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Infroduction

1.1 Learning Outcomes

The learning outcomes of the two parts of this course in Mathematics are
threefold:

¢ Mathematical reasoning
¢ Fundamental concepts in mathematical economics

¢ Extend mathematical toolbox

Topics
¢ Linear Algebra:

— Vector spaces, basis and dimension

— Matrix algebra and linear transformations

Norm and metric

Orthogonality and projections

Determinants

Eigenvalues
¢ Topology

— Neighborhood and convergence
— Open sets and continuous functions

— Compact sets
¢ Calculus

— Limits and continuity
— Derivative, gradient and Jacobian matrix

— Mean value theorem and Taylor series

1



ToPICS

— Inverse and implicit functions
— Static optimization

— Constrained optimization
¢ Integration

Antiderivative

Riemann integral

Fundamental Theorem of Calculus

Leibniz’s rule

Multiple integral and Fubini’s Theorem
¢ Dynamic analysis

— Ordinary differential equations (ODE)
— Initial value problem

— linear and logistic differential equation

Autonomous differential equation

Phase diagram and stability of solutions

Systems of differential equations

Stability of stationary points

Saddle path solutions

¢ Dynamic analysis

Control theory

Hamilton function

Transversality condition

Saddle path solutions



1.2 A SCIENCE AND LANGUAGE OF PATTERNS

1.2 A Science and Language of Patterns

Mathematics consists of propositions of the form: P implies
Q, but you never ask whether P is true. (Bertrand Russell)

The mathematical universe is built-up by a series of definitions, the-
orems and proofs.

Axiom
A statement that is assumed to be true.
Axioms define basic concepts like sets, natural numbers or real
numbers: A family of elements with rules to manipulate these.

Definition
Introduce a new notion. (Use known terms.)
Theorem
A statement that describes properties of the new object:
If...then...
Proof
Use true statements (other theorems!) to show that this statement is
true.

New Definition
Based on observed interesting properties.
Theorem
A statement that describes properties of the new object.
Proof
Use true statements (including former theorems) to show that the
statement is true.

27777
Here is a very simple example:

Even number. An even number is a natural number n that is divisible = Definifion 1.1
by 2.

If n is an even number, then n? is even. Theorem 1.2

PROOF. If n is divisible by 2, then n can be expressed as n = 2k for some

k € N. Hence n? = (2k)? = 4k? = 2(2k?) which also is divisible by 2. Thus

n? is an even number as claimed. O



1.3 MATHEMATICAL ECONOMICS

Theif...then... structure of mathematical statements is not always
obvious. Theorem 1.2 may also be expressed as: The square of an even
number is even.

When reading the definition of even number we find the terms divisi-
ble and natural numbers. These terms must already be well-defined: We
say that a natural number » is divisible by a natural number % if there
exists a natural number m such that n =% -m.

What are natural numbers? These are defined as a set of objects that
satisfies a given set of rules, i.e., by axioms’.

Of course the development in mathematics is not straightforward as
indicate in the above diagram. It is rather a tree with some additional
links between the branches.

1.3 Mathematical Economics

The quote from Bertrand Russell may seem disappointing. However, this
exactly is what we are doing in Mathematical Economics.

An economic model is a simple picture of the real world. In such a
model we list all our assumptions and then deduce patterns in our model
from these “axioms”. E.g., we may try to derive propositions like: “When
we increase parameter X in model Y then variable Z declines.” It is not
the task of mathematics to validate the assumptions of the model, i.e.,
whether the model describes the real world sufficiently well.

Verification or falsification of the model is the task of economists.

1.4 About This Manuscript

This manuscript is by no means a complete treatment of the material.
Rather it is intended as a road map for our course. The reader is in-
vited to consult additional literature if she wants to learn more about
particular topics.

As this course is intended as an extension of the course Foundations
of Economics — Mathematical Methods the reader is encouraged to look
at the given handouts for examples and pictures. It is also assumed that
the reader has successfully mastered all the exercises of that course.
Moreover, we will not repeat all definitions given there.

1.5 Solving Problems

In this course we will have to solve homework problems. For this task
the reader may use any theorem that have already been proved up to this
point. Missing definitions could be found in the handouts for the course
Foundations of Economics — Mathematical Methods. However, one must
not use any results or theorems from these handouts.

1The natural numbers can be defined by the so called Peano axioms.



1.6 SYMBOLS AND ABSTRACT NOTIONS

Roughly spoken there are two kinds of problems:

* Prove theorems and lemmata that are stated in the main text. For
this task you may use any result that is presented up to this par-
ticular proposition that you have to show.

* Problems where additional statements have to be proven. Then
all results up to the current chapter may be applied, unless stated
otherwise.

Some of the problems are hard. Here is Polya’s four step plan for
tackling these issues.

(i) Understand the problem.
(i1) Devise a plan.
(i1i) Execute the problem.
(iv) Look back.

1.6 Symbols and Abstract Notions

Mathematical illiterates often complain that mathematics deals with ab-
stract notions and symbols. However, this is indeed the foundation of the
great power of mathematics.

Here is an example”. Suppose we want to solve the quadratic equa-
tion

x> +10x=39.

Muhammad ibn Misa al-Khwarizmi (c. 780-850) presented an algorithm
for solving this equation in his text entitled Al-kitad al-muhtasar fi hisab
al-jabr wa-l-muqgabala (The Condensed Book on the Calculation of al-
Jabr and al Mugabala). In his text he distinguishes between three kinds
of quantities: the square [of the unknown], the root of the square [the un-
known itself], and the absolute numbers [the constants in the equation].
Thus he stated our problem as

“What must be the square which, when increased by ten of
its own roots, amounts to thirty-nine?”

and presented the following recipe:

“The solution is this: you halve the number of roots, which in
the present instance yields five. This you multiply by itself;
the product is twenty-five. Add this to thirty-nine; the sum
is sixty-four. Now take the root of this which is eight, and
subtract from it half the number of the roots, which is five;
the remainder is three. This is the root of the square which
you sought for.”

2See Sect. 7.2.1 in Victor J. Katz (1993), A History of Mathematics, HarperCollins
College Publishers.



SUMMARY

Using modern mathematical (abstract!) notation we can express this al-
gorithm in a more condensed form as follows:

The solution of the quadratic equation x? + bx = ¢ with b,¢ > 0 is
obtained by the procedure

Halve b.

Square the result.

Add c.

Take the square root of the result.
Subtract b/2.

Ok N =

It is easy to see that the result can abstractly be written as

(b
x= —
2

2 b
+c——.
2

Obviously this problem is just a special case of the general form of a
quadratic equation

ax2+bx+c:0, a,b,ceR

with solution

-b+Vb%-4dac
Xjg=—"T7-"""".
’ 2a

Al-Khwarizmi provided a purely geometrically proof for his algorithm.
Consequently, the constants b and ¢ as well as the unknown x must be
positive quantities. Notice that for him x? = bx + ¢ was a different type
of equation. Thus he had to distinguish between six different types of
quadratic equations for which he provided algorithms for finding their
solutions (and a couple of types that do not have positive solutions at
all). For each of these cases he presented geometric proofs. And Al-
Khwarizmi did not use letters nor other symbols for the unknown and
the constants.

— Summary

* Mathematics investigates and describes structures and patterns.
* Abstraction is the reason for the great power of mathematics.

* Computations and procedures are part of the mathematical tool-
box.

¢ Students of this course have mastered all the exercises from the
course Foundations of Economics — Mathematical Methods.

¢ Ideally students read the corresponding chapters of this manuscript
in advance before each lesson!



Logic

We want to look at the foundation of mathematical reasoning.

2.1 Statements

We use a naive definition.

A statement is a sentence that is either true (T) or false (F) — but not
both.

* “Vienna is the capital of Austria.” is a true statement.

¢ “Bill Clinton was president of Austria.” is a false statement.
* “191is a prime number” is a true statement.

e “This statement is false” is not a statement.

* “xis an odd number.” is not a statement. &

2.2 Connectives

Statements can be connected to more complex statements by means of
words like “and”, “or”, “not”, “if ... then ...”, or “if and only if”. Table 2.3
lists the most important ones.

2.3 Truth Tables

Truth tables are extremely useful when learning logic. Mathematicians
do not use them in day-to-day work but they provide clarity for the be-
ginner. Table 2.4 lists truth values for important connectives.

Notice that the negation of “All cats are gray” is not “All cats are not
gray” but “Not all cats are gray”, that is, “There is at least one cat that
is not gray”.

Definition 2.1

Example 2.2



2.4 IF... THEN...

Let P and @ be two statements.

Connective Symbol Name

not P -P negation

P and Q PAQ conjunction
Por@ Pv@Q disjunction
if P then @ P=@ implication

Q ifand onlyif P P @  equivalence

Let P and @ be two statements.

P Q|-P PAQ PvQ P=>Q Po@Q

T T| F T T T T
T F| F F T F F
F T| T F T T F
F F| T F F T T

24 If... then...

In an implication P = @ there are two parts:
¢ Statement P is called the hypothesis or assumption, and
¢ Statement @ is called the conclusion.

The truth values of an implication seems a bit mysterious. Notice
that P = @ says nothing about the truth of P or @.

Which of the following statements are true?

¢ “If Barack Obama is Austrian citizen, then he may be elected for
Austrian president.”

¢ “If Ben is Austrian citizen, then he may be elected for Austrian
president.” ¢

2.5 Quantifier

The phrase “for all” is the universal quantifier.
It is denoted by V.

The phrase “there exists” is the existential quantifier.
It is denoted by 3.

Table 2.3

Connectives for
statements

Table 2.4

Truth table for
important connectives

Example 2.5

Definition 2.6

Definition 2.7



PROBLEMS

— Problems

2.1 Construct the truth table of the following statements:

(a) 7P (b) 7(PAQ) (c) "(Pv@Q)
(d) "PAP (e) "PVvP ® Pv-Q
2.2 Verify that the statement HINT: Compute the truth
table for this statement.
P=>Q)e("PvQ)

is always true.

2.3 Contrapositive. Verify that the statement
(P=>Q) e (~Q = -P)
is always true. Explain this statement and give an example.

2.4 Express PV@®, P => @, and P < @ as compositions of P and @ by
means of = and A. Prove your statement by truth tables.

2.5 Another connective is exclusive-or P @ @. This statement is true
if and only if exactly one of the statements P or @ is true.

(a) Establish the truth table for P ¢ Q.
(b) Express this statement by means of “not”, “and”, and “or”.
Verify your proposition by means of truth tables.
2.6 A tautology is a statement that is always true. A contradiction
is a statement that is always false.
Which of the statements in the above problems is a tautology or a

contradiction?

2.7 Assume that the statement P = @ is true. Which of the following
statements are true (or false). Give examples.

(a) =P (b) " @=>P
(¢) —|Q:>—|P (d) —|P:>—|Q



Definitions, Theorems and
Proofs

We have to read mathematical texts and need to know what that terms
mean.

3.1 Meanings

A mathematical text is build around a skeleton of the form “definition
— theorem — proof”. Besides that one also finds examples, remarks, or
illustrations. Here is a very short description of these terms.

¢ Definition : an explanation of the mathematical meaning of a
word.

* Theorem : a very important true statement.

* Proposition : a less important but nonetheless interesting true
statement.

* Lemma : a true statement used in proving other statements (aux-
iliary proposition; pl. lemmata).

¢ Corollary : a true statement that is a simple deduction from a
theorem.

¢ Proof : the explanation of why a statement is true.

* Conjecture : a statement believed to be true, but for which we
have no proof.

¢ Axiom : a basic assumption about a mathematical situation.

10

definition

theorem

proposition

lemma

corollary

proof

conjecture

axiom



3.2 READING 11

3.2

Reading

When reading definitions:

Observe precisely the given condition.

Find examples.

Find standard examples (which you should memorize).
Find trivial examples.

Find extreme examples.

Find non-examples, i.e., an example that do not satisfy the condi-
tion of the definition.

When reading theorems:

3.3

Find assumptions and conditions.
Draw a picture.
Apply trivial or extreme examples.

What happens to non-examples?

Theorems

Mathematical propositions are statements of the form “if A then B”. It is
always possible to rephrase a theorem in this way. E.g., the statement
“y/2 is an irrational number” can be rewritten as “If x = V2 then x is a
irrational number”.

When talking about mathematical theorems the following two terms
are extremely important.

A necessary condition is one which must hold for a conclusion to be  Definition 3.1
true. It does not guarantee that the result is true.

A sufficient condition is one which guarantees the conclusion is true.  Definition 3.2
The conclusion may even be true if the condition is not satisfied.

So if we have the statement “if A then B”,i.e., A = B, then

A is a sufficient condition for B, and

* Bis anecessary condition for A (sometimes also written as B < A).

3.4

Proofs

Finding proofs is an art and a skill that needs to be trained. The mathe-
matician’s toolbox provide the following main techniques.



3.4 PROOFS

Direct Proof
The statement is derived by a straightforward computation.

If n € N is an odd number, then n? is odd.

PROOF. If n is odd, then it is not divisible by 2 and thus n can be ex-
pressed as n =2k + 1 for some k2 € N. Hence

n2=Qk+1° =4k +4k+1

which is not divisible by 2, either. Thus n? is an odd number as claimed.
O

Contrapositive Method

The contrapositive of the statement P = @ is
Q= -P.

We have already seen in Problem 2.3 that (P = @) © (7@ = —P). Thus
in order to prove statement P = @ we also may prove its contrapositive.

If n2 is an even number, then 7 is even.

PRrROOF. This statement is equivalent to the statement:

2

“If n is not even (i.e., odd), then n“ is not even (i.e., odd).”

However, this statements holds by Proposition 3.3 and thus our proposi-
tion follows. O

Obviously we also could have used a direct proof to derive Proposi-
tion 3.4. However, our approach has an additional advantage: Since we
already have shown that Proposition 3.3 holds, we can use it for our proof
and avoid unnecessary computations.

Indirect Proof

This technique is similar to the contrapositive method. Yet we assume
that both P and —@ are true and show that a contradiction results. Thus
it is called proof by contradiction (or reductio ad absurdum). It is
based on the equivalence (P = @) © (P A —Q). The advantage of this
method is that we get the statement =@ for free even when @ is difficult
to show.

The square root of 2 is irrational, i.e., it cannot be written in form m/n
where m and n are integers.

PROOF IDEA. We assume that v2 = m/n where m and n are integers
without a common divisor. We then show that both, m and n, are even
which is absurd.

Proposition 3.3

Proposition 3.4

Proposition 3.5



3.4 PROOFS
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PROOF. Suppose the contrary that v'2 = m/n where m and n are inte-
gers. Without loss of generality we can assume that this quotient is in its
simplest form. (Otherwise cancel common divisors of m and n.) Then we
find

m_s e ™ly e mioge?

n n
Consequently m? is even and thus m is even by Proposition 3.4. So
m = 2k for some integer k. We then find

(2k)? = 2n2 o 2k2 =n?

which implies that n is even and there exists an integer j such that
n = 2j. However, we have assumed that m/n was in its simplest form;
but we find

V2=

m 2k
n 2j

k
J
a contradiction. Thus we conclude that v/2 cannot be written as a quo-
tient of integers. O

”

The phrase “without loss of generality” (often abbreviated as “w.l.0.g.”
is used in cases when a general situation can be easily reduced to some
special case which simplifies our arguments. In this example we just
have to cancel out common divisors.

Proof by Induction

Induction is a very powerful technique. It is applied when we have an
infinite number of statements A(n) indexed by natural numbers. It is
based on the following theorem.

Principle of mathematical induction. Let A(n) be an infinite collec-
tion of statements with n € N. Suppose that

(1) A(1)is true, and
(i) A(R)=>A(k+1)forall keN.

Then A(n) is true for all n € N.

PROOF. Suppose that the statement does not hold for all n. Let j be
the smallest natural number such that A(j) is false. By assumption
(i) we have j > 1 and thus j—1 = 1. Note that A(j—1) is true as j is
the smallest possible. Hence assumption (ii) implies that A(j) is true, a
contradiction. O

When we apply the induction principle the following terms are use-
ful.

Theorem 3.6



3.4 PROOFS
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¢ Checking condition (i) is called the base step.
¢ Checking condition (ii) is called the induction step.

¢ Assuming that A(k) is true for some % is called the induction
hypothesis.

Let g€R, g ¢{0,1}, and n € N Then Proposition 3.7

-1

n}{ qj_ 1-g
1-

j=0 q

n

PROOF. For a fixed g € R this statement is indexed by natural numbers.
So we prove the statement by induction.

Base step: Obviously the statement is true for n = 1.

Induction step: We assume by the induction hypothesis that the
statement is true for n =k, i.e.,

k-1

j_1-q
Zq - 1 .
7j=0 -q

k

We have to show that the statement also holds for n = 2 + 1. We find

k k-1 1— k 1— k 1-— k 1— k+1
Y=Y giagh=i Ly qp 120 QoD 14
j=0 7=0 1-q 1-gq 1-gq 1-q

Thus by the Principle of Mathematical Induction the statement is true
for all n e N. O

Proof by Cases

It is often useful to break a given problem into cases and tackle each of
these individually.

Triangle inequality. Let a and b be real numbers. Then Proposition 3.8
la+b|<|a|+|b|

PROOF. We break the problem into four cases where a and b are positive
and negative, respectively.

Casel: a=0and b=0. Thena+b =0 and we find l[a +b|=a+b =
lal+15].

Case2:a<0and b <0. Nowwehavea+b<0and|a+b|=—-(a+b)=
(=a)+(=b)=lal +|b|.

Case 3: Suppose one of a and b is positive and the other negative.
W.l.o.g. we assume a <0 and b = 0. (Otherwise reverse the roles of ¢ and
b.) Notice that x < |x| for all x. We have the following to subcases:
Subcase (a): a+b>0and we find [a +b|=a +b < |a| +|b|.

Subcase (b): a +b<0and we find |a+b|=—-(a+b)=(-a)+(-b)<|—a|+
| —bl=lal +b].

This completes the proof. O



3.5 WHY SHOULD WE DEAL WITH PROOFS?
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Counterexample

A counterexample is an example where a given statement does not
hold. It is sufficient to find one counterexample to disprove a conjecture.
Of course it is not sufficient to give just one example to prove a conjec-
ture.

Reading Proofs

Proofs are often hard to read. When reading or verifying a proof keep
the following in mind:

* Break into pieces.

¢ Draw pictures.

¢ Find places where the assumptions are used.

* Try extreme examples.

¢ Apply to a non-example: Where does the proof fail?

Mathematicians seem to like the word trivial which means self-
evident or being the simplest possible case. Make sure that the argument
really is evident for you'.

3.5 Why Should We Deal With Proofs?

The great advantage of mathematics is that one can assess the truth of
a statement by studying its proof. Truth is not determined by a higher
authority who says “because I say so”. (On the other hand, it is you that
has to check the proofs given by your lecturer. Copying a wrong proof
from the blackboard is your fault. In mathematics the incantation “But
it has been written down by the lecturer” does not work.)

Proofs help us to gain confidence in the truth of our statements.

Another reason is expressed by Ludwig Wittgenstein: Beweise reini-
gen die Begriffe. We learn something about the mathematical objects.

3.6 Finding Proofs

The only way to determine the truth or falsity of a mathematical state-
ment is with a mathematical proof. Unfortunately, finding proofs is not
always easy.

M. Sipser”. has the following tips for producing a proof:

1Nasty people say that trivial means: “I am confident that the proof for the state-
ment is easy but I am too lazy to write it down.”

28ee Sect. 0.3 in Michael Sipser (2006), Introduction to the Theory of Computation,
2nd international edition, Course Technology.



3.7 WHEN YOU WRITE DOWN YOUR OWN PROOF
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* Find examples. Pick a few examples and observe the statement in
action. Draw pictures. Look at extreme examples and non-exam-
ples. See what happens when you try to find counterexamples.

* Be patient. Finding proofs takes times. If you do not see how to do
it right away, do not worry. Researchers sometimes work for weeks
or even years to find a single proof.

* Come back to it. Look over the statement you want to prove, think
about it a bit, leave it, and then return a few minutes or hours
later. Let the unconscious, intuitive part of your mind have a
chance to work.

* Try special cases. If you are stuck trying to prove your statement,
try something easier. Attempt to prove a special case first. For
example, if you cannot prove your statement for every n = 1, first
try to prove it for 2 =1 and %2 = 2.

* Be neat. When you are building your intuition for the statement
you are trying to prove, use simple, clear pictures and/or text. Slop-
piness gets in the way of insight.

* Be concise. Brevity helps you express high-level ideas without get-
ting lost in details. Good mathematical notation is useful for ex-
pressing ideas concisely.

3.7 When You Write Down Your Own Proof

When you believe that you have found a proof, you must write it up
properly. View a proof as a kind of debate. It is you who has to convince
your readers that your statement is indeed true. A well-written proof is
a sequence of statements, wherein each one follows by simple reasoning
from previous statements in the sequence. All your reasons you may
use must be axioms, definitions, or theorems that your reader already
accepts to be true.

Keep in mind that a proof is not just a collection of computations.
These are means for the purpose of demonstration and thus require ex-
planation.

When you make use of a theorem you may explicitly refer to it. This
is in particular required if you use a previous result in a sequence of lem-
mata in order to help your reader to understanding your arguments. It
is also necessary if your result is based on propositions beyond the fun-
damental theorems in the area of research. In Mathematics, however, it
is usual to refer to the proposition, paper or book, rather than to quote
the text of that proposition verbatim.

Since a proof is a kind of debate you should use complete sentences
in consideration of grammar, syntax and usage of punctuation marks.
For the sake of readability sentences should not start with a symbol and
mathematical expressions may be separated by commata.
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— Summary

Mathematical papers have the structure “Definition — Theorem —
Proof”.

