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CHAPTER 7

Linear Algebra: Matrices,
Vectors, Determinants.
Linear Systems

Linear algebra is a fairly extensive subject that covers vectors and matrices, determinants,
systems of linear equations, vector spaces and linear transformations, eigenvalue problems,
and other topics. As an area of study it has a broad appeal in that it has many applications
in engineering, physics, geometry, computer science, economics, and other areas. It also
contributes to a deeper understanding of mathematics itself.

Matrices, which are rectangular arrays of numbers or functions, and vectors are the
main tools of linear algebra. Matrices are important because they let us express large
amounts of data and functions in an organized and concise form. Furthermore, since
matrices are single objects, we denote them by single letters and calculate with them
directly. All these features have made matrices and vectors very popular for expressing
scientific and mathematical ideas.

The chapter keeps a good mix between applications (electric networks, Markov
processes, traffic flow, etc.) and theory. Chapter 7 is structured as follows: Sections 7.1
and 7.2 provide an intuitive introduction to matrices and vectors and their operations,
including matrix multiplication. The next block of sections, that is, Secs. 7.3-7.5 provide
the most important method for solving systems of linear equations by the Gauss
elimination method. This method is a cornerstone of linear algebra, and the method
itself and variants of it appear in different areas of mathematics and in many applications.
It leads to a consideration of the behavior of solutions and concepts such as rank of a
matrix, linear independence, and bases. We shift to determinants, a topic that has
declined in importance, in Secs. 7.6 and 7.7. Section 7.8 covers inverses of matrices.
The chapter ends with vector spaces, inner product spaces, linear transformations, and
composition of linear transformations. Eigenvalue problems follow in Chap. 8.

COMMENT. Numeric linear algebra (Secs. 20.1-20.5) can be studied immediately
after this chapter.

Prerequisite: None.
Sections that may be omitted in a short course: 7.5, 7.9.
References and Answers to Problems: App. 1 Part B, and App. 2.
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/.1 Matrices, Vectors:
Addition and Scalar Multiplication

EXAMPLE 1

The basic concepts and rules of matrix and vector algebra are introduced in Secs. 7.1 and
7.2 and are followed by linear systems (systems of linear equations), a main application,
in Sec. 7.3.

Let us first take a leisurely look at matrices before we formalize our discussion. A matrix
is arectangular array of numbers or functions which we will enclose in brackets. For example,

ail di2 dis

0.3 1 =5

0 —02 16 ag1 dsp  dz3 |,
M das1  dz2  ds3

% 2x? 4

o g | lar az asl, 1

are matrices. The numbers (or functions) are called entries or, less commonly, elements
of the matrix. The first matrix in (1) has two rows, which are the horizontal lines of entries.
Furthermore, it has three columns, which are the vertical lines of entries. The second and
third matrices are square matrices, which means that each has as many rows as columns—
3 and 2, respectively. The entries of the second matrix have two indices, signifying their
location within the matrix. The first index is the number of the row and the second is the
number of the column, so that together the entry’s position is uniquely identified. For
example, asg (read a two three) is in Row 2 and Column 3, etc. The notation is standard
and applies to all matrices, including those that are not square.

Matrices having just a single row or column are called vectors. Thus, the fourth matrix
in (1) has just one row and is called a row vector. The last matrix in (1) has just one
column and is called a column vector. Because the goal of the indexing of entries was
to uniquely identify the position of an element within a matrix, one index suffices for
vectors, whether they are row or column vectors. Thus, the third entry of the row vector
in (1) is denoted by as.

Matrices are handy for storing and processing data in applications. Consider the
following two common examples.

Linear Systems, a Major Application of Matrices
We are given a system of linear equations, briefly a linear system, such as

4xq + 6x9 + 9x3= 6

6)C1 _2)C3:20

5)61 - 8X2 + X3 10

where x1, xo, x3 are the unknowns. We form the coefficient matrix, call it A, by listing the coefficients of the
unknowns in the position in which they appear in the linear equations. In the second equation, there is no
unknown x5, which means that the coefficient of x5 is 0 and hence in matrix A, ass = 0, Thus,
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EXAMPLE 2

CHAP. 7 Linear Algebra: Matrices, Vectors, Determinants. Linear Systems

4 6 9 4 6 9 6
A=|6 0 —2|. Weform another matrix A=|6 0o -2 20
5 -8 | 5 -8 1 10

by augmenting A with the right sides of the linear system and call it the augmented matrix of the system.
Since we can go back and recapture the system of linear equations directly from the augmented matrix A A

contains all the information of the system and can thus be used to solve the linear system. This means that we

can just use the augmented matrix to do the calculations needed to solve the system. We shall explain this in

detail in Sec. 7.3. Meanwhile you may verify by substitution that the solution is x; = 3, x9 = % xg = —1.
The notation x1, xg, x3 for the unknowns is practical but not essential; we could choose x, y, z or some other
letters. [ |

Sales Figures in Matrix Form

Sales figures for three products I, II, III in a store on Monday (Mon), Tuesday (Tues), - -+
be arranged in a matrix

may for each week

Mon Tues Wed Thur Fri Sat Sun

40 33 81 0 21 47 33 I

A=1| 0 12 78 50 50 96 90 | - II
10 0 0 27 43 78 56 1T

If the company has 10 stores, we can set up 10 such matrices, one for each store. Then, by adding corresponding
entries of these matrices, we can get a matrix showing the total sales of each product on each day. Can you think
of other data which can be stored in matrix form? For instance, in transportation or storage problems? Or in
listing distances in a network of roads? |

General Concepts and Notations

Let us formalize what we just have discussed. We shall denote matrices by capital boldface
letters A, B, C,---, or by writing the general entry in brackets; thus A = [aj;], and so
on. By an m X n matrix (read m by n matrix) we mean a matrix with m rows and n
columns—rows always come first! m X n is called the size of the matrix. Thus an m X n
matrix is of the form

ail aza ain
asy  dz2 agy,
() A = [ap] =
I ) Amn_|

The matrices in (1) are of sizes 2 X 3,3 X 3,2 X 2,1 X 3, and 2 X 1, respectively.

Each entry in (2) has two subscripts. The first is the row number and the second is the
column number. Thus ag; is the entry in Row 2 and Column 1.

If m = n, we call A an n X n square matrix. Then its diagonal containing the entries
aiy, Ass, * -, Apy 1s called the main diagonal of A. Thus the main diagonals of the two
square matrices in (1) are aq1, dgs, ass and e *, 4x, respectively.

Square matrices are particularly important, as we shall see. A matrix of any size m X n
is called a rectangular matrix; this includes square matrices as a special case.
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DEFINITION

EXAMPLE 3

Vectors
A vector is a matrix with only one row or column. Its entries are called the components
of the vector. We shall denote vectors by lowercase boldface letters a, b,--- or by its

general component in brackets, a = [g;], and so on. Our special vectors in (1) suggest
that a (general) row vector is of the form

a=/[a; as - ayl For instance, a=[-2 5 08 0 1]

A column vector is of the form

by
4
bo
b=| . | For instance, b = 0.
) -7
bm

Addition and Scalar Multiplication
of Matrices and Vectors

What makes matrices and vectors really useful and particularly suitable for computers is
the fact that we can calculate with them almost as easily as with numbers. Indeed, we
now introduce rules for addition and for scalar multiplication (multiplication by numbers)
that were suggested by practical applications. (Multiplication of matrices by matrices
follows in the next section.) We first need the concept of equality.

Equality of Matrices

Two matrices A = [a;] and B = [bj;] are equal, written A = B, if and only if
they have the same size and the corresponding entries are equal, that is, a11; = bq1,
ays = b9, and so on. Matrices that are not equal are called different. Thus, matrices
of different sizes are always different.

Equality of Matrices

Let
air  di 4 0
A= and B = .
agy age 3 -1
Then
a1 =4, app= 0,
A=B if and only if
asy = 3, dago = —1.

The following matrices are all different. Explain!

P I Y I O B P
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DEFINITION

EXAMPLE 4

DEFINITION

EXAMPLE 5
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Addition of Matrices

The sum of two matrices A = [aj;] and B = [bj,] of the same size is written
A + B and has the entries aj;, + bj, obtained by adding the corresponding entries
of A and B. Matrices of different sizes cannot be added.

As a special case, the sum a + b of two row vectors or two column vectors, which
must have the same number of components, is obtained by adding the corresponding
components.

Addition of Matrices and Vectors

-4 6 3

5 -1
and B =
2

If A=

0
, then A+ B=
0

15 3
3 02 2f
A in Example 3 and our present A cannot be added. If a=1[5 7 2] and b=[—-6 2 0], then

a+b=[-1 9 2].
An application of matrix addition was suggested in Example 2. Many others will follow. |

0 1 3 1

Scalar Multiplication (Multiplication by a Number)

The product of any m X n matrix A = [a;,] and any scalar ¢ (number ¢) is written
cA and is the m X n matrix cA = [ca;;,] obtained by multiplying each entry of A
by c.

Here (—1)A is simply written —A and is called the negative of A. Similarly, (—k)A is
written —kA. Also, A + (—B) is written A — B and is called the difference of A and B
(which must have the same size!).

Scalar Multiplication

27 —1.8 —2.7 1.8 3 -2 0 0
10
If A=|0 09|, then —A=| 0 —0.9 |, EA =10 1|, OA=|0 0.

9.0 —45 -9.0 4.5 10 -5 0 0

If a matrix B shows the distances between some cities in miles, 1.609B gives these distances in kilometers. |

Rules for Matrix Addition and Scalar Multiplication. From the familiar laws for the
addition of numbers we obtain similar laws for the addition of matrices of the same size
m X n, namely,

(a) A+B=B+A

) A+B) +C=A+®B+C) (written A + B + C)
3)

©) A+0=A

(d) A+ (—A)=0.

Here 0 denotes the zero matrix (of size m X n), that is, the m X n matrix with all entries
zero. If m = 1 or n = 1, this is a vector, called a zero vector.
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Hence matrix addition is commutative and associative [by (3a) and (3b)].
Similarly, for scalar multiplication we obtain the rules

(a)
(b)
(©)
(@)

C))

c(A+B)=cA + cB

(c + kA = cA + kA

c(kA) = (ck)A (written ckA)

1A = A.

PROBLEM SET 7.1

GENERAL QUESTIONS

1.

Equality. Give reasons why the five matrices in
Example 3 are all different.

. Double subscript notation. If you write the matrix in

Example 2 in the form A = [aj.], what is ag1? a13?

(126? 1,133?

. Sizes. What sizes do the matrices in Examples 1, 2, 3,

and 5 have?

. Main diagonal. What is the main diagonal of A in

Example 1? Of A and B in Example 3?

. Scalar multiplication. If A in Example 2 shows the

number of items sold, what is the matrix B of units sold
if a unit consists of (a) 5 items and (b) 10 items?

. If a 12 X 12 matrix A shows the distances between

12 cities in kilometers, how can you obtain from A the
matrix B showing these distances in miles?

. Addition of vectors. Can you add: A row and

a column vector with different numbers of compo-
nents? With the same number of components? Two
row vectors with the same number of components
but different numbers of zeros? A vector and a
scalar? A vector with four components and a 2 X 2
matrix?

ADDITION AND SCALAR

MULTIPLICATION OF MATRICES

AND VECTORS
Let
0 2 4 0o 5 2
A=|6 5 5|, B=| 5 3 4
1 0 -3 -2 4 =2
s 2 -4 1
c=|-2 4|, D=| 5 0|
10 2 -1

0 2
E=|3 4
3 -1
1.5 -1 =5
u=| 0 |, v=| 3|, w=|—30]|.
-3.0 2 10

Find the following expressions, indicating which of the
rules in (3) or (4) they illustrate, or give reasons why they
are not defined.

8.
9.
10.
11.

12.

13.
14.

15.

16.

17.

18.

19.

2A + 4B, 4B +2A, 0A + B, 04B — 42A

3A, 0.5B, 3A + 0.5B, 3A + 0.5B + C
(4-3)A, 4(3A), 14B — 3B, 11B

8C + 10D, 2(5D + 4C), 0.6C — 0.6D,

0.6(C — D)

(C+D)+E (D+E)+C, 0C—E)+4D,
A - 0C

(2-7C, 2(7C),
(5u + 5v) — 3w,

-D+0E, E-D+C+u
—20(u + v) + 2w,

E—-—(u+v), 10u+v) +w

wa+v)—w, u+((v-—w), C+ 0w,

OE +u-—v

15v — 3w — Ou, —3w + 15v, D — u + 3C,

8.5w — 11.1u + 0.4v

Resultant of forces. If the above vectors u, v, w
represent forces in space, their sum is called their
resultant. Calculate it.

Equilibrium. By definition, forces are in equilibrium
if their resultant is the zero vector. Find a force p such
that the above u, v, w, and p are in equilibrium.

General rules. Prove (3) and (4) for general 2 X 3
matrices and scalars ¢ and k.

crackbitswilp.in
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20. TEAM PROJECT. Matrices for Networks. Matrices

have various engineering applications, as we shall see.
For instance, they can be used to characterize connections
in electrical networks, in nets of roads, in production
processes, etc., as follows.

(a) Nodal Incidence Matrix. The network in Fig. 155
consists of six branches (connections) and four nodes
(points where two or more branches come together).
One node is the reference node (grounded node, whose
voltage is zero). We number the other nodes and
number and direct the branches. This we do arbitrarily.
The network can now be described by a matrix
A = [aj,], where

+1 if branch k leaves node @
aj, = § — 1 if branch & enters node @
0 if branch k does not touch node @

A is called the nodal incidence matrix of the network.
Show that for the network in Fig. 155 the matrix A has
the given form.

Branch 1 2 3 4 5 6

Node @
Node @
Node @

Fig. 155. Network and nodal incidence
matrix in Team Project 20(a)

[ R R
|

O =
|

S =
(e}

(=)

0o -1 -1

(b) Find the nodal incidence matrices of the networks
in Fig. 156.

Fig. 156. Electrical networks in Team Project 20(b)

(c) Sketch the three networks corresponding to the
nodal incidence matrices

1 0 0 1 1 -1 0 0 1
-1 1 0 0} |—1 1 -1 1 0,
0 -1 1 0 0 0 1 -1 0

(d) Mesh Incidence Matrix. A network can also be
characterized by the mesh incidence matrixM = [m ],
where

J’_

—

if branch k is in mesh

and has the same orientation

3
<.
&
I
I
—_—

if branch k is in mesh

and has the opposite orientation

0 if branch k is not in mesh

and a mesh is a loop with no branch in its interior (or
in its exterior). Here, the meshes are numbered and
directed (oriented) in an arbitrary fashion. Show that
for the network in Fig. 157, the matrix M has the given
form, where Row 1 corresponds to mesh 1, etc.

1 1 0o -1 0 0

0 0 0 1 -1 1
M=

0 -1 1 0 1 0

1 0 1 0 0 1

Fig. 157. Network and matrix M in
Team Project 20(d)
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/.2 Matrix Multiplication

DEFINITION

EXAMPLE 1

Matrix multiplication means that one multiplies matrices by matrices. Its definition is
standard but it looks artificial. Thus you have to study matrix multiplication carefully,
multiply a few matrices together for practice until you can understand how to do it. Here
then is the definition. (Motivation follows later.)

Multiplication of a Matrix by a Matrix

The product C = AB (in this order) of an m X n matrix A = [a;] times an » X p
matrix B = [bj;;] is defined if and only if » = n and is then the m X p matrix
C = [¢ji] with entries

n j = 1’ s, m
1 ¢k = D, ajibye = ajbig + ajpboy + -+ + ajnby P
i =1,-,p.

The condition » = n means that the second factor, B, must have as many rows as the first
factor has columns, namely n. A diagram of sizes that shows when matrix multiplication
is possible is as follows:

A B = C
[m X n][nXp] =[mXp].
The entry cji; in (1) is obtained by multiplying each entry in the jth row of A by the

corresponding entry in the kth column of B and then adding these n products. For instance,

Co1 = as1b11 t assbsy + -+ + asy,by1, and so on. One calls this briefly a multiplication
of rows into columns. For n = 3, this is illustrated by

n=3 p=2 p=2
@11 G O3 by, by, ‘i ‘2
. o T g 21 Y22 = %1 ‘2 4
m= m=
@31 @3 Gg3 31 Y3 C31 C32
Q1 Gy 3 a1 a2

Notations in a product AB = C

where we shaded the entries that contribute to the calculation of entry co; just discussed.
Matrix multiplication will be motivated by its use in linear transformations in this
section and more fully in Sec. 7.9.
Let us illustrate the main points of matrix multiplication by some examples. Note that
matrix multiplication also includes multiplying a matrix by a vector, since, after all,
a vector is a special matrix.

Matrix Multiplication

3 5 —1||2 -2 3 1 22 -2 43 42
AB=| 4 0 2015 0 7 8= 26 —16 14 6
-6 -3 2119 —4 1 1 -9 4 =37 -28

Herec;; =3:2+5-5+ (—1)-9 =22,andsoon. Theentry intheboxiscog =43 +0-7+2-1 =14,
The product BA is not defined. |
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EXAMPLE 2

EXAMPLE 3

EXAMPLE 4
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Multiplication of a Matrix and a Vector

4 2|3 4-3+2-5 22 314 2
= = whereas is undefined. [ |
1 8|15 1-3+8:-5 43 5011 8
Products of Row and Column Vectors
1 1 3 6 1
[3 6 1]|2|=[19], 213 6 1]=| 6 12 2 |
4 4 12 24 4

CAUTION! Matrix Multiplication Is Not Commutative, AB # BA in General

This is illustrated by Examples 1 and 2, where one of the two products is not even defined, and by Example 3,
where the two products have different sizes. But it also holds for square matrices. For instance,

1 1|—1 1 0 0 -1 1 1 1 99 99
= but = .
100 100 1 -1 0 0 I —1]]100 100 -99 -99
It is interesting that this also shows that AB = 0 does not necessarily imply BA = 0 or A =0 or B = 0. We

shall discuss this further in Sec. 7.8, along with reasons when this happens. |

Our examples show that in matrix products the order of factors must always be observed
very carefully. Otherwise matrix multiplication satisfies rules similar to those for numbers,
namely.

(a) (kA)B = k(AB) = A(kB) written kAB or AkB

(b) ABC) = (AB)C written ABC
(2

(¢) (A +B)C =AC + BC

(d CA+B)=CA+CB

provided A, B, and C are such that the expressions on the left are defined; here, k is any
scalar. (2b) is called the associative law. (2¢) and (2d) are called the distributive laws.

Since matrix multiplication is a multiplication of rows into columns, we can write the
defining formula (1) more compactly as

3) cji = ajby, j=1,.m k=1,-,p,

where a; is the jth row vector of A and by is the kth column vector of B, so that in
agreement with (1),

b1k
ajbk = [ajl ajg ajn] = ajlblk + ajzbzk + -+ ajnbnk~

bnk



SEC. 7.2 Matrix Multiplication 265

EXAMPLE 5

EXAMPLE 6

Product in Terms of Row and Column Vectors
If A = [aj] is of size 3 X 3 and B = [by] is of size 3 X 4, then

albl albg a1b3 alb4
(4) AB = azbl azbz a2b3 32b4 .

asb; aghby agb; aghy
Takinga; = [3 5 —1],ag=[4 0 2], etc., verify (4) for the product in Example 1. |
Parallel processing of products on the computer is facilitated by a variant of (3) for
computing C = AB, which is used by standard algorithms (such as in Lapack). In this

method, A is used as given, B is taken in terms of its column vectors, and the product is
computed columnwise; thus,

(5) AB = A[bl b2 T bp] = [Abl Abz t Abp]

Columns of B are then assigned to different processors (individually or several to
each processor), which simultaneously compute the columns of the product matrix
Abl, Abz, etc.

Computing Products Columnwise by (5)

To obtain

from (5), calculate the columns

4 1 3 11 4 1|0 4 4 117 34
-5 2=t |-17) [-5  2)l4] [8) |-5 2Jls] |-
of AB and then write them as a single matrix, as shown in the first formula on the right. [ |

Motivation of Multiplication
by Linear Transformations

Let us now motivate the “unnatural” matrix multiplication by its use in linear
transformations. For n = 2 variables these transformations are of the form

y1 = aiix1 t+ aisxs
(6%)
Yo = agix1 t agexs

and suffice to explain the idea. (For general n they will be discussed in Sec. 7.9.) For
instance, (6*) may relate an xixg-coordinate system to a y;ys-coordinate system in the
plane. In vectorial form we can write (6*) as

» ap;n a1z || X1 ayj1xy t ayexs
(6) y = = Ax = = )
Ye agy dgz | | X2 agix1 t agsxs
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Now suppose further that the xxo-system is related to a wyws-system by another linear
transformation, say,

X1 bi1 b2 | |w biiwr + brawy
@) X = = Bw = = .
X3 bo1 b | | wa boiwy + bagwy

Then the y;ys-system is related to the wyws-system indirectly via the xqxo-system, and
we wish to express this relation directly. Substitution will show that this direct relation is
a linear transformation, too, say,

11 12| |w c1iw1 + c1ews
(8) y =Cw = = .
Co1 Co2| | W2 c21w1 t Caawo

Indeed, substituting (7) into (6), we obtain

y1 = a11(byiwy + b1awa) + ara(baywy + bagws)
= (ay1b11 + areba)wy + (a11b12 + ajebaz)we
Y2 = ag1(b1iw1 + brawa) + aga(baiwi + baows)

= (ag1b11 + agebo)w1 + (ag1b12 + asebaz)ws.
Comparing this with (8), we see that
c11 = anbin + areboy C12 = anbiz + aisbas
Co1 = ag1b11 t+ ageboy Cop = ag1big + agabos.

This proves that C = AB with the product defined as in (1). For larger matrix sizes the
idea and result are exactly the same. Only the number of variables changes. We then have
m variables y and n variables x and p variables w. The matrices A, B, and C = AB then
have sizes m X n,n X p, and m X p, respectively. And the requirement that C be the
product AB leads to formula (1) in its general form. This motivates matrix multiplication.

Transposition

We obtain the transpose of a matrix by writing its rows as columns (or equivalently its
columns as rows). This also applies to the transpose of vectors. Thus, a row vector becomes
a column vector and vice versa. In addition, for square matrices, we can also “reflect”
the elements along the main diagonal, that is, interchange entries that are symmetrically
positioned with respect to the main diagonal to obtain the transpose. Hence a5 becomes
asy, azy becomes ag3, and so forth. Example 7 illustrates these ideas. Also note that, if A
is the given matrix, then we denote its transpose by A,

Transposition of Matrices and Vectors
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A little more compactly, we can write

4 30 7 38 1
5 -8 i
=l-8 0 8 —1 5| =|0 -1 -9/,
4 0 0
1 0 1 -9 4 7 5 4

Furthermore, the transpose [6 2 3]T of the row vector [6 2 3] is the column vector

T

6 6
6 2 3]"=|2 Conversely, 21 =[6 2 3] |
3 3
DEFINITION Transposition of Matrices and Vectors

The transpose of an m X n matrix A = [aj] is the n X m matrix A" (read A
transpose) that has the first row of A as its first column, the second row of A as its
second column, and so on. Thus the transpose of A in (2) is Al = [akj], written out

ail  dza ami
T dig dgza ¢ am2

(9) A = [akj] =
L%n  don e Amn,_|

As a special case, transposition converts row vectors to column vectors and conversely.

Transposition gives us a choice in that we can work either with the matrix or its
transpose, whichever is more convenient.
Rules for transposition are

(@) (ADT = A
b A+B"'=A"T+BT

(10)
(c) (cA)" = cAT

(d) (AB)" = BTA".
CAUTION! Note that in (10d) the transposed matrices are in reversed order. We leave

the proofs as an exercise in Probs. 9 and 10.

Special Matrices

Certain kinds of matrices will occur quite frequently in our work, and we now list the
most important ones of them.

Symmetric and Skew-Symmetric Matrices. Transposition gives rise to two useful
classes of matrices. Symmetric matrices are square matrices whose transpose equals the
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EXAMPLE 8

EXAMPLE 9

EXAMPLE 10
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matrix itself. Skew-symmetric matrices are square matrices whose transpose equals

minus the matrix. Both cases are defined in (11) and illustrated by Example 8.

(11) AT =A (thusay = ap), AT =—A (thus a; = —aj, hence a; = 0).
Symmetric Matrix Skew-Symmetric Matrix

Symmetric and Skew-Symmetric Matrices

20 120 200 0 1 -3
A =120 10 150 is symmetric, and B=|-1 0 -2 is skew-symmetric.
200 150 30 3 2 0

For instance, if a company has three building supply centers Cq, Cg, C3, then A could show costs, say, a;; for
handling 1000 bags of cement at center Cj, and aji, (j # k) the cost of shipping 1000 bags from C; to Cy. Clearly,
aji, = ay; if we assume shipping in the opposite direction will cost the same.

Symmetric matrices have several general properties which make them important. This will be seen as we
proceed. [ |

Triangular Matrices. Upper triangular matrices are square matrices that can have nonzero
entries only on and above the main diagonal, whereas any entry below the diagonal must be
zero. Similarly, lower triangular matrices can have nonzero entries only on and below the
main diagonal. Any entry on the main diagonal of a triangular matrix may be zero or not.

Upper and Lower Triangular Matrices

w

1 4 2 2 0 0
1 3 9 -3 0 0
, 1o 3 2 |, 8 —1 01, . [ |
0 2 1 0 2 0
0 0 6 7 6 8
1 9 3 6
Upper triangular Lower triangular

Diagonal Matrices. These are square matrices that can have nonzero entries only on
the main diagonal. Any entry above or below the main diagonal must be zero.

If all the diagonal entries of a diagonal matrix S are equal, say, ¢, we call S a scalar
matrix because multiplication of any square matrix A of the same size by S has the same
effect as the multiplication by a scalar, that is,

(12) AS = SA = cA.

In particular, a scalar matrix, whose entries on the main diagonal are all 1, is called a unit
matrix (or identity matrix) and is denoted by I,, or simply by L. For I, formula (12) becomes

(13) AL =1A = A.

Diagonal Matrix D. Scalar Matrix S. Unit Matrix |
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Some Applications of Matrix Multiplication

Computer Production. Matrix Times Matrix

Supercomp Ltd produces two computer models PC1086 and PC1186. The matrix A shows the cost per computer
(in thousands of dollars) and B the production figures for the year 2010 (in multiples of 10,000 units.) Find a
matrix C that shows the shareholders the cost per quarter (in millions of dollars) for raw material, labor, and
miscellaneous.

