=1 i=1 =1 1=1

m 1 s/ m 1/q m 1/p
“(Z) (2) - (&)
i=1 i=1 i=1

Further, we have equality if and only if x = (a}, ... ,a?,) and y = (b, ... ,b%)

are scalar multiples of one another which, due to the constraint ZZI b,‘g = 1, implies
that o
b = .
p
St
=
O

In this section, we will look at some matrix versions of Holder’s inequality. Our
first of these results involves determinants and is due to Fan (1950).

Theorem 10.16 Suppose that A and B are m x m nonnegative definite matrices
and « is a scalar satisfying 0 < o« < 1. Then

|A|*|B|'"™ < |aA+ (1 —a)B], (10.19)
with equality if and only if A = B or «A + (1 — «) B is singular.

Proof. Since A + (1 — «) B is also nonnegative definite, (10.19) clearly holds
when A or B is singular, with equality if and only if «A + (1 — «) B is also singular.
For the remainder of the proof we assume that both A and B are positive definite.
Using Theorem 4.14, we can write A = TAT’ and B = T'T’, where T is a nonsin-
gular matrix, A = diag()\,, ... ,\,,),and A, ... , A, are the eigenvalues of B~1 A.
Thus, the proof will be complete if we can show that

m

A =T <lad+ (1 —a)L,| = [](e +1-a),

i=1 =1

with equality if and only if A = I,,,. This result is easily confirmed by showing the
function g(\) = aA + 1 — o — \* is minimized at A = 1 when 0 < o < 1. O

For nonnegative definite matrices A and B, we will next give an upper bound
for tr(A“B'"®), where 0 < o < 1. Here the ath power of the nonnegative
definite matrix A is defined to be A% = XA*X', where A = XAX' represents
the spectral decomposition of A and A* = diag(\Y, ... ,\%,). Before establishing
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the bound, we will need a preliminary result. Both of these results are due to
Magnus (1987).

Theorem 10.17 Suppose A is an m x m nonnull nonnegative definite matrix and

%4_ % = 1, where p > 1. Then

tr(AB) < {tr(AP)}/P (10.20)

for every m x m nonnegative definite matrix B satisfying tr(B?) = 1. We have
equality in (10.20) if and only if

B = {tr(AP)} 1 AP,

Proof. Let B = PAP’ be the spectral decomposition of B, and note that from the
conditions of the theorem, > ;" AY = 1, where A\; > --- > X, are the eigenvalues
of B.Put C = P'AP so that

m

tr(AB) = tr(APAP') = tr(CA) = Y ¢;;A

(A B
1=1

where c;; is the ith diagonal element of C'. Applying Theorem 10.15, we have

m 1/p
tr(AB) < (Z c,ﬁ-) . (10.21)
i=1

Since (¢11, -+ Cmm)’ < (V15 -+ -y Vin)'» Where 7 > -+ >~ are the eigenvalues
of A and C, and g(z) = 2P is a strictly convex function on [0, c0) when p > 1, an

application of Theorem 10.9 leads to

m

D el <Y AP =tr(CP) = tr(AP). (10.22)

i=1 =1

Combining (10.21) and (10.22) immediately yields (10.20). From Theorem 10.15,
equality occurs in (10.21) if and only if

P,
Azq = /"L'”“ ’
2551
fori=1, ... ,m, and by Theorem 10.9, we have equality in (10.22) if and only
if ¢y, ..., ¢, are the eigenvalues of C, that is, C = I" = diag(~,, ... ,7,,) and

A = PT'P'. Thus, we have equality in (10.20) if and only if
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-1
m

BY=PAP =Y & | Pdiag(c), ..., c,,)P

77 rmm
J=1

-1

=Y 47| PIPP = {tx(A7)} ' AP,
j=1

and so the proof is complete. O
Now we can use Theorem 10.17 to establish a matrix version of Holder’s inequality
involving traces.

Theorem 10.18 Suppose A and B are m x m nonnull nonnegative definite matri-
ces and « is a scalar satisfying 0 < a < 1. Then

tr(A*B) < {tr(A)}*{tr(B)}* ", (10.23)
with equality if and only if B = cA for some positive scalar c.
Proof. Letp=a'andq= (1 —a)~},so that % + % = 1 and p > 1. Define

Bl/4
‘= B

so that tr(C'?) = 1, and then by Theorem 10.17,
tr(AYP0) < [tef(AVP)PHYP = {ar (A} = {ex(A)}e
This yields (10.23) since

tr(AY/PBY9)  tr(A*B'®)
{te(B)}Ve — {t(B)}e

tr(AVPC) =

According to Theorem 10.17, we have equality in (10.23) if and only if

B (Al/p)p _ A
—{(AVP)p) T tr(A)

q

or equivalently B = {tr(B)/tr(A)}A. O
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10.5 MINKOWSKI’S INEQUALITY

Minkowski’s inequality is another well-known classical inequality. If  and y are
m X 1 vectors with nonnegative components and p > 1, then

m 1/p m 1/p m 1/p
{Z (2 +yi>P} < <Z xﬁ’) + (Z yf) : (10.24)
=1

i=1 i=1

with equality if and only if « and y are linearly dependent. A proof of this result, along
with some extensions can be found in Hardy et al. (1952). A Minkowski inequality
for products is given by

m 1/m m 1/m m 1/m
{H(xi +yi)} > (Hw) + (Hy) : (10.25)
=1 i=1

=1

where again we have equality if and only if  and y are linearly dependent. The
inequality (10.25) is actually a special case of a generalized Holder inequality; see,
for instance, Magnus and Neudecker (1999).

In this section, we will obtain some matrix analogues of Minkowski’s inequalities.
Our first result, which involves determinants, can be viewed as a generalization of
(10.25).

Theorem 10.19 Let A and B be m x m nonnull nonnegative definite matrices.
Then

|A+ B|1/m > |A|1/m + |B|1/m’ (10.26)
with equality if and only if A + B is singular or A = ¢B for some ¢ > 0.

Proof. Since A+ B is nonnegative definite, the inequality clearly holds when
both A and B are singular with equality if and only if A 4+ B is also singular. For
the remainder of the proof, we assume without loss of generality that B is positive
definite. Applying Theorem 4.14, there exists a nonsingular matrix 7" such that
A=TAT" and B =TT, where A = diag()\, ... ,\,,) has the eigenvalues of
T-'/2AT-1/? as its diagonal elements. Since 7'/ AT~'/? is nonnegative definite,
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A; >0fori=1,...,m,and so using (10.25)

|A+ B|Y/™ = |TAT' + TT'|/™ = |T|* ™A+ I,|'/™

m 1/m
= |T|2/m{H(>\7¢ + 1)}

=1

m 1/m m 1/m
> o (H Ai> + (H 1>
=1 =1

_ |T|2/m(|A|1/m + |Im|1/m) — |TAT,‘1/m + |TT,‘1/m

= [A]Y/™ 4 | B,
which establishes (10.26). We have equality if and only if (A, ..., \,,) and 1,, are
linearly dependent; thatis, \; =--- =\, =c¢,sothat A = ¢l and A = TAT' =
c¢TT = c¢B. O

Our next result is a matrix version of (10.24) involving traces. The proof of this
result, which utilizes Theorem 10.17, is due to Magnus (1987).

Theorem 10.20 Let A and B be m x m nonnull nonnegative definite matrices and
suppose p > 1. Then

[tr{(A + B)P}"P < {tr(AP)}7 + {tx(BP)}7,
with equality if and only if B = cA for some ¢ > 0.

Proof. It follows from Theorem 10.17 that for any m x m nonnull nonnegative def-
inite matrix A

max tr(AC) = {tr(AP)}'/7,

ces

where
S ={C : C is m x m nonnegative definite, tr(C?) = 1},

and ¢ is such that }l’ + % = 1. Thus
[tr{(A + B }"'" = maxtr{(4 + B)C}
< max tr(AC) + max tr(BC)
CeS ces
= {tr(AP)}V/P + {tx(BP)}7,

with equality if and only if tr{(A + B)C}, tr(AC), and tr(BC') are all maximized
by the same C'. According to Theorem 10.17, this requires that (A + B)?, AP, and
BP be proportional to one another or, equivalently, B = cA, for some scalar c. O
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10.6 THE ARITHMETIC-GEOMETRIC MEAN INEQUALITY

If £, > 0,2y > 0,and 0 < o < 1, then, since g(x) = —log(x) is a convex function
onz € (0,00),

log{az; + (1 — a)z,} > alog(zy) + (1 — a) log(z,)
= log(xf'zy"*),

or, equivalently,

axy + (1 —a)zy > a:f‘xgkw.

Clearly this inequality also holds if either z; = 0 or =, = 0. More generally, the
weighted arithmetic-geometric mean inequality is given by

e

where z; > 0, o; > 0, and >_!" | ; = 1. The special case in which a; = %n leads to

m m 1/m
%le > <H :Ei> ,
i=1 i=1

which is known as the arithmetic-geometric mean inequality. We have equality in any
of these inequalities if and only if v = --- =z,

The first of our results in this section uses the arithmetic-geometric mean inequal-
ity to establish a relationship between the trace and determinant of a nonnegative
definite matrix.

&’.:13

Theorem 10.21 Suppose A is an m X m nonnegative definite matrix. Then
Lix(4) > A/
m — )

with equality if and only if A = ¢I,,, for some ¢ > 0.

Proof. Let A\; > ---> ), be the eigenvalues of A. The inequality in Theorem
10.21 is a direct consequence of the arithmetic-geometric mean inequality since

m m 1/m
1 1
—tr(d) = =) A\ > A = |A|Y/m™,
s =3 (M) -1

We have equality if and only if \; = --- = X, or, equivalently, A is proportional to
1. O
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The arithmetic-geometric mean inequality immediately extends to diagonal matri-

ces. Thatis, if A, ..., A,, are m x m diagonal matrices with nonnegative diagonal
elements, then
1 n n 1/n
3 (1)
n 4 ,
i=1 i=1
is nonnegative definite and reduces to the null matrix if and only if A| = --- = A,,.

Our final result is a simple extension of this result to nonnegative definite matrices.

Theorem 10.22 Let A,, ..., A, be m x m nonnegative definite matrices. If
A;A; = A A; forall i # j, then the matrix

1 n n 1/n
E3a (114
" <i—1
is nonnegative definite and reduces to the null matrix if andonly it 4, =--- = A4,

Proof. By Theorem 4.19, there exists an orthogonal matrix P such that
A, = PA,P’, where A, =diag(\;, ... ,N;,,) and A, ...\, are the not

’ m m

necessarily ordered eigenvalues of A,. Consequently,

n n n n 1/n
1 1
SN 4 (TT4a) =P{ESa—(TIA) bP.

and so the result follows directly from the result for diagonal matrices. g

1/n

PROBLEMS

10.1 If z < y and y < «, how are x and y related?

10.2 Suppose x, y, and z are all m x 1 vectors, < y, and the components of z
are nonnegative.

(a) Show that

m

Zy 121 >Zx 121

(b) Show that

m m

E: Yl 2 im—+1—4] E: i) 2 [m41—i]*

i=1 i=1

10.3 Show thatifx < z,y < z,and 0 < A < 1, then Az + (1 — \)y < =.

10.4 Suppose x < y. Show that there exists an orthogonal matrix () such that
x = Py, where P = Q © Q.
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10.5

10.6

10.7

10.8

10.9

10.10

10.11

10.12

10.13

INEQUALITIES

Show that = < y if and only if

m

m
Z‘xi—ﬁdﬁ ly; — al
i=1 i=1

for all real scalars a.

Show that if for some m x m matrix P, Px < x for every m x 1 vector x,
then P is doubly stochastic.

If P is a nonsingular doubly stochastic matrix, show that P~11, =1, and
1/ P~!' =1/ _If, in addition, P! is doubly stochastic, that is, it has nonneg-
ative elements, show that P is a permutation matrix.

Give an alternative proof of Theorem 10.3 by using the spectral decomposition
of A.

Let A and B be m x m symmetric matrices having the partitioned forms
Ay Ap
Ay Ag

) Ay (0)
4= 0) Ay

) )

where A, is m; X my Ay, is my X my and m; + m, = m. If the components
of a are the eigenvalues of A and the components of b are the eigenvalues of
B, show that b < a.

Let « be anm x 1 vector withz; > Oforalliand ) ", z; = 1. Use Theorem

10.9 to show that " ,
1\* 1)e
3 (zi n _> > (1)
- x ma—

i

forany a > 1.

Let & be an m x 1 vector with z; > 0 forall i and T =m ™' " | x,. Show
that

m

ZmZm(m—l).

: Z;

i=1 g
Letx and y be m x 1 vectors and A be an m x m nonnegative definite matrix.
Show that

(x'Ay)* < (z'Az)(y'Ay),

with equality if and only if one of the vectors Az and Ay is a scalar multiple
of the other.

Let A be an m x m nonnegative definite matrix and « and y be m x 1 vectors
with y being in the column space of A. Show that

(z'y)* < (@' Az)(y'A"y),

with equality if and only if one of the vectors Ax and y is a scalar multiple of
the other.
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10.14 Let A and B be m x m positive definite matrices. Use Theorem 10.11 to show

10.15

10.16

10.17

10.18

10.19

10.20

10.21

that (A (g B )
A+ B) ly < Yy y)N\y Yy
Yy(A+B) y < y (AT + B )y
for any y # 0.
Let « be an m x 1 vector and A be an m x m positive definite matrix with

eigenvalues A\; > --- > A . Establish the Kantorovich inequality which is

given by
(z'Az) (@' A @) _ (M + A,
(z'x)? AN,
Let  and y be m x 1 vectors. If '1,, =1 and z; >0 fori=1, ... ,m,
show that "
(m/y)Q S Z xvyza

i=1
with equality if and only if y; = - - = y,,,.
Let A be an m x m matrix with real eigenvalues. Show that

{tr(A)} < m tr(A?),

with equality if and only the eigenvalues are all equal.
If A and B are m x n matrices, show that

tr{(A'B)*} < r{(A'A)(B'B)},

with equality if and only if AB’ is symmetric.
If A and B are m x n matrices, show that

tr{(A'B)*} < r{(AA)(BB)},

with equality if and only if A’B is symmetric.
Let A be an m X m matrix. Show that

tr(A?%) < tr(A'A),

with equality if and only if A is symmetric.

Let A, ..., A, bem x m positive definite matrices, and let «y, ...

nonnegative scalars satisfying » ;" ; «; = 1. Show that

n

[

=1

n

Z a; A;

i=1

DL,;S

9

with equality if and only if 4, =--- = A

n*

be
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10.22

10.23

10.24

10.25

10.26

INEQUALITIES

Let A and B be m x m nonnull nonnegative definite matrices and define
C=aA+(1-a)B—A*B'",

where 0 < o < 1. Use Theorem 10.18 to show that tr(C') > 0, with equality
if and only if A = B, thereby establishing the inequality

tr(A*B'"?) < tr{aA + (1 — a)B}.
If A and B are m x m positive definite matrices and 0 < « < 1, show that
tr{{ad + (1—)B} ™Y < atr(A™) + (1 - a)tr(B),
Let A be an m x m nonnull nonnegative definite matrix. Show that
m~tr(AB) > |AY™

for every postive definite m x m matrix B satisfying |B| = 1, with equality
if and only if A is nonsingular and B = |A|'/™ A1,

Give an alternative proof of Theorem 10.19 by using the result from the pre-
vious problem.