A theorem consists of an assumption or hypothesis and a conclu-
sion.

We distinguish between necessary and sufficient conditions.

Examples illustrate a notion or a statement. A good example shows
a typical property; extreme examples and non-examples demon-
strate special aspects of a result. An example does not replace a
proof.

Proofs verify theorems. They only use definitions and statements
that have already be shown true.

There are some techniques for proving a theorem which may (or
may not) work: direct proof, indirect proof, proof by contradiction,
proof by induction, proof cases.

Wrong conjectures may be disproved by counterexamples.

When reading definitions, theorems or proofs: find examples, draw
pictures, find assumptions and conclusions.
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— Problems

3.1 Consider the following student’s proof of the proposition: Let x,y €
2
R. Then xy < 362—2+ y?

PROOF (STUDENT VERSION):

(x-y)?2=0
x2—2xy+y220
x2+y222xy

x2 2

—+== O
g "9 =W

What is the problem with this version of the proof. Rewrite the
proof.

3.2 Consider the following statement:

Suppose that a, b, ¢ and d are real numbers. If ad = cd
and a =c, then b =d.
Proof: We have
ab=cd
< ab=ad,asa=c,
< b=d, by cancellation. [

Unfortunately, this statement is false. Where is the mistake? Find
a counterexample. Fix the proposition, i.e., change the statement
such that it becomes true.

3.3 Prove that the square root of 3 is irrational, i.e., it cannot be writ-  HINT: Use the same idea

ten in form m/n where m and n are integers. as in the proof of Proposi-
tion 3.5.

3.4 Suppose one uses the same idea as in the proof of Proposition 3.5 to
show that the square root of 4 is irrational. Where does the proof
fail?

3.5 Prove by induction that

n 1
Y j==n(n+1).
2

3.6 The binomial coefficient is defined as

n| n!
E|] El(n-k)

It also can be computed by (g) = (Z ) = 1 and the following recursion:

n+1 n n
(k+1)_(k)+(k+l) fork=0,...,n-1
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This recursion can be illustrated by Pascal’s triangle:

© O 6 6 1 3 3 1
G @ 6 6 G 14 6 41
© @ 6 6 @ 6 1510 1051

Prove this recursion by a direct proof.

3.7 Prove the binomial theorem by induction:

k=0

(x+y)" = i (Z)xk ynk

3.8 Consider the following “proposition”:

All elements of a finite set {a1,...,a,} of real numbers
are equal.

It is obviously false as we would have the corollary:
All students at WU Wien have the same height.

So the following cannot be a correct proof of the false proposition.
NoOT-A-PROOF: We use the induction principle.

Base step n = 1: The statement is trivially true for set with exactly
one element.

Induction step: Assume the statement holds for any set of cardi-
nality n. We show that it then also holds for a set {a1,...,an+1}
of cardinality n + 1. By the induction hypothesis all elements in
{ai,...,a,} and {ag,...,a,+1}, resp., are equal. In particular all
elements in the first subset are equal to a1 and all elements in
the second subset are equal to a,+1. Now let a; be an element
in both subsets. Then we find a1 = a; = a,+1 and consequently
all elements in {a1,...,a,+1} are equal. Thus the result follows by
induction. O

3.9 Proof by induction:
Leta;eRfori=1,...,n. Then

n n
Zai SZIaiI.
i=1 =1

3.10 Consider the following statement:

HINT: Use the recursion
from Problem 3.6.
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Let a,b € R such that a = b. Then the following holds:

a=b | -a
o a?=ab | +(a?-2ab)
< a?+(a?-2ab)=ab+(a®-2ab) |simplify
o 2a®-ab)=a%-ab | : (a®—ab)
o 2=1

Obviously, this computation is false. Where is the mistake?

3.11 Odd Pie Fights. An odd number of people are standing in the
plane, there mutual distances distinct. At a signal each person
will throw a banana cream pie at his or her nearest neighbor?.

Prove that at least one person does not get hit with a pie.

Hint: You have to do induction on odd numbers only. Also observe
that there are always two persons with shortest distance among
all possible distances between pairs of people.

Does the statement still hold if there are an even number of peo-
ple? (Prove or disprove)

Does the statement still hold if there are an odd number of people
but where the distances need not be distinct? (Prove or disprove)

3Think of an old Laurel and Hardy movie.



Matrix Algebra

We want to cope with rows and columns.

4.1 Matrix and Vector

An m x n matrix (pl. matrices) is a rectangular array of mathematical
expressions (e.g., numbers) that consists of m rows and n columns. We
write

all a12 “ee aln

a21 a22 e a2n
A= (aij)mxn =

aAml Am2 ... Qmn

We use bold upper case letters to denote matrices and corresponding
lower case letters for their entries. For example, the entries of matrix A
are denote by a;;. In addition, we also use the symbol [A];; to denote the
entry of A in row i and column j.

A column vector (or vector for short) is a matrix that consists of a single
column, i.e., an n x 1 matrix. We write

X1
x2
X =
Xn
A row vector is a matrix that consists of a single row. We write

!
X =(x1,%2,...,%m).

We use bold lower case letters to denote vectors. Symbol e, denotes
a column vector that has zeros everywhere except for a one in the kth
position.

21

Definition 4.1

Definition 4.2

Definition 4.3
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The set of all (column) vectors of length n with entries in R is denoted
by R”. The set of all m x n matrices with entries in R is denoted by R™*".
It is convenient to write A =(aq,...,a,) to denote a matrix with col-
a
umn vectors aj,...,a,. We write A=| : | to denote a matrix with row

m
/

!
vectors aj,...,a,,.

An n x n matrix is called a square matrix.

An m x n matrix where all entries are 0 is called a zero matrix. It is
denoted by 0.

An n x n square matrix with ones on the main diagonal and zeros else-
where is called identity matrix. It is denoted by I,,.

We simply write 0 and I, respectively, if the size of 0,,, and I,, can be
determined by the context.

The Kronecker delta §;; is defined as

1, ifi=j,
6ij= e
0, ifi#j.

It is a convenient symbol that indicates that an expression vanishes’
if two numbers are distinct. For example, the identity matrix can be
defined as

(Il;j=6ij;.

A diagonal matrix is a square matrix in which all entries outside the
main diagonal are all zero. The diagonal entries themselves may or may
not be zero. Thus, the n xn matrix D is diagonal if d;; = 0 whenever i # j.
We denote a diagonal matrix with entries x1,...,x, by diag(x1,...,x,).

An upper triangular matrix is a square matrix in which all entries
below the main diagonal are all zero. Thus, the n x n matrix U is an
upper triangular matrix if u;; = 0 whenever i > j.

Notice that identity matrices and square zero matrices are examples
for both diagonal matrices and upper triangular matrices.

1That is, the expression is 0.

Definition 4.4

Definition 4.5

Definition 4.6

Definition 4.7

Definition 4.8

Definition 4.9
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4.2 Matrix Algebra

Two matrices A and B are equal, A = B, if they have the same number
of rows and columns and

aij:bij-

Let A and B be two m x n matrices. Then the sum A+B is the m xn
matrix with elements

[A+Bl;; =[Al;j +[Bl;j=a;; +b;;.

That is, matrix addition is performed element-wise.

Let A be an m x n matrix and a € R. Then we define a¢A by
[aAl;j = alAl;j=aa;;.

That is, scalar multiplication is performed element-wise.

Let A be an m x n matrix and B an n x £ matrix. Then the matrix
product A-B is the m x & matrix with elements defined as
n
[A-Bl;j =) aisbs;.
s=1

That is, matrix multiplication is performed by multiplying
rows by columns.

Rules for matrix addition and multiplication.

Let A, B, C, and D, matrices of appropriate size. Then
(1) A+B=B+A

2) A+B)+C=A+B+0)

3) A+0=A

4) (A-B)-C=A-(B-0)

5) I,-A=ATI,=A

(6) (¢A)-B=A-(aB)=a(A-B)

(7) C-(A+B)=C-A+C-B

(8) (A+B)-D=A-D+B-D

PROOF. See Problem 4.7.

Notice: In general matrix multiplication is not commutative!

AB #BA

Definition 4.10

Definition 4.11

Definition 4.12

Definition 4.13

[ X

Theorem 4.14
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4.3 Transpose of a Matrix

The transpose of an m x n matrix A is the n x m matrix A’ (also denote
by A?, AT, or AT) defined as

[A'];; =[Alji =aji.

We trivially find for m x n matrices A and B,
(A+B)=A'+B'.

Let A be an m x n matrix and B an n x £ matrix. Then

(1) A" = A,
(2) (AB) =B/A..

PROOF. See Problem 4.15.

A square matrix A is called symmetric if A’ = A.

4.4 Inverse Matrix

A square matrix A is called invertible if there exists a matrix A~! such
that

AAT=ATA=T.

Matrix A~ ! is then called the inverse matrix of A.
A is called singular if such a matrix does not exist.

Let A be an invertible matrix. Then its inverse A~! is uniquely defined.
PROOF. See Problem 4.18.

Let A and B be two invertible matrices of the same size. Then AB is
invertible and

(AB) '=B7 AL,
PROOF. See Problem 4.19.

Let A be an invertible matrix. Then the following holds:

1 @AhH'l=A
@ @y't=@Ay

PROOF. See Problem 4.20.

Definition 4.15

Lemma 4.16

Theorem 4.17

Definition 4.18

Definition 4.19

Theorem 4.20

Theorem 4.21

Theorem 4.22
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4.5 Block Matrix

Suppose we are given some vector X = (x1,...,%,)". It may happen that we
naturally can distinguish between two types of variables (e.g., endoge-
nous and exogenous variables) which we can group into two respective
vectors X1 = (x1,...,%,,) and Xg = (X5, +1,...,%n,4n,) Where ni+ng =n.
We then can write

)

X = .

X9

Assume further that we are also given some m x n Matrix A and that the
components of vector y = Ax can also be partitioned into two groups

_ [y
v=(3)
where y1 = (y1,...,%m;) and y2 = (¥m,+1,---,Ymy+m,) - We then can parti-
tion A into four matrices

A Alz)

A=
(A21 Az

where A;; is a submatrix of dimension m; x n;. Hence we immediately
find

(Y1) _ (An A12) _ (X1) _ (Allxl +A12X2)
v2) \Ag1 Agg) \x2) |Agixi+Agexy)’

Air Ay

Matrix
(A21 Ay

) is called a partitioned matrix or block matrix.

1 2 3 4 5
MatrixA=|6 7 8 9 10| canbe partitioned in numerous ways,

11 12 13 14 15
e.g.,

1 2[3 4 5
= 6 7|8 9 10]. &
11 12|13 14 15

Ao (All A12)

Ay Ay

Of course a matrix can be partitioned into more than 2 x 2 submatrices.
Sometimes there is no natural reason for such a block structure but it
might be convenient for further computations.

We can perform operations on block matrices in an obvious way, that
is, we treat the submatrices as of they where ordinary matrix elements.
For example, we find for block matrices with appropriate submatrices,

a(An Alz):(aAu 06A12)
Ag1 Ag) \aAgr aAgy)’

Definition 4.23

Example 4.24
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(A11 A12)+(B11 B12)=(A11 +B11 Agg +Blz)
Ag1 Ag) Bai Boy) |Ag1+Bor Ags+Bgg)’

and

(Au A12)‘(Cn C12):(A11C11+A12C21 A11012+A12022)
A1 Agg) (Co1 Ca2) (A21C11+A2C21 A21Ci2+AgCo2)

We also can use the block structure to compute the inverse of a parti-
tioned matrix. Assume that a matrix is partitioned as (n1+ng)x(n1+nsg)
A Ap
Az Ay
where Ao =0, i.e.,

(A1 Az
A_( 0 Azz)'

matrix A = ( ) Here we only want to look at the special case

We then have to find a block matrix B = (Bn BIZ) such that
B21 Bao

AB - (Aan +A12B21 A11Bi2 +A12]322) _ (In1 0

AgzBo; AgBgo 0 Inz) =Inien,

Thus if A§21 exists the second row implies that Ba; = 0,,,,, and Bgg = Agzl.
Furthermore, A11B11 + A12B21 =1 implies B11 = AIll At last, A11B12 +
A19Bgg = 0 implies B1g = —AIllA12A£21 Hence we find

(A11 Alz)_l _ Al -AALAG
0 A22 0 A_§21 ’

— Summary

* A matrix is a rectangular array of mathematical expressions.
* Matrices can be added and multiplied by a scalar componentwise.
* Matrices can be multiplied by multiplying rows by columns.

¢ Matrix addition and multiplication satisfy all rules that we expect
for such operations except that matrix multiplication is not com-
mutative.

¢ The zero matrix 0 is the neutral element of matrix addition, i.e., 0
plays the same role as 0 for addition of real numbers.

¢ The identity zero matrix I is the neutral element of matrix multi-
plication, i.e., I plays the same role as 1 for multiplication of real
numbers.

¢ There is no such thing as division of matrices. Instead one can use
the inverse matrix, which is the matrix analog to the reciprocal of
a number.

¢ A matrix can be partitioned. Thus one obtains a block matrix.
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— EXxercises

4.1

4.2

4.3

4.4

Let
1 -6 5 1 4 3 1 -1
A‘(2 1 —3)’ B_(S 0 2) and C_(l 2)'
Compute
(a) A+B (b) A-B (c) 3A’ (d A-B
(e) B'-A ) C+A (g C-A+C-B (h) C?
. 1 -1
Demonstrate by means of the two matrices A = ( 1 9 ) and B =

3 2 . e e ..
(_ 1 0), that matrix multiplication is not commutative in general,

i.e., we may find A-B # B-A.

1 -3
Letx=|-2], y=|-1].
4 0

Compute x'x, xx/', X'y, y'x, xy’ and yx'.

Let A be a 3 x 2 matrix, C be a 4 x 3 matrix, and B a matrix, such
that the multiplication A-B-C is possible. How many rows and
columns must B have? How many rows and columns does the
product A-B-C have?

4.5 Compute X. Assume that all matrices are square matrices and all
required inverse matrices exist.
(a) AX+BX=CX+I (b) A-B)X=-BX+C
(c) AXA™'=B (d) XAX1=CXB)!
4.6 Use partitioning and compute the inverses of the following matri-
ces:
1 0 01 1 0 5 6
01 0 2 02 0 7
@A=15 0 1 3 ®B=1y 0 3 0
0 0 0 4 0 0 0 4
— Problems

4.7

Prove Theorem 4.14.
Which conditions on the size of the respective matrices must be
satisfied such that the corresponding computations are defined?

HINT: Show that corresponding entries of the matrices on either side of the equa-
tions coincide. Use the formuleae from Definitions 4.11, 4.12 and 4.13.
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4.8

4.9

4.10

4.11

4.12

4.13

4.14

4.15

4.16

4.17

4.18

4.19

Show that the product of two diagonal matrices is again a diagonal
matrix.

Show that the product of two upper triangular matrices is again
an upper triangular matrix.

Show that the product of a diagonal matrix and an upper triangu-
lar matrices is an upper triangular matrix.

Let A=(aq,...,a,) be an m x n matrix.

(a) What is the result of Aey?
(b) What is the result of AD where D is an n x n diagonal matrix?

Prove your claims!

!
a;

Let A=| : [ be an m x n matrix.

!

an

(a) What is the result of e} A.
(b) What is the result of DA where D is an m x m diagonal ma-
trix?

Prove your claims!

Let A be an m x n matrix and B be an n x n matrix where bz; =1
for fixed 1<k, <n and b;; =0 for i # k or j # . What is the result
of AB? Prove your claims!

Let A be an m x n matrix and B be an m x m matrix where by; =1
for fixed 1<k,/<mand b;;=0fori #k or j #1. What is the result
of BA? Prove your claims!

Prove Theorem 4.17.

HINT: (2) Compute the matrices on either side of the equation and compare their
entries.

Let A be an m x n matrix. Show that both AA’ and A’A are sym-
metric.

Let x1,...,x, € R". Show that matrix G with entries g;; = xng is
symmetric.

Prove Theorem 4.20.

HINT: Assume that there exist two inverse matrices B and C. Show that they
are equal.

Prove Theorem 4.21.

HINT: Use Theorem 4.17.
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4.20 Prove Theorem 4.22.

HINT: Use Definition 4.19 and apply Theorems 4.21 and 4.17. Notice that I'l=1
and I’ =1. (Why is this true?)

4.21 Compute the inverse of A = (All 0 )

A1 Ay
(Explain all intermediate steps.)

4.22 A stochastic vector (or probability vector) p € R” is a vector
with non-negative entries that sum up to one. That is,

(i) p;=0foralli=1,...,n,and
G) X' ,pi=1

A square matrix M € R**" is called a (left) stochastic matrix if
all its columns are stochastic vectors.

(a) Give a formal definition of a stochastic matrix (without a ref-
erence to the term stochastic vector).

(b) Show: Let p € R" be a stochastic vector and S € R**" be a
stochastic matrix. Then Sp is again a stochastic vector.

(c) Show: Let S,T € R™*"™ be stochastic matrices. Then ST is
again a stochastic matrix.

(d) Show: If Ap is a stochastic vector for every stochastic vector
P, then A is a stochastic matrix.
(You may find Problem 4.11 useful.)



Vector Space

We want to master the concept of linearity.

5.1 Linear Space

In Chapter 4 we have introduced addition and scalar multiplication of
vectors. Both are performed element-wise. We again obtain a vector of
the same length. We thus say that the set of all real vectors of length n,

X1
R" = D lixieRi=1,...,n

Xn
is closed under vector addition and scalar multiplication.

In mathematics we find many structures which possess this nice
property.

Let &2 = {Zf’zoaixi :keN, a; € [R} be the set of all polynomials. Then we
define a scalar multiplication and an addition on & by

* (ap)x)=ap(x)for pe P and a €R,
* (p1+p2)x)=pi(x)+ pa(x) for p1,p2 € 2.

Obviously, the result is again a polynomial and thus an element of 22,
i.e., the set & is closed under scalar multiplication and addition. O

Vector Space. A vector space is any nonempty set of objects that is
closed under scalar multiplication and addition.

Of course in mathematics the meanings of the words scalar multipli-
cation and addition needs a clear and precise definition. So we also give
a formal definition:

30

Definition 5.1

Example 5.2

Definition 5.3
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A (real) vector space is an object (¥,+,-) that consists of a nonempty
set 7 together with two functions +: 7 x 7 — 7 ,(u,v) — u+v, called
addition,and -: RxV — 7 ,(a,v)— a-v, called scalar multiplication, with
the following properties:

(1) v+tu=u+v,foralluve7. (Commutativity)
(i) v+(u+w)=(v+uw)+w, forallu,v,we7. (Associativity)

(iii) There exists an element 0 € 7 such that 0+v =v+0 = v, for all
vev. (Identity element of addition)

(iv) For every v e 7, there exists an u€ 7 such that v+tu=u+v=0.
(Inverse element of addition)

V) a(v+u)=av+au, for all v,;ue7? and all a e R. (Distributivity)
(vi) (a+pB)v=av+pv,forallve? and all a,BeR. (Distributivity)
(vii) a(Bv)=(apf)v=p(av), for all ve 7 and all a,B e R.

(viii) 1v=v, for all ve 7', where 1 e R.
(Identity element of scalar multiplication)

We write vector space 7 for short, if there is no risk of confusion about
addition and scalar multiplication.

It is easy to check that R” and the set &2 of polynomials in Example 5.2
form vector spaces.

Let ¢°([0,1]) and €1([0,1]) be the set of all continuous and contin-
uously differentiable functions with domain [0,1], respectively. Then
€¢°([0,1]) and €1([0, 1]) equipped with pointwise addition and scalar mul-
tiplication as in Example 5.2 form vector spaces.

The set £1([0,1]) of all integrable functions on [0,1] equipped with
pointwise addition and scalar multiplication as in Example 5.2 forms a
vector space.

A non-example is the first hyperoctant in R", i.e., the set

H={xeR": x; =0}.
It is not a vector space as for every x € H \ {0} we find - x¢ H. O

Subspace. A nonempty subset .# of some vector space 7 is called a
subspace of 7 if for every u,ve & and a, € R we find au+ fve &.

Let A € R™*" be an m x n matrix. Then the set
ZL={xeR": Ax=0}

of all solutions of the homogeneous linear equation Ax =0 is a subspace
of R™.

In order to verify this claim we take two vectors x,y € £ and two
scalars a, B € R and show that z = ax+ fy € Z. Thus we use the property
that Ax = 0 and Ay = 0 (as all vectors in £ have this property) to show

Definition 5.4

Example 5.5

Definition 5.6

Example 5.7
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that Az = 0 which implies that z € £ (as £ contains all such vectors).
Indeed

Az =A(ax+ fy) = aAx + Ay =a0+ 0=0.
This completes the proof. &

The fundamental property of vector spaces is that we can take some
vectors and create a set of new vectors by means of so called linear com-
binations.

Linear combination. Let 7 be a real vector space. Let {vy,..., vz} ¥
be a finite set of vectors and ai,...,a; € R. Then Zf’zl a;v; is called a
linear combination of the vectors vq,...,vz.

Is is easy to check that the set of all linear combinations of some fixed
vectors forms a subspace of the given vector space.

Given a vector space 7 and a nonempty subset S ={vq,...,vz} 7. Then
the set of all linear combinations of the elements of S is a subspace of 7.

PROOF IDEA. Let & = {Zle a;v;: a; €R} be the set of all these linear
combinations. We take two vectors x,y € &£ and two scalars y,6 € R and
verify that the linear combination z = yx + dy is also an element of Z.
For this purpose we use the property that every x € £ is some linear
combination of the vectors in S (since otherwise x ¢ Z). We then use the
linear combinations for x and y to construct a linear combination for z
which implies that z € £.

