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Preface

Linear algebra is the study of vector spaces and linear transformations.
This means that we study a very large variety of spaces but only one kind of
function between them, unlike calculus, in which one space and lots of kinds
of functions are studied. The subject provides a nice transition from concrete,
problem-oriented mathematics to abstract, structure-oriented mathematics.

At Tllinois Wesleyan University, linear algebra is a sophomore level course
taken after completion of the calculus sequence by students from a variety of
majors. This is the audience I have written for. I have used the links with
calculus in the examples to relate linear algebra to material in my students’
recent past. One of the reasons that I do not start with solving systems
of linear equations is that in thirty years of teaching I have not found a
student who entered a linear algebra course wanting to know how to solve
large systems of linear equations by hand.

This book is designed to deal with all of the concepts of linear algebra
first in R?, a simple context where algorithmic concerns are minimized and
geometric intuition can be brought to bear. Then those same concepts are
dealt with in full generality. I find that this conceptual front loading helps in
the understanding of the rest of the material. Students can see easily what
aspects of the plane are focused on when we think of it as a vector space;
linear transformations can be understood as deformations of the plane of a
very special type. Nothing more complicated than the solution of quadratic
equations or the solution of systems of equations in two unknowns is needed—
background which can be quickly resurected from high school algebra.

The limitation to two dimensional space has some drawbacks: the ge-
ometry is not as rich as in higher dimensions and some of the subtilties of
matrix calculation only become evident in larger matrices. However, the ob-
ject is to introduce the concepts in a context where the technique needed to
solve the problems will cause no difficulties. But already in R? it is easy
to lose sight of the concepts because of the difficulties of solving systems of
equations and solving cubics. Staying in R? keeps the course from bogging
down in chapters 1-4 while introducing all of the concepts (vector spaces, lin-
ear transformations, subspaces, kernels, images, bases, matrices, eigenvalues,
cannonical forms, inner products, orthogonal projection) that are developed
in general in the rest of the course.

This is a book in linear algebra, not matrix algebra, and not numerical
linear algebra. I think that the difficulties inherent in doing matrix compu-
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tations with floating point arithmetic are best left until it is clear what the
meaning of those calculations is; hence my choice to use exact arithmentic
throughout. Because so much of linear algebra depends on the interplay be-
tween linear transformations and the matrices which make them concrete, I
have tried to take an algorithmic approach as well as a conceptual approach
to the theory. This is, in essence, a course in how to take the row reduction
algorithm and squeeze every bit of information you can out of it. The ques-
tions we ask come from the general concepts; the answers often come from
careful consideration of the algorithm.

The core of a course in linear algebra lies in Chapters 1-13.1. Sections
3.2, 5.3, 6.3, 7.3, 10.3, and 11.2 can be omitted without loss of continuity
(though they do include some nifty stuff!). Once the core material has been
covered the instructor has choices to make: one can cover 11.2, 13.2, 13.3,
14.1, and then Chapter 15 if one wants to get a focus on cannonical forms,
or one can omit 13.2 and 13.3 and do all of Chapter 14 to get least-squares
approximation in function spaces. It is also possible to do Chapter 14 right
after Chapter 11 if the instructor is more concerned with getting to the inner
product material than with eigenvalues. The core material fits nicely in 13
weeks, the whole book would take a full 16 week semester or two quarters.

When I teach the course I use the supplemental materials in Mathematica
Notebooks for Linear Algebra by Robin Sue Sanders and myself. Some of
these notebooks grew out of notebooks I used to generate illustrations for the
text—but they are better than illustrations because the student can play with
them and generate further examples or see dynamics animated. I particularly
like the notebook on Coding Theory which would accompany section 6.3.
Students are surprized when they can actually see what is happening in a 7
dimensional space. Several notebooks also provide tools for doing the basic
row operations to solve equations, find inverses, find ranks, change basis,
and find determinants over any of the fields discussed in the book (plus a
few not covered in the book). For large systems it makes more sense to use
a computer than to do the row reduction by hand, but for understanding
it is important not to make the algorithm into a black box. The notebooks
introduce a pivot operation only after use of the elementary row operations
has been mastered.

Each section of the book introduces some concepts with a variety of exam-
ples. The exercises include straightforward computations, quick corollaries
of theorems, proofs of parts of major theorems, and (in many sections) appli-
cations or further theoretical developments in the form of Project Problems.
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Answers to the odd numbered problems are included in the appendix, and
there is a complete solutions manual available to instructors.

Appendix A gives a compilation of the definitions in the text, together
with references to where further explanation can be found. Because there
are so many concepts in linear algebra and because the book does them first
in R? and then in general, students may find this appendix useful both as
a reminder of the definitions and as a pointer to where to find the two-
dimensional case when they encounter the general concept.

This manuscript started out as a joint project with William K. Smith. He
withdrew from the project on his retirement from Illinois Wesleyan Univer-
sity. Without his encouragement it would never have been written. Robin
Sue Sanders has also helped with numerous conversations, teaching from
the manuscript several times, and developing the Mathematica supplement.
Thanks are also due to several classes of linear algebra students at Illinois
Wesleyan University who used previous versions of the book. Craig Zirbel
caught numerous typos and made many valuable editorial comments, many
of which were incorporated in the current version. Laura Chik helped with
the answer key, both catching my errors and providing some solutions. Justin
Rodriguez and Christopher Hatfield both caught many typos.
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Chapter 1

R? as a Vector Space

Linear algebra is the study of vector spaces and linear transformations. These
are abstract notions derived and generalized from useful notions in analytic
geometry and physics. Much of the power of mathematics comes from its ab-
straction, which allows us to recognize similar structures in varied situations
and lets us apply techniques and ideas developed using intuition gleaned from
one situation to quite different examples. Often a branch of mathematics has
developed by abstracting properties in a particular situation, studying those
properties in a more general setting, and then noticing much wider applica-
tion than was apparent in the original situation. The abstraction process is
one of focusing in on specific aspects a motivating example, finding varied
examples with the same properties, and then making the theory explicit and
giving it rigorous form. The power of mathematics comes from all three parts:
good motivating examples, a wide variety of interesting examples with exten-
sive application, and the certainty which comes from a rigorous theoretical
development.

We will start our study of linear algebra by looking at the structure of
the plane R? which makes it a vector space. This is a convenient example
because the structure which makes it a vector space is sufficiently rich to say
interesting things about the plane, but the plane is simple enough that we do
not get buried in the technique needed to do the relevant calculations. After
we have introduced all of the major notions of linear algebra in the context
of the motivating example of the plane, we will give fully general definitions
and look at a much wider variety of examples. It is the object of the present
chapter to illustrate how notions from mechanics and analytic geometry were
abstracted to obtain the fundamental notions of linear algebra.

11
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1.1 Vector arithmetic in R?

Students of physics learn in their study of mechanics that there are several
different physical concepts which require both a magnitude and a direction.
Examples are velocity, momentum, acceleration, and force. Beginning our
process of abstraction, we see that all of these physical concepts can be given
a representation as a directed line segment, the length corresponding to the
magnitude and the orientation giving the direction. For ease in drawing
diagrams we will use two dimensions; the ideas are the same in three, four,
or seventeen dimensions but our geometrical intuition is weaker there. As
part of our abstraction process, let us call one of these quantities with both
magnitude and direction a vector. We will write ¢ for a vector and ||7|| for
its magnitude. When we represent vectors geometrically we will use arrows
pointing in the direction of the vector with length given by ||7||. A vector
with length 0 doesn’t really have a direction, so we will treat it as a separate
(though important) special case, the zero vector 0.

When we describe a new mathematical object (as we are doing now with
vectors) we want to be careful to specify what we mean by equality. For
instance, two functions are considered to be equal if they have the same
domain, the same codomain, and the same value at each element of the
domain, rather than requiring that they be expressed using exactly the same
string of symbols. Vectors will be considered to be the same if they have
the same direction and the same length, so we can move the starting point
without changing the vector. To emphasize our focus on magnitude and
direction as the important features of geometric vectors we use those to
define equality:

Definition 1.1.1 Two vectors will be considered equal if they have the same
direction and magnitude or if both are the zero vector.

Engineers frequently calculate the resultant of several forces; physicists
often study the relationship between forces, accelerations, and changes of mo-
mentum. Addition of forces is done using the “parallelogram law” as shown
in Figure 1.1. This law was developed as a result of practical experiments
in architecture where it was used to calculate loading in masonry buildings.
The two vectors to be added are arranged as adjacent sides of a parallelogram
and the sum is the diagonal. The same vector results when the vectors are
thought of as giving displacements and the second is traversed starting at
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S
QL
+
S

QU

Figure 1.1: Addition Using the Parallelogram Law

the endpoint of the first. Vector addition gives a vector as the sum of two
vectors.

There is a second way to obtain new vectors from old which is used in
expressing several physical laws. If the magnitude of a force F' is doubled
but the direction is kept the same, it is natural to call the new force oF .
If a train traveling with velocity 1 stops and then goes in reverse at % its

previous speed, then its new velocity will be —%‘7 In general, we can multiply

a vector by a number (in this context called a scalar). If k = 0 then k¢ = 0.
Otherwise, the magnitude of k¥ is |k| times that of ¥. If k& < 0 then the
direction reverses; if £ > 0 it stays the same. Two vectors will be called
parallel if one is a non-zero scalar multiple of the other: notice that parallel
vectors are represented geometrically by parallel arrows.

The geometric approach to vectors is convenient for drawing pictures and
estimating effects, but it becomes very cumbersome when we try to give
geometric proofs of all of the properties of the sum and scalar multiplication
defined above and when we shift to higher dimensions.

The main contribution of Descartes to modern mathematics was the ob-
servation that imposing a coordinate system allows us to look at the geometry
using algebra, which is easier to handle and generalize, so we impose a co-
ordinate system. If we agree to draw a vector V with its initial point at
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the origin, then its terminal point will have coordinates (v;,v2). This pair
of numbers determines the vector uniquely, and we write it as V= [v1, va],
using the square brackets to distinguish the vector [vy,vs] from the point
(v1,v9). Imposing coordinates in this way lets us give an algebraic definition
of what a vector is:

Definition 1.1.2 A vector @ in the plane R? is an ordered pair of real num-
bers d = [ay, as]. Two vectors d = |ay, as] and b = [by, by are equal if a; = by
and ay = by. The length of the vector d is ||d|| = \/a? + a3.

It turns out that the two operations defined earlier using geometry have
a particularly nice representation in terms of the coordinates, as shown by
the next proposition.

Proposition 1.1.1 The sum @+ b of the vectors @ = [ay, as] and b = [by, bs]

is @+ b = l[a1 + b1, a9 + bo], and the product kd (where k is a scalar) is
[k;al, kag] .

PROOF:

We give a geometric proof using the constructions sketched
in Figures 1.2 and 1.3. In Figure 1.2, @+ b is obtained by the
parallelogram law. But clearly the two triangles labeled I are
congruent because they each have sides adjacent to the right angle
of length b; and b,. Thus the x-coordinate of A+ Bis a; + by.
Similarly, the y-coordinate of A+ Bisas+ bs.

For the second statement refer to Figure 1.3. We notice that
the triangles with hypotenuse given by A and kA are similar. This
implies that the ratios of corresponding s sides are equal. Since the
length of kA is k times the length of A, the x-coordinate of kA
will be k times as large as the x-coordinate of A and similarly for
the y-coordinates . 1

With this result and two more definitions we will be able to prove the
algebraic properties of vectors in R? from the properties of real numbers.

Definition 1.1.3 The zero vector 0 = [0,0]. For any vector @ = |ay, a3), the
vector —a = (—1)d = [—ay, —ay].
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(CL1 + bl, (05} + bg)
(b17 bQ)
o b
G+b ’
I
o I
b (ala Gg)
a by
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Figure 1.2: Making the sum algebraic
]{ICLQ
kd
5]
a
aq kal

Figure 1.3: Making the product by a scalar algebraic
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Before we use the properties of the real numbers we should point out which
properties are relevant for algebra. We will not be using order properties or
completeness (both of which are important in calculus). What we need are
the properties which make R a field:

Definition 1.1.4 The real numbers form a field because there are opera-
tions of addition (written as a+b) and multiplication (written ab) such that
for all real numbers a,b, and ¢ we have

Closure: a+ b is a real number ab is a real number
Commutative: a+b=0b+a ab = ba
Associative:  a+ (b+c)=(a+b)+c a(bc) = (ab)c
Identity: there is a number 0 there is a number 1
such that 0+a=a+0=a  such that la =al =a
Inverses: For any a there is a number If a # 0 then there is a number
—a with a+ (—a) =0 L with a(3) =1

Distributive:  a(b+ c¢) = (ab) + (ac)

The properties listed are abstracted from the properties you use in arith-
metic and are precisely the ones needed to be able to manipulate expressions
in algebra and solve equations. When we generalize to higher dimensions,
we get similar properties for addition of vectors (which takes two vectors and
combines them to give another vector) and multiplication by a scalar (which
takes a real number and a vector and returns a vector). The structure re-
sulting is that of a vector space over R:

Definition 1.1.5 A vector space V over the real numbers is a set (whose
elements are called vectors) equipped with two operations. Addition takes
two vectors and returns a vector as their sum, and multiplication by a scalar
takes a real number and a vector and returns a vector. These operations sat-
isfy the following axioms for all vectors a, 5, and ¢, and real numbers k and h:
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Closure: @+ b and ka are vectors
Commutative law for addition: d+b=0b+a
Associative law for addition:  (@+0b)+c=da+ (b+0)

Identity: There is a vector 0 such that for all @,
i+0=a

Inverses: For any vector a there is a vector —a with
a+—a=0

Absorption: k(ha) (kh)a

Distributive laws: (h+ k)a = (hd) + (ka)

h(@+b) = (ha) + (hb)
Identity for scalars: la=a

Proposition 1.1.2 Using vector addition and multiplication by a scalar given
componentwise, R? is a vector space over R.

PROOF:

Most of these involve little more than converting the vectors
to ordered pairs of real numbers and then applying the law of
the same form for real numbers twice. For example, to prove
commutativity for addition we calculate

6—1— g: [al,ag] + [bl,bg] = [a1 + bl,ag + bz]

Now apply the commutative law for addition of real numbers to
get ay +b; = by + a1 and as + by = by + as. Then apply the
definition of equality to get

[a1, az] + [b1, ba] = [b1, bo] + [ay, as].
Thus showing that
a+b=0b+ad.
The absorption law for multiplication by scalars uses two ap-
plications of the associative law for multiplication.

k(hd) = k(hla1,as])
= klhay, hay)
[k(hay), k(has]
[(kh)aq, (kh)as]
(kh)a.
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We use the different name absorption for the vector space prop-
erty because it actually involves two different kinds of multiplication—
multiplication of a vector by a real number and multiplication of
two real numbers—rather than two applications of the same kind
of multiplication as in the associative property for R.

The other properties are left as exercises.

The proof just given is rather pedantic; very little real work is needed
to prove the properties of the operations. This illustrates the power of the
algebraic approach. Furthermore, it is almost trivial to generalize this propo-
sition to higher dimensions. If we want to prove commutativity for addition
of 17-tuples of real numbers, all we have to do is quote commutativity for
real numbers 17 times. This certainly is easier than coming up with a proof
in 17-dimensional Euclidean geometry!

Exercises 1.1:

1. Let @ = [3,5], b = [-2,7], @ = [5,—12], and d = [1,—3]. Find the
following;:

=
2
ST
+
w
!
|
>
=
S
|
)}

2. Prove the remaining parts of Proposition 1.1.2

3. Prove that a vector has a unique additive inverse; that is, if both

T+—7 = 0
T+ —o = 0
then —;0' = —o0. (Hint: use the associative law to expand — 049+ —o0/

in two different ways.)
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1.2 Bases for R?

In physics and engineering it is fairly standard practice to write vectors in
terms of the standard basis vectors 7= [1,0] and j'= [0, 1]: for instance

[3,4] = 37+ 47,

The property that makes these basis vectors is that any vector @ = [aq, as]
can be represented as a7+ ayJ in exactly one way.

Definition 1.2.1 A basis for R? is a set of vectors {by,... by} such that
any vector in R? can be written as kiby + ... + kb, in ezactly one way.

Other bases for R? are not difficult to find: any pair of vectors which are
not parallel will do.

Example: The set {[1,2],[3,4]} is a basis.
To show that
[a,b] = x[1, 2] + y[3,4]

has a unique solution we solve the pair of equations

a = x+3y
b = 2x+4y.
We get
3b —4a
X =
2
_ b—2a
y - _2 N

&

As long as we stick to two equations in two unknowns this is not too hard.
(Efficient techniques for finding solutions to systems of equations will be one
of the major tools of linear algebra; we will study them in detail in Chapter

7)
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Example: The parallel vectors [1, 1] and [—1, —1] do not form a basis.

There exist vectors which cannot be written as z[1, 1]+y[—1, —1]
for any choice of  and y. For example, if we try to write [2, —2]
as z[1,1] + y[—1, —1] we end up with the system of equations

rT—y = 2
rT—y = —2
which clearly has no solutions. &

Any set of vectors containing two parallel vectors will run into this same
difficulty. A set containing three nonparallel vectors also fails to be a basis
for R? :

Example: The set {[1,0],[0,1],[1,1]} is not a basis.
What we lose is the uniqueness of representation. For example
[1,2] = 1[1,0] + 2[0, 1] + 0[1, 1]
but we also have
[1,2] = 0[1,0] + 1[0, 1] + 1[1, 1].

¢

These examples illustrate the characterization of a basis for R? as a pair
of nonparallel non zero vectors.

Picking an ordered basis for R? is analogous to picking a coordinate sys-
tem. If we use the standard basis we recover the coordinates of the endpoint
of our vector from the coefficients of 2’ and 7. Using a different ordered basis
we will get different “coordinates”:

Definition 1.2.2 If B = (51,52) is an ordered basis for R?, then the B-

. . . - - k
coordinate representation of @ = kiby + koby is the column vector k:l }
2

Because column vectors are awkward within text, we often write this column

as [k, ko', where the ' indicates transpose, an operation which turns rows
into columns.



1.2. BASES FOR R? 21

Example: Finding B-coordinates

For the ordered basis B = ([1,2],[3,4]) the B-coordinate rep-
resentation of [1,4] is found by solving the system of equations
[1,4] = z[1,2] + y[3, 4] which is equivalent to

le+3y = 1
2v+4y = 4.
This has solution x = 4 and y = —1, so the B-coordinate repre-
sentation of [1,4] is [ _41 } &
Exercises 1.2:
1. Let ¥ = [1,1] and @ = [—1,2]. For each of the following vectors @

find scalars  and y so that @ = xv + yw, then give the B-coordinate
representation, where B = ([1, 1], [—1,2]).

(a) @=13,0]
(b) @=[~4,3]
a=|2,5]
[

(
(d
(e

2. Repeat exercise 1 using v = [2, —1] and 4 = [-3,0].

)

)
c)

) @=10,—4]

) Show that {[1,1],[—1,2]} is a basis for R?.

3. Let @ = [—3,2] and b = [6, —4]. Find scalars ¢ and d so that cd+db = 0.
Is there more than one solution to this problem?

4. Let @ =[2,—1] and b = [-3, 1.5]. Find scalars ¢ and d so that c@+db =
0. Is there more than one solution to this problem?

5. Let ¥ and @ be nonzero vectors in R? for which there exist nonzero
scalars a and b so that av 4+ bw = 0. Prove that ¢ and « are parallel
(that is, show that there is a scalar k such that ¢ = k).



22

CHAPTER 1. R* AS A VECTOR SPACE

. Suppose that the only solution to z@+y7 = 0is = 0 and y = 0. Show

that if @ = a14 + b10 and W = ax@ + by, then a; = ao and by = bs.

. Show that if ¥ and ¢ are non-zero and non-parallel, then there is only

one solution to 2@ + yv = 0.

. Show that {[1, 3], [—2, —6]} is not a basis for R



Chapter 2

Linear Transformations on R?

If all that we did with vectors were addition and multiplication by scalars
they would form a small part of some other course (probably in architecture
or physics rather than mathematics) instead of being the start of a subject
central to much of modern mathematics. The subject of linear algebra be-
comes worthy of intensive study when we start thinking about the kind of
functions (called linear transformations) between vector spaces which pre-
serve these operations on vectors. Linear transformations are made concrete
using matrices. Linear algebra becomes the structural analysis of properties
of linear transformations and matrices. In this section we will restrict our-
selves to linear transformations from R? to itself. They have their origins in
questions of rescaling and rotation in drawing graphs.

2.1 Definitions, examples, and operations

In Chapter 1 we have described the structure of R? which results from con-
centrating on operations of vector addition and multiplication by scalars.
The next definition tells us that linear transformations are functions which
preserve this structure.

Definition 2.1.1 A linear transformation from R? to itself is a function
L : R? — R? such that L(d + b) = L(d@) + L(b) and L(ka) = kL(a) for all
vectors @ and b and all real numbers k.

Because we will be using the terms later it might be wise to recall that
a function f : D — (' is a rule which assigns to each element of the domain

23
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D a unique element of the codomain C. All elements of D must be assigned
values under f but C' gives what could be hit by f rather than what is hit.
(The set {f(z)|x € D} is called the image, or range, of f; it is a subset of
the codomain.)

First we should note that this is really very restrictive. There aren’t a lot
of linear transformations. Any linear transformation must preserve the zero
vector, since

L(0 + 0) = L(0)
by the property of the zero vector, and

=, =,

L(0+ 0) = L(0) + L(0)

by linearity. Thus
L(0) = L(0) + L(0)
and by adding inverses we conclude that

—,

L(0) = 0.

Furthermore, once we know where a linear transformation sends 7 and j’
we will know what it does to all vectors in R?. To find L([a,b]), we write
[a,b] = a4+ b] so

L(ja, b)) = L(a7+ b7) = aL(7) + bL(}).

2.1.1 Examples

With this in mind let us look at some examples. In each case we provide a
picture of how the maps transform the unit circle and a square in the plane
with an arrow indicating orientation.

Example: A vertical stretch:
Consider the function L with value given by
L([a, b]) = [a, 20]

To show that L is linear we need to show that it preserves
both addition and scalar multiplication. Both of these are easy
computations:
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i

Figure 2.1: A vertical stretch

Llar bi) + [az,ba]) = Lflas + az,by + ba))
— [al + as, 2b1 + 2b2]
= [ay, 2b1] + [as, 2bo]
= L([a1, b1]) + L([az, bo))

and similarly for scalar multiplication:
L(k[a, b)) = L([ka, kb])

= [ka,2kb

= kla,20]

= kL([a,0])
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Example: A horizontal stretch:

Next consider the function with value given by Ls([a,b]) =
[3a, b]
Again we need to check that this preserves sums and scalar
products:
Ly([ay, b1] + [a2,b2]) = Lo([ar + ag, by + bo)
= [3(a1 + az2), by + by
= [3a1,b1] + [3az, by]
= Ly([ar, b1]) + La([az, bo])
Ly(kla,b]) = La([ka, kb])
= [3ka, kb] = k[3a, D]
= kLy([a,b])

Example: A rotation through the angle ¢
Here we let the value be given by

Ro([a, b)) = [acos(0) — bsin(h), asin(f) 4+ bcos(0)]

Here again let’s show that we get a linear transformation:

L([ay, b1] + [az, be]) = L([a1 + a2, by + o))
= [(a1+ay) cos(f)— (by+b2) sin(h), (a1 +as) sin(f)+ (by+b3) cos(9)]
= [a1 cos(0)+as cos(0)—by sin(f)—by sin(f), a1 sin(6)+ag sin(0)+b; cos(6)+by cos()]
= [ay cos(0)—by sin(f), a; sin(€)+by cos(0)]+]az cos(0)—ba sin(f), as sin(0)+bs cos()]
= L([a1, b1]) + L([az, bs])
and similarly for scalar multiplication:
L(kla,b]) = L([ka, kb))
= [kacos(f) — kbsin(0), kasin(f) + kb cos(6)]
= kL([a,b])
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Figure 2.2: A horizontal stretch



28 CHAPTER 2. LINEAR TRANSFORMATIONS ON R?

0.5

Figure 2.3: Rotation through ¢ =

Example: A reflection:
Another kind of behavior is given by the relfection through
the y-axis R([a,b]) = [—a, ]
¢

Example: A general example:

This example combines elements of the previous examples:
L([a,b]) = [2a — 3b, a + 4]
Here again let’s show that we get a linear transformation:

L([ay, b1] + [az,b2]) = L([a; + ag, b1 + ba))

[2(a1 + az) — 3(by + ba), (a1 + az) + 4(by + b2)]
[2a1 + 2a5 — 3by — 3by, a1 + as + 4by + 4bs]
[2a1 — 3b1, a1 + 4b1] + [2a9 — 3by, ag + 4by]

= L(la1, b1]) + L([az, bs])

and similarly for scalar multiplication:

L(kla,b]) = L([ka, kb))
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Figure 2.4: Reflection

= [2ka — 3kb, ka + 4kY)
= kL([a,b])

Example: A nonlinear function:

The function Q from R? to R? with
Q([a,b]) = [a* a — ab +1]

is not a linear transformation.
First notice that @(0) = [0, 1] so that this cannot be linear.
Also,

Q(2[a, b)) = [4a®,2a — 4ab + 1] # 2[a*,a — ab + 1]

for any choice of a and b.

Example: Collapsing to a line:

Some linear transformations collapse space in one direction:

C([a,b]) = [a+ b,2a + 2b] O



30

CHAPTER 2. LINEAR TRANSFORMATIONS ON R?
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Figure 2.5: A general example
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Figure 2.6: A nonlinear function

2.1.2 Operations on linear transformations

Next let us turn our attention to operations on linear transformations which
give rise to new linear transformations. The first operation on linear trans-
formations we will consider is composition. Recall that the composition of
functions is defined by

fog(x) = f(g(z)).

Theorem 2.1.1 If L; and Ly are linear transformations from R? to itself,
then Ly o Ly is a linear transformation as well.

PROOF:

The function L; o Ly from R? to itself preserves addition and
scalar multiplication because both L; and L do:

-

LioLy(@+b) = Li(L(a+b))
= Li(Ls(@) +L2(5)) )
= Ly(Ly(@)) + Ly (Lo (D))
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Figure 2.7: Collapsing onto a line
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We can also add linear transformations or multiply by a scalar to get
another linear transformation.

Proposition 2.1.2 If Ly and Ly are linear transformations and k € R, then
L1 + Lo, which has value

(L1 + L) (V) = L1 () + Lo (?),
1s linear and so is kL, where
(kL) (V) = kL1 (V).
PROOF:

This is a simple calculation: First that the sum of linear trans-
formations preserves sums:

(L + Lo)(@+b) = Li(@) + La(@) + Ly (b) + La(b)

- -

= Li(d+0b)+ La(@+b)

then that the sum of linear transformations preserves scalar
multiples:

(Ii + Lo)(kd) = Ly(kd) + La(kd)
= kLi(@) + kLz(@) = k(L1 + L»)().

Similar calculations work for kL;. |

Exercises 2.1:

Which of the maps in problems 1-10 are linear transformations? Either
prove the function is a linear transformation or give an example which shows
which aspect of linearity fails.
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- L[z, y]) = [+ 3,y — 2]

L([z,y]) = [y, 2]

L([z,y]) = [0,z — 2]
L([z,y]) = [0,0]

L([z,y]) = [2* — y*, 2" + y7]

L([z,y]) = [37 — 4y, z + Ty]

- L[z yl) = lle =yl |y — =]

L([z,y]) = [zy, z + 3y]
L([z,y]) = [ex + 7y, 2z — ]
L([x,y]) = [62z + 2y, 2 — 3y|

Show that composition of linear transformations is not commutative by
showing that if you rotate by 7 radians and then stretch by a factor of 2
horizontally you do not get the same result as if you stretch horizontally
by a factor of 2 and then rotate by 7 radians.

Show that translation of axes f : R? — R? with f([a,b]) = [a+ h, b+ k]
is not, in general, a linear transformation.

Show that linear transformations from R? to itself map straight lines
into straight lines or points. Recall that the vector [z,y] is on the line
through the point (a,b) in the direction [dy, dy] if there is a t € R with
[z,y] = [a,b] + t]dy, ds).

Show that the linear transformation L([x,y]) = [ax + by, cx + dy] takes

the unit square to a parallelogram with area |ad—bc|, this is the absolute
value of the determinant of the matrix [ Ocl Z } .

Show that any linear transformation from R? to itself can be written in
the form L([x,y] = [ax + by, cx + dy] for suitable choice of a, b, ¢, and d.



2.2. MATRICES AND MATRIX OPERATIONS 35

2.2 DMatrices and matrix operations

Matrices are rectangular arrays of numbers. Typically they are thought of as
having horizontal rows and vertical columns. A matrix is called m x n if it
has m rows and n columns. Each row has n elements in it and each column
has m elements. In this section we will be talking about how we can use
2 X 2 matrices to make linear transformations more concrete.

2.2.1 Using ordered bases to get a matrix for a linear
transformation
At the beginning of section 2.1 we noted that a linear transformation from

R? to itself is completely determined by what it does to the standard basis
vectors 7 and J.

Example: Getting a linear transformation from L(7) and L(})

Suppose that we know that L(7) = [1,2] and L(7) = [3,4],
then we can find

L([a,b]) = L(aV+ b))
= L(a?) + L(b))
= aL(¥) + bL(})
— a[1,2] + b[3,4]
= [a+ 3b,2a + 4b].

This tells us that all of the information we need to define L is the
value at basis vectors. We can encode this information in a matrix
and define multiplication so that it gives the value of the linear
transformation. By convention we use column vectors and write
the matrix on the left, mirroring the function notation familiar
in calculus (though, like any convention, it is a bit artificial and
has its drawbacks as well as its advantages). The calculation of
L(]a, b)) is then written as

][]
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In general, suppose that we are given an ordered basis B = (51, Z;Q) for R2.
Then a linear transformation L is completely determined by its action on b,
and by. Since any vector can ¢ can be written as k1b; + kqby for a unique pair

of numbers (ki, k2) we can think of the column vector { ! } as represent-

ks
ing ¢ with respect to the ordered basis (the B-coordinate representation of
Definition 1.2.2).

If we represent L(gl) with respect to this ordered basis we get a column

vector [ f } and similarly L<52) = { Z } Combining these column vectors

gives a matrix [ i) g } which contains all the information needed to find

L(¥). When v = klgl + kggg we get
L(T) = k1 L(by) + ko L(bo) = (pky + qhka)by + (rky + sks)bo,

pk1 + qks

a vector whose B-coordinates give the column vector
T k?l + Skg

| we

define the product of the matrix { I; Z } and the vector [ k1

k) } so that it

will give the value of the linear transformation:

Definition 2.2.1 The product of a 2 X 2 matrix and a 2 element column
vector 18
[p Q1 |:k71 ] _ {pkl—qu@]
r s ko rky + sks |’

Note that if the first column of the matrix is the B-coordinate repre-
sentation of L(by), the second column of the matrix is the B-coordinate
representation of L(Z;Q), and we multiply by the column vector giving the
B-coordinate representation of v, we get the B-coordinate representation of
L(¥) precisely because that is how we defined the operation of multiplication
of a matrix times a column vector.

Let us now return to our examples of linear transformations and see what
their matrices with respect to the standard basis ([1, 0], [0, 1]) are:

Example: A matrix for L([a,b]) = [a,20] using the standard basis
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This linear transformation takes the basis vector 7 to 17+ 07
thus the first column of the matrix for L with respect to the
standard basis is

1
o

Since L takes 7'to 02+ 27 the second column is

H

If we take the resulting matrix and multiply on the left by it

we get
10 a| | a
0 2 b | |2
O
Example:
Our more general example was L([a,b]) = [2a — 3b,a + 4b].

This takes 7' to [2,1] = 27+ 1) and Jto [—3,4] = =30+ 47; thus
the matrix of L with respect to the standard basis is

17

Example: Using a non-standard basis

The standard basis is not always the most convenient basis to
use in finding a matrix representation. As an example consider
the linear transformation G which takes [z, y] to [z — 2y, x + 4y].
Using reasoning like that used in the last example we find that
its matrix with respect to the standard basis is

Y
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If, however, we use the (carefully chosen) ordered basis ([1, —1], [-2, 1])
we get a nicer matrix. First we calculate

G[1,—1] = [3,-3] = 3[1, —1] + 0[-2, 1]

and
G|—2,1] =[-4,2] =0[1, —1] + 2[-2, 1]

so that the matrix of G with respect to the basis ([1, —1],[—2,1])
1s
3 0
0 2|
%

Thus two different matrices can represent the same linear transformation
with respect to different ordered bases. These matrices are in some sense
equivalent. The next definition gives a name to this kind of equivalence.

Definition 2.2.2 [f two matrices M and N represent the same linear trans-
formation with respect to different choices of basis we say that they are sim-
ilar matrices. We write M ~ N.

Example 2.2.1 shows that

HESEItE

One of the important problems of linear algebra is finding canonical forms
for matrices. For example: when can you find a diagonal matrix which is
similar to a given matrix? If you can’t find a diagonal matrix, how close
can you get? Are there other forms which are particularly useful or give
significant information about the linear transformations they represent?

2.2.2 Matrix multiplication, addition, and multiplica-
tion by a scalar

We have seen that multiplication of a matrix times a column vector can be
defined so that it represents evaluation of a linear transformation. Can we
make definitions of other operations on matrices so that the other operations
on linear transformations are represented?
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The first important operation on linear transformations is composition:
If L and M are linear transformations from R? to itself, then so is L o M.
Suppose that we pick an ordered basis for R?; how will the matrix for the
composition L o M be related to the matrices for L and M. To make things
both concrete and general, suppose the ordered basis is (l;l, gg), the matrix
for L is

li lio
L g
{ CYREY }

and the matrix for M is

mo1 Moo

M:[mn m12]

Then we can find the matrix for L o M by finding what it does to the
basis vectors:

LoM(B) = L(M(b)
L(mnl;l + mglgg)
myy L(Dy) + ma1 L(by)
= mll(lllgl + l2152) + m21(l12gl + 52252)

= (lnmn + l12m21)g1 + (loymay + l22m21)52
and similarly

LoM(by) = L(M(by))
L(masby + masby)
Mz L(by) + mas L(b2)
= mlz(lllgl + 12152) + m22(11251 + l2252)

= (ljymia + l12m22)g1 + (loymaz + 52277122)52
Thus the matrix for Lo M is

Liymay + Liamar  liimag + liamag
loymay + logmay  laymag + loamag

This prompts the definition of matrix multiplication:



40 CHAPTER 2. LINEAR TRANSFORMATIONS ON R?

Definition 2.2.3 The product of the 2 x 2 matrices L and M s

T RAT mir maz || lamar + lamar liimiag + liamas
LM = =
lor 1y Ma1  Mag loymian + loamar  loymag + lagmigg

The first column of the product is obtained by taking the first matrix
times the first column of the second matrix (as a column vector); the second
column of the product is obtained by taking the first matrix times the second
column. Without the connection to composition of linear transformations
this would be a rather nonobvious way to multiply matrices!

Matrix multiplication has several nice properties, all of which are most
easily related to properties of composition of linear transformations. For
example, the identity linear transformation Id : R? — R? takes [z, 9] to
itself. It has the property that Lold = Ido L = L. The matrix corresponding
to this, an identity matrix has the form

1ot

and has the property that IM = M and MI = M.
Let us look next at the matrix for L + M. Again we start by seeing what
L+ M does to the basis elements:

(L+M)(b) = L(by) + M(by)
= l11by + la1b2 + my1by + Mg by
= (l11 +mu1)br + (l21 + ma1)bs

and

—

(L+ M)(bs) = L(by) + M(by)
= ligby + la2by + my2by + mgbsy
= (L2 + mi2)br + (lag + ma2)bs

so the matrix for the sum is

I o mip Mi2 Iyt +mar g +mao
{ lor 2o Mo M2 loy +may Loy + Mmoo
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In a similar fashion we can get multiplication of a matrix by a scalar
corresponding to multiplication of a linear transformation by a scalar:

klin klyo }

il = [khl ko

Exercises 2.2:
For problems 1-8

1 0 2 1 0 1
A:[_35y32[1 7}MMC:{_1O]
find the following:
1. AC

2. CA
BC

= W

(BC)A

ot

B(CA)
A+B
(A +B)C
AC +BC

© e N o

Give the matrices for the linear transformation K ([z,y]) = [3z+y, y—1]
with respect to the following basis (on both domain and codomain):

(a) The standard basis
(b) ([t, —1], [1,1])
(¢) ([1,1],10,1])
(d) ([2,3],1-5,2])

10. Give the matrices for the linear transformation M ([z,y]) = [y, z] with
respect to the following basis (on both domain and codomain):
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a) The standard basis

(a)

(b) ([t, =1, [1,1])
(c) ([1,1],10,1])
(d) ([2,3],[-5,2])

Give the matrices for the linear transformation P([z,y]) = [22+3y, —5z
8y] with respect to the following basis (on both domain and codomain):

(a) The standard basis
(b) ([1,—1],[1,1])

(c) ([1,1],10,1])
(d) ([2,3],[=5,2])

Give the matrices for the linear transformation L([z,y]) = [z — 2y, 0]
with respect to the following basis (on both domain and codomain):

(a) The standard basis

(b) ({1, =1, [1,1])

(c) ([1,1],10,1])
)

(d) ([2,3],[-5,2])
Show that if the columns of a matrix M form a basis for R? then M is

the matrix of an onto linear transformation. (Recall that a function is
onto if its image is all of its codomain.)

(o]

is an identity for the operation matrix multiplication: that is, show
IM = MI = M for all matrices M.

Show that the matrix

Give an example which shows that matrix multiplication is not com-
mutative.

Prove that matrix multiplication is associative. (Hint: composition of
functions is associative.)
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17. Show that the set of all 2 x 2 matrices is a vector space using the oper-
ations + and scalar multiplication defined in this section; that is, show
that matrices have the same algebraic properties (as in Proposition
1.1.2) that R? has. Conclude that the space of linear transformations
from R? to itself is also a vector space.

2.3 Kernels, Images, and Subspaces

In this section we will consider some vector spaces smaller than R? which
can be gotten by looking at susbsets which are themselves vector spaces.

Definition 2.3.1 A subset S of a vector space V which is itself a vector
space using the same operations as in V is called a subspace. We will write
S <V to distinguish subspaces from subsets, which we write S C V.

Example: The x-axis
The set {[z, 0]|z € R} is a subspace of R?. To see this we need
to check 10 axioms:

1. Closure under both addition and multiplication by a scalar:
If we add two vectors of the form [z,0] we get a vector of
that form and if we multiply such a vector by a real number
we get another vector with a second coordinate of 0.

2. Commutativity of +:

[a,0] + [0,0] = [a+0,0]
= [b+a,0]
= [b,0] + a,0]

3. Associativity of +:

[a,0] 4+ ([b,0] + [c,0]) = [a+ (b+¢),0]
= [(a+b) +¢,0]
= ([a,0] + [b,0]) + [c, 0].

4. Identity: [0,0] is of the desired form.
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5. Inverses: [—a, 0] is of the desired form.
6. Absorption: k(h[a,0]) = [k(ha),0] = [(kh)a,0] = kh[a, 0]

7. Distribtive laws (both of them): use the distributive laws for
R in the first coordinate, the second coordinate is always 0.

8. Identity for scalars: 1[a, 0] = [a,0].
%

In general, to show that a set equipped with two operations is a vector
space you need to show that all the properties in Definition 1.1.1 hold. For
subspaces, however, it is not necessary to check all of the axioms for a vector
space.

Theorem 2.3.1 A nonempty subset S C V which is closed under addition
and multiplication by scalars is a subspace of V.

PRrRoOOF:

The operations of addition and multiplication by a scalar will
automatically satisfy all of the axioms of vector spaces given by
equations, since those equations hold in the larger vector space
V our subset S is contained in. Thus in addition to closure, we
get the commutative, associative, absorption, identity for scalar
multiplication, and distributive laws free. Every subspace must
contain the zero vector, since that is part of the data for a vector
space; we get the zero vector by multiplying the vector we know
is in S by 0. Inverses come from scalar multiplication by —1. 1§

If a subspace of R? contains a non-zero vector @ it must also contain
the line through the origin given by all the multiples of @. In R? the only
subspaces lines through the origin, just the origin, or all of R2.

Example: The set {[z,2z]|z € R} is a subspace of R?.

To see this we need only show that [0,0] is in {[z,2z]|xz € R}
and that {[z,2z]|x € R} is closed under both addition and scalar
multiples. Now

[0,0] = [0,2(0)]
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so [0, 0] is of the right form. If we add we get another pair of the
right form:

[2,22] + [y, 2y] = [v + vy, 22 + 2y] = [v + vy, 2(x + y)]

and similarly a constant multiple of a vector of the form [z, 2z]
is also of that form:

klx,2z] = [kx, k(2z)] = [kx, 2(kz)]
¢

In general if a subspace contains vectors @ ... a, it must contain all vec-
tors b which can be obtained from @; . . . @, using sums and multiplication by
scalars. These are called linear combinations of the given vectors and the
set of all linear combinations of the vectors dy, ..., d, is called the subspace
spanned by {dy,...,d,}, which we will denote Span({dy,...,d,}).

Definition 2.3.2 A linear combination of the vectors @, ... d, is any vector
of the form

n
b= kid;
i=1
. For any finite set of vectors S ={dy ...d,}, the set of linear combinations
of vectors in S is Span(S)

Proposition 2.3.2 For any finite set of vectors S = {d,...d,}, the set
Span(S) of linear combinations of vectors in S is a subspace.

PROOF:

We need to show that Span(S) is non-empty and that it is
closed under both operations. Notice that a@; € Span(.S) (by let-
ting k1 = 1 and all other k; = 0), giving non-emptiness. Closure
under addition comes from

> ki + > hadi; =Y (ki + hy)d;
i=1 i=1 i=1
and closure under multiplication by scalars comes from

n

=1

=1
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Later on we will extend this concept to the span of arbitrary sets of
vectors. Since the smallest possible vector space consists of just the zero
vector, we define Span()) = {0}.

Example: What is the subspace of R? spanned by the set {[1,2], [2,4]}?

A vector [a,b] will be in Span({[1, 2], [2,4]}) if and only if it

can be written as [a,b] = x[1,2] + y[2,4]. This is the same as
asking for a and b for which solutions exist for the system of
equations

r+2y =

20 +4y = b

It is clear that this is hopeless unless b = 2a. Thus Span({[1, 2], [2,4]}) =
{[a, b]|b = 2a}. O

Example: What is the subspace of R? spanned by the set {[1, 2], [2, —4]}?

A vector [a,b] will be in Span({[1,2],[2, —4]}) if and only if
it can be written as [a,b] = z[1,2] + y[2, —4]. This is the same
as asking for a and b for which solutions exist for the system of

equations
r+2y =
20 —4y = b
This has solutions
2a +b
:C =
4
_ 2a— b
Y=y
so Span({[1,2], 2, ~4]}) = R, o

If Span(S) =V then we say that S is a spanning set for V. Notice that
the requlrement on (bl, bg) that every element ¢’ of R? have a representation
of the form k1b1 + k2b2 tells us that a basis must be a spanning set.
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2.3.1 Images of linear transformations

In our study a linear transformations L from R? (the domain) to R? (the
codomain) we sometimes get every element of the codomain as the image of
an element in the domain (in which case L is onto) and sometimes we do not.
For example, the linear transformation in Example 2.1.1, which collapsed R?
onto a line, is not onto; its image is smaller than its codomain. This suggests
that the image of a linear transformation might be an interesting set to look
at.

Definition 2.3.3 The image of a linear transformation L : V — W 1is the
subset Im(L) = {L(0)|v € V} C W.

Proposition 2.3.3 The image of a linear transformation is a subspace of
its codomain.

PROOF:

If 41 € Im(L) and ¥, € Im(L), then there are vectors u; and
17:2 with L(ﬁl) = 171 and L(ﬁg) = 172. Then Tﬁl = L(T171> and
U1+ Uy = L(t; +1us). This tells us that both rv, and v 4 9, are in
Im(L). We know as well that L(0) = 0, so the image also contains
the zero vector. Since Im(L) is nonempty and closed under both
sum and multiplication by a scalar, it is a subspace of W. |

Proposition 2.3.4 If {b1, by} spans R2, then {L(by), L(bs)} spans Im(L).

PROOF:

A vector i is in Im(L) if it is of the form L(7) for some v € R?.
Now since {by, by} spans R?, & = kyb; + kobs for some ky, ky. Then

W o= L(©)
- L(klgl+k252)
=k L(by) + ko L(By).
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In the last section we saw that once we have an ordered basis for R?
in mind, talking about linear transformations and talking about matrices
is really the same thing. With this in mind recall that the columns of the
matrix for a linear transformation were obtained by looking at the image of
the basis vectors. Now the image of a basis gives a spanning set for the image
of a linear transformation, so if we look at the subspace of R? spanned by
the columns of a matrix for L we will obtain the image of L. This subspace
of R? is called the column space of the matrix. Summarizing, we get the
following definition:

Definition 2.3.4 The column space of a matriz is the subspace spanned
by its column vectors.

If we represent a linear transformation with respect to a choice of ordered
bases, then the column space of the matrix will give the image.

2.3.2 Kernels of linear transformations

The other question we ask about linear transformations is whether or not
they are one-to-one. This is equivalent to asking whether you can conclude
that @ = b from knowing that L(@) = L(b) or equivalently that

-,

L(@) — L(b) = L(@ —b) = 0.

This suggests that it might be useful to look at the set of vectors a linear
transformation sends to 0.

Definition 2.3.5 We call the set of vectors T such that L(T) = 0 the kernel
of L, written Ker(L).

Proposition 2.3.5 The kernel of a linear transformation L is a subspace of
the domain of L.

PROOF:
It is clear that 0 € Ker(L), so Ker(L) # 0. If @ € Ker(L) and
b € Ker(L) then
L(@+b) =L@+ L) =0+0=0

Thus @+b € Ker(L). Since L(k@) = kL(@) = k0 = 0, kd@ € Ker(L)
as well, giving closure under both operations. Thus Ker(L) is a
subspace of the domain of L. |



2.3. KERNELS, IMAGES, AND SUBSPACES 49

In terms of the matrix for L with respect to a basis, the kernel will be
exactly the set of all solutions to the pair of equations given by the matrix

HIsEs!

A system of equations in which all of the constants are 0 is called homoge-
neous. Thus we conclude that the set of solutions to a homogeneous system
of linear equations is a subspace. We also observe that if we want to get
our hands on the kernel of a linear transformation what we really need to
know how to do is describe the solutions to such systems. For systems of two
equations in two unknowns most of us can muddle through without much
difficulty. Clearly for larger systems we will need some systematic approach.

2.3.3 Solution of systems of equations in two unknowns

For two by two matrices we can find the solution to the system

a b x| | m
c d y| | n |’
by solving the first equation for x

m — by

Tr =
a

and then substituting in the second equation:

Pl % +dy = n
(ad —cb)y = an—cm
_an—cm
Y7 Tad—ie

Then we can substitute back into the expression for = to get

md — bn
ad — bc

Tr =

This tells us that there will be a unique solution if the number ad — be # 0.
If ad — bc = 0 then ¢ = %. In this case our system has solutions only if

n = %m in which case the second equation gives no new information, so there
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are an infinite number of solutions. If n # %m then the system describes two
distinct parallel lines and there are no solutions.

We have encountered the expression ad — be before (in the exercises on
linear transformations, Exercises 2.1#6, where it was related to areas in the
plane). Thus we will give it a name:

Definition 2.3.6 The determinant of a 2x2 matriz is given by the formula

a b

det{c d} = ad — be.

We note that a system of two equations in two unknowns has a unique
solution if and only if the determinant of the matrix of coefficients is non-zero.
We can use Ker(L) to find out if L is one-to-one:

Proposition 2.3.6 The linear transformation L is one-to-one if and only if
Ker(L) = {0}.

PRrRoOOF:

Certainly if Ker(L) contains two distinct vectors, then L can-
not be one-to-one, since two vectors go to 0. On the other hand,
if Ker(L) = {0} and L(@) = L(b) then

L(@ —b) = L(@) — L(b) =0

so @ — b € Ker(L), so it must be 0. This makes @ = b, so L is
one-to-one. 1

Corollary 2.3.7 A linear transformation is one to one if and only if the
determinant of any matrixz representing it is non-zero.

PRrRoOOF:

By Proposition 2.3.6 a linear transformation is one-to-one if
and only if its kernel consists only of the zero vector. If the matrix
for our linear transformation with respect to some ordered basis

(b1, bs) is
a b
c d
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then a vector xgl + ygg is in the kernel if and only if x and y give

a solution to
a b x| |0
c d y| 0]

This system has a unique solution if and only if the determinant

ad — be # 0. |

Example: Finding image and kernel of a linear transformation

Let us apply these ideas to find the image and kernel of the
linear transformation L which takes [z, y] to [x —y, 22 — 2y]. The
matrix for this linear transformation with respect to the standard

bases is
1 -1
2 =2 |

This matrix has determinant (1-—2) — (—1-2) = 0, so this
linear transformation is not one-to-one.
The image is spanned by the set of vectors

el =]

Now, the second vector is just —1 times the first, so we can iden-
tify this as the line through the origin given by all multiples of
the first vector. A more familiar form for this line is as the set of
points (x,y) satisfying the equation y = 2z.

To find the kernel we need to solve the system of equations

r—y = 0
20 -2y = 0.

This is easy. The set of solutions is spanned by { { 1 ] } and is

recognizable as the line with equation y = x. &

Exercises 2.3:

For problems 1 to 8, describe the subspaces spanned by the following sets
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of vectors: (Since subspaces are either {[0,0]}, lines through the origin, or
all of R?, these should be the kinds of answers you give.)

1.
2.
3.
4.

d.

10.

11.

{[0, 0]}

{[1, 0]}

{[1,2]}

{[1,3], [=2, —6]}

{[1,3], [1, 2]}
{[1,2],[2,4],[-3, —6]}
{[1,2],[-2,4], 13, 6]}
{[2,4],[-1,3], 3,4, [2, 5]}

. Find the kernel of the following linear transformations:

(&) Lu([z,y]) =[x +y, 22 + 2y

(b) Le([z,y]) = [z + 2y, 22 + ¢

(¢) Ls([z,y]) = [0,2z +y]

(d) Li(fz, y]) = 10,0]

Find the image of the following linear transformations:

(&) Lu([z,y]) = [& +y, 22 + 2y

(b) La([z, y]) = [z + 2y, 2z + y]

(©) Ls([z,y]) = [0, 2z +y]

(d) L([z,y]) = [0,0]

Give examples of linear transformations with the following subspaces
as kernel:

(a) {[0,0]}
(b) R?
(¢) {[z,3x]|x € R}
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12. Give examples of linear transformations with the following subspaces
as image:
(a) {[0,0]}
(b) R?
(c) {[z,3z][z € R}

For problems 11-20 find the determinant and identify which represent
linear transformations which are one-to-one.

s (23]
o3 4]
15.:32}
| 3]
w2
s 2]
19.:_21 i’;]
Qo.jﬂ
21. 11 _32}
22.:113}
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23. (Project Problem) In our later treatment of determinants we will ask
for certain properties and then show that there is only one function
satisfying those properties. For each of the following properties, give a
numerical example and then a proof using 2 by 2 matrices with variables
as entries:

(a) The determinant of the product of two matrices is the product of
their determinants.

(b) The determinant of the transpose of a matrix is the same as
the determinant of the matrix. The transpose switches rows and

columns:
t
a b| |a c
el -[h e
(c) If you switch two rows of a matrix you multiply the determinant
by -1.

(d) Multiplying a row of a matrix by a constant multiplies the deter-
minant by the same constant.

(e) Any matrix with two identical rows has determinant 0.

2.4 Finding inverses

In the last section we saw that matrix multiplication represents composition
of linear transformations. The inverse of a matrix will correspond to the
inverse under composition of the linear transformation it represents.

Definition 2.4.1 The inverse of the matriz M, if it exists, is the matrix
M~ such that MM~ = M~'M = 1. The inverse of the linear transforma-
tion L, if it exists, is a linear transformation L= such that L™ o L = Id =
Lo Lt

Finding the inverse of a matrix is equivalent to finding the inverse of
a linear transformation and, in general, it takes some work. Inverses do
not always exist so it is an interesting problem to discover how to tell if
the inverse exists or not. Determinants provide an answer, almost as if by
magic. However, for large matrices it takes almost as much work to find the
determinant as it does to find the inverse of a matrix.
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A function has an inverse (under composition) if it is one to one and
onto. We looked at conditions on the matrix which guarantee that the linear
transformation is one to one (having Ker(L) = {0} is equivalent to the
system of equations LZ = 0 having only the trivial solution). We also looked
at how to recognize onto linear transformations by noticing that the column
space of a matrix is the image of the linear transformation it represents.

Finding the inverse (under matrix multiplication) of a matrix will give
us an expression for the inverse of the linear transformation it represents.
Finding such an inverse actually boils down to finding the solution to two
systems of two equations, with constant terms given by the columns of the

identity matrix:
a b x| |1
c d vy | |0

-1t

This gives us the formula

-1 d b
{ a b ] _ [ ad—bc  ad—be }
__c a :
¢ d ad—bc ad—bc

Thus we can find the inverse if the determinant is not 0. If the determinant
is 0, then we will not be able to find an inverse. While for the 2 x 2 case
this isn’t bad, in general this is a lousy way to find the inverse of a matrix
because for larger systems it has a very high operation count compared with
other methods.

In this section we will see how to find the inverse of a matrix using
elementary row operations.

There are three kinds of elementary row operations: interchanging two
rows, multiplying a row by a constant, and adding a constant multiple of one
row to another. For example interchanging the first and second rows of

5 ]
s

and

gives
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multiplying the second row by 3 then gives

3]

and then adding —1 times the first row to the second gives

0]

We would write this whole sequence as

1 2 RlHRQ 3 4 3R2 3 4 RQ—Rl 3 4
3 4 ~ 1 2 ~ 3 6 ~ 0 2

Here we have labeled the row operations using a reasonably common conven-
tion. Clearly we can use elementary row operations to change the form of a
matrix; systematic use of row operations can reduce matrices to particularly
nice forms.