Let A and B be m x m positive definite matrices and define

A B (0) A'B

B'A (0)

Compare the eigenvalues of %C” C and D by using Theorem 3.28 to show that
0,(AB) < 0;(A* + B*) /2 fori =1, ... ,m, where 0,(A) > --- > o, (A)
denote the singular values of A, thereby extending the arithmetic-geometric
mean inequality ab < (a” + b%)/2.
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SOME SPECIAL TOPICS RELATED TO
QUADRATIC FORMS

11.1 INTRODUCTION

We have seen that if A is an m X m symmetric matrix and @ is an m X 1 vector, then
the function of x, ' Az, is called a quadratic form in x. In many statistical applica-
tions, x is a random vector, whereas A is a matrix of constants. The most common
situation is one in which x has as its distribution, or as its asymptotic distribution,
the multivariate normal distribution. In this chapter, we investigate some of the dis-
tributional properties of @’ Az in this setting. In particular, we are most interested in
determining conditions under which &’ Az will have a chi-squared distribution.

11.2 SOME RESULTS ON IDEMPOTENT MATRICES

We have noted earlier that an m x m matrix A is said to be idempotent if A% = A. We
will see in Section 11.3 that idempotent matrices play an essential role in the discus-
sion of conditions under which a quadratic form in normal variates has a chi-squared
distribution. Consequently, this section is devoted to establishing some of the basics
results regarding idempotent matrices.

Theorem 11.1 Let A be an m x m idempotent matrix. Then

(a) 1,, — Ais also idempotent,

Matrix Analysis for Statistics, Third Edition. James R. Schott.
© 2017 John Wiley & Sons, Inc. Published 2017 by John Wiley & Sons, Inc.
Companion Website: www.wiley.com/go/Schott/Matrix Analysis3e
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(b) each eigenvalue of Ais 0 or 1,
(c) Ais diagonalizable,
(d) rank(A) = tr(A).

Proof. Since A? = A, we have
(I, —A?=1I,—-2A+A>=1_— A,

and so (a) holds. Let A be an eigenvalue of A corresponding to the eigenvector x, so
that Ax = Ax. Then because A?> = A, we find that

\x = Ax = A’z = A(Az) = AQ\x) = Mz = Nz,

which implies that
AA=1)z=0.

Since eigenvectors are nonnull vectors, we must have A\(A — 1) =0, and so (b)
follows. Let r be the number of eigenvalues of A equal to one, so that m — r is
the number of eigenvalues of A equal to zero. As a result, A — I, must have r
eigenvalues equal to zero and m — r eigenvalues equal to —1. By Theorem 4.8, (c)
will follow if we can show that

rank(A) = r, rank(A—1,)=m—r. (11.1)

Now from Theorem 4.10, we know that the rank of any square matrix is at least as
large as the number of its nonzero eigenvalues, so we must have

rank(A) > r, rank(A—1,)>m—r. (11.2)
However, Corollary 2.10.1 gives

rank(A) 4+ rank(I,, — A) <rank{A(I,, — A)} + m
=rank{(0)} +m =m,

which with (11.2) implies (11.1), so (c) is proven. Finally, (d) is an immediate
consequence of (b) and (c). [l

Since any matrix with at least one 0 eigenvalue has to be a singular matrix, a
nonsingular idempotent matrix has all of its eigenvalues equal to 1. However, the only
diagonalizable matrix with all of its eigenvalues equal to 1 is the identity matrix; that
is, the only nonsingular m x m idempotent matrix is I,,.

If A is a diagonal matrix, that is, A has the form diag(a,, ... ,a,,), then A% =

diag(a?, ... ,a2,). Equating A and A?, we find that a diagonal matrix is idempotent

s Ym
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if and only if each diagonal element is O or 1, which is, of course, also an immediate
consequence of Theorem 11.1(b).

Example 11.1 Although an idempotent matrix has each of its eigenvalues equal to

1 or 0, the converse is not true; that is, a matrix having only eigenvalues of 1 and 0
need not be an idempotent matrix. For instance, it is easily verified that the matrix

0 1 0
A=10 0 O
0 0 1
has eigenvalues 0 and 1 with multiplicities 2 and 1, respectively. However,
0 0 0
A*=10 0 0],
0 0 1
so that A is not idempotent.
The matrix A in Example 11.1 is not idempotent because it is not diagonalizable.
In other words, an m x m matrix A is idempotent if and only if each of its eigenvalues

is 0 or 1 and it is diagonalizable. In fact, we have a special case in Theorem 11.2.

Theorem 11.2 Let A be an m x m symmetric matrix. Then A is idempotent if and
only if each eigenvalue of A is 0 or 1.

Proof. Let A = XAX' be the spectral decomposition of A, so that X is an orthog-
onal matrix and A is diagonal. Then

A? = (XAX')? = XAX'XAX = XA*X'.

Clearly, this equals A if and only if each diagonal element of A, that is, each eigen-
value of 4,is 0 or 1. O

Theorem 11.2 is generalized in Corollary 11.2.1.

Corollary 11.2.1 Let A be an m X m symmetric matrix and B be an m X m pos-
itive definite matrix. Then AB is idempotent if and only if each eigenvalue of AB is
Oorl.

Proof.  Since B is positive definite, it can be expressed as B = T'T", where T is an
m X m nonsingular matrix. Note that if the equation

ABAB = AB (11.3)
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is premultiplied by 7" and postmultiplied by 7V, it yields

T'ATT' AT = T'AT. (11.4)
Conversely, premultiplying (11.4) by 7~ and postmultiplying by 7", we get (11.3).
That is, AB is idempotent if and only if 7" AT is idempotent. Since AB and T' AT
have the same eigenvalues by Theorem 3.2(d), the result follows immediately from

Theorem 11.2. O

Theorem 11.3 gives some conditions for the sum of two idempotent matrices and
the product of two idempotent matrices to be idempotent.

Theorem 11.3 Let A and B be m x m idempotent matrices. Then

(a) A+ B isidempotent if and only if AB = BA = (0),
(b) AB isidempotent if AB = BA.

Proof.  Since A and B are idempotent, we have
(A+B)?=A*+B*+ AB+ BA= A+ B+ AB + BA,
so that A + B will be idempotent if and only if
AB = —BA. (11.5)
Premultiplication of (11.5) by B and postmultiplication by A yields the identity
(BA)? = —BA, (11.6)

since A and B are idempotent. Similarly, premultiplying (11.5) by A and postmulti-
plying by B, we also find that

(AB)? = —AB. (11.7)
Thus, it follows from (11.6) and (11.7) that both —BA and —AB are idempotent
matrices, and because of (11.5), so then are AB and B A. Part (a) now follows because
the null matrix is the only idempotent matrix whose negative is also idempotent. To
prove (b), note that if A and B commute under multiplication, then
(AB)? = ABAB = A(BA)B = A(AB)B = A’B* = AB,

and so the result follows. O

Example 11.2 The conditions given in Theorem 11.3 for (A + B) to be idempotent
are necessary and sufficient, whereas the condition given for AB to be idempotent is
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only sufficient. We can illustrate that this second condition is not necessary through
a simple example. Let A and B be defined as

1 1 0 0
a=lo o] =[],
and observe that A> = A and B? = B, so that both A and B are idempotent. In

addition, AB = A, so that AB is also idempotent. However, AB #* BA because
BA = B.

Itis easily verified that a matrix having the form A = B(C’B)~*C" is idempotent.
Our next result shows that every idempotent matrix can be expressed in this way.

Theorem 11.4 Suppose A is an m x m idempotent matrix of rank r. Then there
exist m x r matrices B and C' such that

A=B(C'B)'C.

Proof. 1t follows from the singular value decomposition that A can be expressed
as A = BDC’, where B and C' are m x r full-rank matrices and D is a nonsingular
r X r matrix. Since A is idempotent, we have

BDC' = BDC'BDC".
Premultiplying this by (B’B) ! B and postmultiplying by C(C'C)~! yields
D = DC'BD,
from which we get D = (C'B) ™! as required. O

Most of the statistical applications involving idempotent matrices deal with sym-
metric idempotent matrices. For this reason, we end this section with some results for
this special class of matrices. Theorem 11.5 gives some restrictions on the elements
of a symmetric idempotent matrix.

Theorem 11.5 Suppose A is an m x m symmetric idempotent matrix. Then

(@) a;; >0fori=1,...,m,
(b) a;; <lfori=1,...,m,
(¢) a;; = ay =0, forall j #i,ifa; =0ora; = 1.

Proof.  Since A is idempotent and symmetric, it follows that

a; = (A); = (AQ)ii = (A/A)m‘

(33
m

= (A4).(A), = _a, (11.8)
j=1
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which clearly must be nonnegative. In addition, from (11.8), we have
a; = a3 + Z a’;,
J#i

sothata;; > a?; ora;; (1 — a;;) > 0. However, because a;; is nonnegative, this leads

to (1 — a;i)_z 0, and thus (b) must hold. If a;; = 0 or a,; = 1, then a,; = a2, and so
again using (11.8), we must have

>ai=0,
i
which, along with the symmetry of A, establishes (c). (]

Theorem 11.6 is useful in those situations in which it is easier to verify an identity
such as A% = A? than the identity A% = A.

Theorem 11.6 Suppose that for some positive integer ¢, the m x m symmetric
matrix A satisfies A*! = A, Then A is an idempotent matrix.

Proof. Tf),, ..., )\, aretheeigenvalues of A, then \it!, ... Aitland A}, ... X},
are the eigenvalues of A" and A, respectively. However, the identity A**! = A’
implies that )\;-H = A;, for j =1, ...,m, so each Aj must be either O or 1. The
result now follows from Theorem 11.2. O

11.3 COCHRAN’S THEOREM

Theorem 11.7, sometimes referred to as Cochran’s Theorem (Cochran, 1934), will
be useful in establishing the independence of several different quadratic forms in the
same normal variables.

Theorem 11.7 Let each of the m x m matrices A, ... , 4, be symmetric and
idempotent, and suppose that A; +---+ A, = I,,. Then A;A; = (0) whenever

i

Proof.  Select any one of the matrices, say A,, and denote its rank by r. Since A,
is symmetric and idempotent, an orthogonal matrix P exists, such that

P'A, P = diag(1,,(0)).
For j # h, define B; = P’AjP, and note that

k k
I,=P1,P=P |y A |P=|> PAP
j=1 j=1

= diag(I,, (0)) + Y _ B,
Jj#h
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or equivalently,

> B; = diag((0), 1,,,_,)-

i#h
In particular, forl =1, ... |7,
Z (Bj)lz =0.
J#h

However, clearly B; is symmetric and idempotent because A; is, and so, from
Theorem 11.5(a), its diagonal elements are nonnegative. Thus, we must have
(Bj)ll =0 foreach ! =1, ... ,r, which, along with Theorem 11.5(c), implies that
B; must be of the form

Bj = diag((O), Cj)7

where C; is an (m —r) x (m —r) symmetric idempotent matrix. Now, for any
J#h,

P'A,A,P = (P'A, P)(P'A;P)

|6 O [0 ¢]-o

J

which can be true only if A, A; = (0), because P is nonsingular. Our proof is now
complete, because h was arbitrary. 0

Our next result is an extension of Cochran’s Theorem.

Theorem 11.8 Let A, ..., A, be m x m symmetric matrices, and define
A=A, + -+ A,. Consider the following statements:

(a) A, isidempotent fori =1, ... k.
(b) A isidempotent.
(c) A;A; = (0), foralli # j.

Then if any two of these conditions hold, the third condition must also hold.

Proof.  First we show that (a) and (b) imply (c). Since A is symmetric and idempo-
tent, an orthogonal matrix P exists, such that

P'AP = P'(A, + -+ A,)P = diag(I,, (0)), (11.9)

where r = rank(A). Let B, = P’A,Pfori =1, ..., k, and note that B, is symmet-
ric and idempotent. Thus, it follows from (11.9) and Theorem 11.5 that B, must be
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of the form diag(C;, (0)), where the r x r matrix C; also must be symmetric and
idempotent. However, (11.9) also implies that

Ci+-+C,=1.

Consequently, C,, ... ,C) satisty the conditions of Theorem 11.7, and so
C,C; = (0) for every i # j. From this result, we get B,B; = (0) and, hence,
A;A; = (0) for every i # j, as is required. That (a) and (c) imply (b) follows
immediately, because

k 2 k
TR ST 5 WIS S T0 3) o
i=1 i=1 j=1 i=1 i

A, = A

K3

I

=1

Finally, we must prove that (b) and (c) imply (a). I (c) holds, then A;A; = A; A, for
all ¢ # j, and so by Theorem 4.19, the matrices A, ... , A, can be simultaneously
diagonalized; that is, an orthogonal matrix @) exists, such that

Q'A,Q =D,
where each of the matrices D, ... , D), is diagonal. Furthermore,
D;D; =Q'A,QQ'A;Q = Q'A,A,Q = Q'(0)Q = (0), (11.10)

for every i # j. Now because A is symmetric and idempotent, so also is the diagonal
matrix

Q'AQ =D, +---+ D,.

As a result, each diagonal element of Q' AQ) must be either O or 1, and because of

(11.10), the same can be said of the diagonal elements of D, ... , D,.. Thus, for each
i, D, is symmetric and idempotent and, hence, so is A, = QD,Q’. This completes
the proof. U

Suppose that the three conditions given in Theorem 11.8 hold. Then (a) implies
that tr(A;) = rank(A4;) and (b) implies that

k k k
rank(A) = tr(A4) = tr (Z Az-) = Ztr(Ai) = Zrank(Ai).

Thus, we have shown that the conditions in Theorem 11.8 imply the fourth condition

(d) rank(A) = Zf;l rank(4,).
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Conversely, suppose that conditions (b) and (d) hold. We will show that these imply
(a) and (c). Let H = diag(A,, ... ,A;) and F =1, ®1,,, so that A= F'HF.
Then (d) can be written rank(F'HF') = rank(H ), and so it follows from Theorem
5.26 that F(F'HF) F’ is a generalized inverse of H for any generalized inverse
(F'HF)~ of F'HF. However, because A is idempotent, AI,, A = A, and hence,
1., is a generalized inverse of A = F'HF'. Thus, F'F" is a generalized inverse of H,
which yields the equation

HFF'H = H,
which in partitioned form is
A A A, - AJAL A (0) -+ (0)
A A, A3 o ALA, _ 0) A4, --- (0
Ad Aty o ] © o4

This equation immediately gives conditions (a) and (c). Corollary 11.8.1 summarizes
the relationship among these four conditions.

Corollary 11.8.1 Let A;, ... , A; be m x m symmetric matrices, and define A =
A, + -+ A,. Consider the following statements.

(a) A, isidempotent fori =1, ... k.
(b) A is idempotent.

() A;A; = (0), forall i # j.

(d) rank(A) = 35 | rank(A4,).

All four of the conditions hold if any two of (a), (b), and (c) hold, or if (b) and (d) hold.

11.4 DISTRIBUTION OF QUADRATIC FORMS IN NORMAL VARIATES

The relationship between the normal and chi-squared distributions is fundamental in
obtaining the distribution of a quadratic form in normal random variables. Recall that
if z, ..., 2, are independent random variables with z; ~ N(0, 1) for each ¢, then

r

2 2
z Zi ™~ X+
1=1

This is used in Theorem 11.9 to determine when the quadratic form x’Ax has a
chi-squared distribution if the components of a are independently distributed, each
having the N (0, 1) distribution.
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Theorem 11.9 Letx ~ N, ,(0, I,,), and suppose that the m x m matrix A is sym-

rTm

metric, is idempotent, and has rank r. Then ' Az ~ X?«-

Proof.  Since A is symmetric and idempotent, an orthogonal matrix P exists, such
that
A= PDP’,

where D = diag(Z,, (0)). Let z = P’x, and note that because  ~ N, (0, I,,),

E(z) = E(P'z) = P'E(x) = P'0 =0,
var(z) = var(P'z) = P'{var(x)}P =P'[, P=P'P=1,,
and so z ~ N, (0, 1,,); that is, the components of z are, like the components of x,

independent standard normal random variables. Now because of the form of D, we
find that

#'Ax = ' PDP'x = 2'Dz = Z 27,
i=1
and so the result then follows. O

Theorem 11.9 is a special case of Theorem 11.10 in which the multivariate normal
distribution has a general nonsingular covariance matrix.