Quarter
PC1086 PCI1186 1 2 3 4
1.2 1.6 | Raw Components
3 8 6 9| PCl086
A=]03 0.4 | Labor B=
6 2 4 3| PCl1186
0.5 0.6 | Miscellaneous
Solution.
Quarter

1 2 3 4

132 12.8 13.6 15.6| Raw Components
C=AB=| 33 32 34 39| Labor
51 52 54 6.3 Miscellaneous

Since cost is given in multiples of $1000 and production in multiples of 10,000 units, the entries of C are
multiples of $10 millions; thus ¢;; = 13.2 means $132 million, etc. |

Weight Watching. Matrix Times Vector

Suppose that in a weight-watching program, a person of 185 1b burns 350 cal/hr in walking (3 mph), 500 in
bicycling (13 mph), and 950 in jogging (5.5 mph). Bill, weighing 185 Ib, plans to exercise according to the
matrix shown. Verify the calculations (W = Walking, B = Bicycling, ] = Jogging).

w B J
MON |10 0 0.5 825| MON
350
WED |10 10 05 1325 | WED
500 | =
FRI 15 0 0.5 1000 | FRI
950
SAT |20 1.5 1.0 2400 | SAT |

Markov Process. Powers of a Matrix. Stochastic Matrix
Suppose that the 2004 state of land use in a city of 60 miZ of built-up area is
C: Commercially Used 25%

I: Industrially Used 20% R: Residentially Used 55%.

Find the states in 2009, 2014, and 2019, assuming that the transition probabilities for 5-year intervals are given
by the matrix A and remain practically the same over the time considered.

From C FromI From R

0.7 0.1 0 To C
A=]02 0.9 0.2 Tol
0.1 0 0.8 ToR

Iitswilp.in
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A is a stochastic matrix, that is, a square matrix with all entries nonnegative and all column sums equal to 1.
Our example concerns a Markov process,! that is, a process for which the probability of entering a certain state
depends only on the last state occupied (and the matrix A), not on any earlier state.

Solution. From the matrix A and the 2004 state we can compute the 2009 state,
C 07-25+01-20+0 -55 07 01 0 25 19.5
1 02:-25+09-20+02-55|={02 09 0.2|]|20|=]|34.0|.

R 0.1-25+ 0-20+0.8-55 01 0 08]|55 46.5

To explain: The 2009 figure for C equals 25% times the probability 0.7 that C goes into C, plus 20% times the
probability 0.1 that I goes into C, plus 55% times the probability O that R goes into C. Together,

25-07+20-0.1+55-0=195[%]. Also 25-02+20-09+55-02=34([%].
Similarly, the new R is 46.5%. We see that the 2009 state vector is the column vector
y=1[195 340 465]"=Ax=A[25 20 55]"

where the column vector x = [25 20 55]" is the given 2004 state vector. Note that the sum of the entries of
y is 100 [ %]. Similarly, you may verify that for 2014 and 2019 we get the state vectors

z=Ay = A(Ax) = A’ = [17.05 43.80 39.15]"

u=Az = A%y = A% = [16.315 50.660 33.025]".
Answer. In 2009 the commercial area will be 19.5% (11.7 miz), the industrial 34% (20.4 miz), and the
residential 46.5% (27.9 miZ). For 2014 the corresponding figures are 17.05%, 43.80%, and 39.15%. For 2019

they are 16.315%, 50.660%, and 33.025%. (In Sec. 8.2 we shall see what happens in the limit, assuming that
those probabilities remain the same. In the meantime, can you experiment or guess?) [ |

PROBLEM SET 7.2

GENERAL QUESTIONS 8. Nilpotent matrix, defined by B™ = 0 for some 7.

1.

. Square matrix. What form does a 3 X 3 matrix have

Multiplication. Why is multiplication of matrices Can you find three 2 X 2 nilpotent matrices?

restricted by conditions on the factors? 9. Transposition. Can you prove (10a)—(10c) for 3 X 3
matrices? For m X n matrices?

if it is symmetric as well as skew-symmetric? 10. Transposition. (a) Ilustrate (10d) by simple examples.
(b) Prove (10d).

3. Product of vectors. Can every 3 X 3 matrix be
represented by two vectors as in Example 3? MULTIPLICATION, ADDITION, AND
4. Skew-symmetric matrix. How many different entries TRANSPOSITION OF MATRICES AND
can a 4 X 4 skew-symmetric matrix have? An n X n VECTORS
skew-symmetric matrix? Let
. Same questions as in Prob. 4 for symmetric matrices. 4 2 3 | =3 0
6. Triangular matrix. If Uy, U, are upper triangular and
L1, Ly are lower triangular, which of the following are A=1-2 1 6] B=|-3 1 0
triangular? | 9 0 0 -2
U+ Uz, U, UF, Uy + Ly, Uy, 0 1 3
L; + L,
. . 9 . C=| 3 2|, a=[1 -2 0], b=| 1
7. Idempotent matrix, defined by A* = A. Can you find
four 2 X 2 idempotent matrices? -2 0 -1

ANDREI ANDREJEVITCH MARKOV (1856-1922), Russian mathematician, known for his work in
probability theory.
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Showing all intermediate results, calculate the following

expressions or give reasons why they are undefined:

11. AB, AB", BA, B'A

12. AA", A% BB, B?

13. CC", BC, CB, C'B

14. 3A — 2B, (3A —2B)", 3A" —2B',

(GA — 2B)"a"

15. Aa, Aa', (Ab)', b'AT

16. BC, BC', Bb, b'B

17. ABC, ABa, ABb, Ca'

18. ab, ba, aA, Bb

19. 1.5a + 3.0b, 15a" + 3.0b, (A — B)b, Ab — Bb

20. b'Ab, aBa', aCC', C'ba

21. Generalrules. Prove (2)for2 X 2matrices A = [a;p],
B = [bj], C = [¢ji], and a general scalar.

22. Product. Write AB in Prob. 11 in terms of row and
column vectors.

23. Product. Calculate AB in Prob. 11 columnwise. See
Example 1.

24. Commutativity. Find all 2 X 2 matrices A = [a;;]
that commute with B = [b;;.], where by, = j + k.

25. TEAM PROJECT. Symmetric and Skew-Symmetric
Matrices. These matrices occur quite frequently in
applications, so it is worthwhile to study some of their
most important properties.

(a) Verify the claims in (11) that ay; = aj, for a
symmetric matrix, and ay; = —aj, for a skew-
symmetric matrix. Give examples.

(b) Show that for every square matrix C the matrix
C + CTis symmetric and C — C" is skew-symmetric.
Write C in the form C = S + T, where S is symmetric
and T is skew-symmetric and find S and T in terms
of C. Represent A and B in Probs. 11-20 in this form.
(¢) A linear combination of matrices A, B, C,---, M
of the same size is an expression of the form

(14) aA + bB + ¢C + --- + mM,

where a,---, m are any scalars. Show that if these
matrices are square and symmetric, so is (14); similarly,
if they are skew-symmetric, so is (14).

(d) Show that AB with symmetric A and B is symmetric
if and only if A and B commute, that is, AB = BA.

(e) Under what condition is the product of skew-
symmetric matrices skew-symmetric?

26-30 | FURTHER APPLICATIONS

26. Production. In a production process, let N mean “no
trouble” and T “trouble.” Let the transition probabilities
from one day to the next be 0.8 for N — N, hence 0.2
for N — T,and 0.5 forT — N, hence 0.5 forT — T.

27.

28.

29.

30.
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If today there is no trouble, what is the probability of
N two days after today? Three days after today?

CAS Experiment. Markov Process. Write a program
for a Markov process. Use it to calculate further steps
in Example 13 of the text. Experiment with other
stochastic 3 X 3 matrices, also using different starting
values.

Concert subscription. In a community of 100,000
adults, subscribers to a concert series tend to renew their
subscription with probability 90% and persons presently
not subscribing will subscribe for the next season with
probability 0.2%. If the present number of subscribers
is 1200, can one predict an increase, decrease, or no
change over each of the next three seasons?

Profit vector. Two factory outlets F'; and Fy in New
York and Los Angeles sell sofas (S), chairs (C), and
tables (T) with a profit of $35, $62, and $30, respectively.
Let the sales in a certain week be given by the matrix

S C T
400 60 240 F
A=
100 120 500| Fy

Introduce a “profit vector” p such that the components
of v = Ap give the total profits of F; and Fs.
TEAM PROJECT. Special Linear Transformations.
Rotations have various applications. We show in this
project how they can be handled by matrices.

(a) Rotation in the plane. Show that the linear
transformation y = Ax with

cosf —sinf X1 1
, X = >, Y=
sin 0 cos 6 Xg Yo
is a counterclockwise rotation of the Cartesian x1xo-

coordinate system in the plane about the origin, where
0 is the angle of rotation.

(b) Rotation through n6. Show that in (a)

A=

A" =

cosnfl  —sin nf
sin n6 cos n

Is this plausible? Explain this in words.

(c) Addition formulas for cosine and sine. By
geometry we should have

cosa —sina|[cosB —sinf
sin « cosa || sin B cos B
{cos (@+B) —sin(a+p)

sin (@ + B) cos (a + B)

Derive from this the addition formulas (6) in App. A3.1.
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(d) Computer graphics. To visualize a three-
dimensional object with plane faces (e.g., a cube), we
may store the position vectors of the vertices with
respect to a suitable xqxox3-coordinate system (and a
list of the connecting edges) and then obtain a two-
dimensional image on a video screen by projecting
the object onto a coordinate plane, for instance, onto
the xixo-plane by setting x3 = 0. To change the
appearance of the image, we can impose a linear
transformation on the position vectors stored. Show
that a diagonal matrix D with main diagonal entries 3,
1, & gives from an x = [x;] the new position vector
y = Dx, where y; = 3x; (stretch in the xq-direction
by a factor 3), yo = xo (unchanged), y3 = %xg (con-
traction in the x 3-direction). What effect would a scalar
matrix have?

(e) Rotationsinspace. Explainy = Ax geometrically
when A is one of the three matrices

1 0 0
0 cosf —sinf |,
0 sin 6 cos 0

cos ¢ 0 —sing cosyy —sinys 0
0 1 0 , | sing cos 0.
sin ¢ 0 cos ¢ 0 0 1

What effect would these transformations have in situations
such as that described in (d)?

/.3 Linear Systems of Equations.

Gauss Elimination

We now come to one of the most important use of matrices, that is, using matrices to
solve systems of linear equations. We showed informally, in Example 1 of Sec. 7.1, how
to represent the information contained in a system of linear equations by a matrix, called
the augmented matrix. This matrix will then be used in solving the linear system of
equations. Our approach to solving linear systems is called the Gauss elimination method.
Since this method is so fundamental to linear algebra, the student should be alert.

A shorter term for systems of linear equations is just linear systems. Linear systems
model many applications in engineering, economics, statistics, and many other areas.
Electrical networks, traffic flow, and commodity markets may serve as specific examples
of applications.

Linear System, Coefficient Matrix, Augmented Matrix

A linear system of m equations in n unknowns x1,---, x,, is a set of equations of
the form
ay1Xy SO0 A Xy = bl
agi1Xy AF oo FF AonXy = bz
@
amrxy + F @gpden = B

The system is called linear because each variable x; appears in the first power only, just
as in the equation of a straight line. a1, * * -, any, are given numbers, called the coefficients
of the system. by, - - -, by, on the right are also given numbers. If all the b; are zero, then
(1) is called a homogeneous system. If at least one b; is not zero, then (1) is called a
nonhomogeneous system.
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A solution of (1) is a set of numbers xq,---, x,, that satisfies all the m equations.
A solution vector of (1) is a vector x whose components form a solution of (1). If the
system (1) is homogeneous, it always has at least the trivial solutionx; = 0,---, x,, = 0.

Matrix Form of the Linear System (1).

From the definition of matrix multiplication

we see that the m equations of (1) may be written as a single vector equation

2

Ax

=b

where the coefficient matrix A = [aj,] is the m X n matrix

— - X1
ail aia ain
by
agzy a2 Agy,
A= , and x = and b =
b,
L 9m1  dm2 Amn_|
Xn

are column vectors. We assume that the coefficients aj, are not all zero, so that A is
not a zero matrix. Note that x has n components, whereas b has m components. The
matrix

ary ay, ' by

>
Il

am1

is called the augmented matrix of the system (1). The dashed vertical line could be
omitted, as we shall do later. It is merely a reminder that the last column of A did not
come from matrix A but came from vector b. Thus, we augmented the matrix A.

Note that the augmented matrix A determines the system (1) completely because it
contains all the given numbers appearing in (1).

Geometric Interpretation. Existence and Uniqueness of Solutions

If m = n = 2, we have two equations in two unknowns x1, Xo

ajx1 + aiexg = by
asix1 + asgxo = bo.
If we interpret x1, xo as coordinates in the xjxo-plane, then each of the two equations represents a straight line,

and (x1, xg) is a solution if and only if the point P with coordinates x1, x5 lies on both lines. Hence there are
three possible cases (see Fig. 158 on next page):

(a) Precisely one solution if the lines intersect
(b) Infinitely many solutions if the lines coincide

(¢) No solution if the lines are parallel
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No solution

Fig. 158. Three
equations in
three unknowns
interpreted as
planes in space
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For instance,

xp+x,=1 xp+x,=1 X +x,=1
2x1-x,=0 201+ 2x, =2 X +x,=0
Case (a) Case (b) Case (¢)
X2 X2 X2
% I g P
|
% 1 X 1 X 1 X

If the system is homogenous, Case (c) cannot happen, because then those two straight lines pass through the
origin, whose coordinates (0, 0) constitute the trivial solution. Similarly, our present discussion can be extended
from two equations in two unknowns to three equations in three unknowns. We give the geometric interpretation
of three possible cases concerning solutions in Fig. 158. Instead of straight lines we have planes and the solution
depends on the positioning of these planes in space relative to each other. The student may wish to come up
with some specific examples. [ |

Our simple example illustrated that a system (1) may have no solution. This leads to such
questions as: Does a given system (1) have a solution? Under what conditions does it have
precisely one solution? If it has more than one solution, how can we characterize the set
of all solutions? We shall consider such questions in Sec. 7.5.

First, however, let us discuss an important systematic method for solving linear systems.

Gauss Elimination and Back Substitution

The Gauss elimination method can be motivated as follows. Consider a linear system that
is in triangular form (in full, upper triangular form) such as

2x1 + 5)(,'2 = 2

13xy = —26

(Triangular means that all the nonzero entries of the corresponding coefficient matrix lie
above the diagonal and form an upside-down 90° triangle.) Then we can solve the system
by back substitution, that is, we solve the last equation for the variable, xo = —26/13 = —2,
and then work backward, substituting xo = —2 into the first equation and solving it for x1,
obtaining x| = %(2 — Sx9) = %(2 — 5+ (—2)) = 6. This gives us the idea of first reducing
a general system to triangular form. For instance, let the given system be

2 2 5 2
Its augmented matrix is .
—4xy + 3x9 = —30. —4 3 30

2.X]_ + 5.X2

We leave the first equation as it is. We eliminate x; from the second equation, to get a
triangular system. For this we add twice the first equation to the second, and we do the same

crackbitswilp.in
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EXAMPLE 2

operation on the rows of the augmented matrix. This gives —4x; + 4x; + 3x9 + 10xo =
=30 + 2 - 2, that is,

2xq + 5x 2 2 5 2

13x9 = —26 Row?2 +2Row 1 |0 13 =26

where Row 2 + 2 Row | means “Add twice Row 1 to Row 2" in the original matrix. This
is the Gauss elimination (for 2 equations in 2 unknowns) giving the triangular form, from
which back substitution now yields xo = —2 and x; = 6, as before.

Since a linear system is completely determined by its augmented matrix, Gauss
elimination can be done by merely considering the matrices, as we have just indicated.
We do this again in the next example, emphasizing the matrices by writing them first and
the equations behind them, just as a help in order not to lose track.

Gauss Elimination. Electrical Network

Solve the linear system

X1 — x99+ x3= 0
—x1+ x2— x3= 0
10x9 + 25x3 = 90

20x7 + 10x5 = 80.

Derivation from the circuit in Fig. 159 (Optional). This is the system for the unknown currents
X1 = i1, X9 = ig, X3 = i3 in the electrical network in Fig. 159. To obtain it, we label the currents as shown,
choosing directions arbitrarily; if a current will come out negative, this will simply mean that the current flows
against the direction of our arrow. The current entering each battery will be the same as the current leaving it.
The equations for the currents result from Kirchhoff’s laws:

Kirchhoff’s Current Law (KCL). At any point of a circuit, the sum of the inflowing currents equals the sum
of the outflowing currents.

Kirchhoff’s Voltage Law (KVL). In any closed loop, the sum of all voltage drops equals the impressed
electromotive force.

Node P gives the first equation, node Q the second, the right loop the third, and the left loop the fourth, as
indicated in the figure.

20Q 10Q . . .
Q Node P: ip— i+ i3= 0
i ig
Node Q: i+ i,— iy= 0
80 Vl §10 Q l 0V

. Right loop: 10i2 + 25i3 =90

]
P 150 Left loop: ~ 20i, + 10z, =80

Fig. 159. Network in Example 2 and equations relating the currents

Solution by Gauss Elimination. This system could be solved rather quickly by noticing its particular
form. But this is not the point. The point is that the Gauss elimination is systematic and will work in general,
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also for large systems. We apply it to our system and then do back substitution. As indicated, let us write the
augmented matrix of the system first and then the system itself:

Augmented Matrix A Equations
Pivot | ——— -1 1 1 0 Pivot | —— X1)— xg+ x3= 0
@ l vt
=1l 1 -1 | 0 —X1 + X9 — X3 = 0
|
Eliminate ——> 0O 10 25 1 90 Eliminate ——> 10x9 + 25x3 = 90
|
20| 10 0 ' 80 20x4| + 10x9o = 80.

Step 1. Elimination of x,
Call the first row of A the pivot row and the first equation the pivot equation. Call the coefficient 1 of its
x1-term the pivot in this step. Use this equation to eliminate x; (get rid of x1) in the other equations. For this, do:

Add 1 times the pivot equation to the second equation.
Add —20 times the pivot equation to the fourth equation.

This corresponds to row operations on the augmented matrix as indicated in BLUE behind the new matrix in
(3). So the operations are performed on the preceding matrix. The result is

1 -1 1 : 0 X1 — X9 + X3 = 0
0 0 0 | 0| Row2+Rowl 0= 0
3 !
0 10 25 : 90 10x9 + 25x3 = 90
|
0 30 -20 1 80 Row 4 — 20 Row 1 30xg — 20x3 = 80.

Step 2. Elimination of x5

The first equation remains as it is. We want the new second equation to serve as the next pivot equation. But
since it has no x,-term (in fact, it is 0 = 0), we must first change the order of the equations and the corresponding
rows of the new matrix. We put 0 = 0 at the end and move the third equation and the fourth equation one place
up. This is called partial pivoting (as opposed to the rarely used total pivoting, in which the order of the
unknowns is also changed). It gives

1 -1 ) ) x1— Xxot+ x3= 0
I
Pivot 10 ——— | 0 10 25 1 90 Pivot 10 ————— {10xg )+ 25x3 = 90
@ :
Eliminate 30 — —20 ! Eliminate 30xg ——> 20x3 =
iminate 3 0 0 | 80 iminate 30xo Oxz = 80
0 0 o' o 0= 0.
To eliminate x», do:
Add —3 times the pivot equation to the third equation.
The result is
1 -1 1 | 0 X1 — X9 + X3 = 0
|
0 10 25 | 90 10xg + 25x3 = 90
“ !
0 0 -95 : —190 Row 3 — 3 Row 2 — 95x3 = —190
0 0 0 ! 0 0= 0.

Back Substitution. Determination of xs3, xs, x1 (in this order)
Working backward from the last to the first equation of this “triangular” system (4), we can now readily find
X3, then xo, and then xq:

— 95x3 = —190 x3 =iy =2[A]
10xg + 25x5 = 90 xo = 1590 — 25x3) = ip = 4 [A]
X1 — x99+ x3= 0 X1 =xg —x3=1i; =2[A]

where A stands for “amperes.” This is the answer to our problem. The solution is unique. [ |
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THEOREM 1

Elementary Row Operations. Row-Equivalent Systems

Example 2 illustrates the operations of the Gauss elimination. These are the first two of
three operations, which are called

Elementary Row Operations for Matrices:

Interchange of two rows
Addition of a constant multiple of one row to another row

Multiplication of a row by a nonzero constant ¢

CAUTION! These operations are for rows, not for columns! They correspond to the
following

Elementary Operations for Equations:

Interchange of two equations
Addition of a constant multiple of one equation to another equation

Multiplication of an equation by a nonzero constant ¢

Clearly, the interchange of two equations does not alter the solution set. Neither does their
addition because we can undo it by a corresponding subtraction. Similarly for their
multiplication, which we can undo by multiplying the new equation by 1/c¢ (since ¢ # 0),
producing the original equation.

We now call a linear system S; row-equivalent to a linear system Sy if S can be
obtained from Sy by (finitely many!) row operations. This justifies Gauss elimination and
establishes the following result.

Row-Equivalent Systems

Row-equivalent linear systems have the same set of solutions.

Because of this theorem, systems having the same solution sets are often called
equivalent systems. But note well that we are dealing with row operations. No column
operations on the augmented matrix are permitted in this context because they would
generally alter the solution set.

A linear system (1) is called overdetermined if it has more equations than unknowns,
as in Example 2, determined if m = n, as in Example 1, and underdetermined if it has
fewer equations than unknowns.

Furthermore, a system (1) is called consistent if it has at least one solution (thus, one
solution or infinitely many solutions), but inconsistent if it has no solutions at all, as
x1 + x9 =1,x1 + xo = 0 in Example 1, Case (c).

Gauss Elimination: The Three Possible
Cases of Systems

We have seen, in Example 2, that Gauss elimination can solve linear systems that have a
unique solution. This leaves us to apply Gauss elimination to a system with infinitely
many solutions (in Example 3) and one with no solution (in Example 4).
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Gauss Elimination if Infinitely Many Solutions Exist

Solve the following linear system of three equations in four unknowns whose augmented matrix is

30 20 20 -50 | 80 + 2.0x5 + 2.0x3 — 5.0x4 = 8.0
|

) 06 15 1.5 —54 1| 27| Thus, [0.6xy|+ 1.5xp + 1.5x5 — S.4xg = 2.7
|

12 —-03 —03 24 1 21 1.2x1| — 0.3x9 — 0.3x3 + 2.4x4 = 2.1.

Solution. As in the previous example, we circle pivots and box terms of equations and corresponding
entries to be eliminated. We indicate the operations in terms of equations and operate on both equations and
matrices.

Step 1. Elimination of x, from the second and third equations by adding

—0.6/3.0 = —0.2 times the first equation to the second equation,

—1.2/3.0 = —0.4 times the first equation to the third equation.

This gives the following, in which the pivot of the next step is circled.

3.0 2.0 20 =50 8.0 3.0x; + 2.0xg + 2.0x3 — 5.0x4 = 8.0

|
|
©6) |0 1.1 1.1 —441 11| Row2 — 0.2Row I l.1xg)+ 1.1xg — 44x4a = 1.1
|
I —1.1| Row3 — 0.4 Row 1 Flig|— 1ix + 440 = —11.

Step 2. Elimination of x5 from the third equation of (6) by adding

0 -1.1 11 4.4

1.1/1.1 = 1 times the second equation to the third equation.

This gives
30 20 20 —-50 ! 80 3.0x7 + 2.0x9 + 2.0x3 — 5.0x4 = 8.0
I
7 0 1.1 1.1 —44 1 11 l.lxg + 1.1x3 — 4.4x4 = 1.1
I
0 0 0 0 o Row 3 + Row 2 0=0.
Back Substitution. From the second equation, xo = 1 — x5 + 4x4. From this and the first equation,

X1 = 2 — x4. Since xg and x4 remain arbitrary, we have infinitely many solutions. If we choose a value of xg
and a value of x4, then the corresponding values of x; and xg are uniquely determined.

On Notation. If unknowns remain arbitrary, it is also customary to denote them by other letters 71, fo, - - .
In this example we may thus write x; = 2 — x4 =2 — f9,x9 = | —x3 + 4xq = 1 — 11 + 419, x3 = 11 (first
arbitrary unknown), x4 = 9 (second arbitrary unknown). [ |

Gauss Elimination if no Solution Exists

What will happen if we apply the Gauss elimination to a linear system that has no solution? The answer is that
in this case the method will show this fact by producing a contradiction. For instance, consider

3 2 1 1 3 3x1)+ 2x9 + x3 =3
|

2 1 I 10 2x1|+ x9+ x3=0
|

6 2 4 1 6 6x1|+ 2xg + 4x3 = 6.

Step 1. Elimination of x1 from the second and third equations by adding

—% times the first equation to the second equation,

7% = —2 times the first equation to the third equation.



SEC. 7.3 Linear Systems of Equations. Gauss Elimination 279

This gives
3 2 1 : 3 3x1 + 2xg + x3= 3
0o -3 1 : —2| Row2 —ZRow I + lxg=—2
0 -2 2 ! 0] Row3—2Row I [ 2xg]+ 203 = 0.
Step 2. Elimination of x5 from the third equation gives
3 2 1 1 3 3x1 + 2x9 + x3 = 3
I et hy = 2
0 0 0 : 12| Row 3 — 6 Row 2 0= 12
The false statement 0 = 12 shows that the system has no solution. |

Row Echelon Form and Information From It

At the end of the Gauss elimination the form of the coefficient matrix, the augmented
matrix, and the system itself are called the row echelon form. In it, rows of zeros, if
present, are the last rows, and, in each nonzero row, the leftmost nonzero entry is farther
to the right than in the previous row. For instance, in Example 4 the coefficient matrix
and its augmented in row echelon form are

302 1 3021 103
(8) o -3 & and o -3 1 | —2f
|
0 0 0 0 0 0 ! 12

Note that we do not require that the leftmost nonzero entries be 1 since this would have
no theoretic or numeric advantage. (The so-called reduced echelon form, in which those
entries are 1, will be discussed in Sec. 7.8.)

The original system of m equations in n unknowns has augmented matrix [A|b]. This
is to be row reduced to matrix [RIf ]. The two systems Ax = b and Rx = f are equivalent:
if either one has a solution, so does the other, and the solutions are identical.

At the end of the Gauss elimination (before the back substitution), the row echelon form
of the augmented matrix will be

rlni 1
"2n }fz
. I
© o | 1
F el
P
L
L fn

Here, r = m, r;1 # 0, and all entries in the blue triangle and blue rectangle are zero.

