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FOREWORD

These notes are a work in progress. They are still plenty of typos (and hopefully few
mistakes). If you see some, please let me know by email and I will correct them.

Things might be presented in a slightly different way than what was done in class, or
in a different order.

[ To go further L

In these notes, you will see a few black boxes like this one. These are meant for
the interested reader that wants to know more and can be skipped without harm.
They are not necessarily be meant to be read in a first reading, but are here to
provide more details if you come back to read these notes in the future.

Content written inside these “To go further” boxes will NOT be in the exam.
There are also 5 to go further sections, one for each chapter, at the end of the
notes, after the index.

,[ Theorem 0.1. ]

Blue bozxes are for theorems.

Definition 0.2.

Green boxes are for definitions.

Standing assumption

Yellow boxes are for standing assumptions for chapters.

Remark 0.3. ]

Red boxes are for remarks.

Some passages are designed to forewarn the readers against serious errors, where
they risk falling; these passages are indicated in the margin with the “dangerous
bend” sign.

I am indebted to Hang Chen for his careful proofreading of this manuscript. Pietro
Sgobba, Luca Demangos, Yanlin He, Yifan Chen, Gaoming Zhang, Yu Lu, Ziheng Yu,
Jiahe Hai, Lyutong Lu, Qinfan Song and Haopeng Yang also contributed to significantly
reduce the number of typos. These notes would not have been the same without their
comments. The above list is likely not exhaustive and I apologise to those I have omitted.
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SYMBOLS

natural integers including 0: N ={0,1,2,... }
relative integers: Z = {...,—2,—1,0,1,2,... }
rational numbers: Q = {% ’p, q€Z,q+ 0}

real numbers

complex numbers: C = {a + bi|a,b € R,i%? = —1}
field (for example: Q, R or C)

HOQOT O NZ

Table 1.: Important sets.

,[ Remark 0.4. ]

In these notes, we will use the boldface symbol N for denoting the set of natural
integers. Since it is not really convenient to write N on a blackboard, we will
simply write N during the lectures. A similarly, we will write Z, Q, R, C, and F
on the blackboard.

,.[ Remark 0.5. ]

Deciding if 0 belongs or not to N is simply a matter of convention. Since the
dimension of a finite dimensional vector space can be any number in {0,1,2,... }
it will be convenient for us to use the convention 0 € N.

a,A alpha v,N nu
B8,B beta 5 xi

v, "  gamma 0,0 omicron
0,A delta w, Il pi

e, epsilon p, P rho
(,Z zeta 0,2 sigma

n,H eta 7, T tau
0,0 theta v,T  upsilon
t,I iota p,® phi

k, K kappa X, X chi

A, A lambda Y, ¥ psi

w, M mu w, {2 omega

Table 2.: Greek letters. Except for X' and II (to denote respectively sums and products),
we will not use the capital greek letters, only their lower case versions.

vi
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Chapter 1. Reminders about sets and functions

In this chapter we will see a few reminders about sets and functions (also called maps).
Most of these notions should be already familiar to you, at least naively, but maybe not
in a formal way.

1.1. Sets

Set theory is one of the cornerstones of modern mathematics, and algebraic objects are
often defined as “sets with some extra-structure on them”. Modern set theory is an
axiomatic theory that might seem impressive at first sight, and which is indeed complex.
Hopefully for us, we will not need the full strength of set theory and a naive set theory
will be enough for our project to understand vector spaces.

Let us fix a few notations as well as some important concepts. Heuristically, a set is a
collection of object. We write x € X to say that x is an element of the set X, or that =
is in (belongs to) X. By definition, two sets X and Y are equal if and only if they
have the same elements. In formula:

(X=Y) < [Vz:zeX < zeY].

We use the notation {x} to describe the set consisting of exactly the element z, and more
generally {z,...,x,} for the set containing the elements z; to z,,.

One important point to remember, is that sets are unordered collections and cannot
contain multiple copies of the same elements. So {1,2} = {2,1} and if we add 1 to the
set {1,2}, we still have {1, 2}.

Sets can contain any mathematical object, not only numbers. For example, {f: z > 2z,
m,1,y, N} (where f is a function from R to R) is a perfectly well-defined set. Sets can
even contains other sets! For example, {1,{a,b,c}} has two elements: 1 and the set
{a,b,c} (which itself has 3 elements).

There exists a specific set with no-elements: the empty set

g={}

Remark 1.1.1. ]

The notation z := y means that we are defining the left-hand side has being equal
to the right hand side. In particular, the symbol := can only be used if it’s left-hand
side was not already defined.

Definition 1.1.2.

If a set X is finite, we define its cardinality #X = |X| to be its number of
elements.

The empty set is the only set with 0 elements.
If we are given two sets, we can compare them. We say that X is a subset of YV if
every element of X also belongs to Y:

(XCY) < (Ve:zeX = z€Y).
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One easily shows that for any three sets X, Y and Z one have

1. XCX; (reflexivity)
2. X =Y if and only if both X CY and Y C X; (antisymmetry)
3. If both X CYandY C Z, then X C Z. (transitivity)

So C is what we call an order relation. The empty set has the particularity to be
contained in every set: @ C X for any set X. In other words, & is the smallest element
for the relation C.

[ To go further L

In view of the above, it is natural to ask: does there exist a set V' containing all
sets? Equivalently, does there exists a biggest elements for the relation C? A first
guess would be to define V' has the “collection” of all sets.® Sadly, this does not
work as V' is too big to be a set. The proof of this is done by contradiction, but
needs a bit more of formal set theory to be carried out.

“V is called a von Neumann universe, which is named after John von Neumann (1903-1957).

Not only can we compare sets, we can also make operations on them. Given two sets
X and Y, we can construct their intersection X NY which is the set containing exactly
the elements that are both in X and in Y:

(xeXNY) < (zeXandzeY).

We can also construct the union X UY which is the set containing all elements of X
and all elements of Y

(xeXUY) < (z€eXorzeY).
Union and intersection are conveniently represented by Venn diagrams.! See Figure 1.1.

XxXny XUY

Figure 1.1.: Intersection and union of two sets. The white parts in the diagram contains
no elements.

'Named after John Venn (1834-1923).
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Example 1.1.3. Let X = {0,2,4,6,...} be the set of even integers and let ¥ =
{0,3,6,9, ... } be the set of non-negative multiple of 3. Then X NY = {0,6,12, ... } is the
set of non-negative multiple of 6, while X UY = {0,2,3,4,6,8,9,10,12,14, ... }.

Exercise 1.1.4. Let X = {1,z, f} and let Y = {=, {1}, 1,2}. Write down the elements
of XUY and of X NY.

Remark 1.1.5. |
For any sets X and Y we always have XNY C X C X UY.

It is also possible to define union and intersection of more than two sets. For example,
if X, Y and Z are three sets one have

(zeXNYNZ) < (reXandzeY andz € Z),
(zreXUYUZ) < (zeXorzeYorzelZ).

One easily verify that XNY NZ =(XNY)NZ = XN (Y NZ) and similarly for the
union. This process easily generalise to any finite collection of sets. We can even take
infinite intersections and unions. Let I be a set (called the index set) and for each a € T
let X, be a set. Then one can define (| X and|] = X, by

ael ael

<x€ ﬂXa) = (forallael:zeX,),

acl
(x € U Xa> < (thereexists a € I : x € X_).

acl
Example 1.1.6. For an integer j € N, let X; = {27,37}. Then UJ,GN X;=11,2,3,4,8,
9,16,27,32,64,81, ... } while []. N X;= {1}.

VIS

It is useful to be able to construct new sets from old ones. An easy way to do this, is
to start with two sets X and Y and construct the new set {X,Y} whose elements are
exactly X and Y. One can of course do a similar construction for any finite numbers of
sets. That is start with X, .., X}, to construct {X,..., X, }.

Another powerful way to construct a new set is to start with a set X and with a
“property” ¢(x), that can be true or false, of its elements and to look at the subset of X
containing all elements x such that ¢(z) is true. This new set is denoted by {z € X |
e(z)}.

(ye{reX|px)}) < (ye€ X and ¢(y) is true).

For example,
{jeEN|JaeN:a?=;}=1{0,1,4,9,16,25,...}

is the set of squares of non-negative integers.

Another useful way to produce new sets is the product operation. Before introducing
it, we need a new notation: (x,y) represents an ordered pair. The most important
property of ordered pairs is that

((z,y) = (a,b)) <= (x=aand y =0b).
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So (z,y) # (y,x), unless x = y. For an ordered pair (z,y), we call z the first coordinate
and y the second coordinate.

Definition 1.1.7.

Let X and Y be two sets. Their product (also called Cartesian product?) is
the set
XxY:={(z,y) |z e X,yeY}

Products are often represented by 2D diagram as the one below:

(a,9) (b:y) (c:y)

(a,x) (b,.x) (c,x)

Figure 1.2.: A graphic representation of the product {a,b,c} x {z,y}.

Ordered pairs can naturally be generalised to ordered triples (z,y, z) or ordered k-uple
(1, %y, ..., xy) for any positive integer k. One can use this to define the product of k
sets X; X -+ x X, in a natural way. It is also possible (but the details are a bit more
technical and tricky) to define countable ordered tuples (zg,z;, 5 ...) and countable
products HjeN X; =Xy x X; x X5 X . General products can also be defined, but this

is more complicated and require functions. See the To go further box on page 15.

[ To go further L

Other operations on the sets X and Y are possible: X minus Y: X\Y = {z € X|
x ¢Y}), Y\ X and the symmetric difference X AY := (X\Y)U (Y \ X).

X\Y Y\ X XAY

By looking at the Venn’s diagram of X and Y, we see that we have 23 = 8
possibilities for the result of an operation on X and Y — see the picture on the
first page of this chapter for an illustration. These 8 possibilities are realised by
g, X\Y, X, XNY, Y\X, XAY,Y,and XUY. So our list of operations on

two sets is exhaustive.

2Named in honour of René Descartes (1596-1650).
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1.2. Functions

Now that we have a rough idea of what is a set, it is time to understand what is a
function between two sets.

Definition 1.2.1.

Let X and Y be two sets. A function, or map, f from X to Y is a procedure
that attribute to every element z € X a unique element f(z) € Y. The set X is
the domain of f and Y is its codomain.

The subset

Im(f) = f(X) = {f(z) |z € X}
={yeY|TzeX: f(x)=y}CY

is called the image (or rangeof f.

To denote a function f, we often use one of the following notations

FiX—oY or x Ly

To save vertical space, one also write f: X — Y,z — f(x) for the above function.
We can also represent a function f by a picture. See Figure 1.3 for an example with
X =1{1,2,3,4} and Y = {a, b, c}.

f

X—Y

—

—

Figure 1.3.: The function f: {1,2,3,4} — {a,b,c} defined by f(1) = f(2) = a and
f(3) = f(4) =b. No element of {1,2,3,4} is sent onto c.

Remark 1.2.2. ]

A function f: X — Y is defined by 3 things: its domain X, its codomain Y and
by what it does on elements of X. That is, two functions f and g are equals if
they have the same domain X, the same codomain Y and if for all x € X one have

f(@) = g(x).
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Example 1.2.3. The functions

fi:R—= R,z 22, f2:R>0—>R,x|—>a:2,
f3:R—>R>0,m|—>m2, and f4:R>0—>R>0,mI—>x2

are not equal, despite being defined by the “same rule”. Indeed they do not have the same
domain and/or the same codomain. This is very important and has real consequences.
Indeed, f, is bijective, f5 is surjective but not injective, f5 is injective but not surjective
and f; is neither injective nor surjective. See Definitions 1.2.14 to 1.2.16 for formal
definitions of injectivity, surjectivity and bijectivity.

As we have seen, sets cannot contain multiple copies of the same element. If we want
to allow for repetition, we need to use families, or lists, which we can describe using
functions.

Definition 1.2.4.

Let X be a set. A family of elements (z,),c; of X is a function a - z,, from a
set I (called the index set) to X. If I = {1,...,k} then this is simply the ordered
list (zq,...,2L).

Observe that in a family (z,)4cr, the x,, are not necessarily distinct. Whenever the
z,, are pairwise distinct, we sometimes identify (z,),c; and the set {z,},cr € X. We
will often make the slight abuse of notation and say that x is an element of the family
(Zo)acr to mean that there exists an index a € I such that z = z,,.

Later, when talking about bases in Subsection 2.4.3, we will need to do some operations
on families, as taking subfamilies, removing or adding elements. These operations are
quite intuitive, but see the below box for a formal definition.

[ To go further L

Let & = (x,)q4cs be a family of element of X, that is, a function f: I — X. A
subfamily is the restriction of f to a subset J C I. For example, (z;,z3) is a
subfamily of (z,,zq, z3).

For a € I, the family & \ {z,} is the subfamily given by J = I \ {a}.

If v is an element of X, then the family {x}UZ is the function g: TU{¢} — X where
o ¢ I, g(o) =z, and g(a) = f(a) for all « € I. For example, {z} U (2, Z9,z3) =

(x,2q, Ty, T3).

If X CY, then we have a special function called the inclusion defined by

1: X —Y

x> u(x) == x.

Since the empty set is a subset of every set X, we always have a function ¢: @ < X.
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If f: Y = Z is a function and X C Y is a subset of Y, then f is also defined on X.
We can therefore define the restriction of f to X as the function

f|X: X —=7Z
2 f], (@) = F(@)

The only difference between f: Y — Z and f|X: X — Z is that they do not have the
same domain.

Example 1.2.5. The function f: Z — R,n — 2n is the multiplication by 2 on relative
integers. So f(13) = 26. Observe that the domain of f is Z. In particular, f(0.5) and
f(m) are not defined!

The function g: Ry, — R, 2z is also the multiplication by 2 (same “rule” as f) but
is this time defined on all non-negative real numbers. So g(r) is well-defined, but not
9(=2).

If we define h: R — R,z - 2z then we have f = h|, as wellas g = h[, .
>0

Remark 1.2.6. ]

In general a function does not need to be described by a nice rule as in the above
examples and can be an arbitrary assignment.

Definition 1.2.7.

! g
Given two functions X — Y and Y — Z we can define their composition go f
as the function

gof: X — 7

z = (g0 f)(z) = g(f(x)).
We can summarise this by saying that the following diagram commutes

xtyy_ 9,7

gof

Example 1.2.8. Let f: R >R,z z+3 and g: R — R,z — 2z be two real valued

functions. Then (f o g)(x) = f(g9(x)) = f(2x) = 2z + 3 while (go f)(z) = g(f(z)) =
g(x+3)=2(z+3)=2x+6.

Restriction of a function can also be described in term of composition of function. See
the following commutative diagram.
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In other words, we have f| %= f ot where t: X & Y is the inclusion function.

| Remark 1.2.9. |

Commutative diagrams are important tools of algebra. They allow us to easily
visualise equalities between functions.

A diagram is a directed graph of sets and functions between them. A diagram is
said to be commutative if for any two sets X and Y, any two directed paths p
and ¢q from X to Y are equal: p = ¢q. For example, in the above diagram there
are two paths fo¢ and f| x from X to Z. For any other two choices of sets D, E
in {X,Y, Z} there is at most one path from D to E. So this specific diagram is
commutative if and only if for = f| X

J

Observe that g o f is defined only if the codomain of f is equal to the domain of g. In
practice, if the codomain Y’ of f is contained in the domain Y of g we will sometimes
make a slight abuse of notation and write g o f for g|Y, of =gotof:

g|yl
/ o / . g
g‘y/"f gotof

,_[ Remark 1.2.10. ]

Be careful about the order: (go f)(z) = g(f(z)) means we first apply f to = and
then we apply g to f(x).

This is especially important as the composition of functions is not commutative.
Firstly, the fact that g o f is well defined does not imply that f o g is. Secondly,
even if both go f and f o g are well-defined they do not need to have the same
domains and codomain. Finally, even when go f and f o g are well-defined and
share the same domain and codomain they do not need to commute. See the below
examples

J

Example 1.2.11. Let f: R?> — R, (z,y) — « be the projection onto the first coordinate
and let g: R — R, 2 = 2z be the multiplication by 2. Then go f: R? — R, (z,y) - 2z,
while f o g is not defined.

Now, let f be as above and let h: R — R2,z  (z,) be the diagonal embedding.
Then ho f: R?2 = R2,(z,y) = (z,z) while foh: R — R,z = 2.

Finally, let g be the multiplication by 2 as above and let k: R — R,z +— = + 1. Then
both gok and ko g are functions from R to itself. However, (gok)(z) =2(z+1) = 22+ 2
while (ko g)(z) = 2z + 1.

The composition of function is associative: (hog)o f is defined if and only if ho (go f) is
defined, in which case they are equal. Indeed, both ((hog)o f)(z) and (ho(go f))(z) are
equal to (h(g(f(z)))). When (hog)o f (equivalently ho(go f)) is defined, we simply write
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hogo f for it. Associativity of composition of functions is equivalent to the commutativity
of the following diagram:

ho(ge f)
m
X, L 5x, —2 5x,—"5x,

(heg)of

Definition 1.2.12.

For any set X we have a special function, the identity function Idyx: X — X
that does nothing: Id x(z) = z for every z € X.

The identities functions are identities for the composition of functions as demonstrated
in the following lemma.

Lemma 1.2.13. For every function f: X —Y we have foldy = f =1dy of.

Proof. Let = be any element in X. Then (f o Idx)(z) = f(Idx(z)) = f(z) while
(Idy of)(z) = Idy (f(z)) = f(x). O

Lemma 1.2.13 is equivalent to say the following two diagrams are commutative:

X — X —Y and X —Y —

We can even summarise the two equalities foldy = f =Idy of in a single commutative
diagram:

The following are important properties that a function can possess or not. These
notions might already be familiar to you, but it is important to understand correctly the
formal definitions.

Definition 1.2.14.

Let f: X — Y be a function. It is injective (or one-to-one) if for every z; # x4
in X we have f(z,) # f(zy). This is equivalent to say that if f(xz;) = f(z5) then
1 = To. Equivalently, for every y € Y, there exists at most one z € X such that
f(z) = y. We usually use the notation f: X < Y for injective functions.

10
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Definition 1.2.15.

A function f: X — Y is surjective (or onto) if for every y € Y there exists at
least one x € X with f(z) = y. Such an z is called a preimage of y. We usually
use the notation f: X —» Y for surjective functions.

Definition 1.2.16.

A function f: X — Y is bijective if it is both injective and surjective. This is
equivalent to say that for every y € Y there exists a unique x € X such that
f(z) = y. To denote a bijective function, we naturally use the notation f: X <» Y.
We write X ~ Y to say that there exists a bijection between X and Y, without
having to specify the function.

An injective function is sometimes called an embedding. If X is a subset of Y, then
the inclusion function ¢: X < Y is injective.
Injectivity and surjectivity are preserved by composition. More precisely, we have

Proposition 1.2.17. Let X,Y,Z be sets and suppose that f: X - Y and g: Y — Z
are functions.

1. If f and g are both injective then go f is injective;
2. If go f is injective then f is injective (but g might not be);
8. If f and g are both surjective then g o f is surjective;
4. If go f is surjective then g is surjective (but f might not be);
Proof. The proof is left to the reader. See Tutorial 1, Question 2. O

It is how

Definition 1.2.18.

A function f: X — Y is invertible if there exists a function g: ¥ — X such that
ge f=1Idyx and fog=1Idy. Such a function g is called an inverse and is written

.

Remark 1.2.19. ]

For g to be an inverse of g both equalities g o f = Idy and f o g = Idy need to be
satisfied.

Example 1.2.20. Let f: R? - R, (z,y) — z and h: R — R2, 2~ (z,z) be the maps
from Remark 1.2.10. Then foh =Idg but heo f # Idg2. So h is not the inverse of f.

Inverses satisfies the following useful properties.

Lemma 1.2.21. If f: X — Y is invertible, then

11



Chapter 1. Reminders about sets and functions

1. f has a unique inverse;

2 (F =1

. If f: X =Y and g: Y — Z are two invertible functions, then go f: X — Z is
invertible with inverse (go f) ' = flog™l: Z = X.

Proof. Suppose that g,h: Y — X are two inverses for f. Then go f o h is a well defined
function from Y to Y and we have

g:goIdX:gofoh:IdYOh:h.

The second statement directly follows from the definition.
The last statement is a straightforward verification: (go f)o(f tog™!) = goldyog™t =
gog ! =1d, and similarly (f1og ) o(gof) =1Idy. O

Whenever there exists an invertible function f: X — Y we consider them similar as
sets, as any “set property” that is true for X is also true for Y and vice-versa. For
example, {1} and {2} are not equal (they do not have the same elements), but they
behave similarly for any set property (they both have exactly one element, if Z is a set
then there exists an injection Z < X if and only if there exists an injection Z < Y',...).

In view of the above, invertible functions are fundamental and it is important to
understand them. Luckily, it turns out that they are nothing more than bijections.

Theorem 1.2.22. ]
A function f: X =Y is a bijection if and only if is invertible. ]

Proof. “=” By bijectivity of f, one can define a function g: ¥ — X by
g(y) := the unique z such that f(z) =

This directly implies (feg)(y) =y forally € Y and (go f)(x) =z for all z € X, so g is
the inverse for f.

“«<" Let y be any element of Y. Then f~1(y) belongs to X and f((f~!(y)) = y, proving
surjectivity of f. Now, let z; and x5 be two elements of X such that f (z1) = f(zy). By
applying f~! on both sides we obtain z; = (f~1 o f)(z1) = (f ! o f)(x4) = x4, proving
injectivity of f. O

Injectivity alone (or surjectivity alone) is not enough to be invertible. However, injective
(respectively surjective) functions are “half-invertible” in the sense that they admit a
right (respectively left) inverse:

Proposition 1.2.23. Let X and Y be sets and let f: X = Y be a function.
1. If f is injective, there exists a surjective function g: Y — X such that go f = Idy;

2. If f is surjective, there exists an injective function g: Y — X such that fog = I1dy .

12



Chapter 1. Reminders about sets and functions

Proof. The proof is left to the reader. See Tutorial 1, Question 5. O
For finite sets, we have a useful characterisation of bijectivity.

Lemma 1.2.24. Let X and Y be two finite sets with the same cardinality #X = #Y,
and let f: X =Y be any function. The following are equivalent:

1. f is bijective;
II. f is injective;
11 f is surjective.

Proof. By definition f is bijective if and only if it is both injective and surjective. So all
we have to do is to show the equivalence of II and III.

Let f: X — Y be any function between any sets. For any y € Y, define S(y) := {z € X|
f(z) = y}, the preimage of y (S(y) is empty if y is not in the image of f). We have
Uer S(y) = X, because every element of X is mapped to some element of y. Moreover,
since f is a function, S(y) N S(y’') = @ if y # y’ (every element has a unique image). So
the union is a disjoint union: |_|er S(y) = X Let N(y) = #S(y), so N(y) is the number
of elements in X that are mapped to y. By the above, Zer N(y) = #X.

Surjectivity of f is equivalent to N(y) > 1 for all y € Y, while injectivity is equivalent
to N(y) < 1 for all y € Y and bijectivity of f is equivalent to N(y) =1forally € Y.

If #X = #Y, then Zer N(y) =#Y. So N(y) > 1 for all y € Y if and only if they

are all 1, if and only if N(y) < 1forally €Y. O

Remark 1.2.25. |

Lemma 1.2.24 does not hold for infinite sets. For example, the function s: k — k+1
from N to itself is injective but not surjective. The function p: N — N defined by
p(0) =0 and p(k) = k— 1 if k > 1 is surjective but not injective.

If the codomain of a function f coincides with its domain, we can compose f with
itself.

Definition 1.2.26.

Let f: X — X be a function whose codomain is equal to codomain. For k£ € N
positive we define

fFi=fouof.
This is still a function from X to X. We also define f° := Id y.

It follows from associativity that for m and n in N we have

(fm)n — fm+n — fn-i—m — (fn)m

13
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If f is an invertible function, it is unclear how to define f~2. We can choose to define
it as (f~1)2 (the square of the inverse of f) or as (f2)~! (the inverse of f2). Luckily
these two quantities are equal.

Lemma 1.2.27. Let f: X — X be an invertible function and let g = f~1 be its inverse.
Then for any integer k, the function g* is the inverse of f*.

Proof. The proof is by induction. The property is true for k = 0 (as both f° and ¢° are
equal to Idy) and for kK = 1 (by definition).

Now, suppose that k > 2 and that the property holds at k¥ — 1. Then ¢gFf* =
g lgf Tl = gF 1 Idy A = gF LR = 1dy. Similarly, ffg* = Idy. So g* is the
inverse of f*. O

Definition 1.2.28.

Let f: X — X be an invertible function whose codomain is equal to codomain.
For k € N positive we define

Fh= R = (0

Corollary 1.2.29. Let f: X — X be a function whose codomain is equal to its domain.
Then

1. Vm,n e N: (fm™)™ = fmn;
2. If f is invertible, then Vm,n € Z : (f™)" = fm™";

Since functions from X to Y play an important role, we gave a name to the set of all
such functions.

Definition 1.2.30.
If X and Y are two sets, then we define

Y*:={f|f: X =Y is a function}
to be the set of all functions from X to Y.

The notation comes from the fact that if X and Y are finite sets, then #(YX) =
(#Y)#),

[ To go further

The notation YX is one of the reasons for the convention 0° = 1. Indeed, we have
0 = #& and there is a unique function from & to & (the empty function that does
nothing). So #(2%) = 1 and we want this to be equal to (#2)#2) = (0.

Using functions, it is possible to define products of an arbitrary number of sets. We
give the definition below for the interested reader, but this is not part of this module
and can be skipped without harm.

14
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[ To go further L

Let (Xy)qaer be a family of sets indexed by I. Their product [] _, X, is defined

by:
[x - {rroU

ael acl

Vael: f(a) € Xa}.