Notice that each of the row operations can be accomplished by multiplying
on the left by a matrix:

0 1][1 2] [3 4
1 0]|3 4] |12
(1 0][3 4] [3 4]
0 3][1 2] |3 6]

—_

ERIERINtE]

The matrix which accomplishes the row operation is obtained by performing
the row operation on an identity matrix.

Each row operation can be undone: to undo R; < R, do it again; to
undo 3R, do %RQ; to undo Ry — Ry do Ry + R;. Thus each of the matrices
which accomplishes a row operation must have an inverse; the matrix for the
row operation which undoes it.

o) [Ve)={0 1]
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ENIEE

That means any sequence of elementary row operations can be accom-
plished by multiplying on the left by a matrix (which has an inverse) found
by applying the sequence of row operations to the identity matrix. Our algo-
rithm for finding inverses of matrices will use elementary row operations to
make our matrix into an identity (if possible). We keep track of what we’ve
done by performing the same row operations on an identity matrix.

Example: Find the inverse of [ % 3 }

First augment the matrix by adjoining an identity matrix to
keep track of our work and then do the following row operations:

2 410 Ri—~Ry, [1 301
1 301 ~s 2410
Ry,—2R;, [1 3 0 1
~> 0 -2 1 -2
—1R, (13 0 1
~ 01 -3 1
Ri—3Ry, [1 0 2 -2
~> 01 -1 1

We conclude that the inverse of

2 4]. [ 2 -2
1318 _%1.

&

Example: Find the inverse of the linear transformation L([a,b]) =
[2a + 4b, a + 30|
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The matrix for this linear transformation with respect to the
standard ordered basis is
2 4
1 3

which we just showed has inverse

=

Thus the inverse of L is given by L™*([a,b]) = [3a — 2b, —1a + 1],
obtained by multiplying

s -2 al] [ 2a—2b
o e T Chave |

N[O

¢

This algorithm may be summarized in terms of its strategy: first use

interchange or division of a row to get a 1 on the main diagonal (the one
from upper left to lower right) then use that row to get 0 in the rest of its
column. The tactics are the use of elementary row operations. We decide
what to do by looking at the left hand side of the augmented matrix. The
right hand side keeps track of the row operations we have performed.

If you reach an impasse in attempting to use this algorithm, then the

matrix you started with does not have an inverse. The impasse shows up as
a zero on the diagonal which you cannot get rid of without messing up your
previous work.

Example: The matrix [ i ; } does not have an inverse.

Again we try our algorithm:

1 210 Ry — Ry 12 1 0
1 2 01 00 —-11

>

at which point we are stuck. There is no way we can get the 1 on
the lower right corner. We conclude that there is no inverse. <
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Exercises 2.4:
For problems 1-5 find the inverse, if it exists, of the matrix

2 3
48

(2 3
46

[\

For problems 6-10 find the inverse, if it exists, of the linear transformation

6.

7.

10.

11.

12.

13.

14.

L([z,y]) = [2x + 4y, 3x + 8y]
L([z,y]) = [22 + 4y, 3z + 6]
L[z, y]) = [z + 2y, =z + 2y
L[z, y]) =[x -y, -z +y

L([z,y]) = [2x + 4y, 22 + 4y]

Show that if a matrix has an inverse, then the inverse is unique: if
MN1 =TI and NQM = I then N1 = NQ.

Show that if M and N have inverses, then so does MIN.

Show that if a linear transformation has an inverse as a function, then
that inverse is a linear transformation.

What happens if you multiply on the right by an elementary matrix
instead of multiplying on the left?
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15. One way of deciding which of several algorithms is best for solving a
kind of problems is to calculate worst case computational complexity.
One way to do this in linear algebra involves counting the number of
multiplications (or divisions) needed to carry out an algorithm (addi-
tion and some other manipulations involved in matrix algorithms are
much less costly in terms of computation time unless the matrices in-
volved are so large that memory management considerations dominate
the problem). Count how many multiplication operations are used in
the algorithm in this section for finding the inverse of a 2 by 2 matrix.
Compare with the 6 multiplications needed if you use the formula from
the determinant.
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Eigenvalues in R?

3.1 Dynamics of iteration: introduction to
eigenvalues

One of the main uses of linear algebra comes in the description of linear sys-
tems, either using linear differential equations or linear difference equations.
Often this is the first step in understanding the behavior of nonlinear sys-
tems as well. In this section we will consider the dynamics of iteration for
linear transformations in the plane, asking what happens when we start with
a nonzero vector and then repeatedly apply L. We are asking what happens
to L"(d) as n gets large.

The easiest kind of vectors to follow are the eigenvectors of L because
iteration only changes their length:

Definition 3.1.1 A number X\ is called an eigenvalue for L if there is a
nonzero vector @ (called an eigenvector ) with L(d) = \d.

Now suppose we are interested in the behavior of iterates of an eigenvector
with eigenvalue A. Since

@) =
[*(a) = L(L()

= A%
M@ = M\a.

61
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If A > 1 then the length grows with each iteration: the values are headed
straight out to infinity. If —1 < A < 1 then the length is shrinking with
each iteration and the iterates are approaching zero. A negative eigenvalue
leads to a change of direction on each iteration, hence to oscillations. Large
negative eigenvalues lead to divergent oscillations. We will return to examples
illustrating this behavior after we find out how to find eigenvalues and their
corresponding eigenvectors.

The first thing we do is shift our attention from finding eigenvalues of a lin-
ear transformation L to finding eigenvalues of the matrix L which represents
that transformation with respect to some choice of ordered basis B. A vector
@ which has B-coordinate representation #* will have B-coordinates given by
Lzt If applying the linear transformation to a particular vector multiplies
that vector by A, then multiplying the corresponding B-coordinate column
vector on the left by the matrix corresponding to the linear transformation
will also have the effect of multiplying by A. This changes the eigenvalue
problem to that of finding a A such that there is a non-trivial solution to the
system of equations

L#' = M\
or equivalently
(L — A\I)z* = 0.

This will happen only when the matrix L — Al does not have an inverse,
since if it does have an inverse the only answer for Z is 0. When we discussed
inverses of 2 X 2 matrices in Section 2.4 we noted that there is an inverse if
and only if the determinant is nonzero. Thus we need

det(L — A\I) = 0.
This gives a quadratic equation in A and thus poses no particular difficulty

(for other linear transformations the problem of finding eigenvalues is more
difficult).

Definition 3.1.2 The characteristic polynomial for a matriz L is det((L) —
AM). The characteristic equation is det((L) — AI) = 0.

Example:
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10
0 2
has eigenvalues 1 and 2. We can find these by finding where

1-X 0
0 2-A

The diagonal matrix

det[ —(1-MN(2-)\) =0

Obviously finding eigenvalues for diagonal matrices isn’t much of
a challenge; the eigenvalues are just the entries on the diagonal.

¢

Example:

In the Section 2.2.1, fourth example, we noted that the matrix

Y

could be diagonalized by choosing an appropriate basis. We can
now see how that basis was found using eigenvalues. We start by
finding the solution to

1—X =2

det[ 1 4

}:(1—/\)(4—)\)+2:0

This gives the characteristic equation
A —5X+6=0,

so A = 3 and A\ = 2 are the eigenvalues.
Next let us look for an eigenvector for the eigenvalue 3. We
want x and y so that

1 -2 T T
N
This gives two equations in two unknowns

r—2y = 3z
r+4y = 3y
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which becomes

—2x -2y = 0
r+y = 0

when we put all the variables on the left. This is not enough
to specify both variables, since the second equation gives no new
information. Any pair with x = —y will satisfy both equations.
In our diagonalization we used [1, —1] for the eigenvector for 3.
Similarly for the eigenvalue A = 2 we get the system

r—2y = 2z
r+4dy = 2y

which simplifies to the single equation = + 2y = 0. The vector
[2, —1] satisfies this equation and hence is an eigenvector for the
eigenvalue 2.

Since [1, —1] and [2, —1] are not collinear, they form a basis
for R2. As noted in Example 2.2.4, the matrix for L with respect
to the ordered basis ([1,—1], [2, —1]) is

0] <>

A matrix with real entries need not have real eigenvalues. It is possible
for the characteristic equation det(IM — AI) = 0 to have complex roots. The
rotation example we looked at in Example 2.1.3 is typical:

Example:

A rotation of the plane through 7 radians has the matrix with
respect to the standard ordered basis

2 2
v2ooov2 |
2 2
The characteristic equation is
R

2

2
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or 1 —v/2X+ A2 = 0. This equation has no real roots, however, it
does have the complex roots A\ = ‘/75 + ‘/752 Later on we will see

how to find vectors in C? which are eigenvectors corresponding
to these complex eigenvalues. &

Let us now look at some examples that show how the behavior of an

iterative dynamical system can vary depending on the kind and size of eigen-
values:

3.1.1 Behavior when the eigenvalues are both real

Example: Both \; and A\, > 1

An example here is the linear transformation with matrix

When we iterate this map points run away from the origin. Here
is a graph showing the paths taken by some selected points.
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-1.5-1-0.5 0.51 1.5

Example: A\ >1land 0 < X\ <1

Let’s use the matrix

o

for this example. We expect that points will shrink fairly rapidly
in the y direction while growing in the x direction as shown in
this graph:
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2,
1,
_BANND L Y
1 vy vvw
_l,
-2t

Example: Both )\; and \; strictly between 0 and 1

An example here has matrix

oo ©
1

In this case all points approach the origin as shown in this graph:

67
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-2t

Example: One positive and one negative eigenvalue

Here let us look at the dynamics of the linear transformation
with matrix
1.1 0
0 -9

This system shows growth in the direction of the z-axis and
a decreasing oscillation in the y-direction. This is illustrated in

«VMTYM c It
Wl

-1+
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3.1.2 Dynamics of systems with complex eigenvalues

So far our examples have had the characteristic equation having real roots. A
quadratic equation can also have a pair of complex roots. We can represent a
complex number as a + bi where a and b are real numbers and i> = —1. The
conjugate of a+ bi is a — bi. Both a4+ bi and a — bi lie on a circle centered at
the origin of radius va? 4 b2, which gives a measure of the size of a complex
number, called the modulus and written |la + bi|.

Example: Complex eigenvalues of modulus 1

If the eigenvalues both have modulus (or absolute value) 1 we
get rotation. The matrix

|

which we considered above gives dynamics with period eight no

matter where you start as shown in the rotation below:
3 L

et
I
NS
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%

Example: Complex eigenvalues with modulus less than 1

For an example of complex eigenvalues appearing in a conju-
gate pair, we can use the matrix

0.6 —0.5

0.5 0.6
which has eigenvalues 0.6 4-0.5¢. The dynamics give a spiral mov-
ing toward the origin. We can tell that the motion is toward the

origin and not away from it because ||0.6+0.5i|| = +/0.62 4 0.5% <
1. The dynamics are shown in the following graph, a spiral:

e

Exercises 3.1:
For numbers 1 through 8 find the characteristic equation, the eigenvalues
and an eigenvector for each eigenvalue, and then use your work to describe
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the dynamics for the linear transformations with the following matrices with
respect to the standard basis:

L2
2 [0 1)
3421?}
w5
[ 0h]
o % 5]
S
s 77

9-16. Since we know how to multiply matrices, add matrices, and multiply
matrices by a scalar, we can evaluate polynomials at a matrix. For

example if
plr) =2 —22+1
and
1 2
M=y i)
then
(1 2 1 2 1 2 10
M) = 3 4“3 41_2{3 41“{0 1]

_ [T w24 10
1522 6 8 01
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For each of the matrices in problems 1-8 find p(M) where p(z) is the
characteristic polynomial of M. (What you are seeing at work here is
the Cayley-Hamilton Theorem.)

For the next five problems the dynamics of iteration of the linear transfor-
mation L : R? — R? are described below. What can you say about the
eigenvalues of L7

17. Successive iterations spiral clockwise inward
18. Successive iterations spiral counterclockwise inward
19. Successive iterations spiral outward

20. Iterations grow rapidly approaching the line y = 32 with successive
iterates on opposite sides of the line

21. Iterations approach the origin with no apparent oscillation

22. (Project Problem) A stochastic matrix has all entries non-negative and
has the sum of each column equal to 1.

(a) Find the eigenvalues of the stochastic matrix

e

(b) Find the eigenvalues of the stochastic matrix

Ft

(¢) Show that the general case

P q
I—p 1—¢q

has eigenvalues A = 1 and A = p — ¢. Since long term behavior is
determined by the largest eigenvalue, this tells us that dynamics
for a stochastic matrix tend to a fixed point (an eigenvector for
the eigenvalue 1).
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(d) An epidemic with particularly simple dynamics has 10% of those
who are not sick becoming ill each week. Fortunately, 80% of
those who were sick recover in the next week. Show that the
disease becomes endemic (there is always a certain percentage of
the population which is sick) and find the long term incidence level
for the disease.

3.2 Canonical forms for 2 x 2 matrices

Given the importance of eigenvalues it would be nice if we could find forms
for matrices in which the eigenvalues can be determined by inspection. Since
similar matrices represent the same linear transformation with respect to
different ordered bases and eigenvalues are properties of the linear transfor-
mation, similar matrices will have the same eigenvalues. Finding a matrix
similar to a given matrix but in a nicer form is the same as finding an con-
venient ordered basis for the linear transformation the matrix represents. In
this section we will discuss some of the nice forms that matrices can be put
into by judicious choice of basis.

We start with a proposition telling us that eigenvectors for different eigen-
values must point in independent directions:

Proposition 3.2.1 If T' is a linear transformation with eigenvalues A1 # Aa,
a is an eigenvector for the ezgenvalue A1, and b is an eigenvector for \o, then
the only solution to xa + yb =0isz=0 and y=0.

PROOF:

Suppose we have xa + yl; = (. Then we also have

T(zd+yb) = T(0)
zT(@)+ yT(b) =
w)\1a+y)\25 =

oL ol

Mult1p1y1ng xa + yb = 0 by )\2 and subtracting it from z\d +
y)\gb =0 gives (A — A\g)d = 0. This tells us that z = 0, since
A1 # Ag. Multiplying by A\; and subtracting will show that y = 0
as well. 1
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This tells us that if T has distinct eigenvalues, then there is a basis of
eigenvectors. With respect to that basis the matrix of 7" will be the matrix

A1 0O
o
Actually we can get a diagonal matrix whenever we have a basis of eigenvec-
tors, not just when the eigenvalues are distinct.
If the characteristic equation has the form (A\; —\)? = 0, we may find that
we get the eigenvalue \; twice, but that there is no basis for R? consisting of

eigenvectors. In this case we look for vectors a and b such that T (@) = \a
and T'(b) = d + A\b. Using those vectors for our basis we get the form

A1
0 A\ |

Example: Repeated eigenvalue

The linear transformation L([z,y]) = [5z + y, —z + 3y| has

matrix
5 1
-1 3

with respect to the standard bases. This has characteristic equa-
tion

A2 — 8\ +16 =0,

so its only eigenvalue is 4. The system

ERIHEH

becomes
r+y = 0
—r—y = 0
from which we conclude that y = —x. We have only one free

choice in finding eigenvectors, not two. Thus there is not a basis
of R? consisting of eigenvectors.
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If we use the eigenvector @ = [1, —1] as our first basis vector
then we can find another using

EE MM

r+y = 1
—r—y = —1

This yields

This system also has one degree of freedom in its solutions. A
second basis vector is b = [.5,.5].

To find the matrix for the linear transformation with respect
to the new basis we calculate

L(1,—1]) = [4,—4] = 4[1,—1] +0[.5,.5]
L([5,.5] =[3,1] = 1[1,—1]+4[5,.5],

so the matrix with respect to this new basis is
4 1
0 4|
&

We noted earlier that matrices with real entries could have a pair of
conjugate complex numbers for eigenvalues. In such a case the eigenvectors
will usually involve complex numbers. But we are working with R?, not C?,
so we need to see how this situation can be handled using real numbers. The
general result is that if the eigenvalues for a linear transformation L are a4 bz
then we can find a basis such that the matrix for L is

5 el

If the matrix L has eigenvalues a =+ bz, this will give a matrix similar to L
which has a canonical form from which we can read off the eigenvalues. We
will illustrate this process with an example:

Example: Complex conjugate eigenvalues
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Suppose we want to find a basis such that the matrix for
the linear transformation L[z,y] = [x — 2y, 5z + 3y], which has
eigenvalues 2 & 31, is

2 3
-3 2|

Eigenvectors are found by solving the systems L([z,y]) = 2 +
3ilx,y] and L([z,y] = 2 — 3i[z,y]|. The system for 2 + 3i gives

r—2y = (243i)x

br+3y = (24 3y
SO

(-1 -3z —2y = 0
Sr+ (1—3i)y =
giving
—1—-3
Y = 9 x

So €1 = [1, =2 is an eigenvector for A\; = 2 + 3¢ and similarly
é; = [1, =F%] is an eigenvector for Ay = 2 — 3i. We can get real
vectors with the desired properties by taking by = € +63 = 2, —1]
and by = i(é] — &) = [0,—3]. Now L(b) = [4,7] = 2[2,—1] —
3[0, —3] and L(bs) = [6,—9] = 3[2, —1] + 2[0, —3]. Thus we get
the desired matrix. &

To summarize, given a linear transformation L : R?> — R? we can find

a basis for R? which gives a matrix in one of the following canonical forms,
where \; and Ay have eigenvectors v and vs, respectively:
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eigenvalues

basis

canonical form

A1, Ao real, distinct

(6‘17 /172)

A1 0
0 A

A1 = Ay = A real (U1, Ua) non-collinear ( 3 ?\ )
no basis of eigenvectors A ]
/\1 = )\2 = )\ real Use (’171, 173) with ( 0 A )
L('l_fg) - )\173 + ’171
A=atbi {Uh + U, i(0) — 0a) }

(5 2)

Exercises 3.2:

7

For problems 1-12, find the canonical form described in this section and

a basis which gives it for the following matrices:

1.

(2 3
01

(2 -3
2 1
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10.

11.

12.

13.

14.

15.

16.

17.

18.
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1 2
45
1 4
-1 1

3 2

23]

Show that if M is in one of the canonical forms of this section then
the eigenvalues of kM are k times the eigenvalues of M. The form of
the matrices involved makes it easy to see what the eigenvalues are.
(Since any 2 x 2 matrix is similar to a matrix in canonical form, and
since eigenvalues are properties of the linear transformation the matrix
represents and not just of the matrix, this shows that multiplying a
matrix by a constant multiplies the eigenvalues by the same constant
for all matrices, not just those in our canonical form.)

Find an example to show that the eigenvalues of M + N need not be
the sum of eigenvalues of M and N.

Find examples to show that the eigenvalues of a product MIIN need not
be related to those of M and N. In particular, find M and N and
eigenvalues \; such that

(a) Ais an eigenvalue for M but not for M.

(b) A; is an eigenvalue for M and ), is an eigenvalue for N but A\,
is not an eigenvalue for MIN.

Show that if 0 is an eigenvalue for IN then it is also an eigenvalue for
MN.

Show that 0 is an eigenvalue for N if and only if N does not have an
inverse.

Using canonical forms show that the product of the eigenvalues of a
matrix is its determinant.
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19. The sum of the diagonal entries of a matrix is called its trace. For
canonical forms it is clear that the sum of the eigenvalues is the trace.
Show that in general the trace of a matrix is the sum of its eigenvalues.
This shows that similar matrices will have the same trace.
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Chapter 4

Properties of the dot product

An observant reader may have noticed something peculiar about what we
have done so far. We started by requiring that a vector have both magni-
tude and direction and we have not mentioned either the magnitude or the
direction of a vector since. This is because we have concentrated on the
properties that vectors have because they can be added and multiplied by
scalars. The notion of a vector space captures those aspects of R? but not
the notions of angle between vectors and length. These need an additional
kind of structure, an inner product, exemplified in R? by the dot product.

4.1 Dot Products in R?

Let us return temporarily to the geometric approach to vectors and the way
that they are used in physics. In one dimension, if we move an object a
distance d against a force F', then the work done is given by the number Fd.
But both force and displacement are actually vector quantities, so in two
dimensions (or more) we need to take into account the direction. We reduce
to the one dimensional case by taking the component of the force in the
direction of the displacement, rather than the whole force in our calculation.

Given two vectors @ and l;, we often write a as a sum of a vector in the
same direction as b and one perpendicular to g,

@=kb+cwith & L b.
The piece parallel to b is called the component of @ in the direction of b. It

gives the vector which is a multiple of b which is closest to a. The situation
is illustrated in Figure 4.1.

81
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Figure 4.1: Geometry of the dot product

We can find the length of kb by applying some simple trigonometry to the
right triangle formed by @ as hypotenuse with sides kb and ¢. Since cos(0) is
the ratio of the length of the adjacent side to the length of the hypotenuse,

L
]

osf

Solving for k gives
@]l [l cos(6)
6]
This concept forms the basis for the geometric definition of the dot prod-
uct between two vectors:

Definition 4.1.1 The dot product of two vectors is defined geometrically as
a-b=llal |[b]| cos(8).
We may notice several immediate consequences of this definition.

1. The dot product gives a real number (a scalar), not a vector.
2. The right side is symmetric in @ and bsod-b=>b-a.
3. If @ and b are perpendicular then a - b=0.

4. The dot product of a vector with itself is the square of its magnitude.

We also notice that the definition is hard to use if we do not know 6, so
that an algebraic approach to the definition, if possible, would be preferable.
Fortunately, such a definition is readily available, as the next proposition
shows.
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Figure 4.2: Law of Cosines

Proposition 4.1.1 Let @ = [a1,as] and b = [by,bs] and let 6 be the angle
between them (0 < 0 <7 ). Then a-b = ||@||||b]| cos(f) = aib + asbs.

PROOF:

We will use the law of cosines from trigonometry, which in a
common formulation states that in a triangle with angles A, B,
and C, opposite the sides of length a, b, and ¢, respectively,

& =a®+b* — 2abcos(0).

(See Figure 4.2)
We will express this same result in vector terminology:

1o — a||* = [|all* + 161* — 2l|a][|b]] cos(8)-

When we solve this equation for the last term on the right and
then express the norms of the vectors in terms of their components
we find

2||@|[[|bl] cos& =@l + [[b]|* — [|b — ]|
= CL% + Cl% + b% + b% — ((bl — (11)2 + (bg — a2)2)
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= @ +a+bi+b5— (b2 —2a1by + a® + b — 2a3by + al)
a? — a3+ a3 —ai + 0> — b2 4+ b3 — b3+ 2a1b, + 2a5b,
2(&11)1 + a2b2).

Thus ~
||| [|b]| cos 6 = a1by + azb,.

Because the algebraic form given by this proposition is easier to work
with than our geometric definition we will use the following definition for the
dot product of algebraic vectors for our further generalization:

Definition 4.1.2 For vectors @ = |y, as] and b = [by, by], the dot product is
given by
a-b= a1b1 + a2b2.

Example: Finding the angle between vectors

We use the dot product to determine the angle between a =
[1,2] and b = [3,—4]. To find 6 we calculate,

-

a-b
lallol]
(1x3)+(2x—4)
lall[oll

cos(f) =

-5

5v/5
—.4472135955,

Q

and thus

6 ~ arccos(—.4472135955)
2.03443936 radians.

Q
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Example: Direction Cosines

The direction of a vector is often given by specifying the angle
formed by the vector and the standard basis vectors. Since the
dot product gives an easy way to recover the cosine of that angle,
what are usually given are the direction cosines. For example,
the vector [3, —4] forms an angle 6, with the x-axis and 6, with
the y-axis, where

COS [3’ _4] ) [170]
) = s o
3
=3
COS = [Sv _4] ) [07 1]
®) = oo,
o
-

&

The dot product is easily calculated from Definition 4.1.2; at the same
time Proposition 4.1.1 justifies our interpreting the dot product in the ge-
ometric sense originally used. Moreover, the essential properties of the dot
product are easily proven from its algebraic description.

Proposition 4.1.2 Let a, g, ¢ be arbitrary vectors and let k € R, then

1. Dot product is commutative: @ - b=b-a

2. Dot products preserve multiplication by a scalar:k(a - b) = (k@) - b =
a- (kb)

3. Dot products distribute over sums:@-(b+27) =a-b+a-¢

4. Lengths can be recovered from dot products: a-d = ||dl|?
5.@-3a>0andd@-d=0 if and only if @ = 0.

PROOF:
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Commutativity follows immediately from commutativity of
multiplication in R.
For the preservation of scalar multiples we calculate

k@ b) = k(aiby + ashs)

kaiby + kasby

[kas, kas)] - [b1, ba]
= kay1b; + kagby

@-(kb) = [a1,as]- [kby, kb,
= kaiby + kasbs.

—~
o~
I

~—
S

I

Since these all give the same result, they must have been equal.
For the distributivity over sums, we have

i-(b+& = [ar,a]- ([br, o] + [c1, o))
= |ay,a9] - [b1 + 1,02 + 2]
= a1(by + c1) + as(by + c2)

a1by + aicy 4 asby 4 ascs
= a1by + azby + aic; + ascy
= @-b+ad-¢

We leave the proofs of 4 and 5 as exercises. |

The first three parts of this proposition say that the dot product behaves
very much like multiplication of numbers. However, in one way the dot
product departs markedly from multiplication of numbers. If the product
of two numbers is 0, then one of the numbers must have been 0. For dot
product, however, this is not true. If @ and b are perpendicular then since
0 =75, cos(f) =0, and @ b=0.

The converse is almost true by Proposition 4.1.1. If a - b = 0, then it
must follow that ||@|| = 0 or ||b]| = 0, or cos(#) = 0. Thus if @ - b =0, either
the vectors are perpendicular or at least one of them is the zero vector. If
we agree that the zero vector is perpendicular to every vector, then we can
conclude that @- b = 0 if and only if @ and b are perpendicular (a numerical
description of a geometric property).

We conclude this section with an important result which follows from the
geometric description of the dot product.
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E’roposition 4.1.3 (Cauchy-Schwarz Inequality). For any two vectors @ and
b in R? .

(@-0)* < flal*[lo*
Equality holds if and only if b= ki for some k € R (which says that @ and
b are parallel).

PROOF:

A good starting point is the geometric description of the dot

product: . .
(@ b) = [allf|b]l cos(6).

If we square both sides we get
(@- ) = [@)*|5])* cos™(9),
or, since cos?(f) < 1,

(@-0)° < fal* 15|
Now suppose (@ - b)2 = ||@||||b|[2. This is true, trivially, if
cither @ = 0 or b = 0. If neither vector is zero, then equality
holds if and only if cosf = +1. Now cosf = 1 if and only if
6 =0 and cos = —1 if and only if § = 7 (recall that we chose
0 < 6 < 7). In either case there is a k € R with b= kd, where
k > 0if and only if # =0 and k£ < 0 if and only if 6 = 7 . |

Exercises 4.1: B
For 1-6, find cos @, where 6 is the angle between @ and b:

1. @=[1,1] and b = [2, 1]

2. d=[-1,1] and b = [6,2]

3. @=10,3] and b = [-2,1]

4. @=[51 and b= [2,1]

5. d=[1,3] and b = [2,6]
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@=1[1,—2] and b = [2,1]
Find the direction cosines for [3, 4].

Find the direction cosines for [12, —5].

© % N o

Find the direction cosines for [1,1].
10. Find the direction cosines for [—3,4].

11. Find the cosines of the angles of the triangle with vertices A = (—3, —2),
B = (5,1) and C' = (2,4).

12. Show that the diagonals of_’a rhombus are perpendicular by showing
that if ||a@|| = ||b||, then @+ b L a@ — b.

13. Find ¢ so that [3, —4] and [c, 1] are perpendicular.
14. Find b so that [b,2] L [3,4].
15. Find k so that [1,3] — k[2, 4] is perpendicular to [2,4].
16. Find k so that [1,—2] — k[3, 1] is perpendicular to [3,1].
17. Prove part 4 of Proposition 4.1.2.
18. Prove part 5 of Proposition 4.1.2.
19. Use the Cauchy-Schwarz inequality to prove that
la+ 8> < (llall + [16])*.

Hint:||7)|*> = v - ¥

4.2 Orthogonal Projection

The dot product was introduced to allow us to find the component of a vector
@ in the direction of another vector b #£ 0. In this section we will see how
the relationship with the dot product can arise from consideration of this
problem using trigonometry, calculus, or geometry and linear algebra. Our
problem is

Find k so that the length of d — kb is minimized.
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Solution 1—using calculus: The length of @ — kb is a function of k.
Because it involves a radical it is easier to minimize the square of the length,
so we'll do that.

flk)y = |l@— kb|?
= (a1 — kby)? + (ag — kby)?
= aj — 2k arby + k* b + a5 — 2k agby + k* b3
= a3l + a5 —2(a1by + asbo) k + (b +b3) k?
= |@|>=2a-bk+|b|® K

To minimize this we find k& such that f'(k) = 0. Now
F(k) = —2a - b+ 2||b| %k

so we conclude that

k_d-l;_d_g
[

is the only critical point. Now
f(k) = 2B]* > 0

so this gives a minimum as desired.

Solution 2—using trigonometry: Here what we can find is the length
of the projection of @ onto b. A picture will help:

Using the definition of cos(f), it becomes clear from the picture that we
want ||k b|| to be ||@]| cos(d). Now from the geometric description of the dot
product

G b

cos(f) = —.
) @l (o]
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Now ||k EH = |k| HEH so this means we want
o ldleos(s)
0]l
. a-b
= ==
@l (/o]
_a-b
b-b

Solution 3—using geometry and linear algebra: We know from ge-
ometry that the shortest distance from a point (the endpoint of @) to a line
(the one determined by the origin and 5) is found by dropping a perpen-
dicular to the line from the point and measuring its length. So we want to

write

@ = kb+ hb+

where bt is some vector perpendicular to b. Thus b- bt = 0. We can use
properties of the dot product to find k:

b-d@ = b-(kb+hbY)
— kb-b+hb-b*
kb-b+0

Thus

ISI
S

k= ——

S
Sy

as in the other derivations.
These calculations lead us to the following definition:

Definition 4.2.1 The projection of @ onto b is the vector

— ab -
I'O“’ 6:ﬁb
p Jb() 0n

Because the ideas involved in projections are useful in settings where the
word “perpendicular” might have other connotations the term “orthogonal”
is used in inner product spaces.



4.2. ORTHOGONAL PROJECTION 91

Definition 4.2.2 Vectors @ and b are said to be orthogonal if a - b=0.

Notice that with this definition the zero vector 0 is orthogonal to any
vector.

Example: Finding a projection

Find the vector in the direction of [1,2] closest to [—3, 5].
Using the ideas in this section it is clear we want the projection
of [-3,5] onto [1,2]. This is

— [—3,5] - [1,

: 7 7 14
prOJ[1,2]<[_3a 5]) = =

L R R |

Exercises 4.2: .
For problems 1-6, find the vector proj; (¢) in the direction of 4 closest to v.

1. 4=11,2] and ¢ = [3,4]

2. u

[—1,4] and ¥ = [3, —2]
3. 4=1[5—2] and 7= [1,1]
4. 4 =[1,4] and v = [—1, 2]

5. U

[—2,—1] and ¥ = [2, 3]

6. U

(~3,2] and 7 = [1,1]

7-12 For each of the pairs of vectors in exercises 1-6 write ¢ as the sum of a
vector parallel to # and a vector perpendicular to .

13. Let ¥ and w0 be two fixed, non-zero, nonparallel vectors in R?. Let @
be an arbitrary vector.
(a) Find scalars h and k so that @ = hv/ + k.

(b) Show that if ¥ and @ are perpendicular there is a nice form for h
and k in terms of dot products.
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4.3 Summary and Preview

In this part of the book we have discussed the properties of vectors in the
plane, concentrating first on those properties which do not involve angles and
then introducing dot products to recover angles and length. We defined linear
transformations and showed how to get the matrix for a linear transformation
with respect to a choice of basis. We saw how particular choices of basis
might give nicer forms for the matrix and further information about the
linear transformation. We saw how the dynamics of iteration is related to
the eigenvalues of the linear transformation. Because we were working in R?
none of the technique was particularly difficult or involved. Most calculations
needed little more than solving a system of two equations in two unknowns
or solving a quadratic equation.

In the chapters which follow we will generalize these ideas to vector spaces
over the reals or over other fields. (For much of the theory it is more useful
to work over the complex numbers because polynomials always have enough
roots in the complex numbers; for applications we sometimes want to work
over finite fields; we can avoid some problems more properly considered in a
numerical analysis course if we work in the rational numbers when possible.)
We will start by looking at lots of examples. Because these examples are a
bit more involved than R? we will need more systematic methods for solving
the systems of equations which result. These systematic methods give rise
to an algorithm for reducing a matrix to what is called echelon form which
we will use for just about everything.

A first course on linear algebra focuses on vector spaces and linear trans-
formations, systems of linear equations, matrices, and some of the things
you can do with them. The methods have wide applicability and the ideas
lead to varied generalizations making them a key to modern mathematics.
No subject in the undergraduate curriculum is more central to the further
development of mathematics, both pure and applied, algebraic, analytic, ge-
ometric, or combinatorial.



Chapter 5

Vector Spaces and Linear
Transformations

5.1 Vector Spaces: Definitions and Examples

5.1.1 Definitions of fields and vector spaces

The example of vectors in the plane which we looked at in Chapter 1 is
only one example of a large collection of similarly behaved systems. In el-
ementary functions courses we study addition and scalar multiplication of
functions from the reals to the reals and find the same properties that we
enumerated in Proposition 1.4. In calculus we used these operations to break
the problem of finding derivatives and indefinite integrals into manageable
pieces, noting that differentiable functions and continuous functions were
closed under addition and multiplication by constants. Whenever mathe-
maticians find several examples of similar behavior in different settings, they
look for a more abstract formulation which has the examples as special cases.
If the abstraction gives a notion which is easy to work with and which gives
useful information about the examples it becomes a mathematical object in
its own right. Linear algebra is the study of such an abstraction.

Let us first concentrate on the properties of the scalars. In Chapter 1 we
summarized the algebraic properties of the real numbers that we would be
using. The relevant properties are those that make the real numbers a field.
They include the fact that there are two operations on the reals, addition
and multiplication, which satisfy eleven axioms (listed below) which will be
familiar because of their heavy use in high school algebra. In most of this

93
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book we will be working with vector spaces over the reals, though in some
cases it makes more sense to work over other fields. (We often want to solve
systems of equations over the rationals; eigenvalue problems are most easily
solved over the complex numbers, and coding theory uses vector spaces over
finite fields. We will consider these examples in section 2.3.)

Definition 5.1.1 A field is a set F equipped with two binary operations
+:FxF — Fand x : Fx F — F satisfying the following axioms for all
a,b, and c € F:

Closure: a+beF axbeF

Associativity:  (a+b)+c=a+ (b+c) (axb)xc=ax(bxc)
Commutativity: a+b=b+a axb=0bxa

Identity: JoerVala+0=a) FiepVe(a x 1 =a)
Inverses: Vaer3—o(—a+a=0) V#OEI%eF(a x1=1)

Distributive: ax(b+c)=(axb)+ (axc)

In this definition we have used some useful shorthand notation from sym-
bolic logic: V reads as “for all” and 3 reads as “there exists”. Thus the
expression for inverses, Voep3d_o(—a 4+ a = 0), reads “for every a € F there
is an element —a such that —a + @ = 0”. Similarly, V#()Eliep(a x 1 =1)
translates as “for every a € I’ which is not 0, there is an element % in F' such
that a x £ =1.7

The examples of fields we will use in this course are the set of real num-
bers with the usual addition and multiplication, the set of complex numbers
with the usual addition and multiplication, the rationals with the usual op-
erations, and the integers with addition and multiplication mod 2. The field
axioms summarize the properties of numbers used in high school algebra;
when working in a field nothing untoward happens.

There are some immediate consequences of these axioms which we will
want to use later which we have not made part of the definition. They deal
with the uniqueness of the identities and inverses. We will prove these results
in rather general form so that they will apply later in other situations:

Proposition 5.1.1 If a commutative operation has an identity then that
identity is unique.

PROOF:
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Suppose that the operation * has two identity elements, e;
and e;. Then consider e; * e5. By the commutative law

€1 % ey = €9 % €1.

Since ey is an identity
€1 X ey = €1

and since e; is an identity
€9 X €1 = €9.
thus e; = es. |

If e is a (two sided) identity element for * then whenever I *r = e we say
that [ is the left inverse of r and r is the right inverse of [. The designation of
left and right only matters if the operation is not commutative (and we will
see some later in the course which are not) so in the case of field operations
the following proposition tells us that inverses are unique.

Proposition 5.1.2 If x is an associative operation with identity e and a has
both a right inverse r and a left inverse l, then r = [.

PROOF:

We are given that a xr = e and [ *x a = e. Let us evaluate
[+ (a=r)in two different ways:

l=lxe=1Ilx(axr)=(*xa)xr=exr=r.
This shows that [ = r. |

In the R? there is a second set (the vectors) which has two operations.
We can add vectors and we can multiply a scalar and a vector. For the time
being we will ignore the additional structure that the dot product gives, so
we will not be talking about length, angles, or projections at this point. In
order to talk about abstract vector spaces we need to say what properties we
want the operations to have. The properties of R? summarized in Definition
1.1.5 give us the axioms we want.
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Definition 5.1.2 A vector space over a field F' (whose elements are called
scalars) is a set V (whose elements are called vectors) which has two oper-
ations: + : V xV — V and scalar multiplication ' x V — V (usually
indicated by juxtaposition) which are required to satisfy the following axioms

for all vectors a, 5, ¢, and scalars h and k:

Closure: both @+ b and k@ are vectors
Commutativity of +: a+ b=b+a
Associativity of +:  (@+b)+c=a+ (b+7)
Identity for + : There is a unique vector 0 with 0 + @ = @ for all @.
Inverses for + : For each @ there is a unique — @ so that @+ —ad =0
Absorption: h(kd) = (hk)d
Distributivity: (h+k)d = (hd) + (ka)
h(@ + b) = (ha@) + (hb)
Identity for scalars: ld=a

As soon as you have a new definition two things cry out to be done at
once: find several examples, and determine some of the consequences. We
will start by proving some of the properties which could have been included
as axioms but weren’t so as to keep the list manageable.

Proposition 5.1.3 In any vector space 0@ = 0.

PROOF:

We know that 0+1 =1, so (0+ 1)@ = 1a. By the distributive
law (0 4+ 1)d = (0@) + (1@). Identity for scalars gives 1d = d in
both places so (0@) + @ = @. Now add —a to both sides and use
the associative law and the properties of inverse and identities to

get (0@) = 0. |
Proposition 5.1.4 In any vector space —1la = —a.
PROOF:

Recall that the inverse axiom says that —a is the unique vector
with @+ —a = 0. All we have to show is that @+ (—1a@) = 0. Now
a = 1a by the identity axiom for scalars, so we can reduce the
problem to showing that (1&) + (—1a@) = 0. But by distributivity
(1d@) + (—1a) = (1 + (—=1))a@. This in turn is equal to 0@, which
by Proposition 5.1.3 is 0. |
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Next we will explore a wide variety of examples of vector spaces over the
reals. Our object is to show the scope of the definition and give a hint as to
its utility.

5.1.2 R"

Example: R?

The set R? is the set of ordered triples of real numbers. The
sum is defined by [ay, as, as]+ [b1, b2, bs] = [a1 + b1, az + ba, az+ bs]
and the scalar product is given by klay, as, as] = [kay, kas, kas].
Commutativity of + follows from three applications of commuta-
tivity of addition for real numbers. Similarly associativity of +
follows from three applications of associativity of addition for the
reals. The identity is the vector [0, 0, 0]. Its properties follow from
the fact that 0 is the identity for addition of real numbers. The
inverse of [a1, as, as] is [—a1, —as, —ag]. Its properties follow from
those of the inverse for addition in the reals. Absorption becomes
three applications of the associative law for multiplication. Write
it out so you can see it. The two distributive laws both follow
from three applications of the distributive law for real numbers.
Identity for scalars follows from three applications of the identity
for multiplication of reals. All that seems to be happening here is
that each axiom of a vector space follows from three applications
of the similar axiom for the reals. &

Example: R”

It is clear that the argument used to show that R? (and for
that matter R?) did not depend in any essential way on the fact
that we took triples of real numbers. If we use n-tuples of real
numbers [ay, ..., a,] and define addition and scalar multiplication
componentwise, then proving that the axioms of a vector space
hold will be a tedious matter of applying the similar axioms for
the reals n times. Having noticed the pattern, we claim to have
proved the result by describing how we would go about proving
it for any particular n.
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It turns out that this is a very typical example of a vector
space over the reals. Some of our later examples are merely R”
in disguise. &

5.1.3 Polynomial spaces

Example: R[z|; Polynomials of degree 3 or less

For example consider polynomials of degree three or less in one
variable x with coefficients in the reals. A typical such polynomial
has the form az®+bx*+cx+d, where any (or all) of the coefficients
a,b,c, or d may be 0. It is clear that we may identify such a
polynomial with the quadruple [a, b, ¢, d] of its coefficients in order
of decreasing powers of x. Addition of polynomials corresponds
exactly to addition of vectors in R* and multiplication of a vector
by a real number corresponds to multiplication of a polynomial by
a real number. Thus this example is just R* in disguise. We know
that R* is a vector space over the reals so the set of polynomials
of degree three or less is too. &

Example: R[z] All polynomials with real coefficients

Why stop at degree three? We know how to add two poly-
nomials of different degrees— just put in 0 as the coefficient of
higher powers of x in the polynomial of lower degree and treat it
as a polynomial of higher degree. Note that this way of thinking
about polynomial addition makes it clear that for any particular
polynomials a(x), b(z), and c¢(x) we can verify the axioms of a
vector space by working in the set of polynomials of degree less
than or equal to the largest of the three degrees. The zero poly-
nomial is the identity. While we have used what we know about
R™ to see that the set of all polynomials of one variable with real
coefficients forms a vector space, it is clear that in some sense
this is a “bigger” space than any of the R™’s. It is an example of
an infinite dimensional vector space. The mind boggles only if it
tries to view this situation geometrically. &
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Example: R[z,y| Polynomials in two variables

Why stop with one variable? We know from algebra how to
add polynomials in two (or more) variables and how to multiply
them by constants. The behavior is very like the polynomials in

one variable. In particular, they form a vector space over the
reals. %

5.1.4 Sequences and function spaces

Example: R" Sequences of real numbers

An example of a vector space encountered in calculus is the
set of all sequences of real numbers. Recall that a sequence may
be thought of as a function from the natural numbers to the
reals: we usually write them as (a,), where a,, is describes the
n" term of the sequence. We are not concerned with convergence
here, only with addition of sequences (done term by term) and
multiplication of sequences by constants. It is clear that these
operations give us sequences back again. The zero sequence is
the identity. Use of the properties of the real numbers on each of
the terms gives us the rest of the axioms. %

A more general class of examples arises from the following theorem.

Theorem 5.1.5 If S is any set, then the set of all functions from S to R is
a vector space over R. The vector space operations are the sum (f + g)(z) =
f(x) + g(x), and the scalar product (kf)(x) = kf(x). We will write this

vector space as RY.
PROOF:

We need to verify the axioms in Definition 5.1.2. The closure
axioms follow directly from the definition of the operations on
functions and the closure axioms for the real numbers. We know
that commutativity for + is true because two functions are equal
if they always have the same value and

(f+9)(x) = [flz)+g(x)
g(x) + f(z) by commutativity of + in R
= (9+f)(=)
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Similarly associativity of + for functions from S to R follows from
associativity of + for R:

(f+(g+nm)(x) =

The identity is the constant function with value 0. The inverse of
a function f is the function —f with value at = given by —f(x).
Since f(z) + —f(z) = 0 for all z, this gives the inverse. The
absorption law follows from associativity for multiplication in R:

h(kf)(x) = hkf(x)) = (hk) f(2) = (k) ])(2)-

The two distributive laws follow from the distributive law for R:

(h+k)f(x) = hf(x)+ kf(x) = (hf +kf)(z)

and

W +9)(@) = h(f(x) +9(x)) = (hf(x) + hg(z)) = (hf + hg)(z).

Identity for scalars follows from the fact that 1 is the identity for
multiplication of real numbers. |

This gives us new ways to look at some of our earlier examples: R? can be
thought of as the space of all functions from the set {1,2,3} to R; sequences
can be thought of as functions from the natural numbers N to R. We can
also get new examples by taking the set of functions from R to R (that is all
functions, we will see in the next section how to restrict this to continuous
functions, integrable functions, and differentiable functions).

5.1.5 Matrices form a vector space

Example: Matrices
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Another very important example of a vector space which can
be thought of as a function space is the space of m x n matrices.
A matrix is a rectangular array of numbers. If we have an m x
n matrix then there are m rows each with n entries which are
arranged in neat columns. For example

1 2 3 4

2 2 2 2

33 3 3
is a 3 X 4 matrix. When we refer to a general matrix we usually
write something like M = [[m,;]], indicating that the entry in the
i row and j column is m;;. This saves much space in writing
things down and gives us a clear idea how to see that the set of
m X n matrices is a vector space. This would be pictured as

mi ... My ... Mip
mGir .. My ... Myp
ms1 ... My ... Mjp

L Mm1 -+ Mk - Mypp |

Since we need two numbers to locate an entry in a matrix,
we can think of an m x n matrix as a function from the set of
pairs of numbers (4, j) to R, where i runs from 1 to m and j runs
from 1 to n. The domain in this function space is written as
{1,...,m} x{1,...,n}, a Cartesian product of sets.

The definition of the operations given in Theorem 5.1.5 boils
down to adding matrices by adding coordinatewise. Similarly,
multiplication by a scalar multiplies all of the entries in the matrix
by that scalar. &

We can make one further step in generalizing Theorem 5.1.5 by noticing
that the codomain of the functions need not be R but can also be any vector
space over R:

Theorem 5.1.6 : If S is any set and V is a vector space over a field F,
then the set of all functions from S to V is a vector space over F.
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The proof is just like the proof of Theorem 5.1.5 but uses the properties
of V as a vector space where the properties of R were used in 5.1.5.

Exercises 5.1:

1. Show that the set of all formal power series in one variable with real
coefficients is a vector space over R. A formal power series is an ex-

pression of the form

> o
k=0

There is no consideration of convergence. You add them term by term

and also multiply by scalars term by term.

2. In computer science one often has occasion to use arrays of more than
two dimensions. Spreadsheets sometimes have pages as well as rows
and columns. Show that the set of all 3 x 4 x 2 arrays of real numbers
is a vector space over R.

3. Show that the set of all polynomials with real coefficients and with only
even powers of x appearing forms a vector space over R.

4. Rational functions are those of the form fz% with p(x) and ¢(z) poly-

nomials with no common factors (a slightly different definition than
is used in some calculus courses). Multiplication by scalars and ad-
dition are defined exactly as for rational numbers, with the insistence
that common factors in numerator and denominator must be canceled.
Does this form a vector space over R?

5. Quadratic forms in z and y are expressions of the form Ax?+ Bxy+Cy?.
Show that quadratic forms in x and y are a vector space over R.

6. Consider the set of sequences of real numbers with only finitely many
non-zero members. Show how to make this into a vector space over R.

7. Show that the space consisting only of the zero vector is a vector space.

8. Why can’t the empty set be a vector space?
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Show that R is a vector space over the reals. (See how the axioms for
a vector space follow from those for a field.)

Show that R is a vector space over Q (the rational numbers) but not
vice versa.

Show that C is a vector space over R.
Show that {[x,y,z + 3y]} is a vector space over R.

Show that R? with the usual addition but with the modified scalar
multiplication k * [z, y] = [kx, —ky| is not a vector space.

Show that R? with the usual addition but with the modified scalar
multiplication k * [z, y] = [k%x, k%y] is not a vector space.

Show that R? with the usual addition but with the modified scalar
multiplication k * [z, y] = [0, 0] is not a vector space.
Consider the following attempt to make [0, 1) into a vector space:

If u,v €[0,1) and k € R then let u & v be the fractional part of u + v
and k - v be the fractional part of kv.

Which axioms for a vector space are satisfied and which are not?
Suppose we let u,v € [0,1] and k£ € R and define u @ v = min(1, u +v)

and k - v = max(min(1, kv),0). Which axioms for a vector space are
satisfied and which are not?

5.2 Linear Transformations

5.2.1 Definitions

Linear algebra is only partly the study of vector spaces; indeed, the spaces are
mostly of interest as the domains and codomains of maps. The appropriate
kind of maps between vector spaces are those which preserve addition and
scalar multiplication. They are called linear transformations. In later chap-
ters we will see that linear transformations are closely related to matrices.
Much of the power of linear algebra results from the interplay between con-
crete manipulation of matrices and the properties of linear transformations
which give meaning to the manipulations.
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Definition 5.2.1 A function L :V — W is a linear transformation if L(v; +
U9) = L(¥)+ L(U2) and L(kvU) = kL(V). The domain of L is V; the codomain
s W.

The properties of vector spaces make certain properties of linear trans-
formations immediate. Since these properties make it easy to identify when
maps are not linear transformations we start with them, and then give ex-
amples.

Proposition 5.2.1 Any linear transformation must take 0 to 0.

PROOF:

L(0) = L(0@) = 0L(a@) = 0. I
Proposition 5.2.2 Any linear transformation must preserve inverses.
PRrROOF:

L(—ad) = L(—1a) = —1L(a) = —L(a). 1

Next let us consider some examples of linear transformations between

vector spaces. In order to be sure that we have made a reasonable definition
we need to show that there are interesting examples of linear transformations.

5.2.2 Linear transformations from R" to R™

Example: The function f: R?® — R? taking [r,y,2] to [x + vy, 2 — 27] is
a linear transformation.
To see this we check that it preserves both addition and scalar
multiplication:
[z, y, 2] + 22,92, 22]) = fl[w1 + 22, 41 + Yo, 21 + 22])
= [(z1+x2) + (Y1 +12), (21 + 22) — 2(21 + 22)]
[(.1'1 + yl) + (33'2 + yg), (21 — 21’1) + (22 — 21’2)]
[z, 91, 21)) + f([22, 92, 22])

f(k[a:,y, Z]) = f([kxv ky, kz])
= |kx + ky, kz — 2kx]
= klz+vy,z— 212
kf(lz,y,z2])
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Example: Projections

This example takes R? to R? by the map p taking [z, v, z| to
[z,y]. Again we must check that p preserves sums and scalar
products.

pl[z1, 91, 2] + [22, 92, 22]) = p[21 + 2, Y1 + Y2, 21 + 20])
= [(z1+22), (11 + 32)]
= [z, + [22, 9]
= pz1, v, 21]) + p([22, Y2, 22])

p(klz,y,2]) = p(lkz, ky, kz])
= [kz, ky]
= k[z,y]
= kf([z,y,2])

o

In Chapter 1 we studied many examples of linear transformations from R?
to itself. Recall that linear transformations can stretch the plane in either
direction, rotate the plane, or do a combination of stretches and rotation.

Example: Multiplication by a matrix

When we worked with linear transformations from R? to itself
we found that it was often convenient to give the definition in
terms of multiplication of a vector by a matrix. Suppose that
the linear transformation from R* to R? takes [w, z,y, 2| to [3w+
dr +y—z,x —y+ 2z,3w — 4y + z|, we can write this as

34 1 -1 2‘:’ 3w+ 4z +y — 2
01 -1 2 = r—y+2z
30 -4 1 32/ 3w — 4y + 2
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In general, left multiplication by an m x n matrix gives a linear transfor-
mation from R” to R™ using the following definition:

Definition 5.2.2 If A = [[a;;]] is an m x n matriz then
[ ay ... ay ... ar, | [ ayv1 + apvs 4+ ..+ a1, |
U1 .
a1 .. Qi ... Qip = ;11 + ...+ QinUn
Un :
| OGm1 oo Amk - Omp | L A1Vt - - - AU, i

> i1 G155

n

= | 2jo19iv;

> et AmjV; |

Proposition 5.2.3 Multiplication on the left by an m x n matriz A gives
a linear transformation from R™ (thought of as columns) to R™ (again as

columns).

PROOF:

We need to show that this operation preserves both addition
and multiplication by scalars.

ajy ... Qi ... Qip
U1 + Wy
;1 e Qg coe Qip
_Clml oo Qmk .. Qmn ]
> o1 a1y (v +wy) D o1 Q155 D i1 A1,
= | Yoiai(vitwy) | = | i agu |+ D aw;
| D amg(vywy) || X amgv || 2o G |
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a1

i1

Am1

A1k

Ak

Qmk

Q1p

Ain

a’mn

U1

Un

ay; ... Qi
(075} N
Am1 Amk

And similarly for multiplication by scalars:

11

A1k

Qi

Q1n

k??]l

kv,

B n
> i1 arjkv;

n
> i @ik,

n
| D1 amik;
B n
k)i a1jv;

n
k5 aijv;

D i Q150

n
k| D21 aijv;

| D1 Gmj;

n
| K21 amsvy

107

Q1n

Qin

amn

5.2.3 Linear transformations on polynomial spaces

Example: Differentiation of polynomials:

We know from basic calculus that the derivative of a polyno-
mial is a polynomial, so the process of taking the first derivative
is a function from the set of polynomials in x with real coefficients
to itself. We observed in the last section that the set of polynomi-
als is a vector space, which we called R[z]. Differentiation gives a
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function D : R[z] — R[z]. Now for polynomials @ and b we know

-, -

that D(@+0b) = D(@)+ D(b) and for any k € R, D(kd) = kD(a).
Thus D is a linear transformation. &

Example: Evaluation at a point

If we take the vector space R® and an element s € S we get
a linear transformation F, : R® — R which takes a function f
to its value at s, f(s). This is linear because of the way that we
define addition and scalar multiplication of functions:

E(f+g)=(f+9)(s)= f(s)+9(s) = E(f) + Es(g)

and

Es(kf) = (Ef)(s) = k(f(s)) = kE(f)

Example: Definite integral of polynomials

We can define a function A from R[z] to R by

It is an easy exercise in calculus to show that this is a linear
transformation:

a(p(z) +q(z)) = /Op(fr)+Q(x) dx
dx

= [ [

= A(p(z)) + A(q(x))
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There was nothing special about the bounds 0 and 1.