The number of nonzero rows, r, in the row-reduced coefficient matrix R is called the
rank of R and also the rank of A. Here is the method for determining whether Ax = b
has solutions and what they are:

(a) No solution. If r is less than m (meaning that R actually has at least one row of
all 0s) and at least one of the numbers f, . 1, fy+9,* * *, fi, 18 NOt zero, then the system
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Rx = f is inconsistent: No solution is possible. Therefore the system Ax = b is
inconsistent as well. See Example 4, where r = 2 < m = 3 and f,..1 = f3 = 12.

If the system is consistent (either » = m, or r < m and all the numbers fy1 1, fr+9," ", fim

are zero), then there are solutions.

(b) Unique solution. If the system is consistent and r = n, there is exactly one
solution, which can be found by back substitution. See Example 2, where r = n = 3

Infinitely many solutions. To obtain any of these solutions, choose values of

Xy41,°° ", Xy arbitrarily. Then solve the rth equation for x, (in terms of those
arbitrary values), then the (» — 1)st equation for x,_1, and so on up the line. See

and m = 4.
()
Example 3.
Orientation.

Gauss elimination is reasonable in computing time and storage demand.

We shall consider those aspects in Sec. 20.1 in the chapter on numeric linear algebra.
Section 7.4 develops fundamental concepts of linear algebra such as linear independence
and rank of a matrix. These in turn will be used in Sec. 7.5 to fully characterize the
behavior of linear systems in terms of existence and uniqueness of solutions.

GAUSS ELIMINATION

Solve the linear system given explicitly or by its augmented
matrix. Show details.

1. 4x—6y=—11 2.[30 -05 06
“3x+8 = 10 [1.5 45 6.01
3. x+y—z=9 4l 4 1 0 4
8y + 6z= -6 5 -3 1 2
—2x + 4y — 6z = 40 9 2 -1 s
s.[13 12 -6 6. 4 -8 3 16
-4 7 -73 -1 2 -5 -21
1 -3 157 3 -6 1 7
205 4 1 o] 8 4y + 37 =8
-1 1 -2 0 z N
4 0 6 3x + 2y =5
9. —2y —2z=-8 10. 5 =7 3 17
3x +4y — 5z =13 -15 21 -9 50
imwfo s 5 -10 o
2 -3 -3 6 2
4 1 1 -2 4

13.

14.

15.

PROBLEM SET 7.3

2 =2 4 0 0
-3 3 -6 5 15
1 -1 2 0 0
10x+ 4y — 2z=—4
=Bw—17x+ y+ 2z= 2
w+ x+ y = 6
8w — 34x + 16y — 10z = 4
2 3 1 —11 1
5 -2 5 —4 5
1 -1 3 -3 3
3 4 =7 2 =7
Equivalence relation. By definition, an equivalence

relation on a set is a relation satisfying three conditions:
(named as indicated)
(i) Each element A of the set is equivalent to itself

(Reflexivity).

(i) If A is equivalent to B, then B is equivalent to A
(Symmetry).

(iii) If A is equivalent to B and B is equivalent to C,
then A is equivalent to C (Transitivity).

Show that row equivalence of matrices satisfies these

three conditions. Hint. Show that for each of the three

elementary row operations these conditions hold.

crackbitswilp.in
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16.

CAS PROJECT. Gauss Elimination and Back
Substitution. Write a program for Gauss elimination
and back substitution (a) that does not include pivoting
and (b) that does include pivoting. Apply the programs
to Probs. 11-14 and to some larger systems of your
choice.

17-21| MODELS OF NETWORKS

In Probs. 17-19, using Kirchhoff’s laws (see Example 2)
and showing the details, find the currents:

17.

18.

19.

20.

21.

16V
1] =
2Q 29§
1Q
2 |
4Q 3 I,
'_
32V
49% 120 BQé
12vT ¢24v
T :
I I
I I3
I
E VT-.‘ R Q§
0 R, Q ?

Wheatstone bridge. Show that if R,/R3 = Ry/Rs in
the figure, then / = 0. (Rq is the resistance of the
instrument by which 7 is measured.) This bridge is a
method for determining R,. Ry, Ro, R3 are known. Rg
is variable. To get R, make / = 0 by varying Rs. Then
calculate R, = R3R1/Rs.

I
|I
Wheatstone bridge
Problem 20

Net of one-way streets

Problem 21

Traffic flow. Methods of electrical circuit analysis
have applications to other fields. For instance, applying

400 800
X1
600 800
x4 x2
1000 X3 1200
600 1000

22.

23.

24.
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the analog of Kirchhoff’s Current Law, find the traffic
flow (cars per hour) in the net of one-way streets (in
the directions indicated by the arrows) shown in the
figure. Is the solution unique?

Models of markets. Determine the equilibrium
solution (D7 = S1, Dy = S2) of the two-commodity
market with linear model (D, S, P = demand, supply,
price; index 1 = first commodity, index 2 = second
commodity)

Dy =40 — 2P, — P, Sy =4P — P+ 4

D2:5P1_2P2+16, S2:3P2_4.

Balancing a chemical equation x;C3Hg + x505 —
x3C09 + x4H50 means finding integer x1, X9, X3, X4
such that the numbers of atoms of carbon (C), hydrogen
(H), and oxygen (O) are the same on both sides of this
reaction, in which propane C3Hg and O give carbon
dioxide and water. Find the smallest positive integers

X1, "7, X4,

PROJECT. Elementary Matrices. The idea is that
elementary operations can be accomplished by matrix
multiplication. If A is an m X n matrix on which we
want to do an elementary operation, then there is a
matrix E such that EA is the new matrix after the
operation. Such an E is called an elementary matrix.
This idea can be helpful, for instance, in the design
of algorithms. (Computationally, it is generally prefer-
able to do row operations directly, rather than by
multiplication by E.)

(a) Show that the following are elementary matrices,
for interchanging Rows 2 and 3, for adding —5 times
the first row to the third, and for multiplying the fourth
row by 8.

1 0 0 0
00 1 0
E, = ,
01 0 0
L 00 0 1
1 0 0 0]
01 0 0
E2: s
-5 0 1 0
L 00 0 1
1 0 0 0]
01 0 0
E3:
00 1 0
| 00 0 8



282

CHAP. 7 Linear Algebra: Matrices, Vectors, Determinants. Linear Systems
Apply E1, Es, E3 to a vector and to a 4 X 3 matrix of unit matrix. Prove that if M is obtained from A by an
your choice. Find B = E3E;E; A, where A = [aj;.] is elementary row operation, then
the general 4 X 2 matrix. Is Bequal to C = E{EsE3A? M = EA,
(b) Conclude that Eq, Eo, E3 are obtained by doing where E is obtained from the n X n unit matrix 1,, by
the corresponding elementary operations on the 4 X 4 the same row operation.

/.4 Linear Independence. Rank of a Matrix.

Vector Space

Since our next goal is to fully characterize the behavior of linear systems in terms
of existence and uniqueness of solutions (Sec. 7.5), we have to introduce new
fundamental linear algebraic concepts that will aid us in doing so. Foremost among
these are linear independence and the rank of a matrix. Keep in mind that these
concepts are intimately linked with the important Gauss elimination method and how
it works.

Linear Independence and Dependence of Vectors

Given any set of m vectors acyy, * * -, 8¢y, (With the same number of components), a linear
combination of these vectors is an expression of the form

aaag) t ceag + - T+ oA
where ¢, ¢9, -, ¢y, are any scalars. Now consider the equation
@ aag t cag t o+ cpam = 0.

Clearly, this vector equation (1) holds if we choose all ¢;’s zero, because then it becomes
0 = 0. If this is the only m-tuple of scalars for which (1) holds, then our vectors
a1y, ", Agyy are said to form a linearly independent set or, more briefly, we call them
linearly independent. Otherwise, if (1) also holds with scalars not all zero, we call these
vectors linearly dependent. This means that we can express at least one of the vectors
as a linear combination of the other vectors. For instance, if (1) holds with, say,
c1 # 0, we can solve (1) for ayy:

aag) = kza(z) + -0+ kma(m) where kj = _Cj/Cl.

(Some k;’s may be zero. Or even all of them, namely, if a¢;y = 0.)

Why is linear independence important? Well, if a set of vectors is linearly
dependent, then we can get rid of at least one or perhaps more of the vectors until we
get a linearly independent set. This set is then the smallest “truly essential” set with
which we can work. Thus, we cannot express any of the vectors, of this set, linearly
in terms of the others.
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EXAMPLE 1

DEFINITION

EXAMPLE 2

THEOREM 1
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Linear Independence and Dependence

The three vectors

ag) = [ 3 0 2 21
ag =[—6 42 24  54]
—21 0

ag =[21 —15]

are linearly dependent because
1 —
6ac) — 3a¢) — ag = 0.
Although this is easily checked by vector arithmetic (do it!), it is not so easy to discover. However, a systematic
method for finding out about linear independence and dependence follows below.

The first two of the three vectors are linearly independent because cjac;) + caaey = 0 implies ca = 0 (from
the second components) and then ¢; = 0 (from any other component of a).

Rank of a Matrix

The rank of a matrix A is the maximum number of linearly independent row vectors
of A. It is denoted by rank A.

Our further discussion will show that the rank of a matrix is an important key concept for
understanding general properties of matrices and linear systems of equations.

Rank
The matrix

3 0 2 2
2) A=|-6 42 24 54

21 21 0 -—15

has rank 2, because Example 1 shows that the first two row vectors are linearly independent, whereas all three
row vectors are linearly dependent.
Note further that rank A = 0 if and only if A = 0. This follows directly from the definition. |

We call a matrix A; row-equivalent to a matrix Ay if A; can be obtained from As by
(finitely many!) elementary row operations.

Now the maximum number of linearly independent row vectors of a matrix does not
change if we change the order of rows or multiply a row by a nonzero ¢ or take a linear
combination by adding a multiple of a row to another row. This shows that rank is
invariant under elementary row operations:

Row-Equivalent Matrices

Row-equivalent matrices have the same rank.

Hence we can determine the rank of a matrix by reducing the matrix to row-echelon
form, as was done in Sec. 7.3. Once the matrix is in row-echelon form, we count the
number of nonzero rows, which is precisely the rank of the matrix.
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EXAMPLE 3 Determination of Rank

For the matrix in Example 2 we obtain successively

3 0 2 2

A=|-6 42 24 54 (given)
21 =21 0 —15 |
3 o 2 2
0 42 28 58 Row 2 + 2 Row 1

0 —-21 —-14 -29 | Row3 — 7Row

3 0 2 2
0 42 28 58

0 0 0 0 | Row3 + 1Row 2.

The last matrix is in row-echelon form and has two nonzero rows. Hence rank A = 2, as before. [ |

Examples 1-3 illustrate the following useful theorem (with p = 3, n = 3, and the rank of
the matrix = 2).

THEOREM 2 Linear Independence and Dependence of Vectors

Consider p vectors that each have n components. Then these vectors are linearly
independent if the matrix formed, with these vectors as row vectors, has rank p.
However, these vectors are linearly dependent if that matrix has rank less than p.

Further important properties will result from the basic

THEOREM 3 Rank in Terms of Column Vectors

The rank r of a matrix A equals the maximum number of linearly independent

column vectors of A.
Hence A and its transpose AT have the same rank.

PROOF In this proof we write simply “rows” and “columns” for row and column vectors. Let A
be anm X n matrix of rank A = r. Then by definition of rank, A has r linearly independent

rows which we denote by v(yy, - - -, V¢ (regardless of their position in A), and all the rows
a1y, e of A are linear combinations of those, say,

aq) = cuvay t cevey ot eV
3) Ay = Ca1Vp T CaaVigy T o0t cVi

Ay = CpaV) T CmaVy T 0 T CrrVon.
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EXAMPLE 4

THEOREM 4

PROOF

These are vector equations for rows. To switch to columns, we write (3) in terms of
components as n such systems, with k = 1,---, n,

ap = Cc11V1k + cigVak o ek

agy = C21U1k + CogUog + o0+ CopUng

“)

Ak = Cm1V1k T CmaVok Tt Oy

and collect components in columns. Indeed, we can write (4) as

arx 11 C12 Cir
asy C21 Co2 Coy
(5) . = V1g . + voi . + 0+ U
| dmk | | €m1 | | €m2 | | Cmr |
where k = 1,---, n. Now the vector on the left is the kth column vector of A. We see that

each of these n columns is a linear combination of the same r columns on the right. Hence
A cannot have more linearly independent columns than rows, whose number is rank A = r.
Now rows of A are columns of the transpose A". For AT our conclusion is that A cannot
have more linearly independent columns than rows, so that A cannot have more linearly
independent rows than columns. Together, the number of linearly independent columns
of A must be r, the rank of A. This completes the proof. |

Illustration of Theorem 3

The matrix in (2) has rank 2. From Example 3 we see that the first two row vectors are linearly independent
and by “working backward” we can verify that Row 3 = 6 Row 1 — %Row 2. Similarly, the first two columns
are linearly independent, and by reducing the last matrix in Example 3 by columns we find that

Column 3 = %Column 1+ %Column 2 and Column 4 = %Column 1 + 23 Column 2. |

Combining Theorems 2 and 3 we obtain

Linear Dependence of Vectors

Consider p vectors each having n components. If n < p, then these vectors are
linearly dependent.

The matrix A with those p vectors as row vectors has p rows and n < p columns; hence
by Theorem 3 it has rank A = n < p, which implies linear dependence by Theorem 2. M

Vector Space

The following related concepts are of general interest in linear algebra. In the present
context they provide a clarification of essential properties of matrices and their role in
connection with linear systems.
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EXAMPLE 5

THEOREM 5

PROOF

THEOREM 6
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Consider a nonempty set V of vectors where each vector has the same number of
components. If, for any two vectors a and b in V, we have that all their linear combinations
aa + Bb (a, B any real numbers) are also elements of V, and if, furthermore, a and b satisfy
the laws (3a), (3c), (3d), and (4) in Sec. 7.1, as well as any vectors a, b, ¢ in V satisfy (3b)
then V is a vector space. Note that here we wrote laws (3) and (4) of Sec. 7.1 in lowercase
letters a, b, ¢, which is our notation for vectors. More on vector spaces in Sec. 7.9.

The maximum number of linearly independent vectors in V is called the dimension of
V and is denoted by dim V. Here we assume the dimension to be finite; infinite dimension
will be defined in Sec. 7.9.

A linearly independent set in V consisting of a maximum possible number of vectors
in V is called a basis for V. In other words, any largest possible set of independent vectors
in V forms basis for V. That means, if we add one or more vector to that set, the set will
be linearly dependent. (See also the beginning of Sec. 7.4 on linear independence and
dependence of vectors.) Thus, the number of vectors of a basis for V equals dim V.

The set of all linear combinations of given vectors ay), - * -, a¢py With the same number
of components is called the span of these vectors. Obviously, a span is a vector space. If
in addition, the given vectors a(y)y, * - -, a¢y, are linearly independent, then they form a basis
for that vector space.

This then leads to another equivalent definition of basis. A set of vectors is a basis for
a vector space V if (1) the vectors in the set are linearly independent, and if (2) any vector
in V can be expressed as a linear combination of the vectors in the set. If (2) holds, we
also say that the set of vectors spans the vector space V.

By a subspace of a vector space V we mean a nonempty subset of V (including V itself)
that forms a vector space with respect to the two algebraic operations (addition and scalar
multiplication) defined for the vectors of V.

Vector Space, Dimension, Basis

The span of the three vectors in Example 1 is a vector space of dimension 2. A basis of this vector space consists
of any two of those three vectors, for instance, a1y, acg), Or a1y, a¢3), etc. [ |

We further note the simple

Vector Space R"

The vector space R™ consisting of all vectors with n components (n real numbers)
has dimension n.

A Dbasis of n vectors is aqy=[1 0 --- 0], agy=1[0 1 0 ~--- 0], ---,
a(n)=[0 - 0 1] |

For a matrix A, we call the span of the row vectors the row space of A. Similarly, the
span of the column vectors of A is called the column space of A.

Now, Theorem 3 shows that a matrix A has as many linearly independent rows as
columns. By the definition of dimension, their number is the dimension of the row space
or the column space of A. This proves

Row Space and Column Space

The row space and the column space of a matrix A have the same dimension, equal
to rank A.
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Finally, for a given matrix A the solution set of the homogeneous system Ax = 0 is a
vector space, called the null space of A, and its dimension is called the nullity of A. In
the next section we motivate and prove the basic relation

(6)

rank A + nullity A = Number of columns of A.

PROBLEM SET 7.4

RANK, ROW SPACE, COLUMN SPACE

Find the rank. Find a basis for the row space. Find a basis
for the column space. Hint. Row-reduce the matrix and its
transpose. (You may omit obvious factors from the vectors

of

11

these bases.)
4 -2 6 a b
2

-2 1 -3 b a
[0 3 5 6 -4 0]
35 0 4.0-4 0o 2
5 0 10 0 2 6
(02 —01 04 0 1 0]
0 1.1 —03 6.|-1 0 -4
01 0 —21 L0 4 0]
_ _ 2 4 8 16
8 0 4 0

16 8 4 2
0 2 0 4 8

4 8 16 2
4 0 2 0
- - 2 16 8 4
[0 0 1 0] 5 -2 1 0
00 1 0 -2 0 -4 1

10.
111 1 1 -4 —-11 2
0 0 1 0] 0o 1 20
. CAS Experiment. Rank. (a) Show experimentally

that the n X n matrix A = [a,] withaj, =j + k — 1
has rank 2 for any n. (Problem 20 shows n = 4.) Try
to prove it.

(b) Do the same when aj, = j + k + ¢, where cis any
positive integer.

(¢) What is rank A if aj, = 27"¥729 Try to find other
large matrices of low rank independent of n.

GENERAL PROPERTIES OF RANK

Show the following:

12.
13.

14.

15.

16.

rank BTAT = rank AB. (Note the order!)

rank A = rank B does not imply rank A% = rank BZ.
(Give a counterexample.)

If A is not square, either the row vectors or the column
vectors of A are linearly dependent.

If the row vectors of a square matrix are linearly
independent, so are the column vectors, and conversely.

Give examples showing that the rank of a product of
matrices cannot exceed the rank of either factor.

LINEAR INDEPENDENCE

Are the following sets of vectors linearly independent?
Show the details of your work.

17.

18.

19.
20.

25.

26.

340 2], [2 -1 3 7]

1 16 —12 -22]
RN R
11 1 1

4567]

0 1 1], [t 1 1], [0 0 1]

1 2 3 4], [2 3 4 5], [3 4 5 6],
45 6 1]

200 7, [2 00 8, [20 0 9]
2 0 1 0]

04 —02 02], [0 0 0], [3.0 —0.6 1.5]
9 8 76 5], [97 5 3 1]

4 -1 3], [0 8 1], [1 3 -5],

2 6 1]

6 0 -1 3], [2 2 5 0],

-4 —4 -4 -4

Linearly independent subset. Beginning with the
last of the vectors [3 0 1 2], [6 1 0 0],
[12 1 2 4],[6 0 2 4),and [9 O 1 2],
omit one after another until you get a linearly
independent set.

crackbitswilp.in
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VECTOR SPACE 31. All vectors in R® with positive components
Is the given set of vectors a vector space? Give reasons. If 32. All vectors in R® with 303 — 205 + vg = 0
your answer is yes, determine the dimension and find a 40, + 509 = 0 '
basis. (v1, Vg, - -+ denote components.)

27. All vectors in R® with vy — Uy + 203 =0
28. All vectors in R® with 3vy + vg = k
29. All vectors in R? with U1 = Uy

33. All vectors in R® with 3v; — vg =0,
21)1 + 302 - 41}3 =0

34. All vectors in R” with |v;] = 1 forj = 1,---

=

30. All vectors in R™ with the first n — 2 components zero 35. All vectors in R* with vy = 2vs = 3v5 = 4vy

/.5 Solutions of Linear Systems:
Existence, Uniqueness

THEOREM 1

Rank, as just defined, gives complete information about existence, uniqueness, and general
structure of the solution set of linear systems as follows.
A linear system of equations in n unknowns has a unique solution if the coefficient
matrix and the augmented matrix have the same rank n, and infinitely many solutions if
that common rank is less than n. The system has no solution if those two matrices have
different rank.
To state this precisely and prove it, we shall use the generally important concept of a
submatrix of A. By this we mean any matrix obtained from A by omitting some rows or
columns (or both). By definition this includes A itself (as the matrix obtained by omitting
no rows or columns); this is practical.

Fundamental Theorem for Linear Systems

(a) Existence. A linear system of m equations in n unknowns xy, "+, X,

ajnxi A ajaxo dF oco AF ApXn = bl

(1) agiXq A ao9X9 aF oo qF agnXy = bz

is consistent, that is, has solutions, if and only if the coefficient matrix A and the
augmented matrix A have the same rank. Here,

by

aiy v dip aiy o dip

|

|

A= and A = !
. . . . |

|

|

|

|

by,

Am1 o Amn Am1 o dmn

(b) Uniqueness. The system (1) has precisely one solution if and only if this
common rank r of A and A equals n.
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PROOF

(¢) Infinitely many solutions. If this common rank r is less than n, the system
(1) has infinitely many solutions. All of these solutions are obtained by determining
r suitable unknowns (whose submatrix of coefficients must have rank r) in terms of
the remaining n — r unknowns, to which arbitrary values can be assigned. (See
Example 3 in Sec. 7.3.)

(d) Gauss elimination (Sec. 7.3). If solutions exist, they can all be obtained by

the Gauss elimination. (This method will automatically reveal whether or not
solutions exist; see Sec. 7.3.)

(a) We can write the system (1) in vector form Ax = b or in terms of column vectors
c(l)s T, c(’ﬂ) Of A:

() cpX1 T e@xe T -+ CupXy = b

A is obtained by augmenting A by a single column b. Hence, by Theorem 3 in Sec. 7.4,
rank A equals rank A or rank A + 1. Now if (1) has a solution x, then (2) shows that b
must be a linear combination of those column vectors, so that A and A have the same
maximum number of linearly independent column vectors and thus the same rank.

Conversely, if rank A = rank A, then b must be a linear combination of the column
vectors of A, say,

(2%) b =acqy + -+ agem

since otherwise rank A = rank A + 1. But (2*%) means that (1) has a solution, namely,
X1 = ay, ", Xy = Qy, as can be seen by comparing (2*) and (2).

(b) If rank A = n, the n column vectors in (2) are linearly independent by Theorem 3
in Sec. 7.4. We claim that then the representation (2) of b is unique because otherwise

X1+t Capxn = CXt T+ CapXn.
This would imply (take all terms to the left, with a minus sign)
(r1 —XDeqy + o F (o — Xpleay = 0

andx; — x; = 0,---, x,, — X, = 0Dy linear independence. But this means that the scalars
X1, ", X, in (2) are uniquely determined, that is, the solution of (1) is unique.

(c) If rank A = rank A = r < n, then by Theorem 3 in Sec. 7.4 there is a linearly
independent set K of r column vectors of A such that the other n — r column vectors of
A are linear combinations of those vectors. We renumber the columns and unknowns,
denoting the renumbered quantities by ", so that { €y, - -+, €¢»} is that linearly independent
set K. Then (2) becomes

é(l)fcl + -+ é(T)-%T + é(r+1))’er+1 + -+ é(’n))’e’n = b,

€oi1) > Cpy are linear combinations of the vectors of K, and so are the vectors
1€ty s %,€.,,. Expressing these vectors in terms of the vectors of K and collect-

ing terms, we can thus write the system in the form

3) Cpyr+ -+ Emy,=b
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THEOREM 2

PROOF
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with y; = X; + B;, where B; results from the n — r terms €4 1yX, 11, -, €uk,; here,
j=1,---,r. Since the system has a solution, there are yq,---,y, satisfying (3). These
scalars are unique since K is linearly independent. Choosing X, 1, - - -, %,, fixes the 8; and
corresponding %; = y; — B;, where j = 1,---, 1.

(d) This was discussed in Sec. 7.3 and is restated here as a reminder. [ |

The theorem is illustrated in Sec. 7.3. In Example 2 there is a unique solution since rank
A =rank A = n = 3 (as can be seen from the last matrix in the example). In Example 3
we have rank A =rank A =2 <n =4 and can choose x3 and x4 arbitrarily. In
Example 4 there is no solution because rank A = 2 < rank A =3.

Homogeneous Linear System

Recall from Sec. 7.3 that a linear system (1) is called homogeneous if all the b;’s are
zero, and nonhomogeneous if one or several b;’s are not zero. For the homogeneous
system we obtain from the Fundamental Theorem the following results.

Homogeneous Linear System

A homogeneous linear system

aji1xy T ajoXo + .- + AinXn = 0
ag1X1 ar agso X9 + ..o + aop Xy — 0
4)
Ap1X1 + paXxe + o+ X, = 0
always has the trivial solution x1 = 0, --, x,, = 0. Nontrivial solutions exist if and

only if rank A < n. Ifrank A = r < n, these solutions, together with x = 0, form a
vector space (see Sec. 7.4) of dimension n — r called the solution space of (4).

In particular, if X1y and X9y are solution vectors of (4), then X = c1X(1) + coX(2)
with any scalars c1 and cs is a solution vector of (4). (This does not hold for
nonhomogeneous systems. Also, the term solution space is used for homogeneous
systems only.)

The first proposition can be seen directly from the system. It agrees with the fact that
b = 0 implies that rank A = rank A, so that a homogeneous system is always consistent.
If rank A = n, the trivial solution is the unique solution according to (b) in Theorem 1.
If rank A < n, there are nontrivial solutions according to (c) in Theorem 1. The solutions
form a vector space because if X1y and X9, are any of them, then Ax, = 0, Ax@g) = 0,
and this implies A(X(1) + X2)) = AX(q) + Ax@) = 0 as well as A(cx(q)) = cAxq) = 0,
where c is arbitrary. If rank A = r < n, Theorem 1 (c) implies that we can choose n — r
suitable unknowns, call them x,1," -, X, in an arbitrary fashion, and every solution is
obtained in this way. Hence a basis for the solution space, briefly called a basis of
solutions of (4), is ya), - **, Ym—n, Where the basis vector y(;, is obtained by choosing
Xp4; = 1 and the other x, 1, -, x,, zero; the corresponding first » components of this
solution vector are then determined. Thus the solution space of (4) has dimension n — r.
This proves Theorem 2. |
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The solution space of (4) is also called the null space of A because Ax = 0 for every x in
the solution space of (4). Its dimension is called the nullity of A. Hence Theorem 2 states that

5) rank A + nullity A = n
where 7n is the number of unknowns (number of columns of A).