If I ={1,...,n}, or more generally if I has n elements, then Hael X, ~ X,
- x X,,, but this is not an equality. Similarly, if I = N, then Hae] X,
Xy x X; x Xy x -+ (see page 5) but these two sets are not equals.

X
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Chapter 2. Vector spaces

The aim of this chapter is to define vector spaces and to start the study of their
properties. We will start with reminders on R? and R3, generalise to R™ and finally see
the definition of an abstract vector space.

2.1. First examples

Before introducing the abstract definition of a vector space, we review some examples
from high-school and introduce some straightforward generalisations of them.

2.1.1. R™ as a vector space

You probably already know the spaces

e {f]

It is natural to generalise this construction for any n € N:

x
x,yER} and R3 = Yyl lz,y,z € R
z

Ty

Lo

R™:= z; € Rforie{l,..,n}

L

In order to save space, we will sometimes use the notation [z,y]" := [y] and similarly
for elements of R® and R™.

'_[ Remark 2.1.1 (On the notation of vectors). ]

J )

Some people prefer to use parenthesis instead of brackets and write (f,) for [f/]
It is also possible to use the horizontal (list) notation {(x,%) | =,y € R} for R2.
The horizontal notation (z,y) and the vertical notation [i] are of course equivalent
and both notations have their merits.

The vertical notation is useful for the matrix-vector product and is often used in
geometry. The horizontal notation agrees with Definition 1.1.7 (Cartesian product)
and with the notations for the forthcoming generalisations R™) and R¥, see
Examples 2.2.11 and 2.2.14. We will usually use the vertical notation [z] = [z,y]",
but we might also use the horizontal one when more appropriate.

J

Observe that R ~ R, while R? has only one element (the empty list). To simplify the
notation, we will sometimes simply write = to denote the element [z, zo, ..., z,]’ € R"™,
and we will call such an element £ € R™ a vector. Some authors use the notation Z or
x (a boldface z) for the vector x.

So far, R™ is just a set. To make it more interesting, we will endow it with some
operations. Given two elements [z, %, ...,7,]" and [y;,¥s,..-,¥,]" in R™ we define

17
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their addition by
zy Y1 T+
: +Rn = ,

Where the + on the right hand side is the usual addition of real numbers.
Now, if [z1,Zs, ..., T,]" is an element of R™ and )\ € R is a real number, we define the
scalar multiplication by
xq Az,
Agn | P =] ¢

: )
z, AZ,,

where the Az, are the usual multiplication of real numbers. Be careful that we only

defined \ ‘gn [, %3, ..., 2,]" and that [z, zy,...,2,]" ‘g~ X is not defined.

Remark 2.1.2. ]
In practice, we will often simply write + instead of +x~» and - instead of ‘gn.
We will even often simply omit - and simply write A[xq, s, ...,2,]" for A gn
(€1, 29, ..., z,] .

The operations + and - we just defined on R™ generalise the familiar operations on R,
R? and R3.

For n € {1,2,3} we can interpret geometrically vectors of R™ as arrow in the Cartesian
line/plane/space. As demonstrated in Figure 2.1, we use {(z,y) | z,y € R} for the
Cartesian plane. A dot at coordinate (z,y) represents a point in {(z,y) | z,y € R}.
A vector [y] is represented by an arrow from the origin (0,0) to the point (z,y), see
Figure 2.1.

Figure 2.1.: Representation of the vector E] as an arrow from (0,0) to (2,1).

With this representation, one can interpret geometrically the operation 4+ and -, see
Figure 2.2. For A - v, simply take the arrow representing v and multiply its length by A.
In particular, if A < 0, then Av goes in the opposite direction as v. For v+ w, we complete
the parallelogram formed by the arrow representing v and w and take the diagonal arrow
from (0,0) to the newly created vertex of the parallelogram.

For n > 4, we cannot draw pictures anymore and it is thus not possible to visualise
vectors in the real world. But this does not mean that we cannot use R™ with n > 4

18
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. £+ ] - 2
w| [ o - R - =)
& H e | [

(0,0) Y1 T T+ Y (0,0) Ty 22,

Figure 2.2.: Addition and scalar multiplication (by 2) R2.

to solve real world problems. For example, modern machine learning use n > 1000
(n = 2048 for ChatGPT 3).

We have constructed (R",+,:) = (R",+Rrn, r»). The operations + and - satisfy
some useful properties that turns R™ into a real vector space.!

Proposition 2.1.3. The following properties hold for (R™,+,").

1. Vz,y,ze R": (z+y)+z=z+ (y+ 2); (associativity of +)
2. 30gn e R", V2 e R" : Ogn + = = x; (existence of a neutral element for +)
3. VzeeR",Jz’ e R":x + 2" = Ogn; (existence of an inverse for +)
4. Vr,yeR":x+y=y+x; (commutativity of +)
5. VreR":1 -z =u; (1 € R is the left identity for -)
6. Vi ue R Ve eR": (A\u) -z =X (u-x); (compatibility of multiplication)
7. VANpeRVEeR" : (A+g ) =X T+gn -5 (right distributivity)
8 VAER,Vz,y e R": X\ (4+Rny) =X T +gn A V. (left distributivity)
Proof. Let Ogn :=[0,0,...,0]" and for z = [z{,...,2,]" € R" let 2’ := [~xq,...,—x,] .

Then the proof of the properties are just easy (but fastidious) verifications. We will
just verify the first property. Distributivity is done in Tutorial 1, Question 4 and the
verification of the five other properties is left to the reader.

So let x = [zq,...,2,]" € R™ and y = [y;,...,¥,]" € R™ be two vectors. We have

T+ Y Y1+
r+y= : = :

=yt

where the first and third equalities are by definition, and the second equality is the
commutativity of the addition in R. O

'We will formally define vector spaces in Definition 2.2.4.
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We will usually write 0 for Og» and —z for the element z” in Item 3.

Remark 2.1.4. ]

One important moral of Proposition 2.1.3 is that the operations +g~» and ‘gn
behave well with respect to the usual addition and multiplication on R. This is
what allows us to safely drop the index R™ and write 4 instead of +gn.

2.1.2. Getting complex: C”
Recall that the field of complex numbers is defined by

C:={a+bi|a,be R},

where i is a symbol not in R. One can define addition and multiplication of complex
numbers by:
(@ + bi) +¢ (c+ di) :== (a +¢) + (b + d)i
(@ + bi) - (¢ +di) := (ac — bd) + (bc + ad)i.
As usual, we will usually drop the index C and simply write + and -, or even simply

(a + bi)(c + di) for the multiplication. By definition of the multiplication, we have
2=-1+0=-1

[ To go further L

The addition of complex numbers is done component-by-component and is quite
natural. It correspond to the addition of vectors in R2. The definition of multipli-
cation might seem a bit bizarre at first sight. It has two justifications.

The first justification is the existence of a square root of —1. Indeed, if we impose
the relation i = —1, and want - to be distributive over the addition, then
(a + bi)(c + di) = ac + bd(i?) + bci + adi = (ac — bd) + (bc + ad)i. One can later
verify that (C, +, ) is a field, see Appendix A.2.1.

The second justification is to start with R? and try to define a multiplication on
vector that generalises the scalar multiplication Av and behave “nicely”, that is
that turns (R2,+,) into a field. It turns out that the only way to do this is to
define the multiplication as we did. This is known as the Frobenius® Theorem. If
n > 3, then it is not possible to define such a nice multiplication on R™. But, see

Subsection 2.2.1 ...
“Ferdinand Georg Frobenius (1849-1917).

Given m € N, we define C" = {[zq,...,2,]" | z; € Cfor j € {1,...,n}}. Elements
of C™ are called (complex) vectors. It is then possible to define +c» the addition
of vectors and -c» the scalar multiplication of a vector by a complex number A € C
similarly to what we did for +g» and -g~. These operations turn (C",+cn,-cn) into a
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complex vector space.? That is, (C", +an, cn ) satisfies Proposition 2.1.3, but with
all instances of R replaced by C.

2.2. Definition and first properties

We will now generalise the previous examples and give an abstract definition of vector
spaces. We will then investigate a few properties that directly follows from the definition.

2.2.1. Abstract vector spaces

Most of the results we will learn are common to R and C. We will therefore use a
unified notation and write F for either of them. The letter F stands for field, which
intuitively is a set where we can “add” and “multiply” elements, but also “substract”
or “divide” (except by 0) them and where these operations are subject to some axioms
which ensure that they behave similarly to R and C. In particular, in a field addition
and multiplication are commutative and we always have a “0” element (0 4+ z = x and
0z =0 for all z € F) and a “1” element (1lx = z for all z € F). For example, (R, +, ")
and (C, 4+, -) are fields, but (Q,+, ) is also a field.

Example 2.2.1. The following are NOT fields: (Z,+,-) (we cannot divide 2 by 3),
(Rsp,+,) (we cannot substract 7 from 5).

The vector space (R3,+,-) is NOT a field. Indeed, one can naively try to define
the multiplication component-wise by [x1, T5, 23] [Y1, Y2, ¥3]T = [T1Y1, To¥Ys, T3y5] T, but
then it is not possible to divide by (the non-zero element) [1,0,0]T.

| Remark 2.2.2. |

While we will develop most of the theory of vector spaces for arbitrary fields, the
most important examples to keep in mind are R and C.

J

[ To go further L

The interested reader can find the formal definition as well as a few elementary
properties of fields in Appendix A.2.1.

Example 2.2.3. Given a field F, one can mimic the construction of (R™,+,-) and
(C™,+,-) and construct (F", 4+gn, -pn) which will satisfy Proposition 2.1.3, except with
all instances of R replaced by F.

As we have seen, Proposition 2.1.3 is satisfied by all of (R™,+,-), (C",+,-) and
(F™, 4+gn, -pn). We will use it to define an abstract vector space. That is, we want a
vector space to be a set V with an “addition” and a “scalar multiplication” that satisfies
the analogous of Proposition 2.1.3. So we first need to define what we mean by “addition”
and “scalar multiplication”. Looking back at the example of R", we see that addition

2We will formally define vector spaces in Definition 2.2.4.
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takes two vectors, v and w and gives back a new vector v+ w. That is, addition of vectors
in R™ can be seen as a map R™ x R™ — R™. Similarly, scalar multiplication of vectors
in R™ can be interpreted as a map R x R™ — R"™. We can generalise this to an abstract
setting.

Definition 2.2.4.

Let F = (F,+p, ) be a field (for example, R or C). A F-vector space (or
simply a vector space) is a set V' endowed with two operations:

—|—V:V><V—>V ~V:FXV—>V
(v,w) F> v 4y w (A 0) = Ay v,

satisfying the analog of Proposition 2.1.3. Formally, (V,+,,-,) is an F-vector
space if the following axioms are true:

(1) Yu,v,w € V: (u+yv) +y w=u+y (v+y w); (associativity of +y,)
(2) 30y, € V,Vo € V: 0y +y v =1 (neutral element for +,)
(B) YoeV, I € Vvt v =0y, (inverse for +,)
(4) VuveVivtypv=v+y y; (commutativity of +y)
(5) Yo eV :lg v v=u; (1g € F is the left identity for -y,)
6) VA, peFYoeV:App)  yvo=Ay (u-yo); (compatibility of -)
(1) VA peFYveV :A+gp) yvv=Ayv+y p-yv; (right distributivity)
B) VAeF,VoweV: Ay (v+yw)=Xyv+y Ayw. (left distributivity)

Elements of V' are called vectors (or points) and elements of F are called scalars.
We say that +y, is an addition and -, a scalar multiplication.

As usual, we will respectively write 4, - (or simply Av), 0 and —v instead of +,, -y,
0y and v’ from Axiom (4). When + and - are clear from context, we will write V' instead
of (V,+,-).

We will usually write v — w for v+ (—w), u+ v+ w for u+ (v+ w) = v+ (v+ w) and
Apv for (Ap)v = A(pw).

[ To go further

The fact that (V,+y,) satisfies Properties (1) to (4) means that it is a commuta-
tive group. Commutative groups, and more generally groups, are very important
objects of abstract algebra.

Definition 2.2.4 might seem quite abstract, but it is its strength. Indeed, this allows us
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to treat, in a unified way, many examples coming from various branches of mathematics
as the space of polynomials, the space of (continuous) functions from R to R, the space
of solutions of a given ordinary differential equation, and many others.

Remark 2.2.5. ]

The base field F matters! Indeed, V' = R is a R-vector space, but not a C-vector
space. On the other hand, V = C is both a R-vector space and a C-vector
space. However, will see later (Remark 2.4.42) that C has “R-dimension” 2 but
“C-dimension” 1.

In order to better understand the abstract definition of a vector space, we will now
present many examples.

Example 2.2.6. For any field F, the set {0} is an F-vector space. It has only one
element, 0 and we have 0 +0 =0 and A0 =0 for all A € F.

Example 2.2.7. If F is a field and n € N a non-negative integer, then F” is an F-vector
space (with FO =~ {0}).3

Example 2.2.8. Let V and W be two F-vector spaces. Define + and - component-wise
onV xW:

(v, wq) + (vg,ws) = (v + vy, wy + wy)
A (v,w) == (Av, Aw).

Then (V x W,+,-) is an F-vector space. It is called the product of V and W. We
sometimes write V @ W for this space, in which case we call it the (external) direct
sum. We will see later that F™ x F" =~ F™'" a5 both these spaces have dimension
m + n, see Corollary 3.1.49.

Example 2.2.9. For F a field, let FN := {(zy,2;,...) | z; € F for j € N} be the set
of infinite sequences of elements of F, with addition and scalar multiplication defined
component-wise:

(g, 1, ) +E~ (Yo, Y1y - ) = (Tg + Yo, T1 + Y1, - )s
)\ FN (.’170,3}1,...) = ()\mo,Axl, )

Then (FN, 4+, ) is an F-vector space.

Remark 2.2.10. ]

Some authors use the notation F* for FN. However, other authors use F> for
F™N from Example 2.2.14. These two spaces, FN and F(™N)_ are very different
and should not be confused!

3F0 = {0} means that the spaces F® and {0} are isomorphic, see Definition 3.1.40. Intuitively, it means
that they are similar as vector spaces.

23



Chapter 2. Vector spaces

Example 2.2.11. Let S be a set and let F be a field. Recall that F¥ = {f: S — F} is
the set of functions from S to F. We can endow F*° with point-wise addition and scalar
multiplication. That is, for f,g € FS and A € F, the functions f +ps g and X -ps f are
defined by

(f +rs 9)(s) = f(s) +w g(s) and (A-ps f)(s) = Af(s)

for every s € S. Then (F*,+,) is an F-vector space. We also use the notation [] g F for
this space and call it a power of F.

Proof. Let us verify some of the axioms. For example, we need to prove the equality
f+9=g9+ f. We know that two functions are equal if and only if their values agree on
every element of the domain. For every s € S, we have

(f+9)(s) = f(s) + 9(s) (definition of +ps)
=g(s) + f(s) (commutativity of +p)
= (g4 f)(s) (definition of gs)

and hence f+g=g+ f.

Let Ops: S — F be the constant function 0, that is 0(s) = O for all s € S. One easily
verify that for any s € S one has (f + Ogs)(s) = f(s) + 0 = f(s), so Ops is the zero
element of F¥.

For f € FS, define —f: S — F by (—f)(s) := —p(f(s)). One can then check that for
every s € S we have

(f+(=1))(s) = f(s) +—f(s) =

and so f+(—f) = Ogs. The (elementary but fastidious) verification of the other 5 axioms
is left to the reader. d

If S is finite, then F¥ =~ F#5_ In particular, F2 = {0}. If S is countable (for example,
S ={1,2,...,}), then F¥ >~ FN,

Vector spaces of the form F? include all examples we have seen so far. But not all
vector spaces are of this form. An important example of a vector space that is very
different from F9 is the space of polynomials. Let us recall its definition.

Definition 2.2.12.

1 ’ p 1 mial (“’it]:1 Coeﬂicient in I ) iS an eX[)IeSSi()II O |he
fOI'm
p —p(.’E) = ao + a].’L' —| a2 172 + _.I_ anmn

where n € N is an integer and z is a formal variable. The a; € F are called the
coefficients of p.

If p(x) = ag + a1z + --- + a,,z™ with a,, # 0, we define its degree deg(p) to be n.
We set the degree of the polynomial 0 to be deg(0) := —oc0.

We write P(F) for the set of polynomials with coefficients in F. For a fixed
n € N U{—oo}, we write P(F),, for the set of polynomials of degree at most n.
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To simplify the writing, we usually omit the component aj:vj with 0 coefficient a; = 0.
In particular, we make the identification ay + - + a,z™ + 0z"*! + ... 4+ 0z"t™ =
ag + -+ a,x™. That is, we can erase trailing zeroes. For example, we write 1 + 212
for 1+ 0x + 222 4 0z3. Let p(z) = ag + - + a,,#™ and q(z) = by + -- + b,,z" be two
polynomials with a,,, # 0 and b,, # 0. They are equal if and only if m = n and a; =b;
for all j. One can add polynomials and multiply them by a scalar component-wise. For
example (1+ 2z +22) + (2 + 322) = 3+ 2z + 422 and 2(1 + 2z + 22) = 2+ 42 + 222, It
is also possible to multiply two polynomials together, but we will not make use of this.

Example 2.2.13. The set P(F) endowed with polynomials addition and with multi-
plication by scalars is an F-vector space. For n in {—oco} UN, the set P(F),, is also a
vector space. We have P(F)__, = {0}, P(F), = F and more generally P(F),, = F**+1.

The space P(F) admits another description.

Example 2.2.14. For F a field, let F™N) := {(zy,z,...) | Vj € N : r; € F,o; =
0 for all but finitely many j} be the set of finitely supported infinite sequences of elements
of F, with addition and scalar multiplication defined component-wise. Then F(N) is an

F-vector space and P(F) =~ F(N),

The space R™) is countable, while RN is not. These are thus two very different spaces.
In general, we always have #RN > #FMN),

[ To go further L

Using ideas from Examples 2.2.11 and 2.2.14, one can build the following ex-
ample. Let S be a set and let F be a field. Let F¥) = {f: S — F |
f(s) = 0 for all but finitely many s} be the set of functions from S to F that
are 0 almost everywhere. Then F(S) is a subset of F° and we can look at the
restriction of +ps and Aps to it. Endowed with these operations F(5) is an
F-vector space. Some authors use the notation (F*), for F(5). We also use the
notation s F for this space and call it the direct sum of copies of F. If S is
finite, then the direct sum and the product agree: @S F = HS F. If S is infinite,

then #HSF >#DF.

It turns out that every F-vector space V is isomorphic to F(S) for some S. See
the Infinite dimensional spaces box on page 76.

[ To go further L

If (V) qer is a family of F-vector spaces, then it is possible to define their product
[I,,.; Va as the set of functions from f: I —J__, V, such that f(a) €V, for all
o, see page 15. One then define their direct sum @ae ; Vo as the subset of Hae 1 Va
consisting of functions that are 0 for all but finitely many «. Both Hae ; Vo and
@ _,V, are F-vector spaces. If S is finite they agree, while if S is infinite the

acl &
cardinality of Hae 7 Vo Is strictly bigger than the cardinality of EBae Vo
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2.2.2. General properties of vector spaces

Let V' be a vector space over a field F. Using only the definition (the 8 axioms) we will
prove some general properties of V.

Lemma 2.2.15. Let V be a vector space. The zero (additive identity of V') is unique.
That is, there exists a unique 0 € V' such that for every v we have 0 + v = v.

Proof. Suppose 0 and 0’ are two additive identities in V. We need to prove they are
equal. We have

0'=0+0 (0 is a zero)
=0 +0 (commutativity of +)
= 0. (0" is a zero)

So any two additive identities are equal, or equivalently there exists a unique additive
identity. O

Lemma 2.2.16. Let V be a vector space. For every v € V the additive inverse is unique.

Proof. Suppose w and w’ are two additive inverses of v. Then
w=0+w=@w+w)+w=v+ (v +w)
=v+(w4+w)=@wW+w) +w =0+

/
:w’

where we used that 0 is the additive identity that w’ is an inverse of v, associativity,
commutativity, associativity once again, that w is an inverse of v and finally that 0 is the
additive identity. O

In the above proof, we have detailed every step explicitly. However, using commutativity
and associativity, it is fine to directly write the shorter (v + w’) + w = (v + w) + w’.

Lemma 2.2.17. Let v and w be two elements of a vector space. If v+ w = v, then
w = 0.

Proof. w=v+w—v=v—v=0. O

The previous lemma might seem to be a repetition of Lemma 2.2.16. This is not
the case, as we only suppose that w behaves like 0 for one vector v, but a priori not
necessarily for all vectors of V.

Lemma 2.2.18. Let V be an F-vector space. For every v € V and every A € F we have:

3. A =0 if and only if A =0 or v=_0y,.
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Proof. For the first equality, we have O -v = (O +0g) v = O - v+ 0 - v. By subtracting
O - v on both sides we obtain 0y, = O - v.

The proof of the second equality is similar, except that this time we use left distributivity
instead of right distributivity. We have A -0y, = A - (0y, +0y,) = A- 0y + A - 0. By
subtracting A - 0y, on both sides we obtain Oy, = A - Oy,.

Finally, we already know that the condition A = 0 or v = 0 is sufficient for Av = 0.
We now prove the necessity. Suppose that A # 0. We need to show that v = 0. Then,
since F is a field, there exists A~ such that A=)\ = 1. By multiplying both sides of the
equation by it we obtain A1 - (A-v) = A7} -0 = 0. So we have

0=\ v=1-v=0. O

Lemma 2.2.19. For every v € V we have (—1) -v = —v, where —1 is the additive
inverse of 1 in F and —v the additive inverse of v in V.

Proof. The proof is left to the reader (see Tutorial 2, Question 1). O

2.3. Subspaces and operations on them

In this section we introduce subspaces: the subsets of a vector space that are themselves
vector spaces. We will also investigate some operations on them.

2.3.1. Subspaces of a vector space

Sets have subsets, and vector spaces have subspaces. Intuitively, a subspace is a subset
that is also a vector space itself. Studying subspaces of a vector space V helps us to
understand V' and can also produce new interesting examples.

Before seing the formal definition, let us look at some examples. For now, these are
just informal examples and we will come back to them later.

Example 2.3.1. Let V = R. Then V has only two subspaces: R and {0}.

Example 2.3.2. Let V = R2. Then the subspaces are R?, the lines containing the
origin (see the left part of Figure 2.3) and {[8]} (the zero vector).

Example 2.3.3. Let V = R2. Then the subspaces are R3, the planes containing the
origin, the lines containing the origin (see the right part of Figure 2.3) and {[0,0,0]"}
(the zero vector).

Definition 2.3.4.

Let (V,+,-) be a vector space and let U C V be a subset. Then U is a subspace
of V if (U, +,-) is itself a vector space.
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Figure 2.3.: On the left: a line containing the origin in R2. On the right: a plane and a
line containing the origin in R3.

,.[ Remark 2.3.5. ]
‘We have

v:VxV—=V, viExV—V.

If U is a subset of V, then U x U is a subset of V' x V and F x U is a subset of
F x V. We therefore have the operations

+v|,. UxU—V, FxU—V.

UxU 'V|FxU
Saying that (U, +, -) is a vector space means formally that the images Im(+V|UxU)
and Im(-y| ) are both contained in U and that (U, +v | satisfies
the 8 axioms of a vector space.

U><U"V|F><U>

The following simple result directly follows from the definition of a subspace.

Lemma 2.3.6. Let W be a vector space, V.C W be a subspace and X CV be a subset.
Then X is a subspace of V if and only if it is a subspace of W.

Let us use Definition 2.3.4 to show that some subsets are not subspaces.

Example 2.3.7. Let V be any vector space and let U = {u} C V consist of exactly one
point. Then U is a subspace if and only if w = 0y,. On one hand, it is clear that {0y } is
a subspace. On the other hand, we want + to be an internal operation, so u + u should
be an element of U. But this is possible if and only if v + u = u, that is if and only if
u = 0y.

Example 2.3.8. Let V = R? and let X; = {[ ] ’x € R} X, ={[Z] |z € Ry} and
X5 ={[7] ’ r e R} U{[%] ‘ z € R} be three subsets of V. Then X; is not a subspace
as it does not contain 0y,. X, is not a subspace as - is not an internal operation. Indeed,

the vector [1] belongs to X,, but [ —1 [1] does not. Finally, X3 is not a subspace

1] =
as + is not an internal operation: both [ ] and [ ] are in X3, but their sum [g] is not.

Example 2.3.9. For every m < n, the set P(F),,, of polynomials of degree at most m is
a subspace of P(F),,. They are both subspaces of P(F)
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Y ] X, ]
(0,2)
X, X3
(1,1) (—1,1) (1,1)
x —1—1) x x

Figure 2.4.: Subsets of R? that are not subspaces. On the left, both the subset X; (the
line) and its elements (the arrows) are represented.

Remark 2.3.10. ]

When talking about a subspace, we need to stat clearly of which vector space it is
a subspace. We also need F to be explicit, as it does matter.

Example 2.3.11. Let V = C be viewed as a complex vector space. Then U =R CV
is not a subspace. Indeed, 1 belongs to U, but i =1i-1 does not.
However, if we decide to view V = C as a real vector space, then one can check that

U is a subspace.

Definition 2.3.4 has the advantage of being natural: a subspace is a subset that is
also a vector space (for the restriction to U of the operations of V'). The disadvantage
of Definition 2.3.4 is that it is impractical: we need to check that + and - are internal
operations and that they satisfy the 8 axioms of a vector space. Luckily, we can use the
following simple criteria to decide if a subset is a subspace.