PROOF. Let & = {Zle a;v;: a; € R} be the set of all linear combinations
of the vectors in S. Let x,y € £ and 7,6 € R. Then there exist «; € R and
Bi € R such that x = Zf’:l a;viandy = Zf‘zl Biv; and thus

k

k k
Z=yx+8y=y) aivi+8) Pivi=) (ya;+6B;)v;
i-1 i-1 i-1

is a linear combination of the elements of S. Thus z € ¥. Since this
holds for any x,y € £ and y,0 € R, £ is a subspace of 7, as claimed. O

Linear span. Let 7 be a vector space and S = {vy,...,viz} =7 be a
nonempty finite subset. Then the subspace

k
span(S) = {Z a;v;: a; € [R}
i=1

is referred as the subspace spanned by S and called linear span of S.
For convenience we set span(@) = {0}.

Definition 5.8

Theorem 5.9

Definition 5.10
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5.2 Basis and Dimension

Let 7 be a vector space. A subset S cV is called a generating set of 7
if span(S)=7".

A vector space 7 is said to be finitely generated, if there exists a finite
subset S of 7 that spans 7.

In the following we will restrict our interest to finitely generated real
vector spaces. We will show that the notions of a basis and of linear
independence are fundamental to vector spaces.

Basis. A set S is called a basis of some vector space 7 if it is a minimal
generating set of 7. Minimal means that every proper subset of S does
not span 7.

The basis of the trivial vector space {0} is the empty set @.

If 7 is finitely generated, then it has a basis.

PROOF. Since 7 is finitely generated, it is spanned by some finite set S.
If S is minimal, we are done. Otherwise, remove an appropriate element
and obtain a new smaller set S’ that spans 7. Repeat this step until the
remaining set is minimal. O

Linear dependence. Let S = {vy,...,v;} be a subset of some vector
space 7. We say that S is linearly independent or the elements of
S are linearly independent if for any a; € R, i = 1,...,k, Zf”:laivi =0
implies a; =... = @, = 0. The set S is called linearly dependent, if it
is not linearly independent. That is, there exist a; € R not all zero such
that Z?:l a;v; =0.

Every nonempty subset of a linearly independent set is linearly indepen-
dent.

PROOF. Let 7 be a vector space and S = {vy,...,v3} € 7 be a linearly
independent set. Suppose S’ < S is linearly dependent. Without loss of
generality we assume that S’ = {v1,...,v,}, m <k (otherwise rename the
elements of S). Then there exist aq,...,a,, not all 0 such that Z?il a;v; =
0. Set @ +1 =...=ap =0. Then we also have Zle a;v; =0, where not all
a; are zero, a contradiction to the linear independence of S.

Every set that contains a linearly dependent set is linearly dependent.
PROOF. See Problem 5.8.

The following theorems gives us a characterization of linearly depen-
dent sets.

Definition 5.11

Definition 5.12

Definition 5.13

Theorem 5.14

Definition 5.15

Theorem 5.16

Theorem 5.17
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Let S ={vy,...,v%} be a subset of some vector space 7. Then S is linearly
dependent if and only if there exists some v; € S such that v; = Zle a;v;
for some aq,...,a; € R with a; =0.

PROOF. Assume that v; = Zle
R with aj =0. Then 0 = (Zf’/:1 a;ivi)—v;= Zf’:la;vi, where a} =a;—1=

a;v; for some v; € S such that ay,...,ar €

-1 and a] = a; for i # j. Thus we have a solution of Zle a;v; =0 where
at least cx} # 0. But this implies that S is linearly dependent.

Now suppose that S is linearly dependent. Then we find 8; € R not all
zero such that Zle Bivi; = 0. Without loss of generality ; # 0 for some

Jjefl,...,k}. Then we find v; = —g—;vl—---—%Vj_l—%Vj+1 ----- %vk =
Zle a;v; witha; =0and a; = —g—;, as proposed. O

Theorem 5.18 can also be stated as follows: S = {vy,...,v3} is a lin-
early dependent subset of 7 if and only if there exists a v € .S such that
v € span(S \ {v}).

Let S ={v1,...,v%} be a linearly independent subset of some vector space
V.Letue7. Ifug¢gspan(S), then S U {u} is linearly independent.

PROOF. See Problem 5.9.

The next two theorems provide us equivalent characterizations of a
basis by means of linear independent subsets.

Let B be a subset of some vector space 7. Then the following are equiv-
alent:

(1) Bis abasisof 7.
(2) B is linearly independent generating set of 7.

PROOF IDEA. We use an indirect proof. If we assume that B is a basis
but not linearly independent then we can find a proper subset of B that is
still a generating set, a contradiction to our assumption that B is a basis
and thus minimal. For the converse suppose that B is not minimal. Then
we can find a vector in B that can be expressed as a linear combination of
the remaining one which implies that it cannot be linearly independent.

PROOF. (1)=(2): By Definition 5.13, B is a generating set. Suppose that
B ={vy,...,v;} is linearly dependent. By Theorem 5.18 there exists some
v € B such that v € span(B’) where B’ = B\ {v}. Without loss of generality
assume that v = v;. Then there exist «; € R such that v, = Zf':_ll a;v;.
Now let w € 7. Since B is a basis there exist some f; € R, such that
u=Y" Bvi=Y*lpivi+ B X aivi =X 1B + Prai)vi. Hence ue
span(B’). Since u was arbitrary, we find that B’ is a generating set of 7.
But since B’ is a proper subset of B, B cannot be minimal, a contradiction
to the minimality of a basis.

Theorem 5.18

Theorem 5.19

Theorem 5.20
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(2)=(1): Let B be a linearly independent generating set of 7. Sup-
pose that B is not minimal. Then there exists a proper subset B’ c B such
that span(B’) = 7. But then we find for every x € B\ B’ that x € span(B’)
and thus B cannot be linearly independent by Theorem 5.18, a contra-
diction. Hence B must be minimal as claimed. O

Let B be a subset of some vector space 7. Then the following are equiv-
alent:

(1) Bisabasisof 7.

(3) B is maximal linearly independent set of 7. Maximal means that
every proper superset of B (i.e., a set that contains B as a proper
subset) is linearly dependent.

PROOF IDEA. We use the equivalent property (2) from Theorem 5.20. We
first assume that B is a basis but not maximal. Then a larger linearly
independent subset exists which implies that B cannot be a generating
set. For the converse statement assume that B is linearly independent
but not a generating set. However, this implies that B is not maximal,
again a contradiction.

PROOF. (1)=(3): Assume that B is a basis, i.e., B is a linearly indepen-
dent generating set of 7 by Theorem 5.20. Now suppose that there exists
an x € 7 such that B u{x} is linearly independent. But then x ¢ span(B)
and B were not a generating set, a contradiction. Hence B is a maximal
linearly independent subset.

(3)=(1): For the contrary assume that B is a maximal linearly inde-
pendent subset of 7. If B were not a generating set, then there exists an
x € 7 \ span(B) and consequently B U {x} is linearly independent by The-
orem 5.19, a contradiction to our assumption that B is maximal. Hence
B is a generating set and thus a basis of 7 by Theorem 5.20. O

Steinitz exchange theorem (Austauschsatz). Let B; and Bs be two
bases of some vector space 7. If there is an x € B; \ By then there exists
aye€ By \Bj such that (B; U{y})\ {x} is a basis of 7.

This theorem tells us that we can replace vectors in B; by some vectors
in Bos.

PROOF. Let By ={vy,...,v%} and assume without loss of generality that
x = vi. (Otherwise rename the elements of B1.) As Bj is a basis it is
linearly independent by Theorem 5.20. By Theorem 5.16, B1 \{v;} is also
linearly independent and thus it cannot be a basis of 7 by Theorem 5.21.
Hence it cannot be a generating set by Theorem 5.20. This implies that
there exists a y € By with y ¢ span(B1 \ {v1}), since otherwise we had
span(Bg) € span(B1 \ {v1}) # 7, a contradiction as By is a basis of 7.

Theorem 5.21

Theorem 5.22
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Now there exist a; € R not all equal to zero such that y = Zf’:l a;v;.
In particular a # 0, since otherwise y € span(B1 \ {v{}), a contradiction
to the choice of y. We then find

Similarly for every z € 7 there exist §; € R such that z = Z;‘?:l B;v;. Con-
sequently,
k

k k 1 o k
z=) Pivi=pivi+) Bivi=p1 (—y— > —le') + ) Bjv;
j=1 Jj=2 a1 Jj=2

i=2 %1
B1 k( B1 )
=—y+ ——a;|V;
o J; Bj aq )V

that is, (B1U{y}) \ {x} = {y,ve,...,v;} is a generating set of 7. By our
choice of y and Theorem 5.19 this set is linearly independent. Thus it is
a basis by Theorem 5.20. This completes the proof. O

Any two bases B and Bg of some finitely generated vector space 7 have
the same size.

PROOF. We first show that |B1| < |Bg|. Suppose that B1\ By is nonempty.
Then by Theorem 5.22 we can construct a new basis B| by replacing a
vector in B \ By by some vector in Bg \ B1. Obviously the new basis B’1
has the same number of elements as |B|, i.e., |B}| = |B1|, and |[B] \ Bg| =
|[B1\Bg|-1. If B’1 \Bg # @, then we repeat this procedure until we obtain
a basis B] with B} \ B2 = ¢ which implies B] € By. Since 7 is finitely
generated, B; only has a finite number of elements which guarantees
that we eventually obtain such a basis B]. Hence we have |B1| = |B]| <
|B2|. By reversing the roles of By and B we also find |Bs| < |B1| and
hence |B1| = |Bs|, as proposed. O

Dimension. Let 7 be a finitely generated vector space. Let n be the
number of elements in a basis. Then n is called the dimension of 7
and we write dim(?) = n. Moreover, 7 is called an n-dimensional vector
space.

We want to emphasis here that in opposition to the dimension the
basis of a vector space is not unique! Indeed there are infinitely many
bases.

Any linearly independent subset S of some finitely generated vector
space 7 can be extended into a basis B of 7 with S € B.

PROOF. See Problem 5.10.

Let B = {vq,...,v,} be some basis of vector space 7. Assume that x =
Z?zlaivi where «; € R and a; #0. Then B’ = {x,vs,...,v,} is a basis of
V.

PROOF. See Problem 5.12.

Theorem 5.23

Definition 5.24

JAN

Theorem 5.25

Theorem 5.26
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5.3 Coordinate Vector

Let 7 be an n-dimensional vector space with basis B = {vy,vg,...,V,}.
Then we can express a given vector x € 7 as a linear combination of the
basis vectors, i.e.,

n
X = Z a;Vi
i=1
where the a; € R.

Let 7 be a vector space with some basis B = {vq,...,v,}. Let x € 7
and a; € R such that x = 27:1 a;v;. Then the coefficients a1,...,a, are
uniquely defined.

PROOF. See Problem 5.13.
This theorem allows us to define the coefficient vector of x.

Let 7 be a vector space with some basis B ={vy,...,v,}. For some vector
x € 7 we call the uniquely defined numbers a; € R with x = Z?zl a;v; the
coefficients of x with respect to basis B. The vector e¢(x) = (az,...,a,)
is then called the coefficient vector of x. We then have

n
X = Z c;,(x)v; .
i=1

Notice that e(x) € R”.

Canonical basis. It is easy to verify that B = {ey,...,e,} forms a basis
of the vector space R”. It is called the canonical basis of R” and we
immediately find that for each x = (x1,...,x,) € R",

n
X = inei . <>
i=1

The set P, = {ag +a1x +a2x?: a; € R} of polynomials of degree less than
or equal to 2 equipped with the addition and scalar multiplication of
Example 5.2 is a vector space with basis B = {vy,vi,va} = {1,x,x2}). Then
any polynomial p € &% has the form

2 2
p)=) aix' =) a;v;
i=0 i=0
that is, e(p) = (ap,a1,a2). ¢

The last example demonstrates an important consequence of Theo-
rem 5.27: there is a one-to-one correspondence between a vector x € 7
and its coefficient vector ¢(x) € R*. The map 7 — R"?, x — ¢(x) preserves

Theorem 5.27

Definition 5.28

Example 5.29

Example 5.30



5.3 COORDINATE VECTOR

38

the linear structure of the vector space, that is, for vectors x,y € 7 and
a, B € R we find (see Problem 5.14)

clax+ fy) = ac(x)+ fe(y) .

In other words, the coefficient vector of a linear combination of two vec-
tors is the corresponding linear combination of the coefficient vectors of
the two vectors.

In this sense R" is the prototype of any n-dimensional vector space
7. We say that 7 and R” are isomorphic, 7 = R", that is, they have the
same structure.

Now let B1 ={v1q,...,v,} and By = {w1,...,w,} be two bases of vector
space 7. Let ¢1(x) and c9(x) be the respective coefficient vectors of x € 7.
Then we have

n
WJ:chi(Wj)vi, j=1,...,n
i=1

and

Y cri®vi=x=) coi®W; =Y c2j(x) Y c1i(W)v;

i=1 =1 j=1 i-1
n (n
= Z Z cej(X)c1i(wj)|v;.
i=1\y=1

Consequently, we find

c1i(®) =) c1i(wj)eg;(x).
j=1

Thus let U5 contain the coefficient vectors of the basis vectors of By with
respect to basis B as its columns, i.e.,

[Uiz2lij = c1i(w;).
Then we find
c1(x) =Upzea(x).

Matrix Uqg is called the transformation matrix that transforms the
coefficient vector cg with respect to basis By into the coefficient vector ¢
with respect to basis B;.

Notice that matrix U;s must be invertible as for every x there exist
unique coordinate vectors ¢1(x) and co(x). Moreover, the inverse of Ujg
then is the transformation matrix of the reverse transformation, i.e.,

U121 =Uo;.

Definition 5.31



SUMMARY

— Summary

* A vector space is a set of elements that can be added and multiplied
by a scalar (number).

* A vector space is closed under forming linear combinations, i.e.,

k
X1,...,Xz €V and aq,...,ap € R implies Zaixi eV .
i=1

¢ A set of vectors is called linear independent if it is not possible
to express one of these as a linear combination of the remaining
vectors.

* A basis is a minimal generating set, or equivalently, a maximal set
of linear independent vectors.

¢ The basis of a given vector space is not unique. However, all bases
of a given vector space have the same size which is called the di-
mension of the vector space.

¢ For a given basis every vector has a uniquely defined coordinate
vector.

¢ The transformation matrix allows to transform a coordinate vector
w.r.t. one basis into the coordinate vector w.r.t. another one.

* Every vector space of dimension n “looks like” the R”.



EXERCISES

— EXxercises

5.1 Let @ = {ag+a1x+a9x?: a; € R} be the vector space of all polyno-
mials of degree less than or equal to 2 equipped with point-wise ad-
dition and scalar multiplication. Then B = {1,x,x2} is a basis of %,
(see Example 5.30). The first three so called Laguerre polynomi-
als are fp(x) =1, ¢1(x) =1—x, and £a(x) = % (x2 —4x +2). They also
form a basis By = {fo(x),¢1(x),l2(x)} of &P5. What is the transfor-
mation matrix U, that transforms the coefficient vector of a poly-
nomial p with respect to basis B into its coefficient vector with
respect to basis B,?

HINT: Observe that the Laguerre polynomials ¢, £1, and ¢9 are given as linear
combinations of monomials, i.e., of the elements in basis B = {1,x,x2}. Hence the
columns of the inverse transformation matrix U;l can be easily be seen from the
above representation.

— Problems

5.2 Let . be some vector space. Show that 0 € &.
5.3 Give arguments why the following sets are or are not vector spaces:

(a) The empty set, @.
(b) The set {0} c R".

(c) The set of all m x n matrices, R™*", for fixed values of m and
n.

(d) The set of all square matrices.

(e) The set of all n x n diagonal matrices, for some fixed values of
n.

(f) The set of all polynomials in one variable x.

(g) The set of all polynomials of degree less than or equal to some
fixed value n.

(h) The set of all polynomials of degree equal to some fixed value
n.

(i) The set of points x in R” that satisfy the equation Ax =b for
some fixed matrix A € R™*” and some fixed vector b € R™.

(G) The set {y = Ax: x € R"}, for some fixed matrix A € R™*",
(k) The set {y =bg + abi: a € R}, for fixed vectors bg,b; € R”.

(1) The set of all functions on [0,1] that are both continuously
differentiable and integrable.

(m) The set of all functions on [0, 1] that are not continuous.

(n) The set of all random variables X on some given probability
space (Q2, %, P).
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5.4

5.5

5.6

5.7

5.8
5.9
5.10

5.11

5.12

5.13

5.14

5.15

Which of these vector spaces are finitely generated?
Find generating sets for these. If possible give a basis.

Let Ae R™*" b eR™, and X € R” such that Axg =b. Show that
Ly={x—-x0: Ax=b}={x: Ax=b}—Xxg
is a subspace of R”.

Prove the following proposition: Let ;3 and 4 be two subspaces
of vector space 7. Then . N.% is a subspace of 7.

Prove or disprove the following statement:

Let % and % be two subspaces of vector space 7. Then their
union S U.% is a subspace of 7.

Let %71 and %5 be two subspaces of a vector space 7. Then the
sum of %1 and %5 is the set

U1 +%Us ={u1+ug: a1 €%, 00 € %Us} .
Show that %1 + % is a subspace of 7.
Prove Theorem 5.17.

Prove Theorem 5.19.

Prove Theorem 5.25.

HINT: Start with S and add linearly independent vectors (Why is this possible?)
until we obtain a maximal linearly independent set. This is then a basis that
contains S. (Why?)

Let %1 and %5 be two subspaces of a vector space 7. Show that
dim(%1) + dim(%s) = dim(%1 + %) + dim(%1 N %s) .
HINT: Start with a basis for %1 N %9 and use Theorems 5.14 and 5.25.

Prove Theorem 5.26.

HINT: Express v1 as linear combination of elements in B’ and show that B’ is a
generating set by replacing vi by this expression. It remains to show that the set
is a minimal generating set. (Why is any strict subset not a generating set?)

Prove Theorem 5.27.

HINT: Assume that there are two sets of numbers a; € R and B; € R such that
x=Y" a;v;=%" , B;v;. Show that a; = B; by means of the fact that x—x=0.

Let 7 be an n-dimensional vector space. Show that for two vectors
x,yeV and a,B R,

clax+ fy) = ac(x)+ Be(y) .

Show that a coefficient vector e(x) =0 if and only if x = 0.

sum of subspaces



Linear Transformations

We want to preserve linear structures.

6.1 Linear Maps

In Section 5.3 we have seen that the transformation that maps a vector
x € 7 to its coefficient vector ¢(x) € RY™7) preserves the linear structure
of vector space 7.

Let 7 and # be two vector spaces. A transformation ¢p: 7 — # is called
a linear map if for all x,y € 7 and all «, 8 € R the following holds:

1) p(x+y)=px)+P(y)
(i) ¢(ax)=ap(x)

Equivalently, ¢: 7 — # is a linear map if
Plax+ Py) = adp(x) + fP(y)
forall x,y €7 and all a,B eR.
Every m x n matrix A defines a linear map.
Pa:R" > R™, x— Ppa(x) = Ax.
This immediately follow from the rules for matrix algebra:
dalax+ By) = A(ax + fy) = aAx + BAY = adpa(X) + BPa(y) . &

Let & = {Zf’zoaixi: k€N, a; € R} be the vector space of all polynomials
(see Example 5.2). Then the map %: P —>P,p— f—xp is linear. It is
called the differential operator’. &

1A transformation that maps a function to another function is usually called an
operator.

42

Definition 6.1

Example 6.2

Example 6.3
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Let €¢°([0,1]) and €'([0,1]) be the vector spaces of all continuous and
continuously differentiable functions with domain [0, 1], respectively (see
Example 5.5). Then the differential operator

d d
—: €%[0,1) — €°(10,1]), f — f'= —f
dx dx
is a linear map. %

Let £ be the vector space of all random variables X on some given prob-
ability space that have an expectation E(X). Then the map

E: —-R,X—EX)
is a linear map. ¢
Linear maps can be described by their range and their preimage of 0.

Kernel and image. Let ¢: 7 — # be a linear map.

(i) The kernel (or nullspace) of ¢ is the preimage of 0, i.e.,

ker(p)={xe7: ¢(x)=0}.

(ii)) The image (or range) of ¢ is the set

Im(@@)=p(V)={yeW:Ixe¥V, st. px)=y}.

Let ¢p: 7 — # be alinear map. Then ker(¢) €7 and Im(¢p) € # are vector
spaces.

PROOF. First observe that ker(¢) # @ as 0 € ker(¢p): ¢(0) = ¢p(0x) =
0¢p(x) = 0 for an arbitrary x € 7. Now by Definition 5.6 we have to show
that an arbitrary linear combination of two elements of the subset is also
an element of the set.

Let x,y € ker(¢p) and a,f € R. Then by definition of ker(¢), ¢p(x) =
¢(y) =0 and thus ¢p(ax+ By) = ap(x) + Bp(y) = 0. Consequently ax+ By €
ker(¢) and thus ker(¢) is a subspace of 7.

For the second statement assume that x,y € Im(¢). Then there exist
two vectors u,v € 7 such that x = ¢(u) and y = ¢(v). Hence for any
a,BER, ax+ Py = ad(w) + f(v) = p(au + fv) € Im(¢p). O

Let ¢: 7 — # be a linear map and let B = {vy,...,v,} be a basis of 7.
Then Im(¢) is spanned by the vectors ¢(vy),...,d(V,).