Example: Integration of formal power series

When we study series representation of functions we see a
theorem which states that inside the radius of convergence we can
integrate power series term by term; with formal power series we
do not have to worry about convergence, so we can define

[e.o] o0

Notice that we have chosen to make the constant term 0. This
is necessary so that integration term by term preserves the zero
vector. Term by term differentiation also gives a linear transfor-
mation. &

Exercises 5.2:

1. Show that the function L from R? to R taking [z,y] to 3z — 4y is a
linear transformation.

2. Show that the projection map P from R? to R? taking [z, v, z] to [z, ]
is a linear transformation.

3. Show that the inclusion J : R — R? taking x to [z,0] is a linear
transformation. Would this have been true if  went to [z, 1] instead?
What about [z, 2x]?

4. Show that the function f : R[z] — R[z| which takes a polynomial p(z)
to p(z?) is a linear transformation. What about the map taking p(x)
to p(3z +2)7

5. In Chapter 1 we saw how to multiply a 2 x 2 matrix by a column vector.
Define the map M : {2x2 matrices } — R? which multiplies the matrix

1 - ) .
by the column vector [ } . Show this is a linear transformation.

2
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For each of the maps in problems 6-11 either prove that the map is
linear by checking the definition or give an example to show how it fails
to be linear.

f:R? - R? with flx,y] = 3z + 2y, 2 +y + 1]

. g: R — R with g[z,y,2] = [z +y — 27]

h: Rlz] — R with h(p) = p(1)

k: R[z] — R[z] with k(p) = p(z + 1)

p:R? — R3 with plz,y] = [0,z + v,z — y]
m : R? — R3 with m[z,y]| = [1,2 + y, 2 — 1]

Recall that the equation for a line in R® can be written in the form
(z,y,2) = (%0, Y0, 20) + t(dy,ds,ds) where (z¢,yo, 20) is a point on the
line and (dy,ds,d3) is a direction vector. Suppose that T : R?* — R3
is a linear transformation. Prove that the image under 7" of a line is a
line or a point.

—

Show that if L : V — W is linear and L(a@) and L(b) both equal 0 then
L(@+b) and L(k@) are 0 too.

Prove that if L:V — W is linear then L(@ — b) = L(a@) — L(b).

Show that L : V — W is 1-1 if 0 is the only vector with L(@) = 0.
(Hint: if Ld = Lb consider L(d — b).)

- -

Prove that L is linear if and only if L(zd + yb) = xL(@) + yL(b) for all
scalars x and y and vectors @ and b.

(Project Problem) There is a calculus of finite differences which closely
parallels the integral and differential calculus. It is based on four op-
erations on sequences:

Forward difference A : RN — RY  with A(a)(n) = a(n + 1) — a(n)
(

Shift o:RY - RY  with o(a)(n) =a(n+1)
Partial sums S:RN RN with S(a)(n) =Y} _,a(k)
Sum of first m+1 S, : RY >R with Sp,(a) = >, a(k)
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(a) Show that all of these operators are linear transformations.

(b) Then prove that
(Ao S)(a) = o(a)

and
(Sm o A)(a) =a(m+1) —a(0)

for any sequence a, the analogs of the fundamental theorem of
calculus.

5.3 Vector spaces over Z, and C

Our next examples are over somewhat less familiar fields. We will start with
the complex numbers.

5.3.1 C

The complex numbers are obtained from the reals by formally adding ¢, the
square root of —1. This is done to guarantee that the equation 2 +1 = 0 has
two roots (i and —i). In order to make the complex numbers a field we need
to add many more points than just ¢ and —i, however. The general form of
a complex number is a + bi, where a and b are real numbers. The number
a is called the real part of a + bz and the number b: is called the imaginary
part. Two complex numbers a + bi and ¢ + di are equal if a = ¢ and b = d.
We define the sum by

(a+bi)+ (c+di)=(a+c)+ (b+d)i
and the product of two complex numbers by
(a+ bi)(c + di) = ac + bei + adi + bd(i?)

multiplying the same way we multiply polynomials. Since i = —1 this
simplifies to
(a+ bi)(c+ di) = (ac — bd) + (bc + ad)i

It takes a bit of checking to see that this gives a commutative and associative
multiplication and that the distributive law holds. The calculations involved
are left to the exercises. The multiplicative identity is 1+ 0i. To find inverses
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we use the fact that every complex number a + bi has a conjugate (a+ bi)* =
a — bi with the property that (a + bi)(a — bi) = a* + b?, a real number. If we
think of the multiplicative inverse of a + bi as ﬁ and then multiply both
top and bottom by a — bi, then we get the expression 37 — ﬁz for the
inverse of a + bi. With these definitions the complex numbers form a field.
Complex numbers are used extensively in electrical engineering in the
study of waves. In that setting vector spaces of functions of a complex

variable are the most natural place to work.

Example: CF

The space of all complex valued functions of a real variable is
a vector space over C. O

Example: Waves

The set of functions of the form

n

f(t) = Z cpe k!

k=1

where ¢; € C consists of the functions you can get by superposi-
tion of simple waves. It also forms a vector space over C.

o

The other place that complex vector spaces are used is in eigenvalue
problems. The most useful property of the complex numbers is that any
polynomial of degree n has n roots over the complex numbers (this is called
algebraic closure and the fact that the complex numbers are algebraically
closed is called the fundamental theorem of algebra). The vector spaces
involved in eigenvalue problems are ones of the form C". As in the case of
R™, the axioms of a vector space over C follow directly from n applications
of the field axioms for C.

5.3.2 Zo

The field of integers modulo 2, Z,, is particularly easy to work with and has
close ties to computations using digital circuitry. The easy way to think of
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Zs is as a set {0, 1} with operations defined by the tables

+ 101 x 0|1
0O|O0|1l]land O [0 |0
11110 1101

This is one of the few examples where one can reasonably verify a set of ax-
ioms by checking all of the possible cases. For instance, to verify associativity
of addition we calculate eight sums both ways:

on
o

+
=3

a+b|b+c|(
0 0

)+c | a+(b+c)

— === O OO O

— O, Ok OF OO

— —_ O O,k OO
OO = == =O

_ O O = O F=O
_— OO~ O FEO

1
1
0
0
1
1
0

These operations have close ties to logic (X is and, + is exclusive or) and
have simple circuits which compute them.

As with the reals and the complex numbers, we can form a vector space
of ordered n-tuples of elements of Zsy. The vectors correspond exactly to the
bit patterns in a digital signal.

Exercises 5.3:

1. Prove that the multiplication of complex numbers is associative.

2. A Laurent series in z expanded around a point ¢ € C is a series of the

form
oo

Z ar(z — c)*

k=—m

Show that Laurent series form a vector space over C.

3. Show complex conjugation ((a+bi)* = (a—bi)) preserves both addition
and multiplication.
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. Recalling the examples of vector spaces over the reals, give two more

examples of vector spaces over the complex numbers.

Show that any vector space over C can also be thought of as a vector
space over R.

Show that a linear transformation L : )V — W between complex vector
spaces is also linear if the vector spaces are thought of as being over R.

. Prove the distributive law for Z,.

We noted that Z, has operations with logical meaning: + is exclusive
or and x is and. Show how to express the other logical connectives
given in the following table using 4, X, and constants 0 and 1.

albl-alaVbla—bla—b|alb|alb
0[O0 1 0 1 1 1 1
01} 1 1 1 0 1 0
1(0(0 1 0 0 1 0
171] 0 1 1 1 0 0




Chapter 6

Subspaces

Our examples of vector spaces in the last chapter provide the starting place
for building vector spaces, but a much larger class of examples results from
considering subsets of known vector spaces which are themselves vector spaces.

6.1 Definition and Examples

Example: A plane in R?

If we consider the subset W of R? in which the third compo-
nent is always 0,

W:{6€R3|C_I:: [al,ag,O]}

we observe that we have a subset of R? which is essentially the
same as R2. Since we know that R? is a vector space, W is a
subset of R?® which is itself a vector space. We shall call W a
subspace of R3. &

The general definition follows.

Definition 6.1.1 A subset W of a vector space V is a subspace of V if and
only if the vectors in W satisfy all the azioms for a vector space with respect
to the same operations of addition and multiplication by a scalar as used for

V. When W is a subspace of V we write YW < V.

115
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It is immediately obvious that V is itself always a subspace of V, and,
at the other extreme, it is almost as obvious that {6} is a subspace of V.
Thus, we always have {6} <V and V < V. We refer to these as the trivial
subspaces.

For a nontrivial subspace we consider the subset W of R? with the prop-
erty that the sum of the two components is 0: W = {[ay, as] | a1 + a3 = 0}.
Then W < R2. The proof of this assertion requires checking that all ten
axioms of Definition 5.1.2 hold for vectors in W.

As a start we look at the two closure axioms. If @ = [ay,as] € W,

b=[by,b] €W, and k € R then
6+5:[a1+b1,a2+62]

and
a1+b1+a2+b2:(a1+a2)+(b1+bz):0+020,

since da, beWw. Also,
kd = klay, as] = [kaikas)],

and
kal + kag = k(al + CLQ) =k0=0.

Only eight more axioms to go! But in some sense the remaining axioms
don’t require any work, since we already know that they hold for vectors all
vectors in R?, the only parts which could fail for the more restrictive collection
W are the identity and inverse axioms (which require that specific vectors
exist). In fact these cause no difficulty either, as the following theorem shows:

Theorem 6.1.1 A nonempty subset W of a vector space V is a subspace if
and only if W satisfies the two closure axioms.

PROOF:

The “if” part of the assertion is immediate, for if W is a
subspace then all the axioms must be satisfied; thus, in particular,
the two closure axioms must hold.

To show the “only if” part, we must verify the validity of all
ten axioms of a vector space for vectors in W. Our hypothesis is
that the closure axioms hold. Also, since we are working with a
subset of a vector space V and since commutativity, associativ-
ity, the two distributive laws, absorption, and identity for scalar
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multiplication are valid for all vectors in V and all scalars in R,
we know that, in particular, they must be valid for vectors in W.
Thus it remains only to show that 0 € W and that along with
every a € W the inverse —a is also in W. But these both follow
easily from the hypothesized closure under scalar multiples: if
a € W (and such exists because W is nonempty), then

and

We now consider a few other examples of subspaces.

Example: A plane in space
As an extension of our first example, let W C R? be defined
by
W = {[al, CLQ] | klal + kQCLQ == O}
where ki and ko are arbitrary real numbers fixed in advance. We

assert that the subset W is a subspace of R?. All we need to do is
prove that closure holds for both operations: let @ = [ay, as],b =

[b1,bs] € W, ¢ €R, then @+ b = [a; + by, as + by] has

kl (CLl + bl) + k’g(ag + bQ) = (k1a1 + /{720,2) + (klbl + kgbg)
= 04+0=0.

Thus the sum is in W. Similarly we can take a scalar product
cd = [cay, cas] where @ € W. Then

ki(caq) + ka(cag) = c(kiay + kaag) = 0 = 0.

Thus @+b € W and ¢d € W, and W is indeed a subspace of R2.
<

A comment is in order about the geometric interpretation of these exam-
ples. In each case V is simply the Euclidean plane. In the first the subspace

W = {[z,y][z +y =0}
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in other words, W is the line through the origin with equation y = —z. For
the second we generalized this to

W = {[z, 4] | 1z + Koy = 0}

where k; and ko are any real numbers chosen in advance. This again gives
a line through the origin (e.g., if k& = 2 and ky = —1, we have y = 2x). In
general, letting k1 and ks take on all possible values in R, not both zero, we get
all the straight lines through the origin (the x-axis appears as k; = 0, ko = 1).
If ky = ko = 0, then W =V one of the trivial subspaces.

We note in passing that a line which does not pass through the origin
cannot be a subspace, since any subspace must contain the zero vector.

Example: Polynomials of degree <n

Let V = R[z], the vector space of all polynomials in one vari-
able with real coefficients, and consider R[x], , the set of poly-
nomials of degree at most n. Now the sum of two polynomials,
each of degree at most n, is a polynomial of degree at most n.
Also, the product of a number & € R and a polynomial of degree
m < n is either the 0 polynomial (if ¢ = 0; recall that the zero
polynomial is considered to be of degree less than any n) or a
polynomial of degree m < n (if £ # 0). Thus R[z], < Rlz]. <

Notice that, for this example, the verification of the closure axioms de-
pends upon knowledge of properties of polynomial functions. Similarly, in
our next example we must draw on facts about continuous functions.

Example: Continuous functions from R to R form a subspace of R¥:

In calculus we prove two limit theorems which are relevant to
this example: that the limit of a sum of two functions is the sum
of the limits, and that the limit of a constant times a function is
the constant times the limit. These limit theorems tell us that
the sum of continuous functions is again a continuous function
and that a constant times a continuous function is a continuous
function. O
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Example: Differentiable functions from R to R form a subspace of
RE:

Also in calculus we consider the more restrictive class of dif-
ferentiable functions from R to R. One of the first theorems we
prove is that the derivative of a sum is the sum of the deriva-
tives, so the set of differentiable functions is closed under addi-
tion. Shortly thereafter (usually in the same lecture) we prove
that a constant times a differentiable function is differentiable
and indeed the derivative of kf is k times the derivative of f.
Thus we have closure, so we have a subspace. &

Example: Spaces of linear transformations

The set of linear transformations from )V to W, written as
Hom(V, W), is a subspace of WY The map which takes every-
thing to 0 is linear, so Hom(V, W) is not empty. To show closure
we need to show that the sum of two linear transformations is lin-
ear and that a constant times a linear transformation is a linear
transformation. Both of these are straightforward: if L; : V — W
and Ly : YV — W are linear then

(Ly+ L)(@+b) =  Ly(@+Db)+ Ly(@+b)
L1(@+ Ly(b) + Lo(@) + Lo(b)

-

= (L1 + L2)(@) + (L1 + Lg)(b)
and
(L1 + Ly)(ka@) = Li(kd) + Ly(kad)
= ELi(@) + kLo(d)
= k(L + L2)(a@)

This shows that L; + Lo is linear.
To see that rL; is linear involves a similar calculation:

-

(rly)(@+b) = r(l
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(rly)(ka) = r(Li(ka))

&

The special case Hom(V, R) is called the dual space of V and is written
V.

6.1.1 Images and kernels of linear transformations

If L:V — W is a linear transformation, then the set of all vectors in the
codomain (W) which are values of L at elements of V forms a subspace of W.
This example is important enough to warrant formal inclusion as a definition
and a theorem:

Definition 6.1.2 If L : V — W s a linear transformation then the set
Im(L) ={W € W| There is a ¥ € V such that @ = L(v)}.

Theorem 6.1.2 If L:V — W is a linear transformation then the set Im(L)
is a subspace of W.

PRrRoOOF:

We need to show that Im(L) is closed under both sums and
scalar products. Now if @, and sy are in Im(L then there are
vectors ¢ and ¥ in V with @y = L(¢7) and Wy = L(03) so

W+ Wy = L(0h) + L(vh)
= L(V) + Uy)

so Wy + Wy € Im(L). Similarly Im(L) is closed under scalar multi-
ples because linear transformations preserve scalar multiplication.

The other important subspace associated with a linear transformation is
its kernel:
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Definition 6.1.3 If L : V — W 1is a linear transformation then the set of
all vectors in V which are taken to 0 by L is called the kernel of L and is
written Ker(L).

Theorem 6.1.3 If L :V — W is a linear transformation then Ker(L) is a
subspace of V.

PROOF:

Since L(0) = 0, we know that the kernel is not empty. Thus
to show it is a subspace all we need to do is show that it is closed
under sums and scalar multiples. Now if ¢} and ¢ are in Ker(L)
then

L(# + ¥y) = L(#h) + L(@,) =0+0=0

so U1 + Uy € Ker(L) as well. To see that kv, € Ker(L) we note
that
L(kth) = kL(#h) = k0 = 0

as needed. |

Important examples of kernels are given by the sets of solutions to various
kinds of linear problems.

Example: Solutions to a single homogeneous linear equation az +
by +cz=0

By a homogeneous linear equation we mean a linear equation
in which the constant term is 0. The set of solutions to such an
equation can be thought of as the kernel of the linear transfor-
mation L : R?* — R taking [z,y, 2| to ax + by + cz. It is easy to
check that this map is a linear transformation and that the kernel
is precisely the set of solutions to the linear equation. &

Example: Solutions to a pair of simultaneous homogeneous equa-
tions in three variables:
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For concreteness let us consider the solutions to

r+y—z = 0
r—2y+32z = 0.

We would like to use the same definitions of addition and scalar
multiplication that we used for R3, since after all the solutions
are ordered triples. We need to check to see that the sum of two
solutions, say [a,b,c] and [d, e, f], is again a solution. Thus we
assume that

a+b—c =
a—2b+3c =
etf—g =
e—2f+39g =

o O O O

Adding the equations gives

(a+e)+ b+ f)—(c+g) = 0
(a+e) =20+ f)+3(c+g) = 0

so the sum gives another solution. Similarly if we multiply each
term of the equations by k we get

k(a+b—c) = kO
k(a —2b+3c) = kO
ka+ kb — ke =
ka —2kb+3kc = 0

so multiplying a solution by a constant gives another solution.
Thus we get a subspace of R3.

We can recognize this as an example of a kernel of a linear
transformation if we observe that the function taking R3 to R? by
taking [z, v, z] to [t+y — 2,z — 2y +3z] is a linear transformation.
The set of vectors taken to [0,0] is precisely the solution to the
system of homogeneous equations. &
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Example: Solution to homogeneous linear differential equations

The most important application of the fact that differentiable
functions form a vector space comes in the attempt to describe
the set of all solutions of a homogeneous (i.e. constant term = 0)
linear differential equation. As an example consider the solutions
of the equation dy =y dx, or yy —y = 0. If f is a solution then

f'(x) = f(x) = 0.

If f is a solution and k is a constant then

(kf)(z) = kf(z) = kf'(z) = kf(z) =k0 =0

so kf is again a solution. Similarly if both f and g are solutions
then

fl(x) = flx) = 0

g(x)—glx) = 0

(f+9) (@)= (f+9)(x) = [f(x)+d(x)— flx)—g(z)

= fi(z) = f(z) +¢(x) - g(2)
0

Thus the sum and scalar product of solutions are again solutions.
This gives a subspace of the differentiable functions from R to
itself.

This example too can be thought of as the kernel of a linear
transformation from differentiable functions to functions: take f

to f'—f. ¢

6.1.2 Some further linear transformations

With the addition of these subspaces to our vocabulary of vector spaces we
can now identify a few more examples of linear transformations:

Example: A definite integral

The set C[0, 1] of all continuous functions from the closed unit
interval [0, 1] to the reals is a vector space. The map L : C[0,1] —
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R which takes a function f to the definite integral fo x)dx is a
linear transformation. This summarizes two handy lemmas from

calculus:
1 1 1
dx = d d
[ o= [t [ o
and
1 1
k dr =k d
| ki@ =k [ gy
for k a real number. &

Example: Inclusions of subspaces

If S is a subspace of the vector space V, then the map from
S to V taking a vector to itself, called the inclusion map, is a
linear transformation because the definition of the operations is
the same in § as it is in V. &

Exercises 6.1:

1. Determine whether the subset A of the vector space V is a subspace.
If not, why not?
(a) V=R?* A= {[a,b]|a+2b=0}
(b) V=R? A={[a,b]|a+2b=1}
(c) V=R3 A={[z,y,2] |22 + 3y — 52 = 0}
(d) V=R3 A={[z,y,2] |22 + 3y — 52 = 4}
(e) V = R[z]3 (polynomials of degree at most 3), A = {p|p(1) =0}
(f) V = R[z]s, A = {p(z) | the coefficient of x? is 0}
g) V = differentiable functions from R to R, A = {f]| f'(z) = 0}
)V

h) V = differentiable functions from R to R, A = {f | f'(z) — (z —
1)f(x) = 0}

(
(
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2. Consider R? as a vector space. Which of the following curves have
graphs which are subspaces?

(a) y =2z

(b) y=2z+1

(c) y=2a?

(d) 2 +y*=0
(e) 22 +y* =25
(f) ==

3. Consider R? as a vector space. Which of the following are subspaces:

a) The z-axis

(a)

(b) the xy-plane

(c) the plane z =1

(d) the sphere 2 + y* + 22 = 4
)

(e) thelinex =1+t y=2t,z=t—4
4. Prove that if W <V and U < W, then U < V.

5. Let V be a vector space, W and U subspaces of V. Prove that if U is
a subset of W, then U is a subspace of W.

6. Describe the kernel of the following linear transformations:

(a) L:R*— R with L([z,y]) = 2z — 3y

(b) differentiation of polynomials

(©) L: RS = R with L[z, y, 2]) = [+, y— 25— 2y+2 30— 2y+2]
7. Show that the set of all functions from R to R which have derivative

at 0 equal to 0 is a vector space. Would the same be true if we asked
for derivative at 0 equal to 17

8. Show that the set of all functions which have second derivative equal
to the zero function is a vector space.

9. Show that the set of polynomials of degree exactly 3 is not a vector
space.
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10. Show that the set of periodic functions with period p forms a subspace
of RE. Recall that f is periodic with period p if f(z +p) = f(z) for all
x e R.

11. (Based on problem 17 of section 5.2) Find the image and the kernel of
cach of the operators A : RY — RN o : RN — RN, §: RY — RN and
Sy RN — R.

12. (Project Problem) In this problem you will show that V can naturally
be thought of as isomorphic to a subspace of V**.

(a) Show that for each @ € V the function “evaluate at @ ” denoted
by Ez which takes a linear transformation L to its value at a,

L(a) € R, is in V**.
(b) Show that the function £ : V — V** taking d to Ej is linear.
(c) Show that the function E is one to one: if Ez = Ej then a = b.

6.2 Subspaces spanned by a set of vectors

We have seen that the trivial subspaces of V, {0} and V, constitute the
extreme cases of subspaces of a vector space )V, the smallest and the largest,
respectively. In our next example we consider what might be referred to as
a smallest non-trivial subspace.

Example: The subspace spanned by a single vector:

Let @ # 0 be a fixed but arbitrary vector of V, let Span({@}) =
{b|b = kd,k € R}. Then Span({a}) < V. The proof is straight-
forward. If

gl = k157

by = kod

then
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So sums of elements of Span({a}) are in Span({a}). Similarly we
can show that Span({@}) is closed under scalar multiplication:

Cgl = C(kld)
= (cky)a € Span({a}).

Thus Span({a}) is a subspace of V.

As a particular instance, suppose V = R2?, the Euclidean
plane, and @ = [a1, as] # [0,0]. Then Span({a}) = {kd |k € R}
is simply the straight line through 0 and the point (a1, as). Thus
every point in the plane determines a subspace of R?, these sub-
spaces being, for points other than the origin, the line through
the origin and the point. It is clear from this remark that two
points on the same line through the origin will determine the
same subspace. &

The subspace illustrated in the preceding example is a particular case of a
more general concept. As we saw, we could generate a subspace by taking all
scalar multiples of a fixed nonzero vector. Why not try the same technique
using more than one vector?

Definition 6.2.1 Let A be a nonempty subset of vectors in V. A linear
combination of vectors in A is a vector b of the form

b=cidy+ ...+ cpnlpm,

where ¢y, . ..., ¢y are scalars and @y, . ..., d, € A. (Note that A can be an
infinite subset of V, but the vectors used in a linear combination are a finite

subset of A.)

As an illustration, consider the following example:

Example: A linear combination in R3

Let V = R3 A = {a, = [1,3,—1],dy = [2,0,3]}. Taking
c; = 2 and ¢y = 3 we find that

—

b = c1d; + cado

2[1,3, —1] + 3[2,0, 3]
= [2,6,—2] +[6,0,9]
= [8,6,7]

is a linear combination of a@; and ds. &
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Notice that if @ is in A then d is itself a linear combination of vectors in
A, by writing a = 1d.

Example: A set spanning R?

Let V =R3 A = {e; = [1,0,0],e&, = [0,1,0],e3 = [0,0,1]}.
Then every vector in R? is a linear combination of vectors in A,
since if d = [al, asg, ag] then d = a1€1 + aggg + CL3€3. <>

Definition 6.2.2 Let S be a subset of V. If S is not empty then the span of
S, written Span(S), is the set of all linear combinations of vectors in S. If
S is empty Span(S) is the vector space {0}.

Example: Finding the span of a set

Let V be R*, A ={][1,3,—1],[2,0,3]}. Then Span(A) is
{b]b=c[1,3,—1] + c5[2,0,3]}

|b = [c1,3¢1, —c1] + [262,0, 3]}
= {b|b=[c1 + 2c2,3¢1, —c1 + 32}
¢

A careful look at these examples leads us to conjecture that the span of
a set might be a subspace of V. Before we can prove this assertion we must
attend to a minor technical detail. Suppose A is a non-empty subset of V
and suppose b is a linear combination of ai,ds, and ¢ a linear combination of
(3:2, 63, 64, where 61, ce ,64 e A

= k1ay + kol

- hgdb + h3673 + h454.

o S

Using zeroes as coefficients, where appropriate, we can then write

kid1 + kods + 0ds + Ody
= 0d; + hely + hsds + hady

o S
|

Since any linear combination from A involves at most a finite subset of
A, we can always use a similar device in writing vectors in the span of A.
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Proposition 6.2.1 Let A be a subset of V. Then the span of A is a subspace
of V.

PROOF:

If A is empty, then by definition Span(A) = {0}, a trivial
subspace of V.

If A is nonempty, use the remark preceding the statement of
the proposition to show closure. Let @, v € Span(A), ¢ € R; then
we can write for some positive integer m,

= hdy+ ...+ Al

ST

Consequently,

U+7 = (kdy+ ...+ kndy) + (hid@ + ...+ hpdy)
= (k1 +h)dy + ...+ (kn + hm)dy € Span(A),

and
cu = C(k/’l(il +...+ kmam)
= (cki)a + ...+ (ckp)@mn € Span(A).
Thus Span(A) < V. |

This result gives us a way of creating or generating subspaces of a vector
space. For this reason the span of a subset A, Span(A), is also referred to
as the subspace generated by A. If W = Span(A) then we say that A is a
generating set for W.

Example: A plane through the origin is the span of a set of two
vectors.

For example if A = {[1,3,—1],[2,0,3]} C R3, then Span(A)
is exactly the plane through the origin and the points (1,3,-1),
(2,0,3). &

Each matrix gives rise to two significant subspaces:
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Definition 6.2.3 If M is a m x n matrixz then the row space of M is the
subspace of R™ spanned by the row vectors of M.

Definition 6.2.4 If M is a m X n matriz then the column space of M is
the subspace of R™ spanned by the column vectors of M.

Example: Row and column spaces

For the matrix

—__ o
[ S )
W

1
0
2

the row space is spanned by {[1,0,2,1],[0,1, 1,1}, [2,1, 5, 3]}. Now
[2,1,5,3] =2[1,0,2,1]+]0, 1, 1, 1] so we can actually get the whole
row space by looking at the span of the first two rows. The row
space is Span({[1,0,2,1],[0,1,1,1]}).

The column space is spanned by

1 0 2 1
o, 1|, 1], |1
2 1 5 3

It is easy to see that the last two vectors on this list can be
obtained as linear combinations of the first two:

1 0 2

2101+ 1] =11

2 1 )

1 0 1

Ol +|1]|=]1

2 1 3
Notice that the row space and the column space both needed the
same number of vectors in a minimal spanning set. &

The subspace generated by a set of vectors is the smallest subspace which
contains those vectors: Suppose A C V and W is a subspace of V which
contains A. Then Span(A) < W. Thus, any subspace which contains the
vectors in A must be at least as big as Span(A).



6.2. SUBSPACES SPANNED BY A SET OF VECTORS 131
Proposition 6.2.2 If ACW <V then Span(A) < W.

PROOF:

To show this we let b € Span(A). Then
b= ki@ + ...+ k@1 ..., G € A.

Since A C W and W is a subspace, it follows that b € W. Thus
every vector in Span(A) is also in W. |

A little reflection about the span of a set of vectors should produce some
questions which deserve consideration. We turn to a few of these. The first
has to do with economy or efficiency. To illustrate the point we have in mind,
consider the case where A = {dy, ds} but dy = ca; for some ¢ € R. Then, if
be Span(A), b= kidy + kods, we see that we can write

b = ki, + ko(cdy) = (ky + cko)@ € Span({a@;}).

We have that Span(A) = Span({@;}). In other words, the inclusion of ds in
A is unnecessary as far as the generation of Span(A) is concerned.
More generally, we can assert the following.

Proposition 6.2.3 Let A ={dy,...,d,} CV. Suppose that some vector in
A, say @, 1s a linear combination of the others, d,, = c1d1+ ...+ Cp_10pm_1-
If Ay ={d...,dn_1}, then Span(A;) = Span(A).

The proof is left as an exercise.

Notice that it is always the case that A C Span(A). Could it ever happen
that A = Span(A)? Obviously, since Span(A) is a subspace of V, a necessary
condition for this equality to hold is that A itself be a subspace. As it
happens, this condition is also sufficient.

Proposition 6.2.4 Let A C V. Then Span(A) = A if and only if A is a
subspace of V.

PROOF:
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If Span(A) = A, we must show that A is a subspace. But
this is trivial, since Span(A) is a subspace and Span(A) = A.
On the other hand, suppose A is a subspace. We always have
A C Span(A). We also have A C A, and in this case A is a
subspace of V. Thus, Span(A) < A. Consequently, A = Span(A).
|

Exercises 6.2:

1. Find the subspace of R? spanned by the following sets of vectors:

(a) {[1,2 ] [1,2,4]}
(b) {13,-2,1],[3,2,1],[=3,2,1]}
(c) {[1,1 2],[ 1,0,3],[1,2,7]}
2. In R[x]3
(a) is x4+ 1 in the subspace Span({z? — 1,22 + x + 2, 3})
(b) is 22 + 2z + 1 in Span({1, z,2? — 1})

(c) find a spanning set for the whole space (bonus if you find an
elegant, efficient solution).

3. Prove Proposition 6.2.3.

4. Describe the row space and the column space of the following matrices:

2 1 4 3
(a) {0 1 2 3
1133
(1 0
2 1
®) 14 3
|2 2
1 2 3
(¢c) |4 5 6
| 789
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Let S C RN be the set of strictly increasing sequences (that is agy1 > ag
for all k). What is Span(S)?

Let S C RE be the set of strictly increasing functions (that is f(z;) >
f(z2) whenever z; > x3). What is Span(S)?

Let S C RN be the set of eventually constant sequences. What is
Span(S)?
Is Span(SNT) = Span(S) N Span(T)? Give either a proof or a coun-

terexample.

Is Span(SUT) = Span(S) U Span(T)? Give either a proof or a coun-
terexample.

Prove that if S is a spanning set for V and S C T then T is also a
spanning set for V.

Show that if S is a set of vectors in V, v € V, and there are two different
linear combinations of vectors in S giving v, then there are two different
linear combinations of vectors in .S giving 0.

(Project Problem) The brick function associated with the interval [a, b)
is
3 1 ita<z<d
) = 0 otherwise
We aim to describe the subspace S of R® spanned by the brick func-

tions.

(a) Show that if f € S then f has bounded support. (The support of
a function is the set of all z where f(x) #0.)

(b) What can you say about the range of a function in §7
(c) It is clear that

/ Biap)(x) dz = b — a.

Use this and the linearity of the integral to define

/ Z f(z) dx

for any f in S.
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6.3 Error Correcting Codes

A useful application of vectors over Zs is the theory of error correcting codes.
When a stream of binary signals is sent along a transmission line, or when
a bit pattern is retrieved from a computer memory, occasional errors will
occur. If the communication line is not too noisy, or the memory chip is
only suffering from transient disruption, the errors should be relatively in-
frequent, mostly happening singly, rather than in bursts. Early computers
shut down when such an error occurred, leading to much frustration among
early computer users. In 1948 Richard W. Hamming started the theory of
error correcting codes by adding checksums to the message. The idea was to
break the message into patterns of four bits and then intersperse new bits so
that of seven bits sent the sums of the positions 1,3,5, and 7 add up to 0, as
do the sums of bits 2,3,6 and 7 and the sum of bits 4,5,6, and 7. the check
bits are put in positions 1,2, and 4. The resulting code is easy to decode:
the message is in bits 3,5,6, and 7. It has enough checking that, by means of
some linear algebra over Z,, if a single bit out of the seven is transmitted in
error, it can be detected and corrected.

We can think of this process as in terms of linear transformations on
vector spaces over Zy. The four bit words are precisely the members of the
vector space Zj. Encoding is done by the linear transformation C : Zj — Z3
which takes a message word to a codeword by

[mh ma,ms, m4] — [m1+m2+m47 m1+m3+m47 may, m2+m3+m47 ma,ms, m4]

Its image gives the subspace of ZJ consisting of the code words. Decoding
uses the linear transformation D : Z! — Z3 with

D([Cla C2, C3, C4, C5, Cq, 67]) = [637 Cs, Cg, C7]

Notice that DC' = idzs

An essential feature of the Hamming (7,4) code thus described is that the
subspace of code words can also be described as a kernel. The code words
can be described as the set of 7-tuples [a1, as, as, au, as, ag, a7] in Z% with

a1 +az+as+ay
as +as+ag+ay = 0
ag+as+as+a; = 0
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This is just the solutions to a homogeneous system of linear equations in
Zy. 1t can be thought of as the set of vectors that the linear transformation
S : 7Y — 73, called the syndrome, with

S([&l, as, as, a4, as, Qg, CL7]) = [a4~|—a5+a6+a7, a2+a3+a6+a7, aq +a3+a5+a7]

takes to [0,0,0].

The particular choice of equations is a clever one (it was patented in
1951 along with the circuitry to do the coding and decoding) which allows
us to identify where a single error in transmission has occurred with a small
amount of calculation. Transmitted codewords are elements of Z} and since
the syndrome is a linear transformation we can see what the effect of an error
in a single bit would be by looking at seven possible single bit error patterns:

Bit pattern | Syndrome
1000000 [0,0,1
0100000 [
0010000 [

0001000 [

[
[
[

0000100
0000010
0000001

If an error has occurred in bit 5 of the transmitted codeword, for instance,
then S of the result will be [1,0, 1], the binary representation of 5. If the
single error is in bit 6, then S will give [1, 1, 0], the binary representation for
6.

Example: Using Hamming code

Suppose we encode the message “HELP” by first converting
the characters to ASCII code, written in binary,

HELP — [1001000][1000101][1001100][1010000]

Then break this up into 4-bit words instead of the seven bits that
the ASCII code uses:

[1001][0001][0001][0110][0110][0101][0000] )
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Next apply C to each of these words to get
[0011001][1101001][1101001][1100110][110110][0100101][0000000]

Now the point of an error correcting code is to correct errors, so
lets add the following bit stream to get errors in transmission in
the bits where the 1’s occur:

errors = [0001000][0100000][0010000][1100000]
[0000001][0010000][0001000]

Notice that except for one cluster each of these error patterns
only has one error in a transmitted 7-bit word. If we add this
error, then the received message is:

[0010001][1001001][1111001][0000110][1100111][0110101][0001000]
Applying S tells us which bits to change to correct for the errors:
[100][010][011][011][111][011][100]

Notice that this identifies the single errors correctly, but does not
correct the double error in the fourth transmitted word. Our
corrected received words would then be

[0011001][1101001][1101001][0010110][1100110][0100101][0000000]
Extracting bits 3,5,6, and 7 of each of these words gives
[1001][0001][0001][1110][0110][0101][0000].
Regrouping into seven bit words gives
[1001000][1000111][1001100][1010000]

which can be converted back to the character string “HGLP”.
Notice that we have one character incorrectly transmitted as a
result of the burst of errors in the transmission. &

Exercises 6.3:
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1. Show that the code words for the Hamming (7,4) code all differ from
each other in at least 3 bits.

2. The following bit streams were received by a communications device.
It is known that the Hamming (7,4) code was used and that there was
noise on the line. Correct the errors. Then give the decoded string.

(a) 0011010001111101010111100110
(b) 1010101010101010101010101010
(¢) 1000000110000011100001111000

3. Hamming also developed an (8,4) code by taking a 4 bit message and
adjoining 4 more bits so that the sums of the 1,2, and 5 bits, the 3.4,
and 6 bits, the 1,3, and 7 bits, and the 2,4, and 8 bits all give 0. Show
that the code words for this code form a vector space over Z,. Can you
see how to use this scheme to correct a single error in any bit?

6.4 Sums and Intersections of Subspaces

We have seen how to create subspaces of a vector space using the span of
a set of vectors. Given subspaces, say W, < V, W, < V), can we produce
new subspaces from these? In Set theory we used intersection and union
to produce new subsets from old; will they work for subspaces as well? If,
perhaps naively, we try these operations on subspaces, we find that one of
them “works” and the other one does not. As an illustration of the successful
case, let V = R3 W, = the xy-plane and W, = the zx-plane. Then W, N
W is simply the x-axis, a line through the origin, hence a subspace ( here

Wl N W2 = Span({[17 07 0]}))
Proposition 6.4.1 Let Wi, Wy < V. Then Wi N W,y < V.

PROOF:

All we need to do is show that the two closure axioms hold
for Wiy N Wy, If @b € Wy N Wy, ¢ € R, then by definition of
intersection, @ and be W, and @ and be Ws; since W; and W,
are subspaces,

a+bew,
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i+beWs,
and
cd € Wi and cd € W.
Thus, .
a+beW N,
and

ca € Wi N Ws.
|

We remark that W, N W, # (), since the vector 0 is in every subspace
and thus must always be in W; N W,. However, in some cases, it may
be that Wy N W, = {0}. For example, if V = RZ?, the only nontrivial
subspaces are the lines through the origin, and the intersection of two distinct
subspaces is precisely the origin. To indicate other possibilities, we note that
the nontrivial subspaces of R? are the lines through the origin and the planes
through the origin. Clearly, the intersection of two distinct lines or of a
plane and a line not in the plane will be just the origin; the intersection of
two distinct planes, as indicated above, will be the line of intersection.

In order to see what might happen with the union of two subspaces,
consider ¥V = R?, W, = x-axis, W, = y-axis. Then €, = [1,0] € W), & =
[0,1] € Wy, but &) + & = [1, 1] € Wi U W, this last being the set of vectors
on either x-axis or y-axis. But this example of how things go wrong gives a
suggestion for getting round the difficulty: we must, at the very least, include
in our new set the sum of any two vectors in the given subspaces. As it turns
out, that is all we need do.

Definition 6.4.1 Let W; and W, be subspaces of V, then the sum Wy + W,
is the set of all vectors which can be written as the sum of a vector in W,
and a vector in Wa: Wy + Wy ={a €V | @ = by + by, by € Wy, by € Wh}.

Example:

As an example consider V = R?, W, = {[a1,0] | a; € R},
Wy = {[0,a2] | as € R}, i.e., W, is the x-axis and W, the y-axis
in the Euclidean plane. Then a vector in W; + W, is the sum of
a vector in W, and a vector in Wh; thus @ € W; + W, is of the
form @ = [a1, 0] + [0, as] = [a1, as]. Clearly Wy + W, =V = R%
%
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Example:

Similarly, it is easy to see that if V = R3 W, = {[ay, a2, 0] | a1, as €
R}, W, = {[0,0, a3] | a3 € R}, then W, + W, = R3 = V. o

These examples show that, just as W) N, may turn out to be the trivial
subspace {0}, so might it happen that W; +W is the trivial subspace V. We
now have a way of creating a new (“bigger”) subspace from two subspaces.

Proposition 6.4.2 If Wi, W, <V, then Wy + W,y < V (the sum of two
subspaces is again a subspace).

PROOF:

We must verify that W, +W; is closed with respect to addition
and scalar multiplication. Suppose @ and b € W; + Ws, ¢ € R.

Then
a = a;+ dy with @; € Wy and dy € Wy
g = 51 + 52 with 51 S W1 and 62 € WQ,
5+g = (51+52)+(g1+52)

= (@ +b)+ (G4 bs) €W + W,
cd = c(dy+dy)
cc?l + 062 < Wl + WQ,

since W; and W, are subspaces and thus satisfy the closure ax-
ioms. |

Notice, by the way, that we always have, for W, and W, subspaces of V,

WinW, < W
WinW, < W,
Wi, < Wi+ W,
Wy < Wi+W,

It is also true—and very easy to show—that W; N W, is the largest subspace
common to both W; and W, and that W; + W, is the smallest subspace
which contains both W; and W,.

When two subspaces have the smallest possible intersection and have sum
giving all of ¥V we have a particularly nice situation:
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Definition 6.4.2 Let V be a vector space and let U and W be subspaces of
V which satisfy
V=U+W andUNW = {0},

then V is said to be the direct sum of U and W; this relation is indicated
by writing
V=UDW.

Example:

In V = R3 if we take U =the xy-plane and VW = any line
through the origin not contained in the xy-plane, then ¥V = USW.
¢

Decomposing spaces as direct sums of subspaces on which a linear trans-
formation has a nice form is an important part of advanced linear algebra.

Exercises 6.4:

For problems 1-10 given the subspaces U and W of V,describe the sub-
spaces U + W and U N WV:

L. V=R U= {[a1,0,0] | a; € R} and W = {[0, a»,0] | asR}
2. V=R U= {[a1,a2,0] | a; and ay € R} and W = {[0,0,a3] | a3 € R}

3. V=R U= {[a1,as,0 | a; and ay € R} and W = {[0, a3, a4] | a3 and a, €
R}

4.V =R U = {[a1,as,a3] | a1+as+az =0} and W = {[0,0, a4] | ay € R}

5. V=R U= {[as,as,a3] | a1 +as+az =0} and W = {[ay, a5, ag| | 2a4—
CL5+6L6 = 0}

6. V = Rlz], U = R|z]s and W = { polynomials involving only even
powers}.

7.V =Rlz], U =A{plp(—z) = p(x)} and W = {p|p(—z) = —p(2)}
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8.V =Rlz], U = {plp(1) = 0} and W = {p[p/(1) = 0}
9. V=RN U = {alagns1 = —as,} and W = {b|b,, = by2"}
10. V =RY, U = {a]a converges to 0} and W = {a|z ay converges}

k=0

11. Let U and W be subspaces of V. Is it ever true that L/ UW is a subspace
of V7

12. Prove that if a subspace U contains both subspaces W; and W, then
it must contain W; + W.
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Chapter 7

Systems of Linear Equations

In Chapter 6 and in later chapters circumstances come up in which we needed
to find the solution (or the general form for all solutions) of a system of linear
equations. For small systems, say three equations in three unknowns, most
students can muddle through with ad hoc methods. Many applications and
much of our work with spaces more complicated than R? will require a more
efficient and systematic approach. In this chapter we will work with Gaussian
elimination with backsolving, a computationally efficient algorithm which has
the advantage of having clear goals at each step. This algorithm will arise
later in the course for other uses. It is easy to program on a computer, though
somewhat sensitive to round off error when floating point arithmetic is used.
The algorithms in this chapter can be carried out using arithmetic in any
field we choose. To avoid problems with round off error we will usually work
over QQ, though R, C, and Z, also work the same way.

7.1 Gaussian Elimination with Backsolving

Let us start by considering a system of three equations in three unknowns.
As an example we will use :

r+3y+z = 3
—2r —4dy+2z = 12
3r+8y+22 = 5.

It is unlikely that the solution to this system will be obtained easily by
inspection. We will use the first equation to eliminate = from the other two

143
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equations. This could be done by substituting z = 3 — 3y — 2 into the other
equations but that would make work in simplification. Instead we will use
the fact that both sides of an equality can be multiplied by the same number
without changing the validity of the equality and the fact that “equals added
to equals yield equals” to eliminate = from the later equations. We start by
adding 2 times the first equation to the second:

2 +3y+2=3)is 220+6y+2z = 6
add to —2z—4y+2z = 12
to get 2y + 4z = 18

which then replaces the second equation. We can then rewrite the system as:

r+3y+z = 3
2y +4z = 18
3r+8y+2z = 5.
If we now add —3 times the first equation to the third we can eliminate x

from that equation as well without changing the triples (z,y, z) which satisfy
the system. This gives

r+3y+z = 3
20+4z = 18
—y—z = —4.
We can multiply both sides of the second equation by % to get a more con-
venient form for using the second to eliminate y:
r+3y+z = 3
y+2z =9
—y—z = —4

Adding the second equation to the third gives:

r+3y+z = 3
y+2z =9
z = b.

We can now substitute 5 in for z in the second equation and solve for y to
get y = —1, and then use the values for both y and z to get x = 1 from the
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first equation. These operations can be accomplished by adding —2 times
the third row to the second and then adding —1 times the third row and —3
times the (new) second row to the first.

As described this is a cumbersome, though organized, procedure. It is
made less cumbersome by using matrices to let position of numbers keep
track of the variables and the equal sign. A matrix is a rectangular array of
numbers. For the time being we are using matrices much as they are used
for storage in computer science. The system of equations

r+3y+z = 3
—2r —4y+2z = 12
3r +8y+22 = 5

can be recaptured from the matrix of coefficients

1 3 1
-2 —4 2
3 8 2
and the matrix of constants
3
12
5

It is most convenient to write this as one matrix

1 3 1 3
-2 —4 3 12
3 8 2 5

called the augmented matrix corresponding to the system. This may be
thought of as the system with all of the variables and the equal signs erased.

The operations used on the system of equations will be replaced with
operations on a matrix called elementary row operations. There are three
types of elementary row operations. Since we will be using them repeatedly
we will give a shorthand notation for specifying what you do to get from one
matrix to the next.
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Interchange rows ¢ and j:

a

11

41

A1k

Qi

Cij

A1n
Qin,
R’i — Rj
N
ajn
Amn ]

Multiply row i by r (where r # 0)

a11

i1

a1k

Ak

Amk

A1n

TRZ'
Qin

>
Qmn |

a11

a1

rai

Qm1

Add r times row i to row j (row i is unchanged)

a1
Q41

Cle

Am1

A1k
Qi
Cij

Qmik

A1n
Qin
Rj + TRi
N>
ajn
Qmn |

a1
A1
aj1 + ra;

Qm1

a1k Q1in
ajk CLjn
Qi a:in
ar.nk ar;”m
a1k arn |
Tk rQin
Amk Gmn
a1k
Qik
Ajk —|— Trair
Amk

A1n
(0779
Ajn + T

amn

The strategy used is as follows: first, switch rows if necessary to get a
non-zero entry in the first row, first column position. Next divide the first
row by the 1,1-entry to make that entry 1. Then use the operation of adding
a multiple of the first row to the later rows to get zeros in the first column
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below the first entry. In our example this goes as follows:

1 3 1 3 1 3 1 3
9 4 2 12 RQile 0 2 4 18
3 8 2 5 38 2 5
1 03 1 3
Ry =3 0 2 4 18
>
0 -1 -1 14

Next we repeat this procedure using the second row to eliminate all entries
in the second column below it. This continues until the matrix of coefficients
has 1 as the first nonzero entry in each row a 1 and all entries below that 1
in the same column are 0. In our example we continue as follows:

1 3 1 3 1p (1 3 1 3
0 2 4 18 272 0 1 2 9
0 -1 —1 —4 |0 -1 -1 —4
(1 3 1 3

RP’:R? 0129

0015

Next we get zeros above the ones using the same operations and working our
way back from right to left. This means that at each step we are working with
a row with the minimum possible number of nonzero entries, thus minimizing
the arithmetic.

1 31 3 R, — R3 1 30 =27
01209 Ry — 2R; 010 —1
0015 ~ 001 5
1 0 0 1 ]
Ry = 3R, 010 —1

>
001 5

Putting the variables and the equal sign back in we have
z = 1
= —1
z = b
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Example: Solving a system
Find the solutions to
r+2y+z = 2
20 + 6y — 2 —15
—r+4+2y+4z = 15

The augmented matrix is

1 2 1 2
2 6 -1 —-15
-1 2 4 15

Our algorithm gives
1 2 1 2 Ry — 2R, 1 2
2 6 -1 —15 Rs + Ry 0 2 -3 —19
-1 2 4 15 ~ 0 4
2

1 2 1 1 2 1 2
%R2 0 1 =3 1 Ry — 4R, 01 =3 1
04 5 17 0 0 11 55
1 1 2 1 2 Ry — R3
114 3 19 3
SR LU B Bt S PSR i
00 1 5 ~>
12 0 =3 100 1
010 —2| ™72 45
a2
001 5 001 5
While this example isn’t too bad, it does show how fractions can
creep into and back out of the work. &
Example: A system over Z,
Solve the system
r1+rs+axy = 1
Ti+rot+az3t+ry = 0
To + T3+ T4 1
X1+ To + T3 0
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Applying the Gaussian elimination algorithm using arithmetic in

Zo gives
10111 1 0 1 1 17
11110 %121 0100 1
01111 4«»1 01111
11100 010 1 1]
(1 11 17
Rs + Ry 0
B4R 01001
4 00110
>
| 000 1 0|
R+ Ry 10101
R AR 01001
3T 00100
>
000 1 0|
100 0 1]
R, + R 01001
~ 00100
| 000 1 0|
Thus
T 1
) 1
ZE3—0
.Z'4:0

&

So far we have pretended that all systems have solutions. What happens
to the algorithm if we try it on one which does not?

Example: A system with no solutions
Find the solutions (if any) of

r+y =
r+y = 3
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These are two parallel lines, so we know that there are no solu-
tions. Let us follow our algorithm until we reach a point where
this lack of solutions becomes apparent.

11 2| Re—R |11 2
113 ~> 0 01

at which point we are stuck. If we put the variables and the equal
sign back in we get

r+y = 2
Oz +0y =

The second equation tells us something we know to be false, so
whatever values we put in for x and y we cannot get simultaneous
solutions. Anytime we get a row with all zero entries except for
the last column and with a nonzero entry there we know that the
system of equations has no solutions. Such systems are called
inconsistent. &

Example: A system with many solutions

We can also get systems which have many solutions instead
of one. As an example let us consider what our algorithm does
for the system

r+y+z = 3
r4+2y—z = 4
20+3y = 7

Setting up the matrix and applying the algorithm gives:

11 1 3 Ry — Ry 11 1 3
12 -1 4 Rs — 2R, 01 -2 1
23 0 7 ~> 01 -2 1

Ry — Ry 10 3 2

R3 — Ry 01 -2 1

~> 00 0 O
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At this point we can put the variables and equal signs back
in to get

r+3z = 2
y—2z =

The variable z can assume any value we wish, but once it is chosen
x and y are determined. Since one of the equations gives us no
new information, such systems are called redundant. &

Given any system of equations, even one with different numbers of equa-
tions and unknowns, we can apply elementary row operations according to
our algorithm to reduce the matrix of coefficients to what is called row-
reduced echelon form:

Definition 7.1.1 A matriz is in row-reduced echelon form if and only
if
1. The first nonzero entry in each row is a 1

2. The first nonzero entry in a row appears to the right of the first nonzero
entry in the row above it

3. All other entries in the column of that first nonzero entry in the row
are 0.

4. All rows with only 0 entries are at the bottom.

Example: The following matrices are in row-reduced echelon form:

1000
0100
0010
0001
1000 2
0100 56
0012 3
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1000 2
0100 56
0012 3
0000 O
10000 0 4
01200 0 5
00010 0 2
00001 -1

¢

Example: The following matrices are not in row-reduced echelon
form

010
100
001
13000
00114
00101
1000 2
0100 56
0000 0
0012 2
100
011
100

o

The approach used in solving systems of equations using elementary row
operations also works for reducing a matrix to row reduced echelon form. Our
strategy is to use interchange and division of rows to get the first nonzero
entry in a row to be a 1 and to make that entry as far to the left as possible.
We then use addition of a multiple of that row to rows below it to get zeros
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below it in the column. Then move on to the next row and repeat the process,
being careful not to mess up previous work by interchanging with rows above
the current one. Once we have all of the first nonzero entries equal to 1 and
all the entries below them 0, we work backwards from right to left to get the
zeros above the first nonzero entries in each row. Often we can avoid use of
fractions by judicious use of row exchange instead of dividing to get the 1 as
the first entry in a row.

To solve any system of equations: form the augmented matrix, reduce it
to echelon form, and put the variables and equal signs back in. The result will
be a description of the solutions. As we have described it this process is called
Gaussian elimination with backsolving. A formal description in pseudocode
is given in Figure 7.1. It is the best algorithm for systems not known to
have nice structure (like lots of zero entries for instance). There are other
algorithms which are better for very large systems with many coefficients
zero. Such systems do occur, for instance, in modeling secondary oil recovery:
many systems of 50,000 equations with 50,000 unknowns must be solved. The
work involved is considerable.

While use of elementary row operations makes sense and is not difficult,
it does get tedious for large problems. We can repackage the operations into
a macro called pivot to combine several steps into one action. In obtaining
the row reduced echelon form we look at the first non-zero entry in a row,
divide that row by that entry, and then use addition of multiples of that row
to other rows to get 0’s in the rest of the column.

Definition 7.1.2 If M is a matriz with m;; # 0 then the pivot on the ij
1
R; then Ry — my;R; for

position of M 1is the sequence of row operations

ij
all k # 1. It results in a new matriz with a 1 in the ij position and 0 in the
rest of the j™ column.

Example: A pivot operation

It

— =N DN
— N

=D W
N W O =



154 CHAPTER 7. SYSTEMS OF LINEAR EQUATIONS

Suppose that A is the matrix obtained by augmenting the coefficient matrix
with the column of constants.