Theorem 11.10 Let x ~ N,,(0, ), where € is a positive definite matrix, and let
A be an m x m symmetric matrix. If A€ is idempotent and rank(AQ) = r, then
x' Az ~ 2.

Proof.  Since € is positive definite, a nonsingular matrix 7" exists, which satisfies
Q =TT’ If we define z = T 'x, then E(z) = T 'E(x) = 0 and
var(z) = var(T 'x) = T~ Y{var(x)} T
=T N TT"T V=1

m?

so that z ~ N,,(0,I,,). The quadratic form @’Ax can be written in terms of z
because
' Ax = 'T VT'ATT 'z = 2'T'AT 2.

All that remains is to show that T’ AT satisfies the conditions of Theorem 11.9.
Clearly, T' AT is symmetric, because A is, and idempotent because

(T'AT)?> = T'ATT' AT = T'AQAT = T’ AT,

where the last equality follows from the identity AQ2A = A, which is a consequence
of the fact that A2 is idempotent and 2 is nonsingular. Finally, because 7" AT and
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ASQ are idempotent, we have
rank(T'AT) = tr(T'AT) = tr(ATT")
= tr(AQ) = rank(AQ) = r,
and so the proof is complete. (]

It is not uncommon to have a quadratic form in a vector that has a singular multi-
variate normal distribution. Our next result generalizes Theorem 11.10 to this situa-
tion.

Theorem 11.11 Letx ~ N,,(0,2), where € is positive semidefinite, and suppose
that A is an m x m symmetric matrix. If QAQAQ = QA and tr(AQ) = r, then
' Az ~ 2.

Proof. Let n =rank(f), where n < m. Then an m x m orthogonal matrix
P =[P, P, exists, such that

Q=[p, P [(3) Egg] Lﬁj — AP,

where P, is m x n and A is an n X n nonsingular diagonal matrix. Define
_ |z _ [Pl _ b
== (2] [ =
and note that because P'0 = 0 and P'QP = diag(A, (0)), z ~ N,,(0, diag(A

)
which means that z = (2}, 0’)’, where z, has the nonsingular distribution N,, (
Now

(0)),
).
' Ax = ' PP'APP'x = 2’ P'APz = 2| P/ AP, 2z,

and so the proof will be complete if we can show that the symmetric matrix P; AP,
satisfies the conditions of the previous theorem, namely, that P{ AP, A is idempotent
and rank(P{AP;A) = r. Since QAQAQ = QAQ, we have

(AV2PI AP AV?) = AV2PIA(P,AP))A(P,AP))AP,A"/?
= AV2PIAQAQAP AY? = A2 Pl AQAPAY/?
= AY2P{A(P,AP))AP,A"? = (A2 P/ AP,AV/?)?,

and so the idempotency of A'/?2P]AP;A'/? follows from Theorem 11.6. However,
this also establishes the idempotency of P AP, A because A is nonsingular. Its rank
is 7 because

rank(P{AP,A) = tr(P[AP,A) = tr(AP,AP]) = tr(AQ) = r,

and so the result follows. O



468 SOME SPECIAL TOPICS RELATED TO QUADRATIC FORMS

Until now, our results have dealt with normal distributions having the zero mean
vector. In some applications, such as the determination of nonnull distributions in
hypothesis testing situations, we encounter quadratic forms in normal random vec-
tors having nonzero means. The next two theorems are helpful in determining whether
such a quadratic form has a chi-squared distribution. The proof of the first of these two
theorems, which is very similar to that of Theorem 11.10, is left to the reader. It applies
the relationship between the normal distribution and the noncentral chi-squared dis-
tribution; that is, if y;, ... ,y, are independently distributed with y; ~ N(u;, 1),
then

>y~ X,
=1

where the noncentrality parameter of this noncentral chi-squared distribution is given

by
A= %Zuf
i=1

Theorem 11.12 Let x ~ N, (s, 2), where 2 is a positive definite matrix, and let

A be an m x m symmetric matrix. If A€ is idempotent and rank(AQ) = r, then
@' Az ~ x*(\), where A = S/ Ap.

Theorem 11.13 Let  ~ N,,(u, ), where Q is positive semidefinite of rank n,
and suppose that A is an m x m symmetric matrix. Then ' Az ~ x?(\), where \ =

T/ Apif

(2) QANAQ = QAQ,
(b) W AQAQ = p/ AQ,
(c) WAQAp = p'Ap,
@) tr(AQ) =r.

Proof. Let P, P,, and A be defined as in the proof of Theorem 11.11, so that
Q= P,AP/.PutC = [P,A"'/? P,], and note that

z APz
= T Pz
2 2

—cwn, ([ 5 0),

=[5
By’

In other words,
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where z, ~ N, (A"'2P[u, I,

n

). Now because O~V = [P,AY/?  P,], we find that

' Ax = 2'CC'ACVC' e = 2/CTAC™ V2
AV2PI AP AY2 AVZPIAP, z
=[z] WP) 14447 141472 1
! 2 PyAPAY? PjAP, Py

= 2/ AV2P/AP A%z, + 4/ P,PyAP, Pyp
+2u' PyPyAP,AY? 2. (11.11)
However, conditions (a)—(c) imply the identities

(i) PILAQAP, = P/AP,,
(i) W/ PyP,AQAP, = /' P,P,AP,,
(i) W' PyPyAQAQAP, Py = p/ PyPSAQAP,Pipy = p/ PyPy AP, P

in particular, (a) implies (i), (b) and (i) imply (ii), whereas (iii) follows from (b), (c),
(1), and (ii). Using these identities in (11.11), we obtain

x'Ax = 2/ A2 P AP, A2z, + 1/ P,Py AQAQAP, Py
+24/ PPy AQAP A 2|
= (2, + AV2P/ AP, Ppu) A2 Pl AP, AV?(z, + AV/*P/ AP, Pp)
=w'A,w.
Now, w = (z, + AY?P{AP,Pyu) ~ N, (0,1,), where
0 = A"V2Plu+ AY2P/AP,Pyp,

and, because A, = A/?P]AP,A'/? is idempotent, a consequence of (i), we may
apply Theorem 11.12; that is, w' A, w ~ x2()\), where

r=tr(AI,) = tr(AY2P]AP,AY?) = tr(AP,AP}) = tr(AQ)
and
1 1
A= 04,0 = i(A’lﬂP{u + AY2PlAP,Pjp)

xAV2PIAP AV (A2 Pl + A2 Pl AP, Pyp)
1

= §(N’P1P{AP1P{/,L + W' PyPyAQAQAP, Pyp + 21’ PPl AQAP, Pyp)
1

= 5 (WPPAP Pip+ @ PP AP, Py + 20" PLPL AP, o)

1

1
= §HI(P1P1/ + P P))A(P Pl + P,Py)p = iu/Ay,.
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This completes the proof. ]

A matrix A satisfying conditions (a), (b), and (c) of Theorem 11.13 is Q, the
Moore—Penrose inverse of 2. That is, if © ~ N, (p,Q), then ’Q" 2 will have a
chi-squared distribution because the identity Q" Q0" = QT ensures that conditions
(a), (b), and (c) hold. The degrees of freedom r = rank({2) because rank(Q7Q) =
rank(Q).

All of the theorems presented in this section give sufficient conditions for a
quadratic form to have a chi-squared distribution. Actually, in each case, the stated
conditions are necessary conditions as well, which is most easily proven using
moment generating functions. For more details, see Mathai and Provost (1992) or
Searle (1971).

Example11.3 Letz,, ... ,z, be arandom sample from a normal distribution with
mean u and variance o?; that is, the x;’s are independent random variables, each
having the distribution N (11, o%). The sample variance s is given by

2 1 - —\2
5 :mZ(xl—x)

i=1

We will use the results of this section to show that

n

t:(n—l Zw—x N

i=1

Define the n x 1 vector = (2, ... ,x,), so that x ~ N, (ul,,0%I,). Note that
if the n x n matrix A = (I, —n~'1,1/ )/02, then

n—n

2
' — 11 2)2 n n
P 712( n®)} et (Y
g =1 =1

~ (2, —T)°  (n—1)s
= Z 2 = 2 =1,
~ o o

and so ¢ is a quadratic form in the random vector . The matrix A(c*I,,) = 02 A is
idempotent because

(’A)? = (I, —n 1,1 =1,—-2n11,1, +n%1,1,1,1

n-n n-—n-n-n

=1, - n_llnlil =024

9

and so, by Theorem 11.12, ¢ has a chi-squared distribution. This chi-squared distri-
bution has n — 1 degrees of freedom because

tr(o?A) = tr(l,, —n '1,1)) = tr(I,,) —n 'tr(1,1))

=n-n'1,1,=n—1,
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and the noncentrality parameter is given by

1 1p _

A= —p/Ap==-1, (1, —nt1, 1)1
S An =551, (L, —n 1, 1)1,
1 2
o
1p?

Thus, we have shown that t ~ \2 ;.

11.5 INDEPENDENCE OF QUADRATIC FORMS

We now consider the situation in which we have several different quadratic forms,
each a function of the same multivariate normal vector. In some settings, it is impor-
tant to be able to determine whether these quadratic forms are distributed indepen-
dently of one another. For instance, this is useful in the partitioning of chi-squared
random variables as well as in the formation of ratios having an F' distribution.

We begin with the following basic result regarding the statistical independence of
two quadratic forms in the same normal vector.

Theorem 11.14 Letx ~ N,,(u, ), where € is positive definite, and suppose that
A and B are m x m symmetric matrices. If AQB = (0), then '’ Az and ' Bx are

independently distributed.

Proof.  Since () is positive definite, a nonsingular matrix 7" exists, such that {2 =
TT'. Define G = T’ AT and H = T'BT, and note that if AQB = (0), then

GH = (T'AT)(T'BT) = T"AQBT = T'(0)T = (0). (11.12)
Consequently, because of the symmetry of G and H, we also have
(0)=(0)=(GH) = H'G' = HG,
and so we have established that GH = HG. From Theorem 4.18, we know that an
orthogonal matrix P exists that simultaneously diagonalizes G and H; that is, for
some diagonal matrices C' and D,
P'GP =P'T'ATP = C, P'HP = P'T'BTP = D. (11.13)

However, using (11.12) and (11.13), we find that

(0) = GH = PCP'PDP’ = PCDP’,



472 SOME SPECIAL TOPICS RELATED TO QUADRATIC FORMS

which can be true only if C'D = (0). Since C' and D are diagonal matrices, this
means that if the ith diagonal element of one of these matrices is nonzero, the ¢th
diagonal element of the other must be zero. As a result, by choosing P appropri-
ately, we may obtain C' and D in the form C' = diag(c,, ... ¢, ,0, ... ,0) and

D = diag(0, ... ,0,d,, ., .- ,d,,) for some integer m,. If we let y = P'T ',

1 'm
then our two quadratic forms simplify as

my
' Az = 2T VPP'T'ATPP'T 'z =y'Cy = Z s
=1

and
m
@Bx =T "PP'T'BTPP'T ‘e =y Dy= Y dyk
i=mi+1

that is, the first quadratic form is a function only of y,, ... , y,,,, Whereas the second
quadratic form is a function of y,,, \ 1, - - ; ¥, Since

var(y) = var(P'T 'z) = P'T'QT"P =1,

the result then follows from the independence of yy, ... , y,,,, which is a consequence
of the fact that y is normal. O

Example 11.4 Suppose that x, ... ,x; are independently distributed with
x;, = (x;q, - ,2;,) ~ N,(ul,,0%I,) for each i. Let ¢, and t, be the random
quantities defined by

where

Note that ¢, and ¢, are the formulas for the sum of squares for treatments and the sum
of squares for error in a balanced one-way classification model (Example 8.2). Now
t, can be expressed as

k k 2
t=ny T -k <Z$Z> =n@ (I, — k™ '1,1},),
i=1 i=1

where T = (T,,...,T;,). If we define  as == (x,...,x;), then
x~ N, (n,Q) with p=1,@ul, =ul,, and Q=1 ®c*l, =0c%l,,
and® =n"1(I, ® 1))z, so
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ty=n"a' (I, ®1,) (I, — k'L, 13) ([, ® 1))z
=nt2{(I, -k '1,1})®1,1,}x =2 A=,
where A, =n'{(I, —k'1,1,)®1,1}. Since (1,1/)>=nl1,1, and
(I, — k'1,17)% = (I, — k~'1,1,), we find that A, is idempotent and, hence,
so is (A, /0?)§). Thus, by Theorem 11.12, 2'(A, /o?)x = t,/0? has a chi-squared

distribution. This distribution is central because \ = %N’Alu/UQ =0, which
follows from the fact that

{(I, -k '1,1) @ 1,17, }(1;, @ pl,,) = nu{(I, — k'1,1})1, ®1,}
=np{(1, —1,)®@1,} =0,

whereas its degrees of freedom are given by

= t{(A,/0*)Q} = tr(4)) = n~tr{(f, - k'L, 1}) @ 1,17}
=n (I, — k1,1 )tr(1,1) =n" (k- )n=4Fk— 1.

n-—nmn

Turning to ¢,, observe that it can be written as

2

k n n k
b= 3> w0t Y wy | =D @i, e, 1),
j=1 i=1

i=1 | j=1
=2{I,® (I, —n'1,1)lx =2 Az,
where A, =1, ® (I, —n1'1,1)). Clearly, A, is idempotent because
(I, —n'1,1)) is idempotent. Thus, (A4,/0%)Q is idempotent, and so
x'(Ay/o?)x =t,/o* also has a chi-squared distribution. In particular,
ty/o? ~ Xi(n—l) because
tr{(Ay/0)Q} = tr(4,) = tr{l, ® (I, —n~'1,1})}
= tr(I)tr(I, —n'1,1)) = k(n —1)

and

= 1k: oY /J’(In - n_lln]'in)ln = 1k: Y :U’(]'n - 1n) = 07

thereby guaranteeing that %[J/AQ[,L/O'Q = 0. Finally, we establish the indepen-
dence of ¢; and ¢, by using Theorem 11.14. This simply involves verifying that
(A,/a®)Q(A,/0?) = A} A, /0? = (0), which is an immediate consequence of the
fact that
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Example 11.5 Let us return to the general regression model
y=XB+e,

where y and € are N x 1, X is N x m, and 3 is m x 1. Suppose that 8 and X
are partitioned as 3 = (3] 35) and X = (X, X,), where B is m; x 1, 3, is
my X 1, and we wish to test the hypothesis that 3, = 0. We will assume that each
component of 3, is estimable because this test would not be meaningful otherwise. It
is easily shown that this then implies that X, has full column rank and rank(X,) =
r — My, where r = rank(X). A test of 3, = 0 can be constructed by comparing the
sum of squared errors for the reduced model y = X3, + €, which is

ty=(y— X1B1)/(y - XlBl) =y (Iy — X, (X1X)) X))y,
with the sum of squared errors for the complete model, which is given by
ty=(y—XB)(y - XB) =y/(Iy - X(X'X)" X")y.
Now if € ~ Ny (0,02Iy), then y ~ Ny (X3,021y). Thus, by applying Theorem

11.12 and using the fact that X (X'X)~X'X, = X, we find that (t; —t,)/0” is
chi-squared because

2 2

a

{X(X’X)X’ - X, (X1 X))~ X] } (021 ) {X(X’X)X’ - X, (X1 X))~ X] }

_ {X(X’X)‘X’ - X, (X1 X)) X } -

o2

In particular, if 8, = 0, (t; — t,)/0* ~ x2,,. because
tr{ X (X'X)" X" — X, (X[ X,)" X7}
— X (XX) X} — X (XUX,) X}

=r—(r—my) =m,

and
XX'X) X - X, (X X,) X!
ﬂ/lX{{ ( ) 02 1( 1 1) I}Xlﬁl
_BXIXB, - BXIXB
= 5 = 0.
g

By a similar application of Theorem 11.12, we observe that t,/0* ~ x%_,.. In addi-
tion, it follows from Theorem 11.14 that (¢, — t,)/0? and t,/0? are independently
distributed because

{X(X’X)X’ —ZXI(X{Xl)*X{ } (1) {IN - X()g’X)X’} o
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This then permits the construction of an £ statistic for testing that 3, = 0; that is, if
B, = 0, then the statistic

(t1 —ty)/my

ty/(N =)

has the F’ distribution with m, and N — r degrees of freedom.