Proposition 2.3.12. Let V be an F-vector space and let X CV be a subset. Then the

following are equivalent:
1. X is a subspace;

II. The following three conditions hold:
1. 0y € X,
2. Ve,ye X:z+yeX,
3. VA eF Vee X: Az e X;
1II. The following two conditions hold:
1. 0y € X,
22V eF,Ve,ye X: Az +ye X.

(X contains 0)
+ is an internal operation
p

(- is an internal operation)

Proof. “1 = I1” If X is a subspace, then both the image of + and - are contained in X
by definition. Moreover, since X is a vector space, it contains at least one element: 0y,
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the zero element for +x = +[, . So 0y =0 - Ox is also in X. Moreover, it follows
x X
from unicity of the zero element that 0y = 0y, .

“II = I” Suppose that Properties 1 to 3 hold. Then we have a set X with two
operations, +: X x X — X and -: F x X — X (the restrictions of 4+, and -y,) and an
element 0y,. For every x € X, we have x € V and thus 0y, + 2 = z. That is, 0y, is a zero
element for + = + y. There also exists an element —x € V such that z+ (—z) = 0y, = 0.
Since —z = —1 - z it belongs to X by 3. It remains to check the 6 other axioms of the
definition of a vector space. They all follow from the fact that V is a vector space and
that + and - are the restrictions of +y, and -y,. For example, for all z and y in X, we
have z,y € V. Therefore, x4+ yxy = ¢+ y = y+y & = y+x =, where the second equality
is the commutativity of 4+ .

“II = III” Applying first 3 to A and = and then 2 to Az and y gives 2’.

“III = II” Property 3 follows from putting A = 1 in 2’, while if 1 holds, then 2 follows
from using y = 0 in 2’. O

All three conditions of Proposition 2.3.12.IT are important. The first one is basically
equivalent to X being non-empty, see Remark 2.3.13. In Example 2.3.8, the subset X,
is closed under addition, but not under scalar multiplication. The subset X3 is closed
under scalar multiplication, but not under addition.

While the three conditions of Proposition 2.3.12.11 are conceptually important, using
Proposition 2.3.12.I1I allows for shorter proofs as we can check together that X is closed
under addition and scalar multiplication.

| Remark 2.3.13. |

Given either condition 3 or 2’, Condition 1 is equivalent to the fact that X is not
empty. Indeed, suppose X is not empty, therefore there exists x € X. Then if
condition 3 holds, taking A = 0 we have 0z = 0 in X. If it is condition 2’ that
holds, then taking A = —1 and y = = we have (—1)z + 2 =0 in X.

| Remark 2.3.14. |

When checking that X is a subspace of V, you should not forget the “hidden
condition” 0: X is a subset of V. For example, R is not a subspace of R?, but
{[3] ‘xER} is (and so are {[g] ‘ZIJGR} or {[E’sz] ‘x GR}).

J

Using Proposition 2.3.12, it is easy to provide plenty of examples and counter-examples
of subspaces.

Example 2.3.15. Let V be a vector space. Then
1. @ is NOT a subspace;
2. {0y} is a subspace;

3. V is a subspace.
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For the first assertion, 0y, does not belong to @. For the second assertion, 0 +0 = 0
and A0 = 0, so (the restrictions of ) + and - are internal operations on {0y }. The last
assertion is tautologic.*

Example 2.3.16. Let b € F and define X := {[xy, 2,25, 74]" € F* |25 = 5z, + b}.
Then X is a subspace of F4 if and only if b = 0.

Proof. “=" If X is a subspace, then [0,0,0,0]" = Ops € X and so b = 0.
“«<" Suppose that b = 0. Then Og4 belongs to X. If [x1, 2o, 3, 2,]" and [y;,Ys, y3, ¥a]"
are in X, then both x5 = 52, and y; = 5y,. So for any scalar A\ we have

Aoy, g, @3, 2] + [Y1, Y2, U3, Y]t = A2y + 91, ATy + Yo, ATz + y3, Azy + 3]
in X since Axg + y3 = Abxy + 5y, = 5(Axy + yy). O

Example 2.3.17. P(F),, is a subspace of P(F),, if and only if m < n (so if and only if
P(F),, C P(F),). All the P(F),, are subspaces of P(F).
We therefore have an infinite chain of subspaces:

{0} = P(F)_o. G P(F)y G P(F), €~ C P(F), G~ C P(F).

Example 2.3.18. The set C°([0,1]) := {f: [0,1] — R | f continuous} of continuous
functions from [0,1] to R. is a subspace of RI%1.

Proof. Recall that f is continuous at z; if and only if lim, ,, f(z) = f(zo). The
constant zero function Ogo,1 is the zero element of R91. This is a continuous function
and hence belongs to C°([0, 1]). Indeed, for every z, € [0, 1] we have lim,_,, Ogpo.1(z) =
0 = Og0.1(Z)-

Let f and g be two elements of C°([0,1]). Then for every scalar A and any =z, € [0, 1]
we have

(AS +9)(@o) = Mf(20) +g(z) = A lim f(a) + lim g(a) = lim (Af +9)()

lim
T
and thus \f + ¢ is in C°([0, 1]). O

Example 2.3.19. The set C!(R) := {f: R — R/| f differentiable and f’ continuous} of
functions from R to itself that are differentiable and have a continuous first derivative,
is a subspace of RR. Actually, we have C'(R) ¢ C°(R) ¢ RR, with each member a
subspace in the next one.

Proof. We just need to check that the 0 function is differentiable, that the sum of two
differentiable functions is differentiable and that the scalar product of scalar and a
differentiable function is still differentiable. These are standard and easy results from
analysis and we will not write down their proof here. O

4A tautology is a statement that is trivially true, by the fact of repeating essentially two times the same
thing. It comes from ancient greek tautoloyio: identical logic.
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Example 2.3.20. For every integer n, one can define the space C"(R):= {f: R - R|
f™ exists and is continuous} of n times differentiable functions from R. to itself that have
a continuous n'* derivative. We also define C°(R) := {f: R = R |Vn € N : f(") exists}
the space of smooth real functions. We then have an infinite chain of subspaces

C*R) C -~ CC*"R) G CCH(R)CC'(R) SRR
Example 2.3.21. Let b be any real number. Then the set X := {f € C!((0,3)) |
f/(2) = b} is a subspace of C*((0,3)) if and only if b = 0.

Proof. We have 0 in X if and only if b = 0"(2) = 0. So, b = 0 is a necessary condition for
X to be a vector space.

It remains to show that if b = 0, then X is closed under addition and scalar multiplica-
tion. Let f and g be two elements of X and let A € R be a scalar. Then

Af+9)'(2)=Xf"(2)+4¢(2) =X0+0=0.
So A\f +g¢gisin X. O

Example 2.3.22. The set U := {(zg, 71, ...) € RN |lim

We even have R(N) C U C RN, with each member a subspace in the next one.
The proof is left as an exercise to the reader.

j—o0 Tj = 0} is a subspace of RN,

Exercise 2.3.23. Which of the following are subspaces of R2? Consider that the figures
extend in an obvious way to the infinity. For example, X; = {[5] € R? ’ T,y = O} and
XQ:{[i] € R? |xy>0}.

a.
4 4

AX-l
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Solution.  a. X, is not a subspace as (1,1) belongs to X;, but —1-(1,1) = (—1,—1)
does not. X, is not a subspace despite being closed under scalar multiplication.
Indeed both (2,1) and (—1,—2) are in X5, but (2,1) + (—1,—2) = (1,—1) is not.

b. X3 and X, are lines containing the origin and so are subspaces. X5 does not contain
(0,0) and therefore is not a subspace.
O

2.3.2. Sums of subspaces

Recall that if X C Z and Y C Z are two subsets, then X UY is again a subset of Z.
Furthermore, X UY is the smallest subset of Z containing both X and Y.

Question 2.3.24. What about subspaces U,W C V of a vector space? Is U UW also a
subspace?

Answer. Not always. For example, let V = R? and let U, = {[“5] ’ T € R} be the z-axis
and U, = { [8] | Yy € R} be the y-axis. Then both [(1)] and [(1]] belong to U UW | but their
sum [(1)] + [(ﬂ = [ﬂ does not. So U, U U, is not a subspace. [ |

Exercise 2.3.25. Let V be a vector space and let U, W C V be two subspaces. Show
that U U W is a subspace if and only if either U CW or W C U.

Solution. If U C W, then U UW = W is a subspace. The situation is similar if W C U.

Suppose now that U € W and W ¢ U. This is equivalent to the simultaneous existence
of some v € U\ W and some w € W\ U. We have both v and w in U UW |, but we claim
that w + w is not in U UW. Indeed, suppose that u +w =« € U. Then w = —u+ v’ is
also in U which is a contradiction. Similarly, 4 + w cannot belong to W. O

We have seen that U U W is not the smallest subspace of V' containing both U and V.
Does such a subspace exist? If yes, how can we construct it?

Definition 2.3.26.

Let V be a vector space and let X;, X, .., X, be non-empty subsets of V. Their
sum is the subset

k
ZX]:Xl +X2+'+Xk = {'Ul+'U2+”'+'Uk|Vj€{1,...,k}zvj€Xj}.
7j=1

Remark 2.3.27. |

The operation 2521 X is defined only if all the X are subsets of the same vector
space V.

The sum of subsets satisfies some elementary but useful properties.
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Lemma 2.3.28. Let V' be vector space and let X, Y be non-empty subsets of V. Then
1. X+Y=Y+X;

2. X+ {0} =X;

3. X+V=V.
Proof. The proof is left as an exercise to the reader. See Tutorial 2, Question 6 for the
first equality. a

We have geometric examples of sum of subsets.
Example 2.3.29. Let X := {[2,0,0]" |z € [0,1]}, Y := {[0,4,0]" | y € [0,1]} and
Z :=1{[0,0,2]" | z € [0,1]} be initial segment of size 1 of the =, y and z-axes in R3. Then
X+Y = {[z,y,0]"|z,y € [0,1]}, X+ Z = {[x,0,2]" |z,2 € [0,1]} and Y+ Z = {[0,y, 2] |
Y,z € [0,1]}. We also have X +Y + Z = {[z,y, 2]" | z,y,2 € [0,1]}, a cube of size 1, see
Figure 2.5.

z z2. 2 2.7
Y+ 7 N
+
Y Y >
x+y ¥ y y
X X X
X X
2.0 X+Y+ 27
1] Y
' Yy
X
X

Figure 2.5.: Sum of some subsets of R3.

Finally, we present an algebraic example.

Example 2.3.30. Let U := {[z,x,2,2]" | x,2 € F} and W := {[z,x,z,t]" | z,t € F} be
two subspaces of F4. Then U + W = {[z,z,2,t]" | 2,2,t € F} =: Z.
Indeed, we have
U+W={[a,a,b,b]T]a,bGF}+{[c,c,c,d]T|c,deF}
={la+c,a+c,b+c,b+d]" |a,b,c,deF}.
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By letting x :=a+c¢, z:=b+c¢, t := b+ d, we have U + W C Z. For the inclusion
Z C U+ W, we need to solve

at+c==zx
b+c=y
b+d==z

for a, b, c and d in F. One possible solution is to take b=0,d =2, c=y and a =z — y.

[ To go further L

It is possible to define the sum of an infinite family of subspaces. The trick to
define an infinite sum is that we look only at combinations containing finitely
many non-zero vectors. Formally speaking, if (U,),cs is @ non-empty family of
subspaces of a vector space V, we can defined its sum:

I pogt

ael acl

Vael:u, €U, and u, = 0 for all but finitely many a}.

Observe that the sum of infinitely many subsets is well-defined only if all the U,
contain 0, which is the case if they are subspaces.

We have defined the sum of general subsets of a vector space. The following result
shows that the sum of subspaces is particularly interesting.

Theorem 2.3.31. |

Let V' be a vector space and let (U, )qcr be a non-empty family of subspaces. Then
the sum Zae] U, is the smallest subspace of V' containing all the U,,.

Proof. We will write the proof for a finite family of subspaces (U, ..., U, ), the general
case being similar. We need to prove three things:

1. U:=U; + -+ U, is a subspace;
2. U contains all the Uj;
3. U is the smallest: if another subspace W contains all the U;, then U C W.

We have 0y, € U; C U, so U contains 0y,. Now let v and v be two elements of U and
let A be a scalar. By definition, there exists u;,v; € U such that u = u; + -+ uy and
v =1v; + -+ v;. We have

A+ v = Nuy + -+ ug) + vy + -+ v
= (Aug 4+ v1) + -+ (Auy, +vy,)

with the Au; 4+ v; € U;. This finishes the proof that U is a subspace.
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For every u; € U;, we have u; =0+ +0+u; + 0+ -+ 0 € U since 0 belongs to all
the U;. We conclude that U contains U;.

Finally, let W be a subspace containing all the U; and let u be an element of U. There
exists u; € U; C W such that u = u; + -+ + ug. But then u is a sum of elements of W
and hence still in W. So U C W and thus U is the smallest subspace of V' containing all
the U;. O

Inspired by Theorem 2.3.31 and because {0} is the smallest subspace containing &, we
define a sum over an empty family to be the {0} subspace: Zaeg U, = {0}. We also
define an empty sum of vectors to be the 0 vector: Zae@ v, = 0.

Before introducing our next definition, let us see one last example of the sum of

subspaces.

Example 2.3.32. Let U = {[z,4,0]" |2,y € F} and W = {[0,y, 2]" | y, 2 € F}. These
are two subspaces of F? and we have U + W = F3.

In the above example, intuitively (see Definition 2.4.39 for a formal definition) both
U and W are of dimension 2, while F2 is of dimension 3. So we have the sum of two
subspaces of dimension 2 being equal to a space of dimension 3, not 2 + 2 = 4. The
above “dimension problem” is due to the fact that U N W = {[0,4,0]" | y € F} is of
dimension 1.° Actually, the problem steams from the fact that [1,1, 1]T € F3 can be
written in two different ways:

[1,1,1]T =[1,1,0]T +[0,0,1]7 but also [1,1,1]T =[1,0,0]" +[0,1,1]T.
In order to overcome the above problem, we introduce a new definition.

Definition 2.3.33.

Let V be a vector space and let Uy ,..., U, be subspaces. The sum U = U; +---4 U, is
direct if for any u € U there exists a unique way to decompose u as u = uq +---+uy
with u; € U;. In this case, we write U; @ Uy @ -+ & U}, for U.

[ To go further L

It is not a coincidence if the name and the notation for the direct sum of subspaces
U, ®U, are identical to the ones for the direct sum of vector spaces of Example 2.2.8.
The former is sometimes called the inner or internal direct sum while the later is
called the external direct sum.

If U and V are two F-vector spaces, then U := {(u,0) | u € U} is a subspace of
U @V, which is a copy of U. We similarly have a copy V of V inside U @ V. One
easily verify that U + V is an internal direct sum, equal to the whole space. That
is, the external direct sum U @ V is equal to the internal direct sum U @ V.

*We will see in Theorem 2.4.51 that the correct formula for the dimension of R? in this example is
3=2+2-1
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[ To go further L

One can of course define direct sums for an arbitrary family (U, ), of subspaces.
In this context, the sum U =} _ U, is direct, written @ __, U,, if for any u € U
there exists a unique way to decompose u as u = Zae[ u,, with the u, € U, (and
with u,, = 0 for all but finitely many «).

,_[ Remark 2.3.34. ]

The notation U = U; @ U, means two things. Firstly, that U = U; + U, and
secondly that for every u € U the decomposition u = u; + uy is unique.

As an example, the sum U + W = F2 of Example 2.3.32 is not direct.

Example 2.3.35. Let U, , = {[z,4,0]" | 2,y € F} and U, = {[0,0,2]" | z € F}. Then
F3 = Uy ®U,. Tt is trivial that U, , +U, = F3, it hence only remains to prove that the
sum is direct. Let v = [a, b, c]T be any element of F3 and let v=u+w € Uy, +U, bea
decomposition with v € U, , and w € U,. So u = [z,7,0]" and w = [0,0, 2]" for some =,
y and z in F. Since v = u + w we have [a,b,c]" =[x + 0,y + 0,0 + 2]” and we conclude
that x = a, y = b and z = c¢. That is, both u and w are uniquely determined by v, which
proves that the sum is direct.

Example 2.3.36. Let n be a positive integer. For each j in {1,...,n}, let U; C F" be
the subspace

4 _0_ A
0
Uj=4 || |zeF} CF"
0
N _o_ 7

(all non j-coordinates are 0). Finally, let W = {[z,...,z]" |z € F} C F™ be the diagonal
subspace. Then F* =U, ®--@ U, =U,®--0U,_dW.

The proof of the first equality is easy and left to the reader. So let v be any element of
F". That is v = [2q,...,z,]" for some z; € F (uniquely determined by v). Then

v=[r;—2,,0,...,0]T+[0, 25 —2,,,0,...,0]T +--4][0,...,0,2,,_1 —,,,0]" + [z}, -, x,] "

isinU; +--+U,_1+W and so F" = U; +---4+-U,,_; +W. Finally, let v = u; +--+u,,_;+w
be any decomposition with the u; € U; and w € W. Since the n*® coordinate of all u; is

0, we necessarily have w = [z ,2,]7. Therefore,

ny e

— T _
V—wW= [T — Ty, Tpy_q — L, 0] =uqg +-+u, 4.

Since the i*! coordinate of u; is 0if i # j, we conclude that u; = [0, ...,0,2;—=,,0, ... ,0]T.
We have just proved that the decomposition is unique and thus that the sum is direct.
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Example 2.3.37. Let U, , = {[z,4,0]" |z,y € F}, W = {[0,5,4]" |y € F} and
U, = {[0,0,2]" | z € F} be three subspaces of F3. Then F? = U, , + W 4 U, is not a
direct sum.

Indeed, the decomposition of 0 is not unique:

[0,0,0]" =1[0,0,0]T +[0,0,0]" +[0,0,0]"
=10,1,0]T +[0,—1,—1]T +[0,0,1]".

As the above example suggests, there is an easy criterion to check if a sum is direct.

Theorem 2.3.38. ]

Let V be a vector space and let (U,),cr be a family of subspaces. Then Zae] U,
is a direct sum if and only if whenever 0 = Zae[ u,, then all the u, are 0. That
is, the sum is direct if and only if there exists a unique way to decompose 0.

Proof. We will prove the theorem for a finite family (U, --- , U,,) of subspaces. The general
case is similar.

“=" If the sum is direct, then any vector, and in particular 0, admits a unique
decomposition.

“«=" Suppose that the decomposition of 0 is unique and let v € U; + -+ + U,,. Let

Uy Uy =v=up 4+ up

be two decomposition of v, so u;, u; € U;forall j € {1,...,k}. We need to show that these
two decompositions are in fact the same, that is that u; = u; for all j. By subtracting

the u; on both sides, we obtain

0= (u =)+ (g, — v}

with u; — u; € U; for all j. By unicity of the decomposition of 0, we conclude that
u; — u; = 0 and hence that u; = u; as desired. O

It follows from Theorem 2.3.38 that if two of the U, are equal and not {0}, then the
sum is not direct. Indeed, in this case we can write 0 = u —u for u € U, = Uy for a # S.

Exercise 2.3.39. Let V be a vector space and let U;, U, and W be subspaces. Are the
following assertions true? If yes, prove them. If no, provide a counterexample.

a. f U + W =U, + W, then U; = Uy;

Solution. Both assertions are incorrect. For example, let U, = {[3] ‘x € R}, U, =
{ [2] ‘ Y € R} and W = {[7] | z € R} be the z-axis, y-axis and the diagonal in R?. Then

Uy ®@W =R2=U,® W but U, # U,. Observe that this is simply Example 2.3.36 for
n=2. O
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Definition 2.3.40.

Let V be a vector space and let U be a subspace. A complementary subspace
of U is a subspace W C V such that U@ W = V.

We will see later in Theorem 2.4.48 that a subspace U always admits at least one
complementary subspace. However, as we have just seen, in general a complementary
subspace is not unique.

Exercise 2.3.41. Let U = {[z,y, z+y,t—y,2z]"|z,y € F} C F°. Find a complementary
subspace for U.

Solution. Intuitively, the first and second coordinates of U are free, but not the other
ones. So one can guess that W = {[0,0,z2,s,t]" | z,s,t € F5}. Let us prove that formally.
Let v be any element of F5, so v = [a,b,c,d, e]T. We need to solve the following for

z,y,2,8,t€F.
a T 0 T
b y 0 y
cl=lx+y| + |z =|z+x+Yy]|.
d T—y s s+x—y
e 2z t t+ 2z

We immediately have x = @ and y = b. This implies z=c—x—y, s=d —x +y and
t = e — 2z, so if a solution exists it is unique. One easily verify that the above is indeed
a solution and so that v admits a unique decomposition as v = u + w with v € U and
weW. Thatis, FF.=U®W. O

2.3.3. Intersection of subspaces

If X and Y are subsets of Z, then both X NY and X UY are subsets of Z. We have
seen that for subspaces U and W of a vector space U U W is not a subspace of V', which
pushed us to define the sum U + W. But what about the intersection?

Lemma 2.3.42. Let V be a vector space and let (U, ) c; be a non-empty family of
subspaces. Then the intersection ﬂae] U, is the biggest subspace of V contained in all
the U, .

Proof. If (U,)aecr = {U} has exactly one element, then ﬂae[ U = U and the statement
is trivially true. Let us now treat the case (U,),c;r = {U;,Us}. We already know that
U, NU, is the biggest subset of V' contained both U; and U,. It only remains to prove
that it is a subspace. This is left as an exercise to the reader. Hint: do not forget to use
Proposition 2.3.12.

If (U, )qcr is a finite family, then repeated application of the statement for two subspaces
proves the result. For a general, possibly infinite, family of subspaces, one can directly
prove the statement in a similar fashion to the two subspaces case. O
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Similarly to what we did for the empty sum of subspaces, we can define the intersection
of an empty family of subspaces of V' to be V itself: ﬂaeg u,=V.

For subsets, we have the notion of disjoint union X LY, meaning that we look at
X UY while asserting that the intersection X NY is empty. Heuristically, the sum of
subspaces is similar to the union of subsets. This motivates us to find a result relating
the direct sum U @ W and the intersection U N W. In this case, U N W is never empty
as it always contains 0. But we can still ask the intersection to be “as small as possible
for a subspace”, that is to be equal to {0}.

Theorem 2.3.43. ]

J

Let V' be a vector space and let U; and U, be two subspaces. Then U; + U,y is a
direct sum if and only if U; N U, = {0}.

Proof. We will use Theorem 2.3.38.

“=" Let v be an element of the intersection. Then v belongs both to U; and U, and
so we have the following decomposition 0 = v + (—v), which implies that v = 0.

“«<” Suppose that 0 = u; + u, is a decomposition with u,; € U; for i € {1,2}. Then
Uy = —Uy is in U; N U, and hence equal to 0. We conclude that u; = u, = 0 and so the
sum is direct. O

Figure 2.6 summarise the situation for subsets and subspaces.

X U
c ¢ c <
FCXNY XuY {0} CUnNwW Uuw
< C < C
Y W

Subsets. ¢ is the smallest subset of Y. XUY  Subspaces. {0} is the smallest subspace of V.
is the smallest subset of Z containing both X  U+W is the smallest subspace of V' containing
and Y. The union X UY is a disjoint union both U and W. The sum U + W is a direct
XUY ifandonlyif XNY =@. sum U @ W if and only if UNW = {0}.

Figure 2.6.: Comparaisons between subsets X and Y of a set Z and subspaces U and W
of a vector space V. The intersection X NY (U N W) is the biggest subset
(subspace), of Z (of V'), contained both in X and Y (U and W).

Remark 2.3.44. ]

Be careful when trying to generalise Theorem 2.3.43 to the sum of more than
two subspaces. The correct statement is that the sum Zae 1 Uy is direct if and

only if for all a # 3 we have U, N Uz = {0}. In particular, it is not enough that

ﬂae ; Ua = {0}, see the next example. This is similar to the situation for sets.
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Example 2.3.45. Let U, , = {[z,4,0]" € F3|z,y € F}, U, , = {[z,0,2]" € F3|z,z € F}
and U, , == {[0,, 2|7 € F3|y, z € F} be three subspaces of F3. Then UpyNU, N, , =
{0}, but the sum U, , + U, , + U, is not direct as 0 = [1,1,0]T +[—1,0,0]" 4 [0, —1,0]".

2.3.4. Quotient spaces

Another way to construct new vector spaces from old ones is by quotienting them. This
is not part of this module and we present it here only for the interested reader.

[ To go further L

Let V be an F-vector space and let U C V be a subspace. The relation v ~ w if
v—w € U defines an equivalence relation on V. Let ©7:= {w € V | w ~ v} be the
equivalence class of v and let V /U := {v|v € V'}. The relation ~ is compatible
with the vector space structure, meaning that if v; ~ w; and vy ~ w,, then
Av; +w; ~ Avy 4w, for all scalar A. This means that the operation v+w := v+ w
and Mo := \v are well-defined. One can check that (V /U, +,) is a F-vector space
(with Oy = 0y and —v = =), called the quotient of V by U.

The surjective map V — V /U, v - v is called the canonical projection of V' onto
it’s quotient. It is a linear map.

The reader that already know a bit of group theory is encouraged to try to state
and proof the “first isomorphism theorem for F-vector spaces” by analogy.

2.4. Span, linear independence and bases

It is well-known that any vector of R? can be uniquely written as A [(1)] + um, where

A and p are real numbers. The family ([(1)], [?]) is called the (standard) basis of R2.
While it is easy to generalise this to F™, the generalisation to an abstract vector space
requires more work. This is the subject of this section.

2.4.1. Linear combinations and span

In the previous sections, we sometimes used combination of vectors of the form Av + pu.
Such combinations play an important role in the theory of vector spaces, and thus deserve
a specific name.

Definition 2.4.1.