Clearing below the diagonal
Set R=1
Set C=1
While (R < Number of Rows) and (C < Number of Columns of coefficient matrix) Do
If A(R,C)#£0
Then Do
Multiply row R by 1/A(R,C) (to get 1 in leading position of row R)
For i= R+1 to Number of Rows (to clear entries below the (R,C) position)
Add -A(i,C) times row R to row i
Next i
Increment R by adding 1
Increment C by adding 1

Else Do (search for next row and column to use)
Set NewRow=R+1
Do until (NewRow > Number of Rows) or (A(NewRow,C)# 0)
Increment NewRow by adding 1
If (NewRow > Number of Rows)
Then Increment C by adding 1
Else Swap rows R and NewRow
End If
End Else
End If
End While

Backsolving
If (R = Number of Rows) then Multiply row R by 1/A(R,C)
While (R > 0) Do
Set C =1
While (A(i,C) = 0) increment C (Find first nonzero entry in row R)
For i=1 to R-1 (clear entries above that nonzero entry)
Add -A(i,C) times row R to row i
Next i
Decrement R by subtracting 1
End While

Figure 7.1: Gaussian Elimination with Backsolving
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then performing a pivot on the 2,3 position leads to the matrix

-1 -5 0 -5
1 2 1 3
-3 -6 0 =21
2 3 0 8

It is the same as the sequence of elementary row operations

21 3 4 (21 3 4
2 4 2 6 3R 12 1 3
12 4 3 ~ 12 4 3
11 -1 2 11 -1 2

Ri—3R, [ -1 =5 0 =5

Ry — 4R, 1 2 1 3

Ry+ Ry -3 =6 0 —21

~ 2 3 0 38

%

For solving systems of equations we have been using the Gaussian elim-
ination with backsolving algorithm. A closely related algorithm, the Gauss-
Jordan elimination algorithm, makes all of the entries above and below the
diagonal zero. This algorithm has only one phase, and it takes a little more
arithmetic, but has a more compact description if we use the pivot opera-
tion. We give the Gauss-Jordan algorithm for row reduction in a more formal
pseudocode in Figure 7.2

Example: Gauss-Jordan Row Reduction

Let us use this algorithm to reduce the matrix

2 4 6 8 10
2341 1
4 6 8 5 5
to row reduced echelon form. We will indicate a pivot on position
ij by P(i, ).
2 4 6 8 10 1 2 3 4 5
2341 1 P(j;l) 0o -1 -2 -7 -9
4 6 8 5 5 0 -2 —4 —11 -15
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Set Row=1
Set Column=1
While (Row < Number of Rows) and (Column < Number of Columns) Do
If A(Row,Column)# 0
Then do
Pivot on position (Row,Column) in A
Increment Row by adding 1
Increment Column by adding 1
Else do
Set NewRow=Row+1
Do until (NewRow > Number of Rows) or (A(NewRow,Column)# 0)
Increment NewRow by adding 1
If (NewRow > Number of Rows)
Then Increment Column by adding 1
Else Swap rows Row and NewRow
End If
End Else
End If
End While

Figure 7.2: Gauss-Jordan Algorithm for Row Reduction Using Pivot
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10 -1 —10 —13
PR2) g1 o 7 g
~ oo o0 3 3
(10 -1 0 -3
PEH 11 9 g
N>
00 0 1 1

7.1.1 Operation Counts

One way to measure the efficiency of the algorithm for solving a system of
equations is to count the number of multiplications which it needs to solve a
system. When we do this we assume that no special structure shows up in the
process of the algorithm and that no unnecessary operations are performed.
Let us count how many multiplications are needed to solve a system of n
equations in n unknowns using Gaussian elimination with backsolving.

Getting the 1 on the diagonal in the i"* row requires a multiplication in
each position after the i, so n + 1 — ¢ multiplications.

Once we have the 1 on the diagonal we will, in general, need to use the
row operation adding a multiple of the i*" row to each of the n —i rows below
it to make the entries below the diagonal 0. There are n+1—i entries in each
row whose value we need to calculate (we don’t worry about the zeros at the
beginning or about the i** column since we know what those values will be
without calculating them). This makes (n —i)(n + 1 — ) multiplications to
get the zeros below the diagonal in the i** column.

Backsolving requires one multiplication for each row above the diagonal
entry being used. So it involves n — ¢ + 1 multiplications for each of the
columns ¢ = 2 to ¢ = n.

For the whole algorithm we need

a 1
Znﬂ_i:%
=1

multiplications to get all of the 1’s on the diagonals,

—_

n— n—1

(n—i)n+1—i)=> K +k= ("_1)7;<2"—2>+(n—21)n

1 k=1

(2
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multiplications to get the zeros below the diagonal, and

n—1

in—z%— Zz n—l
i=2

=1
multiplications for the backsolving. All together this gives (after simplifying)

3
n 5 M

-_ + n® — —
3 3
multiplications for the Gaussian elimination with backsolving algorithm.

An analysis like the one above gives

3 7’L2

n

272
multiplications for the solution of a system of equations using the Gauss-
Jordan algorithm.

Some students may be familiar with solution of equations using determi-
nants (Cramer’s rule). The reason we do not study this method in this course
is made clear by the following table showing the number of multiplications
needed to solve an n by n system of equations:

n | Gauss | Gauss-Jordan | Cramer
2 6 6 6

3 12 18 36

4 36 40 200

5 65 75 1230

Exercises 7.1:

For problems 1-10 solve the following systems of linear equations. If the
system is inconsistent, say so. If the system has multiple solutions, describe
the general form for a solution.

1.
X1+ Ty — Tz = 3

200 — 29+ 33 =

—T1 — 2$2+$3 = =5
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$1—22E2+$3 = 0
2.251—%2—1-333 =
Ty + 2 +23 =

201 + 20+ 23 = 2
3$1+2$2—l’3 =
4{L’2+£L’3 = 5

.%'1+$2+£L‘3 =
To+x3+T4 =

T3+ Ty + T

I
I R O =

1 — Iy
21’2 + 2.174 =

—Z1 + g + 3$3 + 21‘4 = -7
—6x1 + 3$2 + 8.%'3 + 21’4 = —-24
—21’1 +l’2+3$3+$4 = -9

201 + 29 4+ Dy =
1+ 229+ 5x3 = 0
T+ 2o+ 03 = 1
—x1 4+ 229+ 223 = -1

2$1+I2+$3 = 6
2.T1+£U2 =
3r1+ a2 +a3 =

159



160 CHAPTER 7. SYSTEMS OF LINEAR EQUATIONS

8.
2.731 + 8.732 — T3 = 6
—41}1 — 8.1'2 + 3.1'3 = —5
41’1 + 41’2 - 21’3 = 3
9.
21’1 + T+ a3 = 10
31’1 — I9 + 233'3 = -9
1 — T2 + r3 = -9
10.
51‘1 + 21‘2 +x3 = —4
2371 + 22 +x3 = -5
4:131 -+ 21132 +x3 = =7

For problems 11-16, how do you interpret these final results of the Gaus-
sian elimination algorithm:

10 2 3
11 4
0000

11.

e}

12. 1 0

—_
—_

13.

0
4. 10 1 0 O
1

S W =

15.

—_
(@]
]
w
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10111
010 2 3
16. 000O0O
00 00O

For problems 17-20, reduce to row-reduced echelon form:

17. 1 2 4

(=)

8. 12 41

19. 10 1 0

20. |1 0

—_
[\
_ o O
- O O

21. Find the solution in C if any exists:

I + (3 + Z),Ig +IL‘3
ixz + 2ZE2 - (1 - 22)1’3
X1 + Ty + 31’3

I
A~ = S

22. Find the solution in Z, if any exists:

x1+a:2+x4+a:5 =

I
T R

T1+x3+ 25
To + T3+ Ty
T+ 23 +Ty =

ZL’3—|—JI4—|—[L'5 =



162 CHAPTER 7. SYSTEMS OF LINEAR EQUATIONS

7.2 Spanning Sets Revisited

At this point it becomes much easier to answer some of the questions raised
in Chapter 6. One such question is whether or not a specific vector is an
element of the subspace spanned by a set of vectors.

Example: Is [1,1,1] in the subspace spanned by [1,2,3] and [3,2,1]?

To answer this we ask if there are numbers x and y with
[1,1,1] = z[1,2,3] + y[3,2, 1]. This gives a system of three equa-
tions in two unknowns:

x + 3y 1
20 +2y =1
r+y = 1

Solving this we find

1317 Ry—2R 13 17,
2 21 R; — 3R, 0 —4 —1 4«»2
31 1 ~> 0 —8 =2
1 3 1 131
0 1 1 RL”J;SR? 01 1
0 -8 —2 000
1 0 4
Ri=3Ry | o | 1
~s 1
000
This shows [1,1,1] = £[1,2,3]+%[3,2,1] so [1,1,1] € Span({[1, 2, 3], (3,2, 1]}).

¢

Example: Is [1,1,1] in the subspace spanned by [0,1,2] and [2,1,1]?
Again, we ask for x and y with x[0,1,2] + y[2,1,1] = [1,1, 1]

or
Oz + 2y 1

r+y =1

2r+y = 1
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While it is clear by inspection that this system has no solutions
we can use our algorithm to get

02 1 111
111R1:R2021
291 1 291 1
1 1
R3—2310 ERAD)
> O >
1 1 1 11 1
0 1 1 R3+Rzo1§
>
0 -1 -1 00 —3

At this point we can tell that the system has no solutions.
Thus [1, 1, 1] is not in the subspace spanned by [0, 1,2] and [2, 1, 1].
¢

Homogeneous systems (those where all of the constant terms are 0) have a
particularly nice theory.

Proposition 7.2.1 The solutions to a homogeneous system of equations in
n unknowns form a subspace of R™.

Proor:
The solutions to a single homogeneous equation
a1r1 + asxs + ... + a,x, =0

can be thought of as elements of the kernel of the linear transfor-
mation taking [z1,...,2,] to @121 + ... + a,x,. Thus the set of all
solutions to a single homogeneous equation forms a subspace of
R™. The set of solutions to a system of homogeneous equations is
the intersection of the sets of solutions of the equations taken in-
dividually. Thus the set of solutions to a system of homogeneous
linear equations is the intersection of subspaces, and thus is itself
a subspace. |



164 CHAPTER 7. SYSTEMS OF LINEAR EQUATIONS

Since the zero vector will always give a solution to a homogeneous system
of equations we will be interested in knowing when there are other, nontrivial,
solutions.

Theorem 7.2.2 A homogeneous system of linear equations with more un-
knowns than equations always has a nontrivial solution.

PROOF:

When we apply Gaussian elimination with backsolving to the
augmented matrix we end up clearing at most as many columns as
there are equations since we use a different row each time we clear
a column, and there are only as many rows as there are equations.
This means that our final answer has a column corresponding to
a variable which can be chosen freely. Hence we can choose that
variable to be nonzero. 1

Example: A homogeneous system with nontrivial solutions

The system

r+yt+ztw =
rT+y+224+3w =

has nontrivial solutions:
We start by applying the Gaussian Elimination with back-
solving algorithm:

11110] Re—R, [1
112 30 ~> 0

o
—_ =
DO —
o O
_

>

Ri—-Ry |1 10 =10
001 2 0

Since we have cleared only the columns corresponding to the vari-
ables x and z in this case, both y and w can be chosen arbitrar-
ily. Letting y = 1 and w = 1, we get * = w —y = 0 and
z = —2w = —2. Thus (0,1, —2,1) is a nontrivial solution. &
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Exercises 7.2:
For problems 1-10, is the vector @ in the subspace of V spanned by S7?7

1.a=1[1,2,3],S={[1,1,3,[-2,1,-3]}, V=R3

2. a=1[1,1,1], S ={[0,1,2],[1,2,1],[1,3,3]} , V =R3

=6,5,6], S ={[1,2,4],[0,1,2],[1,1,1]}, V = R?

I

3.
4. @=1[6,2,3,1], S ={[1,2,3,4],[0,1,2,3],[0,0,1,2]}, V = R*
5.d=1[1,0,1,0], S = {[1,1,1,1],[1,-1,-1,1],[1,1, -1, 1]}, V = R*

6. @a=1[1,0,1,2], S ={[1,1,1,1],[1,-1,—1,1],[1,1, -1, —1]}, V = R*

7. @=10,1,0,1], S = {[1,1,0,0],[1,0,1,0],[0,0,1,1]}, V = R*

8. a=33+4r* +2 -2, S={x+ 1,22+ 1,23 +1} , V = R[z]

9. d=at+2> -1, S={l,z,2?+z+ Lzt + 23+ 1,22+ 1} , V = R[]

10. @ = sin(x), S = {cos(x),2?, e}, V = RE

7.3 Applications of Systems of Linear Equa-
tions

In the last section we saw a situation in which systems of linear equations
arises in linear algebra. Many practical problems involve systems of linear
equations. Now that we have an efficient means to solve such systems prob-
lems giving rise to systems of many equations in many unknowns are more
tractable.

7.3.1 Fitting a curve through points using the method
of undetermined coefficients:

Find the equation of the circle passing through the three points (2,3), (1,4),
and (5,6). We know that the equation of a circle has the form

2+’ +Ar+By+C =0
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We need to find A, B, and C.
Since (2,3) is to be on the circle

2°+3°+24+3B+C =0.
Since (1,4) is to be on the circle

1 +42+1A+4B+C =0.
Since (5,6) is to be on the circle

5 +6°+5A+ 6B+ C = 0.

This gives the system

2A+3B+C = —13
A+4B+C = —17
5A+6B+C = —6l.
This is solved as follows:
231 -13] 5, 1 4 1 —17 Ry — 2R,
1 4 1 —17 l«,} 212 31 —13 R; — 5R;
5 6 1 —61 5 6 1 —61 ~r
1 4 1 —-177 _ 1 4 1 -—17
0 -5 —1 921 | 3R g 1 1 _u | Rt Ui
~ 5 5 ~s
0 —14 —4 24 0 —14 —4 24
1 4 1 —17 5 p 1 4 1 —17 Ry — Rj
—riL3
01 & -2 s 01 & -2 Ry — 1 Rs
o0 -% 18 001 29 ~
1 4 0 —46 100 —6
010 —10 Rl:fR? 01 0 —10
001 29 001 29

so A=—6, B=—10, and C' = 29.

This same technique can be used to fit a polynomial of degree n to a set
of n + 1 points. It can also be used to fit surfaces through points in space,
provided that the general form of the surface is known.
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7.3.2 Deriving the error for Simpson’s rule:

In finding formulas to approximate integrals numerically one approach is to
specify the points to be used and find coefficients so that the resulting formula
gives the exact answer for appropriate powers of x. For Simpson’s rule we
use the points (—h, f(—h)), (0, f(0)) and (h, f(h)) and ask that the result
be accurate for polynomials of degree 3 or less. If we postulate a formula of
the form

/_ @) = Af(=h) + BIO) + CI(h)+ D" (2

where —h < z < h then we can find A, B, C, and D by making different
choices for f and using the precision of the formula:

ffh ldr = 2h = A+B+C using f(z) =1
f_hh xdr = 0 A(=h) + C(h) using f(z) =z
ffh ’dr = §h3 = Ah? + Ch? using f(x) = z*
ffh pde = 0 = A(-h)*+CR> using f(z) =23
ffh atde = 2h° = Ah*+4 Ch*+ D4l using f(z) = 2*

This gives the system of equations

A+B+C = 2h

—hA+hC = 0

h*A+ R*C = gh:”

—WA+KRC = 0
h*A+ h*C +24D = %hf’.

The second and fourth equations give exactly the same information so
this system is redundant.
Solving it gives

1 1 1 0 2nh Ry + hRy 1 1 1 0 2h
—h 0 h 0 0 Ry—h’Ry |0 h 2n 0 2
h* 0 h* 0 2B* | Ry+h*Ry |0 —h* 0 0 —3h?
—h* 0 h* 0 0 Rs—h'Ry | 0 RB* 2R* 0 2n
ht 0 h* 24 ZRP ~ 0 —h* 0 24 —%R°
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11 1 0 2h 111 0 2
01 2 0 2h 012 0 2h
|00 2 0 2| 1001 0 %
00 0 0 0 000 0 0
0 0 2r* 24 2p° 000 24 —5hP

1000 A

0100 3h

0010 2

T looo 1 £

90

0000 0

This shows that
h h h5 )
[ H@)s = SR +470)+ F(0) = G552

for some z € (—h, h).

7.3.3 Random Walks:

In the game of matching pennies two players each flip a coin. If both come up
heads or both come up tails, the first player wins both. If they don’t match
the second player wins both. If the first player starts with 2 cents and the
second starts with 3 cents what is the probability that the first player gets 5
cents before the second player does? After one toss the game will change to
(1 cents,4 cents) with probability .5 and to (3 cents,2 cents) with probability
5. If we let P; be the probability of the first player winning if he starts with i
cents this tells us that P, = .5P;_1 +.5PF;;;. Combining this with the obvious
cases Py = 0 and P; = 1 we get a system of 6 equations in 6 unknowns:

B, =
—sP  +P —5P

—sPL +P, —iPy =

—iP, +P; —iP, =

—3Py +P —3P =

|
—oocooo
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This is not difficult to solve because there are so many zero entries:

1 0 0 0 0 0 0
-1 1 -£ 0 0 0 0
o -3 1 -1 0 0 0
OO—%l—%OOM
0O 0 0 —3 1 —30
0 0 0 0 0 1 1|
(1.0 000 0 0]
010000 +
001000 2
000100 2
000010 3
(00000 11|

Thus the probability that the first player wins if he starts out with 2 cents
is %

This same kind of model can be used to approximate temperature dis-
tributions and diffusion of gases or liquids. The systems of equations which
result are often very large but tend to have many entries equal to zero and
have the nonzero entries clustered in a band near the diagonal. This ex-
tra structure greatly reduces the amount of arithmetic needed to solve the

system.

7.3.4 Partial Fractions

In technique of integration we develop a general method for dealing with
integrals of rational functions. First we factor the denominator into a product
of linear and irreducible quadratic factors. Then we use partial fractions
to reduce the problem to dealing with fractions whose denominators involve
powers of a single linear or quadratic factor. The resulting problems are then
integrated using u-substitution or trigonometric substitutions. In a calculus
course we often restrict the problem to one using denominators which are
products of distinct linear factors because the systems of linear equations
which result are easy to solve without special technique.

Now that we have powerful methods for solving big systems of linear
equations we can tackle the more difficult systems that result when the de-
nominator involves repeated factors.
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As an example let us consider the problem of breaking

25 + 132 4 3523 + 4322 + 352 + 16
(x 4+ 2)%(x2 4+ 2+ 1)?

into a sum of simpler fractions. First notice that the degree of the denom-
inator is 6, so the degree of the most general possible numerator will be 5
and there will be 6 pieces of information contained in the coefficients. Thus
we expect to have a system of six equations in six unknowns. The standard
way to break up this fraction is as

A N B n Crx+D n Ex+ F
r+2 (x+2)? 22+z+1 (22+2+1)?

which has six unknowns (A,B,C,D,E, and F). Adding fractions in this ex-
pression gives a fraction with numerator

(2A+B+4D+4F)+ (5bA+2B+4C +8D +4E + 4F)x+
(84+3B+8C+9D +4E + F)2* + (TA+ 2B +9C + 5D + E)x3+
(4A+ B+5C + D)z* + (A + C)ab

and denominator (x + 2)?(z? + z + 1)%. Now this fraction will be equal to

our original fraction if the polynomials in the numerator are equal. This

happens if the constant term and the coefficients of z, 22, 2%, 2*, and 2° are

equal. This gives us the system of equations

2A+B+4D +4F = 16
5A+2B+4C+8D+4E+4F = 35
8A+3B+8C+9D+4E+F = 43

TA+2B+9C+5D+E = 35

4A+B+5C+D = 13

A+C = 2

Solving this system is done by row reducing the matrix

2 1040 4 16
52 4 8 4 4 35
838 9 4 1 43
729510 35
415100 13
101000 2 |
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to get
(100000 —1
01 0000 =2
001000 3
000100 4
000010 -1
| 000001 1 |
SO
20° + 132" + 352° + 432% + 350 + 16 —1 —2 3r+4 —lz+1
(x +2)%(z2 4+ 2+ 1)2 _£L‘—|—2+(l’+2)2+$2—|—1’+1 (22 4+ 2+ 1)2

Exercises 7.3:
Several of these problems involve large systems; use of a symbolic computer
algebra system is recommended.

1. Show that a polynomial of degree 3 with at least 4 distinct roots must
be the zero polynomial.

2. The trapezoid rule for approximating foh f(x) dzx gives the exact answer
for polynomials of degree less than or equal to 1. The error term is a
multiple of f”(z) for some z € (0,h). Use this information to derive
the trapezoid rule with its error term.

3. Simpson’s 3/8 rule approximates integrals using
3h A
(#) dz = a1 f(0) + azf(h) + a3 f(2h) + asf(3h) + cf* ()
0

where £ € (0,3h). It gives exact answers for polynomials of degree 3
or less. Find the coefficients a; and the coefficient for the error c.

4. Find the equation of the circle through the points (1,2), (3,4), (10,1).

5. Find the polynomial of degree 3 through the points (0,0),(1,0),(2,4),
and (3,0).

6. A plane in R3 has an equation of the form Ax + By + C = z. Find the
equation of the plane through the points (1,2, 3),(2,1,3), (1, -3, —5).
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. In the model of matching pennies, suppose that the participants are

betting on an unfair event, so that the probability that the first player’s
fortune goes from i to 7 — 1 is i instead of % and the probability that
it goes from ¢ to ¢ + 1 is %. Rework the example for this random walk
with drift assuming that there are a total of 5 pennies at stake.

(Computer problem) A slot machine is designed so that it pays 3 times
your bet with probability }l and nothing with probability %. You have
$5 and decide to bet until you either have $15 or nothing. Which
strategy gives you a better chance of avoiding going broke: betting the
whole $5 at once, or betting in $1 increments until you either reach $15
or go broke?

Give a partial fractions expansion for

—2+ 1 —4x? — 23 + 22°
(1P 1

Give a partial fractions expansion for

254 4+ 96z + 5122 4+ 6522 — 102* + 142° — 226 + 27
(x —2)%(x? + 5)3




Chapter 8

Linear Independence and Bases

In Chapter 6 we discussed the subspace determined by the set of all linear
combinations of a set A of vectors, the linear span of A. Turning it around, we
called A a spanning set for the subspace Span(A). If A contains an element
d which is a linear combination of other elements of A then Span(A \ {a} =
Span(A). In this chapter we want to consider the idea of an efficient or
minimal spanning set for a vector space; we call such a set a basis. A basis
will give us a convenient handle with which we can “get hold” of a vector
space. First, however, we must introduce several new ideas.

8.1 Linear Independence

Let V be a vector space and suppose we have a set A = {ay, ..., d,} of vectors
in V. We consider the possibility that a linear combination of the vectors in
A could equal the zero vector:

01&'1+...+cn6n20.

Obviously this can always be done by taking all the scalars to be zero:
c1 = ... =c¢, = 0. In some cases this is the only way the equation will
hold, but in others it is possible to obtain 0 as a linear combination of the
vectors in A by using some nonzero scalars. (As trivial examples of these
two possibilities, let A = {@} where @ # 0, then ¢d@ = 0 only if ¢ = 0. Next
let A = {dy,ds}, where dy = —dy; then 1d; + ldy = 1d; + 1(—d;) = 6)
The distinction between these two possibilities turns out to be of paramount
importance.

173
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Definition 8.1.1 A set A of vectors in V is linearly dependent if and
only if 0 can be written as a linear combination of vectors in A in which
there are nonzero coefficients. A is linearly independent if whenever a
linear combination of elements of A has c1a@ + ... + @ = 0 all of the
coefficients must be 0 ((we have ¢y =cy = ... =c¢, =0).

Example: A linearly independent set

Let A = {[1,0,0],[0,1,0],[0,0,1]} € R3. Then ¢[1,0,0] +
1[0, 1,0] + ¢3]0, 0, 1] = [c1, ¢2, ¢3], and thus ¢([1,0,0] 4+ ¢2[0, 1,0] +
¢3[0,0,1] = [0,0,0] if and only if ¢; = ¢; = ¢3 = 0. Thus A is
independent (we shall frequently omit the adverb “linearly”). <

Example: A dependent set

Let A= {61,62} Q V, where C_I:Q = /{?C_I:D k % 0. Then

kiy + (—D)a, = ki, + (—1)ka,
ki, — ka

= 0,

and this set A is dependent. &

Example: Any set containing 0 is dependent
Let A = {6, dy,...,d,}. Then A is dependent, for
10 4 0d; 4 ... +0d, = 0.

In other words, any set which contains the zero vector is depen-
dent. (By way of contrast, as we have already seen, any set A
which contains exactly one vector is independent if that vector is
nonzero. ) &

Example: Examples in R?
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Let V = R3 A = {[1,2,3],[2,4,6]}, B = {[1,2,3],[2,1,0]}.
Then A is dependent, since
2[1,2,3] + (—1)[2,4,6] = [2,4,6] + [-2,—4,—6] = 0

but B is independent. For

61[17273] +CS[27170] = [6172017361] + [26370370]
= [Cl + 263, 261 + Cs3, 301]
= [0,0,0]
can hold only if ¢; = 0, and this implies that ¢z = 0 also. &

Example:

Let V = Rg, let A = {Eil = [1,2,—1],62 = [2,0,1],53 =
[—1,1,0],d, = [1,6,—4]}. We consider first the subset A; =
{@y, dy, ds}. If

c1Gy + ey + c3ds = 0,
then
[c1 4+ 2¢9 — ¢3,2¢1 + 3e3, —c1 + 2] = 0,0,0],

or

c1 + 202 —C3 = 0

201 + 303 =0

—C1+c = 0.
It is easy to show, either by the methods of Chapter 7 or by
solving for ¢, and c3 in terms of ¢, that the only solution to this

homogeneous system is the trivial one. Thus A; is an independent
subset. Next, however, consider Ay = {@, dy, dy}. If

6161 + ngg + 0464 = 0,
then we are led to the system

c1+2c+cy = 0
2C1 + 6C4 =0
—c1+cg—4cs = 0

175
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Using Gaussian elimination, we find that ¢; = —3cy, 0 = ¢4,
and ¢4 is arbitrary; or, letting ¢4 = —1, the linear combination
3d, — dy — a4 = 0. Thus the set A, is dependent. &

Example: Independence in polynomial spaces

Let V = R[z],, then the set A = {1,z,2?,...2"} is indepen-
dent. To investigate independence of A we need to see if there
are any non-trivial choices of ¢; so that

co+ 1+ cr? + ..+ e =0,

where the right-hand side is the zero polynomial. The question
of independence does not present us with the problem of finding
the n roots of an algebraic equation, but of identifying the zero
polynomial as one which can be represented only by ¢y = ¢; =
... = ¢, = 0. Since the zero polynomial has all coefficients 0, the
set A is independent. &

Example: Any set of three vectors in R? is dependent
Let A = {a, g, ¢} C R2. Then A is linearly dependent, for, if

ha +kb+18=0,

then
hlay, as) + k[b1, ba] 4 l[c1, c2] = [0, 0],

or

a1h+b1k—|—01l =
a2h+b2k+021 = 0,

and this homogeneous system of two equations in three unknowns
will have nontrivial solutions. In a similar way, any set A =
{@i,...dn,dy1} € R™ can be shown to be dependent. O

Proposition 8.1.1 The empty set is linearly independent.

PROOF:
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Since there is no way to write 0 as a linear combination of
vectors in the empty set (there being no such vectors to work
with), it is vacuously true that every such linear combination has
any property we wish. In particular we can conclude that it must
be trivial. 1

We now look at a few alternative but equivalent ways of describing a
dependent set.

Proposition 8.1.2 A set A ={dy,...,d,} CV is dependent if and only if
some a; € A is a linear combination of the other vectors in A.

PROOF:

If A is dependent, then scalars ¢y, ... c, can be found, not all
zero, such that
CIEL’l—l—...—i—anL’n:O.

If ¢; # 0, then

Cia; = —C101 — ... —Cj_105-1 — Cj41Aj541 — ... — Cpln
or,
o —C1 —Cj-1, —Cj+1 —Cn
aj:—al—...—{— aj,1—|——aj+1—|—...+ Ay, .
€ G € €

On the other hand, if
a; =kiay + ...+ kj1Gj_1 + kG + ..o+ kady,
then
kydy + . A k1@ + (1)@ + k@ -+ Eadn =0,
and, as —1 # 0, A is dependent. |

The next description is very similar to the preceding one, but its special form
will be useful later.

Proposition 8.1.3 An ordered set A = (dy,...,d,) of vectors in V is de-
pendent if and only if some d; € A is a linear combination of the preceding
;.
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PROOF:

If A is dependent, then, by definition there are scalars such
that
6161+...+Cn6n20,

where the ¢; are not all zero. Let j be the largest integer such
that Cj 7é 0 (thUS Cjit1 = ... =Cp = 0) Then 0161 + ...+ Cj(ij =
0,¢; # 0, and we can write

- —C1 —Cj-1

aj:—a1+...+ aj_l.
Cj Cj

GOiIlg the other way, if Eij = ]{3161 —+ ...+ kj_lc?j_l, then
kidy + ...+ kj1d—1 + (—1)a; + 0d;41 + ...+ 0d, =0,

and A is dependent. |

Exercises 8.1:

For problems 1 through 13 Determine whether the following sets of vectors
are independent or dependent:

1. {[1,0,3],[3, —4,3],[2,9,0]} in R3

2. {[1,2,3,4],[2,4,6,1],[3,3,1,2],[~1,2, —3,1]} in R*
3. {[1,1,3],[3, 1,2, (1,5, ~2],[1,0,3]} in R

4. {zx +3,2% —x — 4, —2* + 2} in R[z]3

5. {sinx,cosz,sin 2z} in C[0,27]

6. {[4,6,-2,3],(2,1,3, —2],[1,0,1,0]} in R

7. {z+ 1,z — 1,22 +x,2* — 1,2° + 2%} in R[x]

8. {frlfu(x) =1+ kx,k € N} in R®

9. {grgx(z) = 2*, k € N} in R¥
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{0,1,1,1,0,1,1],[1,1,0,0,1,1,0],[1,0,1,0,1,0,1],[1,1,0,0,0,1, 1]} in
7.

{[0,0,1,1,0],[1,1,1,0,0],[1,0,1,0,1],[0,1,1,1,0],[0,0,0, 1, 1]} in Z}
{[1,4],]i, 1]} in C?

{[1 +4,1—14],[2,—i]} in C?

Show that if {dy,...,d,} C U is linearly independent as a subset of U
and U is a subspace of V then if {d@y, ..., d,} C U islinearly independent
as a subset of V.

Show that:

(a) If A is dependent and A C B then B is dependent

(b) If B is independent and A C B then A is independent
Prove the following: if A = {d,...,d,} CV, 5¢ Span(A), and A is
linearly independent then A* = {dy, ..., d,, b} is linearly independent.
Show that if S7 and Sy are linearly independent sets of vectors and

Span(S;) N Span(S,) = {0}
then S7 U S, is linearly independent. Give an example to show that it
is not sufficient to have only S; N Sy = 0.
An ascending chain of sets is a sequence .S; with
$51C€5HC---CS5, C--

Prove that if each of the 5; in an ascending chain is linearly independent

then so is |J S;.

Prove that a subset of the columns in a matrix is linearly dependent if
and only if that same set of columns is dependent after any elementary
row operation has been performed.

Prove that if A is an m X n matrix with m > n, then the columns of
A are linearly independent if and only if the row reduced echelon form
Mof Ahasmy; =1forall 1 < <n.

Prove that the set of nonzero rows of a matrix in row reduced echelon
form is linearly independent.
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8.2 Bases

We are now in a position to define and elaborate on the idea of an economical
or efficient spanning set of vectors for a vector space V. The property we
need to add to that of a spanning set to make it efficient is independence.

Definition 8.2.1 A basis for a vector space V is a set B of vectors which
spans V and is linearly independent. The plural of basis is bases; we will
often be concerned with several at once.

Example: Bases

The following are bases:

1. V=R3 B=1{[1,0,0],[0,1,0], 0,0, 1]}, the standard basis
2. V=R3 B={[1,1,-1],[1,0,1],[0,1,1]}
3. V=Rz],, B={l,z,2% ... 2"}
4. V=R[z], B={l,z,2% ... ,2", ...}
5.V =R", B=1{[1,0,0,...,0,[0,1,0,...,0],...,[0,0,...,0,1]}.
6. V=1{0}, B=10

%

Theorem 8.2.1 If B is a basis for a vector space V, then each vector v in V
can be written as a linear combination of elements of B in exactly one way.

PRrRoOOF:

Since Span(B) = V we know that every vector can be writ-
ten in at least one way as a linear combination of elements of
B. What we really need to show is uniqueness. Suppose that o
can be written as a linear combination in two ways. Since only
a finite number of elements of B are involved in each linear com-
bination, we could list all elements of B that are used in both
linear combinations by using 0 as a coefficient as needed:

7 o= zn:hz?
=1
i=1
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Subtracting and combining terms gives

n

=1

Since the set B is linearly independent this tells us that h;—k; =0
for every i. Thus our linear combinations giving ' were not, in
fact, different after all. |

Remark: Although by definition a basis is a set of vectors, which means
that the order of listing the vectors should not be relevant, it turns out that
we often do consider the order important. In other words, we will usually
assume that we are working with ordered bases.

If we have a finite ordered basis we can use it to think of any vector as a
column of numbers.

Definition 8.2.2 If B = (by,b,) is an ordered basis for V, then the B-
k1
coordinate representation of @ = kll;l—i-. ) .+kngn 18 the column vector :
Ky,
Because column vectors are awkward within text, we often write this column

as [k, ..., ko', where the® indicates transpose, an operation which turns rows
into columns.

Example: Finding B-coordinates

We noted above that B = ([1,1,-1],[1,0,1],[0,1,1]) is an
ordered basis for R3. We can use it to find B-coordinates for the
vector [4,5,6] by solving the system of equations

lx +1y 4+ 0z =
le+0y+1z =
—lz+1ly+1z =

Using row reduction on the augmented matrix for this we get

1 1
1 0
-1 1

— = O

4 1
5 0
6 0

O = O
_ o O

1
3
4
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sox =1,y =3, and z = 4. This tells us that the B-coordinates
of [4,5,6] give the column

1
31,
4

the same as the rightmost column in the final matrix in the row
reduction. &

In our examples above, most of the bases were finite sets. This case
deserves special mention.

Definition 8.2.3 A wvector space V is finite dimensional if and only if V
has a finite basis. If V is not finite dimensional it is infinite dimensional.

The basis given for R[x| above is not finite. A little reflection will suggest
that R[x] cannot have a finite basis. Thus R[x] is infinite dimensional. Re-
ferring again to our examples, we observe that both bases given for R3 have
3 vectors (and that, more generally, the basis for R™ has n vectors). Is this
coincidental? The answer is “No”: all bases for a given finite-dimensional
space must have the same number of vectors. But before we prove it we must
prove a related assertion.

Theorem 8.2.2 Let V be finite dimensional. Let B = {51, . ,l;n} span 'V,
let A={dy,...,dn} be a linearly independent set. Then n > m.

In other words, any spanning set of vectors must have at least as many vectors
as any independent set.
PROOF:

The proof involves introducing, one at a time, the vectors in
A into the set B, but then removing, one at a time, a vector
from this new set. The desired result is obtained by some simple
counting. In the following two columns the properties listed at
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the top of each will hold at each stage, as you should verify.

dependent spans V
n + 1 vectors n vectors
B :(dlabl>"'7bﬁ) Bl*:{d‘labll’bZL"'abnjl}
= (6 61, bl, e abn:l) BQ* = {52, &’1, bl_,»bg_,’ - ,bn:g}
(_‘3, 62, as, bl, R ,bn_g) Bg* = {63, C_iQ, 51, bl, bQ, ceey bn_g}
Bm - (C_ima oo ,51, bl: oo 7bnfm+1)

Explanation: Since B spans V every vector, hence, a; must be
a linear combination of the vectors in B; thus By = {@;} U B is
linearly dependent. Clearly By has n + 1 vectors. Order B; so
that a; comes first. Now since B; is dependent, some vector in
By is a linear combination of the preceding vectors. This vector
is clearly not a;; it is therefore one of the by’s. We renumber,
if necessary, to make it l;n Then l;n can be deleted from B; to
give By*, a set of n vectors which spans V. We now obtain B,
by adding ds to the beginning of Byx. Then B, is a set with
n + 1 vectors, dependent for the same reason B; is dependent.
Again, as with Bj, some vector must be a linear combination of
the preceding ones. This vector cannot be any of the d;, since
A is independent, and thus must be a b;. Again, we renumber if
necessary to make it b,_1 which can then be eliminated, to give
By, a spanning set with n vectors. And so on.
How will the story end? Continue to

Bm = {Clm, e ,CLQ,O,l,bl, ey bnferl}-

All m of the vectors in A have been introduced and m — 1 of the
l;i have been deleted. Will B,, still include any of the l;i? It must,
for the sets B; are always dependent, and the absence of all of
the 52 would mean B,, = A, an independent set. Thus we must
haven—m+1>1,orn—m >0,s0n > m. |

Now we can easily prove the following fundamental result.

Corollary 8.2.3 If V s finite-dimensional then any two bases for V have
the same number of vectors.
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PROOF:

Let B = {by,... by} and B’ = {b,,...,b.} be bases. Then
since B is a spanning set and B’ is independent, we must have
m > n. But, reversing the roles, B’ is a spanning set and B is
independent, so n > m. It follows that m = n. 1

With the knowledge provided by this corollary we can make more precise
the concept of dimension for finite-dimensional vector spaces.

Definition 8.2.4 The dimension of a finite-dimensional vector space V is
the number of vectors in a basis for V. This will be denoted by dim()).

Example: Dimension of some familiar spaces

We can now say that dim(R?) = 3, dim(R") = n, and dim(R[z],,) =
n+ 1. &

Corollary 8.2.4 IfV is a vector space of dimension n then any set of n+1
or more vectors in V' is dependent.

PROOF:

If we had a set of n + 1 vectors which was independent then
we would have an independent set with more vectors in it than
there are in a basis, which is a spanning set. This is impossible
by the theorem, so any set of n + 1 (or more) vectors must be
dependent. 1

Exercises 8.2:

1. Is B = ([1,0,0],[1,1,0],[1,2,3]) an ordered basis for R3? If so, what
are the B-coordinates of [4,5,6]?

2. Is B=([2,-1,3],[0,1,4],[2,0,0]) an ordered basis for R3? If so, what
are the B-coordinates of [4, 5, 6]?
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Is B=([2,-1,3],[0,1,—4],[2,0,—1],[1,1,1]) an ordered basis for R3?
If so, what are the B-coordinates of [4,5,6]?

. Is B =([1,1,3],[0,1,4]) an ordered basis for R3? If so, what are the

B-coordinates of [4, 5, 6]7

Is {1,z + 1,22 + 22 4+ 1,2% + 322 + 3z + 1} a basis for R[x]3?
Is {z — 1,z + 1,2% + 22 + 1,32? + 3x + 1,23} a basis for R[x]3?
Is {z,2% — 3x,52% + 322 4+ 1} a basis for R[x]3?

Is {x,2? + x + 1,2 + 1} a basis for R[z],?

Is {[1+14,0],[7,i]} a basis for C??

Is {[1,0,1,0,1],[1,1,1,0,0],[0,1,1,1,0],[1,1,0,1,1],]1,1,1,1,1]} a ba-
sis for Z3?

Show that if V is a vector space over C of dimension n then it is a
vector space over R of dimension 2n.

Suppose that {51, o ,En} is a basis for Q™. Is it also a basis for R"?

Bases for function spaces can be quite difficult to find. For example,
consider RY, the space of sequences of real numbers. We might try to
get a basis by taking {f;} where

oy ={ 8 K2

ifi=n

Show that this family of sequences is independent but that it does not
span the space of all sequences.

Show that if {51, o ,l;n} is a basis then
V = Span({b1,.. ., b}) & Span({brs1, - -, ba})
(Recall that V = W @ U if and only if V = W +U, and WNU = {0}.)

Conversely, show that if V =W & U and {51, e l;n} and {c,...,Cn}
are bases for W and U, respectively, then {b,...,b,,G1,...,Cn} is a
basis for V.
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8.3 Finding Bases

There are essentially two different approaches to constructing a basis: start
small with an independent set and build up until you get a spanning set, or
start big with a spanning set and then reduce the size until you get indepen-
dence. Both approaches work. An important tool appeared as Exercise 4 of
Section 5.1. We repeat it here for easy reference.

Proposition 8.3.1 Let A = {dy,...,d,} be an independent set of vectors
in'V and let b be a vector not in Span(A). Then AU{b} = {dy,...,d,,b} is
independent.

This is our main tool for building up a basis by finding ever larger inde-
pendent sets. As an example suppose we want to extend the set {[2,1]} to
a basis for R2. Since [2,1] is not the zero vector, this is an independent set.
To enlarge it without losing independence we need to find another vector not
in Span({[2, 1]}), that is, not of the form [2¢,c|]. We choose [1, —1]. The set
{[2,1],[1,—1]} will be independent. Since it has two elements and R? has
dimension 2, it should be a basis. Does it span R??

Suppose that b= [b1,by] is any vector in R%. Can we find ¢; and ¢y such
that ¢1[2,1] 4 co[1, —1] = [b1, b2]? This amounts to finding a solution to the
system of equations

201 +c = bl

Cl —C = bg.

It is a routine matter to see that ¢; = %(bl + bs) and ¢y = %(b —1—2by) is
the unique solution. Thus B is a basis.

This was almost too simple: R? isn’t quite big enough; suppose we try
R3. Again we begin with a single vector, say [1,1, —1]. We now want to find
a vector not in Span({[1,1,—1]}). The vector [1,0,1] will do since it is not
a multiple of [1, 1, —1]. Thus the set A = {[1, 1, —1],[1,0, 1]} is independent,
but it has only two vectors and we know that the dimension of R? is three. We
must find a vector not in Span(A). The general form for a vector in Span(A)
is [c1 + ¢2, ¢1, —¢1 + ¢2]. One way to find a vector which is not of this form is
to notice that the difference of the first and third components is 2¢;, twice
the second component. The vector [2, —1,2] does not have this property so
it is not in Span(A) and AU {[2, —1,2]} is independent. It remains to verify
that {[1,—1,1],[1,0,1],[2, —1,2]} spans R3. Since we have an independent
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set of three vectors and we know that the dimension of the space is three, it
seems like this step shouldn’t be necessary. The next proposition shows that
it isn’t.

Proposition 8.3.2 IfV is of dimensionn and A = {d,,...,d,} is a linearly
independent set of n vectors, then A is a basis.

PROOF:

We need to show that A spans V. Suppose that it doesn’t.
Then there is a vector ¢ in V which is not in Span(A). This tells
us that AU {¢} is a linearly independent set with n+1 elements.
Since V has dimension n it has a basis, and hence a spanning set,
with n elements. But any linearly independent set has no more
elements than any spanning set, so n +1 < n in our case. This
is false, so our assumption that A didn’t span V must have been
wrong. 1

Using this proposition we can formalize the procedure we used in the two
examples to describe how to extend any linearly independent set to a basis.

Theorem 8.3.3 If A is a linearly independent set of vectors in a finite di-
mensional vector space V, then there is a basis B with A C B.

PROOF:

If A is not a basis then there is a vector in ¥V which is not in
Span(A). Adjoining it to A gives us a linearly independent set.
We can continue this process until our linearly independent set
has dim()V) vectors. We then have a basis. |

Another approach to building a basis is to start with a spanning set and
then remove vectors until we get a basis. As an example of this process
consider the set

C={[1,2,3],[1,0,1],[2,2,4],[0,1,1],[0,2, 3]}

in R?. To see that this is a spanning set for R? notice that [1,0,0] = [1,2, 3] —
0,2,3],]0,1,0] = 3[0,1,1]—10,2, 3], and [0,0, 1] = [0, 2, 3] —2[0, 1, 1]. The set
C, however, has five vectors in it and the dimension of the space is three. We
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need to remove two vectors. By Proposition 8.1.3, a set is dependent if and
only if some vector can be written as a linear combination of the previous
vectors. We check in succession: [1,0,1] is not a multiple of [1,2, 3] so we
don’t need to remove it;

2,2,4] =[1,2,3] + [1,0, 1]
so we can remove [2,2, 4] and not lose the spanning property. Next we see if
[0,1,1] is a linear combination of [1,2,3] and [1,0, 1]. It is since
1
0,1,1] = 5([1,2,3] —[1,0,1]).
This leaves us with the spanning set
{[1,2,3],[1,0,1], 10,2, 3]}
If we then look to see if the system
x[1,2,3] +y[1,0,1] + z[0,2,3] = [0,0,0]
has any nontrivial solutions. The system becomes
r+y = 0
20 +2z = 0
dr+y+3z = 0.

From the first two equations we conclude that x = —y = —z. Putting this
into the third we see that all three variables must be 0. Again it seems like
we shouldn’t have had to go to the trouble to show that we had a linearly
independent set, since we had a spanning set with dim()) vectors.

Proposition 8.3.4 If V has dimension n and A is a spanning set with n
vectors, then A is a basis.

PROOF:

We need to show that A is linearly independent. Suppose not,
then there is an element @ of A which can be removed leaving
a spanning set with n — 1 elements. Now a basis is a linearly
independent set with n elements, and any spanning set has no
fewer elements than any linearly independent set. This tells us
that n — 1 > n, which is false, so A must have been linearly
independent. |
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This tells us what we need to do to cut a spanning set down to a ba-
sis: remove elements which can be written as linear combinations of earlier
elements until we have dim(V) elements, at which point we are done.

Theorem 8.3.5 Any finite spanning set S in a finite dimensional vector
space V contains a basis.

PROOF:

Suppose our spanning set S has m elements. Then m >
dim(V) since any spanning set has at least as many elements
as any linearly independent set. If m = dim()) then we are done
by the previous proposition. If m > dim()) then S must be
dependent, so one of its elements is a linear combination of the
others and can be removed to give a spanning set with m — 1
members. Continuing in this fashion we will eventually obtain a
spanning set contained in S which has dim()) members. That
subset must be a basis. 1

A word of caution: these propositions require the hypothesis that dim(V) =
n. To show that dim(V) = n we need to exhibit a basis with n vectors.

Combining these theorems with some observations about row reduction
will give us a prescription for how to find bases for vector spaces of the form
R™: to cut a finite spanning set S of vectors down to a linearly independent
set of vectors, first make a matrix using the set .S as columns. Then reduce the
matrix to row reduced echelon form. This does not change the independence
of sets of columns, so the vectors in S which were put into columns which
contain the leading 1’s in each row will form a linearly independent set. Since
the S spans R", there will be no rows of 0’s in the row reduced echelon form,
thus there will be n rows with leading 1’s. Thus the independent set formed
by the subset of S consisting of vectors in the columns of the leading 1’s will
form a basis.

Example: Using row reduction to reduce a spanning set to a basis
We attempt to find a basis in the set

{[1,2,3],[1,1,4],[2,3,7],[-1,1,0],[0,1,2]} C R®.
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First form a matrix using these vectors as columns:

11
2 1
3 4

~N W N
O =
N = O

then row reduce to get

10
0
0

O =

10
10
01

NN I= O

The leading 1’s are in columns 1,2,and 4 of the row reduced ech-
elon form, so vectors 1,2,and 4 form the basis. Thus the basis is

{[1,2,3],[1,1,4],[-1,1,0]}. &

If you start with a linearly independent set L you can extend to a basis
by using L for the starting columns and adding in a known basis for the last
n columns. Then cut down to a basis. Since this approach always builds the
linearly independent starting from the left, the basis will include the linearly
independent set we started with.

Example: Extend {[1,2,4,7],[1,—2,1,—3]} to a basis for R".

We form the matrix

1 1 1000

2 =2 0100

4 1 0010

7T -3 00 0 1

then row reduce to get

1000 % 1—194
RO Al
0010 o1,
0001 5 -1

so the basis is in the first four columns of the original matrix.
Thus the basis is {[1,2,4,7],[1, 2,1, -3],[1,0,0,0], [0, 1,0,0]}.$
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We can use these theorems to give a prescription for finding the basis for
the sum of two subspaces: to find a basis for & + W take the union of a
basis for U and a basis for YW and cut it down to a linearly independent set.
Finding a basis for the intersection of two subspaces is more difficult, though
the next theorem tells us how many basis vectors we need.

Theorem 8.3.6 IfU and VW are subspaces of a finite dimensional space V
then
dim(U + W) = dim(U) + dim(W) — dim(U N WV).

PROOF:

Start by finding a basis {51, . gdim(uﬂw)} for U N W. Next
add vectors €1, . . ., Caimu)—dimunw) to get a basis for 4. Similarly
we can add vectors d:, . ,J:ﬁm(w),dim(uﬂw) to get a basis for W.
Notice that the set

-

B ={b1,- -, baim@ewys Cis - - - Ctimu)—dim@urw)s A1 - - - Aim(W)—dim@ow) }

has dim(U) + dim(W) — dim(U N W) members. We need only
show that it is a basis for U + W.
It is clear that B spans U + W: given 4 + W we can write
i as a linear combination of the b's and &s and 1 as a linear
combination of the b's and d’s. Adding these linear combinations
gives U + W as a linear combination of elements of B.
Independence of B is also clear: since

{b1, .., baim@wy), €1, - - -, Caim(u) —dim@rw) }

is independent,
{dy; . . dgimw—dim@rw) }

is independent, and none of the d’s are in U. 1

Example: Finding a basis for the sum of two subspaces

Let V = R[z]4, let U be the subspace of polynomials whose
value at 3 is 0, and let W be the subspace of polynomials whose
coefficients for even powers of x are all 0. The set {z* — 81, 2% —
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27, 2% — 9,x — 3} is a basis for U and {23 x} is a basis for W.
We obtain a spanning set for & + W by taking the union of these
bases. However, the set {z? —81,2% — 27,22 — 9,2 — 3, 2%, 2} is
dependent (x = 1(z — 3) + §(2® — 27) — 52%), so we do not yet
have a basis. If we remove x we do get an independent set. So
dim(U + W) = 5.

Now from the bases we have found we can see that dim(U) = 4
and dim(W) = 2, so the theorem tells us that

dimUNW) = dimU) + dim(W) — dimU + W)
= 4+2-5
=1

Thus to find a basis for &/ N W we need only find one non-zero
element. The polynomial 2® — 9z will do. &

One more observation is useful. For finite dimensional vector spaces over
a field the dimension really tells the whole story. The following theorem
shows why.

Theorem 8.3.7 IfV and W are vector spaces of dimension n over a field F
then V and VW are isomorphic; that is, there is a linear transformation from
V to W which has a linear inverse.

PROOF:

Pick ordered bases for both spaces. Define a linear transfor-
mation by taking the i basis vector in V to the i*" basis vector in
W. Since any vector in V is a linear combination of basis vectors
this defines the linear transformation uniquely. The inverse is the
linear transformation which takes the i** basis vector of W to the
i" basis vector of V. |

In our discussion of bases we have limited ourselves to finite dimensional
vector spaces for the most part. Indeed, there is an interesting question left
hanging: does every vector space have a basis? The answer is yes, provided
your foundations of mathematics allow use of the axiom of choice. (See
Thomas J. Jech, The Aziom of Choice, North Holland, 1973, p. 12) This
is the first place in most student’s careers that the axiom of choice actually
matters. The proof is developed in problem 22 below.
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Exercises 8.3:

1. Extend {[3,—1]} to a basis for R?.

2. Extend {[1,2,—1]} to a basis for R3.

3. Extend {x — 1} to a basis for R|z],.

4. Extend {z — 1,2? 4+ 1} to a basis for R[z]3.

5. Extend {[1,1,—1,1],[2,—1,0,1]} to a basis for R?.

6. Cut the spanning set {[1,2,3],[4,5,6],[7,8,9],[10,11,12]} down to a
basis for R3.

7. Cut the spanning set {[1, -2, 3], [—4, 5, 6], [7,8,—9], [10, —11,12]} down
to a basis for R3.

8. Cut the spanning set
{[17 07 4’ 0]7 [_27 17 _87 0]7 [_57 37 _207 0]7 [_47 O» 17 2]’ [_107 17 _67 4]7 [_27 07 07 1]}
down to a basis for R*.

9. Cut the spanning set {1,z + 1,2z + 3, 2% + 1, 2% + 2%, 23 + 2} down to
a basis for R[z]s.

10. Cut the spanning set {z® + 22 + = + 1,2 + 22° + z, 2 — 1, 2% + = +
L, z® + 2+ 1,22% + 22 — 2} down to a basis for R[x]s.

11. Give bases for U + W and U N W: V = R3,
U= Span({[L 17 1]7 [Oa 17 2]})’
W = Span({[1,2,3],[1,0,1]})

12. Give bases for Y + W and U N W: V = R®,
U = Span({[1,1,1,1,1],[0,1,2,0,1],[1,2,3, 1,2]}).

2
2 3
1 1
W = the row space of 11
0 1

O O o
— = N Ot
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13. Give bases for U/ + W and U N W: V = R®,
U = Span({[1,1,1,1,1],[0,1,2,0,1],[1,2,3,1,2]}),
W = the solution space of

12345 1 0
1111 2 T2 0
01101 T | =10
10101 T4 0

Ty 0

14. Prove that a basis is a minimal spanning set.
15. Prove that a basis is a maximal linearly independent set.

16. Prove: if W <V and V is finite dimensional then dim(W) < dim(V).
If equality holds then W = V.

17. Give examples to show that if W, and W, are both subspaces of a
vector space V of dimension n with dim(W;) = dim(W,) then W need
not equal W;.

18. Show that the row space of M is the same as the row space of the
row-reduced echelon form of M.

19. Show that the non-zero rows of the row-reduced echelon form of M
form a basis for the row space.

20. Use the previous two problems to find bases for the row spaces of the
following matrices:

1 2 3
a) | 4 5 6
(789
[ 3 1 4
b) | -1 1 1
4 4 10
(1 4 3
21 1
© 1711
14 5
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N = O

(d)

DD W N =
W = =

2

21. Use row reduction to find a basis for the space spanned by the set

S ={[2,4,6,1],[3,1,1,0],[1,0,1,1],[0, -1, =6, —2], [1, -1, 3, 4]}

22. (Project Problem) A proof that every vector space has a basis: Zorn’s
Lemma states that if S is a nonempty family of sets in which every
chain S; C S5 C ... has an upper bound in S, then S has a maximal
element. Zorn’s Lemma is equivalent to the axiom of choice. Let S be
the set of linearly independent subsets of V.

(a) Show that S is always nonempty, no matter what V is.
(b) Show that any ascending chain S; C Sy C ... has an upper bound.
(c¢) Apply Zorn’s lemma. Why does this give you a basis for V7
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Chapter 9

Matrices for Linear
Transformations

In Chapter 8 we saw that the use of a basis made it possible to represent
all vectors in a vector space using only a few vectors. If we can show that a
linear transformation is completely determined by its value on basis vectors
we will have reduced considerably the amount of work needed to specify a
linear transformation. We can record the information in a matrix. This
chapter will show how to find the matrix for a linear transformation with
respect to choices of ordered basis for the domain and codomain. We will see
that operations on linear transformations carry over exactly to operations on
matrices

9.1 Using Bases to Get Matrices

When you learned how to differentiate polynomials your first step was to
learn that the derivative of 2™ is nz™ !. Then you used the linearity of
the differentiation operator and this fact to find the derivative of finite linear
combinations of ™’s. Now, {z"|n € Z} is a basis for the space of polynomials,
so what you did was find out how the differentiation operator behaved on a
basis and then use linearity to extend the operator to the whole space.