Furthermore, by the definition of rank we have rank A = m in (4). Hence if m < n,
then rank A < n. By Theorem 2 this gives the practically important

THEOREM 3 Homogeneous Linear System with Fewer Equations Than Unknowns

A homogeneous linear system with fewer equations than unknowns always has
nontrivial solutions.

Nonhomogeneous Linear Systems

The characterization of all solutions of the linear system (1) is now quite simple, as follows.

THEOREM 4 Nonhomogeneous Linear System

If a nonhomogeneous linear system (1) is consistent, then all of its solutions are
obtained as

(6) X:X0+Xh

where Xq is any (fixed) solution of (1) and Xy, runs through all the solutions of the
corresponding homogeneous system (4).

PROOF The difference x;, = X — Xg of any two solutions of (1) is a solution of (4) because
Ax;, = A(x — Xg) = Ax — Axg = b — b = 0. Since x is any solution of (1), we get all
the solutions of (1) if in (6) we take any solution X, of (1) and let x;, vary throughout the
solution space of (4). |

This covers a main part of our discussion of characterizing the solutions of systems of
linear equations. Our next main topic is determinants and their role in linear equations.

/.6 For Reference:
Second- and Third-Order Determinants

We created this section as a quick general reference section on second- and third-order
determinants. It is completely independent of the theory in Sec. 7.7 and suffices as a
reference for many of our examples and problems. Since this section is for reference, go
on to the next section, consulting this material only when needed.

A determinant of second order is denoted and defined by

ail  di12

(1) D = detA = = d11022 — d12021.

dasy  dz2

So here we have bars (whereas a matrix has brackets).
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crackbitswilp.in

CHAP. 7 Linear Algebra: Matrices, Vectors, Determinants. Linear Systems

Cramer’s rule for solving linear systems of two equations in two unknowns

(@) apx1 + apxs = by

2
(b) agixy + agexg = by
is
by ape
. by azs|  biags — aisby
1 — - s
D D
(3)
aj;y by
as1  by|  ayby — biag;
xz = =
D D
with D as in (1), provided
D # 0.

The value D = 0 appears for homogeneous systems with nontrivial solutions.

We prove (3). To eliminate xo multiply (2a) by ase and (2b) by —ay9 and add,
(a11a2 — aisag1)xy = biass — aisbs.

Similarly, to eliminate x; multiply (2a) by —as; and (2b) by a1 and add,

(a11a2 — ayeas1)xs = ayiby — bias;.

Assuming that D = ajja99 — ajsas1 # 0, dividing, and writing the right sides of these
two equations as determinants, we obtain (3). [ |

Cramer’s Rule for Two Equations

‘ 12 3‘ 4 12
4x1 + 3xg = 12 -8 5| 84 2 -8 —56
If then  x; = =—=6, x9= = =_ [}
2x1 + 5x9 = —8 4 3‘ 14 4 3 14
2 5 2 5
Third-Order Determinants
A determinant of third order can be defined by
apj;  aiz  dis
dgg  d23 a1z  d13 a2 dis
4) D =lagy azy as|=an — dag1 + as;
ags A3z dazs  d33 dga  dz3
a1 dzz  ds3

crackbitswilp.in
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Note the following. The signs on the right are + — +. Each of the three terms on the
right is an entry in the first column of D times its minor, that is, the second-order
determinant obtained from D by deleting the row and column of that entry; thus, for a,,
delete the first row and first column, and so on.

If we write out the minors in (4), we obtain

(4%) D = ajiaseass — a11desasze 1+ as1a13azs — de1a12a33 + dz1diade3 — A31d13022.
Cramer’s Rule for Linear Systems of Three Equations
apixy + ajexs + a1zxz = by
5 agix1 t agexs + assxz = by
agixy t asexo + azsxz = bs
is

Dy Do D3
(6) X1= 5 X2 =5 X3 = (D #0)

with the determinant D of the system given by (4) and

by aiz a3 a;r by ags a;n a1z by

Dy =|by agy az3z|, Dz =|azg1 bs az3|, D3 =|az1 daze byl
b3 azs ass az1 b3 as3 azy asy b3

Note that D1, Do, D3 are obtained by replacing Columns 1, 2, 3, respectively, by the
column of the right sides of (5).

Cramer’s rule (6) can be derived by eliminations similar to those for (3), but it also
follows from the general case (Theorem 4) in the next section.

/./ Determinants. Cramer’s Rule

Determinants were originally introduced for solving linear systems. Although impractical
in computations, they have important engineering applications in eigenvalue problems
(Sec. 8.1), differential equations, vector algebra (Sec. 9.3), and in other areas. They can
be introduced in several equivalent ways. Our definition is particularly for dealing with
linear systems.

A determinant of order # is a scalar associated with an n X n (hence square!) matrix
A = [aji], and is denoted by

ajl; a2 ain

asy dz2 Aoy

(1) D = detA =

ap1  dp2 """ dpn
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For n = 1, this determinant is defined by

2) D = aq;.

Forn = 2 by

(3a) D = aj;Cj1 + aj9Cjp + -+ + a;,Cjy, G=12,---,0rn)
or

(3b) D = ay;,Ciy + agiCo + -+ + aniCpi (k=1,2,---, 0rn).
Here,

Cie = (=17 "My,

and Mj is a determinant of order n — 1, namely, the determinant of the submatrix of A
obtained from A by omitting the row and column of the entry aj, that is, the jth row and
the kth column.

In this way, D is defined in terms of n determinants of order n — 1, each of which is,
in turn, defined in terms of n — 1 determinants of order n — 2, and so on—until we
finally arrive at second-order determinants, in which those submatrices consist of single
entries whose determinant is defined to be the entry itself.

From the definition it follows that we may expand D by any row or column, that is, choose
in (3) the entries in any row or column, similarly when expanding the Cjy.’s in (3), and so on.

This definition is unambiguous, that is, it yields the same value for D no matter which
columns or rows we choose in expanding. A proof is given in App. 4.

Terms used in connection with determinants are taken from matrices. In D we have n>
entries aji, also n rows and n columns, and a main diagonal on which ay1, ags, -, ayy,
stand. Two terms are new:

My is called the minor of aji, in D, and Cj the cofactor of ajy, in D.
For later use we note that (3) may also be written in terms of minors

n

(4a) D= > (-1 FayMy, (j=12-, orn
k=1
" .

(4b) D = > (=1 FauMy, (k=1,2,---,orn).
j=1

Minors and Cofactors of a Third-Order Determinant

In (4) of the previous section the minors and cofactors of the entries in the first column can be seen directly.
For the entries in the second row the minors are

a2 @3 ailr a13 air  di2
My = , Moy = , Moz =
agz  ass as1  ass asy  ase
and the cofactors are Co; = —Mgy, Cog = +Magg, and Coz = —Mog. Similarly for the third row—write these

down yourself. And verify that the signs in Cj;, form a checkerboard pattern



SEC. 7.7 Determinants. Cramer’s Rule 295

EXAMPLE 2

EXAMPLE 3

THEOREM 1

PROOF

Expansions of a Third-Order Determinant

=1(12 —0) — 34 + 4) + 000 + 6) = —12.

This is the expansion by the first row. The expansion by the third column is

2 6 1 3 1 3
D=0 -4 +2 =0-12+0=-12
-1 0 -1 0 2 6
Verify that the other four expansions also give the value —12. |
Determinant of a Triangular Matrix
-3 0 0
4 0
6 4 o0|=-3 =-3-4-5= 60,
2 5
-1 2 5

Inspired by this, can you formulate a little theorem on determinants of triangular matrices? Of diagonal
matrices? |

General Properties of Determinants

There is an attractive way of finding determinants (1) that consists of applying elementary
row operations to (1). By doing so we obtain an “upper triangular” determinant (see
Sec. 7.1, for definition with “matrix” replaced by “determinant”) whose value is then very
easy to compute, being just the product of its diagonal entries. This approach is similar
(but not the same!) to what we did to matrices in Sec. 7.3. In particular, be aware that
interchanging two rows in a determinant introduces a multiplicative factor of —1 to the
value of the determinant! Details are as follows.

Behavior of an nth-Order Determinant under Elementary Row Operations

(a) Interchange of two rows multiplies the value of the determinant by —1.

(b) Addition of a multiple of a row to another row does not alter the value of the
determinant.

(¢) Multiplication of a row by a nonzero constant ¢ multiplies the value of the
determinant by c. (This holds also when ¢ = 0, but no longer gives an elementary
row operation.)

(a) By induction. The statement holds for n = 2 because
a b c d

= ad — bc, but = bc — ad.

c d a b
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We now make the induction hypothesis that (a) holds for determinants of ordern — 1 = 2
and show that it then holds for determinants of order n. Let D be of order n. Let E be
obtained from D by the interchange of two rows. Expand D and E by a row that is not
one of those interchanged, call it the jth row. Then by (4a),

n n
Q) D= (1" My,  E= D (—1) " FayN,
k=1 k=1

where Nj is obtained from the minor Mj;; of aj, in D by the interchange of those two
rows which have been interchanged in D (and which Nj, must both contain because we
expand by another row!). Now these minors are of order n» — 1. Hence the induction
hypothesis applies and gives Nj, = —Mj;,.. Thus E = —D by (5).

(b) Add ¢ times Row i to Row j. Let D be the new determinant. Its entries in Row j
are aj, + cag. If we expand D by this Row j, we see that we can write it as
D = Dy + ¢Dy, where D; = D has in Row j the aji;, whereas Dy has in that Row j the
aji, from the addition. Hence Dy has a;;, in both Row i and Row j. Interchanging these
two rows gives Do back, but on the other hand it gives —Dy by (a). Together
Dy = —Ds = 0, so that D = D1 = D.

(c) Expand the determinant by the row that has been multiplied.

CAUTION! det(cA) = c™ det A (not c det A). Explain why. [ |

Evaluation of Determinants by Reduction to Triangular Form

Because of Theorem 1 we may evaluate determinants by reduction to triangular form, as in the Gauss elimination
for a matrix. For instance (with the blue explanations always referring to the preceding determinant)

2 0 -4 6
4 5 1 0
D=
0 2 6 -1
-3 8 9 1
2 0o -4 6
0 5 9 -12 Row 2 — 2 Row 1
B 0 2 6 -1
0 8 3 10 Row 4 + 1.5 Row 1
2 0 -4 6
0 5 9 -12
B 0 0 24 3.8 Row 3 — 0.4 Row 2
0 0 —114 292 | Row4 — 1.6 Row2
2 0 -4 6
0 5 9 -—12
B 0 0 24 3.8
0 0 -0 47.25| Row 4 + 4.75 Row 3

=2-5-24-4725=1134. [ |
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THEOREM 2

PROOF

THEOREM 3

PROOF

Further Properties of nth-Order Determinants

(a)-(c) in Theorem 1 hold also for columns.
(d) Transposition leaves the value of a determinant unaltered.
(e) A zero row or column renders the value of a determinant zero.

(f) Proportional rows or columns render the value of a determinant zero. In
particular, a determinant with two identical rows or columns has the value zero.

(a)-(e) follow directly from the fact that a determinant can be expanded by any row
column. In (d), transposition is defined as for matrices, that is, the jth row becomes the
Jjth column of the transpose.

(f) If Row j = ¢ times Row i, then D = ¢D{, where D; has Row j = Row i. Hence
an interchange of these rows reproduces Dq, but it also gives —D; by Theorem 1(a).
Hence D1 = 0 and D = ¢Dy = 0. Similarly for columns. |

It is quite remarkable that the important concept of the rank of a matrix A, which is the
maximum number of linearly independent row or column vectors of A (see Sec. 7.4), can
be related to determinants. Here we may assume that rank A > 0 because the only matrices
with rank O are the zero matrices (see Sec. 7.4).

Rank in Terms of Determinants

Consider an m X n matrix A = [aj,]:

(1) A has rank r Z 1 if and only if A has an r X r submatrix with a nonzero
determinant.

(2) The determinant of any square submatrix with more than r rows, contained
in A (if such a matrix exists!) has a value equal to zero.

Furthermore, if m = n, we have:

(3) An n X n square matrix A has rank n if and only if

det A # 0.

The key idea is that elementary row operations (Sec. 7.3) alter neither rank (by Theorem
1 in Sec. 7.4) nor the property of a determinant being nonzero (by Theorem 1 in this
section). The echelon form A of A (see Sec. 7.3) has r nonzero row vectors (which are
the first » row vectors) if and only if rank A = r. Without loss of generality, we can
assume that » = 1. Let R be the » X r submatrix in the left upper corner of A (so that
the entries of R are in both the first 7 rows and r columns of A). Now R is triangular,
with all diagonal entries rj; nonzero. Thus, det R =T e F 0. Also det R # 0 for
the corresponding r X r submatrix R of A because R results from R by elementary row
operations. This proves part (1).

Similarly, detS = 0 for any square submatrix S of r + 1 or more rows perhaps
contained in A because the corresponding submatrix § of A must contain a row of zeros
(otherwise we would have rank A = r + 1), so that det § = 0 by Theorem 2. This proves
part (2). Furthermore, we have proven the theorem for an m X n matrix.
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For an n X n square matrix A we proceed as follows. To prove (3), we apply part (1)
(already proven!). This gives us that rank A = n = 1 if and only if A contains an n X n
submatrix with nonzero determinant. But the only such submatrix contained in our square
matrix A, is A itself, hence det A # 0. This proves part (3). [ |

Cramer’s Rule

Theorem 3 opens the way to the classical solution formula for linear systems known as
Cramer’s rule, which gives solutions as quotients of determinants. Cramer’s rule is not
practical in computations for which the methods in Secs. 7.3 and 20.1-20.3 are suitable.
However, Cramer’s rule is of theoretical interest in differential equations (Secs. 2.10 and
3.3) and in other theoretical work that has engineering applications.

Cramer’s Theorem (Solution of Linear Systems by Determinants)

(a) If a linear system of n equations in the same number of unknowns x1,-, Xy,
ajlxXi +'012X2 aF ooc +-a1nxn = b1
ag1x1 + agexg + ot dgpxy = be
(6)
Ap1X1 T apoxs + -+ + appxy, = by

has a nonzero coefficient determinant D = det A, the system has precisely one
solution. This solution is given by the formulas

Dy Do D,

7 =—, =— -, = —
7 X=p X2= n =

(Cramer’s rule)
where Dy, is the determinant obtained from D by replacing in D the kth column by
the column with the entries by, - -, by,

(b) Hence if the system (6) is homogeneous and D # 0, it has only the trivial
solution x1 = 0,x9 = 0,---,x,, = 0. If D = 0, the homogeneous system also has
nontrivial solutions.

The augmented matrix A of the system (6) is of size n X (n + 1). Hence its rank can be
at most n. Now if

ar o din
3 D = detA = 0,

ap1 " dnn

2GABRIEL CRAMER (1704-1752), Swiss mathematician.
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EXAMPLE 5

then rank A = n by Theorem 3. Thus rank A = rank A. Hence, by the Fundamental
Theorem in Sec. 7.5, the system (6) has a unique solution.
Let us now prove (7). Expanding D by its kth column, we obtain

© D = a1.Cix + agiCo + -+ + aniCp,

where Cjj, is the cofactor of entry a;, in D. If we replace the entries in the kth column of
D by any other numbers, we obtain a new determinant, say, D. Clearly, its expansion by
the kth column will be of the form (9), with ayy, - - -, a,) replaced by those new numbers
and the cofactors Cj, as before. In particular, if we choose as new numbers the entries
aip, -+, ayy of the Ith column of D (where [ # k), we have a new determinant D which
has the column [ay; - anl]T twice, once as its /th column, and once as its kth because
of the replacement. Hence D=0 by Theorem 2(f). If we now expand D by the column
that has been replaced (the kth column), we thus obtain

(10) aCr + agCor + -+ + ayCpge = 0 (U # k).

We now multiply the first equation in (6) by Cyj, on both sides, the second by Coy, - -,
the last by C,,x, and add the resulting equations. This gives

(11 Cixlapixy + - + appxy) + o+ Cpplanixy + - + appXy)
= blClk + e+ annk

Collecting terms with the same x;, we can write the left side as
x1(a11C1x + a91Co + -+ + a4 1Chs) + -+ + x(a1,C1c + a2,,Copc + - -+ + Ay Crate)-
From this we see that x is multiplied by
a1;C1x + asiCop + -+ + apiChr.-
Equation (9) shows that this equals D. Similarly, x; is multiplied by
a;C1 + agCo + -+ + a4, Cric-

Equation (10) shows that this is zero when [ # k. Accordingly, the left side of (11) equals
simply x3.D, so that (11) becomes

ka = blClk + bZCZk + o+ annk

Now the right side of this is Dy as defined in the theorem, expanded by its kth column,
so that division by D gives (7). This proves Cramer’s rule.

If (6) is homogeneous and D # 0, then each Dy has a column of zeros, so that Dy, = 0
by Theorem 2(e), and (7) gives the trivial solution.

Finally, if (6) is homogeneous and D = 0, then rank A < n by Theorem 3, so that
nontrivial solutions exist by Theorem 2 in Sec. 7.5. |

llustration of Cramer’s Rule (Theorem 4)

For n = 2, see Example 1 of Sec. 7.6. Also, at the end of that section, we give Cramer’s rule for a general
linear system of three equations. |
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Finally, an important application for Cramer’s rule dealing with inverse matrices will

be given in the next section.

PROBLEM SET 7.7

GENERAL PROBLEMS

1.

6.

. Second-Order Determinant.

General Properties of Determinants. Illustrate each
statement in Theorems 1 and 2 with an example of
your choice.

Expand a general
second-order determinant in four possible ways and
show that the results agree.

. Third-Order Determinant. Do the task indicated in

Theorem 2. Also evaluate D by reduction to triangular
form.

. Expansion Numerically Impractical. Show that the

computation of an nth-order determinant by expansion
involves n! multiplications, which if a multiplication
takes 1072 sec would take these times:

n 10 15 20 25
) 0.004 22 77 0.5-10°
Time .
SecC min years years

. Multiplication by Scalar. Show that det (kA) =

k™ det A (not k det A). Give an example.

Minors, cofactors. Complete the list in Example 1.

EVALUATION OF DETERMINANTS

Showing the details, evaluate:

11.

13.

cosa sina 0.4 49
8.
sinf3 cospf 1.5 -13
cosnf  sinnb coshr sinhr
10.
—sinnf  cos n sinh ¢t cosh ¢
4 -1 8 a b c
0 2 3 12. |c a b
0 0 5 b c a
0 4 -1 5 4 7 0 0
—4 0 3 =2 2 8 0 0
14.
1 -3 0 1 0 0 1 5
=5 2 -1 0 0 0o -2 2

15.

16.

12 0 0
2 4 2 0
0o 2 9 2
0 0 2 16

CAS EXPERIMENT. Determinant of Zeros and
Ones. Find the value of the determinant of the n X n
matrix A,, with main diagonal entries all 0 and all
others 1. Try to find a formula for this. Try to prove it
by induction. Interpret Ag and Ay4 as incidence matrices
(as in Problem Set 7.1 but without the minuses) of a
triangle and a tetrahedron, respectively; similarly for an
n-simplex, having n vertices and n(n — 1)/2 edges (and
spanning """, n =5,6,---).

17-19| RANK BY DETERMINANTS

Find the rank by Theorem 3 (which is not very practical)
and check by row reduction. Show details.

17.

19.

20.

4 9 0 4 —6
-8 -6 8. 4 0 10
|16 12 -6 10 0
(1 s 2 2
1 3 2 6
4 0 8 48

TEAM PROJECT. Geometric Applications: Curves
and Surfaces Through Given Points. The idea is to
get an equation from the vanishing of the determinant
of a homogeneous linear system as the condition for a
nontrivial solution in Cramer’s theorem. We explain
the trick for obtaining such a system for the case of
a line L through two given points Pj: (x1, y1) and
Py (x9, y2). The unknown line is ax + by = —c,
say. We write it as ax + by + ¢- 1 =0. To get a
nontrivial solution a, b, ¢, the determinant of the
“coefficients” x, y, 1 must be zero. The system is

ax +by +c-1=0 (Linel)
axy +byy +c-1=0 (Pponl)
axo +by2+C' 1=0 (PzOIlL).

12)

crackbitswilp.in
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(a) Line through two points. Derive from D = 0 in
(12) the familiar formula

X—Xx1 Y= n

X1 = X2 oy~ ye
(b) Plane. Find the analog of (12) for a plane through
three given points. Apply it when the points are
(1,1, 1),(3,2,6), (5,0,5).
(¢) Circle. Find a similar formula for a circle in the
plane through three given points. Find and sketch the
circle through (2, 6), (6, 4), (7, 1).
(d) Sphere. Find the analog of the formula in (c) for
a sphere through four given points. Find the sphere
through (0, 0, 5), (4, 0, 1), (0, 4, 1), (0, 0, —3) by this
formula or by inspection.
(e) General conic section. Find a formula for a
general conic section (the vanishing of a determinant
of 6th order). Try it out for a quadratic parabola and
for a more general conic section of your own choice.

/.8 Inverse of a Matrix.

Inverse of a Matrix. Gauss—Jordan Elimination

301

CRAMER’S RULE

Solve by Cramer’s rule. Check by Gauss elimination and
back substitution. Show details.

21. 3x — S5y =155 22. 2x —4y = -24
6x + 16y = 5.0 Sx+2y= 0
23. 3y —4z= 16 24. 3x—2y+ z= 13
2x — 5y + Tz = =27 —2x+ y+4z= 11
—X -9z = 9 x + 4y — 5z = —31
25. —4w+ x+ y =-10
w — 4x + z= 1
w -4+ z= -7

x+ y—4z= 10

Gauss—)ordan Elimination

In this section we consider square matrices exclusively.
The inverse of an n X n matrix A = [aj,] is denoted by A™* and is an n X n matrix

such that

1)

AAT=A"TA =1

where I is the n X n unit matrix (see Sec. 7.2).
If A has an inverse, then A is called a nonsingular matrix. If A has no inverse, then

A is called a singular matrix.

If A has an inverse, the inverse is unique.
Indeed, if both B and C are inverses of A, then AB = I and CA = I, so that we obtain

the uniqueness from

B =1IB = (CA)B = C(AB) = CI = C.

We prove next that A has an inverse (is nonsingular) if and only if it has maximum

THEOREM 1

possible rank 7. The proof will also show that Ax = b implies x = A~ b provided A™*
exists, and will thus give a motivation for the inverse as well as a relation to linear systems.
(But this will not give a good method of solving Ax = b numerically because the Gauss
elimination in Sec. 7.3 requires fewer computations.)

Existence of the Inverse

The inverse A~ of an n X n matrix A exists if and only if rank A = n, thus (by
Theorem 3, Sec. 7.7) if and only if det A # 0. Hence A is nonsingular ifrank A = n,
and is singular if rank A < n.
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Let A be a given n X n matrix and consider the linear system
2 Ax = b.

If the inverse A™! exists, then multiplication from the left on both sides and use of (1)
gives

A 'Ax = x = A7 'p.

This shows that (2) has a solution x, which is unique because, for another solution u, we
have Au = b, so that u = A™'b = x. Hence A must have rank 7 by the Fundamental
Theorem in Sec. 7.5.

Conversely, let rank A = n. Then by the same theorem, the system (2) has a unique
solution x for any b. Now the back substitution following the Gauss elimination (Sec. 7.3)
shows that the components x; of x are linear combinations of those of b. Hence we can
write

3 x = Bb
with B to be determined. Substitution into (2) gives
Ax = ABb) = (AB)b=Cb =b (C = AB)
for any b. Hence C = AB = I, the unit matrix. Similarly, if we substitute (2) into (3) we get
x = Bb = B(Ax) = (BA)x

for any x (and b = Ax). Hence BA = L. Together, B = A™" exists. [ |

Determination of the Inverse by the
Gauss—Jordan Method

To actually determine the inverse Al of a nonsingular » X n matrix A, we can use a
variant of the Gauss elimination (Sec. 7.3), called the Gauss—Jordan elimination.® The
idea of the method is as follows.

Using A, we form n linear systems

Axpy=eqy, 1, AXy) = eqy

where the vectors ey, -+, e, are the columns of the n X n unit matrix I; thus,
en=1[1 0 - 0] egy=[0 1 0 --- 0], etc. These are n vector equations
in the unknown vectors Xy, ", X¢,). We combine them into a single matrix equation

SWILHELM JORDAN (1842-1899), German geodesist and mathematician. He did important geodesic work
in Africa, where he surveyed oases. [See Althoen, S.C. and R. McLaughlin, Gauss—Jordan reduction: A brief
history. American Mathematical Monthly, Vol. 94, No. 2 (1987), pp. 130-142.]

We do not recommend it as a method for solving systems of linear equations, since the number of operations
in addition to those of the Gauss elimination is larger than that for back substitution, which the Gauss—Jordan
elimination avoids. See also Sec. 20.1.
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AX = I, with the unknown matrix X having the columns X3, * - * , X(,). Correspondingly,
we combine the n augmented matrices [A ey, -, [A  euy] into one wide n X 2n
“augmented matrix” A = [A I]. Now multiplication of AX = I by A™* from the left
gives X = A1 = AL Hence, to solve AX =1 for X, we can apply the Gauss
elimination to A = [A  T]. This gives a matrix of the form [U H] with upper triangular
U because the Gauss elimination triangularizes systems. The Gauss—Jordan method
reduces U by further elementary row operations to diagonal form, in fact to the unit matrix
I. This is done by eliminating the entries of U above the main diagonal and making the
diagonal entries all 1 by multiplication (see Example 1). Of course, the method operates
on the entire matrix [U H], transforming H into some matrix K, hence the entire [U H]
to [I K]. This is the “augmented matrix” of IX = K. Now IX = X = A™!, as shown
before. By comparison, K = A1, so that we can read A™1 directly from [I K].
The following example illustrates the practical details of the method.

Finding the Inverse of a Matrix by Gauss—Jordan Elimination

Determine the inverse A™1 of

Solution. We apply the Gauss elimination (Sec. 7.3) to the following n X 2n = 3 X 6 matrix, where BLUE
always refers to the previous matrix.