Let V' be an F-vector space. A linear combination of the vectors vy,..., v, is any
vector of the form
)\1'[)1 + + )\kvk

where each A; € F is a scalar.
By definition, 0 is the only linear combination of no vectors.
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Example 2.4.2. All the vectors 0, v;, v; + vy, 2v; — 3v,y are linear combinations of v;
and v,.

Example 2.4.3. The vector [17,—4,2]" € F? is a linear combination of v = [2,1,—3]"
and w = [1,—2,4]" while [17,—4,5]" is not. In order to show that, we need to find A
and p such that [17,—4,2]T = A\[2,1, —3]" 4+ u[1,—2,4]". That is, we need to solve the

linear system
17 2 1
4l =11 =2 [)\]
2 —3 4 |H

Using row operations: r; - r; — 2ry and r3 = 73 + 3, gives the following system

R

This system admits the solution 4 =5 and A = 6, so [17, —4, 2]T = 6v 4 5w is indeed a
linear combination of v and w. The corresponding system for [17, —4, 5]7 has no solutions,
and therefore [17,—4,5]" is not a linear combination of v and w.

Example 2.4.4. The function sin(x + %) is a linear combination of sin(z) and cos(z) €
RR®. Indeed, sin(z + ) = ‘/75 sin(z) + \/75 cos(z).

The linear combination of vectors is an easy way to create new vectors from know ones.
It is natural to collect all such vectors.

Definition 2.4.5.
Let vy, .., v;, be vectors in an F-vector space V. Their span is the subset

spang, (vy, ..., vg) = {Avy + -+ Ay [V A, €FFC VL

We also define span( ) = span(g) := {0y}
If span(vy, ... ,v) = V, we say that (vy,...,v;) spans V, or that V is spanned by
(v1,...,vg), or also that (vq,...,v;) is a spanning family for V.

Observe that the span does not really depend on the family (v, ..., v;), but only on
the corresponding subset {vy,...,v,} C V of vectors.

Remark 2.4.6. ]

In practice, we will often drop the subscript and simply write span(vy, ..., vy).
However, F' does matter! For example, let C be viewed as a C-vector space. Then
spanc(l) = C. But we can also view C as a R-vector space. In this case we have
spang (1) ={a+0i|a € R} C C.
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Example 2.4.7. The space F" is spanned by e; = [1,0,...,0]T, e = [0,1,0,...,0]T,...,
e, = [0,...,0,1]7. Indeed, every [z,...,%,]  in F™ can be written as [z{,...,2,]" =
71[1,0,...,0]" + - +z,[0,...,0,1]T.

Example 2.4.8. Let S be a finite set. For every s € S, define x,: S — F to be the
characteristic function of s:
1 ift=s,
Xs(t) = {

0 otherwise.

Then F¥ is spanned by {x, | s € S}: for any f € F* we have f = ZSES f(s)xs where
the f(s) € F are scalars. Indeed, since we are dealing with functions, the equality
f= Zse s/ (s)x; is true if and only if for every ¢ € S the values of both sides agree when
evaluated at t. But we have

(Zf(S)Xs) (8) = D (f(9)xs(t) =04+ 0+ f()L+ 0+ +0 = f(2).

seS seS

[ To go further L

The span of a finite family of vectors is the subset of all linear combination of these
vectors. One can also define linear combination of infinitely many vectors and
span of an arbitrary family of vectors. The trick is that in a linear combination
of an infinite family of vectors, we ask that almost all coefficients (that is all but
finitely many) to be 0. Formally, if (v,),c; is a possibly infinite family of vectors
of V, then

Span((va)ael) = {Z Aava

acl

Ao = 0 for all but finitely many a}.

We have Span((”a)aél) = UJQI finite Span((va)aeJ)‘
With this general notion of spanning family, one can generalise Example 2.4.8. Let
S be any set.

For every s € S, define x,: S — F to be the characteristic function of s.
Then the direct sum F(S) = @D F is spanned by {x, |s € S}.

Be careful that the product [ F is not spanned by {x,[s € S}. Indeed, span({x;|
s € S}) consists of linear combinations of finitely many of the x,. In particular,
any function in span({x, | s € S}) has value 0 for all but finitely many s. So the
constant function 1:.5 — F, s+ 1is in [[, F but not in span({x, | s € S}).

Span is important because of the following result.
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Theorem 2.4.9. |

J

Let V' be a vector space and let (v,),cr be a family of vectors of V. Then
span((vy)aecr) is the smallest subspace of V' containing all the v,,.

Proof. We will prove the theorem for a finite family (vq,...,v;,) of vectors. The general
statement follows from span((v,)acr) = UJg fnite SPAR((Va) ae s )-

We need to prove three things. Firstly that span(vy,...,v;) is a subspace, secondly
that it contains all the v; and finally that it is the smallest such space. If k = 0 (that is
if the family is empty), then span(@) = {0} by definition, is the smallest subspace of V'
and hence the result holds. We can therefore assume in the following that k > 1.

We have 0 = O0v; + - + Ov,, € span(vy,...,v;). If v and w are two vectors in
span(vy,...,v;) and A € F is a scalar, there exists Aj, ; € F such that

A+ w = AApvy + - 4 Agvg) + (pvyg + -+ pgvg)
= (AN + p)vg + -+ (AX + pg)vg, € span(vy, ..., vy,).

We conclude that span(vy,...,v;) is a subspace.

For any v; we have v; = 0vy + -+ 0v;_y + 1v; + O0vj;y + - + Ovy, € span(vy, ..., vy),
so span(vy, ..., v,) contains all the v;.

Finally, suppose that U is a subspace containing all the v;. We want to show that
U also contains span(vy,...,v;). Let v = A\jv; + - + A,v, be an arbitrary element of
span(vy, ..., v;). By assumption, the v; belong to W. But W being a subspace, it is
closed under scalar multiplication and under addition. It therefore contains v, which
finishes the proof of a finite family vy, ..., v, of vectors. O

Corollary 2.4.10. Let V be a vector space and let (U,),c; be a family of subspaces.
Then -, Uy =span(U__, Uy)-

Proof. If the family is empty, then both Zaeg U, and Span(Uaeg U,) are equal to {0}
by definition.

If the family is non-empty, both 3° _ U, (Theorem 2.3.31) and span({J__, U,) (The-
orem 2.4.9) are both the smallest subspace of V' containing all the U,, for all « € I. They
are hence equal. O

2.4.2. Linear independence

Consider the following example: V = R? and v, = [é], Uy = [(1)], Vg = H] Then V =
span(v,, vy) and 0-v; +0-vy = 0 is the only way to write 0 as a linear combination of v; and
vy. We also have V' = span(vy, vy, v3), but for every A € R we have Av; + Avy — Avg = 0.
We have here a phenomenon similar to what happens with sums and direct sums.
Indeed, if we let U, := span(v;) = {[8] ‘:c € R}, U, := span(vy) = {[2] |y € R} and
W := span(vs) = {[z] |z € R} then V = U, @ U, = U, + U, + W, with the first sum
direct but the second one not. We would like to have a criterion on the vectors similar to
the criterion for direct sums for subspaces. This is provided by the next definition.
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Definition 2.4.11.

Let vy, .., v3, be vectors in an F-vector space V. They are linearly independent
if the vector equation A\v; +---4+ A v, = 0 has a unique solution: A\; =--- =X, =0.
A non-linearly independent family of vectors is called linearly dependent. That
is, vq,.., vy, are linearly dependent if and only if A\jv; + - + ALy, = 0 admits a
non-trivial solution (with one of the A; # 0).

By definition, the empty set & is linearly independent.

If two of the v; are identical, then the family (vq,...,v}) is linearly dependent.

,_[ Remark 2.4.12. ]

Once again, F does matter! For example, let C be viewed as a C-vector space.
Then the family (1,i) is linearly dependent over C as 0 =i-1—1-1i (here we
have \; =iand Ay = —1). But we can also view C as a R-vector space. In this
case the family (1,1i) is linearly independent over R as 0 = A + iy does not admit
non-trivial real solutions.

[ To go further L

An arbitrary (possibly infinite) family (v,,),ec; of vectors is linearly independent
if the vector equation } 5 _ A v, = 0 (with all but finitely many A, = 0) has
a unique solution: A, = 0 for all @« € I. A non linearly independent family is
linearly dependent.

The family (v,),e; is linearly independent if and only if every finite subfamily is
linearly independent. It is linearly dependent if and only if there exists a finite

subfamily that is linearly dependent.

Let us investigate some easy consequences of this definition.
Lemma 2.4.13. 1. Any family of vectors containing 0 is linearly dependent;
2. A single vector v is linearly independent if and only if v £ 0;

3. Two vectors v,w € V are linearly independent if and only if both v ¢ span(w)
and w ¢ span(v). If v+ 0, then v and w are linearly independent if and only if
v ¢ span(w).

Proof. “1” One can always write 0 =1-04+0-v; + -+ 0 - v.

“2” This follows from the fact that 0 = Av if and only if A =0 or v = 0.

“3” If v is in span(w), then v = pw for some pu € R. Then the equation 0 =
A1V + Aqw = (uA; + Ay)w has the non-trivial solution A; =1 and Ay = —p. So (v, w) is
linearly dependent. If w is in span(v) a symmetric argument also shows that (v, w) is
linearly dependent.

The equation 0 = A\jv + A\yw is equivalent to \jv = —Ayw. If (v,w) is linearly
dependent, then at least one of A\; or A, is non-zero. If A\; # 0, then v = —AT1\yw is
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in span(w). Similarly, if Ay # 0, then v is in span(w). We can hence conclude that the
linear dependence of (v, w) implies that v € span(w) or w € span(v)

Finally, suppose that v # 0 and that (v, w) is linearly dependent, so A\;v = —Ayw for
some (A, Ay) # (0,0). We claim that Ay # 0. Indeed, otherwise we would have A;v = 0
forcing A\; = 0, which is absurd. From Ay # 0, w conclude as above that v is in span(w)
We conclude from Av = —pw that both A and u are not 0. O

Observe that without the hypothesis v # 0 it is not enough to check only one of the
condition v ¢ span(w) and w ¢ span(v). Indeed, if v # 0 and w = 0, then we have
v ¢ span(w), but (v, w) is a linearly dependent family as it contains 0.

We now see more examples of linear dependence/independence.

Example 2.4.14. The vectors [2,3,1]T, [1,—1,2]T and [17,3,c]" in F3 are linearly

dependent if and only if
2 1 7N 0
A | NH
1 2 cf | 0

has a non trivial solution. That is if and only if

2 1 7
det |3 —1 3| =0,
1 2 ¢

which is true if and only if ¢ = 8.

Example 2.4.15. Let (u,),cr be a family of vectors in a vector space V. Suppose that
there exists o € I such that that v, belongs to span((u,)acia,)- Then (ug)acr is
linearly dependent.

Let us show this for a finite family (v, vy, ..., v;). Without loss of generality, one can
suppose that v; € span(vs, ...,v;). By hypothesis we have v; = Aqvy + --- + Apvy. This
directly implies that 0 = (—1) - v; + Aquy + -+ + A,vy, and so (vq, v, ..., v;) is linearly
dependent.

An attentive reader might have observed that the definitions of linear independence
(Definition 2.4.11) and of direct sum (Definition 2.3.33) are similar. Indeed, these two
concepts are related and the following result follows directly from the definitions.

Proposition 2.4.16. Let (v, ),c; be a family of non-zero vectors in a vector space V.
Then the following are equivalent:

I (v,)qcr s linearly independent;
II. The sum Eae[ span(v,, ) s direct.
As another interesting result linking linear independence and spanning, we have

Lemma 2.4.17. A family (v,),er is linearly independent if and only if any vector v in
span((vy)qer) can uniquely be written as a combination of the v,s.
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Proof. We will prove the theorem for a finite family (vy, ..., v;,) of vectors. The general
proof is similar.

“«<” Suppose that (vy,...,v;) is linearly independent and let v = A\jv; + -+ + A\pvp, =
110y + -+ + pv; be two decompositions of v as a linear combination of the v;s. Then
0=v—v= (A —py)vy + -+ (A — pg)v and so \; = p; for all j € {1,..., k}, proving
unicity of the decomposition.

“=7” Since 0 belongs to the span of the v;s, the equation 0 = Ajv; + -+ + Apvy, has a
unique solution by assumption. This implies that all the A;s are necessarily 0, proving
the linear independence of the family (vq, ..., v;). O

2.4.3. Bases

We can finally formally define the fundamental notion of this section: the basis of a
vector space.
Definition 2.4.18.

A basis of an F-vector space V' is a family (v,),c; of vectors that is both linearly
independent and spanning.

,_[ Remark 2.4.19. ]

The field F does matter if we want to check that a family of vectors is a basis (that
is: is both linearly independent and spanning). For example, let C be viewed as a
C-vector space. Then the family 1 is a basis, but (1,i) is not. But we can also
view C as a R-vector space, in which case (1,1) is a basis, but 1 is not.

,.[ Remark 2.4.20. ]
We explicitly require that a basis is a family of vectors, not simply a set. If it is
finite, then it is simply a k-tuple (vq,...,vy) for some k € N. In particular, in R?
the two families ([(1)], [2]) and ([g] : [é]) are different bases even if they have the
same elements.

We already have seen some examples of bases.

Example 2.4.21. The family (e, := [1,0,...,0]T,...,e,, := [0, ...,0,1]T) is a basis of F™™.
It is called the standard basis of F™.

Example 2.4.22. The family (1, z, ..., z™) is a basis of P(F),,,. It is called the standard
basis of P(F),,. The family (1,z,...,2™,...) is a basis of P(F). It is called the standard
basis of P(F).

Example 2.4.23. The emptyset @ is the only basis of {0}. It is a basis because
span(&) = {0}. It is the only basis because (0) is a linearly dependent list.
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Remark 2.4.24. ]

In general, even if a basis exists it is not unique (even up to permutation of
the elements). Indeed, if (vq,vq,vs, ..., v;) a basis of an F-vector space V, then
replacing (vy,v; + vg,v3,...,v;) is still a basis. See Tutorial 3, Question 1 for
another similar example.

Example 2.4.25. The bases of F are exactly the non-zero elements. Indeed, (x) is
linearly independent if and only if x # 0. Moreover, any y € F can be written as
y = (yz~ 1) -z with yz~! € F, so span(z) = F. Finally, any family of F with at least 2
elements is linearly dependent by the same argument as above, while the empty family is
not spanning.

[ To go further L

Let V be a vector space with a basis with exactly one element. By the forthcoming
Corollary 2.4.27 this means that V' = F. So any element of F'\ {0} is a basis as we
have just seen. This means that if F has at least 3 elements, then V has at least 2
bases. However, if F = F, = {0,1} is the 2 elements field F, from Example A.2.2,
then V has also 2 elements and hence a unique basis.

To summarise, the only vector spaces that admit a unique basis are: {0} (any F)
and F, (as an F,-vector space).

We have a first equivalent characterisation of bases.

Lemma 2.4.26. Let (v,)qcr be a family of vectors in a vector space V. Then the
following are equivalent;

I (vy)acr s a basis of V;
II. Every vector v € V' can uniquely be written as a linear combination of elements of

(Ua)ael :

Proof. On one hand, the set of vectors that can be written as a linear combination of
elements of (v,),c; is by definition span((v,),er)- This holds for every vector of V' if
and only if (v, ),cs is spanning.

On the other hand, every vector in span((v,)qcy) can uniquely be written as a linear
combination if and only if the family (v,,),es is linearly independent. O

Corollary 2.4.27. Let V be an F-vector space. Suppose that V admits a finite basis
(v1y ..y 0,,). Then the map

v = Z)\JUJ — ['U](% = [)\1, 7)\m]T

is a well-defined bijection. We will see in Corollary 3.1.49 than it is a fact an isomorphism
of vector spaces.
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Definition 2.4.28.

Let (vy)qer be a basis of a vector space V and let v € V be a vector. By

Lemma 2.4.26, there exists a unique way to write v =3 _ A v, (with all but

finitely many A, = 0). The A, are called the coordinates of v in the basis

(/Uoz)ael'

Exercise 2.4.29. The family ([ﬂ, [;]) is a basis of R2. What are the coordinates of
[(1)] in this basis?

Solution. To solve this, we need to find A and p solutions to

] =)

The unique solution to this system is given by A = % and pu = —%. O

We now give another characterisation of bases.

,_[ Theorem 2.4.30. ]

Let (vy)qer be a family of vectors in a vector space V. Then the following are
equivalent,

I (vy)aer s a basis of V;
II. (vy)aer s a mazimal linearly independent family;
III. (v, )aer % @ minimal spanning family;

1V. Every vector v € V can uniquely be written as a linear combination of
elements of (vy)qcr-

Proof. To simplify the notation, let us write & := (v,)qcr-

“I <= IV” is Lemma 2.4.26.

“I = II” By hypothesis, & is both linearly independent and spanning. We claim
that it is is maximal among linearly independent family: if a family € of vectors V'
contains both & and a vector v not in 9B, then it is not linearly independent. Indeed
v =3 5 AaVs (with all but finitely many A, = 0), so 0 = (=1)v+3_ is a
linear dependence relation.

“I = III” As above % is both linearly independent and spanning. We claim that
it is minimal among spanning family: any proper subfamily & of it is not spanning.
Suppose that was not the case. Then there exists a subfamily & C % spanning, and
linearly independent as it is included in %. But by the above & is a maximal linearly
independent family, contradicting the linear independence of A.

“II = I” Suppose that & is a maximal linearly independent family. We need to prove
it is spanning. Let v be any element in V. If v is already in 9% then it is in span(A).

a€el )\a'l)a
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Otherwise, the {v} U % is not linearly independent and therefore there exists A and A,
(with all but finitely many A, = 0) not all 0 such that

A+ Y A0, =0.

acl

But A # 0 as this would contradict the linear independence of 9. We conclude that
v=—3 At v, is in span(9B).

“III = I” Suppose that 9% is a minimal spanning family. We need to prove it is
linearly independent. Let (A, )qc; be scalars (with all but finitely many A, = 0) such

that
0= Z AaVq-

ael

We need to prove that they are all 0. Suppose by contradiction that there exists ay

such that A\, # 0. This would implies that v, = —)\;; N }Aava. But then
0
span(% \ v, ) = span(%) = V contradicting the minimality of 9. O

Remark 2.4.31. ]

In this subsection we have obtained some interesting result about bases. However,
we still have not yet proved that bases exist. This will be the subject of the next
subsection.

2.4.4. Finite dimensional vector spaces

Our aim in this subsection is to define the dimension of a vector space and to prove a
few properties of it. It turns out that defining the dimension of an arbitrary vector space
is quite complicated, see the Infinite dimensional vector spaces box on page 54. We will
therefore first defined what it means for a vector space to be finite dimensional, and only
after define the dimension of a finite dimensional vector space.

Definition 2.4.32.

A vector space V is said to be finite dimensional (or of finite type) if it has a
finite spanning set. Otherwise it is infinite dimensional.

Example 2.4.33. The vector space F™ is finite dimensional, as its standard basis is a
spanning family with m elements.

Example 2.4.34. The vector space P(F') of polynomials is infinite dimensional. Indeed,
let py, .., py be a finite set of polynomial. Let d := max{deg(p;) | j € {1,...,k}} be
their maximal degree. Then any polynomial in span(py,...,p;) has degree at most d.
We conclude that span(py,...,p;) C P(F),; € P(F) and thus that there exists no finite
spanning set in P(F).

We can now prove the most important theorem of this section.
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Theorem 2.4.35. ]

Every finite dimensional vector space V' has a finite basis. ]
Proof. Let (vq,...,v;) be a finite spanning family. Since this family is finite, it contains
a minimal spanning subfamily 9, which is a basis by Theorem 2.4.30. O

We have seen in Lemma 2.4.13 and Example 2.4.15 that there exists some relation
between span and linear independence. This relationship is quite important and we have
the following converse of Example 2.4.15.

Lemma 2.4.36 (Linear dependence lemma). Let (vy,...,v;) be a linearly dependent
family of vectors in a vector space V.. Then there exists j € {1,...,k} such that

1. v; belongs to span(vy, ..., v;_1);

2. span(vy, ..., V) = Span(vy, ..., Vj_1,Vj41, -, V) (We can remove v; without chang-
ing the span).

Proof. We start by proving the first assertion. By hypothesis, there exists (A, ..., ;) €
F* with at least one non-zero \; such that 0 = A\jv; + -+ A\vg. Let j := max{l |\, # 0}
be the biggest index such that A; # 0. Since A; is not 0, we can divide both sides by it
to obtain
0= )\;1)\1’01 + -+ )\;1)\-7‘_1’0.7‘_1 + 'Uj + 0- Uj—i—l + -+ 0- ’Uk

by maximality of j. So v; = (—A;l)\l)vl + et (—)\;1)\]-,1)03;1 is in span(vy, ..., v;_q).

For the second assertion, it is clear that the right hand side is contained in the left
hand side. For the other inclusion, let v be any element of span(vy,...,v;). Then there
exist pyq, .., b such that

V= HpUp e gl
= pavy o a0y (AT A = = AN v ) v e g
= (= AT AUy 4+ (g — AT N o) Vg F BV o g

So v belongs to span(vy, ..., v;_1,vj41, - V), Which finishes the proof. O

Using this lemma, we can prove the following important result.

Theorem 2.4.37 (Grassmann’s exchange lemma). ]

Let V' be a vector space. Let (vq,...,v;) be a finite linearly independent family and
let (wg)qer be a (possibly infinite) spanning family. Then k < #1.

Moreover, if I = {1,...,1}, there exists a renumbering of the w;s such that
(V15 ooy Upy Wy 15 oo, Wy) 1S SPATMING.

6Named after Hermann Giinther Grassmann (1809-1877).
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Proof. We will prove the theorem for a finite spanning family(w;, ..., w;) . The general
proof is similar. Consider the family (v;,wy,...,w;). Since v; is in V' = span(wy, ... ,w;),
the above family is linearly dependent. Moreover, v; # 0 since it belongs to a linearly
independent family. So v; ¢ span(&). By Lemma 2.4.36, there exists j; such that
V = span(vy, wy, ..., w;) = span(vy, wy, ..., Wi 1, W) 41y s wy).

Now, consider the family (vy, vy, wy, ..., w; _1,w; 41,-,w;). This family is linearly
dependent and v, ¢ span(v;) by linear independence. So there exists j, such that
V = span(vy, vy, wy, ... s Wis s Wiy e ,w;).” By repeating this process, we find distinct
J1 to jj such that we can replace w; by v, in (wyq,...,w;) and still have a spanning

J
family. Since all the j, are distinct, we conclude that k < [. O

If we forget about technical details, what really says the above theorem is: finite
linearly independent families of vectors are shorter than spanning families. We have an
immediate but extremely important corollary of it.

Corollary 2.4.38. Let V be a finite dimensional vector space. Then all its bases have
the same number of elements.

Proof. By Theorem 2.4.35 V' admits a finite basis & with m elements. Let B’ be any
other basis. Since &’ is linearly independent and &% is spanning, %’ has at most m
elements by Theorem 2.4.37, it is hence a finite basis. By exchanging the roles of % and
%', we see that B’ has at least, and thus exactly, m elements. O

We can now finally state the main definition of this subsection.

Definition 2.4.39.

Let V be a finite dimensional F-vector space. Its dimension dimg (V) is the

number of elements in any of it’s bases.

Observe that if V' is finite dimensional, then its dimension dimg (V') is finite.
Example 2.4.40. For any field F, the space {0} is the only F-vector space of dimension 0.

Example 2.4.41. We have dimg (F™) = m and dimg(P(F),,,) = m + 1. Indeed, the
standard basis of F™ has m elements, while the standard basis of P(F),,, has m + 1
elements, see Examples 2.4.21 and 2.4.22.

Remark 2.4.42. |

We will often drop the subscript F and simply write dim(V'). However, F does
matter. For example dim(C) = 1 while dimg (C) = 2.

The next result might naively seem trivially true. However, its proof is far to be trivial.

7 : . .
(U1, Vg, Wiy vy W ey 55 e s wy) 8 the list (v, vy, Wy, ..., wy) With w; and w;, removed.
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Theorem 2.4.43. |

J

Let U be a subspace of a finite dimensional vector space V. Then dim(U) < dim(V).
In particular, every subspace of a finite dimensional vector space is also finite
dimensional.

Proof. We do not know yet that U is finite dimensional. So we would like to prove
the theorem without assuming the existence of a basis. What we will do is show that
U has at least one maximal linearly independent family 93, which will be a basis by
Theorem 2.4.30.

Every linearly independent family of vectors of U is also a linearly independent family
of vectors of V. By consequence, every such family has at most dim(V') elements by
Theorem 2.4.37. We conclude that any linearly independent family & of vectors of U is
contained in a maximal linearly independent family & of vectors of U. To conclude the
proof it is hence enough to show that U has at least one linearly independent family &/
of vectors. One can always take of = & to be the empty family. O

To conclude this subsection, we present two important consequences of Grassmann’s
exchange lemma.

Corollary 2.4.44. Let V be a vector space of dimension m. Then
1. Any linearly independent family of m vectors is a basis;
2. Any spanning family of m vectors is a basis.
Proof. This is a direct consequence of Theorems 2.4.30 and 2.4.37. O

Corollary 2.4.45. Let U be a subspace of a finite dimensional vector space V. Then
dim(U) = dim(V) if and only if U =V.

Proof. The proof is left to the reader (see Tutorial 3, Question 3). O

Corollary 2.4.46. Let V be a finite dimensional vector space. Then any linearly
independent family can be completed into a basis of V.