The example of differentiation uses an infinite dimensional vector space.
For finite dimensional vector spaces this same property of linear transforma-
tions will allow us to represent linear transformations very concretely using
matrices.

197
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Theorem 9.1.1 If L:V — W is a linear transformation and if {b;i € I}
is a basis for V, and if L(b;) is known for each b;, then L(¥) can be calculated
for any v € V.

This is often stated as “a linear transformation is completely determined
by its action on a basis.”
PROOF:

We need to find the value L(¥). To do so we use the fact that
{bi]i € I} is a basis for V to write ¥ as a linear combination of

basis elements:
n
i=1

Since L is linear

n

=1

Now L preserves scalar multiplication so
L(0) =Y L(vbi) = > v;L(b;).
i=1 i=1

Since we know the values of L(b;) this gives us the value of L(7).

Example: A linear transformation on R?

Suppose L : R?* — R? is linear and L[1,0] = [2,—1] and
L[0,1] = [3,6]. To find L[z, y] we note that [z, y] = z[1,0]+y[0, 1]
SO

Llz,y] = «L[1,0]+ yL[0,1]

= 513'[2, _1] + y[376]
= [2x + 3y, —x + 6y.



9.1. USING BASES TO GET MATRICES 199

In the particular case where both V and W are finite dimensional we
can use this theorem to obtain a particularly convenient representation for
L. Start by choosing an ordered basis B = (by,...,b,) for V (which thus
has dimension n) and an ordered basis C' = (¢, ..., Gy) for W (which thus
has dimension m). We know that L is completely determined by the values

—

L(b;),i =1...n. Let us express these values in terms of the basis for W.

L(gl) - lllgl + lglgg + ...+ lmlgm
L(by) = 11981 + Lo + - .. + Lo

This gives us a matrix L = [[;;]] which has as its 5 column the C-coordinates
of the image of the j' basis vector. The knowledge of which ordered bases
we are using and the matrix L should allow us to calculate L(¢) for any .

Definition 9.1.1 The matriz L for the linear transformation L 'V — W
with respect to ordered bases B = (by,...,b,) for V and C = (&, ...,éy,) for

W has as its j"* column the C-coordinates of the image of the j'* basis vector
in B.

Example: A matrix using the standard bases

Suppose the linear map L takes [z, y, 2| to [2z,y + 2], then us-
ing the ordered bases ([1,0, 0], [0, 1, 0], [0, 0, 1]) for R and ([1, 0], [0, 1])
for R? (the standard bases), we need to find

L([1,0,0]) = [2,0] = 2[1,0] + 0[0, 1]
L([0,1,0]) = [0,1] = O[L,0] + 1[0, 1]
L([0,0,1]) = [0,1] = 0[L,0] + 1[0, 1]

2 00
01 1]
Notice that the number of rows is the same as the dimension of

the codomain R? and the number of columns is the same as the
dimension of the domain R?. Once we have the matrix for L we

Thus the matrix L is
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should be able to use it to find the value of L at any vector in the
domain. Suppose we want to find L([2,3,4]). The theorem says
that we should write [2,3,4] in terms of the ordered basis for R3:
[2,3,4] = 2[1,0,0] 4+ 3[0, 1,0] + 4[0, 0, 1]. We then take the values
of L on the basis vectors to get

L(12,3,4)) = 2L([1,0,0]) + 3L([0, 1,0]) + 4L([0, 0, 1])
= 2[2,0] + 3[0,1] + 4]0, 1]
= [4,7].

&

It is tedious to have to think this through each time so we define an
operation, multiplication of an m by n matrix and an n by 1 column vector.

Definition 9.1.2 The " entry of MZ' (the ! indicates transpose: use a
column instead of a row) is defined to be

n
Mft: E mg;;.
J=1

Using this definition we observe that

3 09]]e |- (4]

If we want L([1, —3,2]) we calculate

BHIRINE

In the general case the matrix L for L: )V — W with respect to ordered

bases B = (by,...,b,) for V and C = (&,...,&y) for W is the m X n matrix
whose j column is the C-coordinate representation of L(b;), that is, the

-

entry [;; given by the coefficient of ¢; in the representation of L(b;) in terms

of the basis C' for W. Thus

L(l_);) - lljgl + ...+ lmjgm
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To find the C-coordinate representation of L(@) we represent @ in terms of
the basis B and calculate

Sl
I

n
E a;b;
i=1
n

L@ = L aib)

=1

i=1

=1
n m

= () )
i=1 j=1

m n
= E ailij Cj
j=1 i=1

The last step reverses the order of summation, noting that in adding a rect-
angular array of numbers one can either add across rows and then down or
add down columns and then across. The result is precisely what we get if we
calculate L[ay,...,a,]" using the rule for multiplication of a matrix times a
column vector. This is summarized in the following corollary.

Corollary 9.1.2 If L : V — W has matriz L with respect to the ordered
bases B = (b;)iz1..n and C = (Ci)i=1..m, then the C-coordinates of L(> ;| a;b;)

may be calculated by taking Llay, . .. a,]".

Example: A matrix for differentiation

Let d : R[z|3 — R]x]s be the differentiation operator for poly-
nomials of degree at most 3. The natural ordered basis for R[x];
is (z3,2% z,1) and for R[x], we choose (22, z,1). The matrix for
d will be a 3 x 4 matrix whose 7, j entry is the coefficient of the
it" basis vector in the image of the j** basis vector. As in the
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previous example we calculate

d(z*) = 32> +0z+0
d(z*) = 02*+2z+0
d(z) = 02°+0x+1
d(1) 022 + 0z + 0
so that the matrix is
3000
0200
0010

To use this to calculate the derivative of 3% + 222 — 2 + 1 we
note that this polynomial is represented by the column vector
3,2, —1,1]* when we use the ordered basis (23, 2%, x,1) and then

calculate
30 00 3 9
0200/ =] 4
0010 -1
1
to get d(32% + 222 — x4+ 1) = 92% + 4z — 1. O

We adopted the artificial way of writing the sums in calculating the image
of basis vectors so that the matrix representation would use multiplication on
the left. This makes L(@) represented by Llay,...,a,]’, a parallel notation.
Since it is more common, we write our matrices on the left. Some texts
use multiplication on the right in their representations. This transposes
everything and makes matrix multiplications go in the same direction that
we usually write our diagrams, thus it eliminates some of the artificiality.
Analysts tend to use multiplication on the left (following the convention used
for function composition in calculus); some algebraists (particularly those
who work a lot with permutation groups) write the matrix on the right, so
that matrix multiplication will follow their diagrams. Students should be
careful when looking at other texts to be sure they know which convention
is being used.

Example: Leslie matrices
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USING BASES TO GET MATRICES

Linear transformations are frequently used to model the growth
of populations whose population dynamics vary with age. The
population to be modeled is broken into age groups so that in
one time period of the model each individual advances from one
age group to the next. The population is then represented as
a vector [pi(t),pa(t),...,pn(t)] listing the population from the
youngest age group to the oldest. The change in the population
comes about through mortality and births. In each period some
of the individuals do not survive to the next census, the propor-
tion who do survive from age group 7 to age group i + 1 is given
as a survival rate s;. Thus p;1(t + 1) = s;p(t) for i > 1.

To get p1(t+1) we need to consider births. Since the birthrate
also depends on age, we also get a rate b; giving the number of
live births per individual in the time period of an age class for
individuals in age class . Then

pt+1) = Zbipi(t).

Since birth rates are appropriate only for females, models of
this kind for human population usually model the female popula-
tion. The dynamics of the population are then given by a linear
transformation which has a matrix of the form

by by ... b,q b,
s 0 ... 0 0
0 So ... 0 0

_0 0 . Sp—1 0_

with respect to the standard basis. As an example let us look at
an age structured model of the female population of the U.S.

The U.S. Bureau of the Census provides massive amounts of
data about the U.S. population in the Statistical Abstract of the
United States, published every five years. Much of its data groups
the population in five year age spreads. The data for females in
1992 for births and deaths comes from the 1995 edition; the other
columns are calculated:
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Age deaths 5 year | births | female birth 1994
per survival | per rate for female
100,000 rate 1000 D years population

04 889.0 95555 0 0 9633

0-1 850

1-4 39.0
5-9 17.5 999125 0 0 9201
10-14 17.5 999125 | 1.4 .0035 9150
15-19 47.2 99764 | 60.7 15175 8580
2024 47.2 99764 | 114.6 .2865 9015
25-29 106.1 994695 | 1174 2935 9558
30-34 106.1 994695 | 80.2 .2005 11119
35-39 106.1 994695 | 32.5 .08125 11040
40-44 106.1 994695 | 5.9 01475 9970
45-49 558.8 97206 0.3 00075 8498
From Tables | 120 and 127 89 16

The survival rate was obtained by taking

100000 — 5(deaths per 100000)

100000

and the female birth rate for 5 years used .0025(births per 1000)
to give female births per individual for a 5 year period. This
makes the somewhat inaccurate assumption that half the births
were female (the actual figures for 1992 were 16.9 male babies to

15.2 females).

This gives the following Leslie matrix L for the dynamics of
the U.S. female population:

0 0 .0035 .15175 .2865
95555 0 0 0 0
0 .999125 0 0 0
0 0 .999125 0 0
0 0 0 99764 0
0 0 0 0 .99764
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

2935
0
0

0

0
.994695

0

0

0

2005 .08125
0 0
0 0
0 0
0 0
0 0
0 0
994695 0
0 .994695
0 0

01475 .00075 |

0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
994695 0
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To predlct the population in 1999 using these dynamics we
form LP where P is the column vector giving the 1994 popula-
tion. This gives
[ 10002 ]

9205
9193
9142
8560
8994
9507
11060
10981
| 9917 ]

Exercises 9.1:

For problems 1-10 you are given a linear transformation, bases for the domain
and codomain, and a vector ¥ ; give the matrix for each with respect to the
given bases and then use it to find the value of the linear transformation at

—

:
1. f:R? — R? with f[z,y] = [z +v, z — y] where the basis for the domain
is ([1,0],[0,1]) and for the codomain ([1,0],[0,1]) and ¢ = [4,7].

2. f:R?* — R? where f[z,y] = [z +y,z— y] basis for domain: ([1,0], [1,1])
basis for codomain: ([1,0],[0,1]) and ¥ = [4,7].

3. f:R?* = R? where f[z,y] = [z +y, z—y] basis for domain: ([1,0], [1,1])
basis for codomain: ([1,0],[1,1]) and v = [4,7].

4. L:R* — R3 where L[z, y,z,w] = [z,y, z + 3w]
basis for domain: ([1,0,0,0],[0,1,0,0],[0,0,1,0],[0,0,0,1])
basis for codomain: ([1,0,0],[0,1,0],[0,0,1]) an 17: 2,1, —3,4]
5. L:R* — R3 where Llx,y,2z,w] = [z ,y,z+3w]
basis for domain: ([1,0,0,0],[1,1,0,0],[1,2,3,0],[0,0,0,1})
basis for codomain: ([1,0,0],[1,1,0],[0, 1, ]) and U= [2,1, -3, 4]
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6. L:R* — R3 where L[z, y, z,w] = [z,y, 2z + 3w]
basis for domain: ([1,1,1,0],[1,1,0,1],[1,0,1,1],[0,1,1,1])
basis for codomain: ([1,1,0],[1,0,1],[0,1,1]) and ¥ = [2,1, —3, 4]

7. L:R® — R* where L[z, y,2] = [r+ 22,y — 2,2 +y+ 2,0 —y — 2]
basis for domain: ([1,0,0], [0, 1,0], [0, 0, 1])
basis for codomain: ([1,0,0,0],[0,1,0,0],[0,0,1,0],[0,0,0,1]) and ¢ =
1,2,3]

8. L:R3 — R* where L[:v y,zl =[x +2z,y—z,x+y+z,0—y— 2]
basis for domain: ([1,1,1],[1,1,0],[1,0,1])
basis for codomain: ([1,0,0,0],[0,1,0,0],[0,1,1,0],[0,0,0,2]) and ¥ =

1,2,3]

9. L:R3 — R* where L[z,y,2] =[x+ 22,y —z,2+y+ 2,0 —y — 2]
basis for domain: ([1,2,1],[1,1,2],[1,2,1])
basis for codomain: ([1,0, —1, ], [0,1,0,-1],[0,-1,1,0],[-1,0,0,2]) and
v =[1,2,3]
10. s : Rlz]3 — R[z]3 with s(p(z)) = p(x+3) basis for domain: (2*, 2% z,1)
basis for codomain: (23, 2% x,1) and ¥ = 2® + 32% — 22 + 1

For problems 11-13, suppose that T is a linear transformation:
11. T : R — R? TI[1,0,0] = [3,2], T[0,1,0] = [1,4], T[0,0,1] = [0,0].
What is T[1,2,3]?
12. T:R7R3 T[1] = [6,—1,4]. What is T[s]?
13. T:R*— R?, T([1,1,1,1]) = [1,2], T[0,1,1,1] = [2,2], T[0,0,1,1] =
[3,6], T0,0,0,1] = [0, —3]; what is T'[1,2,3,4]?

14. The maps L : R? — R? taking [z,y] to [3z,z — 2y] and S : R? — R3
taking [z,y] to [z, + v, 2x + 2y] are linear.

(a) Write down the matrices for L and S with respect to the ordered
bases ([1,0],[0,1]) for R? and ([1,0,0], [0,1,0], [0,0,1]) for R3.

(b) SL:R?* — R? is a map found by first doing L and then doing S.
Check that it is linear.

(c) Write down the matrix for SL. Can you see how it is related to
the matrices for S and L7
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15. (Project Problem) Using the data in the example on Leslie matrices

(a) What is the predicted age structured population of in 20047

(b) What is happening to the total population of women in this model
over the years 1994-20147

(c¢) The bulge in the population in age groups 30-39 in 1994 is the the
remnant of the post war baby boom. How does the distribution of
ages change as this bulge works its way through the population?

(d) How could you improve the accuracy of the predictions made by
this model of the U.S. population ?

9.2 Operations on Matrices and Linear Trans-
formations

In the last section we saw how choices of ordered bases for the domain and
codomain of a linear transformation allowed us to represent it by a matrix.
That representation depended on knowing that the action of a linear trans-
formation on a basis is all that we need to know to calculate its action on
any vector. We found that we could make the description more concrete by
defining the multiplication of a matrix times a column vector, an operation
which then became the prototype for linear transformations. In this section
and the next we will look at other operations involving linear transformations
and operations on matrices. Again the choice of ordered bases will give us the
means to relate linear transformations and matrices. This makes it possible
to prove theorems about matrices easily by proving theorems about linear
transformations and makes it possible to manipulate linear transformations
concretely in terms of matrices.

The first thing that we need to do is notice that we can add linear trans-
formations and multiply by scalars and get new linear transformations.

Theorem 9.2.1 For any vector spaces V and W, the set of all linear trans-
formations from V to W, written Hom(V, W), is a vector space.

PROOF:

First we note that the set of all functions from V to W is a vec-
tor space with (F + G)(v) = F(v)+ G(v) and (kF) (V) = k(F (7))
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giving the operations and all of the axioms for a vector space fol-
lowing directly from the axioms for WW. We will show that the set
of linear transformations forms a subspace of the space of all func-
tions from V to W. To do so we need only show that Hom(V, W)
is not empty and that it is closed under the operations addition
and multiplication by a scalar (that is, that the sum of two linear
transformations is a linear transformation and that a constant
times a linear transformation is a linear transformation). That
Hom(V, W) is nonempty is easy: the constant map with value 0
is linear, so it is in Hom(V, W). To see that the sum of linear
maps is again linear let £ : V — W and G : V — W be linear.
Then

(F+ G)(Uh +1y) = F(Uh+ 7))+ G0 + )
= F(171) + F(772) + G(Ul) + G(?72)

by the linearity of F' and G. But this in turn equals F(v}) +
G(U1) + F(vh) + G(v3) by commutativity. Thus

(F 4+ G) (U1 + 1) = (F + G)(0h) + (F + G)(0y).
Similarly
(F + G)(kv) = F(kv) + G(kU) = kF (V) + kG(0) = k(F + G)(7).

A similar pair of calculations shows that if r is a scalar and F' :
VY — W is linear then so is rF :

(rF)(U1402) = r(F(v1492)) = r(F(U1)+F(v2)) = rF(v1)+rF(v2)
and
(rF)(kv) =r(F(kv)) =r(kF (V) = (rk)F(r) = k(rF)(7).
|

In the last section we saw how to establish a correspondence between
matrices and linear transformations by making use of ordered bases. We
now want to show that this correspondence respects the vector space oper-
ations. Recall that matrices form a vector space using addition and scalar
multiplication componentwise.
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Theorem 9.2.2 If FF:V — W and G : V — W are linear transformations
and (by...b,) and (Z,...Z,) are ordered bases for V and W, respectively,
then the matriz corresponding to F' + G with respect to the given bases is the
sum of the matriz corresponding to F' and the matrixz corresponding to G.

PROOF:

We get the j* column of the matrix A corresponding to F+ G
by writing

Now
Zf”cz and G’ Z:gzjcZ

tell us how to get the " column of the matrices corresponding
to I and G. Adding gives

(F+G)b;) = D fqG+ > 956
i=1 =1

= Z(fzg + 9i5)Ci

=1

Now a vector can be written only one way in terms of a given
basis so the fact that

Zaij 7 Z fzy +g’L]

tells us that a;; = fi; + ¢;; . Thus the matrix for a sum is the
sum of the matrices. |

Theorem 9.2.3 If F : V — W is linear and (by...b,) and (¢, ...Z,) are
ordered bases for V and W then the matrixz for rF with respect to the given
bases is r times the matriz for F with respect to the given bases.

PROOF:
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Again recall that the i** column of the matrix A corresponding
to rF' is obtained by writing

TF(Z_);) = Z (IUE;'.
i=1

But
(rF)(b:) = r(F(b)
= Y [y
i=1
= D> rfud.
i=1
Thus Q5 = rfij- |

Linear transformations have another way that they can be combined:
composition. For example if f : R? — R? takes [x,y] to [x,z + y,y] and
s :R3 — R takes [z,v, 2] to z +y — 22 then

(so A)lz,y]) = s(fl,yl)
= slz,z+y,y)
= [z+2+y—2y
= 2r—y

defines a linear transformation from R? to R. The general case is given in
the next proposition:

Proposition 9.2.4 Iff:V — W and g : W — U are linear transformations
then sois gof :V —U.

PROOF:

We need to show that

(90 /)W +02) = (g0 f) (@) + (g o f)(72)

and that
(g 0 f)(kv) = k(g o f)(?).
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Both are easy:

(gof)(th + 1) = g(f(vh + v))
= g(f(th) + f(v2))
= g(f(th)) + g(f (%))
= (gof)(@h)+ (gof)) ()
and
(go f)(kD) = g(f(kv))
= g(kf(?))
= kg(f(?))
= k(gof)(®).

To find the matrix analogue to composition for linear transformations we
need to recall some of the details of how we got the matrix for a linear trans-
formation. Suppose f : V — W and g : W — U are linear transformations
and (by...by), (8 ...Cyn) , and (d; . .. J;,) are ordered bases for V, W and U,
respectively. Then the matrix for f with respect to the bases (51 e l;n) and
(€1 ...En) has m rows and n columns with each column given by finding

F) =) Fy(@).
i=1
To find f(¥) we write ¢ as a column vector using its representation in terms of
the basis (b . .. b,) and then multiply on the left by the matrix F. This gives
a hint how to define the operation on matrices corresponding to composition:
simply multiply each column of the matrix corresponding to f by the matrix
corresponding to g, written on the left.

Definition 9.2.1 The product GF of an m xn matriz F and a pxm matrix
G is the p X n matriz with ij entry given by

Zgikfkj-
k=1
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In order for multiplication of two matrices to be defined the number of
columns of the first must equal the number of rows of the second.

G F = GF
pXm mxn pXn

The answer has the same number of rows as the first and the same number
of columns as the second.

Example:
1 2 -1 2 3
3 4 [_01?”: -3 4 7
5 6 -5 6 11
¢
Example:
[1 0 1} (1); _[4 2}
2 -1 3 3 1 11 3
¢
Example:

(IR
IR

Notice that these two results are not equal: matrix multiplication
is not commutative. &

We have carefully defined matrix multiplication so that the next theorem
will be true.
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Theorem 9.2.5 If f : V — W and g : W — U are linear transformations,
(by...by) an ordered basis for V, (¢i...¢,) an ordered basis for VW, and
(cfl .. cZ;) an ordered basis for L{ then the matrix for g o f with respect to
the bases (by...by) and (d, .. )
respect to the bases (Cy ...¢Cy) and (dy
to the bases (by ...by) and (2, ...¢,

is the product of the matrixz for g with
p) and the matriz for f with respect

1-
)
PROOF:

We need to calculate the value of (g o f )gj We know that

= Jfi€
i=1
by the - way the matrix F = (f;;) for f with respect to the bases

(by...by) and (G ...¢E,) is defined. To find (gof)(b ;) we calculate
(g Of)(gj) = 9(f(by)

n

= g(z fii)

= Z fz]g
= Z fij (Z gmﬁ;)
i=1 k=1

using linearity and the definition of the matrix for g. Continuing

we get
g Of(a) = Z (Z fl]gk‘ldk‘)
= Z (Z fijgki> Jk
k=1 \i=1
So

kj = Z fijgk:i = ngifij
=1 =1

is the kj entry in the product GF. 1
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After a bit of practice matrix multiplication is not too difficult an oper-
ation to remember and calculate. The definition, however, is very awkward
to work with for proving properties of matrix multiplication. For instance:

Proposition 9.2.6 For m x n matrices A and B, and p x m matriz C we
get
C(A +B) = CA + CB,

the distributive law for matrix multiplication over matriz addition.
PROOF:

We calculate both sides:

NE

(C(A+B)), = Cir(arj + bj)

=
Il
—

WE

(Cikar; + Cirbry)

=
Il
—

Ms

m
CikQlj + E Cikbrj
=

_ (cA+cB),

This isn’t too bad, provided you are very comfortable with the manipu-
lation of sums. Associativity, however, is horrendous:

Proposition 9.2.7 For matrices A of size m x n, B of size n X p, and C
of size p x q we get A(BC) = (AB)C.

PROOF:

We need to show
A(BC)ij = (AB)CU

that is, that

Z azk BC Z Qi Z bkhchj
k=1
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is equal to

p p n
Z (AB),,chn; = Z Zazkbkh Chy-
h=1

h=1 k=1

This is a matter of applying generalized distributivity in the reals
to get:

Y an(BC),; = Z Qi Z binChj
K1

k=1
= Z Z ik (bknchy)
k=1 h=1
then apply associativity:

n

p
E azkbkh Ch_]

=1 h=1

If we then reverse the order of summation we get

= > ((awbin)eny).

h=1 k=1

Again we apply generalized distributivity for the reals to get

D n
= Z(Z aikbkh)chja

h=1 k=1
as needed. |

This proof is correct, but rather ugly and unenlightening. A much more
elegant proof is based on the fact that the correspondence between linear
transformations and matrices works for composition too. Associativity of
composition is easy to prove:

Proposition 9.2.8 Composition of linear maps is associative: if f 1V —
W, g: W —Uand h : U — X are all linear then the linear transformations
ho(gof)and (hog)of are equal.
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PROOF:

Function composition is always associative. All we need to do
is check that both ways of composing always give the same result:

(ho(gof))(¥) = h(g(f
= (hoy

= ((hog)of)(v).

Corollary 9.2.9 Matriz multiplication is associative.

PROOF:

Matrix multiplication represents composition of linear trans-
formations. Since composition is associative, matrix multiplica-
tion must also be. |

These theorems contain the core of linear algebra: Operations on matrices
can be understood in terms of operations on the linear transformations they
represent, and operations on linear transformations can be made concrete
and calculated using matrices. Choice of bases for domain and codomain
determines an isomorphism of algebras between linear transformations and
matrices: sums and scalar multiples are preserved and reflected, so the vector
space of linear transformations is isomorphic to the vector space of matrices
and matrix multiplication captures the composition operation exactly as well.

Exercises 9.2:

1. Let F : R* — R3 take [z,y] to [z +y,y — x,3y] and G take [z,y] to
[—2y, 3z + v, 6z].
(a) write the matrices for F' and G with respect to the standard bases
(b) write expressions for (F + G)([z,y]) and 3G([x,y]).

(c) check that the matrix for the sum is the same as the sum of the
matrices for the two linear transformations and that the matrix
for the scalar product is the same as 3 times the matrix for G.
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2. Repeat exercise 1 using the linear transformations F : R> — R? and G
given by F([v,w, 2,9, 2)) = [r-+y+2,0—w+2a] and O((v,w, 2.y, 2]) =

2w + y, 3z].
3. If
123 2 - Y
A=(0114| B= and C =
167 3 1 2 1
0 4 5 3
find AB, AC, B+ C, A(B + C) and AB + AC.
4. T
13
12 3 1203
A_{l 4 1] B= i ; andc_{l 0 1 2}

find AB, BC, A(BC), and (AB)C.

5. Quadratic forms in the variables z and y can be written using a matrix

by taking
x
x,y| M
[z, y] [y}

See what you get using the matrices
2
4
-1
-1
1 =12
(@ M=1 1, ]

A syrrimetric matrix is one there a;; = aj; for all 7,j. Find a
symmetric matrix to represent the forms

(d) 22% — 4y + y?
(e) 22% + 3y? + 42% + 22y — byz + 1622

(a) M =

(b) M =

r 1T 1
SO = W

6. The n x n square matrix I,, with 1’s in the positions with both indices
the same and 0’s elsewhere is called an identity matrix. Prove that

for any n x m matrix A, IA = A and that for any m x n matrix B,
BI = B.
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Give examples to show that AB can be defined when BA is not and
that even if both are defined they need not be of the same shape.

Find a matrix A which is not composed entirely of zeros but which has
A? all zeros.

Prove that composition distributes over sums for linear transforma-
tions: that is, if f is a linear transformation from V to W and g and h
are linear transformations from I to V then fo(g+h) = (fog)+(foh).

Use the previous exercise to give a conceptual proof of the distributive
law for matrix multiplication over matrix addition.



Chapter 10

Inverses and Rank

10.1 Inverses of Linear Transformations and
Matrices

Since a linear transformation L : )V — W is a function, it makes sense to ask
when it has an inverse under composition and what properties that inverse
might have.

Definition 10.1.1 A linear transformation L : V — W is called invertable if
there is another linear transformation L= : W — V such that Lo L™ = idyy
and L™ o L = idy. In such a case L™! is called the inverse of L.

We know from our study of inverse functions in precalculus and calculus
that a function f has an inverse if and only if it is one-to-one (whenever
f(z) = f(2') we have x = 2’) and onto (the range of f is the same as the
codomain of f). Our next theorem shows that the existence of an inverse
as a function is sufficient to prove the existence of an inverse as a linear
transformation:

Theorem 10.1.1 If a linear transformation L : V — W has an inverse as
a function, then that inverse is a linear transformation.

PROOF:

We need to show that L=! preserves scalar product and sums.
Now L~!(rw) is the unique member of V which maps to ra under

219
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L. If we let ¢ = L™!(w), then

]

L(rt) = L(rL ' (w))
rL(L7!

w.

&

=

But this shows that L' (r@) must have been r L1 (7). A similar
argument works for sums and is left as an exercise. 1

As usual, we want to see how the matrix with respect to given ordered
bases for a linear transformation is related to the matrix with respect to the
same ordered bases for its inverse. Not surprisingly the matrix for the inverse
is the inverse (with respect to matrix multiplication) of the matrix for the
linear transformation. Once we have an algorithm for finding the inverse of
a matrix this will tell us how to find inverses for linear transformations. We
need a definition and a theorem relating these concepts:

Definition 10.1.2 The inverse of a square matriz M is a matrizc M~ such
that MM~ = MM = I, an identity matriz. If an inverse for M exists
we say M is invertable.

Theorem 10.1.2 If F : V — W has matriz F with respect to the ordered
bases (by,...,by) forV and (¢y,...,Cy) for W, then the matriz for F~1 with
respect to the same ordered bases is F~1.

PROOF:

First note that the matrix for the identity linear transforma-
tion idy with respect to the ordered basis (51, . gn) for both the
domain and the codomain is the identity matrix, and similarly for
idyy. Since F F7! =idy, we get F G = I where G is the matrix

for f=1. Since F~'F = idy we get GF = 1. Thus G = F~ 1. 1

A linear transformation L : YV — W will be onto if the image is all of W.
The image of a spanning set under L will span Im(L), so if {gz|z €l}isa
basis for V, then {L(b;)|i € I} spans Im(L).

A linear transformation is one-to-one if and only if Ker(L) = {0}. If L is
one-to-one it will preserve linear independence since if
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then
SO

Zakﬁk € Ker(L)
and thus

If the vectors v; were independent this tells us that all of the a, = 0.
Summarizing, we have shown

Proposition 10.1.3 Any invertable linear transformation L : YV — W takes
a basis for V to a basis for W. Thus if V is finite dimensional, so must W
be and the dimensions must be the same.

Corollary 10.1.4 In order for a matriz to have an inverse it must be square.

PROOF:

An invertable matrix represents an invertable linear transfor-
mation with respect to ordered bases. The number of rows in the
matrix is the same as to the dimension of the codomain of the
linear transformation and the number of columns agrees with the
dimension of the domain. In order for a linear transformation to
have an inverse these two dimensions must agree. |

Corollary 10.1.5 For an n X n matriz M to have an inverse it must have
column space of dimension n and the only solution to Mz® = 0 is 0.

PROOF:

Let M represent a linear transformation L with respect to
some choice of ordered bases. The first assertion corresponds
to the linear transformation being onto. The second says that
Ker(L) = {0}., so that L is one-to-one. |

Now then, how do we go about finding the inverse of a matrix? Since
linear transformations take spanning sets to spanning sets, the dimension of
the domain and codomain of a linear transformation must be equal in order
for it to be possible for there to be an inverse. Thus a matrix must be square
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before it makes sense to ask whether or not it has an inverse. Not all square
matrices have inverses. If M has a row consisting entirely of zeros, so will
MM’ for any matrix M’. This makes it easy to tell when a matrix in row
reduced echelon form has an inverse: a square matrix in row reduced echelon
form either has a row of zeros or it is an identity matrix; if it has a row of
zeros, then it has no inverse; if it is an identity matrix, then it has an inverse.

The next proposition tells us that the product of invertable matrices is
also invertable. This will let us find the inverse of a matrix as the product
of matrices known to have inverses.

Proposition 10.1.6 If A and B are invertable matrices then
(AB)'=B'A..
PROOF:

This is a simple calculation:

(AB)(B'A™') = ABB HA!
= AIA™
= AA7!
= L

And the calculation of (B™'A™!)(AB) is similar. The order of
the factors is reversed in the inverse because multiplication of
matrices is not commutative. 1

A straightforward induction argument will extend this result to any finite
number of factors. To find the inverse of the product of invertable matrices,
take the product of the inverses in reversed order.

Matrices for elementary row operations The row reduction process
we used in Chapter 7 made use of three kinds of operations on the rows of
a matrix: interchanging two rows, multiplying a row by a non-zero number,
and adding a multiple of one row to another. Each of these can be undone
by an operation of the same type. If you want to undo interchange of rows
5 and 23, all you need to do is interchange them again. If you want to
undo multiplication by a nonzero number, divide by it. If you want to undo
addition of 6 times row 2 to row 7, subtract 6 times row 2 from row 7.
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Proposition 10.1.7 FEach of the elementary row operations can be accom-
plished by left multiplication by a matrixz which has an inverse.

PROOF:

The matrix which accomplishes the elementary row operation
is the one you get by applying the row operation to the identity
matrix. It has an inverse because the operation can be undone
by applying an appropriate row operation. 1

Example: Interchange

The matrix which accomplishes interchange of rows 2 and 3
in 3 by 3 matrices is

1 00
0 0 1
010

The matrix which adds 3 times row 1 to row 2 is

1 00
310
0 0 1
which has inverse
1 0 0
-3 1 0
0 0 1.

Try them on some 3 by 3 matrices to check that they perform
as claimed. $

Finding inverses by Row Reduction The algorithm for row reduction
tells us how to multiply by a sequence of matrices which we know have
inverses (those corresponding to elementary row operations) to get a matrix
in row reduced echelon form. This will lead to an algorithm for finding the
inverse of a matrix based on the algorithm for row reduction. (Gaussian
elimination keeps coming up in different forms in this subject!)

To find the inverse of an n x n matrix M we do the following steps:
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1. Augment the matrix to an n X 2n matrix by adjoining an n x n identity
matrix on the right:
[MI]

2. Reduce M to row reduced echelon form, performing all of the row
operations on the identity matrix as you go:

[M[I] ~ [E[B]

3. If the row reduced echelon form matrix E is an identity matrix, then
the product of the matrices which did the row reduction, now stored
as B, is M~1;

4. If the row reduction did not end in an identity matrix, then M does
not have an inverse.

This works because each row operation can be done by multiplying on
the right by an invertable matrix. Applying these operations to an identity
matrix keeps track of the product of the matrices which do the row opera-
tions.

Example: Finding an inverse

To find the inverse of the matrix

1 23
2 57
-1 3 3

we augment it with an identity

1
2
-1

W Ot Do
W g W
o O =
o = O
_— o O

and find the row reduced echelon form:

1 23100 Ry — 2R, 123 1 00
2 57010 Rs + Ry 011 -210
-1 3 3 001 ~> 056 1 01
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123 1 0 0
Fs —5hy 011 -2 1 0
>
001 11 -5 1
Ry — R; [1 2 0 =32 15 -3
Ry — 3R; 010 —-13 6 -1
~ 001 11 -5 1 |
1 0 0 -6 3 —1]
fy — 2R, 010 —13 6 -1
>
001 11 -5 1
So the inverse of
1 23
2 5 7
-1 3 3
1s
-6 3 -1
~13 6 -1
11 -5 1

Example: A matrix with no inverse

To show that the matrix

1 2 3
4 5 6
7 8 9

does not have an inverse we can try the same algorithm and see
where we get stuck:

123100 1 2 3 1 00
456 010 = 0 -3 -6 —4 1 0
78 9001 0 -6 —12 -7 0 1
1 2 3 1 0 0
0 1 2 4/3 —-1/3 0
>
|0 6 —-12 -7 0 1
[1 2 3 1 0 0
= 01 2 4/3 —1/3 0
000 1 -2 1




226

CHAPTER 10. INVERSES AND RANK

Since we cannot get an identity on the left, there is no inverse. <

Exercises 10.1:

. Write down the 5 by 5 matrix you would multiply on the left by to

interchange rows 3 and 57 What happens if you multiply on the right
by the matrix you have given?

. Write down the 5 by 5 matrix you would multiply on the left by to add

3 times row 2 to row 47 What happens if you multiply on the right by
the matrix you have given?

. Write down the 5 by 5 matrix you would multiply on the left by to

multiply row 4 by -27 What happens if you multiply on the right by
the matrix you have given?

. Write down the 5 by 5 matrix you would multiply on the left by to add

-4 times row 1 to row 37 What happens if you multiply on the right
by the matrix you have given?

For problems 5-10, find the inverse, if any:

—_
O N
w
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36 9
2 3 -2
10 1
(1010 2
2 1011
01321
00111
1111 2

Prove that if L preserves sums and has an inverse as a function, then
that inverse also preserves sums.

Assume that V and W are finite dimensional. Show that if L :V — W
is onto then there is a linear function M with Lo M = Idyy. Such an
M is called a right inverse for L.

Assume that V and W are finite dimensional. Show that if L :V — W
is one-to-one then there is a linear function N with N o L = Idy,. Such
an N is called a left inverse for L.

Prove that if L is invertable and Lo M = Idyy then M = L~'.

(Project Problem) Operation counts tell us when it is advantageous to
use one algorithm over another.

(a) Count the number of multiplications necessary to find the inverse
of an n x n matrix using row reduction.

(b) Count the number of multiplications needed to multiply an n x n
matrix and an n-element column vector.

(c) If you have m systems of linear equations with the same n x n
coefficient matrix but different constant vectors, when (if ever)
is it advantageous to find the inverse and then multiply the con-
stant vector by it to find the solutions rather than doing Gaussian
elimination with backsolving m times?

10.2 Rank

We noted above that the dimensions of the kernel and the image of a linear
transformation could be useful in deciding whether or not it has an inverse.
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Since further information can also be derived from these notions and the
related rank of a matrix, which can be easily computed using row reduction.

Definition 10.2.1 The rank of a linear transformation L :V — W is the
dimension of ImL.

Definition 10.2.2 The nullity of a linear transformation L : V — W is
dim(Ker(L)).

The rank of a linear transformation is made more useful by the next
theorem which relates it to the dimension of the kernel.

Theorem 10.2.1 (Rank-Nullity Theorem) If L : V — W is a linear
transformation and V is finite dimensional then dim(V) = dim(Ker(L)) +
rank(L).

PROOF:

We know that Ker(L) is a subspace of V, so we can find a basis
for it, say ki,...,k,. Since V is finite dimensional we know how
to extend this to a basis for V by adding more vectors bl, e ,bm.
We claim that the vectors L(by), . . ., L(by,) form a basis for Im(L).
It is clear that the images of all of the basis vectors in V' form a
spanning set for the image of L. Since L(E) = 0 for all 4, this
tells us that the set of L(b ) is a spanning set. Now suppose that

—

Then
L(a1b1 + ...+ ambm) = 6

So aiby + ... + apby, is in Ker(L). But this contradicts the

independence of _]jfl, cee kn,_) by, .. b unless all of the a; are 0.
Thus the set {L(by), ..., L(by)} is a basis for I'm(L). This shows
that

dim(V) = dim(Ker(L)) + rank(L)
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The theorem is useful for obtaining information about a linear transfor-
mation from its rank. For instance, a linear transformation is one to one if
and only if its kernel is just the zero vector. By the rank nullity theorem this
can be shown by showing that dim(Im(L)) = dim(domain of L). A linear
transformation will have an inverse if it is one to one and onto; this in turn
can be determined by looking at the dimensions of its domain and codomain
and its rank, all of which must be equal.

As usual, in order to find the rank of a linear transformation we will want
to do computations on the matrix representing it with respect to ordered
bases.

Definition 10.2.3 The row space of an n by m matrix A is the subspace
of R™ spanned by the rows A;. = [a;1, aso, - .., aim)|. The column space is the
subspace of R™ spanned by the columns A.; = a1, asj, .. ., anj|".

Definition 10.2.4 The row rank of a matrix A is the dimension of its row
space. The column rank is the dimension of its column space.

All of our work with matrices so far has been linked to notions for linear
transformations. If we recall that the columns of the matrix associated to a
linear transformation are obtained by taking the image of basis vectors, the
following proposition becomes clear:

Proposition 10.2.2 The rank of a linear transformation is the same as the
column rank of its matrix with respect to any choice of ordered bases.

Given an arbitrary matrix it would appear to be a lot of work to find
either of the ranks, though if the form is nice one of them may be easier
to calculate than the other. For matrices in row reduced echelon form the
row rank is particularly easy to identify since the nonzero rows in an echelon
matrix are easily seen to be independent. Thus the row rank of an echelon
matrix will be equal to the number of nonzero rows. To see this we need
some propositions:

Proposition 10.2.3 Elementary row operations leave the row space unchanged.

PROOF:
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It is clear that interchanging the order of the rows does not
change the space which is spanned. It is also clear that multi-
plying a row by a non-zero scalar also does not change the space
spanned. Adding a multiple of row ¢ to row j replaces row j with
a linear combination of rows ¢ and j and does not change the
space spanned by the rows. |

Proposition 10.2.4 Elementary row operations leave the dimension of the
column space unchanged.

PRrooOF:

It will suffice to show that a linear combination of the columns
after an elementary row operation is applied gives 0 if and only
if the same linear combination of the columns before the row
operation is applied gives 0. Then if a basis for the column space
of the original matrix uses, say, columns 1,2,3,5, and 8, then those
same columns of the matrix after the row operation form a basis
of its column space. Let C be the matrix with the columns in
question from M. Then linear independence of the columns of C
says that the only solution to the system

Czi=0

is # = 0. Now let R be the matrix which does the elementary
row operation. The matrix RC is the matrix of columns after the
row operation. Linear independence of the columns then asks for
a unique answer to

—

RCx = 0.

Now any answer for this system gives an answer for the system
R'RC7=R'0

which is the same as

H

=1
I

=1

Cr=R"

Similarly any answer to
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gives an answer to

RCZ = R0 = 0.

Thus these two systems have the same number of solutions. If
the solution to one is unique, so is the solution to the other. |}

Combining these two propositions and the algorithm for reducing matrices
to row reduced echelon form we get

Theorem 10.2.5 The row rank of a matriz always equals its column rank.

PROOF:

The process of reduction to row reduced echelon form does not
change either the row space or the dimension of the column space,
so it suffices to consider only matrices in row reduced echelon
form. In the row reduced echelon form the first nonzero entry
in each row is a one and all of the other entries in its column
are zeros. This guarantees that the set of rows which are not all
zero is a linearly independent set. It also spans the row space.
Furthermore, any column in the matrix can be written as a linear
combination of the columns in which the first non-zero entries in
the rows of the (row reduced) matrix appear, so those columns
form a spanning set for the column space. This set of columns is
easily seen to be independent, since each such column has only one
non zero entry and the non-zero entries occur in different rows.
Thus we have a basis for the column space which has exactly the
same number of members as the number of non-zero rows. Since
both of these are bases, we have shown that the dimension of the
row space is equal to the dimension of the column space. This
says that the row rank equals the column rank. 1

Example: Rank of a matrix
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Matrix rank
00 0]
1 01 3
1 1]
00 0]
1 1 1 2
00 0|
1 2 3 1 2 3
4 5 6 - 0 -3 —6 2
7 8 9 0 —6 —-12

Once we know how to find the rank of a matrix we can use the Rank-
Nullity Theorem to determine how many basic solutions there are to various
kinds of linear problems. If we have a homogeneous system of linear equations
Mt = 0, then the dimension of the domain equals the number of variables,
the rank of M can be computed easily, and the rank-nullity theorem tells us
that the dimension of the space of solutions = number of variables - rank M.

We can also see how the Rank-Nullity Theorem relates to the structure of
the row reduced echelon form for a matrix. Recall that the leading 1’s in the
rows of the row reduced echelon form give the columns in the original matrix
which formed a basis for the column space. Thus the number of non-zero
rows gives the rank of the matrix. In solving a homogeneous system of linear
equations we had a free choice for each variable corresponding to a column
which did not have a leading 1 in the row reduced echelon form. Thus the
number of columns not having leading 1’s gives the dimension of Ker(L), the
nullity. Since this accounts for all of the columns of the matrix for L, we get

dim(V) = number of columns
= number of columns with leading 1’s + number without
= rank(L) + nullity(L)

Exercises 10.2:
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Find the rank of

Find the rank of

Find the rank of

Find the rank of

Find the rank of

233
-1 2 =3
4 -5 6
7T 8 9
1 4 6 2
4 =5 1 6
2 8 -1 -9
1 7 2 =5
1 2 6
2 47
33 9
11 1
2 5 10
1 3 7 2
2 48 3
39 5 1
211 14
3116
1 0101
01111
345 6 7
20411
21111

Find the rank of F: R® — R? taking [z, v, 2] to 27,y — 2,0]. What is
the dimension of Ker(F')?

Find the rank of L : R* — R? taking [z,y,2z,w] to [t +y+ 2z, 2 +y +
w,x + 7y + z 4+ w]. What is the dimension of Ker(L)?

Find the rank of G : R® — R* taking [z, y, 2] to [y+2, 2+2, 22, x+y+2].
What is the dimension of Ker(G)?

Find the rank of H : R® — R® taking [z, vy, z| to [x+y+2, 7+ 2,22, 22+
y+4z,z —x — y|. What is the dimension of Ker(G)?
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10. Find the rank of K : R® — R* taking [u,v,w,z,y, 2] to [u —y + z,v +
r+4z,3u+w—2z, —2u+2v —w+ 2z —y+5z]. What is the dimension
of Ker(G)?

11. Show that if r # 0 then the nullity of rL is the same as the nullity of
L.

12. Show that if r # 0 then the rank of rL is the same as the rank of L.

13. Show that if L :V — W and M : U — V then the nullity(L o M) >
nullity (M ).

14. Show that if L : V — W and M : U — V then the rank(L o M) <
rank(L).

15. Give examples of 2 x 2 matrices A and B such that

(a) rank(A) = 2,rank(B) = 2 and rank(A + B) =1
(b) rank(A) = 1,rank(B) = 1 and rank(A + B) = 2

16. Prove that in general rank(A) 4 rank(B) > rank(A + B).

10.3 LU Decomposition

Modern matrix algebra makes use of a number of factorization theorems.
One class of these involves factorization of a matrix into the product of a
lower triangular matrix and an upper triangular matrix. Different choices
of what the diagonal entries should be lead to different factorizations with
different properties more properly discussed in a numerical analysis course.
In this section we will note that Gaussian elimination can be seen as a means
of obtaining such a factorization.

In the Gaussian elimination with backsolving algorithm we divided the
work of reducing a matrix to row reduced echelon form into two parts: first
we got the ones as first non-zero entries and the zeros below those ones and
then we went back to get the zeros above the ones. Between the two phases
of that algorithm we had a matrix with a nice form worth giving a name.

Definition 10.3.1 A matriz which has a;; = 0 whenever i < j is called
lower triangular. A matriz with a;; = 0 whenever ¢ > j is called upper
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triangular. We add the adjective strictly if all of the diagonal entries are
0.

Lemma 10.3.1 A product of lower triangular matrices is lower triangular.

PROOF:

Suppose we have two lower triangular matrices L and L/
Since these are lower triangular, we know that [;; = 0 if ¢ < k
and [;; = 0 if k < j The ij entry of LL' is the sum of terms of
the form lixly;. If i < j then either ¢ < k or k < j, so one of the
two terms in the product will be 0. 1

Proposition 10.3.2 Any matriz M which can be reduced to echelon form
without row interchanges can be written as the product of a lower triangular
matriz and an upper triangular matrix.

PROOF:

First observe that the row operations “multiply a row by a
constant” and “add a multiple of a row to a row below it” are
lower triangular. If no interchanges are needed in reduction to
echelon form then organizing the work so that we get the ones
as first nonzero entries in each row and then get the zeros below
those entries gives us an upper triangular matrix U. Keeping
track of the row operations in the same way that we did in the
algorithm for finding the inverse of a matrix gives:

MT_ [U[R],

where R = Ry, ... Ry is the lower triangular matrix which is ob-
tained as the product of the row operation matrices and U is the
upper triangular matrix we find at the halfway point of the Gaus-
sian elimination algorithm. The matrices R; are associated with
elementary row operations of the type “multiply a row by a con-
stant” or “add a multiple of a row to a row below it.” Thus each
has an inverse which is also lower triangular: we undo these op-
erations by either “dividing a row by a constant” or “subtracting
a multiple of a row from a row below it.” Thus we get

R'=R;'..R;"
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Since each of the R; ' is lower triangular, this tells us that R~}
is.
From our row reduction of M we saw that

RM =1U,
so multiplying both sides by R™! gives
R'U=M.

This gives the desired factorization. 1

Example: LU factorization

To factor the matrix

4
2
3

—_

1 2
M=1|220
11

we first apply elementary row operations until we have an upper
triangular matrix, keeping track of what row operations we have
done in the same fashion as we did when we were finding the
inverse of M:

12 4 100 Ry — 2R, 1 2 4 1 00
20 12 01 0 R; — Ry 0 -4 4 -2 10
11 3 001 ~s 0 -1 -1 -1 01
1 2 4 1 0 0
1
R3M4R2 0 -4 4 -2 1 0
00 —2 1 -1
This tells us that we can use

1 2 4 1 0 0

U=1|0 —4 4 andL'=| -2 1 0

0 0 -2 e
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In order to complete the factorization we will need to find L by
taking the inverse of L~!:

1 0 0100 Ry+2R,  [1 0 0 1 00
-2 1 0010 Ry — iRy 01 0 2 10
i -1 1001 ~ 0 -3 1 -5 01
i (100100
fatafh 1o 1021 0
001111
Now notice that
12 4 100 1 2 4
2 0 12(=]210 0 —4 4
11 3 111 0 0 -2
as desired. %

Note that if A cannot be reduced to echelon form without interchanges
(say ap; = 0, for instance) it still can be written in the form XU where X
is the product of matrices corresponding to elementary row operations and
U is upper triangular. It is also possible to group the interchanges together
so that the factorization is into a lower triangular matrix, a permutation
matrix, and an upper triangular matrix.

Exercises 10.3:
Write the following matrices as the product of a lower triangular matrix and
an upper triangular matrix:

2 8
L2
1 23
2. | 2 37
| 115
2 4 12
3.1 6 —14
38 9
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4. To show that a matrix which uses interchange of rows in the first phase
of Gaussian elimination can be written in the form LXU where X is a
permutation matrix, we need to be able to collect the row interchanges
into one matrix. To show this can be done, prove that

(a)

The sequence of row operations consisting of interchanging two
rows and then adding a multiple of one row to another can be done
by adding a multiple of one row to another and then interchanging
rows, though the rows referred to may change.

The sequence of row operations consisting of interchanging two
rows and then multiplying a row by a constant can be done by
multiplying a row by a constant and then interchanging rows,
though the rows referred to may change.

The sequence of row operations consisting of interchanging two
rows and then interchanging two rows can be done by interchang-
ing two rows and then interchanging rows, though the rows re-
ferred to may change.

5. (Project Problem) The LU decomposition can be useful when solving
many systems of equations with the same coefficient matrix. To see

why

(a)
(b)

()

Find how many multiplications are required to find L= = R.

Find how many multiplications are needed to multiply L~! times
a column vector of constants.

We showed earlier that it takes

n3 n

—+n?— =

3 3
multiplications to solve a system of n linear equations in n un-
knowns using Gaussian elimination with backsolving and that the

backsolving itself took

n2—n

2
multiplications. Suppose you have m systems all using the same
coefficient matrix. We can then use one of the following three
strategies:
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i. Use Gaussian elimination with backsolving for each system,
ignoring previous work.

ii. Find L~! for the matrix of coefficients, then solve each sys-
tem by multiplying the column of constants by L~! and then
backsolving.

iii. Finding the inverse of the matrix of coefficients and then solv-
ing each system by multiplying the column of constants by
that inverse.

Under what conditions on m will each of these strategies involve
less work that the others?
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Chapter 11

Change of Basis and Similar
Matrices

In the exercises after section 1 of the Chapter 8 you were asked to find the
matrices for a linear transformation with respect to several different pairs of
ordered bases. You did this by calculating the effect of the linear transforma-
tion on each basis vector in the domain and then finding ways to represent
the answer in terms of the basis on the codomain. The resulting matrices
were different, even though they represented the same linear transformation,
because they used different bases. In this section we will see how to use the
isomorphism of matrix algebra and the algebra of transformations to change
bases without having to recalculate everything.

Our approach is to think of change of basis as composition with an identity
transformation which is then represented using the old and the new ordered
bases so that the basis we want is on the outside. Change of basis on the
domain is then multiplying on the right by an appropriate matrix and change
of basis on the codomain is multiplication on the left. Because our matrices
will come from compositions and our multiplication of matrices corresponds
to composition written from right to left, we will write our diagrams with
the arrows going from right to left in this chapter.

11.1 Matrices for Changing Basis

Suppose we have a linear transformation M : W «— V| (notice that V is
the domain and W is the codomain) which has matrix M with respect to

241
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the ordered bases (by, . ..  by) for V and (..., ¢,) for W. Let us see how to
change these bases one at a time:

11.1.1 How to change the basis on the domain

Suppose we want to use the basis (d,...d,) for the domain instead of the
basis (l;l, o Ep). The trick here is to multiply on the right by a matrix Q
obtained by looking at the identity transformation on V' going from our new
basis to the original basis.

vector spaces: w — V — V
ordered bases: (¢i,...¢,) (by,...by) (dy,...d,)
matrices : M Q
=N

For example, if ¥V = R3, the original basis was the standard basis, and
the new basis is ([1,2,3],[1,0,4],[2,1,0]) then the matrix Q is found by
calculating:

[1,2,3] = 1[1,0,0] + 20, 1,0] + 3[0,0, 1]
[1,0,4] = 1[1,0,0]+ 0[0, 1,0] + 4[0,0, 1]
[2,1,0] = 2[1,0,0]+ 1[0, 1,0] + 0[0,0, 1]
This gives the matrix
11 2
Q=12 01
340

The columns are given by the coefficients in the equations.

11.1.2 How to change the basis on the codomain

—

Suppose we want to use the basis (d_'l, ...d,) for the codomain instead of
the basis (¢1,...¢,). The trick here is to multiply on the left by a matrix
P! obtained by looking at the identity transformation on W going from our
original basis to the new basis. The inverse in this matrix is there to remind
us that this is the opposite direction from the placement of the bases when
we change bases on the domain.
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vector spaces: w — 4% — V
ordered bases: (dj, ... d;) (Cry...,Cy) (by, . .. gp)
matrices : P! M
=N

Again an example may help: let W = R?, (é,...,¢,) = ([1,0],[0,1]), and

(dy, . .. dy) = ([2,4],[1,3]). We need to find our original bases in terms of the
new bases. This involves solving two systems of equations:

2r+y = 1 20 +y = 0
dr+3y = 0 P g, =

These are exactly the systems we solve as we find the inverse of the matrix
2 1
P [ 21 ] |

The solution is obtained by row reduction :

2 110 Ro—2R; [2 1 1 0
4 3 0 1 ~ 01 =21
Ri—R, [20 3 -1
~ 101 =2 1
e [1001 -
~ 101 =2 1
Thus the matrix P~! which changes the basis on the codomain is
3 _1
2 2
-2 1 ]

11.1.3 General change of basis

It should be clear that to change the basis on both the domain and the
codomain we need both change of basis matrices. The diagram then looks

like this:

Vector spaces: W & w A V & V
ordered bases: (di,...d,) (Gry...,Cp) (b1,...bp) (ay,...dp)
matrices : P! M Q
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Since composition of linear transformations is represented by multipli-
cation of matrices P~'MQ represents the composition IdMId = M with
respect to the outside bases. But this is exactly what the matrix N does.