(-1 1 2 1 0 0]
A II=| 3 -1 1 0 1 0
-1 3 4 o o 1]
(-1 1 2 1 0 0]
0 2 7 3 1 0| Row2 + 3Row 1l
Lo 2 2l -1 0 1] Row3 - Rowl
(-1 1 27 1 0 o0
o 2 71 3 1 0
. 0 0 -5 -4 -1 1| Row3 — Row?2

This is [U H] as produced by the Gauss elimination. Now follow the additional Gauss—Jordan steps, reducing
U to I, that is, to diagonal form with entries 1 on the main diagonal.

_1 -1 =2 —1 0 0 ] —Row 1
0 1 35 15 05 0 | 05Row2
0o o0 1 08 02 —02| —02Row3
(1 -1 o0 06 04 —04| Rowl +2Row3
0 1 0] -13 —02 07| Row2-35Row3
0 o 1 08 02 -02]
(1 0 0| —07 02 03] Rowl +Row2
1 0] -13 -02 07
0 0 1 08 02 -02]
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The last three columns constitute A~%. Check:

-1 1 2 -0.7 0.2 0.3 1 0 0

3 -1 1||-13 -02 o07|=|0 1 0]
-1 3 4 08 02 -02 0 0 1
Hence AA™! = 1. Similarly, A™!A = L [ |

Formulas for Inverses

Since finding the inverse of a matrix is really a problem of solving a system of linear
equations, it is not surprising that Cramer’s rule (Theorem 4, Sec. 7.7) might come into
play. And similarly, as Cramer’s rule was useful for theoretical study but not for
computation, so too is the explicit formula (4) in the following theorem useful for
theoretical considerations but not recommended for actually determining inverse matrices,
except for the frequently occurring 2 X 2 case as given in (4%*).

Inverse of a Matrix by Determinants

The inverse of a nonsingular n X n matrix A = [aj] is given by

Cii Cy Cn1
1 1 Ciz Ca Cn2
@) e[| = —— =
det A det A . . . .
_Cln C2n Cnn_

where Cj is the cofactor of aj in det A (see Sec. 7.7). (CAUTION! Note well that
in A1, the cofactor Cjj; occupies the same place as ay; (not aj) does in A.)
In particular, the inverse of
_012]
an

arz asz
] is A1 !
We denote the right side of (4) by B and show that BA = 1. We first write

ar

@ A=

ags det A

asy —dz1

5) BA = G = [gx]

and then show that G = I. Now by the definition of matrix multiplication and because of
the form of B in (4), we obtain (CAUTION! Cg, not Cyg)

Csk
6 = S L=
(6) 8kl 211 det A %t

1
m(aucm + o+ aCar).
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Now (9) and (10) in Sec. 7.7 show that the sum (---) on the right is D = det A when
[ = k, and is zero when [ # k. Hence

=——detA =1,
8k = et A °°
8kl = 0 (l * k)
In particular, for n = 2 we have in (4), in the first row, C11; = dsgg, C21 = —ajg and,
in the second row, C19 = —agy, Coo = ayp1. This gives (4%). |

The special case n = 2 occurs quite frequently in geometric and other applications. You
may perhaps want to memorize formula (4¥). Example 2 gives an illustration of (4*).

Inverse of a 2 X 2 Matrix by Determinants

3 1 1 4 -1 04 —0.1
A= D ATl=— = [ |
2 4 10]—2 3 -02 03
Further Illustration of Theorem 2
Using (4), find the inverse of
-1 1 2
A= 3 -1 1
-1 3 4

Solution. We obtain detA = —1(=7) — 1 - 13 + 2 - 8 = 10, and in (4),

-1 1 1 2 1 2
Ci1 = = -1, Co1 = — =2, C31 = =3,
3 4 3 4 -1 1
3 1 -1 2 -1 2
C12 = — = —13, sz = = -2, C32 = - =1,
-1 4 -1 4 3 1
3 -1 -1 1 -1 1
Ci3 = =38, Coz = — =2, Cs= = -2,
-1 3 -1 3 -1
so that by (4), in agreement with Example 1,
-0.7 0.2 0.3
Al=-13 -02 07| |
0.8 02 -02

Diagonal matrices A = [aji], aj. = 0 when j # k, have an inverse if and only if all

a;; # 0. Then A lis diagonal, too, with entries 1/ayy, -, 1/apy.
For a diagonal matrix we have in (4)
Cu1 asg " Ay 1
— == efc. u
D apidge " dpp ail
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Inverse of a Diagonal Matrix

Let

—-05 0 0
A=| 0 4 0.
0 0 1

Then we obtain the inverse A™! by inverting each individual diagonal element of A, that is, by taking 1/(—0.5), é,
and } as the diagonal entries of A™%, that is,

-2 0 0
Al=| 0 025 o0 [ |
0 0 1

Products can be inverted by taking the inverse of each factor and multiplying these
inverses in reverse order,

) (AO)"l=cCc AL

Hence for more than two factors,

®) (AC---PQ) ' =Q7pt...c 1AL

The idea is to start from (1) for AC instead of A, that is, AC(AC)_1 = 1, and multiply
it on both sides from the left, first by A_l, which because of AT'A =1 gives

ATACAC)™ ! = cAO)™!
=Al=A"1

and then multiplying this on both sides from the left, this time by C~' and by using
clc=1

c'cA0) ' =@A0) =cATL
This proves (7), and from it, (8) follows by induction. [ |
We also note that the inverse of the inverse is the given matrix, as you may prove,
©) A™H ™ = A
Unusual Properties of Matrix Multiplication.

Cancellation Laws

Section 7.2 contains warnings that some properties of matrix multiplication deviate from
those for numbers, and we are now able to explain the restricted validity of the so-called
cancellation laws [2] and [3] below, using rank and inverse, concepts that were not yet

crackbitswilp.in
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available in Sec. 7.2. The deviations from the usual are of great practical importance and
must be carefully observed. They are as follows.

[1] Matrix multiplication is not commutative, that is, in general we have
AB # BA.
[2] AB = 0 does not generally imply A = 0 or B = 0 (or BA = 0); for example,
1 1]-1 1 0 0
L 2” 1 —1] B L 0]'
[3] AC = AD does not generally imply C = D (even when A # 0).

Complete answers to [2] and [3] are contained in the following theorem.

Cancellation Laws
Let A, B, C be n X n matrices. Then:
(a) Ifrank A = n and AB = AC, then B = C.

(b) Ifrank A = n, then AB = 0 implies B = 0. Hence if AB = 0, but A # 0
as well as B # 0, then rank A < n and rank B < n.

(¢) If A is singular, so are BA and AB.

(a) The inverse of A exists by Theorem 1. Multiplication by A™" from the left gives
AT'AB = A™'AC, hence B = C.

(b) Let rank A = n. Then A~ exists, and AB = 0 implies A"*AB = B = 0. Similarly
when rank B = n. This implies the second statement in (b).

(c1) Rank A < n by Theorem 1. Hence Ax = 0 has nontrivial solutions by Theorem 2
in Sec. 7.5. Multiplication by B shows that these solutions are also solutions of BAx = 0,
so that rank (BA) < n by Theorem 2 in Sec. 7.5 and BA is singular by Theorem 1.

(c2) AT is singular by Theorem 2(d) in Sec. 7.7. Hence BTA is singular by part (c;),
and is equal to (AB)T by (10d) in Sec. 7.2. Hence AB is singular by Theorem 2(d) in
Sec. 7.7. |

Determinants of Matrix Products

The determinant of a matrix product AB or BA can be written as the product of the
determinants of the factors, and it is interesting that det AB = det BA, although AB # BA
in general. The corresponding formula (10) is needed occasionally and can be obtained
by Gauss—Jordan elimination (see Example 1) and from the theorem just proved.

Determinant of a Product of Matrices

For any n X n matrices A and B,

10) det (AB) = det (BA) = det A det B.
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If A or B is singular, so are AB and BA by Theorem 3(c), and (10) reduces to 0 = 0 by
Theorem 3 in Sec. 7.7.

Now let A and B be nonsingular. Then we can reduce A to a diagonal matrix A= [aji]
by Gauss—Jordan steps. Under these operations, det A retains its value, by Theorem 1 in
Sec. 7.7, (a) and (b) [not (c)] except perhaps for a sign reversal in row interchanging when
pivoting. But the same operations reduce AB to AB with the same effect on det (AB).
Hence it remains to prove (10) for AB; written out,

a, 0 -+ 0 bi1 b2 bin
R 0 do2 0 bo1  bap boy
AB =
L 0 0 &'nn_ _b'nl bn2 bn'n_
aith1r  dnbie a11b1n
Ggobo1  dgobas Qz9boy,
_&'nnbnl &'nnbn2 &nnbnn_

We now take the determinant det (AB). On the right we can take out a factor dq; from

the first row, dgs from the second, - - -, d,,, from the nth. But this product @y1dss " * - dnyp
equals det A because A is diagonal. The remaining determinant is det B. This proves (10)
for det (AB), and the proof for det (BA) follows by the same idea. |

This completes our discussion of linear systems (Secs. 7.3—-7.8). Section 7.9 on vector
spaces and linear transformations is optional. Numeric methods are discussed in Secs.
20.1-20.4, which are independent of other sections on numerics.

PROBLEM SET 7.8

INVERSE _0 1 0_ _1 2 3
Find the inverse by Gauss-Jordan (or by (4*) if n = 2).
Check by using (1). 741000 8.14 5 6
1.80 —2.32 cos 20  sin 20 [0 0 1] L7 8 9
1. r . r o2 1 2
—-0.25 0.60 —sin 20  cos 260 0 8 0 3 3 3
[03 —01 05 [0 0 0.1 9.0 0 4 0.(-2 2 1
3.2 6 4 410 -04 O 2 0 0] | 5 3 -3
E 0 9 |25 0
B 0 0 M4 0 0 11-18| SOME GENERAL FORM2UL1AS .
11. Inverse of the square. Verify (A”)"" = (A” )" for A
5.12 1 0 6. 0 8§ 13 in Prob. 1.
|5 4 1 L 0 3 5 12. Prove the formula in Prob. 11.

crackb

Iitswilp.in
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13. Inverse of the transpose. Verify (A)™1 = (A™1)7 for 18. Row interchange. Same task as in Prob. 16 for the

A in Prob. 1. matrix in Prob. 7.

14. Prove the formula in Prob. 13.

15. Inverse of the inverse. Prove that (A™1)™! = A. 19-20 | FORMULA (4)

16. Rotation. Give an application of the matrix in Prob. 2 Formula (4) is occasionally needed in theory. To understand
that makes the form of the inverse obvious. it, apply it and check the result by Gauss—Jordan:

17. Triangular matrix. Is the inverse of a triangular 19. In Prob. 3
matrix always triangular (as in Prob. 5)? Give reason. 20. In Prob. 6

1.9 Vector Spaces, Inner Product Spaces,
Linear Transformations Optional

DEFINITION

We have captured the essence of vector spaces in Sec. 7.4. There we dealt with special
vector spaces that arose quite naturally in the context of matrices and linear systems. The
elements of these vector spaces, called vectors, satisfied rules (3) and (4) of Sec. 7.1
(which were similar to those for numbers). These special vector spaces were generated
by spans, that is, linear combination of finitely many vectors. Furthermore, each such
vector had n real numbers as components. Review this material before going on.

We can generalize this idea by taking all vectors with n real numbers as components
and obtain the very important real n-dimensional vector space R". The vectors are known
as “real vectors.” Thus, each vector in R" is an ordered n-tuple of real numbers.

Now we can consider special values for n. For n = 2, we obtain Rz, the vector space
of all ordered pairs, which correspond to the vectors in the plane. For n = 3, we obtain
R3, the vector space of all ordered triples, which are the vectors in 3-space. These vectors
have wide applications in mechanics, geometry, and calculus and are basic to the engineer
and physicist.

Similarly, if we take all ordered n-tuples of complex numbers as vectors and complex
numbers as scalars, we obtain the complex vector space C", which we shall consider in
Sec. 8.5.

Furthermore, there are other sets of practical interest consisting of matrices, functions,
transformations, or others for which addition and scalar multiplication can be defined in
an almost natural way so that they too form vector spaces.

It is perhaps not too great an intellectual jump to create, from the concrete model R",
the abstract concept of a real vector space V by taking the basic properties (3) and (4)
in Sec. 7.1 as axioms. In this way, the definition of a real vector space arises.

Real Vector Space

A nonempty set V of elements a, b, - - - is called a real vector space (or real linear
space), and these elements are called vectors (regardless of their nature, which will
come out from the context or will be left arbitrary) if, in V, there are defined two
algebraic operations (called vector addition and scalar multiplication) as follows.

I. Vector addition associates with every pair of vectors a and b of V a unique
vector of V, called the sum of a and b and denoted by a + b, such that the following
axioms are satisfied.
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1.1 Commutativity. For any two vectors a and b of V,
a+b=D>b+a
1.2 Associativity. For any three vectors a, b, ¢ of V,
@a+b)+c=a+((b+c (writtena + b + ¢).

I.3 There is a unique vector in V, called the zero vector and denoted by 0, such
that for every a in V,
a+0=a
I.4 For every a in V there is a unique vector in V that is denoted by —a and is
such that
a+ (—a)=0.
II. Scalar multiplication. The real numbers are called scalars. Scalar
multiplication associates with every a in V and every scalar ¢ a unique vector of V,
called the product of ¢ and a and denoted by ca (or ac) such that the following

axioms are satisfied.
I1.1 Distributivity. For every scalar ¢ and vectors a and b in V,

c(a+ b)=ca+ ch.

I1.2 Distributivity. For all scalars ¢ and k and every a in V,
(c + k)a = ca + ka.

I1.3 Associativity. For all scalars ¢ and k and every a in V,

c(ka) = (ck)a (written cka).
I1.4 For every ain V,

la

Il
®

If, in the above definition, we take complex numbers as scalars instead of real numbers,
we obtain the axiomatic definition of a complex vector space.

Take a look at the axioms in the above definition. Each axiom stands on its own: It
is concise, useful, and it expresses a simple property of V. There are as few axioms as
possible and together they express all the desired properties of V. Selecting good axioms
is a process of trial and error that often extends over a long period of time. But once
agreed upon, axioms become standard such as the ones in the definition of a real vector
space.
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The following concepts related to a vector space are exactly defined as those given in
Sec. 7.4. Indeed, a linear combination of vectors acy), - - -, agy) in a vector space V' is an
expression

caqy + 0+ cpan (c1," "+, Cpy any scalars).

These vectors form a linearly independent set (briefly, they are called linearly
independent) if

(D ciaqy + o+ e = 0

implies thatc; = 0, -, ¢;, = 0. Otherwise, if (1) also holds with scalars not all zero, the
vectors are called linearly dependent.

Note that (1) with m = 1 is ca = 0 and shows that a single vector a is linearly
independent if and only if a # 0.

V has dimension n, or is n-dimensional, if it contains a linearly independent set of n
vectors, whereas any set of more than n vectors in V is linearly dependent. That set of
n linearly independent vectors is called a basis for V. Then every vector in V can be
written as a linear combination of the basis vectors. Furthermore, for a given basis, this
representation is unique (see Prob. 2).

Vector Space of Matrices

The real 2 X 2 matrices form a four-dimensional real vector space. A basis is

1 0 0 1 0 0 0 0
, B = , Ba1 = , Bop =
0 0 0 0 0

1
because any 2 X 2 matrix A = [aji] has a unique representation A = a;1By1 + a19B12 + a21Ba; + agoBoo.
Similarly, the real m X n matrices with fixed m and n form an mn-dimensional vector space. What is the
dimension of the vector space of all 3 X 3 skew-symmetric matrices? Can you find a basis? [ |

By =

Vector Space of Polynomials

The set of all constant, linear, and quadratic polynomials in x together is a vector space of dimension 3 with
basis {1, x, 2} under the usual addition and multiplication by real numbers because these two operations give
polynomials not exceeding degree 2. What is the dimension of the vector space of all polynomials of degree
not exceeding a given fixed n? Can you find a basis? |

If a vector space V contains a linearly independent set of n vectors for every n, no matter
how large, then V is called infinite dimensional, as opposed to a finite dimensional
(n-dimensional) vector space just defined. An example of an infinite dimensional vector
space is the space of all continuous functions on some interval [a, b] of the x-axis, as we
mention without proof.

Inner Product Spaces

If a and b are vectors in R", regarded as column vectors, we can form the product a'b.
This is a 1 X 1 matrix, which we can identify with its single entry, that is, with a number.
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This product is called the inner product or dot product of a and b. Other notations for
it are (a, b) and a ¢ b. Thus

by

n
aTb=(a,b)=a'b=[a1"'an]f ZZQLbl:alb1+"'+anbn-
i=1
bo|

We now extend this concept to general real vector spaces by taking basic properties of
(a, b) as axioms for an “abstract inner product” (a, b) as follows.

DEFINITION Real Inner Product Space

A real vector space V is called a real inner product space (or real pre-Hilbert*
space) if it has the following property. With every pair of vectors a and b in V there
is associated a real number, which is denoted by (a, b) and is called the inner
product of a and b, such that the following axioms are satisfied.

I. For all scalars ¢g; and ¢, and all vectors a, b, ¢cin V,
(q1a + gsb, ¢) = g1(a, ¢) + go(b, ©) (Linearity).
II. For all vectors a and b in V,
(a, b) = (b, a) (Symmetry).
III. For every a in V,

(a,a) =0,
(Positive-definiteness).
(a,a) =0 ifandonlyif a=20

Vectors whose inner product is zero are called orthogonal.
The length or norm of a vector in V is defined by

2 la] = V(a,a) (= 0).

A vector of norm 1 is called a unit vector.

4DAVID HILBERT (1862-1943), great German mathematician, taught at Kénigsberg and Gottingen and was
the creator of the famous Géottingen mathematical school. He is known for his basic work in algebra, the calculus
of variations, integral equations, functional analysis, and mathematical logic. His “Foundations of Geometry”
helped the axiomatic method to gain general recognition. His famous 23 problems (presented in 1900 at the
International Congress of Mathematicians in Paris) considerably influenced the development of modern
mathematics.

If V is finite dimensional, it is actually a so-called Hilbert space; see [GenRef7], p. 128, listed in App. 1.
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EXAMPLE 3

EXAMPLE 4

From these axioms and from (2) one can derive the basic inequality
(3) l(a,b)| = |la|||b|  (Cauchy-Schwarz® inequality).
From this follows
4) [a + b| = |a] + |b] (Triangle inequality).
A simple direct calculation gives

5) la+b|>+[la—b|?=2(al?+|b|> (Parallelogram equality).

n-Dimensional Euclidean Space

R™ with the inner product
(©6) (@,b)=a'b=ab; + - + amb,

(where both a and b are column vectors) is called the n-dimensional Euclidean space and is denoted by E™ or
again simply by R". Axioms I-III hold, as direct calculation shows. Equation (2) gives the “Euclidean norm”

@ la] = Via.a) = VaTa = VaZ + - + a2, -

An Inner Product for Functions. Function Space

The set of all real-valued continuous functions f(x), g(x), ---on a given interval = x = 3 is a real vector
space under the usual addition of functions and multiplication by scalars (real numbers). On this “function
space” we can define an inner product by the integral

B
®) (f. o) = J J(x) g (x) dx.

a

Axioms I-III can be verified by direct calculation. Equation (2) gives the norm

B
© = Virh= W m

Our examples give a first impression of the great generality of the abstract concepts of
vector spaces and inner product spaces. Further details belong to more advanced courses
(on functional analysis, meaning abstract modern analysis; see [GenRef7] listed in App.
1) and cannot be discussed here. Instead we now take up a related topic where matrices
play a central role.

Linear Transformations

Let X and Y be any vector spaces. To each vector x in X we assign a unique vector y in
Y. Then we say that a mapping (or transformation or operator) of X into Y is given.
Such a mapping is denoted by a capital letter, say F. The vector y in Y assigned to a vector
x in X is called the image of x under F and is denoted by F (x) [or FXx, without parentheses].

SHERMANN AMANDUS SCHWARZ (1843-1921). German mathematician, known by his work in complex
analysis (conformal mapping) and differential geometry. For Cauchy see Sec. 2.5.



314

CHAP. 7 Linear Algebra: Matrices, Vectors, Determinants. Linear Systems

F is called a linear mapping or linear transformation if, for all vectors v and x in X
and scalars c,

(10) F(v+x)=F() + F(x)
F(cx) = cF(x).

Linear Transformation of Space R" into Space R™

From now on we let X = R™ and Y = R™. Then any real m X n matrix A = [ajx] gives
a transformation of R" into R™,

1n y = Ax.

Since A(u + x) = Au + Ax and A(cx) = cAx, this transformation is linear.

We show that, conversely, every linear transformation F of R™ into R™ can be given
in terms of an m X n matrix A, after a basis for R" and a basis for R”* have been chosen.
This can be proved as follows.

Let €y, -+, €¢yy be any basis for R™. Then every x in R™ has a unique representation

X = X1€) + -+ Xn€m)-
Since F is linear, this representation implies for the image F(x):
F(x) = F(x1eq) + =+ + xpem) = x1F(eqy) + -+ + xp,F (eqy).

Hence F is uniquely determined by the images of the vectors of a basis for R". We now
choose for R™ the “standard basis”

1] 0] 0]

0 1 0
(12) e =0 ex=|0 -, ew=|0

0 0 1

where ey has its jth component equal to 1 and all others 0. We show that we can now
determine an m X n matrix A = [a;i] such that for every x in R" and image y = F(x) in
R™,

y = F(x) = Ax.

@ _

Indeed, from the image y F(e()) of e1y we get the condition

16D

1 ajy 0 a | |1

@

y2 agy - agy | |0
y O = _

am1 " Amm || 0
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EXAMPLE 5

EXAMPLE 6

from which we can determine the first column of A, namely a;; = y(ll) , g1 = y(zl) ,
am1 = y%). Similarly, from the image of e, we get the second column of A, and so on.
This completes the proof. |

We say that A represents F, or is a representation of F, with respect to the bases for R"
and R™. Quite generally, the purpose of a “representation” is the replacement of one
object of study by another object whose properties are more readily apparent.

In three-dimensional Euclidean space E ® the standard basis is usually written ey, = i,
€2 = j, €3 = k. ThllS,

1 0 0
(13) i=(of, j=|1] k=]o0
0 0 1

These are the three unit vectors in the positive directions of the axes of the Cartesian
coordinate system in space, that is, the usual coordinate system with the same scale of
measurement on the three mutually perpendicular coordinate axes.

Linear Transformations

Interpreted as transformations of Cartesian coordinates in the plane, the matrices

R O

represent a reflection in the line xo = xj, a reflection in the xj-axis, a reflection in the origin, and a stretch
(when a > 1, or a contraction when 0 < a < 1) in the x;-direction, respectively. |

Linear Transformations

Our discussion preceding Example 5 is simpler than it may look at first sight. To see this, find A representing
the linear transformation that maps (x1, xs) onto (2x; — 5xg, 3x7 + 4x9).

Solution. Obviously, the transformation is

1= 2x1 — S5x3
yo = 3x1 + 4xs.

From this we can directly see that the matrix is

Y1 2 =51|x 1
Check: = =
Y2 3 4 X9

If A in (11) is square, n X n, then (11) maps R" into R™. If this A is nonsingular, so that
A1 exists (see Sec. 7.8), then multiplication of (11) by A~ from the left and use of
ATIA =1 gives the inverse transformation

2 -5 2X1 - 5X2

A= . |

3 4 3xp + iy

(14) x = A"ly.

It maps every y = yg onto that x, which by (11) is mapped onto yq. The inverse of a linear
transformation is itself linear, because it is given by a matrix, as (14) shows.
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Composition of Linear Transformations

We want to give you a flavor of how linear transformations in general vector spaces work.
You will notice, if you read carefully, that definitions and verifications (Example 7) strictly
follow the given rules and you can think your way through the material by going in a
slow systematic fashion.

The last operation we want to discuss is composition of linear transformations. Let X,
Y, W be general vector spaces. As before, let F be a linear transformation from X to Y.
Let G be a linear transformation from W to X. Then we denote, by H, the composition
of F and G, that is,

H=F°G=FG = F(G),

which means we take transformation G and then apply transformation F to it (in that
order!, i.e. you go from left to right).

Now, to give this a more concrete meaning, if we let w be a vector in W, then G (w)
is a vector in X and F (G (w)) is a vector in Y. Thus, H maps W to Y, and we can write

5) H(w) = (F° G) (W) = (FG) (W) = F(G(W)),

which completes the definition of composition in a general vector space setting. But is
composition really linear? To check this we have to verify that H, as defined in (15), obeys
the two equations of (10).

The Composition of Linear Transformations Is Linear
To show that H is indeed linear we must show that (10) holds. We have, for two vectors wy, wg in W,
H(wy + wp) = (F° G)(wy + Wa)

= F(G(wy + W2))

= F(G(w1) + G(wa) (by linearity of G)
= F(G(wy) + F(G(wg) (by linearity of F)
= (F° G)(wp) + (F° G)(Wy) (by (15))

= H(wy) + H(ws) (by definition of H).

Similarly, H(cwg) = (F ° G)(cwg) = F(G(cwg)) = F(c(G(ws))
= cF(G (W) = c¢(F ° G)(Ws) = cH(Ws). [ |

We defined composition as a linear transformation in a general vector space setting and
showed that the composition of linear transformations is indeed linear.

Next we want to relate composition of linear transformations to matrix multiplication.

Todo soweletX = R", Y = R™, and W = RP. This choice of particular vector spaces
allows us to represent the linear transformations as matrices and form matrix equations,
as was done in (11). Thus F can be represented by a general real m X n matrix A = [aj]
and G by an n X p matrix B = [bj;.]. Then we can write for F, with column vectors x
with n entries, and resulting vector y, with m entries

(16) y = Ax
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and similarly for G, with column vector w with p entries,

a7 x = Bw.

Substituting (17) into (16) gives

(18) y = Ax = A(Bw) = (AB)w = ABw = Cw where C = AB.
This is (15) in a matrix setting, this is, we can define the composition of linear transfor-
mations in the Euclidean spaces as multiplication by matrices. Hence, the real m X p
matrix C represents a linear transformation H which maps R? to R" with vector w, a

column vector with p entries.

Remarks. Our discussion is similar to the one in Sec. 7.2, where we motivated the
“unnatural” matrix multiplication of matrices. Look back and see that our current, more
general, discussion is written out there for the case of dimensionm = 2,n = 2,andp = 2.
(You may want to write out our development by picking small distinct dimensions, such
asm = 2,n =3, and p = 4, and writing down the matrices and vectors. This is a trick
of the trade of mathematicians in that we like to develop and test theories on smaller
examples to see that they work.)