Proof. Let (vq,...,v;) be a linearly independent family and let (w, ..., w,,) be a basis
of V. Applying Theorem 2.4.37 we obtain a family (vq, ..., v, Wy ,'ij) that is both
linearly independent and spanning (with k& 4+ r = m). O
Corollary 2.4.47. Let V be a vector space of dimension m and let U be a subspace
of dimension l. Then every basis (uy,...,u;) of U can be completed into a basis
(Upy ooy U, Uy e s Uy ) Of Vo

Proof. If (uq,...,u;) is a basis of U it is linearly independent. It can hence be completed
to a basis of V' by the previous corollary. O
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[ Infinite dimensional vector spaces L

The proofs of Theorems 2.4.35 and 2.4.37 and Corollary 2.4.38 only work for finite
dimensional vector spaces. The results however remain true for infinite dimensional
vector spaces, under one extra-technical set-theoric assumption called (AC), see
Appendix A.1.2. That is, if we assume (AC), then the following hold.

FEvery vector space has a basis, and any two of its bases have the same
cardinality. Moreover, a linearly independent family is of smaller cardinality
than a spanning family.

We can use this to define the dimension of V' to be the cardinality of any of its
bases. With this notion, a vector space V is finite dimensional if and only if
its dimension is finite. With this general notion of dimension, we still have (see
Theorem 2.4.43 and Corollary 2.4.47)

If U is a subspace of a (possibly infinite dimensional) vector space V, then
dim(U) < dim(V'). Moreover, any basis of U can be completed into a basis
of V.

However, Corollaries 2.4.44 and 2.4.45 are not true for infinite dimensional vector
spaces. Indeed, if U C F(N) is the subspace of sequences with a 0 in the first
coordinate, then dim(U) = dim(F™)), but U is a proper subspace of F(N),

2.4.5. Sums of subspaces and dimension

Let U and W be two subspaces of a vector space V. It follows from Theorem 2.4.43 that
dim(UNW) <dim(U) < dim(U + W).

Recall from Definition 2.3.40 that if U is a subspace of V', a complementary subspace
for U is a subspace W C V such that U @ W = V. Using bases, we will show that such a
W always exists.

Theorem 2.4.48. |

J
Let U be a subspace of a vector space V. Then there exists a complementary
subspace W. That is, there exists W such that U ®W =V.

Proof. We give the proof only for finite dimensional vector spaces, but the result remains
true in general. Let (uq,...,u;) be a basis of U and complete it to (uy, ..., u;, V41 .., Uy )
a basis of V. Let W := span (v, 1, ..., v,,). We claim that U@ W = V.

On one hand, it is clear that U + W 2 span(uy, ..., u;, V41 -.-,v,,) = V and so that
U+ W = V. On the other hand, if v belongs to U N W, there exists ()\j);”:l such that

O=v—v= ()\1U1 + -+ )\lul) — ()‘H-llvl—i-l + -+ Am”m)

By linear independence we conclude that all the A; are zero and thus that v = Ajuy +
-+ A\ju; = 0. We have just proved that U N W = {0} and so the sum is direct. O
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Remark 2.4.49. ]

Such a W is not unique in general, see Example 2.3.36. However both {0} and V'
itself have a unique direct complement (which is respectively V' and {0}).

It turns out that having a unique complement characterise 0 and V.

Proposition 2.4.50. Let U C V be a subspace of a vector space. Then U admits a

unique complement if and only if U = {0} or U =1V.

Proof. “=? If U =V, then V+ W =V for all subspaces W. Moreover, W = {0} is the

only subspace such that VN W = {0}, so {0} is the only direct complement of V. This

also implies that V is a direct complement of {0}. Finally, if U = {0} then W =V is

the only subspace such that U + W = V. So V is the only direct complement of {0}.
“«<” This direction is more difficult and we will skip it. But see below for a proof. [

[ To go further L
If U CV admits a unique direct complement then U = {0} or U =V.

Proof. We will prove it for finite dimensional vector spaces, but the general proof
is similar.
Let {0} C U C V be a subspace and let W; be a direct complement of U. On one
hand, since U # {0} it has a non-empty basis (uy, ..., u,,). On the other hand,
since U # V the subspace W] is not {0}. In particular W has a non-empty basis
(wy, ..., w,). Define W, := span(u; +w,, ws, ... ,w,, ). We claim that W, # W, and
that it is another direct complement of U.
Firstly, W, #+ W,. Indeed, if W, C W, then W, contains both w; and u; + w;.
This would implies that 0 # u; = (u; +w;) — u; is in U N W, which contradicts
the fact that U @& W] is a direct sum.
One can also show that W, does not contains u;. Indeed, if it was the case then
W, would also contains w; and hence w; = A;(u; + wy) + Aqwy + - + A, w,
for some scalars A;. We cannot have A; = 0 as this would contradict the linear
independence of (wy, ..., w,,). But A; # 0 implies that u; is in W} which is absurd.
Secondly, let v € U N W,. Then there exists scalars (A;)7_; such that v = A;(uy +
wy) + Agqwg + ... + A w,, € UNW,. But then v— A\ u; = A\jw; + Aqwy + ...+ A, w,
isin UNW; = {0}. So A\ju; = visin U N W,. This means that either v = 0
as desired or that u; = )\1_11) € W,. We just proved that the second possibility
cannot happen. This finish the proof that U + Wy = U @ W, is a direct sum.
It remains to show that U + W, = V. Let v € V = U + W, be any vector in V.
Then there exists scalars (y;)72; and (A;)}_; such that

V= iUy o Uy + A Wy o+ Ay,

= (p1 — Nuy + poty + -+ U + A (ug +wy) + Adgwy -+ + Aywy,

showing that V C U @& . O
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Recall that if A and B are two finite subsets of C' we have the inclusion-exclusion
formula: #(AUB) = #A+#B—#(ANB). A similar result holds for subspaces of vector
spaces, where the cardinality of a subset is replaced by the dimension of a subspace.

Theorem 2.4.51. |

Let V be a vector space and let U and W be two finite dimensional subspaces.
Then we have

dim(U + W) = dim(U) + dim(W) — dim(U N W).

Proof. To prove results about dimension of vector spaces, it is usually useful to use

bases. So let (vq,...,v,,) be a basis of the finite dimensional vector space U N W, so
dim(U N W) = m. We can extend it to (vy,...,v,,,u,...,u;) a basis of U, but also
to (vy,...,0,,, W, ..., w;) a basis of W, so dim(U) = m + k and dim(W) = m + . We

claim that (vy,...,v,,, Uy, .., Uy, Wy, ... ,W,,) is a basis of U + W. This will imply that
dim(U4+W)=m+k+l=(m+k)+ (m+1)—m.

The family (vq, ..., v,,, Uy, ... , u) spans U while the family (vy, ..., v,,,w;, ..., w;) spans
W. So the family (v, ...,V Upy ooy Uy V1 ov s Uy, W,y --. , W) spans U + W and so does
(U1 eee s Uppyy Upy ovv s Upg, Wi,y - , W, ), Where we just removed the repeated vectors.

In order to finish the proof, we need to show that (vy,...,v,,, Uy, ..., Ug, Wy, ..., Ww,,) is

linearly independent. Let \;, u; and ; be scalars such that
0= Ao+ + AU + Uy + -+ ppuy + 701 + -+
Then the element
vi= —(ywy W) = Aoyt AUy Uy e gy,
is in W NU. That is, there exists 3; such that v = v, +--- + 3,,v,,,. We have
0=v—v=(A; =B+ + Ay — Bm)Vp + pruy + - + .

Using the linear independence of (vq, ..., v,,, Uy, ..., ) we obtain that all the coefficients

y Ymo

are 0 and in particular that p; = 0 for all j € {1,...,k}. We conclude that

v=—(yw; + -+ yw;) = Ao+ AU

Writing 0 = v — v and using the linear independence of (vy, ..., v,,,w;, ..., w;) we obtain
that all the A; and ~; are 0, which finishes the proof of the linear independence of
(U1 ee s Uy Uy wee s Uy Wiy ey Wy ) O

Corollary 2.4.52. Let V be a finite dimensional vector space and let U; + -+ U, be a
sum of subspaces. Then the following are equivalent:

1. The sum is direct;

II. dim(U; & - @ Uy) = dim(U;) + -+ + dim(Uy).
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Proof. If k =1, there is nothing to prove. The case k = 2 is a simple application of the
Theorem, since U; N U, = {0} if and only if the sum U; + U, is direct. The case k > 3 is
done by induction. O

[ Infinite dimensional vector spaces L

| €

For a general vector space V', we still have the formula

dim(U + W) +dim(U N W) = dim(U) + dim(W).

However, this is not really interesting as for infinite dimensional vector subspaces,
dim(U) + dim(W) = max{dim(U), dim(W)}. More generally, using bases, one can

show
dim(@ Ua) =Y dim(T],).

acl acel

But to understand the above expression we need to make sense of infinite sums of
infinite cardinals, which goes beyond this course.
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3.1. Linear maps, kernels and images

Standing assumption

In this chapter, we will fix an arbitrary field F. In particular, when talking about
multiple vector spaces, U, V, W, etc. we will always assume that they are vector
spaces over the same field.

In the previous chapter, we have defined vector spaces and started the study of their
structure (subspaces, bases, ..). In this chapter we will see how to connect vector spaces
by maps that preserve their structures.

In this section, we will define a linear map as a map T: V — W that “preserves
the vector space structure”. A prominent example of such maps is given by matrix
multiplications. We will then define two subspaces associated with 7'. The first one,
Im(7T) C W is simply the image of T' and related to surjectivity, similarly to what happens
with maps between sets. The second subspace ker(T') C V is related to injectivity and
does not have an equivalence in the realm of functions between sets.

3.1.1. Definition and first properties

Before defining linear maps between vector spaces, let us shortly recall the situation for
sets from Chapter 1. Sets do not have structure. We are therefore interested in any maps
f: A — B without restrictions. Bijections are specially important maps and whenever
there exists a bijection A —» B we consider A and B identical as sets. Moreover, we
have A ~ B if and only if #4 = #B.

Contrary to sets, vector spaces do have structure, namely the addition and scalar
multiplication. So we are interested in maps between vector spaces that do “preserve”
this structure. Here is an example that shows why bijections are not the correct tools to
use for vector spaces. There exists a bijection between R and R?, so they are identical
as sets. However, as real vector spaces R and R? are quite different (for example, they
do not have the same dimension) and thus should not be identified as vector spaces.
Actually, there even exists a bijection between R and R™) while one is of dimension 1
and the dimension of other is infinite.

Definition 3.1.1.

Let V and W be two vector spaces over the same field F. AmapT: V — W is a
F-linear map (or F-linear transformation, or simply linear map or linear
transformation) if it satisfies the following two conditions:

(1) Vuve V:T(u+y v) =T(u) +yw T(v) (additivity);
(2) YoeV,AEF T\ -y v) =Xy T(v) (homogeneity).

We will sometimes write 7}, or T'v for T'(v).
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We write L(V, W) for the set of all linear maps from V to W:

LV, W):={T:V — W |T is linear}.

T(u)+T(v) =T(u+v)
U+ v ///’ |
o T(u) o)
(0,0) ] (0,0)
_r 2T (v) = T(2v)
20 T (v)
(0,0) (0,0)

Figure 3.1.: Effect of a linear map on addition and scalar multiplication of vectors in R?2.

,.[ Remark 3.1.2. ]

When writing T' € L(V, W) we means two things. Firstly that V and W are two
vector spaces over the same field. Secondly that T is a linear map from V to W.

,_[ Remark 3.1.3. ]

As usual, the base field F matters even if we will often not write it explicitly. For
example, let V =W = C . This is both a real vector space and a complex vector
space. Let T'(z) = Zz be the complex conjugate of z, that is a + bi = a — bi. Then
T is R-linear, but not C-linear, see Tutorial 4 Question 1.

J

The linear maps for which their domain and codomain coincide form an important
and interesting family.
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Definition 3.1.4.

If V is a vector space, L(V) := L(V,V). An element T € L(V) is called an
operator on V.

A vector space does not only have an addition and a scalar multiplication, it also has
a zero element and every vector has an additive inverse. We would like our maps to also
“preserve” these operations. Luckily we have this for free.

Lemma 3.1.5. For any linear map T € L(V,W) we have
1 T(0y) = Oy
2. VoeV:T(—yv) =—wT(v).

Proof. We have T(0y,) = T(0y + 0y) = T(0y) + T(0y/). Subtracting T'(0y,) on both
sides we obtain T'(0y,) = Oy.

The second assertion follows directly from the definition of linear map and the fact
that —v = (—1)v. O

Using the above lemma, one can summarise the two properties of linear maps into one
unique property. This is similar to what we did for subspaces.

Corollary 3.1.6. Let V and W be two vector spaces over the same field. A map
T:V = W is linear if and only if it satisfies the single condition

Vu,v € V,X€F: T(Au+v) = AT (u) + T (v).

Proof. If T is linear, then T'(Au +v) = T'(Au) + T'(v) = AT'(u) + T'(v).
If the map T satisfies the condition, then T'(u + v) = T'(lu + v) = T'(u) + T'(v) and
T(Au) =T(Au+0) = AT (u) + 0 = AT (u). O

Let us now see a few examples of linear maps.

Example 3.1.7. If V and W are two vector spaces over the same field F, one define the
zero map
Oﬁ(VW) 'V —W

v Oy

This is a linear map. The verifications are straightforward and left to the reader. As
usual, we will often drop the subscript and simply write 0 whenever V and W are clear
from context.

The above example shows that if V' and W are vector spaces over the same field, then
L(V,W) is never empty.
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Example 3.1.8. If V is a vector space, then the identity map

Vv

is a linear map. We will simply write Id if V is clear from context. But be careful:

It follows from the previous two examples that if V' # {0}, then £(V') has at least two
elements: 0 # Id. If V' = {0} then these two maps are the same.

Example 3.1.9 (Differentiation). Define

D: P(R) — P(R)
pr—p,

where p’ is the derivative of the polynomial p. From calculus, we know D(p + q) =
D(p) + D(q) and D(Ap) = AD(p), so D is a linear map. One can also define D on the
larger domain C®(R) := {f: R — R| f(® exists Vn} (the space of infinitely many times
differentiable real functions!) to itself. It is even possible to go complex and to define D
on P(C) or on C®(C).2

Observe that while we used the same letter D, we have 4 different linear maps.
Indeed, these maps are respectively elements of L(P(R),P(R)), L(C*(R),C*(R)),
L(P(C),P(C)) and of L(C>®(C),C>(C)). We used the same letter for these different
maps are they “do the same things”. In fact, they are restrictions one of the other. For
example, P(R) is a subspace of all the other 3 spaces and the D map on P(R) is the
restriction of any of the other three D maps.

Example 3.1.10 (Definite integration). Define
T: P(R) —

R

1
p!—)/ p(z) dz.

0

From calculus, we know that T is linear. This is still true if we replace the integration
interval [0,1] by any fixed interval [a, b] with a < b.

It is possible to extend T to {f: R — R | f integrable on [0, 1]} and even to complex
integrable functions.

Be careful, the differentiation map from the previous example is in L(P(R), P(R)),
but the definite integration map is in L(P(R),R).

Example 3.1.11 (Backward shift). Define
S: FN — FN
($07x1’x2a ) — (I1,$2,$3 )

One easily verify that S is linear.

A real function that is infinitely many times differentiable is called a smooth function.
2C>°(C) is the space of holomorphic functions. See your analysis class for more details.
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Example 3.1.12 (Multiplication by z). Define
T: P(F)— P(F)
p(z) — z - p(z).

One easily checks that T'(Ap + ¢q) = z(Ap + ¢q) = Azp + g = AT (p) + T'(¢) and so T is
linear. The map T is sometimes called the forward shift as

T(ag+ -+ a,z") = agx + -+ a, 2" =0+ a1 12+ -+ a, 12" + a(1)_12"

In other words, the sequence of coefficients (ay,...,qa,,0,...) is sent to the sequence
0,ag,-..,a,,0,...).

Observe that applying twice the map T is simply the multiplication by z2. Indeed,
T(T(p(z))) = 2* - p(a).

Our next example is more concrete and might look familiar.

Example 3.1.13. The map
T: R? — R?

a: L 20 —y + 32
Z Tx 4+ 5y — 62

is a linear map: T € L(R3,R?).

One can easily check that the above example corresponds to the left multiplication

by the matrix [3 _51 E’G]. Actually, multiplication by a matrix is always a linear map as

demonstrated in the following example.

Example 3.1.14. If a;; belongs to F for i € {1,...,m} and j € {1,...,n}, then the map

:L‘l all' ...... aln xl
. — T . .
2% Am1 - Amn Tn

is linear and belong to L(F™,F™). See Definition 3.2.5 for a reminder on matrix
multiplication.

We will see in Subsection 3.2.2 that any linear map from F™ to F™ can be realised by
a matrix multiplication.

The following theorem is important as it allows for easy construction of linear maps.
Indeed, it says that in order to construct a linear map T from V to W we only need to
decide the value of T on a basis of V.
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Theorem 3.1.15. |

J

Let V and W be two vector spaces. Suppose that (v, )acr %5 a basis of V and let
(Wo)wer be a list of arbitrary vectors (not necessarily distinct) in W. Then there
exists a unique linear map T € L(V,W) such that T (v,) = w,, for all o in I.

Proof. We will write the proof for a finite basis B = (vq,...,v
dimensional), the general case being similar.

We start by proving the existence of such a linear map. Let v be any vector in V.
Since & is a basis, there exists unique A;s such that v = Ajv; + -+ A, v,,. We define
T on v by T'(v) = \ywy + - + A w,, € W. By existence of the ;s each v has at least
one image, and by unicity each v has exactly one image, so T is a well-defined map. It
remains to check that T is linear. Let v = \jv; +--+ A, v,, and u = pyv; + -+ p,, 0V,
be arbitrary vectors in V and let v € F be a scalar. Then

of V' (so for V finite

m)

T(yv+u) =T((vA + p1)vy + -+ (WA + B Vi)
= (YA + pp)wy + -+ (YA F )Wy,
= y(Aqwy + 4 AWy ) + (w1 + -+ W)
= fyT(’U) + T(u)

For uniqueness, suppose that S € L(V, W) is a linear map satisfying S(v;) = w;. Then
for any v = A\jvy + -+ A, v, in V, we have

S(U) = S()‘lvl +o )‘mvm)
= )‘15(@1) +o AmS(’Um)
= )‘lwl +ot )‘mwm = T(U)’

where the second equality is the linearity of S. Since S and T agree on every elements of
their domain V' (and have the same codomain W), they are equal. O

The above theorem not only gives us an easy way to construct linear maps, it also allows
us to easily check if two linear maps are equal. Instead of checking that S, T € L(V, W)
agree on all vectors of V, it is enough to check that they agree on a basis of V. In
particular, if V' is finite dimensional, then we only need to verify dim(V') (which is finite)
many equalities, instead of verifying Fdim(V) (which is infinite if F' is infinite) of them.

As we defined it, £L(V,W) is simply a set. We will endow it with an addition and a
scalar multiplication in order to turn it into a vector space. This will be done in a similar
fashion of what we did on F® = {f: § — F}.

Definition 3.1.16.

Let V and W be two F-vector spaces, let S, T be two linear maps in L(V, W) and
let A € F be a scalar. We define S+, y) T by (S +T)(v) := S(v) + T(v) and
Azov,wy S by (A-8)(v) = AS(v) for every v € V.
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Theorem 3.1.17. ]
Let V and W be two F-vector spaces. Then (L(V,W),+,-) is an F-vector space. ]

Proof. Firstly, we need to check that S+ 7T and AS are well defined. That is, we need to
verify that they are indeed linear maps from V to W and not simply functions from V'
to W. This is elementary and left as an exercise to the reader.

Then, we have the zero map 0 in (L(V,W),+,-). For all S we also have a map —S
defined by (—S)(v) := —(S(v)) for all v € V. Once again, we let the reader verify that
—S is linear.

Finally, it remains to verify the 8 axioms of the definition of a vector space. This is

elementary but fastidious and left as an exercise to the reader. O
g°f
Recall that we have the composition of maps A @ C. It turns out that

the compositions of two linear maps is still linear.

Lemma 3.1.18. Let T € L(U,V) and S € L(V,W) be two linear maps. Then the map
SoT:U — W is linear.

Proof. This is a straightforward verification, using (S o T')(u) = S(T'(u)). O

Definition 3.1.19.

Let T € L(U,V) and S € L(V,W) be two linear maps. Then their product is
ST:=8-T e L(UW).

,.[ Remark 3.1.20. ]

As with general functions, the product of two linear maps T' € L(U,V) and
S € L(X,W) is not necessarily defined in general. It is defined only if X = V.
In particular, the fact that ST is well defined (V = X) does not implies that
TS is well-defined (W = U). Even if both ST and T'S are defined, they do not
necessarily have the same domains and codomains. Finally, even if they have the
same domain and codomain they are not necessarily equal.

The examples given for general functions in Remark 1.2.10 were already linear
maps and still apply.

Products enjoy some nice properties.

Proposition 3.1.21. 1. The product of linear maps is associative: (I3T5)T, =
T5(T5Ty). More precisely, the left-hand side of the equality is well-defined if
and only if the right-hand side is, in which case they are equal.

2. The product of linear maps has identities: for all T € L(V,W) we have T Idy, =
T=IdyT.
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3. The product of linear maps is distributive over the addition: T'(S;+Sy) = TS, +TS,
and (T} +T5)S =TS + T,S for all S,S5;,5, € L(U,V) and T, T}, T, € LIV, W).

Before proving Proposition 3.1.21, let us show on diagrams the maps involved in
T(S; +Sy) =TS8, +T5S,. The situation for (T} + T5)S =115 + 15,5 is similar.

Ty0S

=N

U—F——V ! w

\y

T50S
S T, +T,
(T10S)+(T50S5) (Ty+Ty)eS

Proof of Proposition 8.1.21. The first and second assertion are true for any maps, not
only for linear ones. See the discussion after Remark 1.2.10 for the first assertion and
Lemma 1.2.13 for the second.

Let us prove the last assertion, namely the part = 775 + 755 as the proof for T'(S; +
Sy) =TS, + TS, is similar. Let u be any vector in U. Then

(Ty + 13)8))u = (T} + T»)(Su)
=T, (Su) + T,(Su)
= (T1S)u+ (T5,S)u
= (1S + 1,5)(u)

and thus (17 +1,)S =T, S + T, S. O

3.1.2. Image and surjectivity

Any linear map 7' € L(V, W) is a map, and therefore its image
Im(T)={weW|IveV:w=T(v)}

is a subset of W. The image of a linear map T is also called its range, and written
range(T).
Images of linear maps are not only subsets of the codomain, but also subspaces.

Lemma 3.1.22. If T € L(V, W), then Im(T) is a subspace of W.

Proof. We have T'(0) = 0 and thus 0 belongs to Im(7"). Let w;, wy be two vectors in
Im(T') and let A € F be a scalar. Then there exists v; and v, in V such that T'(v;) = w;
and T'(vy) = wy. Therefore T'(Av; + vy) = Aw; + wy, which proves that Aw; + w, is also
in Im (7). This finishes the proof that Im(7’) is a subspace. O
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We have just seen that to any linear map T' € L(V, W) we can associate a subspace
of W. It turns out that every subspace can be realised in this way.

Lemma 3.1.23. Let W C V be a subspace of the vector space V. Then there exists a
linear map T € L(V') such that W = Im(T).

Proof. The proof is postponed to Proposition 3.3.4.

For the interested reader that would like to prove the proposition right now, here is
a skeleton of the proof. Take any direct complement U of W so that V =U & W and
define T' to be the identity on W and the 0 map on U. O

The following trivial result links image and surjectivity.
Lemma 3.1.24. A linear map T € L(V, W) is surjective if and only if Im(T) = W.
Proof. This directly follows from the definition. O

One can therefore use Im(7") to quantify the default of surjectivity of T'. The smaller
Im(T) is, the further away T is to be surjective.

3.1.3. Kernel and injectivity

In the previous subsection, to any linear map T' € L(V, W) we associated a subspace
of W and made a connection between this subspace and the surjectivity of T'. In this
subsection, we will associate a subspace of V to T' and made a connection between this
subspace and the injectivity of T

Definition 3.1.25.

Let T € L(V,W) be a linear map. We define its kernel (or null space) to be the
subset
ker(T) =null(T) :={ve V|T(v) =0} C V.

While Im(7T") was simply the set-theoretic image of T', we need the presence of a 0 to
define ker(7"). This explains why ker(7') has no analog for functions between sets.
The following result, dual to Lemma 3.1.22, justifies the name of null space.

Lemma 3.1.26. If T € L(V,W), then ker(T) is a subspace of V.

Proof. By linearity T'(0) = 0 and so ker(T") contains 0. Let u, v be two vectors in ker(T")
and let A € F be a scalar. Then

T(Au+v) = AT(u) + T(v) = A0+ 0 =0,

which proves that Au + v is also in ker(7"). This finishes the proof that ker(T") is a
subspace. O

We have just seen that we can associate a subspace to a linear map. It turns out that
every subspace can be realised in this way, dually to Lemma 3.1.23.
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Lemma 3.1.27. Let U C V be a subspace of the vector space V. Then there exists a
linear map T € L(V') such that U = ker(T).

Proof. As with Lemma 3.1.23, the proof is postponed to Proposition 3.3.4.
The interested reader that would like to prove the lemma right now, can follow the
same strategy as for Lemma 3.1.23. O

The image of a map was connected to surjectivity. It is no surprise that its kernel is
connected to injectivity. While Lemma 3.1.24 was trivially true, this is not the case of
the dual statement that requires a real proof.

Theorem 3.1.28. ]
A linear map T € L(V,W) is injective if and only if ker(T) = {0}. ]

Proof. “=7 If v is in ker(T') we have T'(v) = 0 = T'(0), which implies v = 0 by injectivity
of T

“<=" Let u and v be two vectors in V such that T'(u) = T'(v). We need to prove that
u=wv. We have T'(u —v) = T(u) — T'(v) = 0 so u — v is in ker(T") = {0}. We conclude
that u —v = 0 and so that v = v as desired. O

Heuristically, for T' € L(V,W) the kernel ker(T') is the subspace of V' that is “com-
pressed by T”. The bigger it is, the further T is from being injective.