PROOF. For every x €7 we have x = Z?Zl ¢;(x)v;, where ¢(x) is the coef-
ficient vector of x with respect to B. Then by the linearity of ¢ we find
Px) = (XF ci®)Iv;) =X | ¢;(x)p(v;). Thus $(x) can be represented as
a linear combination of the vectors ¢(vy),...,d(v,). O

Example 6.4

Example 6.5

Definition 6.6

Theorem 6.7

Theorem 6.8
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We will see below that the dimensions of these vector spaces deter-
mine whether a linear map is invertible. First we show that there is a
strong relation between their dimensions.

Dimension theorem for linear maps. Let ¢: 7 — # be a linear map.
Then

dim(ker(¢p)) + dim(Im(¢p)) = dim(¥) .

PROOF. Let {vy,...,vz} form a basis of ker(¢p) < 7. Then it can be ex-
tended into a basis {vi,...,vs,w1,...,W,} of 7, where £ +n =dim7. For
any x € 7 there exist unique coefficients a; and ; such that
X= Zle a;v;+ Z;.Lzl Bjw;. By the linearity of ¢) we then have

k n n
O(x) = Z a;p(vi)+ Z Bip(w;) = Z Bip(w;)
i=1 =1 =1

i.e., {p(w1),...,(wy)} spans Im(¢p). It remains to show that this set is
linearly independent. In fact, if Z;.Lzl Bjp(w;) =0 then ([)(Z;.‘zl Biw;) =
0 and hence Z;‘ 1 Bjw; € ker(¢p). Thus there exist coefficients y; such

that 27:1 Bjw; = Z?:ﬂ’ivia or equivalently, Z;‘zl Biw; + Zle(—)/i)vi =0.
However, as {v1,...,v;,W1,...,Ww,} forms a basis of 7 all coefficients f3;
and y; must be zero and consequently the vectors {¢p(w1),...,¢p(w,)} are
linearly independent and form a basis for Im(¢). Thus the statement
follows. O

Let ¢: 7 — # be a linear map and let B = {v,...,v,} be a basis of 7.
Then the vectors ¢(v1),...,¢p(v,) are linearly independent if and only if
ker(¢) = {0}.

PROOF. By Theorem 6.8, ¢(vy),...,¢(v,) spans Im(¢), that is, for every
x € 7 we have ¢(x) = 1.7, c;(x)p(v;) where c(x) denotes the coefficient
vector of x with respect to B. Thus if ¢p(v1),...,¢(v,) are linearly inde-
pendent, then ¢(x) = le ¢i(x)p(v;) = 0 implies e¢(x) = 0 and hence x = 0.
That is, ker(¢) = {0}.

Conversely, if ker(¢) = {0}, then ¢(x) = X7, c;(x)p(v;) = 0 implies
x = 0 and hence ¢(x) = 0. But then vectors ¢(vy),...,¢p(v,) are linearly
independent, as claimed. O

We have dim(7) = dim(Im(¢)) if and only if ker(¢) = {0}.

Recall that a function ¢: ¥ — #  is invertible, if there exists a func-
tion p1: # — ¥ such that (¢ to¢)(x) =x for allx€ ¥ and (pop~t)(y) =
y for all y € #. Such a function exists if ¢ is one-to-one and onto.

A linear map ¢ is onto if Im(¢p) = #'. It is one-to-one if for each
y € # there exists at most one x € 7 such that y = ¢(x), i.e., if ¢(x) = ¢(y)
implies x=y.

Theorem 6.9

Lemma 6.10

Corollary 6.11
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A linear map ¢p: ¥ — # is one-to-one if and only if ker(¢) = {0}.
PROOF. See Problem 6.3.

A linear map ¢: ¥ — # is invertible if and only if dim(?) = dim(#") and
ker(¢) = {0}.

PRrROOF. By Lemma 6.12, ¢ is one-to-one if and only if ker(¢p) = {0}. It is
onto if and only if dim(Im(¢)) = dim(#). As dim(Im(¢)) = dim(¥) if and
only if ker(¢) = {0} by Corollary 6.11, the result follows. O

Let ¢: ¥V — # be a linear map with dim % =dim#'.

(1) If there exists a function ¥: # — 7 such that (y o ¢)(x) = x for all
x eV, then (poy)y)=yforallyew.

(2) If there exists a function y: # — 7 such that (¢po y)(y) =y for all
YEW,then (yop)x)=xfor all xe 7.

PROOF. It remains to show that ¢ is invertible in both cases.

(1) If y exists, then ¢ must be one-to-one. Thus ker(¢) = {0} by Lemma 6.12
and consequently ¢ is invertible by Theorem 6.13.

(2) We can use (1) to conclude that y~! = ¢. Hence ¢! = y and the state-
ment follows. O

An immediate consequence of this Theorem is the existence of y or
x implies the existence of the other one. Consequently, this also implies
that ¢ is invertible and ¢ ' =y = y.

6.2 Matrices and Linear Maps

In Section 5.3 we have seen that the R” can be interpreted as the vector
space of dimension n. Example 6.2 shows us that any m x n matrix A
defines a linear map between R" and R™. The following theorem tells
us that there is also an one-to-one correspondence between matrices and
linear maps. Thus matrices are the representations of linear maps.

Let ¢: R® — R™ be a linear map. Then there exists an m x n matrix Ay
such that ¢(x) = Apx.

PROOF. Let a; = ¢(e;) denote the images of the elements of the canonical
basis {ej,...,e,}. Let Ay =(ay,...,a,) be the matrix with column vectors
a;. Notice that Aye; = a;. Now we find for every x = (x1,...,x,) € R",
x=3" ,x;e; and therefore

n n n

PpE)=P| D xie;| =D xiple;) =) x;a;
i=1 i=1 i
n
= Z x
i=1

1= i=1
n
iAe,- = A¢ Z X;€e; = A¢X
i=1

as claimed. O

Lemma 6.12

Theorem 6.13

Theorem 6.14

Theorem 6.15
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Now assume that we have two linear maps ¢: R” — R™ and v: R™ —
R* with corresponding matrices A and B, resp. The map composition
W o ¢ is then given by (o ¢)(x) = Y(¢p(x)) = B(Ax) = (BA)x. Thus matrix
multiplication corresponds to map composition.

If the linear map ¢: R” — R”, x — Ax, is invertible, then matrix A is
also invertible and A~! describes the inverse map ¢ 1.

By Theorem 6.15 a linear map ¢ and its corresponding matrix A are
closely related. Thus all definitions and theorems about linear maps may
be applied to matrices. For example, the kernel of matrix A is the set

ker(A) ={x: Ax=0}.

The following result is an immediate consequence of our considera-
tions and Theorem 6.14.

Let A be some square matrix.

(a) If there exists a square matrix B such that AB =1, then A is invert-
ible and A" =B.

(b) If there exists a square matrix C such that CA =1, then A is invert-
ible and A™! =C.

The following result is very convenient.

Let A and B be two square matrices with AB = 1. Then both A and B are
invertible and A" =B and B! = A.

6.3 Rank of a Matrix

Theorem 6.8 tells us that the columns of a matrix A span the image of
a linear map ¢ induced by A. Consequently, by Theorem 5.21 we get a
basis of Im(¢) by a maximal linearly independent subset of these column
vectors. The dimension of the image is then the size of this subset. This
motivates the following notion.

The rank of a matrix A is the maximal number of linearly independent
columns of A.

By the above considerations we immediately have the following lem-
mata.

For any matrix A,
rank(A) = dim(Im(A)) .

Let A be an m x n matrix. If T is an invertible m x m matrix and U an
invertible n x n matrix, then rank(TA) = rank(AU) = rank(A).

Theorem 6.16

Corollary 6.17

Definition 6.18

Lemma 6.19

Lemma 6.20
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The nullity of matrix A is the dimension of the kernel (nullspace) of A. Definition 6.21
Rank-nullity theorem. Let A be an m x n matrix. Then Theorem 6.22
rank(A) + nullity(A) = n.

PROOF. By Lemma 6.19 and Theorem 6.9 we find rank(A) + nullity(A) =
dim(Im(A)) + dim(ker(A)) = n. O

Let A be an m x n matrix and B be an n x £ matrix. Then Theorem 6.23
rank(AB) < min {rank(A),rank(B)}.

PROOF. Let ¢ and ¥ be the maps represented by A and B, respec-
tively. Recall that AB corresponds to map composition ¢ o 1. Obviously,
Im(¢p o) < Im¢p. Hence rank(AB) = dim Im(¢p o ¢) < dim Im(¢p) = rank(A).
Similarly, Im(¢ o y) is spanned by ¢(S) where S is any basis of Im(y).
Hence rank(AB) = dimIm(¢ o ¥) < dimIm(y) = rank(B). Thus the result
follows. O

Our notion of rank in Definition 6.18 is sometimes also referred to as
column rank of matrix A. One may also define the row rank of A as the
maximal number of linearly independent rows of A. However, column
rank and row rank always coincide.

For any matrix A, Theorem 6.24

rank(A) = rank(A’).

For the proof of this theorem we first need the following result.

Let A be a m x n matrix. Then rank(A’A) = rank(A). Lemma 6.25

PROOF. We show that ker(A’A) = ker(A). Obviously, x € ker(A) im-
plies A’/Ax = A’0 = 0 and thus ker(A) c ker(A’A). Now assume that
x € ker(A’A). Then A’Ax = 0 and we find 0 = xX’A’Ax = (Ax)'(Ax) which
implies that Ax = 0 so that x € ker(A). Hence ker(A’A) < ker(A) and,
consequently, ker(A’A) = ker(A). Now notice that A’A is an n x n matrix.
Theorem 6.22 then implies

rank(A’A) - rank(A) = (n — nullity(A'A)) — (n — nullity(A))
= nullity(A) — nullity(A'A) = 0

and thus rank(A’A) = rank(A), as claimed. O
PROOF OF THEOREM 6.24. By Theorem 6.23 and Lemma 6.25 we find
rank(A’) = rank(A’A) = rank(A) .

As this statement remains true if we replace A by its transpose A’ we
have rank(A) = rank(A’) and thus the statement follows. O
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Let A be an m x n matrix. Then
rank(A) < min{m,n}.

Finally, we give a necessary and sufficient condition for invertibility
of a square matrix.

An n xn matrix A is called regular if it has full rank, i.e., if rank(A) = n.
A square matrix A is invertible if and only if it is regular.

PROOF. By Theorem 6.13 a matrix is invertible if and only if nullity(A) =
0 (i.e., ker(A) = {0}). Then rank(A) = n —nullity(A) = n by Theorem 6.22.
O

6.4 Similar Matrices

In Section 5.3 we have seen that every vector x € 7 in some vector space
¥ of dimension dim7 = n can be uniformly represented by a coordinate
vector ¢(x) € R". However, for this purpose we first have to choose an
arbitrary but fixed basis for 7. In this sense every finitely generated
vector space is “equivalent” (i.e., isomorphic) to the R™.

However, we also have seen that there is no such thing as the basis of
a vector space and that coordinate vector e(x) changes when we change
the underlying basis of 7. Of course vector x then remains the same.

In Section 6.2 above we have seen that matrices are the representa-
tions of linear maps between R™ and R"”. Thus if ¢: ¥ — # is a linear
map, then there is a matrix A that represents the linear map between
the coordinate vectors of vectors in 7" and those in #'. Obviously matrix
A depends on the chosen bases for 7 and #'.

Suppose now that dim7? = dim# = R". Let A be an n x n square
matrix that represents a linear map ¢: R” — R" with respect to some
basis By. Let x be a coefficient vector corresponding to basis By and let U
denote the transformation matrix that transforms x into the coefficient
vector corresponding to basis B1. Then we find:

basis B1: Ux A, AUx
Ul lut hence Cx=U'AUx
basis Bg: x 2 U lAUx

That is, if A represents a linear map corresponding to basis B1, then
C = U 'AU represents the same linear map corresponding to basis Bs.

Two n x n matrices A and C are called similar if C = U 1AU for some
invertible n x n matrix U.

Corollary 6.26

Definition 6.27

Theorem 6.28

Definition 6.29



SUMMARY

— Summary

¢ A Linear map ¢ preserve the linear structure, i.e.,
Plax + By) = ad(x) + fP(y) .

¢ Kernel and image of a linear map ¢: 7' — # are subspaces of 7 and
W, resp.

* Im(¢) is spanned by the images of a basis of 7.

* A linear map ¢: 7 — W is invertible if and only if dim7? = dim %
and ker(¢) = {0}.

¢ Linear maps are represented by matrices. The corresponding ma-
trix depends on the chosen bases of the vector spaces.

* Matrices are called similar if they describe the same linear map
but w.r.t. different bases.

* The rank of a matrix is the dimension of the image of the corre-
sponding linear map.

¢ Matrix multiplication corresponds to map composition. The in-
verse of a matrix corresponds to the corresponding inverse linear
map.

¢ A matrix is invertible if and only if it is a square matrix and regu-
lar, i.e., has full rank.
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— EXxercises

6.1

Let P = {ag+a1x +a9x?: a; € R} be the vector space of all polyno-
mials of degree less than or equal to 2 equipped with point-wise
addition and scalar multiplication. Then B = {1,x,x2} is a basis of
P (see Example 5.30). Let ¢ = %: Py — P9 be the differential
operator on & (see Example 6.3).

(a) What is the kernel of ¢p? Give a basis for ker(¢).
(b) What is the image of ¢? Give a basis for Im(¢).
(c) For the given basis B represent map ¢ by a matrix D.

(d) The first three so called Laguerre polynomials are ¢o(x) = 1,
01(x) =1-x, and lo(x) = 1 (v - 4x +2).
Then By = {¢y(x),¢1(x),2(x)} also forms a basis of %%. What
is the transformation matrix U, that transforms the coeffi-
cient vector of a polynomial p with respect to basis B into its
coefficient vector with respect to basis B,?

(e) For basis By represent map ¢ by a matrix D,.

HINT: Observe that the Laguerre polynomials ¢, £1, and ¢9 are given as linear
combinations of monomials, i.e., of the elements in basis B = {1,x,x2}. Hence the
columns of the inverse transformation matrix Uzl can be easily be seen from the
above representation.

— Problems

6.2

6.3

6.4

6.5

6.6

6.7

Let ¢: 7 — W be a linear map and let B = {vy,...,v,} be a basis of
7. Give a necessary and sufficient condition for {(¢(v1),...,¢(v,)}
being a basis of Im(¢).

Prove Lemma 6.12.

HINT: We have to prove two statements:

(1) ¢ is one-to-one = ker(¢) = {0}.

(2) ker(¢p) = {0} = ¢ is one-to-one.

For (2) use the fact that if ¢(x1) = ¢(x2), then x; —x2 must be an element of the
kernel. (Why?)

Let ¢: R® - R™, x— y = Ax be a linear map, where A =(ay,...,a,;).
Show that the column vectors of matrix A span Im(¢), i.e.,

span(ay,...,a,) =Im(¢p).

Prove Corollary 6.26.

Disprove the following statement:
For any m x n matrix A and any n x £ matrix B it holds that
rank(AB) = min {rank(A),rank(B)}.

Show that two similar matrices have the same rank.
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6.8 The converse of the statement in Problem 6.7 does not hold, that
is, two n x n matrices with the same rank need not be similar. Give
a counterexample.



Linear Equations

We want to compute dimensions and bases of kernel and image.

7.1 Linear Equations

A system of m linear equations in n unknowns is given by the following  Definition 7.1
set of equations:

a11x1 +agxg + -+ a1pxy = bl
ag1x1 + agexg + -+ agpxXy = bg
Am1X1+amaXo + - +AmnXn =bm

By means of matrix algebra it can be written in much more compact form
as (see Problem 7.2)

Ax=b.
The matrix
a]_]_ a]_z PN a]_n
a1 a2 ... Qa2
A=
AGml Am2 -.- Qmn

is called the coefficient matrix and the vectors

x1 b1

Xn bm
contain the unknowns x; and the constants b; on the right hand side.

A linear equation Ax = 0 is called homogeneous. Definition 7.2
A linear equation Ax =b with b # 0 is called inhomogeneous.

52
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Observe that the set of solutions of the homogeneous linear equation
Ax =0 is just the kernel of the coefficient matrix, ker(A), and thus forms
a vector space. The set of solutions of an inhomogeneous linear equation
Ax =Db can be derived from ker(A) as well.

Let x¢ and yo be two solutions of the inhomogeneous equation Ax =b. Lemma 7.3
Then xg —yg is a solution of the homogeneous equation Ax = 0.

Let xg be a particular solution of the inhomogeneous equation Ax =b, Theorem 7.4
then the set of all solutions of Ax =b is given by

S =x0+ker(A)={x=x¢+2z: z€ker(A)}.
PROOF. See Problem 7.3.
Set . is an example of an affine subspace of R™.

Let xg € R"” be a vector and . < R" be a subspace. Then the set xo+.# =  Definition 7.5
{x =x0+2z: z€.#}is called an affine subspace of R"”

7.2 GauB Elimination

A linear equation Ax = b can be solved by transforming it into a simpler
form called row echelon form.

A matrix A is said to be in row echelon form if the following holds: Definition 7.6

(1) All nonzero rows (rows with at least one nonzero element) are above
any rows of all zeroes, and

(i1)) The leading coefficient (i.e., the first nonzero number from the left,
also called the pivot) of a nonzero row is always strictly to the right
of the leading coefficient of the row above it.

It is sometimes convenient to work with an even simpler form.

A matrix A is said to be in row reduced echelon form if the following  Definition 7.7
holds:

(1) All nonzero rows (rows with at least one nonzero element) are above
any rows of all zeroes, and

(i1)) The leading coefficient of a nonzero row is always strictly to the
right of the leading coefficient of the row above it. It is 1 and is
the only nonzero entry in its column. Such columns are then called
pivotal.

Any coefficient matrix A can be transformed into a matrix R that is
in row (reduced) echelon form by means of elementary row operations
(see Problem 7.6):
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(E1) Switch two rows.
(E2) Multiply some row with a # 0.

(E3) Add some multiple of a row to another row.

These row operations can be performed by means of elementary ma-
trices, i.e., matrices that differs from the identity matrix by one single
elementary row operation. These matrices are always invertible, see
Problem 7.4.

The procedure works due to the following lemma which tells use how
we obtain equivalent linear equations that have the same solutions.

Let A be an m x n coefficient matrix and b the vector of constants. If T
is an invertible m x m matrix, then the linear equations

Ax=b and TAx=Tb
are equivalent. That is, they have the same solutions.
PROOF. See Problem 7.5.

Gaull elimination now iteratively applies elementary row operations
until a row (reduced) echelon form is obtained. Mathematically spoken:
In each step of the iteration we multiply a corresponding elementary
matrix T from the left to the equation Ty_1---T{Ax=T}_1---T1b. For
practical reasons one usually uses the augmented coefficient matrix.

For every matrix A there exists a sequence of elementary row operations
T1,...T such that R=T}---T1A is in row (reduced) echelon form.

PROOF. See Problem 7.6.

For practical reasons one augments the coefficient matrix A of a lin-
ear equation by the constant vector b. Thus the row operations can be
performed on A and b simultaneously.

Let Ax = b be a linear equation with coefficient matrix A = (ay,...a,).
Then matrix Ay = (A,b) =(ay,...a,,b) is called the augmented coeffi-
cient matrix of the linear equation.

When the coefficient matrix is in row echelon form, then the solution
x of the linear equation Ax = b can be easily obtained by means of an
iterative process called back substitution. When it is in row reduced
echelon form it is even simpler: We get a particular solution x¢ by setting
all variables that belong to non-pivotal columns to 0. Then we solve
the resulting linear equations for the variables that corresponds to the
pivotal columns. This is easy as each row reduces to

0ix;=b; where §; € {0,1}.

Lemma 7.8

Theorem 7.9

Definition 7.10
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Obviously, these equations can be solved if and only if §; =1 or b; =0.

We then need a basis of ker(A) which we easily get from a row re-
duced echelon form of the homogeneous equation Ax = 0. Notice, that
ker(A) = {0} if there are no non-pivotal columns.

7.3 Image, Kernel and Rank of a Matrix

Once the row reduced echelon form R is given for a matrix A we also can
easily compute bases for its image and kernel.

Let R be a row reduced echelon form of some matrix A. Then rank(A) is
equal to the number nonzero rows of R.

PRrROOF. By Lemma 6.20 and Theorem 7.9, rank(R) = rank(A). It is easy
to see that non-pivotal columns can be represented as linear combina-
tions of pivotal columns. Hence the pivotal columns span Im(R). More-
over, the pivotal columns are linearly independent since no two of them
have a common non-zero entry. The result then follows from the fact
that the number of pivotal columns equal the number of nonzero ele-
ments. O

Let R be a row reduced echelon form of some matrix A. Then the columns
of A that correspond to pivotal columns of R form a basis of Im(A).

PROOF. The columns of A span Im(A). Let A, consists of all columns of
A that correspond to pivotal columns of R. If we apply the same elemen-
tary row operations on A, as for A we obtain a row reduced echelon form
R, where all columns are pivotal. Hence the columns of A, are linearly
independent and rank(A,) = rank(A). Thus the columns of A, form a
basis of Im(A), as claimed. O

At last we verify other observation about the existence of the solution
of an inhomogeneous equation.

Let Ax = b be an inhomogeneous linear equation. Then there exists a
solution xg if and only if rank(A) = rank(Ayp).

PROOF. Recall that A, denotes the augmented coefficient matrix. If
there exists a solution xg, then b = Ax( € Im(A) and thus

rank(Ap) = dimspan(ay,...,a,,b) =dimspan(a,...,a,) =rank(A).