The proof Theorem 11.15, which is similar to the proof of Theorem 11.14, is left
to the reader as an exercise.

Theorem 11.15 Letx ~ N,,(u,§2), where €2 is positive definite, and suppose that
A is an m x m symmetric matrix, whereas B is an n x m matrix. If BQA = (0),
then «’ Az and Bx are independently distributed.

Example 11.6 Suppose that we have a random sample z, ... ,z, from a normal
distribution with mean p and variance 2. In Example 11.3, it was shown that (n —
1).92/02 ~ X%—h where s2, the sample variance, is given by

st = (ni 0 Z(wl —7)%

=1

We will now use Theorem 11.15 to show that the sample mean,

= —

3|
3

is independently distributed of 5. In Example 11.3, we saw that s is a scalar multiple
of the quadratic form
(I, —n'1,1)z,

where = (zy, ... ,x,) ~ N, (u1,,0%I,). On the other hand, Z can be expressed
as
T=n 11z

Consequently, the independence of  and s> follows from the fact that

1 (o°1,)(I, —n'1,1)) =0*(1,, —n'1,1,1)

n—mn—n

=o’(1,-1,)=0.

When (2 is positive semidefinite, the condition AQB = (0), given in Theorem
11.14, will still guarantee that the two quadratic forms x’ Az and ' Bx are indepen-
dently distributed. Likewise, when €2 is positive semidefinite, the condition BQA =
(0), given in Theorem 11.15, will still guarantee that ' Az and Bx are independently
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distributed. However, in these situations, a weaker set of conditions will guarantee
independence. These conditions are given in Theorem 11.16 and Theorem 11.17.
The proofs are left as exercises.

Theorem 11.16 Letx ~ N,,(u, 2), where € is positive semidefinite, and suppose
that A and B are m x m symmetric matrices. Then @’ Ax and @’ Bx are indepen-
dently distributed if

(a) QAQBQ = (0),
(b) QAQBu =0,
(c) QBQApu =0,
(d) WAQBp =0.

Theorem 11.17 Letx ~ N,,(p, €2), where  is positive semidefinite, and suppose
that A is an m x m symmetric matrix, whereas B is an n x m matrix. If BQAQ =
(0) and BQAp = 0, then ' Az and Bx are independently distributed.

Our final result can be helpful in establishing that several quadratic forms in
the same normal random vector are independently distributed, with each having a
chi-squared distribution.

Theorem 11.18 Let x ~ N, (i, ), where € is positive definite. Suppose that A,
isanm x m symmetric matrix of rank r;, fori = 1, ... ,k,and A = A, +--- + A,
is of rank r. Consider the conditions

(a) A,Q is idempotent for each 7,
(b) A€ is idempotent,
() A;,QA; = (0), for all i # j,

@ r="%r.
If any two of (a), (b), and (c) hold, or if (b) and (d) hold, then
() o' A ~ X7, (51 A;p),

(i) «'Az ~ X} (30 Ap),
(i) @’A,x, ...,z A, are independently distributed.

Proof. Since € is positive definite, a nonsingular matrix 7" satisfying Q =TT’
exists, and the conditions (a)—(d) can be equivalently expressed as

(a) T'A,T is idempotent for each i,
(b) T'AT is idempotent,
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(©) (T"AT)(T'A;T) = (0), forall i # j ,
(d) rank(T'AT) = S rank(T'A,T).

Since T' AT, ... ,T'A,T and T’ AT satisfy the conditions of Corollary 11.8.1, we
are ensured that if any two of (a), (b), and (c) hold or if (b) and (d) hold, then all
four of the conditions (a)—(d) hold. Now using Theorem 11.12, (a) implies (i) and (b)
implies (ii), whereas Theorem 11.14, along with (c¢), guarantees that (iii) holds. [J

11.6 EXPECTED VALUES OF QUADRATIC FORMS

When a quadratic form satisfies the conditions given in the theorems of Section 11.4,
then its moments can be obtained directly from the appropriate chi-squared distri-
bution. In this section, we derive formulas for means, variances, and covariances
of quadratic forms that will be useful when this is not the case. We will start with
the most general case in which the random vector o has an arbitrary distribution.
The expressions we obtain involve the matrix of second moments of @, F(xx’) and
the matrix of fourth moments E(xx’ @ xx’).

Theorem 11.19 Let x be an m x 1 random vector having finite fourth moments, so
that both F(z2') and E(xx’ ® xa') exist. Denote the mean vector and covariance
matrix of « by p and Q. If A and B are m x m symmetric matrices, then

(a) E(x'Ax) = tr{AE(za')} = tr(AQ) + p' Ap,

(b) var(z’Az) = tr{(A® A)E(zx’' ® zx')} — {tr(AQ) + ' Ap}?,

(¢) cov(x'Ax,x'Bx) = tr{(A® B)E(zxa’ @ xa’)} — {tr(AQ) + p/Ap}
x {tr(BQ) + p'Bu}.

Proof.  The covariance matrix § is defined by
O = B{(x - p)(@ — i} = B(aa') — s,
so that E(xza’) = Q + pp'. Since o’ Az is a scalar, we have
E(x'Az) = E{tr(z'Az)} = E{tr(Azz')} = tr{AE(z2)}

=tr{A(Q + pp')} = tr(AQ) + tr(App')
= tr(AQ) + p'Ap,

and so (a) holds. Part (b) will follow from (c) by taking B = A. To prove (c), note
that
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E(z'Azx'Bz) = E[tr{(2' @ 2')(A® B)(z @ z)}]
=Etr{(A®B)(z@z)(x' @ z')}]
=tr{(A® B)E(zx' @ zz')}.
Applying this result, along with part (a), in the equation
cov(z'Ax, ' Bx) = E(x' Azx' Bx) — E(x'Az) E(x' Bx)
completes the proof. O

When x has a multivariate normal distribution, the expressions for variances and
covariances, as well as for higher moments, simplify somewhat. This is a consequence
of the special structure of the moments of the multivariate normal distribution. The

commutation matrix K,,,,, discussed in Chapter 8, plays a crucial role in obtaining

some of these matrix expressions. We will also use the m x m matrix 7;; defined by

_ _ / I
Tij = Eij + Eji =e;e; +e;e;

3

that is, all elements of 7}; are equal to 0 except for the (4, j)th and (3, 4)th elements,
which equal 1, unless 7 = j, in which case, the only nonzero element is a 2 in the
(i,7)th position. Before obtaining expressions for the variance and covariance of
quadratic forms in normal variates, we will need Theorem 11.20.

Theorem 11.20 If z ~ N, (0, 1,,) and ¢ is a vector of constants, then
(a) E(z® z) =vec(l,,),
(b) E(cz' ® z2') =(0), FE(zd @ 2z2')=(0), E(zz'®cz’)=(0), and
E(zz' @ zc') = (0),
(¢) E(zz' ® zz") = 2N,,, + vec(1,,){vec(I,,)},
(d) var(z ® z) = 2N,,,.
Proof. Since E(z) =0, I, = var(z) = E(z2'), and so
E(z @ z) = E{vec(z2')} = vec{E(z2')} = vec(I,,).
It is easily verified using the standard normal moment generating function that
E(z}) =0, E(z}) =3.

Each element of the matrices of expected values in (b) will be of the form
¢;E(2;21,2). Since the components of z are independent, we get

B(z;245) = () E(z)E(z) = 0

when the three subscripts are distinct,
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B(z;24) = E(2)E(%) = (1)(0) = 0
when j = k # [, and similarly for j = [ # k and [ = k # j, and
E(z;z,2) = E(2)) =0
when j = k = [. This proves (b). Next, we consider terms of the form F(z;2;2,2).

These terms equal 1 if i =j#l=k, i=k#j=1ori=1[0%#j=k,equal 3 if
1 = j = k = [, and equal zero otherwise. This leads to

BE(zz;22') = Ty + 0,1

J ijtm>

where d,; is the (i, j)th element of ,,,. Thus,

E(zz'®z2')=F ZZEZJZLZJ ® zz'
i=1 j=1
= Z Z{EU ® E(z2;22')}

i=1 j=1
=> > {E,; @ (Ty; +6,;1,,)}

i=1 j=1

m m m m

=Y Y (B;0T) + Y. (6;E;®1,)

i=1 j=1 i=1 j=1
The third result now follows because

m mom

Zm: (B @Ty) =YY (E; ®Eﬁ)+ii(Eij®Eij)

i=1 j=1 i=1 j=1 i=1 j=1

=K,,,, + vec(I,,){vec(I,,)},

m

ijzm:(aijE ®1,) (ZE) m=l, @I, =1,
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and I,.+ K, =2N,, . Finally, (d) is an immediate consequence of (a)
and (c). [l

Theorem 11.21 generalizes the results of Theorem 11.20 to a multivariate normal
distribution having a general positive definite covariance matrix.

Theorem 11.21 Let « ~ N,,(0,), where Q is positive definite, and let ¢ be an
m X 1 vector of constants. Then

(a) E(x ® x) = vec(),

(b) E(cx' @ xza’) = (0), E(xc @ xzx’) = (0), FE(xa’®cx’)=(0), and
E(xx' @ xc') = (0),

(¢) E(xx’ @ xza’) = 2N, (2 @ Q) 4 vec(Q){vec(Q)Y},

(d) var(x @ ) = 2N,, (2 ® Q).

Proof. Let T be any nonsingular matrix satisfying Q = T7T", so that z = T 'z
and @ = Tz, where z ~ N, (0, I,.). Then the results in Theorem 11.21 are con-
sequences of Theorem 11.20 because

Ex®z)=(TRT)E(z® z) = (T ® T)vec(l,,)

= vec(TT ) = vec(Q),
E(ct' @ zx') = ( T)E(cz' @ z2")(T' @ T")
RT)(O)N(T'®T') = (0)

and

E(xe' @xx') = (T@T)E(2z' @ 22")(T' @ T")
= (T @ T)(2N,, + vec(I,,){vec(I,,)}')(T' @ T")
=2(T'®T)N,,(T"®T")
+(T @ T)vec(I,,){vec(I,,)}(T' @ T")
=2N,,(TQT)T'®T") + vec(TT"){vec(TT")}
=2N,,(Q® Q) + vec(){vec(Q)}".
(|

We are now ready to obtain simplified expressions for the variance and covariance
of quadratic forms in normal variates.

Theorem 11.22 Let A and B be m x m symmetric matrices, and suppose that
x ~ N,,(0,9Q), where Q is positive definite. Then



EXPECTED VALUES OF QUADRATIC FORMS 481

(a) E(x'Axx’'Bx) = tr(AQ)tr(BQ) + 2tr(AQBQ),
(b) cov(a’Az, x'Bx) = 2tr(AQBQ),
(c) var(z'Az) = 2tr{(AQ)?}.

Proof.  Since (c) is the special case of (b) in which B = A, we only need to prove
(a) and (b). Note that by making use of Theorem 11.21, we find that

E(x'Aza'Bz) = F{(z' @ 2')(A® B)(z @ =)}
= E[tr{(A ® B)(zz' @ zz')}]
— {(A® B)E(z' ® za)}
= tr{(A ® B)(2N,,,(2 ® Q) + vec(Q){vec(Q)}')}
— 0 {(A® B)(La + K, )(Q® Q) + vee(Q){vec(Q)})}
— {(4® BYQ @)} 1 tr{(A® B)K,,, (05 0))
+tr((A @ B)vec(Q){vec(Q)}).

Now
° tr{(A® B)(Q®Q)} = tr(AQ @ BQ) = tr(AQ)tr(BN)

follows directly from Theorem 8.3, whereas
tr{(A® B)K,,,,(Q® )} =tr{(AQ ® BQ)K,,,,} = tr(AQBQ)

follows from Theorem 8.26. Using the symmetry of A and 2 along with Theorem
8.10 and Theorem 8.11, the last term in E{x’Aza’Bx} simplifies as

tr((A ® B)vec(Q){vec(Q)}) = {vec(Q)}' (A @ B)vec(Q)
= {vec(Q)}'vec(BQA) = tr(AQBRN).

This then proves (a). Using the definition of covariance and Theorem 11.19(a), we
also get

cov(x' Az, x'Bx) = E(x' Axx'Bx) — E(x'Az)E(z'Bx)
— 2tr(AQBQ),

which proves (b). U

The formulas given in Theorem 11.22 become somewhat more complicated
when the normal distribution has a nonnull mean vector. These formulas are given
in Theorem 11.23.

Theorem 11.23 Let A and B be symmetric m X m matrices, and suppose that
x ~ N, (u, ), where € is positive definite. Then
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(a) E(z'Axa’Bx) = tr(AQ)tr(BQ) + 2tr(AQBQ) + tr(AQ)u'Bu +
A/ AQBp + p/ Aptr(BQ) + p/ App'Bu,

(b) cov(x'Ax,x'Bx) = 2tr(AQBQ) + 44’ AQBu,

(c) var(z'Azx) = 2tr{(AQ)*} + 4p' AQAp.

Proof. Again, (c) is a special case of (b), so we only need to prove (a) and (b). We
can write € = y + p, where y ~ N, (0, §2) and, consequently,

E(z'Azz'Bz) = E{(y + p)' Ay + p)(y + 1) By + p)}
= E{(y'Ay + 2p' Ay + W' Ap)(y'By + 2p/'By + p'Bp)}
= E(y Ayy'By) + 2E(y' Ayp/'By) + E(y' Ay) ' B
+2E(pu'Ayy'By) + AE (1 Ayp'By)
+2E(p Ay)w'Bp + W ApE(y'By)
+2p/ ApE(W'By) + p' App/ B
The sixth and eighth terms in this last expression are zero because F(y) = 0, whereas

it follows from Theorem 11.21(b) that the second and fourth terms are zero. To sim-
plify the fifth term, note that

E(p/ Ayp'By) = E{(' A W'B)(y @ y)} = (Ap @ Bp) E{(y @ y)}
= {vec(Bup'A)} vec(Q) = tr{(Bpp'A)'Q}
=tr(Aup'BQ) = i AQBu.

Thus, using this result, Theorem 11.19(a), and Theorem 11.22(a), we find that

E(a'Azx'Bx) = tr(AQ)tr(BQ) + 2tr(AQBQ) + tr(AQ)u'Bp
+4p AQBp + p' Aptr(BQ) + p' App/ B,

thereby proving (a); (b) then follows immediately from the definition of covariance
and Theorem 11.19(a). (Il

Example 11.7 Let us return to the subject of Example 11.4, where we defined
Ay =0T, -k 'L,1) ©1,15,)

and
Ay =1 (I, -n'1,1).