Linear Transformations. Composition

In Example 5 of Sec. 7.9, let A be the first matrix and B be the fourth matrix with @ > 1. Then, applying B to
a vector w = [w; ws]', stretches the element wy by a in the xj direction. Next, when we apply A to the
“stretched” vector, we reflect the vector along the line x; = xo, resulting in a vector y = [wy awl]T. But this
represents, precisely, a geometric description for the composition H of two linear transformations F' and G
represented by matrices A and B. We now show that, for this example, our result can be obtained by
straightforward matrix multiplication, that is,

0o 1][a o] Jo 1
AB = =
1 0jlo 1] |a 0
and as in (18) calculate
0 1 wl- [ Wo
ABw = = )
a 0] |ws] L awy

which is the same as before. This shows that indeed AB = C, and we see the composition of linear
transformations can be represented by a linear transformation. It also shows that the order of matrix multiplication
is important (!). You may want to try applying A first and then B, resulting in BA. What do you see? Does it
make geometric sense? Is it the same result as AB? [ |

We have learned several abstract concepts such as vector space, inner product space,
and linear transformation. The introduction of such concepts allows engineers and
scientists to communicate in a concise and common language. For example, the concept
of a vector space encapsulated a lot of ideas in a very concise manner. For the student,
learning such concepts provides a foundation for more advanced studies in engineering.

This concludes Chapter 7. The central theme was the Gaussian elimination of Sec. 7.3
from which most of the other concepts and theory flowed. The next chapter again has a
central theme, that is, eigenvalue problems, an area very rich in applications such as in
engineering, modern physics, and other areas.
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1. Basis. Find three bases of R2.

2. Uniqueness. Show that the representation v = cja(y)
+ -+ + cpag, of any given vector in an n-dimensional
vector space V in terms of a given basis a1y, -+, agy,)
for V is unique. Hint. Take two representations and
consider the difference.

VECTOR SPACE

(More problems in Problem Set 9.4.) Is the given set, taken
with the usual addition and scalar multiplication, a vector
space? Give reason. If your answer is yes, find the dimen-
sion and a basis.
3. All vectors in R® satisfying —v; + 2vy + 3v3 = 0,
—4v1 + vy + v3 = 0.
4. All skew-symmetric 3 X 3 matrices.
5. All polynomials in x of degree 4 or less with
nonnegative coefficients.
6. All functions y(x) = a cos 2x + b sin 2x with arbitrary
constants a and b.
7. All functions y(x) = (ax + b)e” " with any constant a
and b.
8. All n X n matrices A with fixed n and det A = 0.
9. All 2 X 2 matrices [aj] with ay; + agy = 0.
10. All 3 X 2 matrices [aj] with first column any multiple
of(3 0 -5I".

LINEAR TRANSFORMATIONS

Find the inverse transformation. Show the details.
11. y1 = 0.5}61 - 0.5)62 12. y1 = 3.X1 + 2)62

Yo = l.5x1 - 2.SX2 Yo = 4)61 + X9

1. What properties of matrix multiplication differ from
those of the multiplication of numbers?

2. Let Abea 100 X 100 matrix and B a 100 X 50 matrix.
Are the following expressions defined or not? A + B,
A%, B2 AB, BA, AA", B'A, B'B, BB", B'AB. Give
reasons.

3. Are there any linear systems without solutions? With
one solution? With more than one solution? Give
simple examples.

4. Let C be 10 X 10 matrix and a a column vector with
10 components. Are the following expressions defined
or not? Ca, C'a, Ca", aC, a"C, (CaT)T.

PROBLEM SET 7.9

13. y; = 5x1 + 3x9 — 3x3
yo = 3x1 + 2x9 — 2x3
y3 = 2x1 — X9 t 2x3
14. y; = 0.2x1 — 0.1x5
Yo = — 0.2x9 + 0.1x3

y3 = 0.1)(,'1 + 01)63

15-20 | EUCLIDEAN NORM

Find the Euclidean norm of the vectors:

15.[3 1 —4]7 16. [3 3 -3 i
1771 0 o 1 -1 o0 -1 17
8. [-4 8 —1]" 9.2 2 1 o
20.5 3 3 3l

21-25| [INNER PRODUCT. ORTHOGONALITY
21. Orthogonality. For what value(s) of k are the vectors
[2 3 —4 0]"and[5 k 0 %7 orthogonal?
22. Orthogonality. Find all vectors in R® orthogonal to
[2 0 1]. Do they form a vector space?

23. Triangle inequality. Verify (4) for the vectors in
Probs. 15 and 18.

24. Cauchy-Schwarz inequality. Verify (3) for the
vectors in Probs. 16 and 19.

25. Parallelogram equality. Verify (5) for the first two
column vectors of the coefficient matrix in Prob. 13.

CHAPTER 7 REVIEW QUESTIONS AND PROBLEMS

5. Motivate the definition of matrix multiplication.
6. Explain the use of matrices in linear transformations.

7. How can you give the rank of a matrix in terms of row
vectors? Of column vectors? Of determinants?

8. What is the role of rank in connection with solving
linear systems?

9. What is the idea of Gauss elimination and back
substitution?

10. What is the inverse of a matrix? When does it exist?
How would you determine it?

crackbitswilp.in
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11-20| MATRIX AND VECTOR CALCULATIONS 27. x+2y= 6
Showing the details, calculate the following expressions or 3x+5y= 20
give reason why they are not defined, when
B —4x + y=-42
3oL 3 0 4 1 28 -8 +2=1
A=| 1 4 2, B=|—-4 0 -2, 6y + 4z =3
oz -to200 2r+2y =2
2 7 29-32| RANK
u= 0, v=|-3 Determine the ranks of the coefficient matrix and the
augmented matrix and state how many solutions the linear
=3 L 3 system will have.
11. AB, BA 12. AT, BT 29. In Prob. 23
13. Au, uTA 14. uTV’ — 30. In Prob. 24
15. uTAu’ vIBv 16. A‘l, B! 31. In Prob. 27

17. det A, det A, (detA)?, detB 32. In Prob. 26

18. (A7, A™hH? 19. AB — BA 33-35| NETWORKS
T T
20. (A + AHB — B) Find the currents.
21-28| LINEAR SYSTEMS 33. 20 Q
Showing the details, find all solutions or indicate that no
solution exists. I3
21. 4y + z=0 — W\
I 2. 10Q
12x — 5y — 3z =34 ! |
{1
—6x +4z=238 1oV
22. 5x =3y + z=17

23.

2x+3y— z=0
8 +9y —3z=2
9x + 3y — 62 = 60
2x— 4y +8z2= 4

24, —6x +39y — 9z = —12
2x — 13y +3z= 4
25. 03x — 0.7y + 1.3z = 3.24
0.9y — 0.8z = —2.53
0.7z = 1.19

26. 2x+3y— Tz=3

—4x — 6y + 14z =7

crackbitswilp.in
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SUMMARY OF CHAPTER 7

Linear Algebra: Matrices, Vectors, Determinants.
Linear Systems

An m X n matrix A = [aj] is a rectangular array of numbers or functions
(“entries,” “elements”) arranged in m horizontal rows and n vertical columns. If
m = n, the matrix is called square. A 1 X n matrix is called a row vector and an
m X 1 matrix a column vector (Sec. 7.1).

The sum A + B of matrices of the same size (i.e., both m X n) is obtained by
adding corresponding entries. The product of A by a scalar ¢ is obtained by
multiplying each aj;, by ¢ (Sec. 7.1).

The product C = AB of an m X n matrix A by an r X p matrix B = [b;] is
defined only when r = n, and is the m X p matrix C = [¢j,] with entries

(1) by + b2 + + b (rowj of A times
Cil. = a; a; e a;
e g column k of B).

This multiplication is motivated by the composition of linear transformations
(Secs. 7.2, 7.9). It is associative, but is not commutative: if AB is defined, BA may
not be defined, but even if BA is defined, AB # BA in general. Also AB = 0 may
not imply A = 0 or B = 0 or BA = 0 (Secs. 7.2, 7.8). Illustrations:

O
M SR
ol ool

The transpose A" of a matrix A = [aj,] is AT = [ay;]; rows become columns
and conversely (Sec. 7.2). Here, A need not be square. If it is and A = A", then A
is called symmetric; if A = —AT, it is called skew-symmetric. For a product,
(AB)" = BTAT (Sec. 7.2).

A main application of matrices concerns linear systems of equations

2) Ax=Db (Sec. 7.3)

(m equations in n unknowns x1, - - -, X,,; A and b given). The most important method
of solution is the Gauss elimination (Sec. 7.3), which reduces the system to
“triangular” form by elementary row operations, which leave the set of solutions
unchanged. (Numeric aspects and variants, such as Doolittle’s and Cholesky’s
methods, are discussed in Secs. 20.1 and 20.2.)

crackbitswilp.in



Summary of Chapter 7

321

Cramer’s rule (Secs. 7.6, 7.7) represents the unknowns in a system (2) of n
equations in n unknowns as quotients of determinants; for numeric work it is
impractical. Determinants (Sec. 7.7) have decreased in importance, but will retain
their place in eigenvalue problems, elementary geometry, etc.

The inverse A~ of a square matrix satisfies AA™! = A™!A = I It exists if and
only if det A # 0. It can be computed by the Gauss—Jordan elimination (Sec. 7.8).

The rank r of a matrix A is the maximum number of linearly independent rows
or columns of A or, equivalently, the number of rows of the largest square submatrix
of A with nonzero determinant (Secs. 7.4, 7.7).

The system (2) has solutions if and only if rank A = rank [A b], where [A b]
is the augmented matrix (Fundamental Theorem, Sec. 7.5).

The homogeneous system

3) Ax =0

has solutions x # 0 (“nontrivial solutions”) if and only if rank A < n, in the case
m = n equivalently if and only if det A = 0 (Secs. 7.6, 7.7).

Vector spaces, inner product spaces, and linear transformations are discussed in
Sec. 7.9. See also Sec. 7.4.
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CHAPTER 8

Linear Algebra:
Matrix Eigenvalue Problems

A matrix eigenvalue problem considers the vector equation
N Ax = AX.

Here A is a given square matrix, A an unknown scalar, and x an unknown vector. In a
matrix eigenvalue problem, the task is to determine A’s and x’s that satisfy (1). Since
x = 0 is always a solution for any A and thus not interesting, we only admit solutions
with x # 0.

The solutions to (1) are given the following names: The A’s that satisfy (1) are called
eigenvalues of A and the corresponding nonzero x’s that also satisfy (1) are called
eigenvectors of A.

From this rather innocent looking vector equation flows an amazing amount of relevant
theory and an incredible richness of applications. Indeed, eigenvalue problems come up
all the time in engineering, physics, geometry, numerics, theoretical mathematics, biology,
environmental science, urban planning, economics, psychology, and other areas. Thus, in
your career you are likely to encounter eigenvalue problems.

We start with a basic and thorough introduction to eigenvalue problems in Sec. 8.1 and
explain (1) with several simple matrices. This is followed by a section devoted entirely
to applications ranging from mass—spring systems of physics to population control models
of environmental science. We show you these diverse examples to train your skills in
modeling and solving eigenvalue problems. Eigenvalue problems for real symmetric,
skew-symmetric, and orthogonal matrices are discussed in Sec. 8.3 and their complex
counterparts (which are important in modern physics) in Sec. 8.5. In Sec. 8.4 we show
how by diagonalizing a matrix, we obtain its eigenvalues.

COMMENT. Numerics for eigenvalues (Secs. 20.6-20.9) can be studied immediately
after this chapter.

Prerequisite: Chap. 7.
Sections that may be omitted in a shorter course: 8.4, 8.5.
References and Answers to Problems: App. 1 Part B, App. 2.
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The following chart identifies where different types of eigenvalue problems appear in the

book.
Topic Where to find it
Matrix Eigenvalue Problem (algebraic eigenvalue problem) Chap. 8
Eigenvalue Problems in Numerics Secs. 20.6-20.9
Eigenvalue Problem for ODEs (Sturm-Liouville problems) Secs. 11.5, 11.6
Eigenvalue Problems for Systems of ODEs Chap. 4
Eigenvalue Problems for PDEs Secs. 12.3-12.11

8.1 The Matrix Eigenvalue Problem. Determining
Eigenvalues and Eigenvectors

Consider multiplying nonzero vectors by a given square matrix, such as

6 3|5 33 6 3|3 30

b}

4 701 |27 4 74 40 |

We want to see what influence the multiplication of the given matrix has on the vectors.
In the first case, we get a totally new vector with a different direction and different length
when compared to the original vector. This is what usually happens and is of no interest
here. In the second case something interesting happens. The multiplication produces a
vector [30 40]T =103 4]T, which means the new vector has the same direction as
the original vector. The scale constant, which we denote by A is 10. The problem of
systematically finding such A’s and nonzero vectors for a given square matrix will be the
theme of this chapter. It is called the matrix eigenvalue problem or, more commonly, the
eigenvalue problem.

We formalize our observation. Let A = [a;] be a given nonzero square matrix of
dimension n X n. Consider the following vector equation:

@ Ax = Ax.

The problem of finding nonzero x’s and A’s that satisfy equation (1) is called an eigenvalue
problem.

Remark. So A is a given square (!) matrix, X is an unknown vector, and A is an
unknown scalar. Our task is to find A’s and nonzero Xx’s that satisfy (1). Geometrically,
we are looking for vectors, x, for which the multiplication by A has the same effect as
the multiplication by a scalar A; in other words, Ax should be proportional to x. Thus,
the multiplication has the effect of producing, from the original vector x, a new vector
Ax that has the same or opposite (minus sign) direction as the original vector. (This was
all demonstrated in our intuitive opening example. Can you see that the second equation in
that example satisfies (1) with A = 10 and x = [3 4]", and A the given 2 X 2 matrix?
Write it out.) Now why do we require x to be nonzero? The reason is that x = 0 is
always a solution of (1) for any value of A, because A0 = 0. This is of no interest.
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We introduce more terminology. A value of A, for which (1) has a solution x # 0, is
called an eigenvalue or characteristic value of the matrix A. Another term for A is a latent
root. (“Eigen” is German and means “proper” or “characteristic.”’). The corresponding
solutions x # 0 of (1) are called the eigenvectors or characteristic vectors of A
corresponding to that eigenvalue A. The set of all the eigenvalues of A is called the
spectrum of A. We shall see that the spectrum consists of at least one eigenvalue and at
most of n numerically different eigenvalues. The largest of the absolute values of the
eigenvalues of A is called the spectral radius of A, a name to be motivated later.

How to Find Eigenvalues and Eigenvectors

Now, with the new terminology for (1), we can just say that the problem of determining
the eigenvalues and eigenvectors of a matrix is called an eigenvalue problem. (However,
more precisely, we are considering an algebraic eigenvalue problem, as opposed to an
eigenvalue problem involving an ODE or PDE, as considered in Secs. 11.5 and 12.3, or
an integral equation.)

Eigenvalues have a very large number of applications in diverse fields such as in
engineering, geometry, physics, mathematics, biology, environmental science, economics,
psychology, and other areas. You will encounter applications for elastic membranes,
Markov processes, population models, and others in this chapter.

Since, from the viewpoint of engineering applications, eigenvalue problems are the most
important problems in connection with matrices, the student should carefully follow our
discussion.

Example 1 demonstrates how to systematically solve a simple eigenvalue problem.

Determination of Eigenvalues and Eigenvectors

We illustrate all the steps in terms of the matrix

A=

Solution. (a) Eigenvalues. These must be determined first. Equation (1) is

-5 2 —5x1 + 2x9 = Axg

X1 X1
=\ ; in components,
X9 X9 2X1 - 2)(2 = /\Xg.

Transferring the terms on the right to the left, we get

Ax =

2 -2

(=5 — Mxq + 2xs9 =0
(2%)
2x1 + (=2 = Mxg = 0.

This can be written in matrix notation
(3%) (A—ADx =10

because (1) is Ax — Ax = Ax — AIx = (A — ADx = 0, which gives (3*). We see that this is a homogeneous
linear system. By Cramer’s theorem in Sec. 7.7 it has a nontrivial solution x # 0 (an eigenvector of A we are
looking for) if and only if its coefficient determinant is zero, that is,

-5\ 2
(4*) D) = det(A — AI) =

‘:(757,\)(727,\)74:)\2+7)\+6:0.
-2-2
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We call D(A) the characteristic determinant or, if expanded, the characteristic polynomial, and D(A) = 0

the characteristic equation of A. The solutions of this quadratic equation are A; = —1 and Ay = —6. These
are the eigenvalues of A.
(by) Eigenvector of A corresponding to A;. This vector is obtained from (2%) with A = A; = —1, that is,

—4x1 + 2x9 =0

2X1— X2:O.

A solution is xg = 2x1, as we see from either of the two equations, so that we need only one of them. This
determines an eigenvector corresponding to A; = —1 up to a scalar multiple. If we choose x; = 1, we obtain
the eigenvector

1 =5 21 -1
X1 = s Check: Axy = = = (—D)x1 = A\Xq.
2 2 =212 -2

(bs) Eigenvector of A corresponding to As. For A = g = —6, equation (2*) becomes

)C1+2X2=0

2x1 t 4x9 = 0.

A solution is xg = —x7/2 with arbitrary x;. If we choose x1 = 2, we get x5 = —1. Thus an eigenvector of A
corresponding to Ay = —6 is

2 =5 2 2 —12
Xy = , Check: Axg = = = (=6)x2 = AgX.
—1 2 =2 -1 6

For the matrix in the intuitive opening example at the start of Sec. 8.1, the characteristic equation is
A2 — 130 +30=(A— 10)(A — 3) = 0. The eigenvalues are {10, 3}. Corresponding eigenvectors are
[3 4]"and[—1 1]7, respectively. The reader may want to verify this. [ |

This example illustrates the general case as follows. Equation (1) written in components is

ajnxy + .- +a1nxn= )UCl
asi1X1 + -+ aAonXy = /\Xz
Ap1X1 T 0t appXn = Axy,.

Transferring the terms on the right side to the left side, we have

(an - /\)Xl + aioXo + - + AnXn =0
asi1X1q + (dgg - /\))Cz + -+ aAonXy =0

2
ap1X1 +  aysxsg <t + (apy — MDxy, =0

In matrix notation,

3 (A — ADx = 0.
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THEOREM 1

THEOREM 2

PROOF

CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

By Cramer’s theorem in Sec. 7.7, this homogeneous linear system of equations has a
nontrivial solution if and only if the corresponding determinant of the coefficients is zero:

ajpr — A are ain
as agg — A - o
@) D(A) = det(A — AI) = = 0.
an1 ap2 e Ay — A

A — Ml is called the characteristic matrix and D (A) the characteristic determinant of

A. Equation (4) is called the characteristic equation of A. By developing D(A) we obtain

a polynomial of nth degree in A. This is called the characteristic polynomial of A.
This proves the following important theorem.

Eigenvalues

The eigenvalues of a square matrix A are the roots of the characteristic equation
4) of A.

Hence an n X n matrix has at least one eigenvalue and at most n numerically
different eigenvalues.

For larger n, the actual computation of eigenvalues will, in general, require the use
of Newton’s method (Sec. 19.2) or another numeric approximation method in Secs.
20.7-20.9.

The eigenvalues must be determined first. Once these are known, corresponding
eigenvectors are obtained from the system (2), for instance, by the Gauss elimination,
where A is the eigenvalue for which an eigenvector is wanted. This is what we did in
Example 1 and shall do again in the examples below. (To prevent misunderstandings:
numeric approximation methods, such as in Sec. 20.8, may determine eigenvectors first.)

Eigenvectors have the following properties.

Eigenvectors, Eigenspace

If w and x are eigenvectors of a matrix A corresponding to the same eigenvalue A,
so are w + X (provided x # —w) and kx for any k #+ 0.

Hence the eigenvectors corresponding to one and the same eigenvalue A of A,
together with 0, form a vector space (cf. Sec. 7.4), called the eigenspace of A
corresponding to that A.

Aw = Aw and Ax = Ax imply A(w + x) = Aw + AX = Aw + Ax = A(w + x) and
A (kw) = k(Aw) = k(Aw) = A(kw); hence A (kw + €x) = A(kw + €x). [ |

In particular, an eigenvector x is determined only up to a constant factor. Hence we
can normalize x, that is, multiply it by a scalar to get a unit vector (see Sec. 7.9). For
instance, x; = [1 2] in Example 1 has the length x4 = V 12 + 2% = V/5; hence
[1/V5 2/V/5]" is a normalized eigenvector (a unit eigenvector).
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EXAMPLE 2

Examples 2 and 3 will illustrate that an n X n matrix may have n linearly independent
eigenvectors, or it may have fewer than n. In Example 4 we shall see that a real matrix
may have complex eigenvalues and eigenvectors.

Multiple Eigenvalues

Find the eigenvalues and eigenvectors of

Solution. For our matrix, the characteristic determinant gives the characteristic equation
B - A +210+45=0.

The roots (eigenvalues of A) are A; = 5, Ag = A3 = —3. (If you have trouble finding roots, you may want to
use a root finding algorithm such as Newton’s method (Sec. 19.2). Your CAS or scientific calculator can find
roots. However, to really learn and remember this material, you have to do some exercises with paper and pencil.)
To find eigenvectors, we apply the Gauss elimination (Sec. 7.3) to the system (A — AI)x = 0, first with A = 5

and then with A = —3. For A = 5 the characteristic matrix is
-7 2 -3 -7 2 -3
A—-AN=A-5I=| 2 -4 —6|. It row-reduces to 0 —% —4*78
-1 -2 =5 0 0 0
Hence it has rank 2. Choosing x3 = —1 we have xg = 2 from ,2774)(2 - %Xg =0 and then x; = 1 from

—7x1 + 2xy — 3x3 = 0. Hence an eigenvector of A corresponding to A = 5isx; = [1 2 —1]".
For A = —3 the characteristic matrix

1 2 -3 1 2 =3
A—-ANM=A+3=| 2 4 -6 row-reduces to 0 0 0.
-1 -2 3 0 0 0
Hence it has rank 1. From x; + 2xo — 3x3 = 0 we have x; = —2xg + 3x3. Choosing x5 = 1,x3 = 0 and
xg = 0,x3 = 1, we obtain two linearly independent eigenvectors of A corresponding to A = —3 [as they must

exist by (5), Sec. 7.5, with rank = | and n = 3],

-2
X9 = 1
0
and
3
x3=|0]. |

The order M) of an eigenvalue A as a root of the characteristic polynomial is called the
algebraic multiplicity of A. The number m, of linearly independent eigenvectors
corresponding to A is called the geometric multiplicity of A. Thus m, is the dimension
of the eigenspace corresponding to this A.
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EXAMPLE 3

EXAMPLE 4

THEOREM 3

PROOF
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Since the characteristic polynomial has degree n, the sum of all the algebraic
multiplicities must equal n. In Example 2 for A = —3 we have m, = M, = 2. In general,
my = M,, as can be shown. The difference Ay, = M, — m, is called the defect of A.
Thus A_3 = 0 in Example 2, but positive defects A, can easily occur:

Algebraic Multiplicity, Geometric Multiplicity. Positive Defect

The characteristic equation of the matrix

0 1
—A

—A
is det (A — AI) =

0 0

Hence A = 0 is an eigenvalue of algebraic multiplicity My = 2. But its geometric multiplicity is only my = 1,
since eigenvectors result from —0x; + xg = 0, hence xo = 0, in the form [x 0]". Hence for A = 0 the defect
is AO =1.

Similarly, the characteristic equation of the matrix

3 2 3-A 2

A= =3-1%2=0.

0 3 0 3—-A

} is det (A — A = ‘

Hence A = 3 is an eigenvalue of algebraic multiplicity M3 = 2, but its geometric multiplicity is only mg = 1,
since eigenvectors result from Ox; + 2xg = 0 in the form [x, or". [ |

Real Matrices with Complex Eigenvalues and Eigenvectors

Since real polynomials may have complex roots (which then occur in conjugate pairs), a real matrix may have
complex eigenvalues and eigenvectors. For instance, the characteristic equation of the skew-symmetric matrix

0 1 —A 1
A= is  det(A — Al = =A2+1=0
-1 0 -1 -2
It gives the eigenvalues A; = i (= V—1), Ay = —i. Eigenvectors are obtained from —ix; + xo = 0 and

ix1 + xg = 0, respectively, and we can choose x1 = 1 to get

|- 1) :

In the next section we shall need the following simple theorem.

Eigenvalues of the Transpose

The transpose AT of a square matrix A has the same eigenvalues as A.

Transposition does not change the value of the characteristic determinant, as follows from
Theorem 2d in Sec. 7.7. L

Having gained a first impression of matrix eigenvalue problems, we shall illustrate their
importance with some typical applications in Sec. 8.2.
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PROBLEM SET 8.1

Find the eigenvalues. Find the corresponding eigenvectors.

EIGENVALUES, EIGENVECTORS

Use the given A or factor in Probs. 11 and 15.

11.

12.

14.

3.0
L0

5

0
—0.6
-2
-6
3
0
1
0
—0.6
0.8
2
5
0
5 3
4 6
0 1
0 -1
10
0 4

0 0

_0 0_

B .

_2 4.

8 .

_0 3.

[ a b

| —b a
_cose —sin 6

13 5 2
2 7 -8
5 4 7

15.

16.

LA+ 12

2 4 -1 =2
0 2 =2 3

17-20| LINEAR TRANSFORMATIONS

AND EIGENVALUES

Find the matrix A in the linear transformation y = AXx,
where X = [x; xs]' (x = [x; xs x3]") are Cartesian
coordinates. Find the eigenvalues and eigenvectors and
explain their geometric meaning.

17.

18.
19.

20.

Counterclockwise rotation through the angle 7r/2 about
the origin in R2.

Reflection about the x1-axis in RZ.

Orthogonal projection (perpendicular projection) of R?
onto the xg-axis.

Orthogonal projection of R? onto the plane xo = xj.

21-25| GENERAL PROBLEMS

21.

22.

23.

24.

25.

Nonzero defect. Find further 2 X2 and 3 X 3
matrices with positive defect. See Example 3.
Multiple eigenvalues. Find further 2 X 2 and 3 X 3
matrices with multiple eigenvalues. See Example 2.
Complex eigenvalues. Show that the eigenvalues of a
real matrix are real or complex conjugate in pairs.
Inverse matrix. Show that A~ 1 exists if and only if
the eigenvalues Ay, -+, A, are all nonzero, and then
A1 has the eigenvalues 1/A1, -+, 1/A,,.

Transpose. [llustrate Theorem 3 with examples of your
own.