An injective linear maps is sometimes called an embedding of vector spaces.

We now go back to some examples of linear maps we have seen and compute their
kernels and images.

Example 3.1.29. Let 0 € L(V,W) be the zero map. We have ker(0) = V and
Im(0) = {0}. We conclude that the zero map is injective if and only if V' = {0} and
surjective if and only if W = {0}.

Example 3.1.30. Let T € L(P(R), P(R)) be the multiplication by z, that is T'(p(x)) =
xp(z). Then its kernel ker(7T') is the {0} subspace while its image Im(T’) is the subspace
of polynomials with constant coefficient 0. We conclude that the map 7' is injective but
not surjective.

Example 3.1.31. Let D € L(P(R),P(R)) be the differentiation map D(p) = p’ on
polynomials. Then its kernel ker(D) is the subspace of constant polynomials while its
image Im(D) is the whole space P(R). Indeed, if p is any polynomial, there exists an
antiderivative g such that ¢ = p. We conclude that the differentiation map D is surjective
but not injective.

Example 3.1.32. As we have seen, the differentiation map D € L(P(R),P(R)) is
surjective. Similarly, the differentiation map D € L(P(R)5, P(R),) is surjective. However
neither D € L(P(R)5,P(R)5) nor D € L(P(R),, P(R),) are surjective (the image of
the first map does not contain z°, while the image of the second map does not contain
z4). This example shows that both the domain and the codomain of a linear map are
important for surjectivity.
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3.1.4. Rank-nullity theorem

The aim of this subsection is to prove the Rank-—nullity theorem, which is the fundamental
theorem of linear maps.

'[ Theorem 3.1.33 (Rank-nullity theorem). |
Let T € L(V,W) be a linear map. Then

dim(V') = dim(ker(T')) + dim(Im(T)).

In particular, if V is finite dimensional, then so is Im(T).

J

Proof. We will prove the theorem under the assumption that V is finite dimensional.
The general proof is similar.

As always with dimension formula, the proof uses bases. More precisely, we will start
with a basis for a subspace and then extend it to the whole space.

Let (uq, ..., u,,) be a basis for ker(T") and extend it to a basis & := (uy, ..., Up,, V1, .., V)
of V. So dim((ker(T)) = m and dim(V) = m + n. We claim that € := (Tvq, ..., Tv,,) is
a basis of Im(7"). If the claim holds, then Im(7") has dimension n and we are done.

We now prove the claim. We need to prove three things: that € C Im(7"), that it is
linearly independent and that it is spanning. It is trivial that € C Im(7"). We now prove
linear independence. Suppose that there exists scalars (A;)7; such that

0= AlT(Ul) +oeee A’r7,/‘1-'(7}’r7,) = T()‘lvl + et )‘nvn)'

This implies that A\v; + -+ A v, is in ker(T") and so there exist scalars (u;)7"; such
that
>‘1U1 +ot )‘nvn = MUy o g Uy

or equivalently such that
0= pyuy + -+ fly Uy, — AUy — - = Ap U,

Since % is a basis, it is a linearly independent family and so all the A; (and the p;) are
0. This finishes the proof that € is linearly independent.
Finally, we prove that & spans Im(T"). Let w be any element in Im(7"). So there exists
v € V such that T'(v) = w. Using that % is spanning, there exists (\;)7; and (u;)7",
such that
U= Uy e Uy, ALV AUy

By applying T on both sides, we obtain

w="T(v) =T(puy + -+ Pty + A01 + -+ Ayv,)
= :ulT(ul) +oeee :U"rnT(um) + AIT(Ul) + et )‘nT(Un)
= /\1T(U1) Tt AnT(/Un)a

and so w is in Im(7T"), proving that & is spanning. O
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[ To go further L

The above proof shows a bit more than what was announced, namely:

Let T € L(V,W) be a linear map. Then V = ker(T) & Im(T'), meaning that
V and ker(T) @ Im(T') are “similar as vector spaces”, see Definition 3.1.40.

The formula for dimension follows.

[ Infinite dimensional vector spaces L

Both V 2 ker(T') @ Im(T") and the dimension formula dim(V) = dim(ker(T')) +
dim(Im(7T")) hold for an arbitrary, possibly infinite dimensional, vector space V.
The proof relies on the possibility given by 2.4.47 to extend a basis of a subspace
to a basis of the whole space. It therefore ultimately relies on the axiom of choice,
see the Infinite dimensional spaces box on page 54.

But what does the equality dim(V) = dim(ker(T')) + dim(Im(7T")) really means
of dim (V') is infinite? It means that at least one of ker(7') and Im(7') is infinite
dimensional and that we have dim(V') = max{dim(ker(T)), dim(Im(T))}.

Theorem 3.1.33 has many important consequences and applications.
Proposition 3.1.34. Let V and W be two vector spaces.

1. If dim(V) > dim(W), then no linear map T € L(V, W) is injective.

2. If dim(V) < dim(W), then no linear map T € L(V, W) is surjective.

Proof. “1” We will prove this statement under the assumption that V' (and hence also
W) is finite dimensional. The proof for infinite dimensional vector spaces is way more
complex and we will not see it.

Since Im(T') is a subspace of W, we have dim(Im(7")) < dim(W) < dim(V). It follows
from dim(V') = dim(ker(T)) + dim(Im(7T")) that dim(ker(T)) > 1 and so that T is not
injective.

“2” By the rank-nullity theorem, we have dim(Im(7")) < dim(V') < dim(W). Therefore,
Im(T') # W is a proper subspace and T is not surjective. O

Example 3.1.35. There exists no surjective linear map R — R? and no injective linear
map R? — R, even if there exists a bijection between R and R2. See the discussion at
the beginning of Subsection 3.1.1.

Recall from Lemma 1.2.24 that if A and B are finite sets with the same cardinality,
then a function f: A — B is injective if and only if it is surjective, if and only if it is
bijective. A similar statement holds for finite dimensional vector spaces and linear maps.

Proposition 3.1.36. Let V and W be finite dimensional vector spaces of the same
dimension. For a linear map T € L(V, W) the following are equivalent:
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1. T is bijective;
II. T is injective;
III. T is surjective.

Proof. On one hand, the map T is injective if and only if ker(T") = {0}, if and only if
dim(ker(T)) = 0. On the other hand, the map T is surjective if and only if Im(T) = W,
if and only if dim(Im(7T")) = dim(W) by Corollary 2.4.45 (here we use that W is
finite dimensional). The conclusion follows from the equality dim(W) = dim(V) =
dim(ker(T')) + dim(Im(T)). O

Remark 3.1.37. ]

Proposition 3.1.36 is one of the few statements that are true for finite dimensional
vector spaces but not true in general. See Example 3.1.31.

Here is a nice application of Proposition 3.1.36.

Exercise 3.1.38. Show that for all polynomial ¢ € P(R) there exists a polynomial
p € P(R) such that ((z% + 5z + 7)p)” =q.

Solution. Let m := deg(q). Define

T: P(R),, — P(R),
p— (2 + 5z +T)p)".

The degree of ((z% + 5z + 7)p)” is at most (m + 2) — 2 = m, so this map is well-defined.
We claim that T is injective and thus surjective by Proposition 3.1.36. So there exists p
such that T'(p) = gq.

It remains to prove the claim. Let p; = ag + -~ + a,,2™ and p, = by + - + b, z™
be two distinct polynomials of degree at most m. Since they are distinct, there exists
i € {1,...,m} such that a; # b,. Take iy to be minimal for this property. Then the
coefficients of z% in T'(p;) and in T(py) are not the same, showing that T'(p;) # T'(ps)
as desired. O

3.1.5. Application to linear systems

The study of general linear maps has important consequences for the solutions of linear
systems of equations, as demonstrated below.

An homogeneous system of linear equations (with constant coefficients) is a
system of the form

{ a1y +oet a1n,T,, = 0
: (3.1)

Q171 +-ta,,,T, = 0
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where for i € {1,...,m} and j € {1,...,n} the a;; belong to F and the z; are independent

variables. The System (3.1) has /. equations and 7 indeterminants. Such a system can
be rephrased using the linear map

T: FTI — F?}I

53.1} { 11T+ a2y, ] (3.2)
: — : .

x 1%+ +a,,,T,

n

A vector & = [y, ...,2,]" is a solution of (3.1) if and only if it belongs to ker(T).
As a direct corollary, we obtain that if 7 < n, then (3.1) has a non-trivial solution.
Indeed, dim(ker(T)) = dim(F") — dim(Im(T")) > n — m.
An inhomogeneous system of linear equations (with constant coefficients) is a
system of the form
11Ty + -+ ay,T, =¢
{ : (3.3)
a,,121 +-+a,,r, =c,
where for ¢ € {1,...,m} and j € {1,...,n} the a;; and ¢; belong to F, with at least one
¢; # 0, and the z; are independent variables. As before, such a system can be rephrased
using the linear map T from (3.2). This time, x is a solution of the inhomogeneous
system (3.3) if and only if T'(x) = ¢, where ¢ = [c1, ..., ] -
We hence obtain that if 72 > n there exists 0 # ¢ € F™ such that (3.3) has no solution.
Indeed, dim(Im(7")) < dim(F") = n < m = dim(F™), so Im(T") C F™.

Proposition 3.1.39. Suppose ¢ € Im(T') and x,, € F" is a solution of (3.3). Then the
solution sets of (3.3) is
z, +ker(T) = {z, +y|y € ker(T)}.

Proof. “C” For any z in F" we always have z =z, + (x — azp). Now, if x is a solution
of (3.3), then T'(z) = c and thus T'(x — z,,) = 0. That is x — z,, is in ker(T') and we are
done.

“D" If x = z,, +y with y € ker(T), then T'(z) = T'(x,) + T(y) = c+ 0= 0. O

p

3.1.6. Isomorphisms of vector spaces

Recall that two sets A and B are considered similar if and only if there exist functions
f+A— Band g: A — B that are the inverse of each other, meaning that go f = Id4
and fog=1Idg. For sets, the existence of such a pair of functions f and g is equivalent
to the existence of a bijective function f: A — B.

Since any linear map T € L(V,W) is a function, one can ask if it is invertible as a
function, or not. That is, T' € L(V, W) is invertible if there exists a function (a priori not
necessarily a linear map) g: W — V such that go T = Idy, and T o g = Idy,. In order to
consider V and W “similar as vector spaces” we want an invertible linear map 7" such
that the inverse is also a linear map. If such a T exists, anything in V' can be transposed
to W by T without loosing any information (and vice-versa from W to V by T1).
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Definition 3.1.40.

A linear map T' € L(V,W) is an isomorphism? if it is invertible and its inverse
T-! is also linear. That is, T € L(V,W) is an isomorphism if there exists
S € L(W,V) such that ST =1dy, and T'S = Idy;.

Two vector spaces V, W are isomorphic if there exists an isomorphism T €
L(V,W). In such case, we write V = W.

“Isomorphism comes from the ancient greek 1cog wop@n, which roughly means equal shape.

We have a result similar to Theorem 1.2.22.

Theorem 3.1.41. ]
A linear map T € L(V,W) is an isomorphism if and only if it is a bijection. ]

Proof. By Theorem 1.2.22, the map T is a bijection if and only if there exists a set-
theoretic inverse function 77!: W — V. We hence need to prove that if 7" is linear, then
its inverse map is also linear.

Let w; and wy be two vectors in W and let A € F be a scalar. Write vy := T~ (w;)
and vy := T~ 1(wy). So T(v;) = w; and T(vy) = wy. Then

T 1wy +wy) = TH(AT(v1) + T(vy))
=T 1T (\vy +vy))
= (T7IT)(\vy + vy)
= Avy + vy = AT (wy) + T Hws),

where we used linearity of T' for the second equality. O

Using the above theorem one can easily exhibit examples of non-invertible linear maps.

Example 3.1.42. Let T € L(P(R), P(R)) be the multiplication by z (T'(p(z)) = zp(z))
and let D

inL(P(R),P(R)) be the differentiation operator (D(p(z)) = p’(z)). Neither D nor T is
invertible, as D is not injective (but surjective) and T is not surjective (but injective).
See Examples 3.1.30 and 3.1.31.

Other examples include the backward shift T': (z(, zq, 25, ...) = (21,25, 5 ... ) (Exam-
ple 3.1.11) and the forward shift S: (z(,z;,zg,...) = (0,24, 2z, ...) (see Example 3.1.12),
both belonging to £L(FN,FN). Neither S nor T is invertible, as T is not injective (but
surjective) and S is not surjective (but injective).

Isomorphism of vector spaces is an equivalence relation on the class of F-vector spaces,
meaning;:
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,.[ Theorem 3.1.43. ]
The following hold for all vector spaces U, V and W:

1. VV; (reflexivity)
2. If V=W, then W =V, (symmetry)
3. If both U =V and V=W, then U = W. (transitivity)

Proof. “1” The identity map Idy, € £(V) is an isomorphism.

“2" If T € L(V,W) is an isomorphism from V to W, then T~! € L(W,V) is an
isomorphism from W to V.

“3" Let T € L(V,W) and S € L(U,V) be isomorphism. Then T'S € L(U,W) is an
isomorphism with inverse S—17T!. O

We already know another equivalence relation: A =~ B (being in bijection) is an
equivalence relation for sets. Other equivalence relations include: having the same
absolute value for real numbers or having the same age for people.

We have said that two isomorphic vector spaces are similar as vector space. Here is a
concrete application of this principle.

Lemma 3.1.44. Let V = W be two isomorphic vector spaces. Then dim(V) = dim(W).

Proof. This directly follows from the rank-nullity theorem. For T € L(V, W) we have
dim(V') = dim(ker(T')) + dim(Im(T)).

If T is an isomorphism, it is bijective and thus dim(ker(T")) = 0 and dim(Im(T)) =
dim(W). O

One can alternatively derives the above Lemma from the following proposition.
Proposition 3.1.45. Let T € L(V,W). Then

1. If T is injective and B = (v, )qer S @ linearly independent family (in V'), then
T(RB) = (Tv,)aer ts linearly independent (in W );

2. If T is surjective and RB is a spanning family (in V), then T(RB) = (Tvy)qcr 1S
spanning (in W);

3. If T is an isomorphism and R is a basis (of V), then TR is a basis (of W ).

Proof. “1” This is left as an exercise.
“2” Let w be any vector in W and let v be a preimage: T'(v) = w. Since 9 is spanning,

there exists vy,...,v,, € ¥ and scalars Aq,..., A, € F such that v = A\jv; + -+ \,v,.

Applying T to both sides we obtain w = A\ T'(v;) + -+ A, T(v,,), which shows that T'(%)
is spanning.
“3” This directly follows from the two above properties. O
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We know that two sets are in bijection if and only if they have the same cardinality
(this follows from Theorem 1.2.22 for finite sets, and is the definition of cardinality
for infinite sets). A similar result holds for vector spaces if we replace cardinality by
dimension. That is, the converse of Lemma 3.1.44 holds.

Theorem 3.1.46. ]
Let V and W be two vector spaces. Then V = W if and only if dim(V') = dim(W). ]

Proof. By Lemma 3.1.44, dim(V') = dim(W) is a necessary condition for V' and W to be
isomorphic. We hence need to show that it is also a sufficient condition.

Let (v,)qer and (w,)qcr be respectively bases of V' and W of the same cardinality.
Let T € L(V,W) be the unique linear map in £(V, W) such that T'(v,) = w,, for all
a €I and let S € L(W,V) be the unique linear map in £(W,V) such that S(w,) = v,
for all « € I. We claim that T is an isomorphism, with 7—! = §. It directly follows
from the definition that for any o € I we have (ST)(v,) = v, = Idy (v,). Since ST and
Idy, are two linear maps in £(V) that agree on a basis, they are identical: ST = Idy,.
Similarly we have T'S = Idy;, and so S and T are isomorphisms with S = 71, O

Kernels and Images are invariant by isomorphisms. More precisely, we have:

Lemma 3.1.47. Let T € L(V,W) be a linear map and let S; € L(U;,V) and Sy €
L(W,Uy) be isomorphisms. Then

1. ker(T') = ker(S,T),

2. Im(TS,) = Im(T).

Proof. A vector v is in the kernel of T if and only if Tv = 0, if and only if (S,2)(v) =
Sy (Tv) = 0 since Sy is an isomorphism.

A vector w € W is in Im(T) if and only if there exists v € V such that Tv = w. But
any v in V' can uniquely be written as S;u for u € U. So w € W is in Im(T) if and only
if there exists u = Sy'v € U such that w = Tv = T(S,u) = (T'S; )u. O

Definition 3.1.48.

Let V be a finite dimensional vector space with a given basis B = (vy,...,v,,)
(so m = dim(V)). Let & = (eq,...,€,,) be the standard basis of F", that is

e; = [0,...,0,1,0,...,0]" has a 1 in position i and 0 elsewhere. Define the map
[-]g € L(V,F™) to be the unique linear map such that [v,]g = e; for all
ie{l,..,m}.

[ . ]gg: V — Fdim(V)
v; > €;.

The following is an important corollary of (the proof of) Theorem 3.1.46.

Corollary 3.1.49. Let V be a finite dimensional vector space with a given basis AB.
Then the map [ -]g € L(V,FI™V)) is an isomorphism.
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[ Infinite dimensional vector spaces L

A statement similar to Corollary 3.1.49 is also true for infinite dimensional vector
spaces, but we need to be careful about the details. Indeed, let V' be an F-vector
space. Then it has a basis & of cardinality dim(V"). We have two natural candidates
to play the role of F™: the product [ % F = F% (the space of all functions from %
to F, see Subsection 2.2.1) and the direct sum € P F =F®) (the subspace of F¥
of functions that are 0 for all but finitely many b € 9B, see the Infinite dimensional
spaces’ box on page 76). Since span(%) consists of linear combinations of finitely
many elements of & we have the following generalisation of Corollary 3.1.49.

Let V' be an F-vector space and let B be a basis of V. Then V = @gg F =
F(#).

It follows from this result that dim(P,F) = #%. However, for an infinite
% we have dim(][ , F) = #(F%) = (#F)#% > #RB. The main idea is to use
[[,F = F# =:V and to use the formula dim(V) < #V = max(dim(V), #F) of
the To go further’s box on page ??. It then remains to show that FS admits a

linearly independent family of size at least F. A detailed proof is given in Jacobson,
Lectures in Abstract Algebra, Volume 2, Chapter 9, § 5.

Example 3.1.50. Let P(F),, the vector space of polynomial of degree at most n. Then
dim P(F),, = n + 1 and we have the standard basis: B = (1,z,...,2™). Then

P(F), — Fnf!
ag + -+ a,z" — [ag, ..., a,]"
is an isomorphism.

Similarly, let P(F) be the vector space of all polynomial and let & = (1,z,z2,...) be
the standard basis. Then

P(F), — FN = (DF
N

ag + -+ a,,x™ +— (ag, ..., 0,,, 0, ... )

Y m
is an isomorphism.

Theorem 3.1.46 is good news for us, as it means that in order to study an abstract
vector space V we only need to find a basis % and then one can use the isomorphism
[-]lg: V = D4 F. Moreover, if V is finite dimensional, then P F = F3(V) | The bad
news is that, has we have seen, in general basis are not unique. So if 8?2 and € are two

different bases, then [-]g and [ - ] are two different isomorphisms V — @ zF-
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3.2. Matrices

Matrices play an important role in the theory of vector spaces. We will start this section
by reviewing the definitions of matrices. We will later see in Subsection 3.2.2 that any
linear map can be represented by a matrix.

3.2.1. The vector space of matrices

Recall the classical definition of matrices.

Definition 3.2.1.

For F a field and m, n two positive integers, we define

ar1 Qo Q1
Qg1 Qg9 """ Q2n ) .
m,m ._ s
F = ) % : a;, ; € F forie {1,...,m},5€{1,...,n}
Amn1 Am2 " Cpn

to be the set of m x n matrices with entries in F.

When m and n are known, we often forget the subscripts and simply write
A= [am] e Fmn,

For Ala; jl1<i<m,» B = [b; jli<i<m, € F™" and A € F we define

1<j<n 1<j<n
ajq+by - ay , +b1,
A +F'm,,n B = [ai’j + bz,3]1<z<m, = .
1<j<n
S am,1 + bm,l 'am,n + bm,n
and
)\aLl cee )\al’n
)\ ‘Fm,m A = [)\az,‘]]1<z<m7 == : - .
1<j<n
J )\am71 S ')‘am,n

Finally, when m = n we define the identity matrix Id,, € F"™ to be the m xm
matrix with 1 on the diagonal and 0 elsewhere.

Lemma 3.2.2. (F™"™ +,.) is an F-vector space.

Proof. The zero and the additive inverse are respectively given by [0] and —[a, ;] = [—a, ;].
The verification of the axioms of a vector space is an elementary but fastidious exercise
left to the reader. O
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For i € {1,...,m} and j € {1,...,n}, let

0. 0 0----.- 07
0. 0 0..... 0
E; ;= 0 -v-n- 1 0---n-. 0
0------ 0 0------ 0
... 0 0. ol

be the matrix with a 1 in th coordinate (i,j) and 0 everywhere else.

(E; j)1<i<m, is the standard basis of F™".
1<isn

The family

Proposition 3.2.3. The standard basis of F™™ is indeed a basis. As a consequence,
dim(F™") =m - n.
Proof. We need to prove that the family (E; ;)1<i<m, is both linearly independent and
1<isn
spanning.
Let [a; ;| be any matrix in F”". All the a, ; belongs to F and we have
ol = D> By

1<i<m,

1<j<n
proving that the E; ;a are spanning.

Suppose now that [0] = Z” A; ;E; ; with the ); ; € F. We have [0] = Z” B =

[A; ;]. This implies that A, ; = 0 for all i and j, proving that the E, ; are linearly
independent. O

Corollary 3.2.4. F™" =~ F™",

If Ac F™" and B € F™*, then we have a matrix multiplication and AB € F™*. We
will see the general case later in Definition 3.2.26, but for now we will only need the
specific case where B € F™! =~ F" is a vector.

Definition 3.2.5.

Let A € F™" be a matrix and B € F™ be a vector. The product A - B is the
vector of F™ defined by

aj1by + - +aq b,

am,lbl + et a‘m,nbn

Lemma 3.2.6. Let A € F""". Left multiplication by A is a linear map from F" to F'".

Proof. The demonstration is elementary and left to the reader. O
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Remark 3.2.7. ]

Be careful that a m x n matrix is a linear map from F” to F"! ]

3.2.2. Matrix representation of linear maps

The concrete spaces F™ were our first examples of vector spaces. We have later seen in
Corollary 3.1.49 that any abstract finite dimensional vector space V is isomorphic to
Fdim(V) N[Nore precisely, given a basis % of V, one can construct an explicit isomorphism
[-1g: V — FIm(V) In the last subsection we saw that multiplication by a matrix
A € F™" is a concrete example of a linear map in L(F" F™). In this subsection, we
will see that all linear maps in L(F™, F™) are of this form. Moreover, given two finite
dimensional abstract vector spaces and an abstract linear map T' € L(V, W) we will see
how to represent T’ by a matrix in FAm(W).dim(V) "gych a matrix will depend on a choice
of a basis of V' and of a basis of W.

Recall that if W is a finite dimensional F-vector space of dimension n and € =

(wq,...,w,) is a basis of W we have an isomorphism
14 lg} Fdim(W)
A
A

n
The situation for linear maps is similar, but slightly more complex as two abstract vector
spaces are involved.

Definition 3.2.8.

Let V and W be two finite dimensional F-vector spaces with given respective
bases # = (vq,...,v,,) and € = (wy, ..., w,,) of respective size m = dim(V’) and
n =dim(W). Let T € L(V,W) be a linear map. Then for j € {1,...,m} we have

w,

T(v;) =a; ;w; +as w, + - +a, w,

j

for some a, ; € F (i € {1,...,n}). These datas define a matrix
al,l T 'al,m,

(2N 'a“n,,m,

)

which is called the matrix representation (with respect to & and €) of the
linear map T'. We hence have the matrix representation map

[ . ];69 . ,C(V, W") — pdim(),dim(V)
T+ [T15,.
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Observe that since & is a basis, the decomposition T'(v;) = a; jwy +ay jwy+-+a, jw,
is unique, and hence [T%, is well-defined. The matrix [T]%, from Definition 3.2.8 is a
n x m matrix, and so left multiplication by [T] is a linear map from F™ to F”. This is
consistent with the fact that '€ L(V,W) and V =2 F™ and W = F".

,_[ Remark 3.2.9. ]

Let V and W be two finite dimensional F-vector spaces with given respective bases
B = (vy,...,v,,) and €. Then the j™ column of [T], is [T(v;)]e-.

,.[ Remark 3.2.10. ]

Be very careful about the fact that [-|%: £(V, W) — Fdm(W).dim(V) hag domain
L(V,W) but codomain Fdm(W),dim(V) “The order of appearance of V and W is
switched! So if dim(V) = m and dim(W) = n the codomain of [-]% consists of
the n x m matrices (but not the m x n matrices).

We start with some elementary examples.

Example 3.2.11. Let V be a vector space and let & = (vq,...,v,,) be basis for V.
Let Idy,: V — V be the identity map. Then Id(v;) = vy, so [Id(v;)]g = [1,0,...,0]".
Similarly, [Id(v;)]g is the vector with a 1 in position ¢ and 0 elsewhere. It follows that

[1dy]Z = [1~~..1] =1d, € F»n (3.4)

is the identity matrix of F™". Indeed, [Idy v|g = [Idy]2[v]g4.

Remark 3.2.12. |
The equation (3.4) does not depend on the choice of the basis %!