On the other hand, if no such solution exists, then b ¢ span(ay,...,az)
and thus span(ay,...,a,) c span(ay,...,a,,b). Consequently,

rank(Aj) = dimspan(ay,...,a,,b) > dimspan(ay,...,a,) = rank(A)

and thus rank(Ap) # rank(A). O

Theorem 7.11

Theorem 7.12

Theorem 7.13
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— Summary

A linear equation is one that can be written as Ax =b.

The set of all solutions of a homogeneous linear equation forms a
vector space.

The set of all solutions of an inhomogeneous linear equation forms
an affine space.

Linear equations can be solved by transforming the augmented co-
efficient matrix into row (reduced) echelon form.

This transformation is performed by (invertible) elementary row
operations.

Bases of image and kernel of a matrix A as well as its rank can
be computed by transforming the matrix into row reduced echelon
form.
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— EXxercises

7.1

Compute image, kernel and rank of

1 2 3
A=1|4 5 6
7 8 9

— Problems

7.2

7.3

7.4

7.5

7.6

Verify that a system of linear equations can indeed written in ma-
trix form. Moreover show that each equation Ax = b represents a
system of linear equations.

Prove Lemma 7.3 and Theorem 7.4.

!
a;

Let A=| : | be an m x n matrix.

!

an

(1) Define matrix T;...; that switches rows a; and a;..

(2) Define matrix T;(a) that multiplies row a’ by a.

(3) Define matrix T;_j(a) that adds row a;. multiplied by a to
row a;.

For each of these matrices argue why these are invertible and state
their respective inverse matrices.

HINT: Use the results from Exercise 4.14 to construct these matrices.
Prove Lemma 7.8.

Prove Theorem 7.9.

Use a so called constructive proof. In this case this means to pro-
vide an algorithm that transforms every input matrix A into row
reduce echelon form by means of elementary row operations. De-
scribe such an algorithm (in words or pseudo-code).



Euclidean Space

We need a ruler and a protractor.

8.1 Inner Product, Norm, and Metric

Inner product. Let x,y € R”. Then

n
X/y = Z XiYi
i=1

is called the inner product (dot product, scalar product) of x and y.

Fundamental properties of inner products. Let x,y,ze R” and a, €
R. Then the following holds:

1) xX'y=y'x (Symmetry)

(2) x'x =0 where equality holds if and only if x =0
(Positive-definiteness)

3) (ax+pPy)z=ax'z+pPy'z (Linearity)

PROOF. Properities (i) and (ii) immediately follows from Definition 8.1.
Property (iii) also follows from the rules for matrix algebra, see Theo-
rem 4.14. O

In our notation the inner product of two vectors x and y is just the
usual matrix multiplication of the row vector x’' with the column vector
y. However, the formal transposition of the first vector x is often omitted
in the notation of the inner product. Thus one simply writes x-y. Hence
the name dot product. This is reflected in many computer algebra sys-
tems like Maxima where the symbol for matrix multiplication is used to
multiply two (column) vectors.

58

Definition 8.1

Theorem 8.2
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Inner product space. The notion of an inner product can be general-
ized. Let 7 be some vector space. Then any function

GV xTV —-R
that satisfies the properties

) x,y)=(y,x),
(i) (x,x) =0 where equality holds if and only if x = 0,
(iii) (ax+ By,z) = a(x,z) + f{y,z),

is called an inner product. A vector space that is equipped with such an
inner product is called an inner product space. In pure mathematics
the symbol (x,y) is often used to denote the (abstract) inner product of
two vectors x,y € 7.

Let £ be the vector space of all random variables X on some given prob-
ability space with finite variance V(X). Then map

L) : ZExZL-R, X, Y)—(X,Y)=EKXY)
is an inner product in Z. &

Euclidean norm. Let x € R”?. Then
n
Ixllg = Vx'x =1/} x?
i=1

is called the Euclidean norm (or norm for short!) of x.
Cauchy-Schwarz inequality. Let x,y € R*. Then

X'yl < lIxllz- Iyl .
Equality holds if and only if x and y are linearly dependent.

PROOF. The inequality trivially holds if x =0 or y = 0. Assume that
y # 0. Then we find for any 1 € R,

0<(x-1y)(x-ly)=xx—Ax'y - ly'x+ 1%y'y = x'x - 2Ax'y + \%y'y.
Using the special value A = % we obtain

/ 157)2 /< )2
0<x'x-— 2ﬂ x'y+ (X,y)z vVy=xx- x ,y) .
¥'y) y'y

Yy

Hence

&'y)? < ®x)(y'y) = IxI3 llyll3.

1We use symbol ||x]|| for short (i.e., omit subscript 9) if there is no risk of confusion.

Definition 8.3

Example 8.4

Definition 8.5

Theorem 8.6
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or equivalently

X'yl < Iz llyll

as claimed.

Now if equality holds, then x — Ay = 0 for our choice of 1 and thus x
and y are linearly dependent. On the other hand if x and y are linearly
dependent then w.l.o.g. there exists an a € R such that x = ay. Then we

find for our choice A = ;:—y = a;% = a and consequently equality holds in

every step. This completes our proof O

Minkowski inequality. Let x,y € R*. Then Theorem 8.7
Ix+yllg = lxlz+lylg -

PROOF. See Problem 8.2.

Fundamental properties of norms. Let x,y € R” and a € R. Then Theorem 8.8

(1) [Ix|lg = 0 where equality holds if and only if x =0
(Positive-definiteness)

(2) llaxllg = lal Ixll2 (Positive scalability)
3) Ix+ylls = lxllz+ Nyl (Triangle inequality or subadditivity)
PROOF. See Problem 8.4.

Normed vector space. The notion of a norm can be generalized. Let  Definition 8.9
¥ be some vector space. Then any function

I-I: 7V —R
that satisfies properties

(1) Ix[l = 0 where equality holds if and only if x =0
(i) flax|l =|a| [xIl
(ii) Ix+yll =l +llyll

is called a norm. A vector space that is equipped with such a norm is
called a normed vector space.

Other examples of norms of vectors x € R” are the so called I-norm Example 8.10
n
Ixlly =) il
i=1
the p-norm
1
n r
||X||p=(Z|xi|p) , for 1< p < oo,
=1

and the supremum norm

[Xlloo = max [x;]. o

=1,...,
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Observe that the Euclidean norm of a vector x in Definition 8.5 is a
special case of the p-norm with p = 2 (and thus denoted by [x||3). As this
is the “usual” norm we just write [|x|| (i.e., omit subscript 9) if there is no
risk of confusion.

Let Z be the vector space of all random variables X on some given prob-
ability space with finite variance V(X). Then map

Ilg: & —10,00), X — [ Xllo = VEX?) =(X,X)
is anorm in Z. &
A vector x € R" is called normalized if ||x| = 1.

In Definition 8.5 we used the inner product (Definition 8.1) to define
the Euclidean norm. In fact we only needed the properties of the inner
product to derive the properties of the Euclidean norm in Theorem 8.8
and the Cauchy-Schwarz inequality (Theorem 8.6). That is, every inner
product induces a norm. However, there are also other norms that are
not induced by inner products, e.g., the p-norms [|x||,, for p # 2.

Euclidean metric. Let x,y € R”, then da2(x,y) = |[x—yll, defines the
Euclidean distance between x and y.

Fundamental properties of metrics. Let x,y,z € R". Then
(1) do(x,y) =da(y,x) (Symmetry)

(2) do(x,y) = 0 where equality holds if and only if x =y
(Positive-definiteness)

3) dao(x,2z) <da(x,y) +da(y,z) (Triangle inequality)
PROOF. See Problem 8.8.

Metric space. The notion of a metric can be generalized. Let 7 be some
vector space. Then any function

d,): Vx¥V >R
that satisfies properties

() dx,y)=d(y,x)
(i1) d(x,y) =0 where equality holds if and only if x =y
(iii) d(x,z) <d(x,y)+d(y,z)

is called a metric. A vector space that is equipped with a metric is called
a metric vector space.

Example 8.11

Definition 8.12

Definition 8.13

Theorem 8.14

Definition 8.15
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Definition 8.13 (and the proof of Theorem 8.14) shows us that any
norm induces a metric. However, there also exist metrics that are not
induced by some norm.

Let & be the vector space of all random variables X on some given prob-
ability space with finite variance V(X). Then the following maps are
metrics in £

dy: £ x % —[0,00), (X,Y)~ X -YI=VEX-Y)?)
dg: Lx 2L —[0,00), (X,Y)—dg(X,Y)=KIX-Y])
drp: £ x £ —10,00), (X,Y)—dr(X,Y)=max|Fx(z) - Fy(2)|

where F'y denotes the cumulative distribution function of X. &

8.2 Orthogonality

Assume we have a straight line through origin O = (0,0). Recall from
classical geometry that we can draw a perpendicular by a ruler-and-
compass construction:

X+y X-y

We want to have an algebraic definition of the notion of perpendicularity.
So let x and y be the vectors from O to the intersection points and the
centers of the two circle, resp. By construction these are perpendicular
by construction. Observe that the red triangle is isosceles, i.e., [x +yl|l =
[x—yll. The difference between the two sides of this triangle can be
computed by means of an inner product (see Problem 8.10) as

Ix+yll2—lIx-yl2=4x"y .

Two vectors x,y € R” are called orthogonal (perpendicular, normal)
to each other if X'y = 0.

Pythagorean theorem. Let x,y € R" be two vectors that are orthogonal
to each other. Then

2 2 2
Ix+yly=lxlz+lyls

Example 8.16

Definition 8.17

Theorem 8.18
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PROOF. See Problem 8.11.

Let v1,...,v; be non-zero vectors. If these vectors are pairwise orthogo- Lemma 8.19
nal to each other, then they are linearly independent.

PROOF. Suppose vi,...,v; are linearly dependent. Then w.l.o.g. there

exist as,...,ap such that vi = Zfﬂ a;vi. Then vjvi =V] (Zfﬁ:2 aiv;) =
Zsz aiv’lvi =0, i.e., vi = 0 by Theorem 8.2, a contradiction to our as-
sumption that all vectors are non-zero. O

Orthonormal system. A set {vq,...,v,} cR" is called an orthonormal Definition 8.20
system if the following holds:

(i) the vectors are mutually orthogonal,

(i1) the vectors are normalized.
That is, VQVJ' = 6ij-

Orthonormal basis. A basis {vy,...,v,} cR” is called an orthonormal Definition 8.21
basis if it forms an orthonormal system.

Let B ={vy,...,v,} be an orthonormal basis of R”. Then the coefficient = Theorem 8.22
vector ¢(x) of some vector x € R” with respect to B is given by

cj(x)= v}x.
PROOF. See Problem 8.12.

Orthogonal matrix. A square matrix U is called an orthogonal ma-  Definition 8.23
trix if its columns form an orthonormal system.

Let U be an n x n matrix. Then the following are equivalent: Theorem 8.24

(1) Uis an orthogonal matrix.
(2) U’ is an orthogonal matrix.
3) UU=lie,U1=U.

(4) The linear map defined by U is an isometry, i.e., |[Ux|y = [|x]o for
all x e R”.

PROOF. Let U =(uy,...,u,).

(1H)=>(3) [U'U]ij = u;.uj = 5ij = [I]ij, ie.,UU=L By Theorem 6.16, U'U=
UU' =Iand thus U1 =U".

(3)=>(4) |Ux|3 = (Ux)(Ux) =x'U'Ux =x'x = x]2.
(4)=>(1) Let x,y € R™. Then by (4), [Ux—-y)lls = Ix—yll9, or equivalently

xXUUx-xUUy-yUUx+yUUy=xx-xy-y'x+yy.
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If we again apply (4) we can cancel out some terms on both side of this
equation and obtain

-x'UUy-yUUx=-xy-yx

Notice that x'y = y'x by Theorem 8.2. Similarly, x'U'Uy = (x'U'Uy) =
y'U'Ux, where the first equality holds as these are 1 x 1 matrices. The
second equality follows from the properties of matrix multiplication (The-
orem 4.17). Thus

x'UUy=xy=xTy forall x,yeR".
Recall that e;U’ =u’ and Ue; =u;. Thus if we set x=e; and y = e; we
obtain

! ! ! A L .
uu;=e,UUe;=€e;e; =§;;

that is, the columns of U for an orthonormal system.
(2)=(3) Can be shown analogously to (1)=(3).
(3)=(2) Let v},...,v,, denote the rows of U. Then

v;v; =[UU'];; = [0l;; = &;;

i.e., the rows of U form an orthonormal system.

This completes the proof. O

— Summary

* Aninner product is a bilinear symmetric positive definite function
V x¥ — R. It can be seen as a measure for the angle between two
vectors.

* Two vectors x and y are orthogonal (perpendicular, normal) to each
other, if their inner product is 0.

* A norm is a positive definite, positive scalable function 7 — [0,00)
that satisfies the triangle inequality |x+y| < [Ix|| + lyll. It can be
seen as the length of a vector.

¢ Every inner product induces a norm: [|x|s = VX'x.

Then the Cauchy-Schwarz inequality |X'y| < [ xll2- lylls holds for all
x,yeV.

If in addition x,y € 7" are orthogonal, then the Pythagorean theo-
rem |x+yl3 = IxII3 + llyl3 holds.

* A metric is a bilinear symmetric positive definite function 7 x 7 —
[0,00) that satisfies the triangle inequality. It measures the dis-
tance between two vectors.
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¢ Every norm induces a metric.

¢ A metric that is induced by an inner product is called an Euclidean
metric.

* Set of vectors that are mutually orthogonal and have norm 1 is
called an orthonormal system.

* An orthogonal matrix is whose columns form an orthonormal sys-
tem. Orthogonal maps preserve angles and norms.
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— Problems

8.1 Let A be a symmetric positive definite matrix, i.e., the correspond-
ing quadratic form is positive: ga(x) =x'Ax > 0 for all x # 0.
Show that (x,y)a = XAy is an inner product.

8.2 (a) The Minkowski inequality is also called triangle inequal-
ity. Draw a picture that illustrates this inequality.
(b) Prove Theorem 8.7.
(c) When does equality holds in the Minkowski inequality?

HINT: Compute [|x + yllg and apply the Cauchy-Schwarz inequality.

8.3 Show that for any x,y € R”
|1l = Iy | < Ix =y .

HINT: Use the simple observation that x =(x-y)+y and y = (y—x)+x and apply
the Minkowski inequality.

8.4 Prove Theorem 8.8. Draw a picture that illustrates property (iii).
HINT: Use Theorems 8.2 and 8.7.

x
8.5 Let x € R” be a non-zero vector. Show that ﬁ is a normalized
x

vector. Is the condition x # 0 necessary? Why? Why not?

8.6 Which of the following functions R? — [0,00) are norms in R?. Prove
your claims.
(@) h:R2—[0,00), (x,y)— hlx,y) = |x|
(b) g:R?—10,00), (x,y) — glx,y) = 2lx| +3|y|

(© k:R2—[0,00), (x,y) — k(x,y) = (V&I + /I7])?

8.7 (a) Show that [x]; and ||xll, satisfy the properties of a norm.

(b) Draw the unit balls in RQ, i.e., the sets {x € R2: x| < 1}, with
respect to the norms |[|x[/{, [X]l9, and [|X]lco-

(c) Use a computer algebra system of your choice (e.g., Maxima)
and draw unit balls with respect to the p-norm for various
values of p. What do you observe?

8.8 Prove Theorem 8.14. Draw a picture that illustrates property (iii).
HINT: Use Theorem 8.8 and the simple equality x—z = (x—y) + (y — z).

8.9 Show that

1, ifx#y,

d(x,y) =
Y {0, ifx=y,

is a metric.
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8.10 Show that Ix+yll2 - [Ix -yl = 4x'y.

HINT: Use ||x||2 =x'x.

8.11 Prove Theorem 8.18.

HINT: Use ||X||% =x'x.

8.12 Prove Theorem 8.22.

HINT: Represent x by means of ¢(x) and compute x'v e



Projections

To them, I said, the truth would be literally nothing but the shadows of
the images.

Suppose we are given a subspace % c R" and a vector y € R”. We want to
find a vector u € % such that the “error” r =y —u is as small as possible.
This procedure is of great importance when we want to reduce the num-
ber of dimensions in our model without loosing too much information.

9.1 Orthogonal Projection

We first look at the simplest case % = span(x) where x € R” is some fixed
normalized vector, i.e., [|x|| = 1. Then every u € % can be written as Ax
for some 1 € R.

Let y,x € R" be fixed with ||x|| = 1. Let r e R” and A € R such that
y=Ax+r.

Then for A = A* and r =r* the following statements are equivalent:

(1) |lr*|| is minimal among all values for A and r.
2) x'r*=0.
3) A =xy.

PROOF. (2) & (3): Observe that by construction r =y — Ax. Then we find:
xXr=0o x'(y-1x)=0 © X'y-1x'x=0 © xX'y-1=0 © 1 =x'y which
implies the equivalence.

(2) = (1): Assume that x'r* =0 and 1* such that r* =y - A*x. Set r(¢) =
y-(A*+e)x=(y—-A"x)—ex=r*—ex for e e R. Asr* and x are orthogonal
by our assumption, the Pythagorean theorem implies |r(¢)|? = |r*||% +
£2|x/2 = |r*|I2 + €2. Thus |lr(e)|| = ||r*|| where equality holds if and only
if e =0. Thus r* minimizes |r|.

68

Lemma 9.1
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(1) = (2): Assume that r* minimizes |r| and A* such that r* =y - A*x.
Set r(e) =y - (A" +e)x =r* —ex for £ € R. Our assumption implies that
Ile* )2 < r* —ex||? = |lr*||2 — 2ex'r + €2 ||x||? for all € € R. Thus 2ex'r <
2 |1x||% = €2. Since ¢ may have positive and negative sign we find —% <
x'r < § for all £ >0 and hence x'r =0, as claimed. O

Orthogonal projection. Let x,y € R” be two vectors with | x| = 1. Then
p:(y) = x'y)x

is called the orthogonal projection of y onto the linear span of x.

P:(y)

Orthogonal decomposition. Let x € R" with |x|| = 1. Then every
y € R” can be uniquely decomposed as

y=u+v

where u € span(x) and v is orthogonal to x (and hence orthogonal to u),
that is u’v = 0. Such a representation is called an orthogonal decom-
position of y. Moreover, u is given by

u=py(y).

PROOF. Let u = Ax € span(x) with A = x'y and v = y —u. Obviously,
u+v=y. By Lemma 9.1, u'v=0 and u = p,(y). Moreover, no other
value of A has this property. O

Now let x,y € R* with [|x]| = |yl =1 and let A = x'y. Then || =
Ip«(¥)l and A is positive if x and p,(y) have the same orientation and
negative if x and p,(y) have opposite orientation. Thus by a geometric
argument, A is just the cosine of the angle between these vectors, i.e.,
cos<((x,y) =xX'y. If x and y are arbitrary non-zero vectors these have to
be normalized. We then find

/

Xy
Il Iyl

cos<(x,y) =

Definition 9.2

Theorem 9.3

Tyl

lIxIl

———
cos <(x,y)
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Projection matrix. Let x € R" be fixed with x| =1. Then y— p.(y)isa Theorem 9.4
linear map and p,(y) = P,y where P, = xx'.

PROOF. Let y1,y2 € R” and a1, a9 € R. Then

pxla1y1 + agy2) = (X' (a1y1 + agy2)) x = (a1x'y1 + a2x'ys) x
= a1(x'y1)x + a2(x'y2)x = a1p«(y1) + a2px(y2)

and thus p, is a linear map and there exists a matrix P, such that
P«(y) =P,y by Theorem 6.15.

Notice that ax = xa for « € R = R!. Thus P,y = X'y)x = x(x'y) = (xx')y
for all y € R"” and the result follows. O

If we project some vector y € span(x) onto span(x) then y remains un-
changed, i.e., P,(y) =y. Thus the projection matrix P, has the property
that P?Cz =P, (P,z) =P,z for every z € R" (see Problem 9.5).

A square matrix A is called idempotent if A2 = A. Definition 9.5

9.2 Gram-Schmidt Orthonormalization

Theorem 8.22 shows that we can easily compute the coefficient vector
c(x) of a vector x by means of projections when the given basis {vy,...,v,}
forms an orthonormal system:

n

ciX)vi =) (Vix)v; =) py,(x).
i=1 =1

1=

n
X =

i=1

Hence orthonormal bases are quite convenient. Theorem 9.3 allows us
to transform any two linearly independent vectors x,y € R" into two or-
thogonal vectors u,v € R” which then can be normalized. This idea can
be generalized to any number of linear independent vectors by means of
a recursion, called Gram-Schmidt process.

Gram-Schmidt orthonormalization. Let {uy,...,u,} be abasisof some Theorem 9.6
subspace %. Define v, recursively for £ =1,...,n by

w1
w1 =uj, V1=
lwll
W3
W2 = u2 _pvl(u2), V2 =
lwell
W3
W3 = U3 — Py, (u3) —py,(ug), vz =
lwsll
n—-1
Wp
Wn =Up — Z pvj(un); Vn =
& Wl

where py; is the orthogonal projection from Definition 9.2, that is, p, (uk) =
(v}uk )v;. Then set {v1,...,v,} forms an orthonormal basis of %.
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PROOF. We proceed by induction on 2 and show that {vy,...,v;} form an
orthonormal basis for span(uy,...,uz) forallk=1,...,n.