8.2 Some Applications of Eigenvalue Problems

We have selected some typical examples from the wide range of applications of matrix
eigenvalue problems. The last example, that is, Example 4, shows an application involving
vibrating springs and ODEs. It falls into the domain of Chapter 4, which covers matrix
eigenvalue problems related to ODE’s modeling mechanical systems and electrical
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EXAMPLE 1

CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

networks. Example 4 is included to keep our discussion independent of Chapter 4.
(However, the reader not interested in ODEs may want to skip Example 4 without loss
of continuity.)

Stretching of an Elastic Membrane

An elastic membrane in the xx2-plane with boundary circle 2+x3=1 (Fig. 160) is stretched so that a point
P: (x1, x2) goes over into the point Q: (y1, y2) given by

1 5 3||x y1 = 5x1 + 3xg
() y = ; in components,
V2 3 5]|x2 yo = 3x1 + 5xa.

= AX =

Find the principal directions, that is, the directions of the position vector x of P for which the direction of the
position vector y of Q is the same or exactly opposite. What shape does the boundary circle take under this
deformation?

Solution. We are looking for vectors x such that y = Ax. Since y = AX, this gives Ax = Ax, the equation
of an eigenvalue problem. In components, AX = AX is

5x1+3x2:/\x1 (5—)\)X1+ 3)62 =0
2) or
3x1 t 5x9 = Axg 3x7; + (06— Mxg=0.

The characteristic equation is

5-A 3
3

‘:(5—)\)2—9:0.
3 5-A

Its solutions are A; = 8 and Ay = 2. These are the eigenvalues of our problem. For A = A; = &, our system (2)
becomes

—3x1 + 3x9 =0, Solution xo = x1, x1 arbitrary,

3x1 — 3x9 = 0. for instance, x; = xo = 1.
For Ay = 2, our system (2) becomes

3x1 + 3x9 =0, Solution x9 = —xq, X7 arbitrary,

3x1 + 3x5 = 0. for instance, x1 = 1,x9 = —1.

We thus obtain as eigenvectors of A, for instance, [1 1" corresponding to A; and [1 — 1" corresponding to
Ag (or a nonzero scalar multiple of these). These vectors make 45° and 135° angles with the positive x,-direction.
They give the principal directions, the answer to our problem. The eigenvalues show that in the principal
directions the membrane is stretched by factors 8 and 2, respectively; see Fig. 160.

Accordingly, if we choose the principal directions as directions of a new Cartesian u;us-coordinate system,
say, with the positive u;-semi-axis in the first quadrant and the positive us-semi-axis in the second quadrant of
the xjxo-system, and if we set u; = rcos ¢, ug = rsin ¢, then a boundary point of the unstretched circular
membrane has coordinates cos ¢, sin ¢. Hence, after the stretch we have

z1 = 8cos ¢, z9 = 2sin ¢.
Since cos® ¢ + sin® ¢ = 1, this shows that the deformed boundary is an ellipse (Fig. 160)

2 2
21 79

4) —+—=1 [ |
82 22
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EXAMPLE 2

EXAMPLE 3

Fig. 160. Undeformed and deformed membrane in Example 1

Eigenvalue Problems Arising from Markov Processes

Markov processes as considered in Example 13 of Sec. 7.2 lead to eigenvalue problems if we ask for the limit
state of the process in which the state vector x is reproduced under the multiplication by the stochastic matrix
A governing the process, that is, Ax = x. Hence A should have the eigenvalue 1, and x should be a corresponding
eigenvector. This is of practical interest because it shows the long-term tendency of the development modeled
by the process.

In that example,

0.7 0.1 0 0.7 0.2 0.1 1 1
A=]02 0.9 0.2 . For the transpose, 0.1 0.9 0 1|=|1
0.1 0 0.8 0 0.2 0.8|]|1 1

Hence AT has the eigenvalue 1, and the same is true for A by Theorem 3 in Sec. 8.1. An eigenvector x of A
for A = 1 is obtained from

-03 01 0 -5 &5 o
A-I=| 02 -01 02/, row-reduced to 0o -% L
01 0 -02 0 0 0

Taking x3 = I, we get xo = 6 from —x5/30 + x3/5 = 0 and then x1 = 2 from —3x7/10 + x2/10 = 0. This
givesx = [2 6 1]". It means that in the long run, the ratio Commercial:Industrial:Residential will approach
2:6:1, provided that the probabilities given by A remain (about) the same. (We switched to ordinary fractions
to avoid rounding errors.) |

Eigenvalue Problems Arising from Population Models. Leslie Model

The Leslie model describes age-specified population growth, as follows. Let the oldest age attained by the
females in some animal population be 9 years. Divide the population into three age classes of 3 years each. Let
the “Leslie matrix” be

0 23 04
5) L=1[l]=|06 0 0
0 03 0

where [y, is the average number of daughters born to a single female during the time she is in age class k, and
l;, j—1(j = 2, 3) is the fraction of females in age class j — 1 that will survive and pass into class j. (a) What is the
number of females in each class after 3, 6, 9 years if each class initially consists of 400 females? (b) For what initial
distribution will the number of females in each class change by the same proportion? What is this rate of change?
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EXAMPLE 4
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Solution. (a) Initially, xj, = [400 400 400]. After 3 years,
0 2304|400 1080
X3 = Lxg ={06 0 0 ||400|=| 240]|.
0 03 0 |[400 120

Similarly, after 6 years the number of females in each class is given by XE';;) = (LX(g))T = [600 648 72], and
after 9 years we have xg, = (Lxg)" = [1519.2 360 194.4].

(b) Proportional change means that we are looking for a distribution vector x such that Lx = Ax, where A is
the rate of change (growth if A > 1, decrease if A < 1). The characteristic equation is (develop the characteristic
determinant by the first column)

det (L — AI) = —A% — 0.6(—2.31 — 0.3 - 0.4) = =A% + 1381 + 0.072 = 0.

A positive root is found to be (for instance, by Newton’s method, Sec. 19.2) A = 1.2. A corresponding eigenvector
x can be determined from the characteristic matrix

—-1.2 2.3 0.4 1
A-12I=| 06 —12 0 | say, x=| 05
0 03 -—-12 0.125

where x3 = 0.125 is chosen, x5 = 0.5 then follows from 0.3xg — 1.2x3 =0, and x; =1 from
—1.2x7 + 2.3x2 + 0.4x3 = 0. To get an initial population of 1200 as before, we multiply x by
1200/(1 + 0.5 + 0.125) = 738. Answer: Proportional growth of the numbers of females in the three classes
will occur if the initial values are 738, 369, 92 in classes 1, 2, 3, respectively. The growth rate will be 1.2 per
3 years. [ |

Vibrating System of Two Masses on Two Springs (Fig. 161)

Mass—spring systems involving several masses and springs can be treated as eigenvalue problems. For instance,
the mechanical system in Fig. 161 is governed by the system of ODEs

yi = =3y1 = 2(y1 — y2) = —5y1 + 22

"

Yo = —2(y2 —y1) = 2y1 — 2y

(6)

where y; and yy are the displacements of the masses from rest, as shown in the figure, and primes denote
derivatives with respect to time ¢. In vector form, this becomes

. -5 2{In
) Y=, | =AYy = :
V2 2 =2y

k=3
(y,=0) m,=1
1 1 ylr
Yy —
k,=2 (Net change in
spring length
¥,=0) m,=1 =y~ )
y
yz ZI
System in
static System in
equilibrium motion

Fig. 161.  Masses on springs in Example 4
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We try a vector solution of the form
(8) y = xe“.

This is suggested by a mechanical system of a single mass on a spring (Sec. 2.4), whose motion is given by
exponential functions (and sines and cosines). Substitution into (7) gives

’xe”t = Axe.
Dividing by ¢’ and writing w? = A, we see that our mechanical system leads to the eigenvalue problem
where A = w?.

©) Ax = Ax

From Example 1 in Sec. 8.1 we see that A has the eigenvalues A; = —1 and Ay = —6. Consequently,
©=*V—1= *iand V=6 = *iV6, respectively. Corresponding eigenvectors are

o] =l

From (8) we thus obtain the four complex solutions [see (10), Sec. 2.2]

10)

t

x1e”" = xq(cos ¢ * isin 1),

x2eii\/ét = X5(cos V61 * isin V61).
By addition and subtraction (see Sec. 2.2) we get the four real solutions

X1 COS 1, Xy sin #, xg cos V6 t, Xgsin V6 1.

A general solution is obtained by taking a linear combination of these,
y = Xq(aycost + bysint) + Xy (agcos V61 + bysin V6 1)

with arbitrary constants ay, by, as, by (to which values can be assigned by prescribing initial displacement and
initial velocity of each of the two masses). By (10), the components of y are

y1=ajcost + bysint + 2ascos V61 + 2bysin V6t

Yo = 2aycost + 2by sint — agcos V61 — bysin V6 1.

These functions describe harmonic oscillations of the two masses. Physically, this had to be expected because
we have neglected damping. [ |

PROBLEM SET 8.2

1-6

ELASTIC DEFORMATIONS

Given A in a deformation y = Ax, find the principal
directions and corresponding factors of extension or

7-9| MARKOV PROCESSES

Find the limit state of the Markov process modeled by the
given matrix. Show the details.

contr_action. Show the details. ) 0.2 05

30 15 20 04 7.
1. 2. 0.8 0.5

15 3.0 04 20

- - 04 03 03 06 0.1 0.2

7 V6 5 2
3. 4. 8./03 06 01| 9./04 01 04
V6 2 2 13

- - 03 01 06 0 08 04
14 125 075
5 6.

3 1 1075 1.25
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AGE-SPECIFIC POPULATION

Find the growth rate in the Leslie model (see Example 3)
with the matrix as given. Show the details.

0 9.0 5.0 0 3.45 0.60
10. | 0.4 0 0 11. | 0.90 0 0
0 0.4 0 0 0.45 0

0 3.0 2.0 2.0

0.5 0 0 0
12.
0 0.5 0 0

10 0 0.1 0

13-15| LEONTIEF MODELS'

13. Leontief input—-output model. Suppose that three
industries are interrelated so that their outputs are used
as inputs by themselves, according to the 3 X 3
consumption matrix

0.1 0.5 0
A= [ajk] =10.8 0 0.4
0.1 0.5 0.6

where aj, is the fraction of the output of industry k
consumed (purchased) by industry j. Let p; be the price
charged by industry j for its total output. A problem is
to find prices so that for each industry, total
expenditures equal total income. Show that this leads
to Ap =p, where p=[p; ps psl", and find a
solution p with nonnegative py, pa, p3.

14. Show that a consumption matrix as considered in Prob.
13 must have column sums 1 and always has the
eigenvalue 1.

15. Open Leontief input—-output model. If not the whole
output but only a portion of it is consumed by the

industries themselves, then instead of Ax = x (as in Prob.
13), we have x — Ax =y, where x = [x; xg x3]"
is produced, Ax is consumed by the industries, and, thus,
y is the net production available for other consumers.
Find for what production x a given demand vector
y=1[0.1 03 O.l]T can be achieved if the consump-
tion matrix is

0.1 0.4 0.2
A=1]05 0 0.1
0.1 0.4 0.4

16-20| GENERAL PROPERTIES OF EIGENVALUE

PROBLEMS
Let A = [aj;] be an n X n matrix with (not necessarily
distinct) eigenvalues Ay, -, A,,. Show.

16. Trace. The sum of the main diagonal entries, called
the trace of A, equals the sum of the eigenvalues of A.

17. “Spectral shift.” A — KI has the -eigenvalues
Ay — k,++, A, — k and the same eigenvectors as A.

18. Scalar multiples, powers. kA has the eigenvalues
kA1, kA A™(@m = 1,2,---) has the eigenvalues

AT, -+, At The eigenvectors are those of A.

19. Spectral mapping theorem. The “polynomial
matrix”’
PA) = kpA™ + ko1 AT+ o 4 kA F kol
has the eigenvalues
P = kA" + kAT 4+ o+ kA + ko
where j = 1,---, n, and the same eigenvectors as A.

20. Perron’s theorem. A Leslie matrix L with positive
l19, [13, [21, I35 has a positive eigenvalue. (This is a
special case of the Perron—Frobenius theorem in Sec.
20.7, which is difficult to prove in its general form.)

8.3 Symmetric, Skew-Symmetric,
and Orthogonal Matrices

We consider three classes of real square matrices that, because of their remarkable
properties, occur quite frequently in applications. The first two matrices have already been
mentioned in Sec. 7.2. The goal of Sec. 8.3 is to show their remarkable properties.

LWASSILY LEONTIEF (1906-1999). American economist at New York University. For his input—output
analysis he was awarded the Nobel Prize in 1973.
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DEFINITIONS

EXAMPLE 1

EXAMPLE 2

THEOREM 1

Symmetric, Skew-Symmetric, and Orthogonal Matrices

A real square matrix A = [aj;] is called
symmetric if transposition leaves it unchanged,

1 AT = A, thus axj = aj,
skew-symmetric if transposition gives the negative of A,

Q) AT = —A, thus axj = —aj,

orthogonal if transposition gives the inverse of A,

%)) AT = A1

Symmetric, Skew-Symmetric, and Orthogonal Matrices

The matrices

-3 1 5 0 9 -12 z Lz
10 -2 -9 0 20|, -5 3 3
5 -2 4 12 -20 0 Lz -2

are symmetric, skew-symmetric, and orthogonal, respectively, as you should verify. Every skew-symmetric
matrix has all main diagonal entries zero. (Can you prove this?) |

Any real square matrix A may be written as the sum of a symmetric matrix R and a skew-
symmetric matrix S, where

) R=3A+A" and S=3@A-A".

Iustration of Formula (4)

9 5 2 90 35 35 0 15 —15
A=|2 3 -8|=R+S8=|35 30 —20|+]|-1.5 0 -6.0 |
5 4 3 35 —20 3.0 1.5 60 0

Eigenvalues of Symmetric and Skew-Symmetric Matrices

(@) The eigenvalues of a symmetric matrix are real.

(b) The eigenvalues of a skew-symmetric matrix are pure imaginary or zero.

This basic theorem (and an extension of it) will be proved in Sec. 8.5.
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EXAMPLE 3

THEOREM 2

PROOF
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Eigenvalues of Symmetric and Skew-Symmetric Matrices

The matrices in (1) and (7) of Sec. 8.2 are symmetric and have real eigenvalues. The skew-symmetric matrix
in Example 1 has the eigenvalues 0, —251i, and 25i. (Verify this.) The following matrix has the real eigenvalues
1 and 5 but is not symmetric. Does this contradict Theorem 1?

3 4
|
13

Orthogonal Transformations and Orthogonal Matrices

Orthogonal transformations are transformations
®) y = Ax where A is an orthogonal matrix.

With each vector x in R™ such a transformation assigns a vector y in R". For instance,
the plane rotation through an angle 6

V1 cos —sinf || xq

©) y=" =]
Vo sin 6 cos O || xo

is an orthogonal transformation. It can be shown that any orthogonal transformation in
the plane or in three-dimensional space is a rotation (possibly combined with a reflection
in a straight line or a plane, respectively).

The main reason for the importance of orthogonal matrices is as follows.

Invariance of Inner Product

An orthogonal transformation preserves the value of the inner product of vectors
a and b in R", defined by

by
(7) arb=ab=[a - al -

b,
That is, for any a and b in R", orthogonal n X n matrix A, and u = Aa,v = Ab
we have uesv = a-*bh.

Hence the transformation also preserves the length or norm of any vector a in
R™ given by

®) la| = Vasa= Va'a.

Let A be orthogonal. Let u = Aa and v = Ab. We must show that u*v = a *b. Now
(Aa)" = a"AT by (10d) in Sec. 7.2 and ATA = A™!A = I by (3). Hence

9) uv=u'v=(Aa))Ab=a'A"TAb=a'lb=a'b=a-b.

From this the invariance of | a| follows if we set b = a. [ |
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THEOREM 3

PROOF

THEOREM 4

PROOF

EXAMPLE 4

THEOREM 5

Orthogonal matrices have further interesting properties as follows.

Orthonormality of Column and Row Vectors
A real square matrix is orthogonal if and only if its column vectors ay, - -, a,, (and
also its row vectors) form an orthonormal system, that is,
0 if j#k
(10) ajea; = aja; = {
1 if j=k
(a) Let A be orthogonal. Then A™ A = ATA = L In terms of column vectors ay, -, a,,
af ala ale ool
(1) T=AT'A=ATA=| - |[a;---a,] =
ay aja; ara, -+ ana,

The last equality implies (10), by the definition of the n X n unit matrix I. From (3) it
follows that the inverse of an orthogonal matrix is orthogonal (see CAS Experiment 12).
Now the column vectors of A_1(=AT) are the row vectors of A. Hence the row vectors
of A also form an orthonormal system.

(b) Conversely, if the column vectors of A satisfy (10), the off-diagonal entries in (11)
must be 0 and the diagonal entries 1. Hence ATA =1, as (11) shows. Similarly, AAT = L
This implies AT = A~ because also A™1A = AA™! = I and the inverse is unique. Hence
A is orthogonal. Similarly when the row vectors of A form an orthonormal system, by
what has been said at the end of part (a). |

Determinant of an Orthogonal Matrix

The determinant of an orthogonal matrix has the value +1 or —1.

From det AB = det A detB (Sec. 7.8, Theorem 4) and det AT = det A (Sec. 7.7,
Theorem 2d), we get for an orthogonal matrix

1 =det I = det(AA™Y) = det(AA") = det A det AT = (det A)2. [ ]

Illustration of Theorems 3 and 4

The last matrix in Example 1 and the matrix in (6) illustrate Theorems 3 and 4 because their determinants are
—1 and +1, as you should verify. ]

Eigenvalues of an Orthogonal Matrix

The eigenvalues of an orthogonal matrix A are real or complex conjugates in pairs
and have absolute value 1.
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PROOF

EXAMPLE 5

0.8 0.6
1.
—0.6 0.8

2]

0o -2 5
0 9

7.]-9 0
12 -20
0 o

9./ o 1
-1 0

11. WRITING PROJECT. Section Summary. Sum-  17:
marize the main concepts and facts in this section,
giving illustrative examples of your own. 18.
12. CAS EXPERIMENT. Orthogonal Matrices.

(a) Products. Inverse. Prove that the product of two
orthogonal matrices is orthogonal, and so is the inverse
of an orthogonal matrix. What does this mean in terms 20.

of rotations?

SPECTRUM

Are the following matrices symmetric, skew-symmetric, or
orthogonal? Find the spectrum of each, thereby illustrating
Theorems 1 and 5. Show your work in detail.

crackbitswilp.in
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The first part of the statement holds for any real matrix A because its characteristic
polynomial has real coefficients, so that its zeros (the eigenvalues of A) must be as
indicated. The claim that |[A| = 1 will be proved in Sec. 8.5. [ |

Eigenvalues of an Orthogonal Matrix
The orthogonal matrix in Example 1 has the characteristic equation
B HER+5 - 1=0.

Now one of the eigenvalues must be real (why?), hence +1 or —1. Trying, we find —1. Division by A + 1
gives —(A2 — 5A/3 + 1) = 0 and the two eigenvalues (5 + iV11)/6 and (5 — iV11)/6, which have absolute
value 1. Verify all of this. [ |

Looking back at this section, you will find that the numerous basic results it contains have
relatively short, straightforward proofs. This is typical of large portions of matrix
eigenvalue theory.

PROBLEM SET 8.3

(b) Rotation. Show that (6) is an orthogonal trans-
formation. Verify that it satisfies Theorem 3. Find the
inverse transformation.

(c) Powers. Write a program for computing powers
“ b A"@m=1,2,---) of a 2 X2 matrix A and their
2 { } spectra. Apply it to the matrix in Prob. 1 (call it A). To
— what rotation does A correspond? Do the eigenvalues

of A™ have a limit as m —> ©©?

b a

4 cos§ —sinf (d) Compute the eigenvalues of (0.9A)™, where A is
sin @ cos 0 the matrix in Prob. 1. Plot them as points. What is their
- limit? Along what kind of curve do these points
a k k approach the limit?
6. | k a k (e) Find A such that y = Ax is a counterclockwise
rotation through 30° in the plane.
|k k a
—-12 1 0 0 13-20| GENERAL PROPERTIES
20 8. 10 cos —sin 6 13. Verification. Verify the statements in Example 1.
. 14. Verify the statements in Examples 3 and 4.
0 0 sin 6 cos 6 .
- 15. Sum. Are the eigenvalues of A + B sums of the
8 & 1 eigenvalues of A and of B?
10.| -7 4 4 16. Orthogonality. Prove that eigenvectors of a symmetric
l® 9 9 matrix corresponding to different eigenvalues are
_% % % orthogonal. Give examples.

Skew-symmetric matrix. Show that the inverse of a
skew-symmetric matrix is skew-symmetric.

Do there exist nonsingular skew-symmetric n X n
matrices with odd n?

19. Orthogonal matrix. Do there exist skew-symmetric
orthogonal 3 X 3 matrices?

Symmetric matrix. Do there exist nondiagonal
symmetric 3 X 3 matrices that are orthogonal?

crackbitswilp.in
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8.4 Eigenbases. Diagonalization.
Quadratic Forms

THEOREM 1

PROOF

So far we have emphasized properties of eigenvalues. We now turn to general properties
of eigenvectors. Eigenvectors of an n X n matrix A may (or may not!) form a basis for
R™. If we are interested in a transformation y = Ax, such an “eigenbasis” (basis of
eigenvectors)—if it exists—is of great advantage because then we can represent any X in
R"™ uniquely as a linear combination of the eigenvectors Xy, - -+, X, say,

X = C1X1 t c9Xo + -+ + X,

And, denoting the corresponding (not necessarily distinct) eigenvalues of the matrix A by
A1, 0, Ay, we have Ax; = Ajx;, so that we simply obtain

y = Ax = A(c1x1 + -+ ¢pXn)

(1) = C1AX1 + -+ CnAXn

clx\lxl + -+ Cn/\an.

This shows that we have decomposed the complicated action of A on an arbitrary vector
x into a sum of simple actions (multiplication by scalars) on the eigenvectors of A. This
is the point of an eigenbasis.

Now if the n eigenvalues are all different, we do obtain a basis:

Basis of Eigenvectors

If an n X n matrix A has n distinct eigenvalues, then A has a basis of eigenvectors
X1, , Xy for R™.

All we have to show is that xy, - - -, X,, are linearly independent. Suppose they are not. Let
r be the largest integer such that {xq,---, x,.} is a linearly independent set. Then r < n
and the set {xq, -, X, X,41} 1S linearly dependent. Thus there are scalars ¢y, -, ¢yi1,
not all zero, such that
(2) Xy + o+ Cr1Xp1 = 0
(see Sec. 7.4). Multiplying both sides by A and using Ax; = A;x;, we obtain
3) A(cr1xy + -+ craXer1) = aAiXy o F GrAr X = A0 = 0.
To get rid of the last term, we subtract A, times (2) from this, obtaining

1A = X)Xy o (A = Apg)X = 0.
Here c1(A1 — Apy1) = 0,- -+, ¢(Ar — Apyq1) = Osince {xq, -, x,} is linearly independent.
Hence c; = --- = ¢, = 0, since all the eigenvalues are distinct. But with this, (2) reduces to

¢r1Xr41 = 0, hence ¢, 11 = 0, since x,11 # 0 (an eigenvector!). This contradicts the fact
that not all scalars in (2) are zero. Hence the conclusion of the theorem must hold. |
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CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

Eigenbasis. Nondistinct Eigenvalues. Nonexistence

5 3
The matrix A = has a basis of eigenvectors
3

Ao = 2. (See Example 1 in Sec. 8.2.)

Even if not all n eigenvalues are different, a matrix A may still provide an eigenbasis for R™. See Example 2
in Sec. 8.1, where n = 3.

On the other hand, A may not have enough linearly independent eigenvectors to make up a basis. For
instance, A in Example 3 of Sec. 8.1 is

1 1
}, [ } corresponding to the eigenvalues A; = 8,
1] |-1

0
A=

1 k
} and has only one eigenvector } (k # 0, arbitrary). [ |
0

0

Actually, eigenbases exist under much more general conditions than those in Theorem 1.
An important case is the following.

Symmetric Matrices

A symmetric matrix has an orthonormal basis of eigenvectors for R™.

For a proof (which is involved) see Ref. [B3], vol. 1, pp. 270-272.

Orthonormal Basis of Eigenvectors

The first matrix in Example 1 is symmetric, and an orthonormal basis of eigenvectors is [1/V2 1/V2]T,

[/vz2 —1/v2]".

Similarity of Matrices. Diagonalization

Eigenbases also play a role in reducing a matrix A to a diagonal matrix whose entries are
the eigenvalues of A. This is done by a “similarity transformation,” which is defined as
follows (and will have various applications in numerics in Chap. 20).

Similar Matrices. Similarity Transformation

An n X n matrix A is called similar to an n X n matrix A if
4) A=P AP

for some (nonsingular!) n X n matrix P. This transformation, which gives A from
A, is called a similarity transformation.

The key property of this transformation is that it preserves the eigenvalues of A:

Eigenvalues and Eigenvectors of Similar Matrices

IfA is similar to A, then A has the same eigenvalues as A.
Furthermore, if X is an eigenvector of A, then'y = P~ x is an eigenvector of A
corresponding to the same eigenvalue.
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From Ax = Ax (A an eigenvalue, x # 0) we get P !Ax = AP !x. Now I = PP, By
this identity trick the equation P~'Ax = AP~ 'x gives

P !Ax = P!AIx = P7IAPP Ix = (PTIAP)P Ix = AP x) = AP x.

Hence A is an eigenvalue of AandP 7 xa corresponding eigenvector. Indeed, P lx#0
because P~ 'x = 0 would givex = Ix = PP x = P0 = 0, contradicting x # 0. |

Eigenvalues and Vectors of Similar Matrices

Let, A=

Then A=

Here P! was obtained from (4*) in Sec. 7.8 with det P = 1. We see that A has the eigenvalues Ay = 3, Ay = 2.
The characteristic equation of Ais (6 — A)(—1 — A) + 12 = A2 — 50 + 6 = 0. It has the roots (the eigenvalues
of A) Ay = 3, Ay = 2, confirming the first part of Theorem 3.