It was shown thatif & = («f, ... , &) ~ Ny, (@, Q) with p =1, @ p1,, and Q =
I, ® 0?L,, thent, /o? = &' (A} /o*)x ~ xj_, and ty/0? = &'(Ay /%) ~ X5 (1)



EXPECTED VALUES OF QUADRATIC FORMS 483

independently. Since the mean of a chi-squared random variable equals its degrees
of freedom, whereas the variance is two times the degrees of freedom, we can easily
calculate the mean and variance of ¢; and ¢, without using the results of this section;
in particular, we have

E(t) =o?(k - 1), var(t,) = 20 (k — 1),

E(ty) = o%k(n — 1), var(ty) = 20'k(n — 1).
Suppose now that ¢, ~ N, (u1,,,071,,), so that Q = var(x) = D ® I,,, where D =
diag(of, ... ,0}). It can be easily verified that, in this case, ¢, /0? and t,/0? no
longer satisfy the conditions of Theorem 11.12 for chi-squaredness, but they are still
independently distributed. The mean and variance of ¢; and ¢, can be computed by
using Theorem 11.19 and Theorem 11.23. For instance, the mean of ¢, is given by

E(ty) = E(z'Ayz) = tr(A,Q) + p' Ayt
= tr(D)tr(In - n_l]'nl;,) + /1/2(1;@116){121(['(1 - n_lln]';z)ln}

k
= (77,71)20'127
=1

whereas its variance is
var(ty) = var(x' Ayx) = 2tr{(A,Q)*} + 4/ A, QA1
=2tr{D*® (I, —n '1,1,)}
+4p* (1, @ U ){D® (I, —n'1,1/)}(1, ®1,)
= 2tr(DH)tr{(I, —n '1,1))}
+44° (1, D1){1, (1, —n~'1,1/)1,}

k
=2(n—1) ZU?.
i=1

We will leave it to the reader to verify that

k

B(t) = (1-k")) ok

k k 2
var(t;) =24 (1 -2k Zaf + k2 (Z 03)
i=1
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So far we have considered the expectation of a quadratic form as well as the
expectation of a product of two quadratic forms. A more general situation is one
in which we need the expected value of the product of n quadratic forms. This
expectation becomes more tedious to compute as n increases. For example, if A,
B, and C are m x m symmetric matrices and & ~ N, (0, (), the expected value
E(x' Axx’Bxx'Cx) can be obtained by first computing F(zxx' @ za’ ® xx’) and
then applying this result in the identity

E(x' Azx'Bxx'Cx) = tr{(A® B® C)E(zxx' @ zx’' @ xz')}.

The details of this derivation are left as an exercise. Magnus (1978) used an alternative
method, using the cumulants of a distribution and their relationship to the moments
of a distribution, to obtain the expectation of the product of an arbitrary number of
quadratic forms. The results for a product of three and four quadratic forms are sum-
marized in Theorem 11.24.

Theorem 11.24 Let A, B, C, and D be symmetric m X m matrices, and suppose
that x ~ N, (0,1,,). Then
(a) E(z' Azx' Bxa'Cz) = tr(A)tr(B)tr(C) + 2{tr(A)tr(BC)
+ tr(B)tr(AC) + tr(C)tr(AB)}
+ 8tr(ABC),

(b) E (2’ Az’ Bxx' Cxx' Dx)
= tr(A)tr(B)tr(C)tr(D) + 8{tr(A)tr(BCD)
} tr(B)tr(ACD) + tx(C)tx(ABD)

+ tr(A)tr(C)tr(BD) + tr(A)tr(D)tr(BC)
+ tr(B)tr(C)tr(AD) + tr(B)tr(D)tr(AC)

) )tr(AB)} + 16{tr(ABCD)
) +tr(ACBD)}.

If ¢ ~ N,,(0,), where Q is positive definite, then A, B, C, and D appearing in
the right-hand side of the equations in Theorem 11.24 are replaced by AS2, BQ), CQ,
and D).

An alternative approach to the calculation of moments of quadratic forms uses
tensor methods. This approach may be particularly appealing in those situations in
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which higher ordered moments are needed or the random vector & does not have a
multivariate normal distribution. A detailed discussion of these tensor methods can
be found in McCullagh (1987).

11.7 THE WISHART DISTRIBUTION

When z,, ... ,z, areindependently distributed, with z; ~ N (0, o) for every i, then
n
do =3 at i,
i=1

where @’ = (z,, ... ,x,); that is, 'z/o? has a chi-squared distribution with n
degrees of freedom. A natural matrix generalization of this situation, one that has
important applications in multivariate analysis, involves the distribution of

n
I'v o ’
X'X = E T, x;,
i=1

where X' = (2, ... ,x,,) is an m X n matrix, such that «;, ... ,x,, are indepen-
dent and x; ~ N,,, (0, ) for each i. Thus, the components of the jth column of X
are independently distributed each as N (0,0,;), where o, is the jth diagonal ele-
ment of €2, so that the jth diagonal element of X'X has the distribution o, x2. The
joint distribution of all elements of the m x m matrix X’ X is called the Wishart dis-
tribution with scale matrix (2 and degrees of freedom n, and it will be denoted by
W, (Q,n). This Wishart distribution, like the chi-squared distribution x2, is said to
be central. More generally, if 2, ... ,x, areindependentand x; ~ N, (u,, ), then
X'X has the noncentral Wishart distribution with noncentrality matrix ® = %M "M,
where M’ is the m x n matrix given by M’ = (p, ..., u,,). We will denote this
noncentral Wishart distribution as W, (2, n, ®). Additional information regarding
the Wishart distribution,such as the form of its density function, can be found in texts
on multivariate analysis such as Srivastava and Khatri (1979) and Muirhead (1982).

If A is an n X n symmetric matrix and X' is an m X n matrix, then the matrix
X'AX is sometimes called a generalized quadratic form. Theorem 11.25 gives some
generalizations of the results obtained in Section 11.4 and Section 11.5 regarding
quadratic forms to these generalized quadratic forms.

Theorem 11.25 Let X' be an m x n matrix whose columns are independently dis-
tributed, with the ith column having the N, (s, ) distribution, where €2 is positive
definite. Suppose that A and B are n X n symmetric matrices whereas C'is k X n.
Let M' = (py, ..., pt,), ® = $M'AM, and r = rank(A). Then

() X'AX ~W,_, (9, r,®),if Aisidempotent,

(b) X’AX and X'BX are independently distributed if AB = (0),

(¢) X'AX and C'X are independently distributed if C A = (0).
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Proof. The proof of (a) will be complete if we can show that an m x r matrix Y’
exists, such that X’AX = Y'Y, where the columns of Y’ are independently dis-
tributed, each having a normal distribution with the same covariance matrix (2, and
$E(Y')E(Y) = ®. Since the columns of X are independently distributed, it follows
that

vec(X') ~ N, (vec(M'), I, @ Q).

Since A is symmetric, idempotent, and has rank 7, an n x r matrix P must exist
which satisfies A = PP’ and P'P = I,.. Consequently, X’AX = Y'Y, where the
m X r matrix Y’ = X'P, so that

vec(Y') = vec(X'P) = (P'® I,,)vec(X")
~ No (P @ Ly Jvec(M'), (P' @ 1) (1, © Q)(P © 1))
~ Ny (vec(M'P), (I, © ),

which means that the columns of Y/ are independently and normally distributed, each
with covariance matrix 2. Furthermore,

1 1 1
GE(V)E(Y) = SM'PP'M = ;M'AM = ®,

and so (a) follows. To prove (b), note that because A and B are symmetric, AB = (0)
implies that AB = BA, so A and B are diagonalized by the same orthogonal matrix;
that is, there exist diagonal matrices C' and D and an orthogonal matrix (), such
that Q' AQ = C and Q'B(Q = D. Furthermore, AB = (0) implies that CD = (0),
so that by appropriately choosing @, we will have C' = diag(cy, ... ,¢,0, ... ,0)
and D = diag(0, ... ,0,d,,,, ... ,d,) for some h. Thus, if we let U = Q'X, we
find that

h n
X'AX =U'CU =) cumj, X'BX=U'DU= > duuj,
i=1 i=h+1
where w, is the ith column of U’. Since vec(U’) ~ N, (vec(M'Q), (I,, ® ©2)),

these columns are independently distributed, and so (b) follows. The proof of (c)
is similar to that of (b). [l

An application of our next result indicates that a principal submatrix of a Wishart
matrix also has a Wishart distribution.

Theorem 11.26  Suppose that V' ~ W, (£2,n, ®) and A is a p x m matrix of con-
stants with rank(A) = p. Then AV A" ~ W, (AQA', n, AQA").

Proof. Since V ~ W, (Q,n,®), it can be written as V = X'X, where the
columns of X' are independently distributed with the ith column x; ~ N, (p;, Q)
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and the matrix M’ having p; as its ith column satisfies %M 'M = ®. Let
Y’ = AX', so that the columns of Y’ are also independent with ith col-
umn  y; = Az, ~ N,(Ap;, AQA"). Tt follows from Theorem 11.25 that
AVA' = AX'XA"=Y'Y has the distribution W,(AQA’,n, ®,). The matrix ®,
satisfies

1 1 1
o, = 3 (YNE(Y) = §AE(X’)E(X)A’ = §AM’MA’ = ADA’,
and so the proof is complete. U

If a matrix V having a Wishart distribution is partitioned in the form

Vih 'V,
V= |'u 12} ’
{‘/1'2 Voo

where V), and V,, are square matrices, then it is an immediate consequence of
Theorem 11.26 that V};, as well as V,,, has a Wishart distribution. Theorem 11.27
indicates that the Schur complement of V; in V" also has a Wishart distribution.

Theorem 11.27 Suppose that V' ~ W, (€, n), where €2 is positive definite. Parti-

tion V and 2 as
Vi, V, Q Q
V= |'un 12}7 Q_{n 12]’
{Vﬁ Voo 12 Qo

where V), and €}, are m; xm; and V,, and (), are m, X m,. Then
Vi = Vig V' Viy ~ W, (€1 — Q1055 Yy — my).

Proof. Since V.~ W, (9, n),it can be expressed as V' = X'X, where the columns
of X’ are independently distributed each having the distribution N,,(0, §2). Parti-
tioning the n X m matrix X as X = (X, X,), where X is n X my, we find that
Vi, = X!X,, Vyy = X4X,, and V;, = X! X,. Thus,

Vi — V12V2§1V1/2 = X{X1 - X{Xz(X§X2)71X5X1
= X{I, — X,(X5X,) 7' X3} X, = X[ AX,,
where A = I, — X,(X},X,) ' X,. Now, from Example 7.3, we know that, given
X, the columns of X are independently and normally distributed with covariance
matrix Q; — Q5,05 Q)5, whereas E(X]|X,) = 9,0, X}. Since A is a symmetric
idempotent matrix of rank n — m,, it follows from Theorem 11.25 that, given X,
XIAX) = Viy = VigVip Vi ~ Wy, (Qy — Q15055 Yy, n — my). This  Wishart
distribution is central because
E(X|X5) AB(X,]X5) = Q1555 X5{1,, — Xo(X5X,) ' X5} X, Q05
= 9129521{X§X2 - X§X2}9521932
= (0).
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The result now follows because this conditional distribution of XjAX, does not
depend on X,. (]

If the columns of the m x n matrix X’ are independent and identically distributed
as N, (0,9) and M'is an m x n matrix of constants, then V = (X + M) (X 4+ M)
has the Wishart distribution W,, (€2, n, M'M). A more general situation is one in
which the columns of X’ are independent and identically distributed having zero
mean vector and some nonnormal multivariate distribution. In this case, the distri-
bution of V' = (X + M)'(X + M), which may be complicated, will depend on the
specific nonnormal distribution. In particular, the moments of V' are directly related
to the moments of the columns of X'. Our next result gives expressions for the first
two moments of V' when M = (0). Since V is a matrix and joint distributions are
more conveniently handled in the form of vectors, we will vectorize V'; that is, for
instance, variances and covariances of the elements of V' can be obtained from the
matrix var{vec(V)}.

Theorem 11.28 Let the columns of the m x n matrix X' = (x, ... ,x,) be
independently and identically distributed with E(xz;) =0, var(z,) =€), and
E(z,z, @ x;x;) = V. IfV = X'X, then

(@) E(V)=nQ,

(b) var{vec(V)} = n{¥ — vec(Q?)vec(Q)'}.

Proof. Since E(x;) = 0, we have Q = F(x,x}), and so

n n

E(V)=EBE(X'X)=) E(zx) =) Q=nQ.

i=1 =1

In addition, because x,, ... ,x,, are independent, we have
var{vec(V)} = var {Vec <Z :l:ﬂ':;) } = var {Z Vec(wimg)}
i=1 i=1

= Zvar{vec(a:ia:’i)} = Zvar(mi ® x;)
i=1 i=1
i=1

= {¥ — vee(Q)vec()'} = n{¥ — vec(Q)vec(Q)'},
i=1

and so the proof is complete. (]
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The expression for var{vec(V)} simplifies when V' has a Wishart distribution
because of the special structure of the fourth moments of the normal distribution. This
simplified expression is given in Theorem 11.29. Note that although this theorem is
stated for normally distributed columns, the first result given applies to the general
case as well.

Theorem 11.29 Let the columns of the m X n matrix X' be independently and
identically distributed as N, (0, Q). Define V = (X + M)/ (X + M), where M’ =
(By, -, My,) is an m X n matrix of constants, so that V ~ W, (Q,n, s M'M).
Then

(@ E(V)=nQ+ M'M,
(b) var{vec(V)} =2N,,{n(Q2 Q)+ Qe M'M + M'M @ Q}.

Proof.  Since E(X) = (0) and E(X'X) = nQ from Theorem 11.28, it follows that

EV)=EX'X+X'M+M'X + M'M)
=FE(X'X)+ MM =nQ+ M'M.

Proceeding as in the proof of Theorem 11.28, we obtain
var{vec(V)} = 3 var{(@, + ;) @ (@, + )} (1114)
i=1

However,

(i + 1) © (T + ) =2, @@, + 2, @ Py + 1y O T, + 1y @ p;
=z, @x; + (L2 + K (@ @ ) + p; ©
=x; @ @; +2N,, (L, @ p;)T; + p; @ p;.
Since all first- and third-order moments of x; are equal to 0, ; ® x; and x, are
uncorrelated, and so using Theorem 11.21 and Problem 8.60, we find that
var{(z; + p;) ® (x; + p;)} = var(z; ® x;) + var{2N,,(I,, ® p;)z;}
=2N,, (2® Q)
AN, (L, © ) ULy, © i) Ny,
=2N,, (Q® Q) +4N,, (2@ p;p;)N,,
=2N,, (2@ Q+Q® p,u;
+ s ® Q). (11.15)
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Now substituting (11.15) in (11.14) and simplifying, we obtain (b). O

Example 11.8 In Example 11.3 and Example 11.6, it was shown that, when sam-
pling from a normal distribution, a constant multiple of the sample variance s has a
chi-squared distribution, and it is independently distributed of the sample mean 7. In
this example, we consider the multivariate version of this problem involving = and S
that is, suppose that @, ... ,x,, are independently distributed with &, ~ N, (i, Q)
for each 4, and define X'’ to be the m x n matrix (x;, ... ,x,). Then the sample
mean vector and sample covariance matrix can be expressed as

and

(o)

X'(I, -n"1,1,)X.

n

1 1
X'X-n'X1,1X) =
Since A = (I,, —n~'1,1))) isidempotent and rank(A) = tr(A) = n — 1, it follows
from Theorem 11.25(a) that (n — 1)S has a Wishart distribution. To determine its
noncentrality matrix, note that M’ = (u, ... , ) = pl’, so that
M'AM = p1, (I, —n™'1, 1)1, 4" = p(n — n)p' = (0).

Thus, (n — 1)S has the central Wishart distribution W, (£2,n — 1). Furthermore,
using Theorem 11.25(c), we see that S and T are independently distributed because

1.(I,-n'1,1)=1,-1,)=0.

n-n n n

In addition, it follows from Theorem 11.28 and Theorem 11.21 that

2 2
E(S) = Q, Var{VeC(S)} = mNm(Q [ Q) = mN,"L(Q X Q)N,,n

The redundant elements in vec(.S) can be eliminated by using v(.S). Since v(S) =
D;f vec(S), where D, is the duplication matrix discussed in Section 8.7, we have

var{v(S)} = 1Dj,’LNm(Q ®@Q)N,, D,
n—
In some situations, we may be interested only in the sample variances and not the
sample covariances; that is, the random vector of interest here is the m x 1 vector
8 =(811y -+ »Smm) - Expressions for the mean vector and covariance matrix of s

r mm
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are easily obtained from the formulas above because s = w(.S) = ¥, vec(S) as seen
in Problem 8.48, where

Thus, using the properties of ¥, obtained in Problem 8.48, we find that

E(s) =9, vec{E(S)} =T, vec() =
var(s) = U, var{vec(S)} ¥ = { N, (Q® Q)Nm} v
- 2 v, o0, 21@@9),

where © is the Hadamard product.