Example: Using change of basis matrices

Let us start by looking at the example of the linear transfor-
mation M from R? to R? taking [x,y] to [z + 1y, — y, 3y]. If we
use the standard bases on the domain and codomain, then we get
the matrix for M by calculating

M][1,0] =[1,1,0] = 1[1,0,0] 4+ 1[0, 1, 0] + 0[0, 0, 1]
and
M[0,1] =[1,-1,3] = 1[1,0,0] + —1][0, 1, 0] + 3[0, 0, 1],

getting the matrix

1 1
1 -1
0 3

If we use the ordered bases ([1, 1], [1, —1]) and ([1, 0, 0], [1, 1,0}, [1, 1, 1])
instead the calculation gives

M[1,1] =[2,0,3] = 2[1,0,0] + —3[1,1,0] + 3[1, 1, 1]
and
M[1,-1] =[0,2,—-3] = —2[1,0,0] + 5[1,1,0] + —3[1, 1, 1]

so the matrix is
2 =2
-3 5
3 =3

with respect to these bases.

Next let us find this same matrix representation using change
of basis matrices. We know how to find the matrix for M with
respect to the standard bases. In order to represent it with re-
spect to the alternate bases we compose with the identity on both
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sides and find matrices which represent the identity transforma-
tion with respect to the bases in question. We then get the matrix
for L by multiplying these matrices.

To change basis from ([1,1],[1,—1]) to the standard basis
([1,0], 10, 1]) we calculate

Id([1,1]) = [1,1] = 1[1,0] + 1[0, 1]
Id([1,-1]) = [1,—1] = 1[1,0] + —1]0, 1],

so the matrix for the identity R? to itself using the new basis on
the domain and the standard basis on the codomain is

1 1
1 -1
To get the matrix for changing the basis on R? from the standard
basis to the basis ([1,0,0],[1,1,0],[1, 1, 1]) we calculate
[1,0,0] = 1[1,0,0] 4 0[1, 1,0] + 0[1, 1, 1]
[0,1,0] = —1[1,0,0] + 1[1,1,0] + 0[1, 1, 1]

and
[0,0,1] = 0[1,0,0] + —1[1,1,0] + 1[1, 1, 1],

so the matrix for the identity on R3 with the standard basis on
the domain and the alternative basis on the codomain is

1 -1 0
0 1 -1
0 0 1

Using the fact that matrix multiplication represents composi-
tion of linear transformations, we can calculate the matrix for
M with respect to the alternative bases by first changing from
the basis ([1, 1], [1, —1]) to the standard basis, then using the ma-
trix for M with respect to the standard bases, and then using
the matrix for the change of basis from the standard basis to
([1,0,0],[1,1,0],[1,1,1]). Since composition is written from right
to left, so is the multiplication of these matrices:

1 -1 0 1 1
0 1 -1 1 -1 {
0 0 1 0 3

2 -2
1 1}_ AP
3 -3

245
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A diagram may help you understand this. The top level gives the
linear transformations, the middle level gives the bases, and the
bottom level gives the matrices:

Vector Spaces: R3 Jd R? R? Jd R?
([1,0,0], ([1,0,0],
Bases: [1,1,0], 0,1,0], (&)1,1?])’ [(1[1’_11]]’)
[1,1,1]) [0,0,1]) ’ ’
[ 1 -1 0 ] (1 1 L1
Matrices: 0o 1 -1 1 -1 { 1 1 }
0 0 1 0 3
2 —27
Final Matrix: -3 5
3 =3

Since composition of linear transformations is represented by
multiplication of matrices

-1 0
1 -1
0 1

1 1 11
1 -1 1 1
0 3

represents the composition Id M Id = M with respect to the
outside bases. But this is exactly what the matrix

1
0
0

2 =2
-3 95
3 -3

does. &

This gives the following theorem:

Theorem 11.1.1 Two matrices M and N represent the same linear trans-
formation with respect to different bases if and only if there are matrices P
and Q which have inverses and N = P~1MQ.

The usual practice is to restrict our attention to square matrices. We

then think of them as representing a linear transformation from a vector
space to itself with a particular choice of basis used for both the domain
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and codomain. If we want to change the basis, the matrices P and Q in
the theorem will be the same. Thus two square matrices A and B represent
the same linear transformation if and only if there is a matrix P such that
B =P !AP.

This motivates the following definition:

Definition 11.1.1 : Two square matrices A and B are said to be similar,
A ~ B, if and only if there is a matriz P such that B = P~1AP.

It is clear that similarity is an equivalence relation on square matrices,
since two matrices are similar if and only if they represent the same linear
transformation.

Exercises 11.1:
For problems 1-5, write down the matrix for the identity transformation from
V to V using the given bases for the domain and codomain:

1. ¥V = R? Basis for domain: ([1,0], [0,1])
Basis for codomain: ([2,3],[—1,5])

2. V = R? Basis for domain: ([1,1,0],[1,0,1],[1,1,1])
Basis for codomain: ([1,0,0], [0, 1,0}, [0, 0, 1])

3. V = Z3 Basis for domain:([1,1,1],[1,0,1],[0,1,1])
Basis for codomain: ([1,0,0],[0,1,0],[0,0,1])

4. V = 73 Basis for domain:([1, 0, 0], [0, 1, 0], [0, 0, 1])
Basis for codomain: ([1,1,1],[1,0,1],[0,1,1])

5. V = R]z], Basis for domain: (1,z,z?%)
Basis for codomain: (1 +z,1 —z,2%> +z + 1)

For problems 6-10 the matrix M for a linear transformation from R" to itself
using the standard basis for both domain and codomain is given. Find the
matrix for the same linear transformation with respect to the given basis.

1 2
6. M= | 0 3 Basis: ([1,2,3],[1,0,1],]0,1,2])
11

O = W
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8 1 =2
7.M= |11 1 | Basis: ([1,1,1],[~1,1,1],[1,1,~1])
|00
[ -1 -2 -3
8. M=| 0 1 1 |Basis ([0,1,2],[1,-23],[23,1])
2 7 2
1 2 3 4
o m=| L 11 Basis: ([1,0,0,0],[1,1,0,0],[1,1,1,0],[1,1,1,1])
) 2 3 3 2 A b i mh A e B A
0 -1 0 —2
11 1 11
21 3 1 4
100 M=|1 2 3 4 5
01 100
|2 34 3 2
Basis: ([1,0,0,0,0],[1,1,0,0,0],[1,1,1,0,0,[0,1,1,1,1],0,0,0,0, 1])

For problems 11-15 the matrix M for a linear transformation from R"™ to
R™ with respect to the standard basis is given. Give the matrices for the
change of basis on both domain and codomain and the matrix for the linear
transformation with respect to the new bases given in the problems.

1 3 =21
11.M=]0 2 -1 6
11 1 1

Basis for domain:
([1,1,0,0],[1,0,—1,0],[1,0,0,2],[0,1,1,0])
Basis for codomain:

([,1,0],[0,1,1],[1,0,1])

2 -4 1
0 2 6
12. M= 1 1 10
1 2 3

Basis for domain:
([1, 1, O], [O, 1, 1], [1, 0, 1])
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Basis for codomain:
([1,1,0,0],[1,0,—1,0],[1,0,0,1],[0,1,2,0])

4
—6

1
M= 2
1 0

[anll NI V]
— Ot W

Basis for domain:
([1,1,1,0],[1,1,0,1],[1,0,1,1],[0,1,1, 1])
Basis for codomain:
([1, -1, O], [O, 1, —1], [1, 0, 1])
2
2
—6

0 1
Basis for domain:

1
4
M_5

O = NN W

([1,-1,0],]0,1,—-1],[1,0, —1])
Basis for codomain:

([1,1,1,0],[1,1,0,1],[1,0,1,1],[0, 1,1, 1])

13 -2 1
2 2 5 —6
M= 02 -1 6
11 1 1

Basis for domain:
([1,1,0,0],[1,0,—1,0],[1,0,0,2],[0,1,1,0])
Basis for codomain:

([1,1,0,2],[2,0,1,1],[1,0,2,1],[1,1,1,1])
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Prove that similarity of matrices is an equivalence relation (i.e., that
it is transitive, symmetric, and reflexive) using properties of matrix

multiplication.
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11.2 Similar Matrices and Canonical Forms

One of the important problems of linear algebra is to find matrices similar
to a given matrix which have particularly nice forms. Given the definition of
similarity and Theorem 11.1.1, this is the same as finding nice bases to use in
the representation of a linear transformation. In this section we will explore
some of the ways to choose a basis so that the matrices for particular kinds
of linear transformations have desirable forms.

Similar matrices from a factorization One way to get a matrix similar
to a given matrix is to find a factorization of that matrix. If

M = AB
and B is invertable, then
M= (B"'B)AB =B '(BA)B

so M is similar to BA. This is often used in numerical linear algebra to
find matrices similar to a given matrix with small off-diagonal entries. Such
similarity transformations are widely used in iterative numerical techniques
for finding eigenvalues.

We have seen one standard factorization: the LU decomposition which
encapsulates the work getting to an upper triangular form in the Gaussian
elimination with backsolving algorithm. While this is not one of the factor-
izations used in finding eigenvalues we can use it to find similar matrices:

Example: Similar matrices from an LU decomposition

We observed earlier that if a matrix can be reduced to row
reduced echelon form without use of exchanges, then the Gaussian
elimination algorithm gives a factorization into a lower triangular
matrix and an upper triangular matrix. We keep track of the row
operations used to get our matrix to upper triangular form and
then apply their inverses in the opposite order to an identity
matrix to get L. If we apply that process to the matrix

12 4
2 0 12 |,
11 3
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we get
1 2 4 1 00 1 2 4
2 0 12 | = 1 0 —4 4
1 1 3 1 %1 1 0 0 =2
Thus
1 2 4 1 2 4 1 00 9 3 4
2 0 12| ~|0 —4 4 21 0| = 4 -3 4
1 -1
11 3 0 0 2 L3 1 -2 5 -2
&

Companion Matrices and L-cyclic Subspaces Let us fix a linear trans-
formation L : )V — V. Assume that V is finite dimensional. If we start with a
vector ¢ and consider the ordered set (7, L(v), L*(v), L*(7), . . .) we will even-
tually reach an n such that L"(¢) is a linear combination of the previous
powers. Just for concreteness let us assume that n is the first power for
which this happens. Then (¥, L(7), ..., L"71(7)) is linearly independent and
forms a basis for a subspace of V. This subspace is important enough to have
a name:

Definition 11.2.1 The L-cyclic subspace of V generated by v is
Span({v, L(7), ..., L" Y (¥)}) = CE.

If we are working with subspaces and a linear transformation from V
to itself, then we will frequently want the linear transformation to map the
subspaces into themselves.

Definition 11.2.2 A subspace U <V is called L-invariant if whenever u €
U then L(W) e U.

Notice that it is clear from the definitions that C¥ is L-invariant.

If we write the matrix for L|c: : Cf — Cf with respect to the basis
(0, L(V), ..., L™ }(¥)), we will get a particularly nice form, called a companion
matriz. Each basis vector is taken to the next basis vector by L until we reach
the last. Then we notice that

Ln(U) = a0?7+ G1L<U) + ..+ an,anfl(U)
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so that the matrix for L with respect to this basis is

[0 0 ... 0 agp i
1 0 ... 0 a
0 0 0 ap—2
B 0 0 1 Ap—1

Example: Finding a companion matrix

If we let L:R3 — R? have L([z,y,2]) = [z + vy, 2y + 22,7 + 2]
then the L-cyclic subspace generated by [1,0,0] is all of R3. The
basis is ([1,0, 0], [1,0,1],[1,2,2]) and

L3([1,0,0]) = [3,8,3] = 4[1,0,0] — 5[1,0,1] +4[1,2,2].

The matrix for L with respect to the basis ([1, 0, 0], [1,0, 1], [1, 2, 2])
is

00 4
1 0 -5
01 4

¢

It is too much to ask for the whole space to be a L-cyclic subspace in
every case, but if we can decompose the space into a direct sum of L-cyclic
subspaces then the matrix for L with respect to bases built out of the gen-
erators will be built up of little companion matrices. Indeed, if we can write
a vector space as a direct sum of L-invariant subspaces we can reduce the
problem of finding a nice basis for V to many simpler problems of finding
nice bases for the invariant subspaces. This is because of the next theorem:

Theorem 11.2.1 Let L : V — V be a linear transformation and V have a
decomposition of V = Uy ® Us where Uy and Us are L-invariant. If (51 . Z;T)
is a basis for Uy, (¢y...C) is a basis for U, the matriz for the restriction of
L to Uy with respect to its basis is My, and the matriz for the restriction of
L to Uy with respect to its basis is My, then the matriz for L with respect to
the basis (by ...by, G ..., is the block matriz

M, O
0 M, |
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PROOF:

We obtain the matrix for L with respect to the basis

by finding the image of each basis vector. If we use one of the
basis vectors for the basis for i, the image will be in U; because
U, is L-invariant. This means that the coefficient of ¢; will be 0
for all 7. Similarly if we take the image of any of the ¢; it will
have coefficient for each l;j equal to 0 because U, is L-invariant.
Thus we have a block diagonal matrix.

To see that the blocks on the diagonal are the matrices for
the restrictions to the subspaces note that writing L(bj) in terms
of the basis (by, ..., b,) in U gives the same coefficients as writing
it in terms of the basis for V. |

In Chapter 15 we will use a decomposition into invariant subspaces to
get a block diagonal form with the blocks all companion matrices. That
decomposition will use inner products, but using more advanced ideas it is
possible to find the rational canonical form, which is a block diagonal form
with all blocks companion matrices, for any matrix.

Canonical forms for nilpotent transformations In some ways matrices
behave quite differently than numbers. Matrix multiplication is not commu-
tative and there are zero divisors. Indeed, it is possible to find matrices such
that M # 0 but for which there is an n with M"™ = 0. These matrices
correspond to nilpotent linear transformations:

Definition 11.2.3 A linear transformation L : V — V is said to be nilpotent
with index of nilpotence n if L™ is always 0, but lower powers of L are not.

Example: A nilpotent linear transformation

Consider the linear transformation L : R® — R3 given by
L([z,y,2]) = [0, z,y]. It is not difficult to see that L? is identically
0,0,0], but L*([1,1,1]) = [0,0, 1]. Thus L is nilpotent with index
3. O
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Now suppose L is nilpotent with index of nilpotence n. Then there must
be a vector in V such that L"~(¢) # 0. We get a particularly nice form if
we use this ¢ in an attempt to form an L-cyclic subspace.

Lemma 11.2.2 If L:V — V is nilpotent with index of nilpotence n and if
L Y(®) # 0 then {U, L(7), ..., L" Y (¥)} is linearly independent.

PRrooOF:

We will use a proof by induction on the index of nilpotence.
Certainly if n = 1, then the set {7} is independent since 7 # 0.

Now suppose that we have the theorem for all index of nilpo-
tence k and we want it for index of nilpotence k+1. Note that if L
is nilpotent with index of nilpotence k+ 1 as a linear transforma-
tion from V to itself then it is nilpotent with index of nilpotence
k on Im(L). If ¥ had L*¥(¥) # 0 then @ = L(7) is in Im(L) and
has L*~1(0) # 0. Thus by the induction hypothesis the set

{@, L(D), ..., "1 (0)} = {L(D),..., LF©)}

is independent.
Now suppose that

agl + ay L(T) + ... + ax LF(0) = 0,

then
ao L(T) + a1 L(T) + . .. + ap, LFTH(7) = 0

as well since L is linear. Now Lf1(%) = 0 so this tells us that

Now since the set {L(7),..., L*(¥)} is independent, this tells us
that each a; is 0 for 1 =0, ...,k —1. Thus our linear combination
giving 0 reduces to
akLk (17) = 6

Since we assumed that L¥(%) # 0, we can conclude that a = 0
as well.

Thus, by induction, for any n, if L : )V — V is nilpotent with
index of nilpotence n and if L"~1(%) # 0 then {7, L(7), ..., L" ' (0)}
is linearly independent. 1
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Notice that the matrix for L on the subspace with basis {7, L(7), ..., L"(¥)}

has the form
00 ... 00
10 0 0

00 ... 10
The next theorem tells us that a nilpotent linear transformation can be
written as a block diagonal matrix with all blocks of this special form.

Theorem 11.2.3 If L : V — V is nilpotent with index of nilpotence n and
if L"1(U) # 0 then V = Ct @ Vy, where V; is L-invariant.

PROOF:

Direct sums are most easily obtained by taking a basis, break-
ing it into two pieces and looking at the subspaces spanned by the
pieces. Since we already have a basis for C%, namely {¢, L(7), ..., L""*(v)},
we will extend it to a basis for V in such a way that the subspace
spanned by the new basis vectors is L-invariant.

Because L is nilpotent with index of nilpotence n on V, we

know that V can be thought of as the nested family of subspaces
V = Ker(L") D Ker(L"™") D Ker(L" %) D ... D Ker(L)

with L taking each subspace into the next. Now note that L"~1(7) €
Ker(L) and extend to get a basis {L""X(7) = by, by, ..., by} for
Ker(L). The set {, L(7), ..., L" (D), by, ..., by} is linearly inde-
pendent since if

k n—1
6: Zai_; + CJLJ(Q_J))
i=2 j=0
then
k n—1 n—2
0=L(0) =Y a;Lb;) + > ;T (1) =0+ ¢; /(1)
i=2 §=0 §=0

so that all of the coefficients ¢; = 0 for j = 0...n — 2 by the
independence of {7, L(7), ..., L"(¢)}. Independence of the set
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{L"Y(¥), b, ..., b} tells us that the rest of the coefficients must
be 0.

Now continue the process by extending
{L2@), " (0), b B}

to a basis for Ker(L?). We can always do this by adjoining vec-
tors with L(b) not involving L* (7). If L(b) = S2F  ¢;b; then
b — ¢; L"2(%) can replace b in our basis without losing either
independence or spanning, but gaining the L-invariance of the
subspace spanned by the new basis vectors.

Working our way backwards in this fashion, we get bases
for Ker(L™) whose new vectors all lie in a L-invariant subspace.
Eventually we will have a basis {7, L(7), ..., L""X(7), by, ..., b,}
for V. Now Span({gg, ...,b.}) is L-invariant, so we can use it as
V1. This shows that V = Ck @ V), as needed. |

Example: Canonical form for a nilpotent linear transformation
The linear transformation L : R> — R® with
L([u, v, w, z,y]) = [0,u,v,0, z]

is nilpotent with index of nilpotence 3. If we start with ¢
[1,2,3,4,5] we get L(v) = [0,1,2,0,4] and L*(¢ = [0,0,1,0,
We can extend

0.
{[0,0,1,0,0]}

to a basis for Ker(L) by adjoining the vector [0,0,0,0,1]. We
then extend

{[0,1,2,0,4],[0,0,1,0,0],[0,0,0,0,1]}

to a basis for Ker(L?) by adjoining [0,1,0,1,0]. This was not the
best choice since

L(]0,1,0,1,0]) = [0,0,1,0,1] = 1[0,0, 1,0, 0] + 1[0,0,0,0, 1],

so we use [0,1,0,1,0] — [0,1,2,0,4] = [0,0,—2,1, —4] instead.
This gives the basis

{[0,1,2,0,4],[0,0,1,0,0],[0,0,0,0, 1], 0,0, —2, 1, —4]}
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for Ker(L?).
We then note that

{[1,2,3,4,5],[0,1,2,0,4],[0,0,1,0,0], 0,0, —2,1, —4], [0,0,0,0, 1]}

is a basis for R®. The matrix for L with respect to this basis is

00 00O
10000
01000
000O0O
00010

Exercises 11.2:

For problems 14, factor the matrix M into a lower triangular matrix
followed by an upper triangular matrix and then reverse the order to find a
matrix similar to M for each of the following matrices:

(1 4 1
2.13 6 5
111
[ 3 12 12
3.l -1 0 0
1 6 9
[ 4 8 12
4 1 5 12
-1 0 9

For problems 5-8 find a basis for the m-cyclic subspace generated by v,
if you get C7* =V, then give the matrix for m with respect to your basis:
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5. m:R3 — R? has m([z,y, 2] = [z,2 +y,2 +y + z] and ¢ = [1,0,0].

6. m:R?> — R3 has m([z,y, 2] = [x,2y,x + 3z] and ¥ = [1, 1, 1].

7. m:R3 — R has m([z,y,2] = [z, +y,z + 2y] and ¥ = [1,0,0].

8. m:R*— R3 has m([z,y,2] = [v+y,x —y,z+y+ 2z and ¥ = [1,1,0].

The following linear transformations are nilpotent. Find a basis decom-
posing the domain into cyclic subspaces so that the matrix for L has a block
diagonal form like that given in the example.

9. L:R* - R* with L([z,y, z,w]) = [0, 7, + w, ]
10. L:R* — R* with L([z,y, 2,w]) = [zt —w,y + 2, —y — 2,2 — w|
11. L:R% — R® with L([x,v, 2, s,t]) = [0, 5,2, 2, 2y + 2]

12. L:R% — R® with L([u, v, w, x,y,2]) = [u—v+w,u—v—w,y—z,w, v, 7|



Chapter 12

Determinants

The determinant of a square matrix is a number associated with the matrix
which can be used to determine whether or not the matrix has an inverse.
Several possible methods can be used to define the function det which takes
the set of square matrices to the reals. One approach is to define it for 2 by
2 matrices using

a b

det[C d

} = ad — bc

and then find a way (called reduction by minors) to reduce all larger matrices
to the 2 by 2 case. Occasionally this gives a quick way to find determinants,
but for general matrices it maximizes computational effort. In any case it
leads to a definition which is very hard to prove things about. Our approach
is to list the properties that we want a determinant function to have, show
that they provide a means to calculate the value of the determinant of a
matrix efficiently, and then use the list of properties as a definition of the
determinant.

12.1 Properties and Efficient Calculation
We take the following as the definition of a determinant function
det : n X n-square matrices — R.

Until we show that these properties allow us to compute the determinant we
cannot be sure that these properties define the determinant rather than a
determinant, but we will postpone that problem until later.

259
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Definition 12.1.1 A determinant function
det : n X n-matrices — R

1S a function with the following properties:
1. det is multiplicative : det(AB) = det A det B
2. det A = det A
3. det is multilinear in the rows, i.e., if the matrices A,B, and C are
identical except in row © and A;; = kBj; +hC;; then det A = k det B+
hdet C.

4. det is not identically 0.
Proposition 12.1.1 The determinant of an identity matrix is 1.

PROOF:
Since det is not identically 0, there is some A with det A # 0.
We know that IA = AT = A, so by axiom 1, det A = det AI =

det A detI. Since det A # 0 we can divide both sides by det A
to get detI = 1. |

Proposition 12.1.2 If A has an inverse then det A= = ﬁ , thus det A
cannot be 0.

PROOF:

det(AA™') =det Adet A™' = detI = 1.

Proposition 12.1.3 The determinant of a diagonal matriz (one with 0’s in
all of the off diagonal positions) is the product of its diagonal entries.

PROOF:
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We use induction on the number of diagonal entries not equal
to 1. If there are none then we have an identity matrix and the
result is given by Proposition 12.1.1. So let us assume that the
proposition holds for k£ non-one diagonal entries and show that it
must hold for £ + 1 non-one diagonal entries. If A is a diagonal
matrix with k& + 1 diagonal entries not equal to 1 then pick a
row ¢ in which A has a diagonal entry which is not 1. Let A’
be the matrix which is identical to A except that its ¢,:-entry
is a 1. Then det A = a;; det A’ by axiom 3, multilinearity. The
matrix A’ has only k£ non-one diagonal entries so its determinant
is the product of its diagonal entries. This proves that det A is
the product of the diagonal entries in A, and we are finished by
induction. 1

Next we note some cases in which we can tell by inspection that the
determinant is 0.

Proposition 12.1.4 If A has a row which is all zeros then det A = 0.

PROOF:

Let B be identical to A except in the row which is all zeros.
Then det B = det A + det B by multilinearity in the rows. Thus
det A = 0. 1

Proposition 12.1.5 If A has two rows which are the same then det A = 0.

PROOF:

Suppose rows ¢ and j of A are identical. Then multiplying
A by the matrix corresponding to the elementary row operation
“add -1 times row ¢ to row j,” which has an inverse and thus has
nonzero determinant, gives a matrix with a row of zeros. Thus

det A = 0. |
Proposition 12.1.6 If A is the result of interchanging two rows in an iden-

tity matrixz then detA = —1.

Example:
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The essential features of the argument are found in the exam-
ple
0 1
det [ 10 } = —1.
This is demonstrated by observing that

1 1 1 0 01
det[1 1]—det[1 1}+det{1 1}

by multilinearity. Continuing in the same manner we get

1 1 1 0 10 01 0 1
det[1 1]—det[0 1}+det[1 Ol—i-det{() 1}+det[1 O}

01
0—1+0+0+det{1 O}
This tells us that

10

using Propositions 12.1.4 and 12.1.5. The general case just adds
a pair of indices to keep track of which two rows are being inter-

changed. ¢

det[O 1}:—1

This gets us some of the easy cases. To see how to progress further we
need to see what elementary row operations do to determinants. If we recall
that elementary row operations can be done by multiplying on the left by
appropriate matrices we can reduce our work to calculating the determinants
of those matrices.

Proposition 12.1.7 The elementary row operations have the following ef-
fect on the determinant of A:

1. multiplying row © by r multiplies the determinant by r
2. interchanging two rows multiplies the determinant by -1

3. adding a multiple of one row to another does not change the determi-
nant.

PROOF:
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1) The elementary row operation of multiplying row i by r
is effected by left multiplication by a matrix with r in the
position and 1 elsewhere on the diagonal and all other entries 0.
By Proposition 12.1.3 this has determinant r. Thus multiplying
by it multiplies the determinant of A by r.

2) Interchanging rows i and j is accomplished by multiplying
on the left by a matrix obtained by interchanging rows ¢ and j
of an identity matrix. Such a matrix has determinant -1. Thus
interchanging two rows changes the sign of the determinant.

3) Adding a multiple of one row to another is accomplished by
left multiplication by the matrix obtained by performing the same
elementary row operation on an identity matrix. For example,
adding m times row 1 to row 3 can be achieved by multiplying
by the matrix

1 00
0 10
m 0 1
Now by linearity in row 3 we get
1 00 1 00 1 00
det| 0 1 0 = mdet [ O 1 0| +det{ O 1 O
m 0 1 1 00 0 01
=m0+1=1.
So this operation leaves the determinant unchanged. |

Corollary 12.1.8 A square matriz is invertable if and only if its determi-
nant 18 nonzero.

PROOF:

None of the row operations changes the determinant from zero
to non-zero or from non-zero to zero. Thus a matrix has a non-
zero determinant if and only if its row reduced echelon form has a
non-zero determinant. From our algorithm for finding inverses we
know that the M~! exists if and only if the row reduced echelon
form for M is the identity matrix, which has determinant equal
to 1, hence non-zero. |
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The work so far lets us calculate determinants for all cases. For example
we calculate

1 2
det[34}
as follows:
1 2 1 2 (1 2 10
det[3 4}:det[0 _2}:—2det_0 1]:—2det{0 1}:—2.
Another example is
1 20 1 2 0
det | 0 0 1| =det|0 0 1]|=0.
00 3 | 000
Yet another
1021 10 2 1
2 1 4 6 01 0 4
det | g 1 g| =g 9 _5 5
1111 01 -1 0
10 2 1 10 2 1
01 0 4 01 0 4
=det | g g 5 o5 | TPt g 1
00 —1 —4 00 —1 —4
102 1 102 1
010 4 010 4
= —hHdet 00 1 —1 = 25 det 00 1 —1
000 —5 000 1
1000
0100
= 25 det 00 10 = 25.
0001

In each case we calculate the determinant by keeping track of the effect of
the row reduction operations as we reduce the matrix to row reduced echelon
form. This always leads to a case we can solve by inspection because the row
reduced echelon form of a square matrix either has a row of zeros or is an
identity matrix. Actually we can stop before we get that far using the next
proposition.
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Proposition 12.1.9 If A is an upper triangular matriz then det A is the
product of the diagonal entries.

PROOF:

If A has no diagonal entries equal to 0 then we can use ele-
mentary row operations of the form “add a multiple of row i to
row j” to eliminate all of the off diagonal entries. Since that form
of elementary row operation does not change the determinant this
tells us det A = det Agiag Where Agjag has the same diagonal en-
tries as A and zeros off the diagonal. If a; = 0 for some i then
consider the last row with a; = 0. All of the entries a;; with j <1
are 0 and all of the entries a;; with j > ¢ are nonzero. Since a;;
is nonzero when j > ¢ we can use the elementary row operation
“Add —a;j/a;; times row j to row ¢” to eliminate the a;; entry.
Thus applying row operations which do not change the determi-
nant will result in a matrix with a row of zeros. Thus det A = 0.

1
Examples:

21 3

det | 0 4 1 | =48
0 0 6
21 3

det [ 0O 0 1| =0
0 06

Matrices can sometimes be thought of as being built of blocks. For in-
stance we can think of the matrix

123 45
21111
M=|0012 3
00456
00111

as being
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where
1 2
A‘_21}
(3 4 5
B = 111}
1 2 3
C = 4 5 6
111
[0 0
0 = 00
0 0

This particular example is block upper triangular because of the block of 0’s
in the lower left corner.

Theorem 12.1.10 If the matriz M can be partitioned into four blocks
A B }

M:M:[OC

where A and C are square and 0 has all entries 0, then det(M) = det(A) det(C).

PROOF:

To calculate the determinant of M we do row operations to
reduce it to upper triangular form. In this process we first do
row operations to get the rows in blocks A and B to be upper
triangular, then we deal with the rows in C. This gives a block
upper triangular matrix

]

0o C

with both A" and C’ upper triangular. The determinant det(IM)
is then given by the product of the determinants for the elemen-
tary row operations times the product of the diagonal elements of
M’. We can break this into the product of the determinants to get
the first rows upper triangular times the diagonal elements of A’
times the product of the determinants of the elementary matrices
to get the last rows in upper triangular form times the diagonal
elements of C’. But this is just det(A) det(C), as claimed. |
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Exercises 12.1:

PROPERTIES AND EFFICIENT CALCULATION
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For problems 1-11 find the determinants using row reduction or theorems
from this section:

1. det

2. det

3. det

4. det

5. det

6. det

7. det

8. det

1
2
7

— o W = S Oy W o OO S O == o O

— = o

0
1
6

—_

S O = = S O W N O =

S O~ N

—_— O = O

— Ol = O O O = W S Ot > = — ot O O

— O

—1

— = O O

o = DN =

—_
g4 oo

o= NN

S ot W

-1
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00 0 a
1 00 b
9. det 01 0 ¢
| 0 0 1 d_
[0 0 0 d]
a 00 0
10. det 0b 0 0
| 00 ¢ 0]
[0 0 0 a]
00 b 0
11. det 0 c 00
_dOO 0 |

12. (Project Problem)

(a) Prove that if M is n x n then

det M = Zdet M,

k=1

where M, is identical to M except that all entries other than the
k'™ in row 1 are 0.

(b) Use an induction argument together with part (a) to show that
the det M is the sum of all the determinants of matrices which
can be made from M by changing all entries to 0 except for one
entry in each row and column.

(c¢) Show that if M has only one nonzero entry in each row and col-
umn, say e; in column i, then det M is (—1)?[]e; where p is
then number of columns in which the nonzero entry is not the
main diagonal entry. If we write e; = mg(;); for a permutation
o:{1l,...,n} — {1,...,n} then (—1)? is called the parity of o,
written sgn(o).

(d) Using the earlier parts of this problem prove that

det M = Z(sgn(a) H Me(3)i)
o =1
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12.2 Expansion by Minors

In the previous section we found determinants using row reduction. This
is the computationally efficient way to solve the problem of computing a
determinant. In this section we give another, iterative, approach which is

widely used for small matrices, particularly when determinants are used out-
: . . . b

side mathematics. We start with the definition det [ Z d ] = ad — bc. We

then reduce the calculation of an n x n determinant to n calculations of
(n—1) x (n— 1) determinants by the following procedure. In order to define

det for n x n matrices, we will reduce the problem to n x n matrices of a

very special form: those for which the only non zero entry in the first row or

column is in the 1,1 position.

o

0

For such a matrix, det A = adet A;. To see this note that the determinant
of A1 can be found by applying elementary row operations until it is upper
triangular and then multiplying the diagonal elements. Row ¢ of A; appears
with a 0 appended in the first column as row ¢+ 1 of A, so if we add 1 to all
of the row references in the process of reducing A to upper triangular form
we get the operations needed to reduce A to upper triangular form. Since a
is the diagonal element this tells us that det A = adet A;. Now suppose we
are given an n x n matrix M = [[m;;]]. For each pair (i,7) let Mj; be the

(n — 1) x (n — 1) matrix obtained by crossing out the it row and the jth
column of M. This is called the 77 minor. We will show that

det M = Z(—l)j+1m1j det Mlj-
j=1

Consider the matrices A; which are identical with M except that all of the

entries in the first row except the jth have been replaced by zeros. By
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multilinearity, we must have

det M = > det A;.

J=1

Since we know that adding a multiple of one row to another does not change
determinants, each the A; may be replaced by the matrix B; which has all
entries in the jth column except the first changed to zero as well. These
matrices Bj would look like the special type of matrices for which we know
the determinant, if only we were to exchange columns until the non zero entry
in the first row were also in the first column. This involves j — 1 interchanges.

If we call the resulting matrix C; then

Cmi; 00 - 0
0
R
C; ) M, ;
- O -

and '
det Cj = (—1)3_1 det Bj.

This tells us that det C; = my; det My;. In summary we have to have the
following calculations:

detM = detAj=> detBj=) (—1)'"detC; =Y (—1)'"my; det My;.
j=1 j=1 j=1 j=1

In general we can use row ¢ instead of row 1 by interchanging rows ¢ — 1
times to get it to the row 1 position (multiplying by (—1)""!) and then
expanding by minors:

det A=) (=1)7'(=1)"'a;;det Ay = Y (—1)"ay; det Ay;.
j=1 j=1
We can also use the fact that det A = det A’ to get expansion using a column
instead of a row:

det A = (=1)"ay det Ay.
=1
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Example: Calculating determinants

1 20
det | O 0 1 —1det{8§1
0 0 3
= 1-0=0
Example: A 4 by 4 example
1 0 2 1
2 1 4 6
L
1 111
1 4 6 2 4 6] 2
=1ldet | 0 1 8 |—-0det| 3 1 8 |+2det| 3
1 1 1 11 1) 1
1 8 0 8] 0
—1(ldet{1 1]—4det{1 1_+6det{1
0 8 3 8
+2(2det{1 1]—1det[1 1]+6det[
01 31
—1(2det{1 1]—1det{1 1}+4det{

— 1(1(1—8) — 4(0— 8) + 6(0 — 1)) — 0

1
0
1

—_

|

6
8 | —1det
1

) =0

i

+2(2(0—8)—1(3—8)~+6(3—0))—1(2(0—1)—1(3—1)+4(3—0)) = 25.

o
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This same example was also done in the previous section using elementary

row operations. Compare the amount of work involved.

=

— =
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Exercises 12.2:
Rework exercises 1-11 of the previous section using expansion minors. Use

any convenient row or column.

12. A tridiagonal matrix has nonzero entries only on the main diagonal
and in the diagonals directly above and below the main diagonal. Count
how many multiplications are needed to find the determinant of an n x
n tridiagonal matrix using row reduction to an upper triangular matrix.
Then count the number of multiplications needed using expansion by minors.
Which method is preferable for these matrices?



Chapter 13

Eigenvalues and Eigenvectors

In this chapter we will turn our attention to a very important problem in-
volving linear transformations, that of finding eigenvalues and eigenvectors.
We will see that eigenvalues tell us what the long term behavior of iterations
of a linear transformation are. We will also see how they enable us to find
bases giving particularly nice forms for the matrix of a linear transformation.

13.1 Eigenvalues and Characteristic Polyno-
mials

The simplest example of a linear transformation is one obtained from a scalar
A by taking each vector ¢ to Av. The matrix of this linear transformation with
respect to any basis (using the same basis for both domain and codomain) is
AL Certainly we would not ask for every linear transformation to look just
like this simplest case, but it does turn out to be useful to ask which vectors
have scalars A for which the linear transformation looks like multiplication
by A. If we can find a basis of such vectors we will be able to represent the
linear transformation using a diagonal matrix. We need some terminology
for this situation.

Definition 13.1.1 An eigenvalue for a linear transformation T :V — V
is a scalar X such that there is a nonzero v € V with T'(V) = M. The vector
U 1s called an eigenvector for the eigenvalue .

Definition 13.1.2 An eigenvalue for a matriz T is a scalar \ so that there
is a nonzero column vector v with TU = \U.

273
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It is clear that the eigenvalues of a linear transformation and the eigenval-
ues of the matrix representing it with respect to a basis are the same. This
means that we can find eigenvalues for linear transformations by finding
eigenvalues for matrices. It also means that if two different matrices rep-
resent the same linear transformation with respect to different bases, then
they will have the same eigenvalues, since the eigenvalues are properties of
the transformation and not artifacts of how we represent it. Some of the util-
ity of eigenvalues arises from the nice forms that they let us find for matrices—
upper triangular forms and for very nice transformations, diagonal forms.

Example:

The linear transformation L : R? — R? taking [z, y] to [2z, 3y]
has eigenvalues 2 and 3. The vector [1,0] is an eigenvector for the
eigenvalue 2, and [0, 1] is an eigenvector for 3. These eigenvectors
form a basis. If we use the basis of eigenvectors, the matrix for L
is the diagonal matrix

2 0
03]
O

It is not always so easy to tell what the eigenvalues of a linear trans-
formation are. It is, however, easy to check that a particular vector is an
eigenvector for a given eigenvalue.

Example:

The scalars 2 and 1 are eigenvalues for the linear transforma-
tion with matrix
8 .3
-8 2.2

though this is far from obvious from looking at the matrix. If,
however, we are told that [1,4] is an eigenvector for 2 and [3, 2]
is an eigenvector for 1, we can check:

s (4] =[5

and
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In fact, all we really needed to be told was that 2 and 1 were
eigenvalues. We can find eigenvectors by looking at systems of
equations:

Br+ 3y = 2z
—-8r+22y = 2y

which says that

—12x+ 3y = 0
—8x+ .2y =

We can solve this system

-8 20 -8 2 0 0 0 0

N> ~

{—1.2 3 0} —5 R { 1 —.25 0} Ry — 8R, {1 —.25 0}
so we have nontrivial solutions. One such solution can be given
by taking y = 4, from which we get = 1. A similar computation
would produce an eigenvector for the eigenvalue 1. &

This tells us that we can reduce the problem of finding an eigenvalue and
an eigenvector to that of finding the eigenvalue first and then using it to find
the eigenvector.

If we can find the eigenvalue A for a matrix then we can find the eigen-
vector by looking at a system of equations arising from Mv = Av. We do
this by subtracting Av' from both sides to get a homogeneous system of lin-
ear equations. This suggests a way to find eigenvalues: see when the system
M© = AU has non-trivial solutions. This equation has ¢ on both sides so we
subtract A7 to get M@ — A7 = 0. Writing this system in matrix form gives
(M — AI)¥ = 0. This system of equations will have nontrivial solutions if and
only if (M — AI) does not have an inverse; that is, when its determinant is
Zero.

Definition 13.1.3 The characteristic polynomial of the matric M 1is
pm(A) = det(M — AI).

Example:
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The characteristic polynomial of the matrix

{(2) g] is det[26>\ 38)\}
which is (2—))(3—)\) = 6—5A+A2. The roots of the characteristic
polynomial are 2 and 3, the eigenvalues of the matrix. &

Example:

The characteristic polynomial of the matrix

8 37, 8-\ .3
{—.8 2.2} " det{ 8 22— )

which is A2 — 3\ + 2. The roots of the characteristic equation are
the eigenvalues 2 and 1. &

The examples illustrate the method used to find eigenvalues, at least for
2 by 2 and 3 by 3 matrices. In theory the method would work well for larger
matrices as well, but in practice it can be very difficult to find the roots of
the characteristic polynomial. It is also easy to find examples of matrices
which do not have real eigenvalues, since there are lots of polynomials with
no real roots.

Example: Complex eigenvalues

As an example, consider the rotation by 45 degrees, which has
matrix with respect to the standard basis

|

A2\ +1

S
S-S

and characteristic polynomial

which has no real roots. It does, however have two complex roots.
Thus if we consider the matrix as representing a linear transfor-
mation from C? to C? instead of from R? to R? there will be
eigenvalues. O



13.1. EIGENVALUES AND CHARACTERISTIC POLYNOMIALS 277

Indeed the fundamental theorem of algebra (which says that any polyno-
mial over the complex numbers factors into linear pieces) tells us that we can
always find n eigenvalues for an n by n matrix over the complex numbers.
The usual proofs of the fundamental theorem of algebra are, however, both
beyond the scope of this course and nonconstructive. Still, when working
problems involving eigenvalues we usually work over the complex numbers.

Example: Finding complex eigenvalues

Find the eigenvalues (in the complex numbers) for the matrix

)

We find the characteristic polynomial

2—-A 4 }

ey | = @8N -2

det [

= —164+6 A+X2—24
= A2 46\ —40.

This has roots
N —6 £ /36 + 160
n 2

or A= —10 or 4. &

Example:

Find the eigenvalues of
1 -1
1 1

1—Xx -1 }

by taking
1 1—A
to get (1 —A)(1 — ) +1=2—2\+ A2, which has roots

2+ 4-8
==

det [

A =1+
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Exercises 13.1:

1. For the following matrices M show that the vector v is an eigenvector:

(a)M:B ﬂanda:{g]

5 -3 -9 1
(b M=| -3 5 9 |andv=| —1
3 =3 =7 1

2. Given that X is an eigenvalue for the matrix M find an eigenvector with
eigenvalue A:

300
(a) A=3 M=1|1 30
|0 0 4
[0 0 0
(b) A=3 M=|10 -6
(01 5
[ -1 -9 0
(c) A=2 M=| 1 5 0
| -4 —12 1

3. Find the characteristic polynomials of the following matrices:

2 3

ot
D

(a)

Ne)

1
(-
o0 w

1 T LI |
Nk OO+ OO OO+

coO Ul OO P, OO O

O YW © oo
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4. Find the eigenvalues of the following matrices and give an eigenvector
for each eigenvalue you find:

]
w

(a)

(b)

(c)

1T 10
OO = OO OO

coO T H OO O Ut
—_

Neolie) N en]

5. Prove that if A is an eigenvalue for M with eigenvector V then A —r is
an eigenvalue for M — rI with eigenvector v.

(=)

. Suppose you know the eigenvalues of M; how do you get the eigenvalues
for M"™?

7. How are the eigenvalues of M related to the eigenvalues of M~1?

8. Show that if 0 is an eigenvalue of L then L is not invertable. Does the
converse also hold?

9. Show that if L is nilpotent (i.e., L™ = 0 for some n) then 0 is the only
eigenvalue for L.

10. Show that applying elementary row operations to a matrix will, in
general, change its eigenvalues.

11. Show that similar matrices have the same eigenvalues.

13.2 Eigenvalues and Special Forms of Ma-
trices

Because of the properties of determinants there are certain forms of matrices
for which the eigenvalues can be determined by inspection. It is not hard
to see that a diagonal matrix has its diagonal entries as eigenvalues: the
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eigenvectors are the corresponding standard basis elements. It turns out
that the eigenvalues of an upper triangular matrix are also given by the
diagonal elements.

Theorem 13.2.1 If A is upper triangular then the eigenvalues of A are the
diagonal entries a;;.

PROOF:

The characteristic polynomial is det(A — AI). The matrix
A — Al is upper triangular, so its determinant is the product of its
diagonal entries. This tells us that the characteristic polynomial
of A is the product of linear factors of the form (a; — A\). Thus
the roots of the characteristic polynomial, the eigenvalues, are
the diagonal entries. 1

Example: An upper triangular matrix

The eigenvalues of the matrix

1 2 3 4
0 —4 7 195
0 0 -1 1
0O 0 0 1
are 1,-4, and -1, with 1 repeated. &

It is easiest to find eigenvalues of 2 by 2 matrices since we can always
use the quadratic formula to solve the characteristic equation. The algebra
involved in finding eigenvalues of larger matrices increases precipitously as the
size of the matrix increases. One approach to larger matrices is to partition
them into smaller matrices. If there is a block of zeros in the lower left hand
corner of the matrix we get the following result:

Theorem 13.2.2 [f the matriz M can be partitioned into four blocks
A B }

M:{o C

where A and C are square matrices, then the characteristic polynomial of M
is the product of the characteristic polynomials of A and C.
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PROOF:

The matrix M — AI also has a block structure with A —AI and
C — Al in the diagonal positions. To calculate the determinant
of M — AI we apply row operations to get it to upper triangular
form. The row operations applied to A — Al to make it upper
triangular are the same as the ones used to make the first block
of columns of M — AI look upper triangular and they do not
affect the lower right hand block. The row operations used to
complete the upper triangularization of M —AI make C—AI upper
triangular and do not change the work already done. This means
that the calculation of det(M — AI) proceeds by making A — AI
and C — AI upper triangular and then multiplying their diagonal
entries. That means that det(IM — AI) = det(A — AI) det(C — AI).
This says that the characteristic polynomial of M is the product
of the characteristic polynomials of A and C. 1

Corollary 13.2.3 Under the same hypotheses as the previous theorem, the
eigenvalues of M are those of A together with those of C.

PROOF:

The roots of det(A — AI) det(C — AI) will be the roots of either
factor. Thus the eigenvalues of M are those of A and those of C.
1

Example: A block diagonal matrix

The eigenvalues of

O O =N
S O N =
|
l\JCOU'C»J
N = =

are those of

2 1 d 31

12| 22
They are the roots of A2 — 4\ + 3 and those of A2 — 5\ +4. These
give eigenvalues 1 and 3 and 1 and 4, respectively. &
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At the end of Chapter 9 we considered companion matrices for m on m-
cyclic subspaces. These had 1’s below the diagonal and no other non-zero
entries except in the last column. We can read the characteristic polynomial
of such a matrix out of the entries in the last column:

Theorem 13.2.4 If M is a companion matriz with final column

aop
a1
an—1
then
(A = (=1)" M ag + ard + apA? + .. ap AT A,
PROOF:

This is actually just a calculation of det(IM — AI); the question
is how best to take advantage of the special form. What we do
is to make judicious use of row operations and then expand by
minors using the first row. We start with the determinant

[ - 0 0 0 ... ao 1
1 =X 0 0o ... aq
0 1 —A 0 co a9
det ) ) )
0 0 ce 1 - Ap—2
0 0 0 ... 1 (apq—2N

and then systematically use the 1 below the diagonal to get rid
of the —\ on the diagonal. These row operations do not change
the value of the determinant, so

-\ 0 0 0 ... ao
1 =X 0 0o ... ai
0 1 =X 0 ... Qs
det(M—AI) = det ) )
0 0 ... 1 0 apo+a,_1)—\
0 0 0 .. 1 (@1 — \)
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[ - 0 0 0 ... ao ]
1 =X 0 0 a;
=det | - g 3
0O ... 1 0 A3 + An_oX + ap_1 A2 — X3
0 0 Ce 1 0 Ap_o + an,l)\ — )\2
00 0 ... 1 (an_1—N) |
[0 0 0 0 ... ag+aid4a 4. . +a, A\ —A" ]
1 0 0 0o ... a1+a2)\+...+an_1)\”*2—)\”*1
=det | - - :
0 ... 1 0 U3 + Qo + ap_1 A2 — N3
0 0 Ce 1 0 Ap_9 + an,l)\ - )\2
o 0 o ... 1 (a1 — ) |

This last determinant can be expanded by minors using the
first row to get

det(M — AI) = (—=1)"™(ag + a1 A + ag)® + ... + @ A1 = \").
I

Eigenvalues can be easy to find for matrices in special forms; similarly,
special forms for matrices for a linear transformation can be found by using
eigenvectors in a basis. In particular, if there is a basis consisting entirely of
eigenvectors then we can represent the linear transformation by a diagonal
matrix. It is therefore of possible utility to study linear independence for
eigenvectors.

Theorem 13.2.5 If the vectors vy, ..., U, are eigenvectors for the distinct
eigenvalues A1, . . ., \p, for the linear transformation L, then the set {0y, ..., Uy}
1s linearly independent.

PROOF:

Suppose that the set of s is dependent. Then there is a first
U, which can be written as a linear combination of the previous
v’s. By taking the first we guarantee that the set {#,...,¥,_1}
is independent, so there is only one way to write v,, as a linear
combination of the others, say



284 CHAPTER 13. EIGENVALUES AND EIGENVECTORS

Applying the transformation L we get

If A, = 0 this shows that the set {#},...7,} is not independent,
so we may assume that A\, # 0. Dividing by A, we get

n—1
a\;
Up = V;

An

which is a different way of writing 7,, as a linear combination
of the previous ¢’s since \; # A, for all i. This contradicts the
uniqueness of the representation, so our original set of vectors
must have been linearly independent. 1

Corollary 13.2.6 If a linear transformation from an n-dimensional space
to itself has n distinct eigenvalues then it can be represented by a diagonal
matrix.

PROOF:

Use a set consisting of one eigenvector for each eigenvalue for
the basis. 1

We cannot always find a basis so that the matrix for a linear transforma-
tion is diagonal-if eigenvalues are repeated there may or may not be a basis
of eigenvectors. We can, however, always get an upper triangular matrix by
proper choice of basis.

Theorem 13.2.7 For any n x n complex matriz M there is an upper trian-
gular matriz U which is similar to M.

PROOF:
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[Following Wesson, Lessons in Linear Algebra, Merrill,1974]
We argue by induction on n.

If n =1, then M is already upper triangular.

Now suppose that we have the theorem for all matrices which
are k x k and we wish to show that the theorem holds for (k +
1) x (k+1) matrices. Let A be a (k+1) x (k+1) matrix. By the
fundamental theorem of algebra, the characteristic polynomial
for A has a root in C, say A;. This eigenvalue will have an

eigenvector, say #;. We can extend to a basis (171,51, e ,I;k).
With respect to this basis the matrix for the linear transformation
has the form
B — At A
0 Ay

where Ay, is a k X k matrix and 0 is a column of zeros. Since
matrices for the same linear transformation with respect to two
different bases are similar, this gives us a matrix similar to A.

Now Ags, as a k X k matrix is similar to an upper triangular
matrix, say Usgg. So there is a matrix Pyy such that P521A22P22 =
Uys. Now let P be the matrix

1 0
0 Py
4 [1 0
P = lo P,
SO

—1 o 1 0 )\1 A12 1 0 o /\1 A12P22
P BP_[O P 0 Ay 0 Pno| | 0 U,

and observe that

which is upper triangular. Similarity is transitive, so this shows
that A is similar to an upper triangular matrix. 1

Example: Triangularization
Let us find an upper triangular matrix similar to

0 0 1
M=|10 1
01 -1

285
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which has characteristic polynomial p(A) = X3 + A2 — X -1 =
(A + 1)2(A — 1). A little work gives us [—1,0,1] as an eigen-
vector for the eigenvalue A = —1. Extending gives the basis
([-1,0,1],[1,0,0],[0,1,0]). If the linear transformation M has
matrix M with respect to the standard basis then the matrix for

the linear transformation M with respect to this new basis is
-1 0 1
0 01
0 10

which is thus similar to M.
Let us now focus on the 2 X 2 matrix

)

in the lower right corner. It has eigenvalues A =1 and A = —1,
so it is similar to the diagonal matrix

5]

obtained by using a basis of eigenvectors. One possible such basis
is ([1,1],[1, —1]). The matrix Pos which does the change of basis
is then

which has inverse

so that

]l Al AT

Now we know that

NI NI
N |

-1 0 1
M ~ 0 01
0 10
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and

S

S~

— O O

— — O

o O -
_ o O
01_21n2

O —HlNH|N

SO

Exercises 13.2:

For problems 1-10 find the eigenvalues of the following matrices:

1]

4 1

0 2

3

-5

00

-1 2 0

0 0

00 0 03

}

117000
11000
00 00O
001O0O0
000T13

1.

4.
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10.

11.

12.

13.

CHAPTER 13. EIGENVALUES AND EIGENVECTORS

00 6
10 1
_1_6_
[0 0 —1 ]
1 0 -3
_1_3_
[1 4 2 3
2 311
002 3
00 21
[0 0 0 0 0
10000
01000
00100
000 11
[0 000 0
1000 O
0100 0
0010 =2
(0001 3

Show that the matrix

[0 0
10
0 1

2
1
—2

Give the change of basis matrices as

Show that the matrix

[0 0
10
01

—4
4
1

Give the change of basis matrices as

Show that the matrix

matrix. Give the change

o = O

0
0
1

o

1
-3
3

is similar to a diagonal matrix.

well.

is similar to a diagonal matrix.

well.

is similar to a upper triangular

f basis matrices as well.
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14. A matrix is symmetric if m;; = mj; for all ¢+ and j. Show that a
symmetric 2 X 2 matrix must have real eigenvalues.

13.3 The Power Method

Using the characteristic equation to find eigenvalues can be a very cumber-
some approach. In many applications (notably those of predicting the long
term behavior of population models) what is needed is the principle eigen-
value, that is, the one with the largest absolute value. The power method,
described in this section, provides an iterative approach to approximation of
the largest eigenvalue of a reasonably large class of matrices.

To see how the method works, suppose that M has distinct real eigenval-
ues Aq,...,\,. Then there is a basis of eigenvectors (l;l, . ,l;n) with each b;
an eigenvector for \;. If we take any vector ¢, we can write it as

i=1
Multiplying by M we get
i=1

If we then divide by the eigenvalue with largest absolute value we will get a
new vector with the same component for the principle eigenvector but with
all of the other components reduced. Continuing this process will eventually
lead to all of the components other than the component in the direction of the
principle eigenvector vanishing. Thus in some sense the principle eigenvalue
tells us what the long term behavior is.

As a procedure for finding the principle eigenvalue what we have just
done is no help, since we needed to know what the principle eigenvalue was
so that we could divide by it. So we devise a method which lets us estimate
the eigenvalue while we are converging (we hope) to an eigenvector. We
start with a vector ¢ which has its largest component equal to 1 when it is
represented using the standard basis. We then multiply by M and then divide
by the entry with largest absolute value. If all goes well this will converge to
an eigenvector. Eventually multiplying by M has the effect of multiplying
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each component by the same (or approximately the same) number. The
process we have described will then stabilize.