We confirm the second part. From the first component of (A — AI)x = 0 we have (6 — A)x; — 3x = 0. For
A = 3 this gives 3x; — 3xg = 0, say, x; = [1 1]". For A = 2 it gives 4x; — 3xg = 0, say, Xs = [3 4]".In
Theorem 3 we thus have

oM e

Indeed, these are eigenvectors of the diagonal matrix A
Perhaps we see that x; and xp are the columns of P. This suggests the general method of transforming a
matrix A to diagonal form D by using P = X, the matrix with eigenvectors as columns. |

By a suitable similarity transformation we can now transform a matrix A to a diagonal
matrix D whose diagonal entries are the eigenvalues of A:

Diagonalization of a Matrix

If an n X n matrix A has a basis of eigenvectors, then

) D = X !AX

is diagonal, with the eigenvalues of A as the entries on the main diagonal. Here X
is the matrix with these eigenvectors as column vectors. Also,

(5%) D" = X 1A™X (m=23,---).




342

PROOF

EXAMPLE 4

CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

Let X1, -, X,, be a basis of eigenvectors of A for R". Let the corresponding eigenvalues
of A be Ay, ---, A, respectively, so that Axy; = AXy,- -, AX, = A.X,. Then
X = [X1-"* X, ] has rank n, by Theorem 3 in Sec. 7.4. Hence X~ exists by Theorem 1
in Sec. 7.8. We claim that
6) Ax = Alx; X, ] = [Axy Ax,] = [A1x1 AnX,] = XD

where D is the diagonal matrix as in (5). The fourth equality in (6) follows by direct
calculation. (Try it for n = 2 and then for general n.) The third equality uses AX;, = ApXy.
The second equality results if we note that the first column of AX is A times the first

column of X, which is xj, and so on. For instance, when n = 2 and we write

X1 = [xll le], X9 = [Xlz Xzz], we have
aii aiz X11 X112
AX = A[Xl XzJ =
dag1 dg22 ] [X21 X22

ai11x11 + ajexe

ag1x11 T dsexe

Column 1

ajxie t ajexes

= [AXl AXZ}

ag1X12 t dgeXog

Column 2

If we multiply (6) by X! from the left, we obtain (5). Since (5) is a similarity
transformation, Theorem 3 implies that D has the same eigenvalues as A. Equation (5%)
follows if we note that

D2=DD = X AX)(X!AX) = X TAXXHAX = X 1AAX = X 1A%X, etc. W

Diagonalization

Diagonalize

73 02 —-3.7

A=|—-115 1.0 55].

17.7 1.8 —93

Solution. The characteristic determinant gives the characteristic equation —A% — A2 + 12X = 0. The roots
(eigenvalues of A) are Ay = 3, Ay = —4, A3 = 0. By the Gauss elimination applied to (A — AID)x = 0 with
A = Ay, Ag, Ag we find eigenvectors and then X! by the Gauss—Jordan elimination (Sec. 7.8, Example 1). The
results are

-1 1 2 -1 1 2 -0.7 0.2 0.3
31, | -1, | 1], X=| 3 -1 1], X 1t=|-13 -02 0.7 .
-1 3 4 —1 3 4 0.8 02 -02

Calculating AX and multiplying by X1 from the left, we thus obtain

—0.7 0.2 03||—-3 —4

(=)
w
(=)
(=]

D=X!AX=|-13 -02 0.7 9 4 0|=10 —4 0]. |

0.8 02 —-02|[-3 -—I12

o
o
o
(=]
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Quadratic Forms. Transformation to Principal Axes

By definition, a quadratic form Q in the components xq, - -, x,, of a vector x is a sum
of n? terms, namely,

n o n
Q = XTAX = E Eajkxjxk

j=1k=1
anx% + ajox1xg9 + -0+ a1pX1Xn

7 + as1xoxq1 + azzx% AP 099 AF @y lieity

A = [aj] is called the coefficient matrix of the form. We may assume that A is
symmetric, because we can take off-diagonal terms together in pairs and write the result
as a sum of two equal terms; see the following example.

Quadratic Form. Symmetric Coefficient Matrix

Let

T 34 M 2 2 2 2
X Ax =[x x2] = 3xT + 4x1x9 + 6xox; + 2x5 = 3x7 + 10x1xy + 2x5.
6 X9

Here 4 + 6 = 10 = 5 + 5. From the corresponding symmetric matrix C = [cji], where c¢j = %(ajk + ay;),
thus ¢17 = 3, 19 = c21 = 5, ca2 = 2, we get the same result; indeed,

3 5 X1
x'Cx = [x1 x2]|: } [ :| = 3x2 + 5x1x9 + Sxoxy + 2x% = 3x% + 10x1x9 + 2x3. |
5 2 X2

Quadratic forms occur in physics and geometry, for instance, in connection with conic
sections (ellipses x%/a2 + x%/b2 = 1, etc.) and quadratic surfaces (cones, etc.). Their
transformation to principal axes is an important practical task related to the diagonalization
of matrices, as follows.

By Theorem 2, the symmetric coefficient matrix A of (7) has an orthonormal basis of
eigenvectors. Hence if we take these as column vectors, we obtain a matrix X that is
orthogonal, so that X! = X". From (5) we thus have A = XDX ! = XDX". Substitution
into (7) gives

(8) 0 = x'XDX"x.
If we set X'x = y, then, since X' = X_l, we have X~1x = y and thus obtain
©)) x = Xy.

Furthermore, in (8) we have x'X = (XTX)T = yT and X'x = y, so that Q becomes simply

(10) 0 =y Dy = Ayd + Aoys + - + Ay
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This proves the following basic theorem.

Principal Axes Theorem

The substitution (9) transforms a quadratic form

n o n
— T — —
Q =x Ax = 2 2 Aj1X X I (akj = ajk)

j=1k=1
to the principal axes form or canonical form (10), where Ay,- -, Ay, are the (not
necessarily distinct) eigenvalues of the (symmetric!) matrix A, and X is an
orthogonal matrix with corresponding eigenvectors Xy, -, Xy, respectively, as

column vectors.

Transformation to Principal Axes. Conic Sections

Find out what type of conic section the following quadratic form represents and transform it to principal axes:

0 = 17x3 — 30x1x9 + 17x% = 128.

17 —15 X1
s X = .
—-15 17 Xg
This gives the characteristic equation (17 — A)Z — 152 = 0. It has the roots A1 = 2, Ag = 32. Hence (10)
becomes

Solution. We have Q = x"Ax, where

A=

0 =23 + 323
We see that Q = 128 represents the ellipse Zy% + 32y§ = 128, that is,
oy
g2 22

If we want to know the direction of the principal axes in the xjxs-coordinates, we have to determine normalized
eigenvectors from (A — AI)x = 0 with A = Ay = 2 and A = Ay = 32 and then use (9). We get

1/V2 . -1/V2
1/V2 o avell

hence

Cxv V2 =1/V2||n x1=y1/V2 = 2/ V2
B EVAV- R VoV | B IV, SOV |

This is a 45° rotation. Our results agree with those in Sec. 8.2, Example 1, except for the notations. See also
Fig. 160 in that example. u

crackbitswilp.in
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PROBLEM SET 8.4

SIMILAR MATRICES HAVE EQUAL
EIGENVALUES
Verify this for A and A = PIAP. If y is an eigenvector

of P, show that x = Py are eigenvectors of A. Show the
details of your work.

3 4 -4 2
1. A= ., P=

4 -3 3 -1

1 0] 7 -5
2. A= ., P=

2 -1 10 -7

(8 —4] [ 028 096
3.A= . P=

2 2] |-096 028

0 o0 2 2 0 3
4.A=|0 3 2, pP=lo 1 of,

10 1 30 5

)\1:3

(=5 0 15 0o 1 0
5A=| 3 4 -9, P=|1 0 0

-5 0 15 0o 0 1

6. PROJECT. Similarity of Matrices. Similarity is
basic, for instance, in designing numeric methods.
(a) Trace. By definition, the trace of an n X n matrix
A = [aj] is the sum of the diagonal entries,

traceA=a11+a22+~--+ann.

Show that the trace equals the sum of the eigenvalues,
each counted as often as its algebraic multiplicity
indicates. Illustrate this with the matrices A in Probs.
1,3, and 5.

(b) Trace of product. Let B = [bj;,] be n X n. Show
that similar matrices have equal traces, by first proving

M=

n
trace AB = E ayby; = trace BA.
i=1

=1

(c) Find a relationship between A in (4) and
A =PAPL
(d) Diagonalization. What can you do in (5) if you
want to change the order of the eigenvalues in D, for
instance, interchange d1; = Ay and dog = Ag?

7. No basis. Find further 2 X 2 and 3 X 3 matrices
without eigenbasis.

8. Orthonormal basis. Illustrate Theorem 2 with further
examples.

DIAGONALIZATION OF MATRICES

Find an eigenbasis (a basis of eigenvectors) and diagonalize.

Show the details.
1 0
10.
2 -1
—4.3 7.7
12.
1.3 9.3

—19 7
11.
—42 16

13. (12 =2 0

21 -6 1
-5 -6 6
‘| -9 -8 12|, AM=-2
-12 -12 16
4 3 3]
1503 6 1], A=10
3 1 6]
11 o]
6.1 1 0
0 0 -4

PRINCIPAL AXES. CONIC SECTIONS

‘What kind of conic section (or pair of straight lines) is given
by the quadratic form? Transform it to principal axes.
Express X' = [x; x5] in terms of the new coordinate
vector y' = [y; y2], as in Example 6.

17. 7x3 + 6x1xo + 7x3 = 200
18. 3x% + 8x1x9 — 3x3 =10
19. 3x% + 22x1x9 + 3x53 =0
20. 9x% + 6x1x9 + x5 = 10
21. x3 — 12xyx5 + x2 =70
22, 4x2 + 12x1x9 + 13x2 = 16

23. —11x2 + 84x1xy + 24x2 = 156

crackbitswilp.in
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24.

25.

8.5 Complex Matrices and Forms.

CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

Definiteness. A quadratic form Q(x) = x"Ax and its
(symmetric!) matrix A are called (a) positive definite
if Q(x) > 0 for all x # 0, (b) negative definite if
Q(x) < 0 for all x # 0, (c¢) indefinite if Q(x) takes
both positive and negative values. (See Fig. 162.)
[Q(x) and A are called positive semidefinite (negative
semidefinite) if Q(x) = 0 (Q(x) = 0) for all x.] Show
that a necessary and sufficient condition for (a), (b),
and (c) is that the eigenvalues of A are (a) all positive,
(b) all negative, and (c) both positive and negative.
Hint. Use Theorem 5.

Definiteness. A necessary and sufficient condition for
positive definiteness of a quadratic form Q (x) = xTAx
with symmetric matrix A is that all the principal minors
are positive (see Ref. [B3], vol. 1, p. 306), that is,

ar a2
ap; >0, >0,
a2 azz
aii ar a1
az ass ass| >0, det A > 0.
ais ass ass

Show that the form in Prob. 22 is positive definite,
whereas that in Prob. 23 is indefinite.

Fig. 162.

X2

(a) Positive definite form

s
oSSt
et eI\
‘:‘\s“‘\\\\\\\\\\\

X1

X2

(¢) Indefinite form

Quadratic forms in two variables (Problem 24)

Optional

The three classes of matrices in Sec. 8.3 have complex counterparts which are of practical
interest in certain applications, for instance, in quantum mechanics. This is mainly because
of their spectra as shown in Theorem 1 in this section. The second topic is about extending
quadratic forms of Sec. 8.4 to complex numbers. (The reader who wants to brush up on
complex numbers may want to consult Sec. 13.1.)

Notations

A= [aji.] is obtained from A = [aj] by replacing each entry aj, = o + i
(o, Breal) with its complex conjugate aj, = o — if3. Also,A' = [ay;] is the transpose
of A, hence the conjugate transpose of A.

EXAMPLE 1 Notations
3+ 4 1—i
If A = , then
6 2 —5i

A

3—4i

1+

2+ 5i
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Hermitian, Skew-Hermitian, and Unitary Matrices

A square matrix A = [ay;] is called

Hermitian if A = A, that is, ai; = aji;
skew-Hermitian if A' = —A, that is, ag; = —aj
unitary if A'=A"L

The first two classes are named after Hermite (see footnote 13 in Problem Set 5.8).

From the definitions we see the following. If A is Hermitian, the entries on the main
diagonal must satisfy aj; = aj;; that is, they are real. Similarly, if A is skew-Hermitian,
thenaj; = —ay;. If we setaj; = a + i, thisbecomes o — i = —(a + iB). Hence @ = 0,
so that a;; must be pure imaginary or 0.

Hermitian, Skew-Hermitian, and Unitary Matrices

4 1—3i 3i 2+ 1i
A= C=
3

y

[ T

1+ 3i 7 -2+ —i

are Hermitian, skew-Hermitian, and unitary matrices, respectively, as you may verify by using the definitions. B

If a Hermitian matrix is real, then AT = AT = A. Hence a real Hermitian matrix is a
symmetric matrix (Sec. 8.3).

Similarly, if a skew-Hermitian matrix is real, then AT = AT = —A. Hence a real skew-
Hermitian matrix is a skew-symmetric matrix.

Finally, if a unitary matrix is real, then A" = AT = A~ Hence a real unitary matrix
is an orthogonal matrix.

This shows that Hermitian, skew-Hermitian, and unitary matrices generalize symmetric,
skew-symmetric, and orthogonal matrices, respectively.

Eigenvalues

It is quite remarkable that the matrices under consideration have spectra (sets of eigenvalues;
see Sec. 8.1) that can be characterized in a general way as follows (see Fig. 163).

Im A ) " y )
L Skew-Hermitian (skew-symmetric)

/Unltary (orthogonal)

/ Hermitian (symmetric)

1 Re

Fig. 163. Location of the eigenvalues of Hermitian, skew-Hermitian,
and unitary matrices in the complex A-plane
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Eigenvalues

(@) The eigenvalues of a Hermitian matrix (and thus of a symmetric matrix)
are real.

(b) The eigenvalues of a skew-Hermitian matrix (and thus of a skew-symmetric
matrix) are pure imaginary or zero.

(¢) The eigenvalues of a unitary matrix (and thus of an orthogonal matrix) have
absolute value 1.

Illustration of Theorem 1

For the matrices in Example 2 we find by direct calculation

Matrix Characteristic Equation Eigenvalues
A Hermitian A —1IA+18=0 9, 2
B Skew-Hermitian A —2iA+8=0 4i, —2i
C  Unitary M —ix-1=0 IV3+Li, -3V3+di
and [#3V3 +Li2=3 +1 =1 [ |

We prove Theorem 1. Let A be an eigenvalue and x an eigenvector of A. Multiply Ax = Ax
from the left by X', thus X'Ax = AX'x, and divide by X'x = X1x1 + ++* + XX, =
|x1|2 + -+ |xn|2, which is real and not 0 because x # 0. This gives

=T
X Ax
) A= .
X'x

(a) If A is Hermitian, AT = AorA” = A and we show that then the numerator in (1)
is real, which makes A real. XTAx is a scalar; hence taking the transpose has no effect. Thus

) X"Ax = X'Ax)" = x"A'X = x"AX = (xTAx).
Hence, X'Ax equals its complex conjugate, so that it must be real. (@ + ib = a — ib
implies b = 0.) -

(b) If A is skew-Hermitian, A" = —A and instead of (2) we obtain
(3) X"Ax = —(XTAx)
so that X'Ax equals minus its complex conjugate and is pure imaginary or O.
(a +ib = —(a — ib) implies a = 0.)

(c) Let A be unitary. We take Ax = Ax and its conjugate transpose

AX)" = ()" = X'

and multiply the two left sides and the two right sides,

(AX)"Ax = AAX"x = |22 "x.
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But A is unitary, Al = A_l, so that on the left we obtain
AX)'Ax = X'AAx = XA 'Ax = X'Ix = X 'x.

Together, X'x = |)\|2iTx. We now divide by x'x (#0) to get |)\|2 = 1. Hence |A| = 1.
This proves Theorem 1 as well as Theorems 1 and 5 in Sec. 8.3. ]

Key properties of orthogonal matrices (invariance of the inner product, orthonormality of
rows and columns; see Sec. 8.3) generalize to unitary matrices in a remarkable way.

To see this, instead of R we now use the complex vector space C™ of all complex
vectors with n complex numbers as components, and complex numbers as scalars. For
such complex vectors the inner product is defined by (note the overbar for the complex
conjugate)

C)) asb=a'b.

The length or norm of such a complex vector is a real number defined by

5) llal = Vaca=Vaja=Vaa + -+ aua, = Via? + - + |a,[2

Invariance of Inner Product

A unitary transformation, that is, y = AX with a unitary matrix A, preserves the
value of the inner product (4), hence also the norm (5).

The proof is the same as that of Theorem 2 in Sec. 8.3, which the theorem generalizes.
In the analog of (9), Sec. 8.3, we now have bars,

usv=uv=(Aa)Ab=a'A'Ab=a'lb=a'b=a-+h.

The complex analog of an orthonormal system of real vectors (see Sec. 8.3) is defined as
follows.

Unitary System
A unitary system is a set of complex vectors satisfying the relationships
0 if j#k
6) ajcay = 5J~Tak =
1 if j=k

Theorem 3 in Sec. 8.3 extends to complex as follows.

Unitary Systems of Column and Row Vectors

A complex square matrix is unitary if and only if its column vectors (and also its
row vectors) form a unitary system.
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The proof is the same as that of Theorem 3 in Sec. 8.3, except for the bars required in
A" =Alandin (4) and (6) of the present section.

Determinant of a Unitary Matrix

Let A be a unitary matrix. Then its determinant has absolute value one, that is,
|[det A] = 1.

Similarly, as in Sec. 8.3, we obtain

1 =det(AA™Y) = det (AA") = det Adet A" = det A det A
= det A det A = |det A|2.

Hence |det A| = 1 (where det A may now be complex). [ |

Unitary Matrix Illustrating Theorems 1c and 2-4

Forthevectorsa' = [2  —iJandb” =[1 +i 4i]wegeta' =[2 i]Tanda™b=2(1+i) —4=—2+2i
and with
0.8i 0.6 i —0.8 +3.2i
= also Aa = and Ab = s
0.6 0.8i 2 —2.6 + 0.6

as one can readily verify. This gives (Aa)"Ab = —2 + 2i, illustrating Theorem 2. The matrix is unitary. Its
columns form a unitary system,

aja; = —0.8i - 0.8/ + 0.6% = 1, ajas = —0.8i - 0.6 + 0.6 - 0.8i = 0,
asas = 0.62 + (—0.8/)0.8i = 1

and so do its rows. Also, det A = — 1. The eigenvalues are 0.6 + 0.8iand —0.6 + 0.8, with eigenvectors[1  1]"
and [1 —1]7, respectively. |

Theorem 2 in Sec. 8.4 on the existence of an eigenbasis extends to complex matrices as
follows.

Basis of Eigenvectors

A Hermitian, skew-Hermitian, or unitary matrix has a basis of eigenvectors for C™
that is a unitary system.

For a proof see Ref. [B3], vol. 1, pp. 270-272 and p. 244 (Definition 2).

Unitary Eigenbases

The matrices A, B, C in Example 2 have the following unitary systems of eigenvectors, as you should verify.

1

1
A: ——[1-3i 5] (A=09), —[1-3 2" A=2

sl ¥ A= Vi B

1 1
B: ——[1-2i -5]7 (A= -2, —[5 1+2]7 (A=4i

\/30[ ' I ) V30[ I )

1 1
C: —[1 17 (A=3G+ V3, —\/ﬁ[l —177 (A =3G - V3)). [ |

V2
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Hermitian and Skew-Hermitian Forms

The concept of a quadratic form (Sec. 8.4) can be extended to complex. We call the
numerator X 'Ax in (1) a form in the components x1,- -, X, of X, which may now be
complex. This form is again a sum of n? terms

n o n
iTAX = 2 E ajk}jxk
j=1k=1

= allilxl + -+ alnilxn

@) + agixoxy + -0+ agpXoxy,

+ Ay XpX1 + ot XX p.

A is called its coefficient matrix. The form is called a Hermitian or skew-Hermitian
form if A is Hermitian or skew-Hermitian, respectively. The value of a Hermitian form
is real, and that of a skew-Hermitian form is pure imaginary or zero. This can be seen
directly from (2) and (3) and accounts for the importance of these forms in physics. Note
that (2) and (3) are valid for any vectors because, in the proof of (2) and (3), we did not
use that x is an eigenvector but only that X'x is real and not 0.

Hermitian Form

For A in Example 2 and, say, x = [1 + i 5i]" we get

4 1—=3i||1+i 41+ ) + (1 — 3i) - 5i

XAx =[1—i =5i] =[1—-i =5i]

=223 M
1+ 3i 7 5i 1 +3)1+i)+7-5i
Clearly, if A and x in (4) are real, then (7) reduces to a quadratic form, as discussed in

the last section.

PROBLEM SET 8.5

EIGENVALUES AND VECTORS 7. Pauli spin matrices. Find the eigenvalues and eigen-

Is the given matrix Hermitian? Skew-Hermitian? Unitary?
Find its eigenvalues and eigenvectors.

vectors of the so-called Pauli spin matrices and show
that S,S, =iS,, S,8, = —iS,, S2=S7=82=1,

where
i 1+
2 .
. . 0 1 0 —i
_1+l 0 Sx:|: :|, Sy:|: :|,
0 ; 1 0 i 0
4.
i 0 1 0
S, = .
0 2+ 2 0 0 -1

f

2 =2 0 2+ 2i . . .
8. Eigenvectors. Find eigenvectors of A, B, C in

0 2 -2 0 Examples 2 and 3.
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CHAP. 8 Linear Algebra: Matrix Eigenvalue Problems

COMPLEX FORMS

Is the matrix A Hermitian or skew-Hermitian? Find X ' Ax.
Show the details.

11.

12.

4 3 -2 —4i
A: s X =
34 2i —4 2+ 2i
i -2+ 3i 2i
A= R X =
2+ 3i 0 8
[ 1 2+ 1
A= -1 0 3i |, X = i
| =2+ 3i i —i
1 i 4 1
A=|—i 3 0], X = i
| 4 0 2 —i

13-20 | GENERAL PROBLEMS

13.

Product. Show that (ABC)" = —C 'BA for any
n X n Hermitian A, skew-Hermitian B, and unitary C.

14.

16.

17.

18.

19.

20.

Product. Show (BA)' = —AB for A and B in
Example 2. For any n X n Hermitian A and
skew-Hermitian B.

. Decomposition. Show that any square matrix may be

written as the sum of a Hermitian and a skew-Hermitian
matrix. Give examples.

Unitary matrices. Prove that the product of two
unitary n X n matrices and the inverse of a unitary
matrix are unitary. Give examples.

Powers of unitary matrices in applications may
sometimes be very simple. Show that C2=1in
Example 2. Find further examples.

Normal matrix. This important concept denotes a
matrix that commutes with its conjugate transpose,
AAT = ATA. Prove that Hermitian, skew-Hermitian,
and unitary matrices are normal. Give corresponding
examples of your own.

Normality criterion. Prove that A is normal if and
only if the Hermitian and skew-Hermitian matrices in
Prob. 18 commute.

Find a simple matrix that is not normal. Find a normal
matrix that is not Hermitian, skew-Hermitian, or
unitary.

CHAPTER 8 REVIEW QUESTIONS AND PROBLEMS

1.

10.

In solving an eigenvalue problem, what is given and
what is sought?

. Give a few typical applications of eigenvalue problems.
. Do there exist square matrices without eigenvalues?
. Can a real matrix have complex eigenvalues? Can a

complex matrix have real eigenvalues?

. Does a 5 X 5 matrix always have a real eigenvalue?
. What is algebraic multiplicity of an eigenvalue? Defect?
. What is an eigenbasis? When does it exist? Why is it

important?

. When can we expect orthogonal eigenvectors?
. State the definitions and main properties of the three

classes of real matrices and of complex matrices that
we have discussed.

What is diagonalization? Transformation to principal axes?

SPECTRUM

Find the eigenvalues. Find the eigenvectors.

11.

13.

2.5 0.5
0.5 2.5

]

-7 4
12.
127

14.

15.

7 2 -1
2 7 1
-1 1 85
(0 -3 -6
30 —6
6 6 0
SIMILARITY

Verify that A and A= p AP have the same spectrum.

19 12 2 4
16. A = s P=
12 1 4 2
7 —4 5 3
17. A = , P=
12 =7 3 5
—4 6 6 1 8 -1
18. A=| O 2 01, P=|0 1 3
-1 1 1 0 0 1
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Summary of Chapter 8 353
19-21| DIAGONALIZATION 22-25| CONIC SECTIONS. PRINCIPAL AXES

Find an eigenbasis and diagonalize. Transform to canonical form (to principal axes). Express

14 0 7 s [x1 x3]"in terms of the new variables [y; ys]".
9. 20. 22. 9xF — 6x1xp + 17x3 = 36

-1.0 1.1 —-56 513

23. 4x% + 24x1xp — 14x3 = 20
—12 22 6

24. 5x3 + 24x1xs — 5x3 =0

25. 3.7x% + 3.2x1x9 + 1.3x3 =45

SUMMARY OF CHAPTER 8

Linear Algebra: Matrix Eigenvalue Problems

The practical importance of matrix eigenvalue problems can hardly be overrated.
The problems are defined by the vector equation

ey Ax = Ax.

A is a given square matrix. All matrices in this chapter are square. A is a scalar. To
solve the problem (1) means to determine values of A, called eigenvalues (or
characteristic values) of A, such that (1) has a nontrivial solution x (that is, x # 0),
called an eigenvector of A corresponding to that A. An n X n matrix has at least
one and at most n numerically different eigenvalues. These are the solutions of the
characteristic equation (Sec. 8.1)

a;n — A are ain
asy dgg — A - dgn
2) D) =det(A — Al = =0.
Aapl a2, e Apn — A

D () is called the characteristic determinant of A. By expanding it we get the
characteristic polynomial of A, which is of degree n in A. Some typical applications
are shown in Sec. 8.2.

Section 8.3 is devoted to eigenvalue problems for symmetric (AT = A), skew-
symmetric (AT = —A), and orthogonal matrices (AT = A" 1). Section 8.4
concerns the diagonalization of matrices and the transformation of quadratic forms
to principal axes and its relation to eigenvalues.

Section 8.5 extends Sec. 8.3 to the complex analogs of those real matrices, called
Hermitian (AT = A), skew-Hermitian (AT = —A), and unitary matrices
(KT = A" 1). All the eigenvalues of a Hermitian matrix (and a symmetric one) are
real. For a skew-Hermitian (and a skew-symmetric) matrix they are pure imaginary
or zero. For a unitary (and an orthogonal) matrix they have absolute value 1.
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