Example 11.9 We can use the perturbation formulas for eigenvalues and eigenvec-
tors of a symmetric matrix obtained in Section 9.6 to approximate the distributions
of an eigenvalue or an eigenvector of a matrix having a Wishart distribution. One
important application in statistics that uses these asymptotic distributions is principal
components analysis, an analysis involving the eigenvalues and eigenvectors of the
m X m sample covariance matrix S. The exact distributions of an eigenvalue and an
eigenvector of S are rather complicated, whereas their asymptotic distributions follow
in a fairly straightforward manner from the asymptotic distribution of .S. Now it can
be shown by using the central limit theorem (see Muirhead, 1982) that v/n — 1vec(.S)
has an asymptotic normal distribution. In particular, using results from Example 11.8,
we have, asymptotically,

vn — 1{vec(S) — vec(Q)} ~ N,,2(0,2N,, (2 ® Q)),

where () is the population covariance matrix. Let W = S — Qand W, = v/n — 1W,
so that vec(TV,) has the asymptotic normal distribution indicated above. Suppose that
7, is a normalized eigenvector of S’ = €2 + W corresponding to the ith largest eigen-
value )\;, whereas g, is a normalized eigenvector of €2 corresponding to its ith largest
eigenvalue ;. Now if z; is a distinct eigenvalue of €, then we have the first-order
approximations from Section 9.6

A=+ g Wa; =z, + (q; ® g)vec(W),
vi=a;— (Q—w,1,) Wg,
=q;, — {q;® (Q—x,1,)" }vec(W). (11.16)
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Thus, the asymptotic normality of a; = v/n — 1(\; — x;) follows from the asymp-
totic normality of vec(W, ). Furthermore, we have, asymptotically,

E(a;) =

7

(q; ® q;) E{vec(W,)} = (¢; ® ;)0 =0,
(q; ® q;)(var{vec(W,)})(q; ® q;)

= (q; ® 4})(2N,,(Q® Q))(q; ® q;)
2

(4;9q; ® q;q,) = 2};

var(a;)

that is, for large n, A\, ~ N(x;,22?/(n—1)), approximately. Similarly,
b, = v/n — 1(v, — q;) is asymptotically normal with
E(b;) = —{q; @ (@ = z;I,,) "} E{vec(W,)}
=—{d;®@Q-xlI,)"}0=0,
E = var(b;) = {q; ® (2 — x,1,,,)" H{var{vec(W,)}}
“{d; ® (Q—=;1,)"}
={q;®(Q-=,1,,) 2N, (2@ YHq; ® (2 - z,1,,)"}
={Q-2l,)" ©q+qe -1, }H220Q)
x{q; ® (2 —x;1,,)"}
=q;q; ® (0 —2;1,,)"QAQ — 2,1,,)"

_ L /
=z, Z(x.—x-)quqj )

e

and so for large n, v; ~ N,,(q;,(n — 1)"'=), approximately. While we can use
the first-order approximations in (11.16) to obtain the asymptotic distributions, we
can use higher order approximations, such as those given in Theorem 9.5, to fur-
ther improve the performance of these asymptotic distributions. The most common
application of this process involves asymptotic chi-squared distributions, so we will
illustrate the basic idea with the statistic

(n— 1D —z,)*

2 b
23

t=

which, because of the asymptotic normality of \;, is asymptotically chi-squared with
one degree of freedom. The mean of this chi-squared distribution is 1, whereas the
exact mean of ¢ is of the form

00 C:
— J
Jj=
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where the ¢;’s are constants. We can use the higher order approximations of A; to
determine the first constant c;, and then this may be used to compute an adjusted

statistic
c
t,=31— —L ¢
= {-5t)

The mean of this adjusted statistic is

E(t*){ n—l B(t

o)
U-ato) (e

d;

(o)
Z — )G+’

Jj=2

k}

where the d;’s are constants that are functions of the ¢;’s. Note that the mean of ¢,
converges to 1 at a faster rate than does F/(t). For this reason, the chi-squared distribu-
tion with one degree of freedom should approximate the distribution of this adjusted
statistic better than it would approximate the distribution of ¢. This type of adjustment
of asymptotically chi-squared statistics is commonly referred to as a Bartlett adjust-
ment (Bartlett, 1937, 1947). Some further discussion of Bartlett adjustments can be

found in Barndorff-Nielsen and Cox (1994).

Some of the inequalities for eigenvalues developed in Chapter 3 have important
applications regarding the distributions of eigenvalues of certain functions of Wishart
matrices. One such application is illustrated in Example 11.10.

Example 11.10 A multivariate analysis of variance, such as the multivariate
one-way classification model discussed in Example 3.16, uses the eigenvalues of
BW ™1, where the m x m matrices B and W are independently distributed with
B~W,(I,,b,®) and W ~ W, (I,,w) (Problem 11.49). We will show that if
the rank of the noncentrality matrix <I> is 7 < m and V| and V, are independently

distributed with V, ~ W, (I,,,_,.,b—r)and V, ~ W, _ (I, ., w), then
P\ (BW™) > ¢} < POV ) > e
for =1, ... ,m —r and any constant c. This result is useful in determining the

dimensionality in a canonical variate analysis (see Schott, 1984). Since rank(®) = r,
an r X m matrix T exists, such that %T’T = ®. If we define the m x b matrix
M’ = (T" (0)), then because M'M =& and B ~ W, (I,,,b,®), it follows

that B can be expressed as B = X'X, where X' is an m x b matrix for which
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vec(X') ~ Ny, (vec(M"), I, ® I,,,). Partitioning X' as X' = (X| X}), where
X1 is m x r, we find that

B =X{X,+ X)X, =B, + By,

where B, = X|X, ~ W, (I,,,r,®) and By = X} X, ~ W, (I

m>

b — r) because
vee(X1) ~ N, (vee(T"), I, @ I,,,)

and
VeC(Xé) ~ N(b—r)m(vec{ (O)}v Ib—r ® Im)'

Now for fixed By, let F' be any m x (m — r) matrix satisfying F'B,F = (0) and
F'F=1I and define the sets

Sy(By) = {By, W : A\, ;(BW™) > c},
Sy(By) = {By, W : \{(F'ByF)(F'WF) '} > ¢}

It follows from Problem 3.47(a) that
MNA(F'BF)(F'WF) '} = N(F'ByF)(F'WFE) '} > A (BW ),

so for each fixed B;, S,(B;) C S,(B,), and it follows from Theorem 11.26 that
VV=F'B,F ~W, (I b—r)yand V, = FFWF ~W, (I, _,.,w). Conse-

quently, if g(W), f,(B,), and f5(B,) are the density functions for W, B, and B,,
respectively, then

/ g(W) fo(By)dWdDB, S/ gW) fo(By)dWdDB,
S1(By) S3(B1)
= POV, 1) > ¢}
If we also define the sets
Oy = {By, By, W : A\, ;(BW™!) > ¢},
C, = {B, : B, positive definite },

then the desired result follows because
P{)‘rﬂ'(BWA) >c} = /CQ(W)f1(31)f2(32)deB1dBQ
Z/ {/ g(W)fQ(BQ)deBQ}fl(Bl)dBl
C_ S1<Bl)
< | PNV > e} fi(B,)dB,

Cy
=P\, ') > ¢}
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We can use the relationship between the sample correlation and sample covariance
matrices and the expression for var{vec(S)} given in Example 11.8 to obtain an
expression for the asymptotic covariance matrix of vec(R). This is the subject of our
final example.

Example 11.11 As in Example 11.8, let , ... , x,, be independently distributed
with ¢, ~ N, (s, ), for each 7, and let S and R be the sample covariance and cor-
relation matrices computed from this sample. Thus, if we use the notation D%, =
diag(zfy, ... ,x%,,), where X is an m X m matrix, then the sample correlation
matrix can be expressed as

R— D;l/QSDgl/Q,

whereas the population correlation matrix is given by
o —1/20 —1/2
P=D,'"QDg,"".

Note that if we define y; = Dy, v 2331-, theny,, ... ,y, are independently distributed

with y;, ~ N, (D, 1/2 @, P). If S, is the sample covariance matrix computed from

the y,’s, then S, = D,"/*SD,"?, DM* = D*Dy/* = Dy/* D'/, and so
-1/2 ~1/2 “1/2 31/2/ 7-1/2 ey -1/2y B 1/2 y—1/2
DS;/ S*DS*/ = Dg / DQ/ (Dg / SDq / )DQ/ Dg /
_ p-2op=1/2 _ p.
=Dgs'"SDy """ = R;
that is, the sample correlation matrix computed from the y,’s is the same as that

computed from the x,;’s. If A = S, — P, then the first-order approximation for R is
given by (see Problem 9.23)

1

and so
vee(R) = vee(P) + veo(A) — %{Vec(PDA) +veo(D,P)}
= vee(P) + vec(A) — %{(Im @ P)+ (P&, ) vee(D,)
— vee(P) + <Im2 - % (1, ®P)
+HP® Im)}Am)Vec(AL (11.17)
where

A, = Z(Eu ® Ej;).
=1
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Thus, because

var{vec(A)} = var{vec(S,)} = %Nm(P ® P)N,,,

we get the first-order approximation
2 /
var{vec(R)} = —1HNm(P ® P)N,, H',
n—

where the matrix H is the premultiplier on vec(A) in the last expression given in
(11.17). Simplification (see Problem 11.53) leads to

var{vec(R)} = %Nm@Nm, (11.18)

where

Since R is symmetric and has each diagonal element equal to one, its redundant and
nonrandom elements can be eliminated by using ¥(R). Since v(R) = L,,vec(R),
where im is the matrix discussed in Section 8.7, we find that the asymptotic covari-
ance matrix of V(R) is given by

var{¥(R)} = HLL N, ©N, L' .

1 m m

Note that the Hadamard product and its associated properties can be useful in analyses
involving the manipulation of © because

®:P®P_(Im®P)AnL(P®P)_(P®P)A’rn(l’m®P)
+(I,, ® P)A,,(P® P)A,, (I, ® P),

and the last term on the right-hand side of this equation can be expressed as

(I, ® P)A,,(P® P)A,, (I, ® P)=(I,,® P)V, (P®P)V, (I, ® P).

PROBLEMS

11.1 We saw in the proof of Theorem 11.1 thatif A is anm x m idempotent matrix,
then rank(A) + rank(Z,, — A) = m. Prove the converse; that is, show that if
A is an m x m matrix satlsfymg rank(A) + rank(Z,, — A) = m, then A is
idempotent.
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11.2

11.3

114

11.5

11.6
11.7

11.8

11.9

11.10

11.11

11.12

11.13

11.14

Suppose that A is an m x m idempotent matrix. Show that each of the follow-
ing matrices is also idempotent:

(a) A'.

(b) BAB™!, where B is any m x m nonsingular matrix.

(¢) A™, where n is a positive integer.

Show that if A is an m x m symmetric idempotent matrix having rank r, then
A = PP’ for some m x r matrix satisfying P'P = I,.

Let A be an m x n matrix. Show that each of the following matrices is idem-
potent:

(a) AA~.

(b) A”A.

(c) A(A’A)" A"

Let A and B be m x m symmetric idempotent matrices. Show that if the col-
umn spaces of A and B are the same, then A = B.

Determine the class of m x 1 vectors {x}, for which za' is idempotent.
Determine the values of the scalars a, b, and ¢ for which each of the following
is an idempotent matrix.

@) al, 1.

(b) bI,, +c1,,1/ .

Let A be an m x n matrix with rank(A) = m. Show that A’(AA")"'A is
symmetric, idempotent, and find its rank.

Let A and B be m x m matrices. Show that if B is nonsingular and AB is
idempotent, then B A is also idempotent.

Let A be an m x m symmetric idempotent matrix of rank 7. Show that if B is
an m x r matrix of rank 7 satisfying AB = B, then A = B(B'B)"'B’.
Show that if A is an m x m matrix and A% = cA for some scalar ¢, then

tr(A) = crank(A).

Let A be an m x m symmetric idempotent matrix and B be an m X m non-

negative definite matrix. Show that if I, — A — B is nonnegative definite,

then AB = BA = (0).

Let A be anm x m symmetric idempotent matrix and B be an m X m matrix.

(a) Show thatif AB = B, then A — BB™ is symmetric idempotent with rank
equal to rank(A) — rank(B).

(b) Show that if AB = (0) and rank(A) + rank(B) = m, then A =1, —
BB*.

Give an example of a collection of matrices A4, ... , A, that satisfies condi-

tions (a) and (d) of Corollary 11.8.1, but it does not satisfy conditions (b) and

(c). Similarly, find a collection of matrices that satisfies conditions (c) and (d),

but it does not satisfy conditions (a) and (b).
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11.15
11.16

11.17

11.18

11.19

11.20

11.21

SOME SPECIAL TOPICS RELATED TO QUADRATIC FORMS

Prove Theorem 11.12.
Let & ~ N,, (i, ), where Q is a positive definite matrix, and let A be an
m X m symmetric matrix.

(a) Show that the moment generating function of y = &’ Ax can be expressed
as

1
m,(t) = |1, — 26 AQ| Y2 exp {—§[,L/[Im -, - 2tAQ)_1]Q_1/J,} .
(b) If w ~ x2(3 ' Ap), then it can be shown that

my,(t) = (1 —2t)"/?exp {—%u'Au[l -(1- 2t)1]} :

Use this result and the moment generating function from (a) to show that

the sufficient condition given in Theorem 11.12 is necessary as well. Do

this by equating the two moment generating functions at 4 = 0 and using

the resulting equation to show that AQ2 must be idempotent of rank r.
Let A be an m x m symmetric matrix with = rank(A), and suppose that
x ~ N,,(0,1,). Show that the distribution of #’Az can be expressed as a
linear combination of r independent chi-squared random variables, each with
one degree of freedom. What are the coefficients in this linear combination
when A is idempotent?

Extend the result of Problem 11.17 to the situation in which  ~ N, (0, ),
where () is nonnegative definite; that is, show that if A is a symmetric
matrix, then x’Azx can be expressed as a linear combination of independent
chi-squared random variables each having one degree of freedom. How many
chi-squared random variables are in this linear combination?

Letz,, ... ,z, be a random sample from a normal distribution with mean

and variance o2, and let Z be the sample mean. Write

n(@ — p)?

t=
o2

as a quadratic form in the vector (x — p1,,), where = (4, ... ,z,). What
is the distribution of ¢?

Let x ~ N,, (s, ), where € is positive definite, and suppose that A and B
are m X m symmetric matrices. Show that the sufficient condition given in
Theorem 11.14 is also necessary. That is, show that if ' Az and ’Bx are
independently distributed, then AQB = (0).

Suppose that & ~ N, (s, €2), where € is positive definite. Partition x, p, and
Q as 0. O
Ty Ky 11 12
m = 9 = ) Q = 3
[mj H [“J {9/12 QQQ]

where @, is r x 1 and @, is (n — r) X 1. Show that
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@ b = (2 — ) (2 — ) ~ X5
() ty = (z— ) (x - p) — (B — ) U () — 1) ~ X5y
(c¢) t, and ¢, are independently distributed.

11.22 Suppose that  ~ N,, (i, €2) and the m x m matrices A; and A, are such
thatt, = @'A x ~ x3 and t, = 2’ Ayx ~ x3,, independently. Consequently,
t = (t,/d,)/(ty/d,) has the F distribution with d; and d, degrees of free-
dom. Show that if y has an elliptical distribution with mean vector g and
covariance matrix (2, thenw = (w, /d,)/(w,/d,) has this same F distribution,
where w; = Yy’ A,y and w, = y' Ay.