For & =1 the statement is obvious as span(v;) = span(ui) and |v1] = 1.
Now suppose the result holds for £ = 1. By the induction hypothesis,
{vi,...,v;} forms an orthonormal basis for span(uy,...,u;). In particular
we have V}Vl‘ =6j;. Let

k k
/
Wil =Whr1— ) Po;(Wps1) =Upiq — Z(Vjuk+1)vj .
Jj=1 Jj=1
First we show that w1 and v; are orthogonal for all i =1,...,k. By
construction we have
k !
! !
Wy, 1Vi = [Uge1— ) (Viug 1)V | Vi
j=1

k
_ ! L ! ! .
=u,,.1Vi Z(Vjuk+1)vjvz
J=1
k
! !
=w, V- Z(Vjuk+1)5ji
J=1
o 1
=W 1Vi T Vile+1

=0.

Now wp,1 cannot be 0 since otherwise w1 — Z?zlpvj(ukﬂ) =0 and
consequently uz,1 € span(vy,...,v;) = span(uy,...,u;), a contradiction

to our assumption that {ui,...,uz,uz,1} is a subset of a basis of %.
Wk+1

Wl
{v1,...,Vvz,1} are linearly independent and consequently form a basis for

span(uy,...,uz.1) by Theorem 5.22. Thus the result holds for £+ 1, and
by the principle of induction, for all £ = 1,...,n and in particular for
k=n. O

Thus we may take vy, = Then by Lemma 8.19 the vectors

9.3 Orthogonal Complement

We want to generalize Theorem 9.3 and Lemma 9.1. Thus we need the
concepts of the direct sum of two vector spaces and of the orthogonal
complement.

Direct sum. Let %,7 = R" be two subspaces with % N7 ={0}. Then Definition 9.7
UV ={u+v:ue@,veV}
is called the direct sum of % and 7.

Let %,V < R™ be two subspaces with # N7 = {0} and dim(%) =k =1 Lemma 9.8
and dim(?) =1 = 1. Let {uy,...,u} and {vy,...,v;} be bases of % and 7,
respectively. Then {uy,...,uz}uU{vy,...,v;}isabasisof # & 7.
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PrOOF. Obviously {uy,...,uz}U{vy,...,v;} is a generating set of % & 7.
We have to show that this set is linearly independent. Suppose it is lin-
early dependent. Then we find a1,...,a; € Rnot all zero and f1,...,05; €R
not all zero such that Zle a;u; + Zi:l Bivi =0. Then u = Zle a;u; #0
and v = —Zﬁzlﬁivi #0 where ue % and ve 7 and u—v =0. But then
u =v, a contradiction to the assumption that % n7 = {0}. O

Decomposition of a vector. Let %,7 < R" be two subspaces with 2 n
¥V ={0} and % @7 = R". Then every x € R” can be uniquely decomposed
into

XxX=u+v
whereue% andvev.
PROOF. See Problem 9.7.

Orthogonal complement. Let % be a subspace of R”. Then the or-
thogonal complement of % in R" is the set of vectors v that are or-
thogonal to all vectors in R”, that is,

Y+ ={veR":u'v=0 for all ue%}.

Let % be a subspace of R”. Then the orthogonal complement % is also
a subspace of R”. Furthermore, % N %"+ = {0}.

PROOF. See Problem 9.8.

Let % be a subspace of R”. Then
R =%euU".

PROOF. Suppose there exists a non-zero x € R* \ (% @ %*). Then {x}u
B uB, is linearly independent by Theorem 5.19 where B and B, are
bases of % and %", resp. By means of Gram-Schmidt orthonormaliza-
tion (Thm. 9.6) we can construct a non-zero y ¢ span(BUB ) =% &% L
which is perpendicular to each element in B. Hence ye #* c % e U+, a
contradiction. O

Orthogonal decomposition. Let 2 be a subspace of R”. Then every
y € R” can be uniquely decomposed into

y=u+ul

where u € % and u' € . u is called the orthogonal projection of y
into % . We denote this projection by py(y).

PROOF. By Lemmata 9.11 and 9.12 we have % n%~* = {0} and R* =
U & AU*. Thus every y € R* can be uniquely decomposed into y = u + u*
by Lemma 9.9. O

Lemma 9.9

Definition 9.10

Lemma 9.11

Lemma 9.12

Theorem 9.13



9.3 ORTHOGONAL COMPLEMENT

73

It remains to derive a formula for computing this orthogonal projec-
tion. Thus we derive a generalization of and Lemma 9.1.

Projection into subspace. Let % be a subspace of R" with generating
set {uy,...,uz} and U = (uy,...,u;). For a fixed vector y € R” let r € R
and A € R* such that

y=UA+r.

Then for A = A* and r =r* the following statements are equivalent:

(1) |lr*|| is minimal among all possible values for A and r.
(2) Ur* =0, thatis, r* e %" .

(3) U'UA* =Uly.

Notice that u* = UA* € %.

PRrROOF. Equivalence of (2) and (3) follows by a straightforward compu-
tation (see Problem 9.9).

Now for € € R* define r(¢) = r* — Ue. Recall that Ue € . If (2) holds,
i.e., r* € %", then the Pythagorean Theorem implies @) = lr* )% +
|Ue||2 = |Ir* ||2 for all € and (1) follows.

Conversely, if (1) holds then |r* I2 < |lr* - Ue|? = (r* —-Ue) (r* —Ue) =
le*|2~2¢"U'r* + | Ue||? and we find 0 < | Ue|2-2(Ue)'r* = (Ue) (Ue - 2r*)
for all e. Now by Theorem 9.13, there exist ve % and w € %+ such that
r* = v+w. Furthermore, there exists an € such that Ue = v. We then find
0 < (Ue) (Ue-2r*) = vV (v-2(v+Ww)) = -v'v—2v'w = — |v||2 and hence
v=0. That is, r* =w e %"+ and (2) follows. O

Equation (3) in Theorem 9.14 can be transformed when {ui,...,uz}
are linearly independent, i.e., when it forms a basis of %. Then the n x k&
matrix U= (uy,...,u;) hasrank & and the % x 2 matrix U'U also has rank
k by Lemma 6.25 and is thus invertible.

Let % be a subspace of R" with basis {uj,...,u;} and U = (uy,...,uz).
Then the orthogonal projection y € R” onto % is given by

pu(y) =UU'U) Uy.
If in addition {uy,...,uz} forms an orthonormal system we find
pu(y) =UUy.

PROOF. See Problem 9.11.

Theorem 9.14

Theorem 9.15
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9.4 Approximate Solutions of Linear Equations
Let A be an n x k matrix and b € R”. Suppose there is no x € R* such that
Ax=b

that is, the linear equation Ax = b does not have a solution. Neverthe-
less, we may want to find an approximate solution x( € R that minimizes
the error r = b — Ax among all x € R¥.

By Theorem 9.14 this task can be solved by means of orthogonal pro-
jections pa(b) onto the linear span < of the column vectors of A, i.e., we
have to find xy such that

A'Axy=A'b. 9.1

Notice that by Theorem 9.13 there always exists an r such that b =
pa(b) +r with r € o+ and hence an x( exists such that p4(b) = Axg.
Thus Equation (9.1) always has a solution by Theorem 9.14.

9.5 Applications in Statistics

Let x = (x1,...,%,) be a given set of data and let j = (1,...,1) denote a
vector of length n of ones. Notice that ||j||2 =n. Then we can express the
arithmetic mean x of the x; as

and we find

p;(x) = (%j’x) (%J) - (5ix|i=si.

That is, the arithmetic mean x is \/Lﬁ times the length of the orthogonal
projection of x onto the constant vector. For the length of its orthogonal
complement p j(x)L we then obtain

I — 2j11% = (x - &) (x - &) = IIx||” - 2j'x - &xj + %)’ = |x]|* - n&x”
where the last equality follows from the fact that j/x =x'j=%n and j'j =
n. On the other hand recall that ||x — Xj 12 = Z?zl(xi —x)2= nag where ai
denotes the variance of data x;. Consequently the standard deviation of
the data is \/Aﬁ times the length of the orthogonal complement of x with
respect to the constant vector.

Now assume that we are also given datay = (y1,...,y,) . Again y — jj
is the complement of the orthogonal projection of y onto the constant
vector. Then the inner product of these two orthogonal complements is

(x—%j)(y —33) = )_(x; = &)y;i = §) = noyy
=1
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where 0, denotes the covariance between x and y.

Now suppose that we are given a set of data (y;,xi1,...,xi%), I =
1,...,n. We assume a linear regression model, i.e.,

k
yi=Po+ ) Bsxis+€.
s=1

These n equations can be stacked together using matrix notation as

y=Xp+e€
where
1 x11 x12 ... X1
1 Bo €1
) 1 x91 x922 ... X9 '
y=:,X=:::_.:,ﬁ=;,e=
In . ' ' Br €n
1 xp1 Xn2 ... Xnk

X is then called the design matrix of the linear regression model,
are the model parameters and € are random errors (“noise”) called
residuals.

The parameters f can be estimated by means of the least square
principle where the sum of squared errors,

= 9 2 2
X} = lel” = |y -Xp|
1=

is minimized. Therefore by Theorem 9.14 the estimated parameter B
satisfies the normal equation

X'Xp =Xy (9.2)
and hence
p=XX)"Xy.

— Summary

* For every subspace % c R" we find R* = % @ %", where %" de-
notes the orthogonal complement of %.

e Every y € R” can be decomposed as y = u+u’ where u € % and
ul € %*. uis called the orthogonal projection of y into %.

e If{uy,...,u;} is a basis of % and U = (uy,...,u;), then Uu' =0 and
u =UA where A € R satisfies UUA =Uy.

¢ Ify=u+v with ue % then v has minimal length for fixed y if and
only if ve 2+.

¢ If the linear equation Ax = b does not have a solution, then the
solution of A’Ax = A’b minimizes the error ||b—Ax]|.



EXERCISES

— Exercises
9.1 Apply Gram-Schmidt orthonormalization to the following vectors.

(a) uy =(1,0,0), ug =(1,2,0), and ug =(1,2,3)".
(b) w1 =(1,2,3)", up =(1,2,0)’, and ug =(1,0,0)".

9.2 Lety=(2,-3,4). Compute projection py(y) onto subspace % with
the following generating sets. Also give the projection matrix Py;.

(@) U ={0,2,0)}.
() U={1,2,-3)'}.
(e U={(1,0,3),(-3,2,1)'}.

1 2
9.3 Let A= (1 3). Solve linear equation Ax =b for the follwing val-
1 4
ues of b exactly as well as by means the method from Sect. 9.4 that
provides a point xo which minimizes the “error” Ax —b.

(@) b=(-1,2,0)
(b) b = (_1a2a5)l
— Problems

9.4 Let r = y— Ax where x,y € R" and x # 0. Which values of 1 € R
minimize |r|?

HINT: Use the normalized vector xg = x/||x|| and apply Lemma 9.1.
9.5 Let P, =xx’ for some x € R” with ||x| = 1.

(a) What is the number of rows and columns of P,?
(b) What is the rank of P,?

(c) Show that P, is symmetric.

(d) Show that P, is idempotent.

(e) Describe the rows and columns of P,.

9.6 Prove or disprove: Let %,7 < R"™ be two subspaces with N7 = {0}
and Z ® 7 =R". Letue% and ve 7. Then u'v=0.

9.7 Prove Lemma 9.9.
9.8 Prove Lemma 9.11.

9.9 Assume that y=UA +r.
Show: U'r =0 if and only if UUA = U'y.
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9.10 Let % be a subspace of R” with generating set {uj,...,u;} and U=
(ai,...,uz). Show:

(a) we % if and only if there exists an A1 € R* such that u=UA.
(b) ve " if and only if U'v=0.
(c) The projection y — py(y) is a linear map onto %.

(d) If rank(U) = &, then the Projection matrix is given by Py =
Uu'u)u.

In addition:

(e) Could we simplify Py in the following way?
Py =UUU)U'=U0U .U U =11I=L

(f) Let Py be the matrix for projection y — py(y). Compute the
projection matrix Py;. for the projection onto 2.

9.11 Prove Theorem 9.15.

9.12 Let p be a projection into some subspace % < R". Let x1,...,X3 €
R,
Show: If p(x1),...,p(X;) are linearly independent, then the vectors
Xi,...,Xp are linearly independent.
Show that the converse is false.

9.13 (a) Give necessary and sufficient conditions such that the “nor-
mal equation” (9.2) has a uniquely determined solution.

(b) What happens when this condition is violated? (There is no
solution at all? The solution exists but is not uniquely deter-
mined? How can we find solutions in the latter case? What is
the statistical interpretation in all these cases?) Demonstrate
your considerations by (simple) examples.

(c) Show that for each solution of Equation (9.2) the arithmetic
mean of the error is zero, that is, € = 0. Give a statistical
interpretation of this result.

(d) Let x; = (x;1,...,%;,) be the i-th column of X. Show that for
each solution of Equation (9.2) xgs = 0. Give a statistical in-
terpretation of this result.
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Determinant

What is the volume of a skewed box?

10.1 Linear Independence and Volume

We want to “measure” whether two vectors in R? are linearly indepen-
dent or not. Thus we may look at the parallelogram that is created by
these two vectors. We may find the following cases:

/

The two vectors are linearly dependent if and only if the corresponding
parallelogram has area 0. The same holds for three vectors in R? which
form a parallelepiped and generally for n vectors in R™.

Idea: Use the n-dimensional volume to check whether n vectors in
R” are linearly independent.

Thus we need to compute this volume. Therefore we first look at
the properties of the area of a parallelogram and the volume of a par-
allelepiped, respectively, and use these properties to define a “volume
function”.

(1) If we multiply one of the vectors by a number a € R, then we obtain
a parallelepiped (parallelogram) with the a-fold volume.

(2) If we add a multiple of one vector to one of the other vectors, then
the volume remains unchanged.

(3) If two vectors are equal, then the volume is 0.

(4) The volume of the unit-cube has volume 1.
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10.2 Determinant

Motivated by the above considerations we define the determinant as a
normed alternating multilinear form.

Determinant. The determinant is a function det: R**"” — R that as-
signs a real number to an n x n matrix A = (ay,...,a,) with following
properties:

(D1) The determinant is multilinear, i.e., it is linear in each column:
det(ay,...,a;_1,aa; + fb;,a;:1,...,a,)
=adet(ay,...,a;-1,2;,2;+1,...,a,)
+ ﬁdet(ala s 7ai—l7bi7ai+l’ e 7an) .
(D2) The determinant is alternating, i.e.,
det(ai,...,a;-1,a;,a;41,...,a5_1,P%,a%41,...,an)

=—det(ay,...,a;-1,bz,2;+1,...,25_1,2;,2%11,...,a7) .

(D3) The determinant is normalized, i.e.,

det=1.

We denote the determinant of A by det(A) or |A].

This definition sounds like a “wish list”. We define the function by its
properties. However, such an approach is quite common in mathematics.
But of course we have to answer the following questions:

* Does such a function exist?

¢ Is this function uniquely defined?

* How can we evaluate the determinant of a particular matrix A?
We proceed by deriving an explicit formula for the determinant that an-
swers these questions. We begin with a few more properties of the deter-

minant (provided that such a function exists). Their proofs are straight-
forward and left as an exercise (see Problems 10.10, 10.11, and 10.12).

The determinant is zero if two columns are equal, i.e.,
det(...,a,...,a,...)=0.

The determinant is zero, det(A) = 0, if the columns of A are linearly
dependent.

The determinant remains unchanged if we add a multiple of one column
the one of the other columns:

det(...,a; +aag,...,az,...) =det(...,a;,...,a3,...).

Definition 10.1

Do not mix up with the abso-
lute value of a number.

Lemma 10.2

Lemma 10.3

Lemma 10.4
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Now let {vy,...,v,} be a basis of R*. Then we can represent each
column of n x n matrix A=(aq,...,a,) as

n
aj=Zcijvi, for j=1,...,n,
i=1

where c;; € R. We then find

n n n
det(al,ag,...,an)zdet( Z Ci;1Viy> Z Ciy2Vigsees Z Cinnvin)

i1=1 ig=1 in=1

n n n
=) Cilldet(vil, Y CiyaVigseens D Cinnvin)

i1=1 is=1 i,=1
non n
= Z Z Cillci22det Vi Vigsens Z Ci,nVi,
11=1i9=1 in=1

n
Z Cillcizg...cinndet(vil,...,vin)
i1=lis=1 in=1

1
M=
M=

There are n” terms in this sum. However, Lemma 10.2 implies that
det(v;,,Vi,,...,v;,) = 0 when at least two columns coincide. Thus only
those determinants remain which contain all basis vectors {v1,...,v,} (in
different orders), i.e., those tuples (i;,i9,...,i,) which are a permutation
of the numbers (1,2,...,n).

We can define a permutation o as a bijection from the set {1,2,...,n}
onto itself. We denote the set of these permutations by G,,. It has the
following properties which we state without a formal proof.

* The compound of two permutations 0,7 € G,, is again a permuta-
tion, 0T € S,,.

* There is a neutral (or identity) permutation that does not change
the ordering of (1,2,...,n).

1

¢ Each permutation o € &, has a unique inverse permutation ¢~ €

Gn.

We then say that G,, forms a group.

Using this concept we can remove the vanishing terms from the
above expression for the determinant. As only determinants remain
where the columns are permutations of the columns of A we can write

n
det(as,...,a,)= Y. det(Vo),---» Vo) [] oty -
€6, =1
The simplest permutation is a transposition that just flips two ele-
ments.

¢ Every permutation can be composed of a sequence of transposi-
tions, i.e., for every o € G there exist 71,...,73 € G such that o =
Tp"T1.
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Notice that a transposition of the columns of a determinant changes its
sign by property (D2). An immediate consequence is that the determi-
nants det (vg(l),vg(z),...,vg(n)) only differ in their signs. Moreover, the
sign is given by the number of transitions into which a permutation o is
decomposed. So we have

det (vg(l), ... ,va(n)) =sgn(o)det(vy,...,vy)

where sgn(cg) = +1 if the number of transpositions into which o can be
decomposed is even, and where sgn(og) = —1 if the number of transpo-
sitions is odd. We remark (without proof) that sgn(o) is well-defined
although this sequence of transpositions is not unique.

We summarize our considerations in the following proposition.

Let {vq,...,v,;} be a basis of R* and A =(a1,...,a,) an n x n matrix. Let
cij€ERsuch thata;=3%"  c;jv; for j=1,...,n. Then

n
det(ai,...,a,)=det(vy,...,v,) Z sgn(a)nc(,(i),i.
geq,, i=1

This lemma allows us that we can compute det(A) provided that the
determinant of a regular matrix is known. This equation in particular
holds if we use the canonical basis {ey,...,e,}. We then have c;; = a;;
and

det(vy,...,v,) =det(eq,...,e,)=det()=1
where the last equality is just property (D3).

Leibniz formula for determinant. The determinant of a n x n matrix A
is given by

n
det(A) =det(ay,...,a,)= Z sgn(o)Hag(i),i. (10.1)
0es, i=1

Existence and uniqueness. The determinant as given in Definition 10.1 Corollary 10.7

exists and is uniquely defined.

Leibniz formula (10.1) is often used as definition of the determinant.
Of course we then have to derive properties (D1)—(D3) from (10.1), see
Problem 10.13.

10.3 Properties of the Determinant

Transpose. The determinant remains unchanged if a matrix is trans-
posed, i.e.,

det(A’) = det(A) .

Lemma 10.5

Theorem 10.6

Theorem 10.8
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PROOF. Recall that [A'];; = [Al;; and that each o € &, has a unique
inverse permutation 0! € &,. Moreover, sgn(c™!) = sgn(0). Then by
Theorem 10.6,

n n
det(A)= ) sgn(o) H aioG)= ), sgn(o) l_[ ao-1G)
e, =1 ge6S, i=1
n

= Z sgn(ail)l_[agfw)’i = Z sgn(a)HaU(i),i:det(A)

0e6, i=1 e6, i=1
where the forth equality holds as {c7!: 0 € &,} = G,,. O

Product. The determinant of the product of two matrices equals the
product of their determinants, i.e.,

det(A-B) = det(A)-det(B).

PROOF. Let A and B be two n x n matrices. If A does not have full rank,
then rank(A) < n and Lemma 10.3 implies det(A) = 0 and thus det(A)-
det(B) = 0. On the other hand by Theorem 6.23 rank(AB) < rank(A) < n
and hence det(AB) =0.

If A has full rank, then the columns of A form a basis of R” and we find
for the columns of AB, [AB]; = ;‘:lbi ja;. Consequently, Lemma 10.5
and Theorem 10.6 immediately imply

n
det(AB) = det(ay,...,a,) Z sgn(o) 1_[ bo(iy,i = det(A)- det(B)
€6, i=1

as claimed. 0

Singular matrix. Let A be an n x n matrix. Then the following are
equivalent:

(1) det(A)=0.

(2) The columns of A are linearly dependent.
(3) A does not have full rank.

(4) A is singular.

PROOF. The equivalence of (2), (3) and (4) has already been shown in
Section 6.3. Implication (2) = (1) is stated in Lemma 10.3. For implica-
tion (1) = (4) see Problem 10.14. This finishes the proof. O

An n x n matrix A is invertible if and only if det(A) # 0.

We can use the determinant to estimate the rank of a matrix.

Theorem 10.9

Theorem 10.10

Corollary 10.11
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Rank of a matrix. The rank of an m x n matrix A is r if and only if there
is an r x r subdeterminant

Qiyjy - Qigjy
. | #0
airjl e air.jr

but all (r +1) x (r + 1) subdeterminants vanish.

PRrROOF. By Gaul} elimination we can find an invertible r x r submatrix
but not an invertible (r + 1) x (r + 1) submatrix. O

Inverse matrix. The determinant of the inverse of a regular matrix is
the reciprocal value of the determinant of the matrix, i.e.,

-1 _
det(A™") = dotA)

PROOF. See Problem 10.15.