Example: Power method

Let us look at an example. The matrix

u[11]

has eigenvalues 4 and 1. If we start with the vector [1,1] and
apply the power method we first multiply by M to get [4, 3], then
divide by the largest entry (4) to get the next approximation to an

eigenvector: [1, %] Repeating this process leads to the following

results:
largest entry | next iterate
4 [1,.6875]
4 [1,.671875]
4 [1,.66796875]
4 [1,.666992187]
4 [1,.666748046]
It is not hard to see that the eigenvalue is 4. The approximate
eigenvectors are approaching the eigenvector [1, %] &

Let us try an example where it is not so obvious what the eigenvalues
are.

Example:

Let M be the matrix

1
2
-1

= DN
S O W

and start with the vector [1,1,1]. The following results are ob-
tained:
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largest entry of M | next approximate eigenvector
12 [.5,1,.25]

6.5 9,1,.538461538
8.23076923 5,1,.425233645
7.55140187

[ ]
[ ]
[.5,1,.463490099)]
7.7809406 [.5,1,.449817083]
[ ]
[ ]

7.6989025 5,1,.454610251
7.72766151 5,1,.452918389
after 20 iterations
7.72015326 [.5,1,.453358876]
at which point no further changes occur to within eight deci-
mal places. &

How can the algorithm fail? Two possibilities exist: if we start with a
vector which completely misses the subspace of V spanned by the eigenvectors
for the largest eigenvector the algorithm may converge to a smaller eigenvalue
and eigenvector for it. It can also happen that there are two eigenvalues with
the same absolute value.

Example:

An example of this is the matrix

01

10
which has eigenvalues 1 and -1. If we start with the vector [1,1]
we will get the eigenvalue 1 and the eigenvector [1,1] immediately

(lucky guess for the starting point!). If on the other hand we start
with [1,0], we will get an alternation between [1,0] and [0,1]. <

Periodic behavior in the approximate eigenvalue and approximate eigen-
vectors suggests multiple principle eigenvalues. If we have complex eigenval-
ues we also get periodic behavior. Since complex eigenvalues for real matrices
occur in conjugate pairs, we always have two complex eigenvalues with the
same absolute value.

Example:
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As an example consider the matrix
1 -1
1 1

which has complex eigenvalues. If we apply the power method
starting with [1,1] we get the following pattern:

largest entry of M4 | next approximate eigenvector
2 [0,1]
-1 [1,-1]
-2 [1,0]
1 [1,1]
2 [0,1]
1 [1,-1]
-2 [1,0]
1 [1,1]
Clearly we are caught in a loop. &

Exercises 13.3:

1. Use the power method to find the principle eigenvalue and an eigen-
vector for it for the following matrices:

1 2
<a)[2_3}
[0 1 1
Mb) |1 01
110
(1 1 2
(c) |1 2 -1
2 1 3

2. Suppose that the n by n matrix M has n distinct eigenvalues Ay ... \,,.
Show that M — A1 has n distinct eigenvalues 0, Ay — Aq,... A\, — A1,
This allows us to use the power method to find smaller eigenvalues too.



Chapter 14

Inner Products and
Approximation

So far we have not put the ideas related to the dot product of two vectors in
the plane in a more general setting. Our vectors have no notion of magnitude
or angle between them yet. In some cases such notions would be artificial.
(What would the angle between two polynomials mean, particularly if they
do not have intersecting graphs? We will see that there is a notion of or-
thogonality for polynomials which is important, though it has nothing to do
with the angle formed at the intersection of the graphs.) When we add the
analogue of a dot product, called an inner product, we are adding additional
structure. This additional structure turns out to be very useful.

14.1 Definition and Examples

What additional structure should we add to get the analogue of a dot prod-
uct? Let us consider the properties of a dot product: the dot product of
two vectors is a scalar; it doesn’t matter what order we write the product in;
scalar multiples and sums behave nicely with respect to dot product. There
were other properties, too; look back at the end of Chapter 4 . The next
definition captures what is needed. (In this book we only consider real valued
inner products. Complex valued inner products are also important, but a bit
more complicated.)

Definition 14.1.1 An inner product on a vector space V over the reals is

- -

a function from V x 'V to R whose value at (@, b) is denoted (@ | b), satisfying

293
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the following axioms:

Symmetry: @|b)=(b|a)
Positive definiteness: (@ | @ > 0 with equality if and only if @ = 0
Linearity: (@ | kb) = k(@ | b)

@b+ =(a|b)+(@|d

Note that symmetry tells us that what we have said for the linearity in
the second variable also holds for the first variable.

Definition 14.1.2 If ( | ) is an inner product on V and @ is a vector in
V, then the norm of d, denoted ||d|| is \/{d | @).

The square root in question always exists because of positive definiteness.
The norm gives us a notion of length for vectors in an inner product space.
We also get a notion of orthogonality:

Definition 14.1.3 Two vectors ¥ and W are said to be orthogonal if (T|w) =
0.

We will call a vector space over the reals which is equipped with a (spec-
ified) inner product an inner product space. The examples will show that
it is quite possible for a vector space to have several different inner products.

14.1.1 Examples in R"

Dot product: The dot product of vectors in R? is a function from R? x R?
to R satisfying the axioms for an inner product space. That is, after all,
where we got the idea for the axioms.

A similar dot product may be defined on R" by

[ax, -y an] - [y, ba] =) ab.
=1

The symmetry of the dot product will follow from n applications of com-
mutativity of the reals. Positive definiteness follows from the fact that the
dot product of a vector in R™ with itself is the sum of the squares of the
scalar components and so is positive unless all of the components are zero.
Linearity follows from the associative and distributive laws in R.
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Example:

The dot product of the vectors [1,2,3,4] and [1,—-2,—1,3] is
IX1+2%x-243Xx-14+4%x3=1-4-3+12=6.
The norm ||[1,2,3,4]] is V12 + 22 + 32 + 42 = /30. &

Weighted dot product If @ is a vector in R™ all of whose components are
positive, then w can be used as a set of weights in defining an inner product:

n
i=1

It is clear that this inner product satisfies axioms symmetry and linearity.

The reason that we need all the components of w to be positive is so that

(d@ | d) is certain to be a sum with no negative terms and with zeros only

when @ has a zero component.

Example:

The weighted dot product of the vectors [1,2,3,4] and [1, —2, —1, 3]
using the weights @ = [1,2,2,1]is I x I x 1 +2x2x =2+ 2 X
3X—-141x4x3=1—-8—-6+12=—1.

Using this inner product

111,2,3,4]| =vVIXIX1+2x2x24+2X3x3+1x4x4=1/43.
O

14.1.2 Function space examples

We next consider a family of inner products defined using definite integrals.
We have chosen to call the inner products by the names of certain families
of polynomials associated with them.

Legendre inner product: Let V be the vector space of continuous func-
tions from the interval [—1, 1] to R. Since continuous functions are integrable
and the product of continuous functions is continuous we can define the inner

product (f | g) by

(flg)= / 1 f(x)g(x)dz.
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Symmetry will hold because f(z)g(z) = g(x)f(z). Linearity follows from
simple properties of integrals. The only sticky point is showing that positive
definiteness holds. Now (f | f) is the integral of f2 on [—1,1], and f? is
always bigger than or equal to 0. We need to show that the integral will be
zero only if f is identically 0. Now f? is continuous, so if it is strictly positive
at a point a it will be bigger than f?(a)/2 on some interval (a — d,a + §)
for small enough J. This is enough to guarantee that the integral of f? is at
least 6 f%(a)/2, which is strictly positive.

Example: Legendre inner product

Let f(z) =z and g(z) = * — 1, then

1

<f|9>= w(z? = 1) do =

171 = \/ x2dx—\f
%

The concept of magnitude which results from this kind of inner product
is important in engineering and physics. If instead of the interval [—1, 1] you
use one period for a periodic function (say [—m, 7] for the sine) and then
divide by the magnitude of the constant function 1, you get the root mean
square magnitude of the function. This turns out to be exactly the right
approach for measuring, for instance, the power in a signal.

One of the major uses of inner products on spaces of functions is the
measurement of the error in an approximation: use the inner product to
calculate the magnitude of the difference between what you want and what
you have. Often it makes a difference where the error occurs. For instance,
if you are approximating the mortality function in calculating life insurance
rates you will be less concerned about errors in the approximation for people
over 90 than you would be for people between 30 and 40, so you would put
more weight on the interval between 30 and 40 than you would on the interval
90 to 100. For such situations we use a weighting function w(z) in the integral
in the same way we used a weighting vector « in the earlier example. For
the result to be an inner product it suffices for w(z) to be strictly positive
on the interval used in the integral. One can actually allow w(z) to be 0 in
isolated points, though it is rare that such weights are desired.
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The most important examples of weighted inner products use improper
integrals.

Hermite inner product: One possibility, the Hermite inner product, is
to use the bell shaped curve of a normal distribution as a weighting function:

(flg) = /_OO f(:c)g(:c)e’IQd:c.

The integration technique involved in using this inner product is a bit tricky,
so we give a table for some selected powers of x:

n |7 e dx
0 NZS
1 0

2 VT
3 0

4 sym
5) 0

6 2w
7 0

8 % T
9 0
10 2 /n

Example:

Let f(z) = z and g(z) = 2* — 1, then

(flg) = /mx@?—waﬁdxzo

—00

o 1
171 = \/ | wertdo =[5
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Laguerre inner product: Another important example is given by

UW9%=Awf®mwk*m;

Here an integration by parts argument will give

o0
/ 2" dx = n!
0

making calculations with the Laguerre inner product of polynomials not too
difficult.

Example:

Let f(z) = z and g(z) = 22 — 1, then
(flg = / m(xz—l)e*“d;c:3!—1!:5
0

A = [ e do=vE= V2

0
¢

Both of Laguerre and Hermite inner products occur naturally because of
connections with differential equations which have been found to be impor-
tant in physics.

Tchebyshev inner product: Our last example is the Tchebyshev inner
product, which has important applications in numerical analysis where it is
used to find the best points to use in interpolation. Here the interval used is
[—1,1] and the weighting function is w(x) = \/1;_7 .

Because the integration technique involved in evaluating the integrals for
the Tchebyshev inner product is a bit delicate (the integrals which result
are improper at both end points and require both trigonometric substitu-

tions and even powers of sin(f)), we include a table of values of the integral
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1 g .
f—l \/T7 dx:
™ 1 ™
n i s dz I, A dz
0 arcsin(z) T
1 —V1—2? 0
v/ 1—12 resin(z) s
2 _ 5 —l— a CS2 5
3 N (—%—%) 0
4 V1—a? (—%’” - %) + 2 arcsin(z) &
/ 8 42 xt
6 V1—a? (—‘;’—gé — i %) + 2 arcsin(z) s
16 _ 8z _ 6zt _ xS
7 Vl—l"z(—%—%—ﬁ—?) 0
35z _ 35z3 _ Ta® _ a’ 35 : 35w
8 \/1—x2<—m—ﬁ—@—§>—i—marcsm(x) o8
Example:
Let f(z) = z and g(z) = 2> — 1, then
102
x(z® —1)
= ————dx =0
o = [ i
1 2
x s
= ——dx = /=
I \// L w=\3
&

14.1.3 Cauchy-Schwarz and the Triangle Inequality

We finish this section with two important inequalities which follow from the
definition of an inner product. They generalize results about dot products
and distances discussed in chapter 1.

Theorem 14.1.1 (Cauchy-Schwarz Inequality) For any inner product
space

-

@l by < (@l ayb|b.
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PROOF:

Corollary 14.1.2 (The Triangle Inequality) In any inner product space

Ifb= 0, then the theorem is trivial, so let us consider the case
where b is not 0, so that (b | b) is strictly positive.

The only axiom for inner products which has an inequality in
it is positive definiteness, so we must find a way to use it which
involves both @ and b. Let us apply it to a vector of the form
@+ xb:

(@+ab | @+ xb) > 0.

Applying the other axioms we get

(@+ab | d@+ab) = <c?—|—935|6>f<6 |sz> o
= (@] @)+ @) +a{@]b)+a(zb | b)
= (@] a)+2(a|b)x+(b]|ba*

If we now think of this as a quadratic expression in x and treat
the inner products as coefficients, we can pull the theorem out
of high school algebra. If Axz? + Bx + C' is always going to be
non-negative and A is positive then there can be at most one real
root. That means that the discriminant B2 —4AC, which appears
under the radical in the quadratic formula, must be non-positive.
Applying this in the current situation we see that

(2(@ | B))* —4(@ | ayb|b) <0

Simple algebraic manipulation then gives the theorem. 1

1@+ ol < flall + b]]-

PROOF:

First note that we know both sides of the inequality are non-
negative, so it will suffice to show that

la +ol* < (llall + [18l])*.

This helps because
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which we can calculate.

(@+b|a+b) = @|a+b+|a+
= (a|d) +2a|

is certainly true that the weaker statement (7 | b) < ||@|||b]| is

true. Thus
(@+b|a+b) < (ala)+2alllbll + b | b)
< |la@ll* + 2all|b]| + [|b]1*
= (llall + fol))?
as needed. |

Exercises 14.1:

1. Prove in detail that the Legendre inner product is in fact an inner
product on the space of continuous functions from [—1, 1] to R.

2. Ifw =[1,2,2,2,3] and @ = [0,1,2,3,4] and b = [9, 3,5, 1, —6] then find

(a) (@

-

) using the weighted inner product

using the weighted inner product

3. Given that @ = [1, 2, 4], b= [3,7,1] and ¢ = [2,0, —1] use dot product
to find

(a) (@lb+ & and (@]b) + (@e)
(b) [|a]|[5] and (a]b)?
(¢) k so that (@+ kb|é) =0
4. Use the fact that fooo x"e *dxr = n! to find the Laguerre inner product
of f(z) =z + 1 and g(x) = 2? — 1.



302

CHAPTER 14. INNER PRODUCTS AND APPROXIMATION

. Using the Legendre inner product find ¢ so that f(x)
g(x) =1 are orthogonal; that is, so that (f | g) = 0.

. Find [|2?|| using

(a) the Legendre inner product
(b) the Tchebyshev inner product

(c) the Laguerre inner product

. Find (z — 2|z® + 1) using

(a) the Legendre inner product
(b) the Tchebyshev inner product

(c) the Laguerre inner product

. Ilustrate the triangle inequality by finding

]| + (1] and [l2* + 1]
using

(a) the Legendre inner product
(b) the Tchebyshev inner product

(c) the Laguerre inner product

14.2 Orthogonal Bases

If V is an inner product space there is more that we can ask for in a basis.
Since we have notions of orthogonality and length we can ask for the basis
vectors to be pairwise orthogonal and have unit length. Part of our reason
for asking for these properties is given by the next theorem.

Theorem 14.2.1 If a set of non-zero vectors {dy, ..

PROOF:

T + ¢ and

., @n} has the property
that (@, | d;) =0 for all i # j, then it is linearly independent.
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Suppose, to the contrary, that the set is dependent. Then
there are scalars k1, ...k, not all 0 so that

kydy + ...+ kpd, = 0.

Suppose that k; is non-zero. If we take an inner product on both
sides with a@; we get
(ks | @)+ ...+ (kadiy | @) + ... (kndln | @) = (0] @).

Now all of the terms (k;a; | @) = k;j{(@; | @;) = 0if i # j and
(0 | ¥) = 0 for any ¢. This tells us that (k;@; | @;) = 0. But
this tells us that k;{(@; | a@;) = 0 so either k; = 0 or @; = 0, both
of which we have assumed to be false. Thus the set is linearly
independent. |

One consequence of this theorem is that when we are looking for a basis in
an inner product space we can save ourselves the labor of checking for linear
independence by making sure that vectors in our set are pairwise orthogonal.
The next proposition tells how to do that.

Proposition 14.2.2 Given a vector v and a vector w not parallel to U,

s (1)
@)

<y
]

U 1s orthogonal to U.

<L

<

PROOF:

Taking an inner product with ¢ gives

If the vectors were parallel then

]

(0 | @)
(@] 9)

Now suppose that we have a set of pairwise orthogonal vectors, or an
orthogonal set of vectors for short, A = {v),...7,}, and a vector W we

v.

W=

=1
<y
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want to write as the sum of a vector in Span(A) and a vector orthogonal to
everything in A. We know that

is orthogonal to #;. So is ¥5. Thus

(o= () ®) - (@) )

will be orthogonal to v} because

(u_f — (M) 171> is orthogonal to 7,

(01 | v1)
as is U, and it will be orthogonal to v, by Proposition 6.3.2. Continuing in

this manner we see that .
i1 (T | o)

is orthogonal to all of the #;. This is the essence of the Gram Schmidt
orthogonalization process.

Theorem 14.2.3 (Gram Schmidt Orthogonalization process) If (dy, ...

is an ordered set of vectors and we define

—

b1 = CTl
j_l — 7
- _ (@; | bi) >
bj = CLj — Z _,J—_,bz,
i=1 <bz' | bz‘>
Then the resulting set {51, e ,l;n} 1s an orthogonal set which spans the same
subspace as the set {ai,...,d,}. If we omit from the set of b’s those which
are 0 we get an orthogonal basis for the subspace spanned by (dy,. .., d,).

PROOF:

We will prove this by induction on n. If n =1 there is noth-
ing to prove since any one element set is an orthogonal set. So
suppose that we have the theorem for n = k, we need to show
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that the set {51, e ,l;kﬂ} is orthogonal. Since we are assuming
that the set {by,...,b;} is orthogonal, we need only show that
brs1 € {bl, ...,bi}t. Let j be a number between 1 and k. We

know that b is orthogonal to all the other b with ¢ < k so the

sum
k/. -

b;) -
3 { %+1 |g >b¢
i1 Gl
i F ]
is too. Thus it will suffice to prove that
1 | bj) >
st — Mbj
(bj | b))
is orthogonal to l;j. But this is exactly what Proposition 14.2.2
tells us.

To see that the subspace spanned by the d’s is the same as
the subspace spanned by the b’s we need only note that each bk is
defined as a linear combination of the vectors a; ... d, and that
it is easy to see how to write dy as a linear combmatlon of the
vectors 1)1 to bk

l

—~ | 2

For the comment that the b’s form a basis for the subspace
they span if we omit zeros, recall that an orthogonal set of nonzero
vectors is linearly independent. A linearly independent spanning
set is a basis. 1

The calculation carried out in the Gram Schmidt process is somewhat
easier if at each point we replace I;Z by the unit vector in the same direction.
This process, called normalization, forces (b; | b;) to be 1, saving a lot of
division. The result is what is called an orthonormal set of vectors and the
process is called Gram Schmidt orthonormalization.

Definition 14.2.1 A set of vectors {¥1,...,0,} is called orthonormal if

aig={8 42
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Example:

The standard basis {[1,0,0],[0,1,0],[0,0,1]} is an orthonor-
mal basis for R3. &

Example:

Use the Gram Schmidt process to find an orthogonal basis for
R3 starting with the set {[1,1,1],[2,1,1],[2,2,1]}. We get

bl = [17171]

. [2,1,1]-[1,1,1]

by = [2.1.1] —

2 2,1,1] [1,1,1]-[1,1,1]
4

= [2,1,1] - 5[1, 1,1]

— [2/3,-1/3,—1/3]
. 2,2,1] - [1,1,1]
bs = [2’2’1]_[1,1,1]-[1,1,1]
2,2,1] - [2/3,—1/3,—1/3]
— T 2/3,—1/3,—1/3]
= [2,2,1—5/3][1,1,1] — 1/2[2/3,—1/3,—1/3]
— [0,1/2,-1/2]

1,1,1]

Example:

Use the Gram Schmidt process on the set {1, x,2?} with the
inner product

(flg) = /0 flx)g(x)da.

This gives:
b o= 1
- 1
B o= ool
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1
d
_ x_folxx
J, ldx
= x—1/2

LI {e-1/2]z-1/2)

_ x2_f01x dx fo (x—1/2) dx( —~1/2)
J, ldz fo (x —1/2)%dx

= 22 —1/3—(z—1/2)

= 22—z +1/6

6’3 — g2 <$2’1>1 <Z’2|$—1/2> (l’—l/?)

o

This is an example of using the Gram Schmidt process to find orthogo-
nal polynomials. There are many ways of generating certain of the families
of orthogonal polynomials, some using the Gram Schmidt process, some us-
ing differential equations, some using a three term recurrence which can be
derived from Gram Schmidt. Families of orthogonal polynomials have impor-
tant uses in approximation theory, least squares fit of polynomials to data,
and differential equations.

Exercises 14.2:

1. Find an orthonormal basis for R? with dot product using the set {[1, 1], [0, 1]}
as a starting point.

2. Find an orthogonal basis for R? with dot product using the set
{[1,0,—1],[0,1,1],[1,1,1]}
as a starting point.

3. Find an orthonormal basis for R? with weighted dot product with 1 =
[1,2] using the set {[1,1],[0,1]} as a starting point.

4. Find an orthogonal basis for R* with dot product with @ = [1,3,2]
using the set
{[1,0,-1],[0,1,1],[1,1,1]}

as a starting point.
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5. Extend the set {[1,0,1],[2,1,—2]} to an orthogonal basis for R® with
dot product.

6. Use the Legendre inner product

(f1g) = 3 f(z)g(x)dx

to find the first three Legendre polynomials by applying the Gram
Schmidt orthogonalization process to the set {1, x, z?}.

7. Use the Laguerre inner product

(f1g) = / " gy

to find the first three Laguerre polynomials by applying the Gram
Schmidt process to {1, x,2?}. You may use the fact that

o
/ z"e *dx = nl.
0

8. Use the Hermite inner product

(flg = /_00 fl@)g(z)e™ da

to find the first three Hermite polynomials by applying the Gram
Schmidt orthogonalization process to the set {1, x, z?}.

9. Use the Tchebyshev inner product

1
f(x)g(x
(f | g) = / L(Q) di
-1V 1 — X
to find the first three Tchebyshev polynomials by applying the Gram
Schmidt orthogonalization process to the set {1, x, z?}.

10. Show that the set {sin(nx) | n a positive integer }U{cos(mz) | m a positive integer}
is orthogonal using the inner product

(flg)= W f(x)g(x)dz.
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This involves showing that if n # m , then
(sinnz | cosmz) =0,
(sinnx | sinmx) =0
and that f n # m, then
(cosnzx | cosmzx) = 0.

The following identities may prove useful:

: L . :
sinnx cosmz = i(sm(n +m)z + sin(n — m)x)
1
sinnrsinmr = é(cos(n —m)z — cos(n +m)zx)
CoSNT coSmr = é(cos(n —m)x + cos(n + m)x)

This orthogonal set forms the basis for Fourier series representations of
periodic functions as sums of sines and cosines.

11. (Project Problem) The Gram-Schmit process can be quite cumbersome
for finding orthogonal polynomials of high degree. If the inner product
involved has the property that

(2f(2)]g(x)) = {f(2)|zg(x))

then a recurrence with fewer terms works with less effort. What you

do is let
up(z) = 1
w(z) = x— (uolz)uo(z)
un(z) = (z— M) () — Mun_2(m)

<un71 ‘un71> <un72 |un72>
(a) Show that the leading coefficient of these polynomials is always 1.
(b) Show that (u,|u,—1) =0 and (u,|u,—2) = 0.

(¢) Explain why any polynomial p(z) of degree n — 1 or less can be
written as a linear combination of the functions u; where i < n—1.

(d) Show that for £ < n — 2 we get (zu,_1|ux) = 0.
(e) Show that for k < n — 2 we get (u,|ux) = 0.

(f) Use this recurrence to find the Laguerre polynomials with leading
coefficient 1 up to degree 5.
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Figure 14.1: Orthogonal Projection

14.3 Projections and Best Approximations

After going to all the work that the Gram Schmidt process involves one may
well ask why we care so much about orthogonal bases. For an answer let us
recall one of the uses of the dot product in R?. Given two vectors ¥ and
we ask for the vector in the direction of w which is closest to ¢’ in the sense
that ||t — k|| is minimized. If we look at the situation geometrically it is
clear that what we want to do is make ' — kw perpendicular to . (See
Figure 14.1)

This is clear since the shortest distance from the endpoint of ¢ to the line
determined by 0 is along the perpendicular. Since we want (& | v— kwi) = 0,
we want (W | U) — k(uw | @) =0, so

(@17

(@ @)

If we want to do a similar construction in R?, finding the vector in a given
plane which is closest to a given vector, we drop a perpendicular from the
endpoint of the vector to the plane. On the face of it, this does not appear to
be as easy to do analytically as the two dimensional case was. Our approach
is to find two vectors in the given plane which are themselves perpendicular
and find the projection of the given vector onto each of them, then add the
projections. If w; and w, are the perpendicular vectors in the given plane
and v is the given vector then the projection is

- W,

—

w

=
1
N
1

i

&1
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The geometry of two space and three space leads us to suspect that if
we want the vector in a subspace closest to a given vector we should take
a projection along a perpendicular. In other words to find the vector in a
subspace W closest to ' we should write @ as @ + w’ where @ € W and w' is
orthogonal to everything in V and then use w as our best approximation. We
will show that this is, in fact, the case by showing how to use an orthonormal
basis to calculate distance and find projections.

Definition 14.3.1 The projection of ¥ onto the subspace VW is the vector
w €W such that U = w0 + W' with W' orthogonal to every vector in V.

Lemma 14.3.1 If{b,...,b,} is an orthonormal basis for V and 7 = Yo kibi
then ||v]|? = >0, k2.

i=1"
PROOF:
We need only calculate (¢ | 7).
inner product we find that

Using the properties of the

(17\ 77> - (Z/{J_); ‘ Zk]b]>
i=1 j=1
= 3> kik(hi | By)
i=1 j=1

where the last equality follows from the fact that (b; | b;) = 0 if
This means that if we represent our vectors in terms of an orthonor-

mal basis, then the length looks just like the lengths we calculate using the
Pythagorean theorem in Euclidean space.

Lemma 14.3.2 If {b1,...,b,} is an orthonormal set and ¥ is any vector in
V, then the vector

n

n(@) = 3 (5 | BB

i=1
has the property that v — (V) is orthogonal to all of the b;. The vector (V)
is the projection of ¥ onto the subspace spanned by {b,...,b,}.



312 CHAPTER 14. INNER PRODUCTS AND APPROXIMATION

PROOF:

Again all that is involved is the calculation of a rather messy
inner product:

<<6—Z<ﬁ|a>5¢) [B3) = (T 10 = (@B (bi | By)

=1

This lemma tells us how to find the projection of a vector onto a subspace,
provided that we have an orthonormal basis for the subspace. The Gram
Schmidt process tells us how to find an orthogonal basis for the subspace.
Dividing each of those basis vectors by its length gives an orthonormal basis,
so this information is available to us. The next theorem tells us why we want
projections.

Theorem 14.3.3 If W is a subspace of an inner product space V and v is
an element of V, then the element of W closest to U is the projection of v
onto W.

PROOF:

Let {51, o ,gn,l} be an orthonormal basis for W. We know
that we can find one because of the Gram Schmidt process. Let gn
be the unit vector in the direction of 7 — 7(7). Then {br, ..., by}
is an orthonormal set which is a basis for Span(W U {v}). If we
write 0 as Y ., k;b;, then

15 = 7 (@) = [Vknball = | Fl-

Any time we can write U as W + & with @ in W, we know that
W' is in Span({by,...,b,}). Since @ € W we know that its b,
component must be 0. Thus @' must be of the form

n—1
> hib; + knby.
=1
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Hence its length, calculated using Lemma 14.3.1 is

n—1
(Z h?) + k2,
=1

and thus is at least as big as | k,|. This shows that the projection
is the closest element of W to 7. |

Example:

Find the vector in the space spanned by the orthonormal set
1 1 1 1 1
{[_’ Gy _]’ [_? 0, __]}
V3'V3VBTV2TT V2
closest to [0,1,0]. We want the projection of [0,1,0] onto the

subspace spanned by the given orthonormal set. It is

1 1 1 1 1 1
[0,1,0] — [0,1,0]- [%, 7 %Hﬁ’ Vet %}
_ 010].[L0_LHLO_L]

[7 ) \/57 ) \/§ \/5? ) \/§

= [0,1,0] — [1/3,1/3,1/3]
= [~1/3,2/3,—1/3].

Example:

Find the polynomial of degree 2 or less closest to 23 using the
inner product

(f 19 :/0 f(x)g(x)dz.

We have the orthogonal polynomials {1,z — %, 2?2 —x +1/6} as
an example in the last section. To make this an orthonormal set
we need to divide each by its length. (1 | 1) is 1, so no change is
needed on the first.

(—1/2 |z —1/2) =1/12
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so for our second basis vector we use (v/12)(z —1/2). Continuing
with Gram Schmidt

9 9 | x  Ax? 3 4
(22 =2 +1/6) | (z°—2x+1/6)) = (z—c+— —22°+2")de
o 36 3 3
B 1
180’

so our third basis vector is v/180(z* — z + 1/6). The projection

is then

1
/ 2dr +
0

The graphs

</01 V12 — 1/2)dm> V2 —1/2)

1
</ 22V180(z? — o + 1/6)d:c) V180(z® — x +1/6)

0

11 1 1 1

1/4+12(= — =)z —1/2) +180(= — = + —)(2* — 1
JA+12(; = ) = 1/2) +180(; — - + 5 ) (e — 2+ 1/6)
19 1. 3, , 1
Z+1—O(ZE—§)+§(ZL’ —I‘I—a)
1 3 3
20 5 2

are given in Figure 14.3 with the approximation

graphed in black and 2® graphed in gray.

Exercises 14.3:

%

1. Find the vector in the space spanned by {[1/v/2,0, —1/v/2],[1/v/3,1/v/3,1/3/3]}
closest to [1,0,0].

2. Find the vector in the space spanned by {[1//5,0,0,2/v/5],[1/2,1/2,1/2, —1/2]}
closest to [1,1,1,1].

3. Find the vector in the space spanned by {[1,0,1],[2,2,1]} closest to

[1,1,1].
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0.7 0.4 0.6 0.8 1

Figure 14.2: Approximating 3
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. Find the polynomial of degree 2 closest to In(x + 1) using the inner

product
(f]9) = / J(2)g(x)dx.

Hint: Use integration by parts.

. Find the polynomial of degree 2 closest to sin(x) using the Legendre

inner product.

. Find the polynomial of degree 2 closest to sin(x) using the Lageurre

inner product. (This will involve some nasty integration by parts.)

(Project Problem) The problem of finding the best curve of a particular
type for a set of data points occurs often in science. For instance
suppose that we want to find the polynomial of degree 2 which comes
closest to fitting the points (1,0), (2,1), (3,5), (4,0), (5,1) in the sense

that
5

> (p(0) —w)?

i=1
is minimized. Compare the amount of work involved in the following
two approaches.

(a) Since a polynomial of degree 4 is completely determined by its
value at 5 points, the rule

(plg) = Zp(i)Q(i)

defines an inner product on the vector space R[z]4. Use the Gram
Schmidt orthonormalization procedure to find an orthonormal ba-
sis for R[z]s < R[z]4. Then find the projection of the polynomial
of degree 4 passing through the given points onto R[z]s.

(b) The least squares approximation can also be found by applying
multivariable calculus. We want

5
E(a,b,c) :Z(a P +bi+ce—y)?

=1
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to be minimized. This will happen when the partial derivatives
with respect to a, b, and ¢ are all zero. This gives the system of
so called normal equations:

5 5 5 5
a§ z'4+b§ z‘3+c§ P2 = E:iQyi
=1 =1 =1 =1

5

5 5 5
aZi3+bZi2+cZi = Zzy
=1 =1 =1 =1
5 5

5
aZi2+bZi+c5 = Zyi.
i=1 i=1

=1

This system can then be solved to find the coefficients of the ap-
proximating polynomial. Try it and see that you get the same
result.

(c) Which of the methods in a and b would you prefer to use if you
had 100 sets of data of the form (1,v1),(2,v2),...(5,y5). Which
would let you fit a polynomial of degree 3 without throwing out
all of your calculations?

14.4 Approximation in Function Spaces

14.4.1 Fourier series approximations

We noted in the exercises that the set of functions
{1,sin(x),sin(2x), ..., sin(nz), cos(x), cos(2x), . .., cos(nz)}

is orthogonal with respect to the inner product

(flg) = / " H@)g(x)de.

The norm which results from this inner product gives the root mean square
measure of the size of periodic functions. This family of functions is often
used to give approximations to periodic functions in terms of a fundamental
frequency and its harmonics. This approximation of periodic functions by



318 CHAPTER 14. INNER PRODUCTS AND APPROXIMATION

trigonometric polynomials is the first step in analysis of signals using Fourier

series.

If we limit our attention to even functions (those for which f(—z) = f(x))
we can use just the cosine terms, since all the integrals with sin(nz) will give
0. The n'* Fourier coefficient will then be

/] cos(nx / f(z) cos(nz)dz /.

(cos(nz)|cos(nx)

Example: Sawtooth wave
Suppose we start by looking at a sawtooth wave:

w(z) = 1——3: fo<z<nm
1+ 2 zr if —7r <2 <0

and then extend using periodicity. This looks like this:

AN

A sawtooth wave

The Fourier coefficient is
J7_w(x) cos(nx)dx

= for n > 1.
T n2m2 -

This makes it fairly easy to approximate w(z) using trigonometric
polynomials. If we use the first three terms, we get

4cos(x)  4cos(3x)
™ 3r

w(x) ~
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which has graph:

10 - 5 10
—qd.251
0.51
0.751

If we use the first 21 terms the graph looks like this:
1.-

TV

which gives a very good approxmlatlon'

Example: Square wave

If we look at a square wave we can see one of the things which
can go wrong with Fourier approximations. The square wave is
periodic with period 27 and has its value on [—m, 7] given by

1 if —7/2<a<7/2
s(z) = { —1 otherwise

This has graph (the vertical lines are artifacts of the program
used to produce the graph)

319
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H

—_— -1+ I—

A square wave.

The Fourier coefficient is

. 0 if n is even
s(x) cos(nx)dx

JZ s(@) cos(na)de 4 fp =4k 4+ 1

0 —% ifn=4k —1

Again this makes it fairly easy to approximate s(x) using trigono-
metric polynomials. If we use the terms up to n = 3 we get

5(z) ~ dcos(z)  4cos(3z)

T 3

Y

which has graph
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This isn’t as good an approximation as we got for the sawtooth
function, so lets look at the approximation up to n = 21. Here
the graph is given by

T e B

The “ears” at each of the jump discontinuities will not dis-
appear if we take larger n. They illustrate the phenomenon of
Gibbs overshoot; it is typical of Fourier approximations to func-
tions with jump discontinuities. &

14.4.2 Wavelet approximations

Fourier series give good approximations to continuous periodic functions.
They are less successful with discontinuous functions and functions with
bounded support. We turn our attention next to wavelet functions, which
approximate functions with bounded support much more satisfactorily.
For the purposes of this section we will use the inner product
+oo

(flg) = f(x)g(x) dx

on the vector space of square integrable functions. We will start with two
simple functions and use them to generate a large orthogonal set. Let

1 fo<z<1
¢(x) = { 0 otherwise

and
1 fo<z <y
Yr)=4¢ -1 ifi<z<l1
0  otherwise
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Then we define translations and dilations of these functions by
oM (x) = V2rp(2"x +m) and () = V21p(2"x 4+ m).
The functions ¢)' are called Haar scaling functions and the )" are
called Haar wavelets . For each n the family of all ¢ and all 9" is

orthonormal. Each of the ¢ | can be obtained as linear combinations of the
. The index n gives a measure of the grain size of the approximation.

Example:

To illustrate how wavelets can be used to approximate a func-
tion with a bounded support, let us consider approximations to

4—2? if —2<2<2
0 otherwise

which has graph

—IE- -2 -1 1 2 2
Since this function is 0 outside of [-2,2], it will not be neces-
sary to consider wavelets which have support outside that inter-
val. Thus the projection of g onto the subspace generated by the
wavelets of grain size n will only involve a finite number of terms.
In particular,
b2"

fla)y~ > (flemyr ) + (flemon ()

m=—b2"+41
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if the support of f is contained in [—b,b]. This is 2"™'b terms, so
we see that one of the problems with Haar wavelet approxima-
tions is that a large number of terms are needed for a reasonable
approximation. Some of the work can be eliminated by observing
that the contribution of the ¢['(z) is precisely the whole approx-
imation at the n — 1 scale, so that to improve the approximation
one need only add the contribution of the ¢ (z) terms.

We can see how the granularity affects the quality of the ap-
proximation by looking at the approximations for several different

values of n.
4
L
3
2
1
-3 -2 —l1 1 2 a

Wavelet approximation to g using n = 0
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Wavelet approximation to g using n =1

Wavelet approximation to g using n = 2
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Wavelet approximation to g using n = 3

Wavelet approximation to g using n = 4

This last approximation uses 64 terms. &



326 CHAPTER 14. INNER PRODUCTS AND APPROXIMATION

Exercises 14.4:

Working with Fourier series and wavelet approximations really only makes
sense if you have some computer software to do the calculations for you. If
you do, try the following:

1. See what the wavelet approximation does to a function which looks like
the square wave, but is 0 outside the interval from -5 to 5.

2. See how the Fourier series works on the example given for wavelets.
Note that some restrictions will need to be made, since the Fourier
series always give periodic functions.

3. Define the function h(z) on the interval [—7, ) using

h(z) = z+7m ifz <0
| x —7 otherwise

Use a wavelet approximation to see how well Haar wavelets handle
jump discontinuities.

4. Extend the function A in the previous exercise to make it periodic
with period 27. Explore how well the Fourier series approximates this
function. Note that A is not even, so the sin terms must be used as
well as the cos terms.



Chapter 15

Orthogonal Subspaces and
Transformations

15.1 Orthogonal Subspaces

The existence of an inner product on a vector space opens up the possibility of
many new questions. In this section we will use inner products to produce a
new construction of subspaces. The construction is based on the observation
that inner product with a given vector gives a linear transformation:

Proposition 15.1.1 IfV is an inner product space and v is any element of
V then ( | ¥) : V — R is a linear transformation.

PROOF:

First observe that ( | v) is a function from V to Rsince it

takes a vector W to the real number (& | ¢). Linearity follows

quickly from the properties of inner products:
(W+a|0) = (@|0)+ (@)
(kw | 0) = k(|

by the linearity axiom in our definition of an inner product. 1

One of the ways that we can use this proposition is by describing the
kernel of the linear transformation ( | v). Recall that the kernel of a linear
transformation is a subspace and that it is the set of all vectors sent to 0 by

327
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the linear transformation. In this case we get the set of all vectors in V which
are orthogonal to ¢. This construction can be generalized to the subspace of
vectors orthogonal to a whole set of vectors:

Definition 15.1.1 If S is a non-empty set of vectors in an inner product
space V, then the orthogonal complement S+ is the set of all vectors orthog-
onal to all of the members of S.

Proposition 15.1.2 For any S C V, S* is a subspace of V.

PROOF:
S+ is the intersection of the subspaces Ker({ — | 5)) where
§is in S. Since S* is the intersection of subspaces, it is itself a
subspace. |

Example: Finding A+

Let V=R A= {a = [1,-1,0],ap = [0,2,3]}. Ifb =
[b1, b, b3] € AL then we must have

(b|a@)=0and (b|a@) =0,

since any vector in A+ must be orthogonal to every vector in
Span(A). This tells us that

bl—bg - O
2bz+3b3 = O

The solution of this system is easily seen to be

by = by
by = b
2
b3 = - nga

SO
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Example: Finding A+

Let V =R3. A= {@} where @ = [1,2,3]. If b = [by, by, bs] €
AL then (b | @) =0, or

b1 + 2bs + 303 = 0.

One way of writing the solution to this system is

bl - —2b2 - 363
by = b
b3 = bg.

Thus,

At = {[~2by — 3b3, by, b3] | by, b3 € R}
= {bQ[_Qa 17 0] + bd[_Sv 07 1] | b?a bd € R}
S({[~2,1,0],[-3,0,1]}).

o

It will often be the case that we are interested in the orthogonal comple-
ment of U when U is a subspace of V. When V is finite dimensional, it is
also true that

V=U+U",
and
Unu* ={0}.

Note that it is easy to show that A N AL = {0} for any set A since the only
vector which is orthogonal to itself is the zero vector, but the proof of the
other half must await careful consideration of bases. Observe, though, that
the above assertion is illustrated by the example V = R?, i = zy-plane, U =
z-axis:

R?® = (xy-plane ) + (z-axis)
(zy-plane N (z-axis) = {0}.

Example:
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For another example let us consider V = R*, let
U = Span({e}, e3})

where & = [1,0,0,0] and & = [0,0,1,0]. It b = [by, by, by, ba] € U

—

,then (b ] &) = (b | &) =0, or by = by =0. Thus

Ut = {[0,by,0,b4] | by, by € R}
= {bQ[O,l,0,0] +b4[070707 1]}
= {5252 + b4€4}

S({€,€4}).

Note that
U+U' =

and
Unu+={0}.

o

With the Gram Schmidt process we can prove that V = U © U+ by

exhibiting a basis for }V which is the disjoint union of a basis for & and a
basis for U+,

Theorem 15.1.3 IfV is a finite dimensional inner product space and U s
any subspace, then ¥V =U S U*.

PROOF:

Choose an ordered basis for U, say (s, .. ., d,,), and extend to
a basis (dy, ..., d,) for all of V. Apply the Gram Schmidt process
to obtain an orthogonal basis for V, (by, ..., by).

In this process the subspace spanned by the first m elements of
the original basis is the same as the subspace spanned by the first
m elements of the orthogonal basis, so (bl, cee b m) is a basis for U.
We claim that (bm+1, . ,bn) is a basis for Y*. Clearly a vector
orthogonal to all of the vectors in & must have the coefficients
of b1 to bm all equal to 0, so it must lie in the subspace of V
spanned by {bm+1, ceey bn}. Similarly anything in that subspace
will be orthogonal to everything in . The set {gmﬂ, e ,I;n} is
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linearly independent because it is a subset of a basis for V', namely
(51, e ,gn) It spans U*. Thus it is a basis for U= .

It is an easy exercise to show that partitioning a basis gives a
direct sum decomposition. 1

Exercises 15.1:

1. Let V = R3. Find A" using ordianry dot product if

(a) A={[1,0,0]}

(b) A={[1,2,0]}

() A={[1,1,0],[0,1,1]}

(d) A={[0,1,1],[1,0,1]}

(e) A= Span({[1,1,0],[0,1,1]})

2. Let V = R*. Find At using dot product if

(a) A=1{[1,1,0,0],[0,0,1,1]}

(b) A={[1,1,0,0],[1,0,1,0]}

(c) A={[1,1,0,0],[1,0,1,0],[0,0,1,1]}
(d) A={[1,2,3,4],]0,-1,1,0]}

3. Prove that if A is not empty and V is an inner product space then
AC (AL,

4. Give an example which shows that it need not be true that A = (A+)+.
When does equality hold?.

5. Prove that if V is an inner product space and A is a subset of B then
B* is a subset of A+ .

6. Prove that if V is an inner product space and A is a subset of V' then

At = (S(A)* .
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15.2 Orthogonal Transformations

If V and W are inner product spaces it is natural to ask that a map L:V —
W preserve both the vector space structure and the inner product. In this
section we will explore the properties of the matrix associated with such a
map. We start with a formal definition.

Definition 15.2.1 IfV and W are inner product spaces and L :V — W is
a linear transformation then L is an orthogonal transformation if and only if

-,

(La | Lb) = (a | b)

for all a, bin V.

Example: Inclusion of a subspace

The map L : R? — R3 with L([x,y]) = [z, v, 0] preserves the
usual inner product (dot product) and is linear, hence it is an
orthogonal transformation. &

Example: Rotation

The map
p:R* - R?
taking

[, y] to [(z +9)/V2, (x = y)/V2]

is orthogonal. To see this we must calculate (p[a, b] | plc,d]).

(pla, b] | ple,d]) = ([(a+b)/V2,(a=b)/V2 | [(c+d)/V2,(c—d)/V2])
(a+b)(c+d) N (a—b)(c—d)
ac+a62i+bc+bd+a02—ad—bc+bd

2 2

= ac+bd
= ([a, 0] | [c,d]).
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Example: A non-orthogonal transformation

The map s : R? — R? which takes [z,y] to [z,2y] is not
orthogonal. To see this note that

(LA L)) =2

but

(s([1,1]) | s([1,1])) = ([1,2] | [1,2]) = 5.

This last example illustrates the following proposition:

Proposition 15.2.1 Orthogonal transformations preserve length.

PRroor:
If @ is a vector in an inner product space V then
@ || =~/(a|a)
We want to show ||Ld|| = ||@|| when L is orthogonal. Now
|Ld]| = +/(La|La)
= ({dla)
lall

using the definition of length for the outside equalities and the
definition of orthogonal transformations for the inside equality.

Proposition 15.2.2 Orthogonal transformations take orthonormal sets of
vectors to orthonormal sets of vectors.

PROOF:

—. —.

We need to show that if (@ | b) = 0 then (Lad | Lb) = 0 and that
if (@ | @ =1 then (La | La) = 1. Both are direct consequences
of the definition of orthogonal transformation. 1
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The most natural kind of basis for us to use in exploring the properties of
the matrix associated with an orthogonal transformation is an orthonormal

L(by), ..., L(b,) will be orthonormal. The next lemma will help us identify
orthogonal transformations by looking at the columns in the corresponding
matrix.

Lemma 15.2.3 If {J;}Zzln 18 an orthonormal basis for the inner product
space YW then the inner product

O adi | bidj) =[ar,.. . an] - b, b
i=1 j=1

PRrROOF:
This is a straightforward, if tedious, calculation:
<Z a;d; ‘ ijdj> = Z%(di ’ ijdj>
i=1 j=1 i=1 j=1

by linearity of the inner product in the first variable. This is turn

equals
Y oaiy bildi | dy)
=1 j=1

by linearity in the second variable. Combining the double sum

we get
DO aibi(di | d).

i=1 j=1
Now (d; | d;) = 0if i # j and (d; | d;) = 1 so this double sum
collapses to a single sum

n

Z azbl

=1

This is just [a1,...,a,] - [b1,..., by |



15.2. ORTHOGONAL TRANSFORMATIONS 335

—

Theorem 15.2.4 IfL:V — W is an orthogonal transformation and (b;)i—1.m

-

and (d;)j=1, are ordered orthonormal bases for V and W then the matriz for

-

L with respect to (b;) and (d;) has orthonormal columns.

PROOF:

Since L preserves the inner product it takes the basis to an
orthonormal set. The column vectors of the associated matrix
are obtained by representing the Lb; in terms of the basis for W.
Then Lemma 15.2.3 tells us how to calculate (Lb; | ng) using
these coefficients. The result is that the column vectors must be
orthonormal. 1

The converse of this theorem is also true.

Theorem 15.2.5 If L : V — W is a linear transformation with associated

—

matriz L using the ordered orthonormal bases (b;) and (d;), then if L has
orthonormal columns then L is an orthogonal transformation.

PROOF:

Since the columns of L are the images of basis vectors, the fact
that L has orthonormal columns tells us that the the basis (52)
is taken to an orthonormal set by L. To show that (LZ | Ly) =
(Z | §) we first write ¥ and ¢ as linear combinations of basis

elements: . .
T = Zazlgz and § = Zngj.
i=1 j=1

Then . .
Li = a;Lb; and Lj = y;Lb;
=1

j=1
using linearity of L. Then we calculate

(LT | Lg) = (> wilb; | Y y;Lb)
i=1 j=1

m m

= > wiy(Lb; | Lby)

i=1 j=1
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using linearity of the inner product. Since the Lb; form an or-
thonormal set we replace this with the single sum

m
=1

Our earlier Lemma tells us that this is (Z | ) as needed. |

This theorem gives us a useful tool for identifying orthogonal transforma-
tions. To see whether a given linear transformation is orthogonal one need
only represent it with respect to orthonormal bases and see if the resulting
matrix has orthonormal columns.

This leads to the following definition.

Definition 15.2.2 A square matrix A is called orthogonal if its column vec-
tors form an orthonormal set.

By reason of tradition we restrict the term orthogonal matrix to square
matrices. For such matrices it can also be shown that the rows form an
orthonormal set. The transpose of a matrix M = [[m;;]] is the matrix
M' = [[m;;]] obtained by reflecting through the main diagonal. The fact
that an orthogonal matrix has orthonormal columns then tells us that if M
is orthogonal M'M is an identity matrix. For square matrices this will tell
us that M~! = M.

Example: A rotation

The matrix for the rotation by 45 degrees with respect to the
standard basis ([1, 0], [0,1]) is

which is an orthogonal matrix. &

5
Sk

Matrices with orthonormal columns also figure in the QR factorization
given by the Gram-Schmit orthonormalization process:

Theorem 15.2.6 (QR Factorization) If M is a matriz with linearly ind-
pendent columns, then there are matrices Q, which has orthonormal columns,
and R, which is upper triangular, with M = QR
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PROOF:

The columns of M form a linearly independent set, so the
Gram-Schmidt orthonormalization process can be used to find
column vectors ¢ such that

1. Each g is a linear combination of the first k£ columns of M
2. Span{q;|i = 1...k} = Span{the first k columns of M}

3. The vectors g form an orthomormal set.
4

. The matrix Q has the vectors ¢} as its column vectors.

We can write the kzth column of M as a linear combination of
q1 - - - @k, so there are numbers r; ; with

k
m; g = E i 575 k-
j=1

This gives us an upper triangular matrix R = [[r; ;]] with M =
QR.

The easiest way to find R once you have Q is by noting that
R =1IR = Q'QR = Q'M. |

Exercises 15.2:

1. Are the following orthogonal matrices?

1 1 -1
BV
@ |5 Y &
-1 2 1
| V6 V6 V6
- 1 1 1
2 4 4
(b)) | 3 0 —1
|1 2 0
3 4
() | J2 8
13 13
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2. Prove that the composition of two orthogonal transformations is or-
thogonal.

3. In each of the following the inner product is given by dot product.
Which are orthogonal transformations?

(a) f:R?®— R3 with f[z,y,2] = [~x, —y, 2]

(b) g: R? — R3 with g[.l' Y,z ] — [ -i:%i—z x\—/tz :v\—/i-}/]

(c) h : R? — R? with hlz,y] = [rcos(©) + ysin(©), zsin(0) —
ycos(0)]

(d) i:R? — R3 with i[z,y] = [2/V2,2/v2,9]

4. Give four examples of orthogonal matrices.

15.3 Rational Canonical Forms for
Orthogonal Matrices

Throughout this section we assume that V is a finite dimensional vector space
equipped with an inner product. Our object is to show that orthogonal linear
transformations from )V to itself have a rational canonical form. That is, buy
proper choice of basis, the matrix will be a block diangonal matrix with each
block a companion matrix.

Theorem 15.3.1 If L : V — V preserves inner products, then if U is L-
invariant, then so is U™ .

PROOF:

First note that since L preserves inner products, it must be
one-to-one. Thus since U < V), which is finite dimensional, L
must map U onto U.

Now suppose ¥ € U+ and @ € U. Then @ = L(i;) for some
U, € U from the fact that L is onto. But (v]u;) = 0, so we would

then get
0 = (L(V)|L(t01)) = (L(V)[@)

Thus L(¥) € Ut, since @ was an arbitrarily chosen member of i.
1
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Theorem 15.3.2 If L : V — V preserves inner products, then V can be
written as the direct sum of L-cyclic subspaces.

PROOF:

We prove this by strong induction on the dimension of V. If
V is of dimension 1 it is L cyclic, so the theorem is true.

Now suppose that dim(V) > 1. First pick any vector ¥ € V
and let U; be the L-cyclic subspace it generates. The dimension
of U; will be at least one, so the dimension of Ui~ will be less
than the dimension of V. Since L preserves the inner product,
its restriction to Ui is an inner product preserving map onto Uy
That means, by the induction hypothesis, that U;- can be written
as the direct sum of L-cyclic subspaces. Since V = U ® Uy, this
will give us V as the direct sum of L-cyclic subspaces as needed.

Recall (from Chapter 11 section 2) that a basis can be chosen so that the
matrix for a linear transformation L on an L-cyclic subspace is a companion
matrix. This gives the following corollary:

Corollary 15.3.3 Any orthogonal matriz is similar to a block diagonal ma-
triz in which each block is a companion matrizx.

Now one of the nice properties of companion matrices is that their char-
acteristic equations can be obtained by inspection: if the companion ma-
trix M is built using a basis (vg, L(th), L*(%y), - . ., L""*(t)) where L™(7,) =
aolo + a1 L(Ty) + . .. + an_1 L1 (¥)) then the characteristic polynomial of M
is p(x) = (=1)""(ap + a1z + ... + a,_12" ' — 2"). Now suppose we define

p(L) = (—=1)""(apld + a1 L + ax L* + ...amn — 1) L" ' — L"

as a linear transformation. We know by definition that p(L)(7,) = 0. Fur-
thermore, linearity tells us that p(L)(L(0)) = L(p(L)(¥)), so we will get
p(L)(L¥(y)) = 0 for each k. Since the companion matrix is found using a
basis of vectors of the form L*(%), this tells us that p(L) takes each basis
vector to 0 and thus must be the zero transformation. This tells us that
any companion matrix satisfies its characteristic polynomial. Since we have
shown that any orthogonal matrix can be written as a direct sum of com-
panion matrices we get the same result for orthogonal matrices.
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Indeed, rational canonical forms can be found for all matrices, not just
orthogonal ones, though the decomposition into direct summands is a bit
more delicate. This form makes the following theorem evident:

Theorem 15.3.4 (Cayley-Hamilton) FEvery linear transformation satis-
fies its characteristic equation.