11.23 Prove Theorem 11.15.

11.24 Pearson’s chi-squared statistic is given by

i nx, — nu;)
1

i=1

where n is a positive integer, the x,;’s are random variables, and the p;’s are
nonnegative constants satisfying yo; + - - - + p,,, = L. Letx = (2, ... ,z,,),
w= (g, ..., p,),and Q = D — pp/, where D = diag(py, .-, fi,y,)-
(a) Show that 2 is a singular matrix.
(b) Show that if \/n(z — ) ~ N,,(0,9), thent ~ x? .

11.25 Suppose that  ~ N,(0, I,), and consider the three functions of the compo-
nents of « given by

1 1
L = Z(% + Xy + 23+ x4)2 + 5(9”1 - $2)2a

1
ly = 12(11 + zy + 3y — 31,)°,

ty = () + Ty — 203)* + (73 — 7,)°

(a) Write ¢, ¢,, and t; as quadratic forms in .
(b) Which of these statistics have chi-squared distributions?
(c) Which of the pairs ¢; and ¢,, ¢; and ¢5, and ¢, and ¢, are independently
distributed?
11.26 Suppose that & ~ N,(p, ), where p = (1,—1,1,—1) and Q = I, + 1,1}.
Define

1 1
t, = 5(3«"1 —zy)* + 5(353 —z,)°,

1 1
ly = 5(951 + 952)2 + 5(% + $4)2~
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(a) Doest; ort, have a chi-squared distribution? If so, identify the parameters
of the distribution.
(b) Aret, and t, independently distributed?

11.27 Prove Theorem 11.16.

11.28 Prove Theorem 11.17.

11.29 The purpose of this exercise is to generalize the results of Example 11.5 to
a test of the hypothesis that H3 = ¢, where H is an m, X m matrix having
rank m, and cis an m, x 1 vector; Example 11.5 dealt with the special case in
which H = ((0) 1,,,) and ¢ = 0.Let G’ be an (m — m,) x m matrix having
rank m — m,, and satisfying HG’ = (0). Show that the reduced model may
be written as

Y. =X.B. te

where y, =y — XH'(HH') 'e, X, = XG'(GG')7!, and B, = GB. Use
the sum of squared errors for this reduced model and the sum of squared errors
for the complete model to construct the appropriate F' statistic.

11.30 Suppose that & ~ N,,(0,£2), where r = rank(Q2) < m. If T is any m x r
matrix satisfying 77T’ = , and z ~ N, (0, I,.), then « is distributed the same
as T'z. Use this to show that the formulas given in Theorem 11.22 for positive
definite €2 also hold when 2 is positive semidefinite.

11.31 Let z ~ N, (0, I,,,). Use the fact that the first six moments of the standard
normal distribution are 0, 1, 0, 3, 0, and 15 to show that

+i P

where T, = E;; + E,.
11.32 Suppose that z ~ N, (0,1, ).
(a) Show that

E(zz' ® z2') = N,,{21,,» + vec(1,,)vec(I,,)'} N,,.

(b) Let A be the matrix defined in Problem 8.61. Show that the sixth-order
moment matrix given in Problem 11.31 can be more compactly expressed
as

E(zz' @ z2' @ z2") = A{61,,5 + 91, ® vec(,,)vec(I,,)' } A.

Expressions for higher order moment matrices of z, such as F(zz' ®
zz' ® zz' ® z2'), can be found in Schott (2003).
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11.33 Suppose that y has an elliptical distribution with mean vector 0, covariance
matrix €2, and finite fourth moments.

(a) Show that for some constant c,
Blyy ©yy) = c{2N,,(Q ® Q) + vec()vec()').
(b) Use the expression given in (a) to show that

E(y;)

T 3B

regardless of the choice of .

(c) Show that if S is the sample covariance matrix computed from a random
sample of size n from this elliptical distribution, then

var{vec(S)} ~ ;{QCNm(Q ® Q) + (c — 1)vec(Q)vec(Q)'},

(n—=1)
for large n.
(d) If Ris the sample correlation matrix, show that the first-order approxima-
tion
2c
var{vec(R)} ~ —1Nm®Nm
n —

holds, where O is as defined in Example 11.11.
11.34 Suppose that w is uniformly distributed on the m-dimensional unit sphere.
(a) Show that
E(u®u)=m 'vec(l,,).

(b) Show that
E(uu @ uu') = {m(m +2)} {2N,, + vec(I,,)vec(I,,)'}.
11.35 Let A, B, and C' be m x m symmetric matrices, and suppose that
x~ N, (0,1,).
(a) Show that
E(x' Azx'Bxx'Cx) = tr{(A® B® C)E(za' @ zx’ @ xza')}.
(b) Use part (a) and the result of Problem 11.31 to derive the formula given

in Theorem 11.24 for E(x' Axx' Bxa/Cx).
11.36 Letx ~ N, (p, ), where Q is positive definite.
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11.37

11.38

11.39

11.40
11.41

11.42

11.43

SOME SPECIAL TOPICS RELATED TO QUADRATIC FORMS

(a) Using Theorem 11.21, show that
var(x @ ) = 2N,,(Q 0 Q+ Q@ pp’ + pp' @ Q).

(b) Show that the matrix (2 ® Q + Q ® pp' + pp' ® Q) is nonsingular.

(c) Determine the eigenvalues of IV,,. Use these along with part (b) to show
that rank{var(x ® )} = m(m +1)/2.

Suppose that the m x 1 vector  and the n x 1 vector y are independently

distributed with F(x) = py, E(y) = py, E(za’) =V}, and E(yy') = V,.

Show that

@ Elwy ©ay') = vee(Vy) {vee(Vy)Y,

(b) E(zy © ya') = (V1 O V) Ky = Ko (Vo @ V),

() Ex®r®y®y)=vec Vl) ® vec(Vs),

@ Exoyozey)=(I,®K,,, ®I,){vec(V;) ® vec(V)},

(e) var(z @ y) =V, @ Vy — pypt @ pypty.

Let A, B, and C be m x m symmetric matrices, and let @ and b be m x 1

vectors of constants. If  ~ N, (0, ), show that

(a) E(xr'Aax’Bb) = o' AQBb,

(b) E(x' Aax'Bbx'Cx) = o’ AQBbtr(QC) + 2a’ AQCQBb.

Suppose that € ~ N, (u, Q2), where p = 1, and Q = 41, + 1,1/. Let the ran-
dom variables ¢, and ¢, be defined by

ty = (@) + 3y — 23)° + (x5 — 2,)°,

ty = (x), — w9 — x3)" + (2, + 7y — 3,)".

Use Theorem 11.23 to find

(a) var(t,),

(b) var(t,),

(c) cov(ty,ty).

Verify the formulas given at the end of Example 11.7 for E(¢,) and var(t,).
Suppose that V; ~ W, (2, n,) and V, ~ W, (9, n,) are independently dis-
tributed. Show that V; + V, ~ W, (Q,n; + ny).

Suppose that V' ~ W, (Q,n, ®) and a is a nonnull m x 1 vector of constants.
Show that a'Va/a/Qa ~ x2(\), where A = a’®a/a/Qa.

Consider the Wishart matrix V' given in Theorem 11.27.

(a) Show that V;; — V},V,, 'V}, is independently distributed of V;, and Vi,.

(b) Show that the conditional distribution of V), given V5, is multivariate
normal; in particular, show that given V;,,

vec(Vip) ~ Nmﬂng (VeC(912Q§21%2)» Voo @ (84 — 912522721@12))
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11.44

1145

11.46

1147

11.48

LetV ~ W, (€, n), where € is a positive definite matrix, and let V;, and €2, be
the leading k x k principal submatrices of V' and €); that is, V), is the matrix
obtained by deleting the last m — k& rows and columns of V', and similarly
for .. Show that if we define |Vj)| = 1 and |Q,| = 1, then

[AN
Vi1l 192] okt

fork=1,...,m.

Suppose that V ~ W, (Q,n), where 2 is positive definite. Use
Theorem 11.27 to show that if A is a p x m matrix of rank p, then
(AVITAN T ~ W ((AQ A n —m + p).

Suppose that  ~ N, (i, 2), where € is positive definite. Partition « as x =
(x}, xh)', where @, is my x 1 and x, is m, x 1. Similarly, p and € are parti-

tioned as
_ |1 0= {Qn Q12] )
" [HJ ’ Q/12 Qg

(a) Show that E(x; ® x,) = vec(Qy) + g @ o.
(b) Show that

var(z; © @y) = Qp; © Qyy + Qpy @ popty + pay 17 @ Qyy
+Kmlm2(Q/12 ® Q12 + Q/12 & /1’1/1’/2
Fpg ) ® Q).

Suppose that the columns of X' = (x, ...,x,) are independently dis-
tributed with «; ~ N, (pt;, Q). Let A be an n x n symmetric matrix, and let
M' = (py, ..., p,). Use the spectral decomposition of A to show that
(a) E(X'AX) =tr(A)Q+ M'AM,
(b) var{vec(X'AX)} = 2N, {tr(A)(Q® Q) + Q@ M'A’M +

M'A’M ® Q}.
Let A and B be m x n matrices of constants, whereas  ~ N, (u, §2). Note
that (Ax ® Bx) =¥, (Ax ® Bx), where ¥ _ is the matrix defined in
Section 8.5.
(a) Show that

E(Axz ® Bx) = Dgga'l,, + Au©® Bp,

where Dy, 4, is the diagonal matrix with diagonal elements equal to those
of BQA'.
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(b) Show that

var(Az © Bx) = A(Q+ pp')A" © B(Q + pp')B’
+B(Q+ pp)A' © A(Q+ pp')B’
—App' A" © Bup/'B' — Bup/ A’ © App'B'.
For some applications of these results as well as generalizations, see Hyn-

dman and Wand (1997), Neudecker and Liu (2001), Neudecker, et al.
(1995a), and Neudecker, et al. (1995b).

11.49 Suppose that the m x 1 vectors {y,;,1 <i <k,1 <j <n,;} are indepen-
dently distributed with y,;; ~ N, (u;,€2). A multivariate analysis of variance
uses the matrices (Example 3.16)

k  n;
B = an@l -9)@, -9, W= Z Z(ylj ~9) (Y — 93,

where
- yzj — nY; —
Yi=) 5 Y= . o= on
j=1 i=1 i=1

Use Theorem 11.25 to show that W and B are independently distributed,
W~ W, (Qw),and B ~W, (,b,®), wherew =n —k,b=Fk— 1, and

k k
1 _ _ — ;b
®=o > mlp - m)p—m,  E=)
=1 1=1
11.50 Let X' = (ay, ... ,@,) be an m x n matrix, where x, ... ,x,, are indepen-
dent and ; ~ N,,(0, ) for each i. Show that

E(X®X®X®X)=1{vec(l,) ®vec(l,) }Hvec() @ vec(Q)}
+vec(I, @ I,,){vec(Q @ Q)} + vec(K,,,)
X [vec{ Ky (2 )}’
11.51 Let the columns of the m x n matrix X’ be independently and identically
distributed as N, (0, €2). Suppose the n x m matrix M and the n x n matrix
A contain constants, and define V = (X + M)'A(X + M). Show that
var{vec(V)} = {tr(A’A)}(Q® Q) + {tr(A*)}K,,, (2 ® Q)
+M'A'AM @ Q4+ Q@ M'AA'M
+ K, (MAMeQ)+K,, QoM A*M).
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11.52

11.53

11.54

Suppose that the smallest eigenvalue of the m x m covariance matrix {2 has
multiplicity r, and let P denote the eigenprojection of €2 corresponding to this
smallest eigenvalue. Let .S be the sample covariance matrix computed from a
random sample of size n, and define A = S — Q. Then

T71 Z?:merJrl Ag(S) 1
{Til Z:LimfrJrl )‘z(S)}Q ’

where A (S) > --- > \,,,(S) are the eigenvalues of S, has the second-order
approximation formula in A (see Problem 9.26) given by

U:

U=r ' (tr(APAP) — r H{tr(AP)}?).

Use this approximation to show that, when sampling from a normal
population, nrU /2 can be approximated by the chi-squared distribution with
r(r+1)/2 — 1 degrees of freedom.

Use the results of Problem 8.48(e) and Problem 8.60 to show that
1
<1m2 ~ {0, @ P)+ (PO L)IA,, ) =N, {I,. — (I,,® P)A,}

thereby verifying the simplified formula for var{vec(R)} given in (11.18).

Let S be the m x m sample covariance matrix computed from a sample
of size m from a normal population with covariance matrix (2. Denote
the eigenvalues and normalized eigenvectors of @ by =, >--- >z,

and q,...,q,,, and those of S by A\, >---> X and 7, ..., v,-
Suppose that x, > x;,, =---=x,,, and consider the eigenprojection,
P=3",14;q;, associated with the eigenvalues x, ,...,2,,. An

estimate of this eigenprojection is given by P= > o i1 YiYs- Use Theorem
9.7 and the large sample distribution of .S discussed in Example 11.9 to show
that for large n, vec(P) ~ N, .(vec(P),2N, ¥/(n — 1)), approximately,
where the matrix W is given by

m

U= Z Z 72 (9040 © 9, + 4,9 © 9,40).
i=1 j= k+1 Ti
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accumulation point, 81
adjoint, 9
analysis of variance, 138, 320
multivariate, 493
angle between vectors, 41, 142
antieigenvalue, 141-144
antieigenvector, 141-144
arithmetic-geometric mean inequality, 452—-453

backward shift, 367

Bartlett adjustment, 493

basis, 49-53
orthonormal, 53-58

bilinear form, 16

block diagonal matrix, 13

boundary point, 82

canonical variate analysis, 119, 178—179, 493
Cauchy—Schwarz inequality, 38, 444—446
Cayley—Hamilton theorem, 105-106, 196
chain rule, 388, 391
characteristic equation, 96
characteristic root, 96
characteristic vector, 96
chi-squared distribution, 21-22

and Moore—Penrose inverse, 211

and quadratic forms, 465-471
central, 21-22
noncentral, 22
Cholesky decomposition, 164
circulant matrix, 363-367
closed set, 81
closure, 81
Cochran’s theorem, 462—-465
cofactor, 6
and determinant, 6
and inverse, 9
column space, 45
commutation matrix, 339-346
and Kronecker product, 342
and vec of a Kronecker product, 343
and vec operator, 341
eigenvalues, 344
eigenvectors, 379
completely positive matrix, 383
complex matrix, 18—19
complex number, 18
conjugate, 18
Euler’s formula, 18
modulus, 18
polar coordinates, 18
triangle inequality, 19
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condition number, 191
conjugate transpose, 19
consistent equations, 247-251
consistent estimator, 223-224
contaminated normal distribution, 27, 34
continuity
of a determinant, 222
of a Moore—Penrose inverse, 222-224
of an eigenprojection, 115
of an eigenvalue, 115
of an inverse matrix, 222
convergence with respect to a norm, 188
convex combination, 81
convex function, 413-416
absolute minimum of, 415
strictly, 413
convex hull, 81
convex set, 80—85
correlation, 24
maximum squared, 432
correlation matrix, 24
eigenvalues and eigenvectors, 113—114, 331
nonnegative definite, 25
sample, 25
Courant—Fischer min—max theorem, 120
covariance, 23
of quadratic forms, 477, 480—481
covariance matrix, 23
equal variances and equal correlations, 113
nonnegative definite, 24
sample, 25

decomposition
Cholesky, 164
Jordan, 173-174
LU, 198
polar, 192
QR, 60, 165
Schur, 175-178
singular value, 155-162
spectral, 108, 111, 162—-168
density function, 20
multivariate, 22
derivative, 387389
of a determinant, 396, 401
of a matrix function, 391
of a Moore—Penrose inverse, 398 -400
of a patterned matrix, 400—401
of a trace, 396
of a vector function, 390
of an eigenvalue, 407
of an eigenvector, 407
of an inverse, 398, 401
partial, 389