Finally we return to the volume of a parallelepiped which we used
as motivation for the definition of the determinant. Since we have no
formal definition of the volume yet, we state the last theorem without
proof.

Volume. Let aj,...,a, € R®. Then the volume of the n-dimensional
parallelepiped created by these vectors is given by the absolute value of
the determinant,

Vol(ay,...,a,;)= |det(a1,...,an)| .

10.4 Evaluation of the Determinant

Leibniz formula (10.1) provides an explicit expression for evaluating the
determinant of a matrix. For small matrices one may expand sum and
products and finds an easy to use scheme, known as Sarrus’ rule (see
Problems 10.17 and 10.18):

a1l aig|
=aj1a92 —ag1aig .

a1 azg

a a a
1 12 13 011022033 + 012023031 +013021A32
ag1 agz agg| = (10.2)
—a31022013 — 132023011 — 2330221012 -

asr az2 ass
For larger matrices Leibniz formula (10.1) expands to much longer
expressions. For an n xn matrix we find a sum of n! products of n factors.
However, for triangular matrices this formula reduces to the product of
the diagonal entries, see Problem 10.19.

Theorem 10.12

Theorem 10.13

Theorem 10.14
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Triangular matrix. Let A be an n x n (upper or lower) triangular matrix.
Then

n
det(A) = 1_[ aij;.
i=1

In Section 7.2 we have seen that we can transform a matrix A into
a row echelon form R by a series of elementary row operations (Theo-
rem 7.9), R=T}---T1A. Notice that for a square matrix we then obtain
an upper triangular matrix. By Theorems 10.9 and 10.15 we find

det(A) = (det(T})---det(T)) " ﬁ rii .
=1

As det(T;) is easy to evaluate we obtain a fast algorithm for computing
det(A), see Problems 10.20 and 10.21.

Another approach is to replace (10.1) by a recursion formula, known
as Laplace expansion.

Minor. Let A be an n x n matrix. Let M;; denote the (n —1) x (n —1)
matrix that we obtain by deleting the i-th row and the j-th column from
A. Then M;; = det(M;;) is called the (i, j) minor of A.

Laplace expansion. Let A be an n x n matrix and M;y, its (i, %) minor.
Then

n . n .
det(A) = Y aip- (D" My = Y app - (-1 My, .
i-1 k=1

The first expression is expansion along the k-th column. The second
expression is expansion along the i-th row.

Cofactor. The term C;j, = (—1)** M}, is called the cofactor of a ;..

With this notation Laplace expansion can also be written as

n
airCir = airCi.
1 k=1

det(A) =

n
1=
PROOF. As det(A’) = det(A) we only need to prove first statement. Notice
that a, =37 | a;.e;. Therefore,

det(A) =det(aq,...,az,...,a,)

n n
=det al,...,Zaikei,...,an) = Zaikdet(al,...,ei,...,an) .
i=1 i=1

It remains to show that det(ay,...,e;,...,a,) = C;;. Observe that we can
%

0 Mik) by a series of j— 1

transform matrix (ai,...,e;,...,a,) into B = (

Theorem 10.15

Definition 10.16

Theorem 10.17

Definition 10.18
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transpositions of rows and %k — 1 transpositions of columns and thus we
find by property (D2), Theorem 10.8 and Leibniz formula

det(a]_,.-.,ei,...,an) = (_1)j+k_2 — (_1)j+k_2 |B|

1 *
0 M;;

=(=1)y** Z sgn(o) H bai,i

gel, i=1

Observe that b11 =1 and b,(1),; = 0 for all permutations where o(1) =1
and i # 0. Hence

. n . n—1
1Y sgn(o) [ bow,: = (-1 *b11 Y. sgn(@) [] bowyssiva
0€B, i=1 0€G,_1 i=1
= (=1V"* M| = Cip
This finishes the proof. O

10.5 Cramer’s Rule

Adjugate matrix. The matrix of cofactors for an n x n matrix A is the
matrix C whose entry in the i-th row and k-th column is the cofactor C;p.

The adjugate matrix of A is the transpose of the matrix of cofactors of
A,

adj(A)=C'.
Let A be an n x n matrix. Then
adj(A)-A=det(A)I.

PROOF. A straightforward computation and Laplace expansion (Theo-
rem 10.17) yields

[adj(A)-Al;; = i Cip-arj= i arj-Cri
k=1 k=1
=det(ay,...,a;-1,a;,a;11,...,a5)
_ [detA), ifj=1i,
_{Q if j#1,
as claimed. O

Inverse matrix. Let A be a regular n x n matrix. Then

1
Al= adj(A).
deta) I
This formula is quite convenient as it provides an explicit expres-
sion for the inverse of a matrix. However, for numerical computations it
is too expensive. Gauss-Jordan procedure, for example, is much faster.
Nevertheless, it provides a nice rule for very small matrices.

Definition 10.19

Theorem 10.20

Corollary 10.21



SUMMARY

The inverse of a regular 2 x 2 matrix A is given by Corollary 10.22

-1
(011 012) _i_(azz —alz)
a1 a2 |A| \-a21 an

We can use Corollary 10.21 to solve the linear equation
A-x=b
when A is an invertible matrix. We then find

1
x=A"1l.b=—"adj(A)b.
A%

Therefore we find for the i-th component of the solution x,

1 & 1

n
=mk_1C§k~bk Y br-Cy

=

Xj

1
= Wdet(al,...,ai_l,b,aiﬂ,...,an).

So we get the following explicit expression for the solution of a linear
equation.

Cramer’s rule. Let A be an invertible matrix and x a solution of the =~ Theorem 10.23
linear equation A-x =b. Let A; denote the matrix where the i-th column
of A is replaced by b. Then

 det(A))
YT det(A)

— Summary

¢ The determinant is a normed alternating multilinear form.
* The determinant is 0 if and only if it is singular.

¢ The determinant of the product of two matrices is the product of
the determinants of the matrices.

¢ The Leibniz formula gives an explicit expression for the determi-
nant.

¢ The Laplace expansion is a recursive formula for evaluating the
determinant.

¢ The determinant can efficiently computed by a method similar to
Gaul} elimination.

¢ Cramer’s rule allows to compute the inverse of matrices and the
solutions of special linear equations.



EXERCISES

87

— EXxercises

10.1 Compute the following determinants by means of Sarrus’ rule or
by transforming into an upper triangular matrix:

1 2 2 3 4 -3
(3)21) (b)(l 3) © 1o 2)
311 2 1 -4 0 -2 1
@ o 1 0 @ |2 1 4 ®l2 2 1
3 2 1 3 4 -4 4 -3 3
1 2 3 -2 2 00 1 111 1
045 0 010 2 1111
@l 06 3| ®loo 7o D111
000 2 120 1 111 1

10.2 Compute the determinants from Exercise 10.1 by means of Laplace
expansion.

10.3

(a) Estimate the ranks of the matrices from Exercise 10.1.
(b) Which of these matrices are regular?
(¢) Which of these matrices are invertible?

(d) Are the column vectors of these matrices linear independent?

10.4 Let
3 10 3 2x1 0 3 5x3+1 O
A=]0 1 0|, B=|0 2x1 0] and C=|0 5x0+1 O
1 01 1 2x0 1 1 5x1+0 1

Compute by means of the properties of determinants:

(a) det(A) (b) det(5A) (c) det(B) (d) det(A)
(e) det(C) ® det(A™l)  (g) det(A-C) (h) detX)

10.5 Let A be a 3 x 4 matrix. Estimate |A’ -A| and |A-A’|.

10.6 Compute area of the parallelogram and volume of the parallelepiped,
respectively, which are created by the following vectors:

@ () ® (1)

IO -BOE
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10.7 Compute the matrix of cofactors, the adjugate matrix and the in-
verse of the following matrices:

1 2 -2 3 4 -3
@ [, %) o (73 ©5 )
311 2 1 —4 0 -2 1
(d) (0 1 0) (e) (2 1 4) ® (2 2 1)
0 21 3 4 —4 4 -3 3
10.8 Compute the inverse of the following matrices:
a b X1 Y a p
@ (C d) b) (xz yz) © (az ﬂz)

10.9 Solve the linear equation
A-x=b

by means of Cramer’s rule for b = (1,2) and b = (1,2,3), respec-
tively, and the following matrices:

1 2 -2 3 4 -3
@ [, %) o (73 ©5 )
3 11 2 1 -4 0 -2 1
(d) (0 1 0) (e) (2 1 4) ) (2 2 1)
0 21 3 4 -4 4 -3 3
— Problems
10.10 Prove Lemma 10.2 using properties (D1)—(D3).
10.11 Prove Lemma 10.3 using properties (D1)—(D3).

10.12 Prove Lemma 10.4 using properties (D1)—(D3).

10.13 Derive properties (D1) and (D3) from Expression (10.1) in Theo-
rem 10.6.

10.14 Show that an n x n matrix A is singular if det(A) = 0.
Does Lemma 10.3 already imply this result?

HINT: Try an indirect proof and use equation I = det(AA™1).

10.15 Prove Theorem 10.13.

10.16 Show that the determinants of similar square matrices are equal.
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10.17

10.18

10.19

10.20

10.21

Derive formula

a1l a2
a1 Q22

=0a11022 — Q21012

directly from properties (D1)—(D3) and Lemma 10.4.

HINT: Use a method similar to Gauf3 elimination.
Derive Sarrus’ rule (10.2) from Leibniz formula (10.1).

Let A be an n x n upper triangular matrix. Show that
n
det(A) = H ai; .
i=1
HINT: Use Leibniz formula (10.1) and show that there is only one permutation o

with o(i) <i for all i.

Compute the determinants of the elementary row operations from
Problem 7.4.

Modify the algorithm from Problem 7.6 such that it computes the
determinant of a square matrix.
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Eigenspace

We want to estimate the sign of a matrix and compute its square root.

11.1 Eigenvalues and Eigenvectors

Eigenvalues and eigenvectors. Let A be an n x n matrix. Then a non-

zero vector x is called an eigenvector corresponding to eigenvalue 1
if

Ax=1Ax, x#0. (11.1)

Observe that a scalar A is an eigenvalue if and only if (A — AI)x = 0 has
a non-trivial solution, i.e., if (A — AI) is not invertible or, equivalently, if
and only if

det(A—AI)=0.

The Leibniz formula for determinants (or, equivalently, Laplace expan-
sion) implies that this determinant is a polynomial of degree n in A.

Characteristic polynomial. The polynomial
paA(t) = det(A—tI)

is called the characteristic polynomial of A. For this reason the eigen-
values of A are also called its characteristic roots and the correspond-
ing eigenvectors the characteristic vectors of A.

Notice that by the Fundamental Theorem of Algebra a polynomial of
degree n has exactly n roots (in the sense we can factorize the polynomial
into a product of n linear terms), i.e., we can write

n

PA@) =(=1)"(t=A1)--(t—Ap) = (D" [](t=1i).
1=1

90

Definition 11.1

Definition 11.2
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However, some of these roots 1; may be complex numbers.

If an eigenvalue A; appears m times (m = 2) as a linear factor, i.e., if
it is a multiple root of the characteristic polynomial pa(¢), then we say
that 1; has algebraic multiplicity m.

Spectrum. The list of all eigenvalues of a square matrix A is called the
spectrum of A. It is denoted by o(A).

Obviously, the eigenvectors corresponding to eigenvalue A are the
solutions of the homogeneous linear equation (A — AI)x = 0. Therefore,
the set of all eigenvectors with the same eigenvalue A together with the
zero vector is the subspace ker(A — AI).

Eigenspace. Let A be an eigenvalue of the n xn matrix A. The subspace
&1 =ker(A—AI)
is called the eigenspace of A corresponding to eigenvalue A.

Computer programs for computing eigenvectors thus always com-
pute bases of the corresponding eigenspaces. Since bases of a subspace
are not unique, see Section 5.2, their results may differ.

Diagonal matrix. For every n x n diagonal matrix D and every i =
1,...,n we find

Dei = diiei .

That is, each of its diagonal entries d;; is an eigenvalue affording eigen-
vectors e;. Its spectrum is just the set of its diagonal entries. O

11.2 Properties of Eigenvalues
Transpose. A and A’ have the same spectrum.
PROOF. See Problem 11.14.

Matrix power. If x is an eigenvector of A corresponding to eigenvalue
A, then x is also an eigenvector of A* corresponding to eigenvalue A* for
every k € N.

PROOF. See Problem 11.15.

Inverse maitrix. If x is an eigenvector of the regular matrix A corre-
sponding to eigenvalue A, then x is also an eigenvector of A™! corre-
sponding to eigenvalue 171

PROOF. See Problem 11.16.

Definition 11.3

Definition 11.4

Example 11.5

Theorem 11.6

Theorem 11.7

Theorem 11.8
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Eigenvalues and determinant. Let A be an n x n matrix with eigen- Theorem 11.9
values A1,...,A, (counting multiplicity). Then

det(A) =[] A; .
=1

PROOF. A straightforward computation shows that [[?_; A; is the con-
stant term of the characteristic polynomial pa(¢) = (-=1)" [I7_;(¢—4;). On
the other hand, we show that the constant term of pa(t) = det(A —¢I)
equals det(A). Observe that by multilinearity of the determinant we

have
det(...,a; —te;,...)=det(...,a;,...)—tdet(...,e;,...).
As this holds for every columns we find
detA-tD= Y (%1% det((1-6pa; +d1ey, ...,
(81,---0n)E{0, 1}

cs(1=6y)a, +6ne,).

Obviously, the only term that does not depend on ¢ is where 61 =... =
6, =0, 1.e., det(A). This completes the proof. O

There is also a similar remarkable result on the sum of the eigenval-

ues.
The trace of an n x n matrix A is the sum of its diagonal elements, i.e., Definition 11.10
n
tr(A) = Z aj;.
i=1

Eigenvalues and frace. Let A be an n x n matrix with eigenvalues Theorem 11.11
AM,...,An (counting multiplicity). Then

tr(A) =Y A;.
=1

PROOF. See Problem 11.17.

11.3 Diagonalization and Spectral Theorem

In Section 6.4 we have called two matrices A and B similar if there exists
a transformation matrix U such that B=U"1AU.

Similar matrices. The spectra of two similar matrices A and B coincide.  Theorem 11.12

PROOF. See Problem 11.18.
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Now one may ask whether we can find a basis such that the corre-
sponding matrix is as simple as possible. Motivated by Example 11.5 we
even may try to find a basis such that A becomes a diagonal matrix. We
find that this is indeed the case for symmetric matrices.

Spectral theorem for symmetric matrices. Let A be a symmetric n x
n matrix. Then all eigenvalues are real and there exists an orthonormal
basis {uq,...,u,} of R" consisting of eigenvectors of A.

Furthermore, let D be the n x n diagonal matrix with the eigenvalues
of A as its entries and let U = (uq,...,u,) be the orthogonal matrix of
eigenvectors. Then matrices A and D are similar with transformation
matrix U, i.e.,

M 0 ... 0
0 Ay ... 0

UAU=D=| . . T |. (11.2)
0 0 ... An

We call this process the diagonalization of A.

A proof of the first part of Theorem 11.13 is out of the scope of this

manuscript. Thus we only show the following partial result (Lemma 11.14).

For the second part recall that for an orthogonal matrix U we have
U~ ! =U’ by Theorem 8.24. Moreover, observe that

U'AUei = U’Aui = U’/liu,- = AiU’ui = /liei = Dei
foralli=1,...,n.

Let A be a symmetric n x n matrix. If u; and u; are eigenvectors to dis-
tinct eigenvalues A; and A;, respectively, then u; and u; are orthogonal,
ie,uu;=0.

PROOF. By the symmetry of A and eigenvalue equation (11.1) we find
)Liu;uj = (Aui)’uj = (u;A')uj = ug(Auj) = ug(/ljuj) = Aju;uj .
Consequently, if 1; # 1; then u u; =0, as claimed O

Theorem 11.13 immediately implies Theorem 11.9 for the special
case where A is symmetric, see Problem 11.19.

11.4 Quadratic Forms

Up to this section we only have dealt with linear functions. Now we want
to look to more advanced functions, in particular at quadratic functions.

Theorem 11.13

Lemma 11.14
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Quadratic form. Let A be a symmetric n x n matrix. Then the function
ga:R" - R, x— ga(x) =x'Ax
is called a quadratic form.

Observe that we have

n n

qAX) =) ) aijxix;.
i=1j=1
In the second part of this course we need to characterize stationary

points of arbitrary differentiable multivariate functions. We then will
see that the sign of such quadratic forms will play a prominent réle in
our investigations. Hence we introduce the concept of the definiteness of
a quadratic form.

Definiteness. A quadratic form g4 is called
* positive definite, if go(x) > 0 for all x #0;
* positive semidefinite, if gA(x) = 0 for all x;
¢ negative definite, if g5 (x) <0 for all x # 0;
* negative semidefinite, if g (x) <0 for all x;

¢ indefinite in all other cases.

In abuse of language we call A positive (negative) (semi) definite if the
corresponding quadratic form has this property.

Notice that we can reduce the definition of negative definite to that of
positive definite, see Problem 11.21. Thus the treatment of the negative
definite case could be omitted at all.

The quadratic form g4 is negative definite if and only if g_p is positive
definite.

By Theorem 11.13 a symmetric matrix A is similar to a diagonal
matrix D and we find U'AU = D. Thus if ¢ is the coefficient vector of a
vector x with respect to the orthonormal basis of eigenvectors of A, then
we find

n
X = Z c;u; = Ue
i=1

and thus
ga(x) =x'Ax = (Uc)'A(Ue) = c'U'AUc = c¢'De
that is,

n
ga® =Y Aic?.
i=1

Obviously, the definiteness of g o solely depends on the signs of the eigen-
values of A.

Definition 11.15

Definition 11.16

Lemma 11.17
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Definiteness and eigenvalues. Let A be symmetric matrix with eigen-
values A1,...,A,. Then the quadratic form g4 is

* positive definite if and only if all A; > 0;
* positive semidefinite if and only if all 1; = 0;
* negative definite if and only if all 1; < 0;
* negative semidefinite if and only if all A; < O0;

* indefinite if and only if there are positive and negative eigenvalues.

Computing eigenvalues requires to find all roots of a polynomial.
While this is quite simple for a quadratic term, it becomes cumbersome
for cubic and quartic equations and there is no explicit solution for poly-
nomials of degree 5 or higher. Then only numeric methods are available.
Fortunately, there exists an alternative method for determine the defi-
niteness of a matrix, called Sylvester’s criterion, that requires the com-
putation of so called minors.

Leading principle minor. Let A be an n x n matrix. For £ =1,...,n,
the k-th leading principle submatrix is the & x k submatrix formed from
the first £ rows and first £ columns of A. The k-th leading principle
minor is the determinant of this submatrix, i.e.,

a1 ai2 ... Qaig

azi1 4agg2 ... Q2p
Hy = ) .

ar1 Qp2 ... Qg

Sylvester’s criterion. A symmetric n x n matrix A is positive definite if
and only if all its leading principle minors are positive.

It is easy to prove that positive leading principle minors are a neces-
sary condition for the positive definiteness of A, see Problem 11.22. For
the sufficiency of this condition we first show an auxiliary result’.

Let A be a symmetric n x n matrix. If xX’Ax > 0 for all nonzero vectors
X in a k-dimensional subspace 7 of R”, then A has at least & positive
eigenvalues (counting multiplicity).

PROOF. Suppose that m < k eigenvalues are positive but the rest are not.
Let w,,4+1,...,u, be the eigenvectors corresponding to the non-positive
eigenvalues A,,4+1,...,4, <0 and let Let % = span(u,,+1,...,u,). Since
V +% < R"* the formula from Problem 5.11 implies that

dim(¥ Nn%) = dim(¥) + dim(%) — dim(V + %)

>k+(n-m)-n=k-m>0.

1We essentially follow a proof by G. T. Gilbert (1991), Positive definite matrices
and Sylvester’s criterion, The American Mathematical Monthly 98(1): 44-46, DOI:
10.2307/2324036.

Theorem 11.18

Definition 11.19

Theorem 11.20

Lemma 11.21
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Hence 7 and % have non-trivial intersection and there exists a non-zero
vector v € 7 that can be written as

n
V= Z ciu;

i=m+1

and we have

n
vVAv= ) Aic?<0

i=m+1

a contradiction. Thus m = &, as desired. O

PROOF OF THEOREM 11.20. We complete the proof of sufficiency by in-
duction. For n =1, the result is trivial. Assume the sufficiency of positive
leading principle minors of (n—1) x(n—1) matrices. So if A is a symmetric
n x n matrix, its (n — 1)st leading principle submatrix is positive definite.
Then for any non-zero vector v with v, = 0 we find v'Av > 0. As the
subspace of all such vectors has dimension n» —1 Lemma 11.21 implies
that A has at least n — 1 positive eigenvalues (counting multiplicities).
Since det(A) > 0 we conclude by Theorem 11.9 that all n eigenvalues of
A are positive and hence A is positive definite by Theorem 11.18. This
completes the proof. O

By means of Sylvester’s criterion we immediately get the following
characterizations, see Problem 11.23.

Definiteness and leading principle minors. A symmetric n x n ma-
trix A is

* positive definite if and only if all Hy >0 for 1<k <n;
* negative definite if and only if all (~1)*H}, >0 for 1<% <n; and

* indefinite if det(A) # 0 but A is neither positive nor negative defi-
nite.

Unfortunately, for a characterization of positive and negative semidef-
inite matrices the sign of leading principle minors is not sufficient, see
Problem 11.25. We then have to look at the sign of a lot more determi-
nants.