The identity map is not the only one that can be represented by the identity matrix:

Example 3.2.13. Let V be a finite dimensional vector space with basis &% and let

T:V — W be an isomorphism. Then, by the Proposition 3.1.45 € = (Tvy, ..., Tv,,) is
a basis and

1
[T1¢ = [ 1] =1d, € F™"

is the identity matrix of F™".

Remark 3.2.14. ]

The above example shows that any isomorphisms between finite dimensional vector
spaces can be represented by the identity matrix if we chose bases appropriately.

The converse of Example 3.2.13 holds, as demonstrated in the following exercise.
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Exercise 3.2.15. Let V and W be two vector spaces of dimension n and let T € L(V, W).
Show that 7" is an isomorphism if and only if there exists bases & of V and € of W such
that [T]% is the identity matrix of F™".

Solution. Let T € L(V,W) be a linear map between finite dimensional vector spaces.
Suppose that there exists bases # = (vy,...,v,, of V and C = (wy, ..., w,, of W such
that [T']S is the identity matrix. This implies in particular that [T']S is a square matrix
and thus that m = n. By definition of [T']S, we have Tw; = w; for every j in {1,...,m}.
Let S € L(W,V) be the linear map defined by Sw; := v, for j in {1,...,m}. It is trivial
to verify that S is the inverse of T. O

When writing [5] € F2, we already implicitly use the standard basis. The following
example makes this explicit.

Example 3.2.16. Let V = F” and let & = (e; = [1,0,...,0]7,...,e, = [0,...,0,1]T)
be the standard basis. Then [-]g: V — F" is the identity map Idg.. Indeed, for any

z=[xq,...,2,]" in V we have z = Z:.L:l z;e;, 50 [T]g = [, ..., 2,]".

Example 3.2.17. Let T € L(F?,F3) be the map T[i] = [z + 3y, 2z + 5y, 7z +9y] " and
let &2 and &2 be the standard bases of F2 and F3. By the above example, one have

1 3
mgzksl
79

Let us now modify a little bit this example. Let € = ([1,0,0]",[0,1,0]T,[1,1,1]").
This is a basis of F3. We have

R I B |

and thus

—6 —6
[T1E, = | -5 —4|.
T 9
Finally, let & = ([1,0]7,[1,1]T). This is a basis of F2. We have

o= <[] ol = B [3] -] <[] ]

and thus
—12
—91.
16

~N Ot O
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Example 3.2.18. Let D € L(P(R)3, P(R),) be the differentiation operator: D(p) = p’
and let B = (1,z,2%,2%) and € = (1, ,22) be the standard bases of P(R); and P(R)s,.
Then D(1) =0, D(x) = 1, D(2?) = 22 and D(2?) = 322, which gives [D(1)]¢ = [0,0,0]T,
[D(z)]g = [1,0,0]T, [D(22)]g = [0,2,0]T and [D(2?)] = [0,0,3]T. Altogether, we have

0100
DI =10 0 2 0.
000 3

Example 3.2.19. Let V be the subspace of RR spanned by (sin(z), cos(z)). We claim
that the functions cos and sin are linearly independent. Indeed, let a and b in R such
that asin+bcos = 0. In particular the equality asin(x) + bcos(z) = 0 holds both for
z =0 and z = «/2 and we may deduce that a = b= 0.

By linear independence of sin and cos, the family 9 = (sin(z), cos(z)) is a basis of V. If
we fix € R, themap Ty: V — V, f(z) b f(z+0) is a well-defined. Indeed, Ty(sin(z)) =
cos(f) sin(z) + sin(f) cos(z) € V and Ty(cos(z)) = —sin(f) sin(z) + cos(d) cos(z) € V
and thus the image of Ty is contained in V. On can show that Ty/ is a linear map. It
follows from the above computations that

cos(f) —sin(0)
[Té)]g - [sin(@) COS(H)]'

Given finite dimensional vector spaces V and W, with bases % and €, we have con-
structed a function [-]%: L(V,W) — FdmW).dm(V) Both £(V, W) and FImW)dim(V)
are not only sets, but vector spaces. We are thus not interested in merely the functions
between them, but in the linear maps. It turns out that |- ]g is indeed a linear map, and
even an isomorphism. This justifies the name of matrix representation.

,_[ Theorem 3.2.20. ]

Let V and W be finite dimensional F-vector spaces, with given bases B =
(V1y e, V) and € = (w1, ..., w,). Then the map [-]%: L(V,W) — Fdim(W),dim(V)
is an isomorphism. Moreover, the inverse of []z is given by the map

M§= Fdim(W),dim(V) __ E(V, W)

[ai’j] — (T Uj g a17jwl —+ -+ an’jwn).

\. J

Proof. We need to prove three things: that []g is linear, that the map Mg, sending
[a; ;] to T' is well-defined and that it is the inverse of [ - 1Z.

Let S and T be in L(V,W) and X be a scalar in F. For every basis vector v; € B we
have (AS+T)(v;) = AS(v;)+T (v;), which implies [(AS+T)(v;)]lg = A[S(v))lg+[T(v;)]%-
It follows that [AS + T|% = A[S]% + [T]%,, which proves linearity.

The map T = Mg([ai’j]) in the statement of the theorem is defined only on %. But
there is a unique way to extend to it to a linear map in L(V, W), so Mg is well-defined.
It directly follows from the definition that [T, = a; ;], proving ([ 1) (ME) = Idgn,m.
Another direct verification shows that (MZ)([-]%) = deov,wy- O
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Corollary 3.2.21. Let V and W be two finite dimensional vector spaces. Then
dim(L(V,W)) = dim(V) - dim(W).

If V=F™ and W = F", the map ([-]%)"! is simply the matrix multiplication:
Corollary 3.2.22. Let &™ and &™ be the standard bases of F™ and F™. Define

L: F™ s £(F™, F")
Ar— (Ly: v Av).

Then the maps [+, : L(F™,F") — F*™ and L: F»™ — L(F™ F") are isomorphisms
of vector spaces, and one is the inverse of the other.

Proof. 1t is straightforward that in this case the map Mg described in Theorem 3.2.20
coincides with multiplication by A on the left. O

We say that the matrix A represents the linear map L,. Using this map we can
translate the image and kernel of L 4 into matrices properties.

Definition 3.2.23.

Let A be a m x n matrix. Define its column space col(A) to be the subspace of
F™ spanned by its columns vectors. The null space null(A) is the subspace of
F™ consisting of vectors v such that Av = 0.

Lemma 3.2.24. Let A be a m x n matriz. Then null(A) = ker(L,4) and col(A) =
range(L 4).

Proof. The equality null(A) = ker(L 4) is immediate from the definitions.

Let e; be the 7™ vector in the standard basis of F", so e; has a 1 in coordinate j
and 0 everywhere else. Let w, := [a; j];<;<m be the §* column vector of A. Then
Ae; = w;. This implies that all column vectors of A belongs to range(L 4) and therefore
that col(A) C range(L 4). For the other direction, let w be a vector in range(L 4) and
let v be a preimage: Av = w. Then there exists scalars such that v = Z;L: L Aje; and

j
Av = Z?:j AjAe; = Z?Zl w; is in col(A), proving the inclusion col(A4) D range(L,). O

Given two finite dimensional vector spaces V and W with given respective basis %
and %, we have seen so fare the following three isomorphisms: [-]g: V — Fdm(V)
[g: W — FImW) and [ 1% £(V, W) — FAmW)dim(V) o~ p(pdm(V) pdim(W)) 14
is natural to ask if we have some sort of relation or compatibility between these three
isomorphisms. We indeed have

Lemma 3.2.25. Let V and W be finite dimensional vector spaces with given respective
basis B and €, and let T € L(V,W) be a linear map. Then for every v in V we have

83



Chapter 3. Linear maps

This result is equivalent to say that the following diagram commutes:

v L w v —— Tw
H@l l{-lg I I
" e B [vlg —— [Tvle = [T]Gv]a-
B
Proof. The proof consists at looking at the definitions of [ |g, [ ]g and [-]%. Let

(V1 ey Uy) = B and (wy,...,v,,) = €. Then for any v € V we have

e,
Wg=1|:| <= v=cvg+-+c,v,.

_cm

and
d,

Tvlg=|:| <= Tv=dyw, + - +d,w,.

L,

Finally,

[T]z = [ai,j] —= Vi€ {1, ,m} : TUi = al’iwl + -+ amiwn.
Putting everything together we obtain
dyw, + -+ d,w, =Tv="T(c;vy + -+ ¢,,v,,)
= clT(vl) + et CmT(Um)
=cy(ag jwy + -+ @y w,) + 0+ (ag pwy + 0+ ap W)

That is, for all j € {1,...,n} we have d; = cya; 1 + -+ ¢,,,a; , This it the same as the

matrix-vector product
d, PRRERERE a1,m ¢
ARk A
dn an,l """ an,m Cm

and thus [Tv]g = [T]%[v] 5. O

3.2.3. Matrix product as composition of linear maps

We have seen in Definition 3.2.5 how to multiply a matrix and a vector. We now look at
the general case.

Definition 3.2.26.

Let A=a;,] € F\™ and B = [b; k] € F™" be two matrices. Their product is

the matrix

C = e k] o<ict = la; 5] o<i<t [bj lo<jcm
0<k<n 0#j<m 0<k<n
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where for i € {1,...,1} and k € {n,...,} the coefficient ¢, ; of C is given by

m
Cik = D i ;05
s}

& %6 % 8t
K S
RE K K £ = |G

=Y i G
T o x =

Figure 3.2.: Product of a 4 x 1 matrix with a 1 x 4 matrix.

Remark 3.2.27. |

J

In general, the product of A € Fo™ and B € FF™ is not defined. It is defined only
if K = m. Even when both AB and BA are defined, they are not equal in general.

The following are standard properties of the product of matrices.

Proposition 3.2.28. The matriz product is a generalisation of the matriz-vector product.
Moreover, we have

1.
2.

4.

(AB)C is defined if and only if A(BC) is, in which case we have (AB)C = A(BC);

A(B+C) is defined if and only if AB+ AC is, in which case we have A(B+C) =
AB + AC;

(A+ B)C is defined if and only if AC + BC'is, in which case we have (A+ B)C =
AC + BC;

If A€ F™" then Id,, A= A= Ald,,.

Proof. These are all elementary, but tedious, verifications. The details are left to the
reader. O

[ To go further L

Associativity of the product means that the result of a sequence of product of
matrices does not depend on the order of operation (provided that the order of
the matrices is not changed). However, the computational complexity may depend
dramatically on this order.

For example, if A, B and C' are matrices of respective sizes 10 x 30, 30 x 5 and
5% 60, then AB has size 10 x 5 and BC size 30 x 60. Therefore, computing (AB)C
needs 10-30-5+ 105 - 60 = 4500 multiplications, while computing A(BC) needs
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30-5-60+ 10-30-60 = 27000 multiplications.
Multiplication algorithms used in practice have been designed for choosing the
best order of products.

We have seen that |- ]g is an isomorphism. In particular, it is a linear map and thus
preserves addition and multiplication. It turns out that it also preserve products.

Proposition 3.2.29. Let U, V and W be finite dimensional F-vector spaces with
respective given bases o, B and €. Then for any S € L(U,V) and T € LIV, W) we
have

[T8]G = T151817.

Proof. The statement follows from an elementary by fastidious application of the definition
of [-]i. The proof is somehow similar to what we did for Lemma 3.2.25.
An alternative proof by digram commutation is the following.

v v T w
Hgl H@l l”%’
F! N s Fn
(S]% (T,

In the above diagram, the two exterior squares commute by Lemma 3.2.25. It follows
that the whole rectangle is commuting.
In other words, for all u € U we have:

[TSulg = [T(Su)lg = [T15[Sulg = [T1§ (S [ula) = (T1G[S1F) [l

where we applied Lemma 3.2.25 twice. Since we also have [(T'S)ulg = [T'S|5[u],, we
conclude [T'S]% = [T5[9]%.
O

Figure 3.3 summarises the results obtained up to now for the maps [- ]} and [-],.

3.2.4. More on matrix representation

We have seen in the previous subsection that matrix representation behaves well with
respect to products. It is no surprise that it also behaves well with respect to inverses.

Proposition 3.2.30. Let V and W be two vector spaces of the same finite dimension
n. Let B be a basis for V and let € be a basis for W. Let T € L(V,W) be a linear
map. Then T is invertible (as a linear map) if and only if [T)%, € F™™ is invertible (as
a matriz).

Moreover, if T is invertible, then ([T]z)il =[T712.
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RE} .

- Lo

Figure 3.3.: Let U, V and W be finite dimensional F-vector spaces with respective
given bases &/, B and € and of respective dimensions I, m and n. Then
for any S € L(U,V) and T € L(V,W), their product T'S is in L(U, W).
This situation is depicted in the blue triangle on the left. Applying the
isomorphisms [ -], and [ -] one obtains the purple triangle on the right.
The whole diagram is commutative. For example, for any u € U one have
[TSulg = [T1518]7[uly = [TS]5uly.

Proof. “=" Suppose T is invertible, so T~! € L(W, V) exists. We will prove that [T_l]g
is the inverse matrix of [T]%. We have

Id, = [ldy|§ = [TT7)g = [TIG[T]Z
Id, = [ldy]Z = [T7'TIg = [T 2 ([T]§.

That is, [T]%, is invertible and ([T]z)_l = [T Y2.
“«<” Suppose [T is invertible. We will construct an inverse fot T. So let ([T]g)_1 =:
A = [a; ;] and define S € L(W,V) by [S(w)]g = Alw|g for all w € €. That is, S is

the unique linear map from W to V such that S(w;) = 2?21 a;;v;. By construction,

we have [S]Z = [[S(w)]g - [S(w,)]g] = A. So we conclude that [ST]% = Id;,. In
particular, for any 1 < ¢ < n, we have ST'(v;) = Idy (v;) and hence ST = Id;,. Similarly,

The case of V.= W and T € L(V) an operator is particularly interesting, as we can
talk about powers. Indeed, since T is a function whose domain and codomain V agree,
for any k € N positive the function

TF:=T--T € L(V)

is well-defined. This is composition of linear maps and therefore a linear map itself.
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Proposition 3.2.31. Let V be a finite dimensional space with basis B and let T € L(V)
be an operator. Then for k € N we have
k
4% = (71%)"

Proof. The proof is by induction. If K =0 or k = 1, this is obvious. Now, suppose that
the formula holds for k > 1 and let us try to prove it for (k+ 1) = k+ 1. By the product

formula
T2 = [THZTIE = (11%)" (112 = (T12)".

By combining Propositions 3.2.30 and 3.2.31, for invertible T € £(V') we have
k
[T%1% = (IT1%)
for all k € Z.

Exercise 3.2.32. Let Ry: R? — R? be the map “rotation by angle 6, see Figure 3.4.
Let & = ([(1)], [(1)]) be the standard basis for R?. Prove that R, is a linear map and find

[Ry)%.

Figure 3.4.: Rotation (in purple) of the standard basis vectors (in blue) by an angle 6.

Solution. Let [y] be a point in R?. Define 7 := \/z2 + y? and B:] := Ry[y|. Finally, let

Yy

o be the angle between [y] and the z-axis. Then we have cos(a) = £ and sin(a) = £,

while cos(a+ 6) = %/ and sin(a + 0) = y7/ We conclude that

r %] x| [xzcos(f) —ysin(h)
Olyl ~ |y |~ |zsin(d) +ycos(8) |
Using the above formula, one easily checks that R, is linear, and by computing the image

of [é] and [(1)] we obtain

cos(f) — sin(e)] (3.5)

[Re]g - [sin(ﬁ) cos(0) |
O
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cos(a) =

sin(a) =

SRS |8

Figure 3.5.: A vector (in blue) and its image (in purple) by the rotation of an angle 6.

,[ Remark 3.2.33. ]

The following facts can easily been seen geometrically (see Figure 3.6) but can
also be shown using the formula for [R,]g.

1. Ry Ry, = Ry 9,5

2. R, is invertible and (Rg)_l = R_y;

w

. for any n € Z we have (Ry)" = R,,p;

W

. for any k € Z we have Ry, = Idr=.

Figure 3.6.: Angles addition.

Exercise 3.2.34. Let S;: R? — R? be the reflexion along the z-axis, S5: R? — R?
the reflexion along the y-axis and let & be the standard basis. Find [$;]€ and [S,]g.
Solution.

We have S [y] = [-3] and Sy[y] = [ 3] for any [y] in R?. Using these formulas, one
easily shows that both S; and S, are linear maps.

By computing the image of the basis vectors, we obtain

sig=p 3w =] )
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Figure 3.7.: Mirror symmetries with respect to the z-axis (S;) and the y-axis (S5).

Observe that we the notations from the previous exercises, we have [S;5,] =
S55,1€ = [R,]Z. Since two linear maps are equal if and only have the same matrix
2711 g

representation, we have S; S, = S,58; = R_. We also have S? = S2 = (5, S,)% = Idgs.

Exercise 3.2.35. Let T' € L(V). Suppose that there exists v € V and n € N; such
that T"v = 0, but 7" 1v # 0.

1. Prove that & := (v, T, ..., T™ 'v) is linearly independent.

2. Let U := span(%) (so A is a basis for U). Prove that for any u € U, its image Tu
is still in U.

3. Let T|,: U — U be the restriction of T to U. Find [(T|U)k]§ for k € N;.

Solution. 1. Observe that if m > n, then T"v =T™ "1™y =T™" "0 = 0. Suppose we

can write
n—1

Op = Y AT =Agv+ \Tv+-+ X, ;T 0. (3.6)
i=0

(2

We want to show that all the \; are 0. By applying 7"~ ! to both sides of (3.6), we
obtain 0y = AT 1v + A0 + -+ + A,,_;0. But this implies that A\; = 0. We can then
apply T"~2 to both sides of (3.6) to obtain that A\; = 0. By repeating this process, we
obtain that all the A; are 0 as desired.

2. For an element u € U we have u = A\gv + -+ \,,_;T™ 1, so

T(u) = ATv+ -+ N, T o+ A, T

is also in U.
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3. We have T]U(Tiv) =Ty, so

LIXEERERRRRRTP, 07
L
0
0----.. 01 0]

Similarly, T|Uk(Tiv) = T**iy and

([0

ifl1<k<n—1,

L0 if k> n.

O

Exercise 3.2.36. Let D: P(R),, — P(R),, be the differentiation operator: D(p) = p’,
and let B = (1,z,2?, ...,2™) be the standard basis of P(R),. Find [D*]Z% for k € N,

Solution. We have D(1) = 0 and D(z%) = iz*~! for 1 > i > n, which gives us the
(n+1,n 4+ 1)-matrix

010
02 .
(D% = 0 . 0].
L
0

In general, for 1 < k < n, we have

DF(z) i(i—1)-(i—k+1)z"F if 1<
€T =
0 if k>

91



Chapter 3. Linear maps

which gives us the matrix

,

0..... 0 k! 0 vvevvnnn. 0
T (k1) :
I ;
e e 0
(DM = 1 e | 1<k,
D
| 0
L0 if k>n+ 1.

3.2.5. Change of basis

So far, bases have played important roles in studying finite dimensional vector spaces
and linear maps between them. But bases are not unique! So it is natural to ask what
happens when we change the basis.

Question 3.2.37. Let % and € be two bases for V. What is the relation between [v]g
and [v]g?

To answer this question, let us first consider the identity map

Idy: V — V.

That is, we think of 9 as a basis of V the domain of Idy,, while we think of € as a basis
of the codomain V' of Idy,. Then it follows from Lemma 3.2.25 that for any v € V we
have:

[vlg = [Idv@[v]@-
We say that [Idy/|% is the change of basis matrix from % to .
In other words, for & = (vy,...,v,) and € = (wy, ... ,w,,), if
V1 = aqwy + -+ ap1Wy

Up = QW1 + o+ G Wy,

then we have

a'll a12 ...... aln
& _ |G21 G2 Aon, n,n
[ldy |5 = : | e F
Ap1 Qp2 Ann
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Example 3.2.38. Let & = ([(1,] , [(1)]) be the standard basis of R? and let € = ([(1)], [_02] )
Then

Therefore,

Lemma 3.2.39. Let 9B and € be two bases of a finite dimensional vector space V. Then
1y, is invertible and ([Idy]%) " = [Idy]Z.

Proof. This is simply Proposition 3.2.30 applied to the invertible map Idy,: V = V. 0O

Exercise 3.2.40. Suppose € = ([;], [i] ) One easily checks that € is linearly indepen-

dent and so is a basis for R2. Given v = [Z] € R?, compute [v]g.

Solution. First we compute [Id/]€ where & is the standard basis of R?. In order to
do that we start by solving [é] = B] + ¢y [Z] We find [2;] = [_ﬂ Then we solve

[(1)] =d; [5] +dy [Z] and find [3;] = [_%] Putting this together, we have
_ 3
[1dy )€ = [ i _;]

Finally, we have

-2 2|Ta —2a + 2b
vl = 1, 1% g = [ : _] HE [ N
O
Observe that it was also possible to directly solve the system
al (1 3|z
bl |2 4|yl
Exercise 3.2.41. Let V be a vector space of dimension m and let B = (vy,...,v,,)

be a basis for V. Let o: {1,...,m} — {1,...,m} be a bijective function. Show that
@ = (Vg(1)s -+ s Vo(m)) 18 also a basis for V.

r Yo

Can you describe [Idy/|$? Hint: if [v]g = [c1, ..., ¢,,] T, then [v]g = [¢o(1)s -+ € 7.

o(m)

We have seen how coordinate vectors change under change of basis. But how about
matrix representations of linear maps? Let us consider the simpler case of operators. So
let T € L(V) and let B and € be two bases for V.
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Question 3.2.42. What is the relation between [T]Z and [T]Z?

Answer.
B T B
Vv — V
Idvl lldv
V —V
€ T ©

We have Idy, T = T = T Idy,. Therefore, using the bases as chosen, we have [Idy/]5[T]% =

[T]Z[1dy]5, or
[T)% = Mdy]5 [T [Mdy )7 (3.7)
where we used the fact that ([Idv]gg)_ = [Idy]Z. [

If you tried to compute some example of change of basis matrices, the result you
obtained might have seen familiar to you. Indeed, they look like matrix representations
of linear transformations. This ressemblance is not a coincidence.

To take a concrete example, let & = (el = [(1)] ,€9 = [(1)]) be the standard basis of R?

and let R, be the rotation of angle 6 around the origin. Finally, let 9 := (Rye;, Rges).
This is a basis of R? and

cos(f) —sin(6)
ldp2]5 = {sin(@) 008(0)]

where you can recognise the matrix [Ry|€ from Equation (3.5). This phenomenon is
more general and we have.

Lemma 3.2.43. Let V be a vector space with basis B = (vy,...,v,,) and let T € L(V)
be an isomorphism. Then TR = (Tvy,...,Tv,,) is a basis by Proposition 3.1.45 and

[Idv]‘qgg@ = [T]g

Proof. The i*® column of [T]2 is given by the coefficients of T'(v;) = ay;v1 + 4 GV,
while the i column of [Idy/]®, is given by the coefficients of Idy (Tv;) = Tv; =
a1;01 0t QU a

You can think of [77]7 as “the space is fixed, vectors are moved by 7 and of [Id/ |7, =

-1
([1d 1% E %) as “vectors are fixed, the underlying space is moved by 71" See Figure 3.8
for an example with T' = R, the rotation of angle § around the origin.

Definition 3.2.44.

Two matrices A and B in F™™ are similar if there exists an invertible matrix P
in F™™ guch that B = PAP~ 1.

Lemma 3.2.45. Similarity is an equivalence relation:

1. A and A are similar;
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y [Rele s

[IdRZ]%O% Ty

x

Figure 3.8.: Rotation of an angle 6 with respect to the standard basis, versus change of
basis matrix.

2. If A and B are similar, then B and A are similar;
3. If A is similar to B and B is similar to C, then A is similar to C.

Proof. 1. A=1d,, Ald, .
2. If B=PAP™! then A= QBQ ! for Q = P~
3. If B= PAP ! and C = QBQ ™!, then C = RAR™! for R = QP. O

Proposition 3.2.46. Let V be a vector space and let T € L(V). Let B and € be two
bases for V. Then [T)2 and [T]E are similar.

Proof. This directly follows from Equation (3.7) on page 94. O

We have seen that any operator on a finite dimensional vector space admits a matrix
representation. So a natural question to ask is: does there always exist a nice matrix
representation?

Major Question 3.2.47. ]

Given V and T € L(V), find a basis & such that [T]g is “as simple as possible”
(for example: diagonal, upper triangular, with many zeroes, ...).

The main idea below this question is that a matrix is “nice” or “simple” if we can do
fast computations with it. This is the case as soon as the matrix is sparse enough (has
many zeroes).
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We will later see (Section 5.3 and in particular Theorem 5.3.8) that each n x n matrix
is equivalent (similar to) to a matrix of the form

L
EA

J

where each J; is a “Jordan block”. That is, there exists an integer m; and a complex
number \; such that J; is a m; x m; matrix of the form

A

7

we should have m; 4 --- +m;, = m. But this is the only restriction on the m; and ;.
Such a matrix J is called a Jordan matrix.

In other words, if V' is a finite dimensional vector space and T € £(V) a linear operator,
there always exists a basis & of V such that [T]g is given by a Jordan matrix of the
form given in Equation (3.8). Such a [T]Z is called the “Jordan form” of T

3.3. Projections

Projections are useful tools that allow us to go from one “big” space (infinite dimensional)
to “smaller” spaces (finite dimensional) to make approximations. We will first discuss
general projections, and will then see how we can apply them to make approximation of
functions.

3.3.1. Projections: definition and first properties

We start this subsection by defining some very special operators.

Definition 3.3.1.