INDEX

second-order partial, 390
determinant, 5-9

and eigenvalues, 101

and trace, 452

continuity of, 222

derivative of, 396, 401

expansion by cofactors, 6—8

of a partitioned matrix, 288—296

of a product, 9, 445-446

of a sum, 102, 447, 450
determinantal inequality, 181, 291, 336, 445-447,

450-452, 455-456

diagonal matrix, 2
diagonalization, 103, 169, 171-173

simultaneous, 136, 178184
differential, 388

of a determinant, 396

of a matrix function, 391

of a Moore—Penrose inverse, 398

of a trace, 396

of a vector function, 390

of an eigenvalue, 407

of an eigenvector, 407

of an inverse, 398

second, 389
dimension of a vector space, 49—53
direct sum of matrices, 323
discriminant analysis, 40
distance function, 39

Euclidean, 40, 55, 68, 166

Mahalanobis, 40, 68, 166
distance in the metric of, 40
doubly stochastic matrix, 434
duplication matrix, 346—349

eigenprojection, 110—112
continuity of, 115

eigenspace, 98, 172
dimension of, 100

eigenvalue, 95
and antieigenvalue, 142
and determinant, 101
and leading principal submatrix, 124
and majorization, 437-442
and rank, 104, 112, 171-173, 178
and trace, 101
asymptotic distribution of, 491
continuity of, 115
derivative of, 407
distinct, 98
extremal properties, 116—123
in the metric of, 136
monotonicity, 133
multiple, 98



INDEX

of a partitioned matrix, 302-307
of a positive definite matrix, 129
of a positive semidefinite matrix, 129
of a power, 100
of a product, 140—141
of a sum, 124—129, 133, 439-440
of a symmetric matrix, 106—114
of a transpose product, 131
of a triangular matrix, 99
of an idempotent matrix, 457
of an inverse matrix, 100
of an orthogonal matrix, 99
of the Schur complement, 306
perturbation of, 403-406, 427
relation to diagonal elements, 437
simple, 98
eigenvector, 95
and antieigenvector, 142
asymptotic distribution of, 491
common, 151, 184
derivative of, 407
left, 148
linear independence of, 103
of a symmetric matrix, 107—108
right, 148
elementary transformations, 14
elimination matrix, 349-351
elliptical distribution, 27
estimable function, 268
Euclidean distance function, 40, 55, 68,
166
Euclidean inner product, 39—-40
Euclidean norm, 40, 42, 186
Euclidean space, 40
expected value, 20
of a quadratic form, 477-485

F distribution, 22
forward shift, 367
Fourier matrix, 366

Gauss—Seidel method, 274
generalized inverse, 225-230
and projection matrices, 231
computation of, 232-238
of a partitioned matrix, 298-299
reflexive, 243
generalized quadratic form, 485
gradient, 275
Gram—Schmidt orthonormalization, 53, 59-61
growth curve model, 72-73, 326

Holder’s inequality, 446—-449
Hadamard inequality, 333-335, 385
Hadamard matrix, 369-371
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normalized, 370

Hadamard product, 329-339
as a Kronecker product, 330
eigenvalues of, 336-338
nonnegative definite, 332
positive definite, 332—-333
rank of, 330

Helmert matrix, 16, 33

Hermite form, 234

Hermitian matrix, 19

Hessian, 390

homogeneous system of equations, 258260

hyperplane, 81

idempotent matrix, 3, 64, 457-462
eigenvalues, 457
product of, 460
rank of, 457
sum of, 460
symmetric, 459, 461-462
trace of, 457
identity matrix, 2
indefinite matrix, 17
independence (linear), 42—-45
independence (stochastic)
of quadratic forms, 471-477
of random variables, 23
inequality
arithmetic-geometric mean, 452—453
Cauchy—Schwarz, 38, 444446
determinantal, 181, 291, 336, 445-447,
450-452, 455-456
Holder’s, 446-449
Hadamard, 333-335, 385
Jensen’s, 415-417
Kantorovich, 455
Minkowski’s, 450, 451
trace, 376, 440, 445, 447, 449, 451-452,
455-456
triangle, 19, 40, 86
inner product, 38—39
Euclidean, 39-40
interior point, 82
intersection of vector spaces, 73
inverse matrix, 9—12
and cofactors, 9
continuity of, 222
derivative of, 398, 401
eigenvalues, 100
of a partitioned matrix, 285-288
of a product, 9
of a sum, 10-11
irreducible matrix, 357
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Jacobi method, 274

Jacobian matrix, 390-391
Jensen’s inequality, 415-417
Jordan block matrix, 173

Jordan decomposition, 173—174

Kantorovich inequality, 455
Kronecker product, 315-322
determinant of, 319
eigenvalues of, 318
eigenvectors of, 379
generalized inverse of, 318
inverse of, 318
Moore—Penrose inverse of, 318
rank of, 319
trace of, 317

Lagrange function, 417
Lagrange multipliers, 417
Lanczos
algorithm, 274-278
vectors, 276
latent roots, 96
latent vectors, 96
law of cosines, 41
least squares, 28
and best linear unbiased estimator, 130—-131
and multicollinearity, 109-110, 161-162
and solutions to a system of equations, 260—-266
generalized, 79, 166, 283
growth curve model, 72-73, 326
in less than full rank models, 64, 266—-271
in multiple regression, 61-64, 410
in multivariate multiple regression, 132, 326
in one-way classification model, 90, 269-271,
320-321
in ridge regression, 145
in simple linear regression, 56—57
in two-way classification model, 282, 321-322
ordinary, 28-29
restricted, 91, 283
weighted, 70-71
with standardized explanatory variables, 69—70,
109
least squares inverse, 231
computation of, 238
least squares solution, 260
limit point, 81
linear combination, 36
linear dependence, 4245
linear equations, 71-72
and singular value decomposition, 271-273
common solution, 281
consistency of, 247-251
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homogeneous system of, 258-260
least squares solution of, 260—266
linearly independent solutions to, 255-257
minimal solution, 280
restricted solution, 280
solutions to, 251-258
sparse systems of, 273-278
direct methods, 273
iterative methods, 273
unique solution to, 254
linear independence, 42—45
linear model, 28
linear space, 36
linear transformation, 65-73
of matrices, 72
LU factorization, 198

Mahalanobis distance, 40, 68, 166
majorization, 433-443
and diagonal elements, 437
and doubly stochastic matrix, 434—-436
and eigenvalues, 437-442
and order-preserving functions, 442
definition, 433434
Markov chain, 361-363
matrix
addition, 2
backward shift, 367
block diagonal, 13
circulant, 363-367
commutation, 339-346
commuting, 182, 184
completely positive, 383
complex, 18—19
correlation, 24, 113—-114
covariance, 23
definition, 1
diagonal, 2
diagonalizable, 103
doubly stochastic, 434
duplication, 346—349
eigenprojection, 110—112
elimination, 349-351
forward shift, 367
Fourier, 366
Hadamard, 369-371
Helmert, 16, 33
Hermitian, 19
Hessian, 390
idempotent, 3, 64, 457-461
identity, 2
indefinite, 17
inverse, 9—12
irreducible, 357
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Jacobian, 390-391
Jordan block, 173
multiplication by a matrix, 3
multiplication by a scalar, 3
negative definite, 17
negative semidefinite, 17
nilpotent, 149, 195
nonnegative, 351-363
nonnegative definite, 17
nonsingular, 9
null, 2
order of, 2
orthogonal, 15-16
partitioned, 12—14
permutation, 16
positive, 351-357
positive definite, 17
positive semidefinite, 17
primitive, 361
projection, 58—65, 77-78
rectangular, 2
reducible, 357
semiorthogonal, 16
similar, 169
singular, 9
skew-symmetric, 4
square, 2
square root, 17, 163
symmetric, 4
Toeplitz, 367-369
transpose, 3
triangular, 2
unitary, 19, 175
Vandermonde, 371-372
matrix function, 391
matrix norm, 184—191
Euclidean, 186
induced, 185
maximum column sum, 186
maximum row sum, 186
spectral, 186
maximum
absolute, 409
conditions for local maximum, 409
local, 409
of a convex function, 414
with equality constraints, 417-423
maximum likelihood estimation, 411-413, 429
mean, 20
sample, 25
mean squared error, 192
mean vector, 23
differences in, 118, 134, 178
sample, 25
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Minkowski’s inequality, 450-451
minor, 6, 14
leading principal, 292, 310
moment generating function, 21
moments, 20
Moore—Penrose inverse, 202
and projection matrices, 204, 209
and quadratic forms in normal random vectors,
210
and the singular value decomposition, 203
and the spectral decomposition, 208
computation of, 206, 232-234
continuity of, 222-224
derivative of, 398—400
existence of, 202-203
of a block diagonal matrix, 219
of a diagonal matrix, 208
of a matrix product, 211-215
of a partitioned matrix, 215-219, 299-302
of a sum, 219-221
of a symmetric matrix, 207-208
properties, 205-211
rank, 206
uniqueness of, 202-203
multicollinearity, 109-110, 145, 161-162, 192
multinomial distribution, 241, 431
multiplicity of an eigenvalue, 98
algebraic, 98
geometric, 98
multivariate normal distribution, 26, 396, 411, 429
conditional distribution, 291-292, 295-296
density function, 26, 395
fourth-order moment matrix, 478, 481
maximum likelihood estimates, 411-413
moments, 478—480
singular, 26
sixth-order moment matrix, 500
standard, 26
multivariate ¢ distribution, 27, 34

negative definite matrix, 17
negative semidefinite matrix, 17
nilpotent matrix, 150, 195
nonnegative definite matrix, 17

correlation matrix, 25

covariance matrix, 24
nonnegative matrix, 351-363

eigenvalues of, 359-361

eigenvectors of, 359-360

irreducible, 357

primitive, 361

reducible, 357

spectral radius of, 352
nonsingular matrix, 9
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norm
matrix, 184—191
vector, 39, 42

normal distribution, 21
standard, 21

normalized vector, 15

null matrix, 2

null space, 66—67

null vector, 2

oblique projection, 76—80
one-way classification model
multivariate, 137-139, 178, 493
univariate, 90, 267, 269-271, 320-321, 472,
482
order
of a minor, 14
of a square matrix, 2
order-preserving function, 442
orthogonal complement, 57—58
and null space, 66
dimension of, 58
orthogonal matrix, 15-16
orthogonal vectors, 15
orthonormal basis, 53-58
orthonormal vectors, 15

parallelogram identity, 86
partitioned matrix, 12—13
determinant of, 288—-296
eigenvalues of, 302-307
generalized inverse of, 298-299
inverse of, 285-288
Moore—Penrose inverse of, 215-219,
299-302
product of, 12
rank of, 48, 296-298
Pearson’s chi-squared statistic, 499
permutation matrix, 16
perturbation method, 402
eigenprojection, 407-408
eigenvalue, 403406, 427
matrix inverse, 402—-403
Moore—Penrose inverse, 426
sample correlation matrix, 426
symmetric square root, 426
Poincaré separation theorem, 123
polar decomposition, 192
positive definite matrix, 17
eigenvalues, 129
leading principal minors, 292
positive matrix, 351-357
eigenvalues, 353-357
eigenvectors, 353—-356
spectral radius, 352
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positive semidefinite matrix, 17
eigenvalues, 129

primitive matrix, 361

principal components analysis, 119-120, 491

principal submatrix, 124,292, 310
leading, 124

probability function, 20
multivariate, 22

projection, 53-58
oblique, 76—80
relative to the A inner product, 79

projection matrix, 58—65, 209, 231
oblique, 77-78

QR factorization, 60, 165
quadratic form, 16—17
and Moore—Penrose inverse, 210
covariance of, 477, 480-481
distribution of, 465-471
expected value of, 477-485
generalized, 485
independence of, 471-477
matrix of, 17
moment generating function of, 498
variance of, 477, 480-481

random variable, 20
correlation, 24
covariance, 23
density function, 20
expected value, 20
independent, 23
mean, 20
moment generating function, 21
moments, 20
probability function, 20
variance, 20

random vector, 22
correlation matrix of, 24
covariance matrix of, 23
density function, 22
expected value, 23
mean, 23
probability function, 22

range, 45

rank, 14—15
and dimension of null space, 66
and eigenvalues, 104, 112, 171-173, 178
and linear independence, 45-49
full, 14
full column, 14
full row, 14
of a product, 14, 46, 48—49
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of a sum, 46 of a nonnegative matrix, 352

of partitioned matrix, 48, 296—-298 spectral set, 111
Rayleigh quotient, 117, 120, 275 spherical distribution, 27
reducible matrix, 357 square root of a matrix, 17, 163
regression, 28—29 stationary point, 409

best linear unbiased estimator, 130—-131 submatrix, 12—-14

best quadratic unbiased estimator, 422423 subspace, 36

complete and reduced models, 62, 287, 474 sum of squares

F test, 474—-475 for error, 29

generalized least squares, 79, 166—167, 283 for treatment, 91

minimum variance unbiased linear estimator, sum of vector spaces, 74

432 supporting hyperplane theorem, 83
multicollinearity, 109, 161, 192 symmetric matrix, 4

multiple, 61-64
multivariate multiple, 132, 326
polynomial, 371 Taylor formula

principal components, 109-110, 161-162 first-order, 388_3_89
ridge, 145 for a vector function, 390

kth-order, 388—-389
time series, 368
Toeplitz matrix, 367-369
trace, 4

and determinant, 452

and eigenvalues, 101

saddle point, 409 derivative of, 396
sample correlation matrix, 25 of a product, 4, 440, 445, 4438, 449

asymptotic covariance matrix of, 495-496 of {1 sum, 451

sample covariance matrix, 25 trace inequality, 376, 440, 445, 447, 449, 451,
distribution of, 490 4_52, 455, 45.6. .
independent of the sample mean vector, 490 transition probabilities, 361

sample mean, 25 transpose, 3—4

sample mean vector, 25 conjugate, 19
sample variance, 25 transpose product, 13, 167

T'-transform, 435, 437

simple linear, 56-57
weighted least squares, 70—71
with standardized explanatory variables, 69—70,
109-110
row space, 45

distribution of, 470—471 eigenvalues, 131
independent of the sample mean, 475 tr}ang]e mequa?lty, 19, 40, 86
Schur complement, 287, 292, 294295, 306 triangular matrix

of a Wishart matrix, 487 definition, 2

Schur decomposition, 175-178 lower, ;
semiorthogonal matrix, 16 upper, . .

K two-way classification model, 282, 321-322,
separating hyperplane theorem, 84 374

similar matrices, 169
simultaneous confidence intervals, 139
simultaneous diagonalization, 136, 178—-184
singular matrix, 9
singular value decomposition, 155-162

and systems of equations, 271-273

of a vector, 159

uniform distribution, 27

fourth-order moment matrix, 501
union-intersection procedure, 138—139, 431
unit vector, 15
unitary matrix, 19, 175
univariate normal distribution, 21

singular values, 157 standard, 21
and eigenvalues, 160
skew-symmetric matrix, 4 Vandermonde matrix, 371-372
spanning set, 37 variance, 20
spectral decomposition, 108, 111, 162—168 of a quadratic form, 477, 480481
of a diagonalizable matrix, 170 sample, 25

spectral radius, 187 vec operator, 324—328
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vector, 2
column, 2
definition, 2
normalized, 15
null, 2
orthogonal, 15
orthonormal, 15
row, 2
unit, 15

vector norm, 39
Euclidean, 40, 42
infinity norm, 42
max norm, 42
sum norm, 42

vector space, 36
basis of, 49-52

definition, 35
dimension of, 49
direct sum, 75
Euclidean, 40
intersection, 73
projection matrix of, 59-65, 77-78
spanning set, 37
sum, 74
vector subspace, 36

Weyl’s Theorem, 124

Wishart distribution, 485-490
and sample covariance matrix, 490—491
covariance matrix of, 488
mean of, 488
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