Principle minor. Let A be an n x n matrix. For £ =1,...,n, a k-th prin-
ciple minor is the determinant of the %2 x 2 submatrix formed from the
same set of rows and columns of A, i.e., for 1 <ii<ig<---<ip <n we
obtain the minor

Qiriy Qigig -+ Qigiy
Qigiy  Qigig -+ Qig,iy,

il,...,ik -

M

Qipiy Qipig oo Qi

Theorem 11.22

Definition 11.23
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Notice that there are (Z) many k-th principle minors which gives a total
of 2" — 1. The following criterion we state without a formal proof.

Semidefiniteness and principle minors. A symmetric n x n matrix A
is

* positive semidefinite if and only if all principle minors are non-
negative, i.e., M;, ;, =0foralll<k<nandalll<ii<ig<---<
ip<n.

* negative semidefinite if and only if(—l)kMil,m,ik >0foralll<k<n
andall1<ii<ig<---<ip<n.

* indefinite in all other cases.

11.5 Spectral Decomposition and Functions of
Matrices

We may state the Spectral Theorem 11.13 in a different way. Observe
that Equation (11.2) implies

A=UDU'.

Observe that [U'x]; = u;x and thus U'x=}" ,(u/x)e;. Then a straight-
forward computation yields

(u;x)UA;e;
1

1

n n n
Ax=UDU'x=UD ) (u;x)e; = )_(ux)UDe; =
=1 i=1 =

n n n
=) Liuix)Ue; = ) Ai(uixu; =) A;p;i(x)
i=1 =1

i=1

1

where p; is just the orthogonal projection onto span(u;), see Defini-
tion 9.2. By Theorem 9.4 there exists a projection matrix P; = uiu;,
such that p;(x) = P;x. Therefore we arrive at the following spectral
decomposition,

n
A= Z AP; . (11.3)
i=1
A simple computation gives that A* = UD*U’, see Problem 11.20, or
using Equation (11.3)
k_ N\ gk
A=) ATP;.
i=1
Thus by means of the spectral decomposition we can compute integer
powers of a matrix. Similarly, we find

n
Al=UuD'U=) A'P;.
i=1
Can we compute other functions of a symmetric matrix as well as, e.g.,
its square root?

Theorem 11.24
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Square root. A matrix B is called the square root of a symmetric
matrix A if BZ = A.

Let B= Y7, \/A;P; then B2 = y" (\/;Tifpi =¥ A;P; = A, pro-
vided that all eigenvalues of A are positive.

This motivates to define any function of a matrix in the following
way: Let f: R — R some function. Then

(A1) 0 0
n fA) .. 0 |
fA)=) fA)P;=U ) . . |U.
i-1 : : .. :
0 0 .. fQAn)

— Summary

An eigenvalue and its corresponding eigenvector of an n x n matrix
A satisfy the equation Ax = Ax.

The polynomial det(A — AI) = 0 is called the characteristic polyno-
mial of A and has degree n.

The set of all eigenvectors corresponding to an eigenvalue A forms
a subspace and is called eigenspace.

The product and sum of all eigenvalue equals the determinant and
trace, resp., of the matrix.

Similar matrices have the same spectrum.

Every symmetric matrix is similar to diagonal matrix with its eigen-
values as entries. The transformation matrix is an orthogonal ma-
trix that contains the corresponding eigenvectors.

The definiteness of a quadratic form can be determined by means
of the eigenvalues of the underlying symmetric matrix.

Alternatively, it can be computed by means of principle minors.

Spectral decompositions allows to compute functions of symmetric
matrices.

Definition 11.25



EXERCISES

99

— EXxercises

11.1 Compute eigenvalues and eigenvectors of the following matrices:

3 2 2 3 -1 5
(a)A=(2 6) (b)B:(4 13) (c)C:(5 _1)

11.2 Compute eigenvalues and eigenvectors of the following matrices:

1 -1 0 4 01
(a A=(-1 1 0 (b) B=|-2 1 0

0 0 2 -2 0 1

1 2 2 -3 0 O
© C=|1 2 -1 (d D=0 -5 0

-1 1 4 0 0 -9

3 11 11 4 14
e) E=|0 1 O ® F=14 -1 10

3 21 14 10 8

11.3 Compute eigenvalues and eigenvectors of the following matrices:

1 00 111
(a)Az(O 1 0) (b)B=(O 1 1)

0 01 0 01

11.4 Estimate the definiteness of the matrices from Exercises 11.1a,
11.1c, 11.2a,11.2d, 11.2f and 11.3a.

What can you say about the definiteness of the other matrices from
Exercises 11.1, 11.2 and 11.3?

3 2 1
11.5 Let A= (2 -2 0 ) Give the quadratic form that is generated
1 0 -1

by A.

11.6 Let q(x) = 5x% +6x1x9 —2x1x3 + x% —4x9x3 + x% be a quadratic form.
Give its corresponding matrix A.

11.7 Compute the eigenspace of matrix

1 -1 0
A=|-1 1 0].
0 0 2
11.8 Demonstrate the following properties of eigenvalues (by means of
examples):

(1) Square matrices A and A’ have the same spectrum.
(Do they have the same eigenvectors as well?)
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11.9

11.10

11.11

11.12

11.13

(2) Let A and B be two n x n matrices. Then A-B and B- A have
the same eigenvalues.
(Do they have the same eigenvectors as well?)

(3) Ifxis an eigenvector of A corresponding to eigenvalue A, then
x is also an eigenvector of A* corresponding to eigenvalue A*.

(4) If x is an eigenvector of regular A corresponding to eigen-
value A, then x is also an eigenvector of A~! corresponding to
eigenvalue 171

(5) The determinant of an n x n matrix A is equal to the product
of all its eigenvalues: det(A) =[I_; A;.

(6) The trace of an n xn matrix A (i.e., the sum of its diagonal en-
tries) is equal to the sum of all its eigenvalues: tr(A) = Z?:l Ai.

Compute all leading principle minors of the symmetric matrices
from Exercises 11.1, 11.2 and 11.3 and determine their definite-
ness.

Compute all principle minors of the symmetric matrices from Ex-
ercises 11.1, 11.2 and 11.3 and determine their definiteness.

Compute a symmetric 2 x 2 matrix A with eigenvalues 11 =1 and
Ao = 3 and corresponding eigenvectors vi =(1,1) and vo =(-1,1).

HINT: Use the Spectral Theorem. Recall that one needs an orthonormal basis.
Let A be the matrix in Problem 11.11. Compute VA.

-1

LetA:(3

3
_1). Compute eA.

— Problems

11.14

11.15

11.16

11.17

11.18

Prove Theorem 11.6.

HINT: Compare the characteristic polynomials of A and A’.

Prove Theorem 11.7 by induction on power k.
HINT: Use Definition 11.1.

Prove Theorem 11.8.
HINT: Use Definition 11.1.

Prove Theorem 11.11.

HINT: Use a direct computation similar to the proof of Theorem 11.9 on p. 92.

Prove Theorem 11.12.
Show that the converse is false, i.e., if two matrices have the same
spectrum then they need not be similar.

HINT: Compare the characteristic polynomials of A and B. See Problem 6.8 for
the converse statement.
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11.19

11.20

11.21

11.22

11.23

11.24

11.25

11.26

11.27

Derive Theorem 11.9 for symmetric matrices immediately from
Theorem 11.13.

Let A and B be similar n x n matrices with transformation matrix
U such that A = U"'BU. Show that A* = U™!B*U for every k € N.

HINT: Use induction.

Show that g is negative definite if and only if g _4 is positive def-
inite.

Let A be a symmetric n x n matrix. Show that the positivity of all
leading principle minors is a necessary condition for the positive
definiteness of A.

HINT: Compute y'A,y where Az, be the k-th leading principle submatrix of A
and y € R*. Notice that y can be extended to a vector z € R" where z; = y; if
l<i<kandz;=0fork+1<i<n.

Prove Theorem 11.22.

HINT: Use Sylvester’s criterion and Lemmata 11.17 and 11.21.

Derive a criterion for the positive or negative (semi) definiteness of
a symmetric 2 x 2 matrix in terms of its determinant and trace.

Suppose that all leading principle minors of some matrix A are
non-negative. Show that A need not be positive semidefinite.
HINT: Construct a 2 x 2 matrix where all leading principle minors are 0 and

where the two eigenvalues are 0 and —1, respectively.

Let vi,...,vy € R* and V = (vy,...,v;). Then the Gram matrix of
these vectors is defined as

G=V'V.
Prove the following statements:

(@) [Glij=V.v;.

(b) G is symmetric.

(c) G is positive semidefinite for all X.

(d) G is regular if and only if the vectors x1,...,x; are linearly
independent.

HINT: Use Definition 11.16 for statement (¢). Use Lemma 6.25 for statement (d).

Let vi,...,v, € R” be linearly independent vectors. Let P be the
projection matrix for an orthogonal projection onto span(vy,...,vg).

(a) Compute all eigenvalues of P.

(b) Give bases for each of the eigenspace corresponding to non-
zero eigenvalues.

HINT: Recall that P is idempotent, i.e., P2=P.
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11.28 Let U be an orthogonal matrix. Show that all eigenvalues 1 of U
have absolute value 1, i.e., |1| = 1.

HINT: Use Theorem 8.24.

11.29 Let U be an orthogonal 3 x3 matrix. Show that there exists a vector
x such that either Ux =x or Ux = —x.

HINT: Use the result from Problem 11.28.



Solutions

4.1

4.2

4.3

4.4
4.5

4.6

5.1

6.1

2 -2

8
@ A+B= (10 1 -1

); (b) not possible since the number of columns of

3 6
A does not coincide with the number of rows of B; (c) 3A’ = (—18 3 );

5 -9
& 18 17 2 -19
(d)A-B’:( );(e)B’-A: 4 -24 20 |[; (f) not possible; (g) C-
-3 10
7 -16 9
(-8 -3 . -3
A+C-B=C-(A+B)= (22 0 )(h)C =C-C= ( 3).
4 2
o gomals )

x’x=21,xx’=(— ) xXy=-1,yx=-1,

-8 16

-3 -1 0 -12
xy' =| 6 2 0f,yx'= —1 2 -4 .
-12 -4 0 0 O 0

B must be a 2 x4 matrix. A-B-C is then a 3 x 3 matrix.

@X=(A+B-C)L, 0X=A"1C; () X=A"1BA; (d) X=CB1Al=
CAB) L.

100 —% 1 0 -2 —%
010 -2 o I o -I
@A1l= i B t=| 0 2 ;8
001 -2 00 % 0
000 % 00 0 I

|
I

11 1 1 1 2
Ul=f0o -1 -2[,U,=|0 -1 )
o o 1§ 0 0 2

010

(a) ker(¢p) = span({1}); (b) Im(¢p) = span({1,x}); (c) D = (0 0 2);

0 00
1 1 1 1 1 2
(d)U;lz(o -1 -2),U;=(0 -1 —4);
0o 0 3 0 0 2

0o -1 -1
(e) Dy = UgDUzl =|0 0 -1].
0 O 0

103
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7.1

9.1

9.2

9.3
10.1
10.2
10.3

10.4

10.5
10.6
10.7

10.8

10.9

1 0 -1
Row reduced echelon form R = (0 1 2 ) Im(A) =span{(1,4,7),(2,5,8)'},
0 0 O

ker(A) = span{(1,-2,1)'}, rank(A) = 2.

(a) v1 =(1,0,0), v =(0,1,0)', v3 =(0,0,1)’;
(b) vi = -(1,2,3), v = L5(3,6,-5), va = (2,-1,0)".

000 1 2 -3
(a)(O,—3,0)’,P:(O 1 0);(b)—§(1,2,—3)’,P=1—14(2 4 —6);
000 -3 -6 9
52 -30 6
() 135(436,-160,508), P = 4 (—30 20 10).
6 10 68

(a) (=7/6,1/2); (b) (=7,3).
(a) =3; (b) =9; (c) 8; (d) 0; (e) —40; (f) —10; (g) 48; (h) —49; (i) 0.
See Exercise 10.1.

All matrices except those in Exercise 10.1(d) and (i) are regular and thus
invertible and have linear independent column vectors.

Ranks of the matrices: (a)-(d) rank 2; (e)-(f) rank 3; (g)—(h) rank 4;
(i) rank 1.

(a) det(A) = 3; (b) det(5A) = 5% det(A) = 375; (c) det(B) = 2 det(A) = 6;
(d) det(A") = det(A) = 3; (e) det(C) = det(A) = 3; () det(A™) = 3y = 3
(g) det(A-C) = det(A)-det(C)=3-3 =9; (h) det(I) = 1.

|A’-A| =0; |A-A’| depends on matrix A.
(a) 9; (b) 9; (c) 40; (e) 40.
-1_ 1 s/
A= mA .
« (1 -2 o (1 -2 _
@a =1, T)ar-(l, T)a--s
s (3 <1} aer (3 -3) a
oa=(% =% T)oa--e
* _ 2 O *1 _ 2 3 — Q.
©a =[5 glav=[5 i) a-s
1 0 O 1 1 -1
@dA*=[1 3 -6[],A*=|0 3 01, Al=3;
-1 0 3 0 -6 3
-20 -12 8
@A'=|20 4 -16], A= —-40;
5 -5 0
9 3 -4
HAY=| -2 -4 2 |,]A]=-10.
-14 -8 4
_ d -b - Y2 —n
1__1 ) 1__ 1 )
@A = ad-bc (_C a )’ (b)A™" = X1y2—X2)1 (—xz X1 )’
2
“1__ 1 B~ =B
(@A™ = ap?-a®p (—a2 a )
(a) x =(1,0); (b) x =(1/3,5/9)'; (¢c) x = (1,1); (d) x =(0,2,-1); (e) x =

(1/2,1/2,1/8)'; (f) x = (-3/10,2/5,9/5) .
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111

11.2

11.3

114

115

11.6

11.7

11.8
11.9

@A1=7v1= (;), Ao =2, vo = (_12); (b) A1 =14, vy = (i), Ao =1, vo =

-3 1 1
( 1 ); (e)A1=-6,v1 = (_1); Ao =4,vo = (1)

1 0 -1
(a) /11=O,X1=(1);/12=2,X (0),13—2 X3 = ( 1 )

0 1 0

0 -1
(b)/11=1,xl=(1),/12—2 Xz—( ),/132 32( )

0

2 1
@M=1x1=(-1];19=3, 0l;
1

1

1 0 0
(d)A1=—3,X1—(0),12=—5 X9 = 1);/132—9,X3=(0).

0 0 1

1
(e)A1=0,x1= O

2 -1
HDA1=0,x1= 2 ;Ao =27,x0=|1]; A3=-9,x3=[—-2]{.
1 2 2

1 0 0
@A1=1=2A3=1, x1 = (0),X2=(1),X3= (0); b)) A1=A=23=1,

0 0 1
1
X1 = 0f.
0

11.1a: positive definite, 11.1c: indefinite, 11.2a: positive semidefinite,
11.2d: negative definite, 11.2f: indefinite, 11.3a: positive definite.
The other matrices are not symmetric. So our criteria cannot be applied.

gA(X) = Sx% +4x1209 + 2x1%3 — 2x§ —x%.

5 3 -1
A=1]3 1 -2
-1 -2 1

1
Eigenspace corresponding to eigenvalue 1; = 0: span{ (1) };
0

0\ (-1
Eigenspace corresponding to eigenvalues 12 = 13 = 2: span{ (0) , ( 1 ) }
1 0

Give examples.

11.1a: H1 =3, Hg = 14, positive definite; 11.1c: H; = -1, He = —24, indef-
inite; 11.2a: Hy; =1, Hy =0, H3 = 0, cannot be applied; 11.2d: H; = -3,
Hy =15, Hy = —135, negative definite; 11.2f: Hy =11, Hy =-27, H3 =0,
cannot be applied; 11.3a: Hy =1, He =1, H3 =1, positive definite.

All other matrices are not symmetric.
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11.10 11.1a: My =3, My =6, M1 = 14, positive definite; 11.1c: M1 =-1, My =
-1, M1 2 = —24, indefinite; 11.2a: M; =1, Ma =1, M3 =2, M12 =0,
Mi3=2,M33=2, M123 =0, positive semidefinite. 11.2d: M1 = -3, Mz =
=5, M3 =-9, M19 =15, M13 =27, M3 =45, M123 = —135, negative
definite. 11.2f: Ml = 11, Mz = —1, M3 = 8, Ml,Z = —27, M1’3 = —108,
M2y3 = —108, M1’2’3 = 0, indefinite.

11.11
2 -1
A- (_1 ; )
11.12
1+v/3 1-V3
— 2 2
VA= (1—\/5 1+\/§)'
2 2

11.13 Matrix A has eigenvalues 11 = 2 and A9 = —4 with corresponding eigen-
vectors vi =(1,1) and vo =(-1,1)". Then

A e2t+e? e2—et
— 2 2
(4 2 o4 204 |-
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Entries in italics indicate lemmata and theorems.

adjugate matrix, 85

affine subspace, 53

algebraic multiplicity, 91
assumption, 8

augmented coefficient matrix, 54
axiom, 10

back substitution, 54
base step, 14

basis, 33

block matrix, 25

canonical basis, 37
Cauchy-Schwarz inequality, 59
characteristic polynomial, 90
characteristic roots, 90
characteristic vectors, 90
closed, 30

coefficient matrix, 52
coefficient vector, 37
coefficients, 37

cofactor, 84

column vector, 21

conclusion, 8

conjecture, 10

conjunction, 8

contradiction, 9
contrapositive, 12

corollary, 10
counterexample, 15
Cramer’s rule, 86

Decomposition of a vector, 72
Definiteness and eigenvalues, 95
Definiteness and leading princi-

ple minors, 96
definition, 10

107

design matrix, 75
determinant, 79
diagonal matrix, 22
diagonalization, 93
differential operator, 42
dimension, 36
Dimension theorem for linear maps,
44
direct sum, 71
disjunction, 8
dot product, 58

eigenspace, 91

eigenvalue, 90

Eigenvalues and determinant, 92
Eigenvalues and trace, 92
eigenvector, 90

elementary row operations, 53
equivalence, 8

Euclidean distance, 61
Euclidean norm, 59

even number, 3

exclusive-or, 9

Existence and uniqueness, 81
existential quantifier, 8

finitely generated, 33

full rank, 48

Fundamental properties of inner
products, 58

Fundamental properties of met-
rics, 61

Fundamental properties of norms,
60

generating set, 33
Gram matrix, 101
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Gram-Schmidt orthonormalization,
70

Gram-Schmidt process, 70

group, 80

homogeneous, 52
hypothesis, 8

idempotent, 70

identity matrix, 22
image, 43

implication, 8
indefinite, 94

induction hypothesis, 14
induction step, 14
inhomogeneous, 52
inner product, 58, 59
inner product space, 59
Inverse matrix, 83, 85, 91
inverse matrix, 24
invertible, 24, 44
isometry, 63

isomorphic, 38

kernel, 43
Kronecker delta, 22

Laplace expansion, 84

Laplace expansion, 84

leading principle minor, 95

least square principle, 75

Leibniz formula for determinant,
81

lemma, 10

linear combination, 32

linear map, 42

linear span, 32

linearly dependent, 33

linearly independent, 33

matrix, 21

matrix addition, 23
matrix multiplication, 23
Matrix power, 91

matrix product, 23
metric, 61

metric vector space, 61
Minkowski inequality, 60

minor, 84
model parameters, 75

necessary, 11

negation, 8

negative definite, 94
negative semidefinite, 94
norm, 60

normal, 62

normalized, 61

normed vector space, 60
nullity, 47

nullspace, 43

one-to-one, 44

onto, 44

operator, 42

orthogonal, 62

orthogonal complement, 72
Orthogonal decomposition, 69, 72
orthogonal decomposition, 69
orthogonal matrix, 63
orthogonal projection, 69, 72
orthonormal basis, 63
orthonormal system, 63

partitioned matrix, 25

permutation, 80

perpendicular, 62

pivot, 53

pivotal, 53

positive definite, 94

positive semidefinite, 94

principle minor, 96

Principle of mathematical induc-
tion, 13

probability vector, 29

Product, 82

Projection into subspace, 73

Projection matrix, 70

proof, 10

proof by contradiction, 12

proposition, 10

Pythagorean theorem, 62

quadratic form, 94

range, 43
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rank, 46 Triangle inequality, 14
Rank of a matrix, 83 triangle inequality, 66
Rank-nullity theorem, 47 Triangular matrix, 84
reductio ad absurdum, 12 trivial, 15

regular, 48

universal quantifier, 8
upper triangular matrix, 22

residuals, 75
row echelon form, 53
row rank, 47

tor, 21
row reduced echelon form, 53 vector,
vector space, 30, 31
row vector, 21 Volume. 83
Rules for matrix addition and mul- ’
tiplication, 23 zero matrix, 22

Sarrus’ rule, 83

scalar multiplication, 23

scalar product, 58

Semidefiniteness and principle mi-
nors, 97

similar, 48

Similar matrices, 92

singular, 24

Singular matrix, 82

spectral decomposition, 97

Spectral theorem for symmetric
matrices, 93

spectrum, 91

square matrix, 22

square root, 98

statement, 7

Steinitz exchange theorem (Aus-
tauschsatz), 35

stochastic matrix, 29

stochastic vector, 29

subspace, 31

sufficient, 11

sum, 23

sum of subspaces, 41

Sylvester’s criterion, 95

symmetric, 24

tautology, 9

theorem, 10

trace, 92

transformation matrix, 38
Transpose, 81, 91
transpose, 24
transposition, 80
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