Exercises 15.3:
For each of the following matrices find the rational canonical form:

010
1 1 00
(00 1
L 1
NG sqrt2
2 L
V2 sqrt2
L 0 0 1
C 1 9 2 LT
I U G
2 V2 V6 V12
3.
11 1 1
2 V2 V6 VI2
3 00 &5
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Definitions of basic concepts

B-coordinate representation of a vector [1.2.2,8.2.2]:

If B = (b1, b,) is an ordered basis for V, then the B-coordinate
representation of @ = k:lbl oo+ knbn is the column vector

ki
Ky,
basis for R? [1.1]:

A basis for R? is a pair of vectors by and by such that any
vector in R? can be written in exactly one way as k11)1 + k262

basis [8.2.1]:

A basis for a vector space V is a set B of vectors which is
linearly independent and which spans V.

characteristic polynomial of a matrix [13.1.3]:
The characteristic polynomial of the matrix M is
pm(A) = det(M — A1)
codomain [5.2.1]:

The codomain of a function L :V — W is W.
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column rank of a matrix [10.2.4]:

The column rank of a matrix is the dimension of its column
space.

column space of a matrix [2.3.1,6.2.4,10.2.3]:

If M is a m X n matrix then the column space of M is the
subspace of R™ spanned by the column vectors of M.

companion matrix [11.2]:

The companion matrix for the polynomial p(z) = 2" — (ag +
ax + ...+ a,_12" " is the matrix

0 0 0 ao
1 0 0 aq
00 --- 1 ap

dependent set [8.1.1]:

A set A of vectors in V is linearly dependent if and only if 0
can be written as a linear combination of vectors in A in which
there are nonzero coeflicients.

determinant of a 2 x 2 matrix [2.3.3,Exercises 2.1#6]:
The determinant of a 2 x 2 matrix is given by the formula

a b

det{C d} = ad — be.

determinant of a matrix [Exercises 2.3#4,12.1.1]:

A determinant function
det : n X n-matrices — R

is a function with the following properties:

1. det is multiplicative: det(AB) = det A det B



2. det(A") = det(A)
3. det is multilinear in rows

4. det is not identiacally 0
dimension [8.2.3]:

The dimension of a finite dimensional vector space is the num-
ber of elements in a basis for that space.

direct sum of subspaces [6.3.2]:

Let V be a vector space and let & and W be subspaces of V
which satisfy

V=U+WandUNW = {0},

then V is said to be the direct sum of ¢/ and W; this relation is
indicated by writing
V=UDW.

domain [5.2.1]:
The domain of a function L:V — W is V.
dot product [T]:

he dot product of vectors @ = [ay, ..., a,] and b= [b1, ..., by
is defined

1. geometrically as @- b = ||@|| ||b]| cos(6) where 6 is the angle
between the vectors

2. algebraically as @- b = o aib;
dual space V* [Example 6.1.6]:
V* = Hom(V, R)
eigenvalue [13.1.1]:

A number A such that there is a non-zero vector ¥ with

L(7) = A&
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eigenvector [13.1.1]:
A non-zero vector ¢ such that L(7) = \.
elementary row operations [2.4,7.1]:

The elementary row operations are:
1. Swap rows ¢ and j : R; < R,
2. Multiply row i by r (where r # 0): rR;
3. Add r times row 7 to row j: R; +TR;
equal algebraic vectors [1.1.2]:
Two vectors @ = [ay, as] and b= [b1, bo] are equal if a3 = by
and ay = by.
equal geometric vectors [1.1.1]:

Two vectors will be considered equal if they have the same
direction and magnitude or if both are the zero vector.

field [5.1.1]:

A field is a set F' equipped with two binary operations + :
FxF — Fand x : F x F — F satisfying the following axioms
for all a,b, and ¢ € F":

Closure: a+beF axbelF
Associativity:  (a+b)+c=a+ (b+c) (axb)xc=ax(bxc)
Commutativity: a+b=b+a axb=bxa

Identity: JoerVa(a +0=a) FierVa(a x 1 =a)
Inverses: Vaer3—o(—a+a =0) Vazodiep(a x 2 =1)
Distributive: ax (b+c)=(axb)+(axc) ’

finite dimensional [8.2.2]:
A vector space is finite dimensional if it has a finite basis.
formal power series [5.1]:

A formal power series is an expression of the form Y 2, aja’.
There is no requirement of convergence.



Fourier series [14.4]:

The Fourier series up to n'* harmonics for a periodic func-
tion is its projection onto the subspace spanned by the functions
sin(maz) and cos(mz) for m < n.

Hom(V, W) [Example 6.1.6]:

Hom(V, W) is the vector space of linear transformations from
VtoW.

homogeneous [Example 6.1.8, Example 6.1.9]:

A homogeneous equation is one in which the constant term is

0.
identity linear transformation [2.2]:

The identity linear transformation Id : V — V has value
Id(v) = v.

identity matrix [2.2]:

The identity matrix I has 1’s on the main diagonal and 0’s
elsewhere. It has the property that IM = M and MI = M for
all M for which the products are defined.

image of a linear transformation [2.3.1,6.1]:

The image of a linear transformation L : V — W is the sub-
space of W consisting of all vectors of the form L(7).
inconsistent system [Example 7.1.2]:

A system of equations with no solutions is called inconsistent.
independent [8.1.1]:

A set A of vectors in V is linearly independent if whenever a
linear combination of elements of A has

0161+...+Cn5n20

then all of the ¢; = 0.
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inner product [14.1.1]:

An inner product on a vector space V over the reals is a func-

—, -

tion from V x V to R whose value at (a,b) is denoted (@ | b),
satisfying the following axioms:

Symmetry: (@] b)y=(b|a)
Positive definiteness: (@ | @ > 0 with equality if and only if @ = 0
Linearity: (@ | kb) = k(@ | b)

@b+ =(a|lb)+@ld

inverse of a linear transformation [10.1.1]:

The inverse of a linear transformation L : ¥V — W is a linear
transformation L=' : W — V such that Lo L™' = idy and
L lolL= 1dy.

inverse of a matrix [10.1.2]:

The inverse of a square matrix M isd a matrix M~! such that
MM-t!=M"'M=1

invertible [10.1.1]:

A matrix or linear transformation is said to be invertible if
and only if it has an inverse.

kernel of a linear transformation [2.3.2,6.1]:

The set of vectors ¥ such that L(7) = 0 is the kernel of L. Tt
is a subspace of the domain of L.

L-cyclic subspace [11.2.1]:
The L-cyclic subspace of V generated by o is
Cy = Span({#, L(?), ..., L" 1 (¥)})
length of a vector in R? [1.1.2):
The length of the vector @ = [ay, as] is ||@]| = \/a? + a2.

linear combination [2.3,6.2.1]:



Let A be a nonempty subset of vectors in V. A linear combina-
tion of vectors in A is a vector b of the form b = a1 +. . .+ ¢ am,
where c1,...., ¢, are scalars and dy,....,d,, € A.

linear transformation [2.1.1,5.2.1]:

A function L : V — Wis a linear transformation if L(0;+1) =
L(v}) + L(¥,) and L(k¥) = kL(7).

L-invariant subspace [11.2.2]:

A subspace U < V is called L-invariant it whenever u € U
then L(u) e U.

lower triangular matrix [10.3.1]:

A matrix with a;; = 0 whenever ¢ < j is called lower triangu-
lar.
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matrix for a linear transformation with respect to ordered bases

on domain and codomain [2.2,9.1]:

The matrix for the linear transformation L with respect to the

—

ordered basis (d, . .., d,) for the domain and (&, ... ,&,) for the

codomain has [;; given by the coefficient of ¢; in L(Ej).
matrix [2.2]:
A matrix is a rectangular array of numbers.
minor [12.2):

The ij-minor of a matrix M is the matrix Mj; obtained by
omitting the i*" row and the j* column of M.

nilpotent [11.2.3]:

A linear transformation L is nilpotent with index of nilpotence
n if L™ is identically 0 but L' is not.

norm [14.1.2]:

If ( | )is an inner product on V and @ is a vector in V, then
the norm of @, denoted ||@||, is /(@ | a).
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nullity of a linear transformation [10.2.2]:

The nullity of a linear transformation L : V — W is the
dimension of Ker(L).

orthogonal basis [14.2]:

An orthogonal basis is a basis whose elements are mutually
orthogonal.

orthogonal complement S* [15.1.1]:

If S is a non-empty set of vectors in an inner product space
V, then the orthogonal complement S* is the set of all vectors
orthogonal to all of the members of S.

orthogonal matrix [15.2.2]:

A square matrix A is called orthogonal if its column vectors
form an orthonormal set.

orthogonal transformation [15.2.1]:

If V and W are inner product spaces and L : V — W is a
linear transformation then L is an orthogonal transformation if
and only if

-,

(Ld | 1B) = (a | b)
for all @, b in V.
orthogonal [14.1.3]:
Two vectors U and W are said to be orthogonal if (@) = 0.

orthonormal set [14.2.1]:

A set of vectors {, ..., 1,} is called orthonormal if
o [0 ifit
<”|W>_{1 ifi=j

pivot [7.1.2]:



If M is a matrix with m;; # 0 then the pivot on the ij position
1
of M is the sequence of row operations — R; then R, —my;R;

ij
for all k£ # i. It results in a new matrix with a 1 in the ij position
and 0 in the rest of the j** column.

product of a matrix and a column vector [2.2,5.2]:
a b k’l o (Zk‘l + bk‘g
c d ]{2 N Ckl + dkz

product of two matrices [2.2,9.3.1]:

The product GF of an m x n matrix F and a p x m matrix
G is the p x n matrix with ij entry given by

Zgz‘kfkj-
k=1

projection of a vector onto subspace [14.3.1]:

The projection of ¥ onto the subspace W is the vector W € W
such that v = @ + & with @’ orthogonal to every vector in W.

rank of a linear transformation [10.2.1]:

The rank of a linear transformation L : V — W is the dimen-
sion of ImL.

rank of a matrix [Theorem 10.2.5]:

The row rank and the column rank of a matrix are equal,
hence we call either number the rank of M.

redundant system [Example 7.1.3]:

A system of equations in which one or more of the equations
provides no new information is called redundant.

row rank of a matrix [10.2.4]:

The row rank of a matrix M is the dimension of the row space
of M.
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row space of a matrix [6.2.3,10.2.3]:

If M is a m xn matrix then the row space of M is the subspace
of R™ spanned by the row vectors of M.

row-reduced echelon form [7.1.1]:

A matrix is in row-reduced echelon form if and only if
1. The first nonzero entry in each row is a 1

2. The first nonzero entry in a row appears to the right of the
first nonzero entry in the row above it

3. All other entries in the column of that first nonzero entry in
the row are 0.

4. All rows with only 0 entries are at the bottom.
scalar multiple of a matrix [2.2,9.2]:
If Ais an m x n matrix then kA has ij-entry ka;;.
similar matrices [2.2.1,11.1.1,11.2]:

If two matrices represent the same linear transformation with
respect to different choices of basis we say that they are similar
matrices. This is usually restricted to square matrices using the
same basis for domain and codomain; in this case A ~ B if and
only if there is an invertible matrix P with A = P~'BP.

Span(A) [6.2.2]:

If A is not empty then the span of A, written Span(A), is
the set of all linear combinations of vectors in A. If A is empty
Span(A) is the vector space {0}.

spanning set [6.2.2]:
If Span(A) =V then A is a spanning set for V.
stochastic matrix [3.1 Exercise 22]:

A matrix with all entries non-negative in which the columns
add up to 1.



subspace spanned by a set [2.3,6.2.2]:

Let A be a subset of V. If A is not empty then the span of A,
written Span(A), is the set of all linear combinations of vectors
in A. If A is empty Span(A) is the vector space {0}.

subspace [2.3,6.1.1]:

A subspace W of a vector space V is a subset which is a vector
space using the same addition and scalar multiplication as in V.

sum of subspaces [6.3.1]:

Wi+ Wo={GeV | T=0b + by, by € Wi, by € Wy}
sum of two matrices [2.2,9.2]:

If A and B are m xn matrices then A+ B has ij-entry a;; +b;;.
symmetric matrix [Exercises 9.3#3]:

A symmetric matrix is a matrix with m;; = mj; for all 7, j.
transpose of a matrix [2.3 Exercise 21b]:

The transpose switches rows and columns:

a bl _|la c
c d| |b d
upper triangular matrix [10.3.1]:

A matrix with a;; = 0 whenever ¢ > j is called upper trian-
gular.

vector in the plane [1.1.2]:

A vector @ in the plane is an ordered pair of real numbers
a=[ay,as).

vector space [5.1.2]:
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A vector space over a field F' (whose elements are called
scalars) is a set V (whose elements are called vectors) which
has two operations: 4+ : V x V — V and scalar multiplication
F xV — V (usually indicated by juxtaposition) which are re-

quired to satisfy the following axioms for all vectors a, g, ¢, and

scalars h and k:

Closure:
Commutativity of + :
Associativity of + :
Identity for + :
Inverses for + :
Absorption:
Distributivity:

Identity for scalars:

zero vector [1.1.3]:

There is a unique vector 0 with 0 + @ = @ for all a.
For each @ there is a unique — @ so that @+ —d@ =0

The zero vector 0 is the vector such that @+ 0 = ¥ for all 7.

ZQ [53]

The field of integers using arithmetic modulo 2.



Appendix B

Answers to selected exercises

Chapter 1
Section 1.1

1. (a) @+ 5= [28,—55]
(¢) md+3(b+d) = [3r — 3,57 + 12
3. Look at — U + U+ —ov. The associative law tells us that
(=10 +0) + =9 = =10 + (U + —20).
The facts that —1¢ and —o¢ are inverses for v tell us that
(—10+0) =0 and (T + —0) =0

SO

Section 1.2
1. (a) [3,0] =2[1,1] — 1[-1,2]

(e) [a,b] = x[1,1] + y[—1, 2] has the unique solution
20+
€T =
3
_ b—a
YT 73

Thus {[1,1],[—1, 2]} is a basis.
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3.c=2and d=1. We can also let ¢c=0 and d = 0.

7. Certainly if we let x = 0 and y = 0 we get a solution. Since exercise 5
proved that if the vectors are nonzero and nonparallel, then there is at
most one solution, this is sufficient.

Chapter 2
Section 2.1

1. Not linear: L(]0,0]) = [3, —2] instead of [0, 0].
3. Linear
5. Not linear: 2L([1, 1]) = [0, 4] but L([2,2]) = [0, §].

7. Not linear: L([1,2] +[2,1]) = L([3,3]) = [0,0] but L([1,2]) + L([2,1]) =
1,1+ [1,1] = [2,2].

9. Linear

11. Let us look at what happens to a unit square:



12.

355

Stretch first then rotate

Rotate first then stretch

If L(Ja1,01]) = L([ag, bs]) then [ay, 2b;] = [ag, 2bs], from which we con-
clude that a; = as and by = by, so L is one to one. To show it is
onto we need to see that any vector [a,b] is in the image of L: now
[a,b] = L([a, %)), so L is onto. The inverse is the map taking [a, b] to
a.1].
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Section 2.2
Laco[ 0]
3. BC = [ :; _12}
5. B(CA) = { _510 _;0}

9. (a) —31 ”
o |55
@4 ]

19 19

13. If we think of the matrix as representing a linear transformation L
with respect to the standard basis, then the columns tell us where the
standard basis vectors go. Since any vector in R? can be written as
x¢) + y&, where the ¢ are the column vectors, any vector in R? can be
written as L([z,y]). Thus L is onto.
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17. This proof is just like the proof that R? is a vector space, but it uses
four components instead of two, since there are four positions in a 2 x 2

matrix.
Section 2.3
1. Span({[0, 0]}) = {[0, 0]}
3. Span({[1,2]}) = {[z, 2z]|z € R}
5. Span({[L, 3], [1,2]}) = R?

7. Span<{[1> 2]7 [_27 4]7 [37 _6]}) =R’
9. For these problems many answers are possible, including

(a) L([z,y]) = [z +y,z — ]
(b) L([z,y]) = [0,0]
(c) L([z,y]) = [z — 3¥,0]

11. Determinant = 6 so matrix has an inverse

13. Determinant = 0 so matrix does not have an inverse
15. Determinant = .04 so matrix has an inverse

17. Determinant = 5 so matrix has an inverse

19. Determinant = 14 so matrix has an inverse

21. If a b T = 0 then we can conclude that
c d Y 0

be — ad
b

x:()andy:—%x

Since ad — bc = 0 this puts no restriction on x.
22. (a) Ker(L) = {[0,0]} and Im(L) = R? There is an inverse L[z, y] =
sl + 2y, 4z — y]
(c) Ker(Z) =R? and Im(Z) = {[0,0]} No inverse
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Section 2.4

14.

I N[ —=
N
NN
1

1
} does not exist

L~ does not exist
L~ does not exist

The algorithm using row operations takes 6 multiplications, 2 recipro-
cals, and 3 additions. The method using the formula takes 6 multipli-
cations and one addition, so for the 2 by 2 case it is less work.

Chapter 3
Section 3.1

1.

9-16

The eigenvalues are the roots of (2 —A)(3—X) —1-0 =0, so we get
A = 2,3. An eigenvector for 2 is [1,0]; for 3 we get [1,1]. The system
will expand fairly rapidly in the direction of both eigenvectors.

. The eigevalues are the roots of (2 — A\)(1 — ) — 12 =0, giving A =5

or A\ = —2. Corresponding eigenvectors are [1,1] and [1,—%]. We
get expansion in the direction of the eigenvector for 5 and diverging
oscillation in the direction of the eigenvector for -2.

. Here the eigenvalue is .2 obtained twice. Eigenvectors all have the form

[z,0]. Iterations get closer to the origin.

. The characteristic equation is A2 — 3\ 44 = 0 which has complex roots

A= %‘ﬁl These have modulus bigger than 1, so the system spirals

outward.

In all cases the value of the characteristic polynomial applied to the
original matrix is the zero matrix.
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17. The eigenvalues are complex with modulus less than 1. The real part
is negative.

19. The eigenvalues are complex with modulus greater than 1.

21. Both eigenvalues are real, positive, and less than 1.

Section 3.2
(2 3 20 ‘ ‘ 1
1. 01 } ~ {O 1 } using the basis {[1,0], [1, —3]}
[0 31 [ = | | )
3 1 1 ~ 8 —14+/21 ] using the basm{[l’ 3 %/ﬁ]’ [17 3+%/ﬁ]}
) b L 2
[ 2 -3 (2 0] ' ' 1
5. 0 1| ~ 01| using the basis {[1,0], [1, 3]}
(1 1] [20] . .
7. = ~ 0 3] using the basis {[1, 1], [1, 2]}
(1 -1] [2 1] . '
9. 13 ~ 0 2] using the basis {[—1,1],[2, —1]}
141 [1 —21 . |
11. 11 ~ 2 1 } using the basis {[0, 2], [4,0]}
13. Since ] ]
pl A OB 0
0 )\2 ] - L 0 k’)\Q
giving eigenvalues kA, and kA; and
R R
0 X] | 0 kA

giving eigenvalues kA twice, and since
Ll @ b | | ka kb
b a | | —kb ka2

giving eigenvalues ka =+ kb i, multiplying by k£ multiplies the eigenvalues
by k.
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15. (a) Suppose M is the identity matrix, which has 1 as an eigenvalue,
and that
2 0
N- 53]
with eigenvalues 2 and 3. Then MN = N which does not have 1
as an eigenvalue.
(b) The eigenvalues for
10
M- 2]
are 1 and 2. The eigenvalues for
31
St
are 3 and 4. The eigenvalues for
31
w1y
are 6 + 2v/3, not obtained as a product of the eigenvalues of M
and N.
Chapter 4
Section 4.1
_ 3
1. cos(0) = n
_ .3
3. cos(f) = T
5. cos(f) =1
7. cos(f,) = 2 and cos(f,) = 3
9. cos(b,) = % and cos(#,) = \/Li
_ _ 58 _ _-33 _ _ 3
11. COS(A) == W,COS(B) == m,COS(C) == m
13. ¢c=3
15. k=43
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17. Recall that [|[ai, as]|| = Va3 + a3 so ||[a1, as]||* = a? + a2 = [ay, as] -
[ay, as].

19. We calculate

|G+b> = (@+0b)-(G@+0b)
= (@+b)-a+(@+b)-b
— G-d+2a-b+b-b

—

lall? +2a - &+ [|b]*
lall? + 2[loalll1o]l + 115]
(all + 18l1)?

IN

Since both ||@|| + ||b]| and ||@ + b|| are non-negative, we can conclude
that ||@+ b]| < [|al| + o]

Section 4.2
L proju(v) = §[1,2) = [, %]
3. proja(7) = 5[5, —2] = [, — 5]
5. proja(t) = (-2, -1 = [{. ]

13. Let @ = [a1, as), ¥ = [v1,v2], and @& = [wy, ws] then

(a) In general
V201 — V1G22 , W20a1 — W1A2
U+ w

a=
W1V — Waly V1Wo — V2w

(b) For orthogonal vectors

L v-a _, w-a
= =—=UV+—=——SWw
v-v W - W
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Chapter 5
Section 5.1

1.

3.

11.

This is essentially RY which is a vector space as in Theorem 5.1.5.

Since the sum of two polynomials which have only even powers also has
only even powers, we get closure. The zero polynomial has only even
powers of x, so identity is OK. All of the other properties follow as for
polynomials without the restriction.

. This is R? written with a different encoding.

— —

. We define + by 0+ 0 = 0 and scalar multiplication by k0 = 0.

Commutativity 0 + 0
Associativity 0+ ) +0=04+(0+0)=0
Identity 0
Inverses 0
Absorption k(h
Distributive (k

Identity for multiplication 10 = 0

We have checked, for each axiom, the only cases which occur. Thus
{0} is a vector space.

. We define R, the vector space, by using the + from the field as + for

vectors and x from the field gives scalar multiplication. Commutativity
for + in vectors is precisely commutativity for + in the field. Associa-
tivity for 4+ in vectors is precisely associativity for + in the field. The
associative law for multiplication in the field yields the absorption law
for multiplication by a scalar. The distributive law k(a+0b) = ka+kb is
the distributive law for the field. The distributive law (k+h)a = ka+ha
follows from it by commutativity of multiplication. Identity for multi-
plication in the field gives identity for scalar multiplication in the vector
space.

We can think of C as numbers of the form a + b ¢. This is just another
way to write R2.
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13. This fails to satisfy the identity axiom for scalar multiplication. All of
the other axioms are satisfied.
15. This fails to satisfy the identity axiom for scalar multiplication.

17. We consider the axioms in order:

Closure under & holds
Closure under scalar multipication holds
Associativity of @ holds
Commutativity of & holds
Absorption fails  .3-(30-.8)=.3#.24=.9-.8
Identity under & holds
Identity for scalar multiplication holds
Distributivity holds
Section 5.2

1. We show that both addition and scalar multiplication are preserved.
Let ¢ = [z,y] and @& = [s,t] then
La+7) = L(s+z,t+y)])

= 3(s+x)—4(t+y)
= 35+ 3x —4t — 4y
= (3s—4t) + (3z — 4y)
= L(@) + L(7)

L(kw) = L([ks,kt])
= 3(ks) — 4(kt)
= k(3s —4t)

kL(w)

3. We show that both addition and scalar multiplication are preserved.

J(x1 +x2) = [21+ 29,0]
= [x1,0] 4 |22, 0]
= J(z1) + J(z2)
J(kx) = [kz,0]
= k[z,0]

= kJ(x)
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The function taking x t [z, 1] does not preserve addition, so it is not
linear. The function taking x to [z,2z] is linear.

5. We show that both addition and scalar multiplication are preserved.

Letﬁ:[acb d}and(j’:{z z}then

. a+ sb+t
Mp+q) = M({ c+u d+v})
[ at+s+20b+1)

| c+u+2(d+v)

[ a+2b+s+20)
| et 2d4 u+20)
[ a+2 [ s+ 2t
| ¢+2d) U+ 20
= M)+ L)
ka 2kb |
wad) = (] e )
ka + 2kb)
ke + 2kd

— kM(@)

9([x,y. 2]+ [,y ) = glz+2"y+y, 2+
= x4+ +y+y —22-22)
= glv,y, 2]+ gl Y, 7]
glkz, ky, kz]
kx + ky — 2kz
k(x +y— 22)
= kylz,y,7]

g(k[z,y, 2])

9. k(p+q) =plx+1)+q(x+1) = (p+q)(z+1) and k(rp) = (rp)(z+1) =
r(p(z + 1)) = rk(p) so k is linear.

11. m[0,0] = [1,0,0] # 0 so this is not linear
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13. If L(d@) and L(b) both equal 0 then L(d@+ b) = L(a@) + L(b) =0+ 0 =0
and L(k@) = kL(d) = k0 = 0.

15. If L is 1-1 then L(d@) = L(b) implies & = b so if L(d@) = 0 then @ = 0
since we know L(0) = 0. Now suppose L( i) = 0= a = 0. Then if
L(b) = L(b'") we know L(b— ) =0sob—b =0and b=1.

Section 5.3
1.
((@a+bi)(c+ di))(e + fi) (ac — bd) + (ad + be)i)(e + fi)

(

((ace — bde — adf — bef) + (ade + bee + acf — bdf )i
(a+bi)((c+di)(e + fi)) = (a+bi)((ce—df)+ (ed+ fc)i)

(ace — adf — bed — bfc) + (aed + afi + bee — bdf )i

(ace — bde — adf — bef) + (ade + bee + acf — bdf )i

so associativity holds.

(a1 +by i)+ (aa+ b 1)) = ((ar + az) + (by + by) ©)*

(a1 + az) — ((by + bo) 7)

ay — by i) + (ay — by 9)

a; + by )"+ (ag + by 0)*

(aras — biba) + (a1by + asgby) i)*

(aras — biby) — (a1be + aghy) 1)

(a1as — (=b1)(=b2)) + (a1(—=b2) + az(—b1)) )
a; — by i) X (ag — by 17)

a; +b1)* X (ag + by 7)*

(
(
(
(
(a1 + by i) x (a2 + by )" = (
(
(
(
(

5. Since R is a subfield of C, scalar mulitplication properties for real
scalars follow from those for complex scalars.
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a|b|c|ab+ ac| a(btc)
1111 0 0
11110 1 1
1101 1 1
7111010 0 0
0]1]1 0 0
0[1]0 0 0
0[0|1 0 0
0[0/0 0 0
Chapter 6
Section 6.1
1. (a) subspace
(c) subspace
(e) subspace
(g) subspace
3. a) and b) are subspaces
5. Since the meaning of the operations is the same in all three sets all we
need to do to show that & < W is to show that it is a subset of W.
7. functions with integral 0 (there isn’t much more you can say about
them)
9. This is the kernel of a linear transformation.
11. Any scalar multiple of a periodic function of period p is also periodic
with period p. The sum of two functions which are periodic with period
p also is periodic with period p. Thus the set of functions of period p is a
subspace. Notice that we could not say the same for functions of prime
period p or just periodic functions without specifying the period.
Section 6.2
L. (a) Span({[L,2,3],[1,2,4]} = {[h, 2h, k]|h, k € R}

(¢) {[h — Kk, h,2h + 3k]|h, k € R} note that [1,2,7] is of this form.
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It is clear that Span(A;) C Span(A) since every linear combination of
elements of Ay is a linear combination of elements of A. Now suppose
we have an element of Span(A), say

m m—1 m—1
E kl a; — E k’z i + k’m ( C;a;
i=1 i=1 i=1
m—1

This shows that Span(A) C Span(A;) finishing the proof.
Span(S) = RN
Eventually constant sequences form a subspace, so Span(S) = S.

A counterexample: in R? let S = {[1,0]} and T" = {[0,1]}. Then
Span(S UT) = R? but Span(S) U Span(T') is just the axes.

11. Suppose ¥ = > @;5 and 0 = > ", bt are two different ways to
get ¥ as a linear combination of elements of S. Then the zero linear
combination (all elements of S have coefficient 0 and the non-trivial
linear combination Y\, a;8; — Y o, biti both give 0.

Section 6.3

1. Since the difference of codewords is a codeword, it suffices to show that
the non-zero codewords all have at least 3 bits non-zero. The 16 code-
words are [0,0,0,0,0,0,0], [1,1,0,1,0,0,1], [0,1,0,1,0,1,0], [1,0,0,0,0,1,1],
[1,0,0,1,1,0,0], [0,1,0,0,1,0,1], [1,1,0,0,1,1,0], [0,0,0,1,1,1,1], [1,1,1,0,0,0,0],
0,0,1,1,0,0,1], [1,0,1,1,0,1,0], [0,1,1,0,0,1,1], [0,1,1,1,1,0,0], [1,0,1,0,1,0,1],
[0,0,1,0,1,1,0], and [1,1,1,1,1,1,1] all of which have at least three bits 1
except for the zero word.

2. (c) Correcting errors gives the string 0000000 1110000 1110000 1110000

which decodes as 0000 1000 1000 1000 .
3. Codewords for the Hamming(8,4) code are the solutions to the system

of equations.

T +x2+x5 = 0
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T3+ T4+ 2Tg = 0
Ty t+x3+x7 = 0
Tot+ x4 +2a83 = 0.

Adding two such solutions gives a solution, [0, 0,0, 0, 0,0, 0] is a solution
so scalar multiplication stays in solutions. All other properties follow
from those for Z3 . No two bits occur together in all equations in which
they occur at all. Thus the pattern of equations which fail determines
which bit is wrong. For instance, suppose we get 10111101, then

T+ T+ x5 =
T3+ Ty + T
T+ T3+ x7

To+xy+a8 =

I
o o~ O

Thus the bit in error must be one which occurs only in the second
equation. Hence it is bit 6 and the message was 1011.

Section 6.4

L. U+ W ={[a1,a2,0]|a1,a2 € R} and U N W = {]0, 0]}.
3 U+W=R>andUNW = {[0,¢,0]|t € R}.

5. U4+ W =R>and U N W = {[2t, ¢, —3t]|t € R}.

7. U+ W =R[z] and U N W = {constant polynomials}
9. U+ W =RY and U N W = {the constant sequence 0}

11. It is true that &/ U W is a subspace if Y < W or W < U

Chapter 7
Section 7.1

1. $1:1.T2:2133:0

3. 21=0x2y=1and z3 = 1.
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d.
ry = 2 — Ty
Ty = 4
T3 = -3 - T4
Xy arbitrary

7. 21 =2, 09=05,13=—3

9. 21 =—1, 2 =10, 3 = 2

11. 2y + 223 = 3, x5 + x3 = 4, x3 arbitrary
13. no solutions

15. no solutions

(1 0 0]
17. 010
(0 0 1|
(1 0 0]
19. 01 0
(00 1
Section 7.2

1. [1,1,3]x + [-2,1, =3y = [1, 2, 3] has no solutions, so no.
3. [6,5,6] = 2[1,2,4] — 3[0,1,2] + 4[1, 1, 1], so yes.

5. no

7. 10,1,0,1] = [1,1,0,0] — [1,0,1,0] + 0,0, 1, 1]. Yes.

9. 2t +22+1=("+2°+1) - (@®*+ 1)+ (P +z+1)—z
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11. If the polynomial is A + Bx + Ca? + Dz? then four distinct roots
X1, To, T3, x4 give four equations in the four unknowns A, B, C, D:

A+ Bx,+Czl+ Dz} = 0

A+ Bxg+Cay+ Dzy = 0

A+ Bxz+ Ca3+ Dxi = 0

A+ Bxy+Caxi+ Dz = 0

Row reduction gives:

1z 22 z3 0 1 = z? 3 0
1 2o 23 23 0 0 1 @tz 25+m0m+22 0
1 x5 22 23 0 ~> 0 0 1 x3+xo+x O
1 xy 23 23 0 0 0 0 Ty — X3 0

Thus the only solution is the trivial one.
Section 7.3

1. If the polynomial is A + Bz + Cz? + Da? then four distinct roots
X1, To, T3, T4 give four equations in the four unknowns A, B, C, D:

A+ Bz, +Czi+ Dz} = 0
A+ Bxy+ Cz5+ Dxy = 0
A+ Bxz+ Ca;+ Drs = 0
A+ Bxy+Cai+ Dz = 0
Row reduction gives:
1 2y 22 23 0 1 o a3 0
1 @9 22 23 0 0 zg—x1 22—2% 23—2% 0
1 w3 23 23 0 ~ 0 x3—x ai—a3 23—23 0
1 x4 25 23 0 | 0 2y — 1y ri—2? 23 —23 0
(1 2z, a? 3 0
0 1 xo+xy 22+200+22 0
~> 0 1 a3+ x§+x3x1+x% 0
| 0 1 zg+a xf+xgz a7 0
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3
Ty

To + X1 Z‘%-F.Tgl’l—i‘l’%
2 2
T3 — Ty x5 — x5+ (T3 — 22)T1

Ty — Ty T3 — x5+ (T4 — T0)Ty

1
8
— N

S OO OOk OO o

x? 3 0 ]
To+ Ty T35+ 201+ 22 0
T3+ To+ X1 0
1 T4+ To+ T

2 3
Ty 5t

Ty +x1 T3+ Tomy + 22
1 T3+ To + T
0 Tyg — T3

co~EB corB coorpE
—_

S OO oo O

Thus the only solution is the trivial one.

3. This involves solving the system of equations

a;+as+as+ays = 3h

9h?
hag + 2ha3 + 3h(l4 = 7
h2a2 + 4h2a3 + 9h2a4 = 9h3
81h*

hiay + 8h3as + 27h%ay = .

243h°
h'ay + 16h%as + 81h'ay + 24c = 3

which has solution a; = %,ag = %,(lg = %,a4 = %,c = —%.

. General form is
A + Ba* + Cx + D =y

For (0,0) to be on the curve says
A0+ B0+ CO0+ D = 0.
For (1,0)) to be on the curve says
A+B+C+D=0.
For (2,4) to be on the curve says
SA+4B+2C+ D =4.

o O O O
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For (3,0) to be on the curve says
21A+9B +3C + D = 0.

Solving this system of equations gives A = —2, B = 8, ' = —6 and
D = 0. The cubicis y = -2x3 + 8x2 - 6x + 0

7.
1 0 0 0 0 O 100000
<+ 1 2 0 0 0 01000 2
0 2+ 1 =22 0 0 00100 5
=1 =3 ~ 10 2
0o 0 & 1 50 000 o
o 0 0 0 1 1 000011
9 2 1 N 3 N x—2
Cr—1 (z—1)2 2241  (22+1)2
11. by = =
Chapter 8
Section 8.1
1. Independent
3. Dependent
5. Independent
7. Dependent
9. Independent
11. Independent
13. Independent
15. (a) The linear combination of elements of A which demonstrates its

dependence is also a non-trivial linear combination of vectors in
B giving 0.

(b) This is logically equivalent to a) using a contrapositive argument.
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17. Suppose that ¢;a; +. ..+ ¢,a, = 0 with the @; in S;US; and the ¢; # 0.
Then since both S; and S, are independent, there must be d@; from both
sets. If we assume that d; ...a,, are from S; and @, ...d, are from

SQ, then

17: Zcﬁ, = Z —cjﬁj
i=1 j=m+1
is in Span(S;) N Span(Sy) and is thus 0. Independence of Sy tells us
that all of the ¢; = 0 for ¢ = 1...m and independence of S, tells us

that ¢; = 0 for j = m + 1...n. Thus we have a contradiction, so no
nontrivial linear combination can give 0.

To see that it is not enough to ask for S; NSy = 0 let V = R?,
S1={[1,0],[0,1]} and Sy = {[1,1],[1,—1]}. Both S; and S, are inde-
pendent and S; NSy = @, but S; U Sy = {[1,0],[0,1],[1,1],[1,—1]} is
not independent.

19. For ease in numbering, let us assume that the set of columns involved
is all of the m x n matrix A (otherwise we will just need to avoid talking
about certain indices). If the columns are dependent then there will be
constants ¢;, not all 0, such that

i=1

which is the same as asking that for each j =1,...,m

n

Z CiQj; = 0.

=1

This is a homogeneous system of equations. Elementary row opera-
tions do not change the solutions to the system, so they cannot change
independence of the column vectors.

21. Each non-zero row of a row reduced echelon form matrix has a leading
1 which is the only non-zero entry in its column, hence there is no way
to get that entry as a linear combination of the corresponding entries
of the other rows.

Section 8.2
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1. Yes
3. No, not independent
5. Yes

7. No, doesn’t span

9. Yes
11. If 44, ..., v, is a basis for V over C, then v, ..., v,, i1, ..., iU, is a basis
for V over R.

13. To see independence, suppose that

n

Z cifi = 0.

1=0

Then

n

Zcifi(k') =c¢ =0

i=0
for each k.

The sequences which can be obtained as linear combinations of f; have
only a finite number of non-zero values.

15. Since any vector in ¥ € V can be written as
U = w+u
= Z 1716; + Z Y;C;
i=1 j=1
Y is spanned by {l;l, b, ,Cn}. Since WNU = {0} and both

{51, . ,gn} and {ci,...,G,} are independent, {51, ceybny Gy G S
linearly independent. Thus it is a basis for V.

Section 8.3

L. {[3,-1],[1,0]}
3. {x —1,1,2%}
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5. {[L,1,—1,1],[2,—1,0,1],[1,0,0,0],[0,1,0,0]}
7. {[1,-2,3],[—4,5,6],[7,8,—9]}
9. {1,z + 1,2 + 1,23 + 2%}
11. Basis for Y N W is
{[1,2,3,1,2],[1,0,1,0,1}
Basis for U + W is
{[1,2,3,1,2],[1,0,1,0,1],[1,1,1,1,1],[1,2,3,4,5],[1,1,1,1,2]}
13. If B is a basis and B' = B\ {b} is linearly independent then b is not
in S(B). But B is a spanning set, giving a contradiction.

15. Consider the xy plane and the yz plane in R?, dim (xy plane) = dim
(yz plane) = 2 but the two planes are not the same.

17. Since the non-zero rows in a row reduced echelon form matrix are in-
dependent and span the row space of that matrix, they form a basis
for the row space of the row reduced echelon form of M. But that is
the same as the row space of M, so it gives the desired basis.

18. Row reduction gives

1 2 3 1 0 —1
(@) | 45 6| |01 2 |sothebasisis{[1,0,—1],[0,1,2]}
| 7 8 9 ] |00 0
(1 4 3] (1 0 0
2 11 010 .
(c) 1111~ 1oo01!% the basis is {[1, 0, 0], [0, 1, 0], [0, 0, 1]}
|1 4 5 | | 0 0 0
Chapter 9
Section 9.1

A e S]]
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[l VR lL7 =15

11[1,0]4—3[0, 1] = [11, 3], 11[1, 0]+ —3[0, 1] = [11, —3], and 14[1,0]+

—3[1,1] = [11, —3], so these all give the same answer.
10 2 3
510 1 -1 —3 | Now|[2,1,-3,4] = 0[1,0,0,0]4+3[1,1,0,0]—1[1,2,3, 0]+
00 3 3
4[0, 0,0, 1] so we calculate
10 2 3 g 10
01 -1 =3 || |=]|-s8
00 3 3 4 9

Giving 10[1,0,0] — 8[1,1,0] +9[0,1,1] = [2,1,9].

1 0 2 7 ) 7
0 1 -1 -1
[ 3 I G
1 -1 -1 —4
[ 9 11 13 ]
14 14 18 | . .
9. 13 15 17 is the matrix.
| 6 6 8 |

11. T[1,2,3] = 1]3,2] + 2[1,4] + 3[0,0] = [5, 10]

13. T[1,2,3,4] = T[1,1,1,1] + T[0,1,1,1] + T[0,0,1,1] + T[0,0,0,1] =
Section 9.2

0 3

(b) f+g([z,y]) = [z —y, 2z + 2y, 62+ 3y| and 3g([z, y])
3y, 18]

(c) routine

1 1 0 —
1. (a) The matrix for fis | —1 1 | and the one for g is [ 3
6
=[-

6y, 9 +
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10 15 ]
AB = 3 18
22 43

18 10
AC = 23 13
48 31

B+C =

25 1
31
70 74

[ 28 25 1
AB+ AC = 26 31
70 74

AB+C) =

3. (a) x? + bay + 4y?
(c) 2 —zy +y?

@ | % 7]

4 8 0 1 4 | . 01 4 4 8 |.
5. [12 16]{1 0_2 ]1Sdeﬁned{1 0 _21[12 16]1snot.

Even if both are defined they need not give the same answer:
11 10| |31
0 1 2 1| |21
10 11y |11
2 1 0 1] |2 3|

flg+m)(@) = [flg(v) + h(@))
= f(g(@) + f(h(v))
= (f9) + (fh)(?)

but
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Chapter 10
Section 10.1

10000
01000
1 0 0 0 0 1 | When you multiply on the right this swaps columns
00010
|00 100
3 and 5.
1. 00 0 O
010 0 O
3 0 01 0 0| When you multiply on the right this multiplies
000 —20
(000 0 1
column 4 by -2.
F L 1 e
s | 5P
: 20 20 20
1 _1 1
L 1 1 1
3 _1 3 7
10 5 5
- | 3 4 2
B |
L 10 5 5
11 137
JaT 1
S 1 w7 7
1 _1 1
L 14 7 14

11. If L_1<ﬁl) = ’171 then L(’ljl) = 7]1 and if L_l(ﬁg) = 172 then L(ﬁg) = 712.
Now since L preserves sums

L(Ty + 1) = L(¥h) + L(th)
Uy

= + Uo
SO
U+ = LNd + 1)
L7Nw) + L7 (@) = L7'(a + )

13. Since L is one to one it will take a basis of V to a linearly independent
set. Extend that set to a basis for YW. Define the left inverse M by
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taking the basis vector L(%;) to ¢; and all basis vectors which are not
of this form to 0.

Section 10.2

1.

3.

11.

13.

15.

rank = 3
rank = 3
. rank = 5
rank = 3 nullity = 1

rank = 3 | nullity = 0

The nullity is the dimension of the kernel of L. If r # 0 then the set
solutions to rL(7) = 0 are exactly the same as the solutions to L(7) = 0.
Hence the kernels of L and L are the same, so their dimensions must
be as well.

If M(%) = 0, then it is also true that Lo M(¥) = 0 so Ker(M) C
Ker(Lo M). Thus dim(Ker(M)) < dim(Ker(L o M)).

The following examples will do:

1 2] 1 -217 . 2 0 .
(a) __3 4_,B_{3 _41glvesA+B—{6 0:|Wh1ChhaS
rank 1.
1 0] 0 2] . 1 2
(b)A—_3 O_andB—[O 4}glvesA+B—[3 4}

Section 10.3

1 2 81 | 2 0 1 4
-4 3| | -4 19 01
2 4 12 2 00 1 2 6
3.1 6 -14|={140 01 =5
38 9 2 21 00 1
Chapter 11

Section 11.1
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3 12 12 1 4 4 3 00 3 24 12
3./l -1 0 0 |(~|011 -1 4 0|=]10 6 3
1 6 9 0 01 1 2 3 1 2 3
[0 0 1 ]
5. Basis = {[1,0,0],[1,1,1],[1,2,3]} Matrix= | 1 0 -3
|01 3 |
[0 0 0 ]
7. Basis = {[1,0,0],[1,1,1],[1,2,3]} Matrix = | 1 0 —1
|01 2
0000
: . 100 0
9. Basis = {[1,0,0,0],[0,1,1,0],0,0,0,1],[0,0,1,0] } Matrix = 010 0
0010
11. Basis = {[1,0,0,0,0], 0,0, 1,0,0],[0,0,0,1,1},[0,1,0,0,0],[0,0,0,0, 2]}
00 00O
100 00
Matrix=10 1 0 0 O
00100
00010
Chapter 12
Section 12.1
1. -4
3. 24
5. 40
7. -18
9. —a
11. abed
12. A matrix A is invertible if and only if its row reduced echelon form is the

identity, which has determinant 1. Since the operations which reduce a
matrix to row reduced echelon form do not change a determinant from
0 to non-zero, this tells us that if det(A) # 0 then A is invertible.
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Section 12.2 1-11 as in section 12.1
Chapter 13
Section 13.1

IIHEHEH

2. (a) [1,0,0]
(¢) [-3,1,0]
3. (a) (1—-2)5b—-2)9—=x
(c) (1—2)((5—2)(9—x)—48)
Eigenvalue eigenvector
1 [1,0,0]
L) 4 [1,2,0]
9 (3,6,4]

Eigenvalue eigenvector
1 [1,0,0]

(©) 7 _9yT8  [0,—1- V3.4
7+2V13 [0, —1++/13,4]

6. If A is an eigenvalue for M with eigenvector ¢ then A" is an eigenvalue

for M" with the same eigenvector.

8. If 0 is an eigenvalue of L then L is not invertable because the eigenvector
for 0 is a nonzero member of the kernel of L, so L is not one to one.
If L is not invertable then the rank nullity theorem tells us that the

kernel must be nontrivial, giving an eigenvector for 0.
Section 13.2
1. 2—4,2+4,4
3. 1,2+4+14,2—1,3
5. 3,2+ 7
7. —1
9. 0,1
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00 2 -2 0 0
11. {1 0 1 |~ | 0 =1 0 | Usingthebasis([—1,0,1],[-2,1,1],[2,3,1])
01 =2 0 0 1
-2 0 0 T -2 ¢ 00 —2 2
sothat | 0 -1 0 | = —% % —% 10 3
0 0 1 : 01 — 1
13. The only eigenvalue of this matrix is 1. The vector [1,—2,1] is an
eigenvector. If we extend to a basis by taking ([1, —2, 1], [0, 1, 0], [0, 0, 1])
we get the matrix
1 00 00 1 1 00 10 1
2 10 1 0 -3 -2 1 0(=100 -1
-1 0 1 01 3 1 01 01 2

If we now restrict our attention to the lower right corner we get

Ol L

This tells us that

0 0 1 1 11
10 3|~(011
01 3 001

Section 13.3

n | Approximate A | Approximate eigenvector
1 3 [1,—3]
L@, 2.77778 [—0.76, 1]
20 -3.82843 [—0.414212, 1]
Approximate A | Approximate eigenvector
() 1 5 [0.6,0, 1]
3 4.3333 [.582418, —.131868, 1]
20 4.2924 [.547514, —.197375, 1]
Chapter 14

Section 14.1



384 APPENDIX B. ANSWERS TO SELECTED EXERCISES

1. All that remains to be proved in detail are the axioms < f|g >=< g|f >
and < kf|lg >=k < flg > and < flg+ h >=< flg > + < f|h >.

<to>= [ = [ g s

1

by commutativity in R.

<k;f|g>:/k:f x)dr =k /f r)dr =k < flg >

by the linearity of the integration process.
1
<floth> = /Lﬂ@@@w+mmwx
- /Lf + F(@)h(e)de

= dx+/f dx

= <f]g>+<f\h>.

3. (a)
@b+e = [1,2,4-(3,7,1] + [2,0,—1])
= [1,2,4]-5,7,0] = 19
@by + (@ey = [1,2,4]-[3,7,1] +[1,2,4] - [2,0, —1]
= 21-2=19

(b) |||l [16]l = /1239 ~ 35.19943181 and (a@]b)? =

5. <z 4|l >:fj1x+cdx:§+cx _11 = 2¢ =0 when ¢ = 0.

1
2
7. (a)/x3—2x2—|—aj—2d1’:—4§
-1
1.3 2
r° =2z +x—2
b dr = —3m
(b) » T




(c) 1
Section 14.2
1.
Z_7’1 = [171]
= [1,1]
by = ——
' 11, 1]]
N
V22
- 1 1 1 1
b, = 10,1 —([0,1]|—=, —=])|—=, —
5 []([][\/5\/5])[2\/5]
- 01 -[22
Y 22
11
- [_575]
- 1 1
box = |——=,—=].
? =757
3.
- 1 1
o= Ve, L
L= LUV =[5
oy 1 1
6»2 _ 071]_ 3 [75775] :[_i i]
H[0> 1]_ <[171];|g[0,1]> [\/Lg?\/Lg]“ \/6 \/6
5. {[1,0,1],[2,1,=2],[1, —4, 1]} will do
7.
p o= 1
“reTdx
P2 = x_fooo#
Jo e vdx
1!

385



386 APPENDIX B. ANSWERS TO SELECTED EXERCISES

-] 0.3 -z q
by = a2 o Tate T, Oofo (x° — z)e *dx (1)
I erda Jo (2% =2z + 1)e~2dx
2! 3 —1!
— 2_ 21 " (r =
Sl T ar et Y
= 2°—-2-5(x—1)

= 22 —5x+3

9. l,ox — 1,22 — 42 +2
Section 14.3

L[1/v2,0,-1/V2 + =[1/V3,1/v3,1/V3] = [2,

RE

ODIC“
OJI)—i

5. 3(sin(1) — cos(1))x

Chapter 15
Section 15.1

1. (a) {[1,0,0]}* = {[0, h, k]|h, k € R}
(c) {[1,1,0],[0,1,1]}* = {[h, —h, h]|h € R}
(e) (Span{[1,1,0],[0,1,1]})* = {[h, —h, h]|h € R}

3. By definition if # € At and @ € A then < @|Z >= 0, but < @|7 >=<
Flad >,s0 @ € (AY)t . Thus A C A+

5. If A < B then if < 0|Z >= 0 for all & € B, it is certainly true that
< U] >=0 for all ¥ € A, since ¥ € A = ¥ € B. This shows B < A .

Section 15.2

1. (a) Orthogonal

c¢) Not orthogonal

(a)
()
3. (a) yes
(c) yes
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absorption, 16

algebraically closed, 110

angle between vectors, 82

associative law
for linear transformations, 213
for matrices, 212

associative laws, 16

associativity, 92, 340

basis, 18, 19, 178
brick function, 135

canonical form, 39
for 2 by 2 matrices, 76
rational, for orthogonal matrices,
334
Cauchy-Schwarz inequality, 85, 295
Cayely-Hamilton theorem, 336
characteristic polynomial, 62, 271
closure, 16, 92, 340
code
error correcting, 111
Hamming (8,4), 115
code
Hamming (7,4), 112
codomain, 24, 102
column, 35
column rank, 227
column space, 48, 132, 227
commutative laws, 16
commutativity, 92, 340

companion matrix, 248
complex numbers: C, 109
composition, 31
of linear transformations, 32
coordinates with respect to a basis,
179

determinant, 35, 50, 256
and invertability, 259
effect of row operations, 258
expansion by minors, 265
diagonalization, 280
dimension, 182
direct sum, 339
direct sum U4 & W , 139
direction cosines, 83
distributive, 92, 340
distributive law, 16
fo linear transformations, 216
for matrices, 212
domain, 23, 102
dot product, 79
algebraic definition, 82
geometric definition, 80
dual space, 122
dynamical system, 65

eigenvalue, 61
of linear transformation, 269
of matrix, 269

eigenvalues

387
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of block upper triangular matrix, homogeneous linear differential equa-

276 tion, 125
of upper triangular matrix, 276 ~ homogeneous system
eigenvector, 61 of linear equations, 49
elementary row operation homogeneous system of equations, 159

matrices for, 220

elementary row operations, 143 identity, 16, 92, 340

R; < R; Interchange, 144 hrial-ﬂ trilllsformation, 40
R;+7R; Add r times row i to row LoV
7, 144 identity for scalars, 16
equal 7 identity matrix, 43
; i 24, 47
t R2 12 image, 24,
rectom of a linear transformation, 122
field. 92 index of nilpotence, 249
ﬁ@ 16 inner product

finite dimensional, 180 Hermite, 293
fixed point, 72 Laguerre, 294
formal power series, 100 Tchebyshev, 294
forward difference operator A, 109 dot product, 290

Fourier series, 314 Legendre ;291
function. 23 weighted dot product:, 291

function space, 97 inner product space, 289

fundamental theorem of algebra, 110 LVerse _
of a matrix, H4

Gauss-Jordan elimination. 152 of linear transformation, 217

pseudocode, 152 of matrix, 218

Gaussian Elimination with backsolv- of matrix, finding, 222
ing, 141 inverses, 16, 92, 340

invertable

Gaussian elimination with backsolv- i )
. linear transformation, 217

ing :
pseudocode, 150 matrix, 218
Gibbs overshoot, 317 kernel. 123
Gram Schmidt Orthogonalization Pro- kernelz Ker(L), 49
cess, 300
Gram Schmidt Orthonormalization, 301least squares, 312
length
Haar scaling functions, 318 of a vector in R?, 14

Haar wavelets, 318 Leslie matrix, 201



INDEX

linear combination, 45, 46, 129
linear difference equations, 61
linear differential equations, 61
linear transformation, 23, 102
stretch, 24
definite integral, 106
differentiation, 106
evaluation at a point, 106
inclusion of a subspace, 126
projection, 103
reflection, 29
rotation, 28
linearly dependent set, 172
linearly independent set, 172
lower triangular matrix, 232
LU decomposition, 232

matrix, 35
tridiagonal, 268
matrix for a linear transformation, 197,
198
minimal spanning set, 133
multiplication
of a linear transformation by a
scalar, 32
of a matrix by a scalar, 41
of matrices, 40, 210
scalar time linear transformation,
207
scalar times matrix, 207
scalar times vector, 13
multiplication
matrix times vector, 198

nilpotent, 249
norm, 290
nullity
of a linear transformation, 226

389

one-to-one, 49, 217

onto, 47, 217

operation counts, 154

orthogonal complement, 324, 344
orthogonal matrix, 332

orthogonal polynomials, 303
orthogonal transformation, 328, 344
orthogonal vectors, 89

orthonormal, 301

parallel, 21
parallel vectors, 13
parallelogram law, 12
partial fractions, 165
pivot, 151
positive definiteness, 290, 342
power method, 285
product
matrix times vector, 37, 104
projection, 88
projection of a vector onto a subspace,

307

QR factorization, 332
quadratic form, 215

R[z,y], 97
Rlz], 96
R[x]37 96
random walks, 164
rank
of a linear transformation, 226
Rank-Nullity Theorem, 226
row, 35
row operations
elementary, 55
rR; Multiply row i by r, 144
row rank, 227
row reduced echelon form, 148
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row space, 132, 227 of linear transformations Hom(V, W),
121
scalar, 13 function space, 97
similar matrices, 39 of matrices , 98
Simpson’s rule error, 162 over R, 16
span, 45 polynomials: F[z], 96
Span(S), 46 vector space
Span(.5), 45, 130 of continuous functions, 120
spanning set, 47, 157 of differentiable functions, 121
stochastic matrix, 72 over a field, 94
subspace, 44, 117
Im(L), 122 Z», 110
Ker(l), 123 zero vector, 14

sum Zorn’s Lemma, 193

of linear transformations, 34, 207
of matrices, 207
vectors in R?, 13
sum of subspaces, 137
support of a function, 136
symmetric matrix, 215
system of equations
inconsistent, 147
redundant, 147

translation, 35

transpose, 198

transpose of a matrix, 332
triangle inequality, 296
triangularization of a matrix, 281
trigonometric polynomials, 314

upper triangular matrix, 232

vector
in R2, 14

vector space
Hom(V, W), 205
R™ 95
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