Let V. =U @& W be a direct sum decomposition. We define the projection onto
U (along direction W) to be the map

PU:PUywv_)V

v=u+wr— u.

By direct sum decomposition, for any v € V, there exists a unique u € U (and a unique
w € W) such that v = u + w. So the above map F; is well-defined.
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Example 3.3.2. Let V = R? and let U = {[”5] | z € R} be the z-axis and W = {[2] |
y € R} be the y-axis. Then V = U @ W and P is the first coordinate projection:

By [3] = [o)-

,[ Remark 3.3.3. ]
We write F;, but the projection F;: U ® W — V depends both on U and on
W! Let us demonstrate this dependence by an example. Let V = R? and let
U= {[”0”] | z € R} be the z-axis. Let W} = {[2] | y € R} be the y-axis and
W, = {[}] |y € R} be the line y = 2. We have V =U@ W, = U®W,. Forv = [}]
we have [?] = [g] + [(1)] € U & W, but also [ﬂ = [(1)] + H] € U @ W,. Therefore,

Brw, %] = [(2)] is not the same as By yy, ﬁ] = [(1)] See Figure 3.9 for a picture.

Y Y
W W,
p=(2,1) =(2,1)
¥ v L U
Pyw, (P)=(2,0) T Pyw,()=(10) T

Figure 3.9.: Projection of E] on the z-axis, along direction W; (on the right) and along
direction W, (on the left). For readability, only the point p = (2,1) and
its images are represented, not the full vector v = [ﬂ = Op and its images

PU,VV*(’U) = OPU,VV*('U)

We defined projections merely as functions. But it turns out that they are linear maps
satisfying many interesting properties.

Proposition 3.3.4 (Properties of projection onto Fy;). Let V.=U @ W be a direct sum
decomposition. Then the projection Fy; satisfies the following properties:

1. By e L(V);

Py(u) =wu for all u e U;
Py (w) =0y for all we W;
Im(F;) =U;

S

ker(F;) = W;
v—FB;(v) €W forallveV;

N S

PZ=P,.

97



Chapter 3. Linear maps

Proof. For v in V, let v = u + w be its direct sum decomposition: u € U and w € W.

1. Let v; and vy be two vectors in V' and let A € F be a scalar. There exists a unique
way to write v; = u; +w; and vy = uy + wy with u;,uy € U and w;,wy € W. But then
Au; + ug is in U while Aw; + wy is in W. A simple computation gives

PU<>\’U1 =+ ’1)2) = PU((A’UQ + ’U/Q) + (/\wl + ’LUQ)) = )\Ul + Uy = APU(’Ul) + PU(UZ)'

Hence F; is a linear map from V to V.

2. Suppose u is in U. We have u = u + 0y, with 0y, € W. So B;(u) = u.

3. Suppose w is in w. We have w = Oy, + w with 0y, € U. So F;(w) = Oy,.

4. By definition of F;, its image is included in U. Furthermore, 2 implies that U is
included in the image of F;. Therefore, we have the equality Im(F;) = U.

5. It follows from 3 that W C ker(F,;). For the other inclusion, let v = u + w be in
the kernel of F;. That is P;(v) =u =0, s0 v =w is in W.

6. Forv=u+weV,wehavev— F;(v) =ut+w—u=weW.

7. For all v = u + w we have P2%(v) = B, (u) = u = B;(v), so B? = B. O

Projections are an easy way to test if a vector u belongs to a direct summand. Indeed,
if V.=U & W, then by Proposition 3.3.4, v € V < P(v) = v.

We have defined projections with respect to a direct sum decomposition. But Proper-
ties 4 and 5 in Proposition 3.3.4 say that we can recover the spaces U and W from the
linear map F;. And we can use Properties 1 and 7 to define abstract projections.

Definition 3.3.5.
An operator P € L(V) is a projection if it satisfies P2 = P.

Projections onto a subspace give us examples of projections.
Lemma 3.3.6. If V. =U @ W, then F; is a projection.
Proof. This is Properties 1 and 7 of Proposition 3.3.4. O

We also have the following two basic examples.

Example 3.3.7. For any vector space V, both the zero map 0 € £(V') and the identity
map Idy, are projections.

The above example should remind you that 0 and 1 are both solution to the real
equation 22 = z. But in a vector space of dimension dim(V) > 2, the zero map and
the identity map are not the only projections as demonstrated by Example 3.3.2. To
elaborate a little bit: 0 is a solution of 22 = z while 1 is the only invertible solution
(divide by z on both sides). Since non-zero complex numbers are invertible, these are
all the solutions. Similarly, 0 is a solution of P2 = P, while Idy, is the only invertible
solution. But if V' is a vector space of dimension at least 2, then £(V) is also a vector
space of dimension at least 2 and hence there exists non-zero linear maps that are not
invertible. Therefore, the equation P? = P might have more than 2 solutions.

The following (easy) result shows that we may determine if a linear map is a projection
by studying its matrix representation.
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Lemma 3.3.8. Let V be a finite dimensional vector space and let T € L(V) be an
operator. Let 9B be a basis of V. Then T is a projection if and only if ([T]g)2 = [T]g

Proof. We have [T%)% = ([T]%)2. Therefore, T = T? if and only if ([T]2)? = [T|2. O

One immediately obtain as a corollary that if V' has dimension 2, then [(1) 8] represents
a projection P that is not conjugated to the zero map nor to the identity map. We
conclude that if the dimension of V is at least 2, the equation P? = P has at least 3
solutions (that are pairwise non similar).

Example 3.3.9. Let T € L(F?) be an operator. Suppose that there exists a basis %

such that [T]g =A= [(1) _01]. Then T is a projection. Indeed, it is easy to check that

o3l = ol

Similarly, if [T]2 = then T is a projection.

—
N[ D=
[MERNIE

It turns out that projections (Definition 3.3.5) and projections onto a subspace(Defini-
tion 3.3.1) are exactly the same things as demonstrated by the following proposition.

Proposition 3.3.10. Let V be a vector space and let P € L(V) be a projection. Then
V = Im(P) D ker(P) and P = PIm(P),ker(P)'

Proof. 1t is clear that Im(P) + ker(P) C V. So we need to prove that the sum is
direct and that it is equal to V. Let v € V. Then one have v = P(v) + (v — P(v))
with P(v) € Im(P) and v — P(v) is in ker(P). Indeed, P(v — P(v)) = P(v) — P%(v) =
P(v) — P(v) = 0. Now, for the direct sum part. If v € Im(P) Nker(P) we have v = P(w)
and 0 = P(v) = P%(w) = P(w) = v, so Im(P) N ker(P) = 0 which finishes the proof of
Im(P) @ ker(P) = V.

Finally, let v € V. Then v = P(v) + (v— P(v)) is the unique decomposition v = u + w
with u € Im(P) and w € ker(P). By definition of Py, p) wer(p), We have P, (p) ker(p) (V) =
P(v) for all v in V and so these two maps are equal. O

Another way to interpret Proposition 3.3.10 is that there is a one-to-one correspondance
between projections P € £(V) and direct sums decomposition V = U @& W where the
order matters. This gives us another proof that if V' has dimension at least 2, then
the equation P? = P has at least three distinct solutions. Indeed, the decomposition
V={0}®V =V & {0} corresponds to the projections 0 and Id. If U is a subspace
with 1 < dim(U) < dim(V) and W is any direct complement, the decomposition
V=U®&W =W &U corresponds to two news projections. By varying the dimension of
U, we can even show that the equation P? = P has at least dim(V') + 1 solutions.

We can also use Proposition 3.3.10 to show that, for finite dimensional vector spaces,
projections always admit an specially nice matrix representation.
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Chapter 3. Linear maps

Lemma 3.3.11. Let V be a finite dimensional vector space and let P € L(V) be a
projection. Then there exists a basis B of V such that

' -

0

Proof. Let & be a basis of Im(P) and € be a basis of ker(P). Then B = S UE is a
basis of V' = Im(P) & ker(P). Finally, for every v € B we have Pv =1 - v and for every
w € € we have Pw = 0. The formula follows. d

We can use the above lemma to obtain the following result about matrices.

Corollary 3.3.12. Let A € F™™ be a square matriz. If A% = A, then is similar to a
diagonal matriz with only 1s and 0s on the diagonal.

Proof. The operator L4 € L(F™) defined by L 4(v) = Av is a projection. Let & be the
basis given by Lemma 3.3.11 and let & be the standard basis of F™. Then [T]% has the
desired form while [L 4]€ = A. So for B = [Id|% we have A = B[T|ZB~! as desired. [

We conclude this subsection by the following result that is a generalisation of Proposi-
tion 3.3.10.

Theorem 3.3.13. ]

Suppose P,,...,B, € L(V) are projections such that P, + - + B, = Idy, and
BP =0pyy if i#j. Then V =Im(R) & & Im(F,).

Proof. Let v be any vector in V. Then
v=Idyv=(R +-+P)v=Pv+--+ FBvelm(P)+ - +Im(F,) (3.9)

and thus V = Im(P,) + --- + Im(B,). We now prove that the sum is direct. Suppose
0 =wv; + -+ v, with v; € Im(F)) for 1 < i < k. We want to prove that all the v; are
zero. By definition of the image, there exist w; such that Pw, = v,. Using that P, is
a projection we have Pv; = P?w; = Pw; = v; while Pv; = FPw; =0w; =0if i # j.
Now, if we apply P, to both sides of (3.9) we obtain 0 = v;. By doing this for all 1 <i <k
we have that all the v; are zero as desired, and so the sum is direct. O

Now that we have proven Theorem 3.3.13, let us discuss why it is a generalisation of
Proposition 3.3.10. Let P € £(V') be a projection, P, := P and B, := Id;, —P. One easily
checks the following properties:

« P, is a projection: P? =Id}, —Idy, P — PIdy, +P%2 =1d;, —P — P 4+ P = P};
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« B+ B =Idy;
e and PR,=P—-P?=0=RDP,.

We can hence can apply Theorem 3.3.13 to P, and B, to obtain V' = Im(P) @Im(Idy —P).
Finally, Im(Idy, —P) = ker(P) and we recover the Proposition. Indeed, if v is in ker(P),
then v = v —0 = v — P(v) = (Idy, —P)(v), which proves ker(P) C ImIdy —P. For
the other inclusion, if v € Im(Id; —P), then v = (Idy, —P)(w) for some w and so
P(v) = P(Idy, —P)(w) = P(w) — P?(w) = 0.

3.3.2. Left/right inverses and projections

An easy way to create projections is to use left and right inverses.

Proposition 3.3.14. Let V and W be two vector spaces and let T € L(V,W) and
S € L(W,V) such that TS = Idy,. Then V = Im(S) ® ker(T') and ST € L(V) is a
projection to Im(S) along direction ker(T).

Proof. We first show that ST is an abstract projection: (ST)? = S(TS)T = SIdy, T =
ST. It follows from Proposition 3.3.10 that ST is a projection onto Im(ST) along
direction ker(ST).

It now remains to show that Im(ST) = Im(S) and ker(ST) = ker(T"). We already
know that Im(ST) C Im(S) for every functions. For the other inclusion, let v € Im(S).
Thus there exists w € W with v = S(w) = SIdy (w) = STS(w) = ST(S(w)) which
shows that Im(S) C Im(ST).

For the kernels we have ker(ST') D ker(T') for every linear maps. For the other inclusion,
let v be an element in ker(ST'). We have 0y, = ST(v) and by applying T' to both sides
Oy =TST(v) =1dy, T(v) = T(v), which shows that ker(ST') C ker(T). O

Observe that for a given T' € L(V, W) there exists a right inverse S such that T'S = Idy,
if and only if T is surjective. If such an inverse exists, it is not unique unless T is an
isomorphism. This is related to the fact that given a general subspace U (= ker(T')) of V,
there exists more than one direct sum complement X (= Im(S)) such that V =U & X.
Let us exemplify this.

Example 3.3.15. Let T: R? — R be the map [i]  z. This is a linear map with
ker(T') = {[g] |y € R}. Define S;,S5: R — R? by

Si(z) = [g] and Sa(z) = [3].

These two maps are linear and one easily verify that T'S; = T'S, = Idg. By the above
proposition, both S;T and S,T" are projections. On one hand, S;T is the projection onto
Im(S,T) =Im(5;) = {[3] | z € R} and along direction ker(7"). On the other hand, SyT'
is the projection onto Im(S,T") = Im(S,) = {[z] | # € R} and along direction ker(T'). See
Figure 3.10.

101

Totorial 4,
Question 2



Chapter 3. Linear maps

Yy Y Im(Sy)

Figure 3.10.: Two projections along the y-axis direction. The left one is onto the z-axis,
and the right one is onto the diagonal y = x.

Many examples of the phenomenon described in Proposition 3.3.14 arise when you want
to do approximations. Suppose we have some “complicated” space V (usually a space
of functions) where we want to be able to do some approximations. We can consider a
linear map T': V' — F™ which we think of as “taking samples/measurements/evaluating”.
We then construct a right inverse S: F* — V which “selects a solution/reconstructs
something” using this data. Finally, the map ST € £(V') will be a projection onto U a
nice subspace of V, for example U = P(R)

n

Example 3.3.16. Let V = C®°(R) = {f: R — R | f(") exists Vn} be the space of
smooth real functions. This space is infinite dimensional and quite complicated. To
better understand it, we want to approximate it by polynomials. That is, we would
like to have projections F,: C*(R) — P(R),,. If n = 0, then we will approximate
continuous functions by constant functions, if n = 1 the approximation will be by lines,
by parabola if n = 2 and so on. Bigger n give better approximations. However, bigger n
also give more complicated approximations. In order to define the projections, we will
use Proposition 3.3.14. We consider the linear surjective maps 7},: C*°(R) — R"*! and
right inverses maps S,,: R — C®(R). Let us define

T, (f) = [f(a), f' (@), .., f™ (a)]T € R™,
Sulegss2a)T = mg + 21 (2 —a) + L@ =)+ + Tz —a)" € P(R), C C®(R).

These maps are linear (exercise) and are left /right inverses. Indeed,

(T,,5,)[1,0,...,0]T

(1) = [1,0,...,0]T,
(T,,S,)[0,1,0,...,0]" ) =

:Tn
=T,(z—a)=10,1,0,...,0]T,

2
(T,,5,,)[0,0,1,0,...,0]" = T, (“=2°) = 0,0, 1,0,...,0],

(T,,S,)[0,...,0,1]T = T, (==2") = o, ..., 0,1]T.

Therefore, B, := S, T,, € L(C>®(R)) is a projection to Im(S,,) C P(R),,. One easily
shows that (a, (z —a), ..., (x —a)™ is linearly independent, and thus a basis of P(R),,. It
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follows that Im(S,,) C P(R),, has dimension n + 1. In fact,

f(a)

Su T (f) = f(a) + [ (a)(@ —a) + =,

(2—a) ++ D@ —a)
n

is the n'" Taylor polynomial of f at x = a. Finally, the ker(S,T,,) = ker(T},) is the set

of all functions g such that 0 = g(a) = ¢’(a) = --- = g™ (a).

The sequence of Taylor polynomials forms a good local approzimation of f around
a. Local approximation means that for z close to a (and big n), the value of f(x) and
((S,T,)(f))(z) are nearly the same. More formally, since V' = Im(S, T,,) & ker(S,T,,),
every function f can be written in a unique way as p 4+ g, where p a polynomial of degree
at most n and g € ker(7,,). In other words, (f — (SnTn)f)(i)(a) =0forall 0 <i<n.
That is, near a, the function (f — (S, T,,)f) is close to be the constant function 0.

\ . y
\ — sinz
\\ —— degree 1
—— degree 3 14 — i
\ —— degree 5 \ o
\ —— degree 7 o
A S 1 2 3\
e \\\\ \

Figure 3.11.: Taylor polynomials of degree n of sin(x) at x =0 for n € {1, 3,5,7}.

Example 3.3.17. In the previous example, we approximated a function f by a polynomial
P such that P and f agree on a (that is P(a) = f(a)) and also the the i** derivatives
of P and f agree on a (P (a) = f%(a) for 1 < i < n). This is a local approximation
of the function f. Another way to approximate f is to find a polynomial G such
that f(x) = G(z) for many values of x. This is what we will do now, using Lagrange
polynomials. Let us fix a sequence of pairwise distinct real numbers (zg, 21, z,, ...) and
define

Q,,: C° — R

f — [f(‘rO)v f(x1)7 A f(xn)]-r

For the other direction, we define R,, by its value on the standard basis vectors
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(e7=[1,0...,0]", ..., eprq = [0,...,0,1]T):

r—x
Ry(e)= I —™
o<m<n 7t m
:l:_xo e w_mz_l x_$z+1 “ee III—JIn

T =T T~ Tl Tipy Ty Ty

The maps Q,, and R,, are linear and left/right inverses: Q,,R,, = Idgn+1 (exercise).

The polynomial R, (e;) is known as the i"* Lagrange polynomial. This is the unique
polynomial p of degree at most n such that p(x;) = 0if j # i and p(z;) = 1. This property
directly implies that (Q,, R,,)(e;) = ¢; and so Q, R,, = Idg~. Therefore, R, Q,, € L(C>)
is a projection to Im(R,,) = P(R),,, which has dimension n + 1. In fact, R,,Q,,(f) is a
polynomial of degree at most n such that for 0 < ¢ < n we have (R,Q,(f))(z;) = f(=;).
In this sense, the sequence of Lagrange polynomials forms another series of approximations
of f.

This time, ker(RnQn) =ker(Q,) ={g€C>[0= g(wO) = =g(z,)}
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Chapter 4. Inner product spaces

Standing assumption

In this whole chapter, F will always be either R the field of real numbers or C
the field of complex numbers. V' will always denote a vector space over F.

When going from R? to abstract vector spaces, we generalised the notions of vector
addition and of scalar multiplication. But they are some other features of R? that we
didn’t capture. For example, in R?, one can talk about the length of a vector, or about
the angle between two vectors. For a general vector space V', we do not have (yet) such
notions as “length” or “angle”. The aim of this chapter is to generalise the notion of
length for real and complex vector spaces, and to generalise the notion of angle for real
vector spaces.

4.1. Inner products and norms

2

we have the dot product z e y := x,y; + x5y, € R. This is useful as the length of z is

equal to \/ZE% +ZE% =z ez

4.1.1. Dot product in R™

Recall (from high school or MTHO008) that for x = [il] and y = [Z;] two vectors in R?

We first generalise scalar product to R™.

Definition 4.1.1.

Let © = [z1,...,2,,]" and y = [y, ..., ¥,,]" be two vectors in R™. We define their
dot product® to be

rey:=1z1y; + -+ Ty, €R.

%The dot product is sometimes also called scalar product; which is not the same thing as the scalar
multiplication!

Definition 4.1.2.

Let © = [x1,...,%,,]' be a vector in R™. We define its norm to be

|z]| = VT ez =y/22 + -+ 22 €R.

The norm |z| of = is a generalisation of the length of = in R, R? or R3. We may
think of it as the distance between the point (0, ...,0) and the point (x4, ...,z,,).

Proposition 4.1.3. The dot product in R™ satisfies the following properties.
1. For all x € R™ we have x e x > 0;

2. Forall x e R™ we have xox =0 < z =0;
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Yy
2
A
xr

Ty

Figure 4.1.: The norm of the vector [ﬁ;] eR?is H [i;] H = \/x% + x%

3. For any y € R™, the map ey: R™ — R, > x e y is linear;
4. Forall z,y € R™, we have r ey =y e x.

Proof. 1. For z = [z{,...,7,,]" € R™, we have z @ x = 2% + - + 22, > 0.

2. zex =0 if and only if 22 + - + 22, = 0, if and only if all the z; are 0, if and only
if x =0.

3. Using the definition, one can easily check that (z +z') ey =z ey + 2z’ ey and
(Ax) ey = A(z o y) for A € R.

4. This directly follows from the definition and the commutativity of addition in R. O

The above proposition suggests how to generalise the dot product to other real vector
spaces. Before doing that, we will turn our attention to complex vector spaces.

4.1.2. Dot product in C™

Can we simply mimic the dot product in R™ for C™? No! Indeed, if we use the same
definition then we are going to have a problem for the length of i. Indeed, Vi2 = V=1 is
not a real number, while we would like |z| to be the “length of 2” and hence a positive
real number. In order to solve this problem we will need to use the complex conjugation.

Definition 4.1.4.

The complex conjugate of a complex number a + bi (a,b € R) is the number
a+ bi:=a — bi.

Complex conjugation satisfies the following properties, which can all be easily checked
from the definition.

Lemma 4.1.5. Let w and z be two complex numbers. Then we have

1. w+z=w+7%;

)

gl

zZ=2Z-

g

2.
3. (w) = w;

—
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4. If w+#0, then (£) = Z,
5. For z = a + bi we have 2z = a® + b? = |2|? is the square of the modulus of z.

Definition 4.1.6.

Let z = [21, ..., 2,]" and w = [wy, ..., w,,]" be two vectors in C™. We define their
dot product to be

zZow:= ziwy + -+ 2, W,.
Using complex conjugation, one can define a dot product on C™.
Definition 4.1.7.

Let z = [2q, ..., 2,,]" be a vector in C™. We define its norm to be

lo] = Vz o

If w; is a real number, then w; = w;, so the above definitions are indeed generalisations

of the dot product and norm on R™.
Before going further, we prove one important property of the complex dot product.
Lemma 4.1.8. For every z € C™ the dot product z e z is a non-negative real number.

Proof. For w = a 4+ bi € C with a¢ and b in R, we have w = a — bi and so ww =
(a+bi)(a—bi) = a®+b2 = |w|? is in R . So we have zez = 2], 24+ 12,7 € Ry O

Corollary 4.1.9. For every z € C™ we have |z| € Ryq.

Complex dot product enjoys properties similar to the real dot product.
Proposition 4.1.10. The dot product in C™ satisfies the following properties.

1. For all z € C™ we have zeo z € Ryg;

2. For all z€ C™ we have z0 2 =0 < 2z=0;

3. Fiz we C™. The map ew: C™ — C, z+> zew is linear;

4. For all w,z € C™, we have zew =we z.
Proof. The proof is left to the reader as an exercise. Be careful that property 3 is about

C-linearity. 0

4.1.3. Inner product spaces

We can use the dot products in R and C™ as inspiration to define a generalisation of
“inner product” on abstract real or complex vector spaces.
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Definition 4.1.11.

Let F be either R or C and let V' be an F-vector space. An inner product on V'
is a function
(+,-): VxV—F
(u,v) = (u, v)

satisfying the following properties:

(1) (v,v) € Ryq for allv e V; (positivity)
(2) (v,v) =0 <= v=0; (definiteness)
(3) For all u,v,w € V and all A € F we have (linearity in 1% variable)®

<u + 1),'LU> = <u7w> + (’U,’u)),
(A, w) = v, w);

(4) (v,w) = (w,v) for all v, w € V. (conjugate symmetry)

“For us, an inner product is linear in the first variable. Some people prefer to define inner product
to be linear in the second variable. Both definitions are fine, but once you have chosen one, you
should stick with it.

Remark 4.1.12. |

If V is an R-vector space, then condition (v, w) = (w,v) is equivalent to (v, w) =
(w,v). Therefore, if (-,-) is an inner-product on a real vector space, it is also
linear in the second variable. That is, for all u,v,w € V and all A € R we have

(u,v+w) = (u,v) + (u, w),
(v, Aw) = (v, w).

Since (-, ) is linear on both variable, it is says to be bilinear. For real vector
spaces, we can replace Conditions (3) and (4) in the definition of inner product by
the condition that (- ,-) is bilinear.

Remark 4.1.13. ]

If (-,-) is an inner-product on a C vector space, then it is not linear in the second
coordinate, but semilinear. That is, for all u,v,w € V and all A\ € C we have

(ua v+ w> = (ua U) + <u7w>7
(v, \w) = Mo, w).
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In this case, we say that ( -,-) is sesquilinear, which means 1.5-linear. For
complex vector spaces, we can replace conditions (3) and (4) in the definition of
inner product by the condition that (- ,-) is sesquilinear.

The following result is an easy consequence of the definition.

Lemma 4.1.14. Let (-,-) be an inner product on a vector space V.. Then for every
v €V we have

(v,0) =0 = (0,v).

Definition 4.1.15.

Let F be either R or C. An inner product space over F is an F vector space
equipped with an inner product (-, - ).

We will often simply write V instead of (V,(-,-)) for an inner product space.

Example 4.1.16. R™ with the dot product is an inner product space over R, sometimes
called an Euclidean space. C™ with the dot product is an inner product space over C.

Example 4.1.17. Let ¢y, ..., ¢,,, > 0 be positive real numbers. Define (-, ): F" xF™ — F
by
(21505 Zim)s (W een s W)Y 3= €1 20W1 + =+ + Cpy 2y, Wiy -

Then (-,-) is an inner product.

Proof. We have (z, z) = ¢1|2,|? + -+ ¢,,|2,,,|>. This implies both that (z, 2) is a positive
real number and that (z,2) =0 < 2z =0.
The other two defining properties of an inner product are easily checked. For linearity
in 15* coordinate:
(Az,w) = c; AzyW; + -+ + €, A2, Wy,

= ANc121W; + - + € 2 W,y ) = A2, w).

For conjugate symmetry:
<w7 Z> =C w2y + o+ Cp Wy, 2y,

== Elzlml + e + Emzmw
= C12 Wy + -+ Cp 2, Wy,

= (z,w),

where we used both that Z =z, and that C;=¢; since the c; are real numbers. O

Remark 4.1.18. ]

The above example shows that there can be more than one inner product structure
on the same vector space.
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Example 4.1.19. Let C°([—1,1]) = {f: [-1,1] — R/ f is continuous} be the real vector
space of continuous functions from [—1, 1] to R.. Define (-,-) : CO([—1,1]) xC°([~1,1]) —
R by

(f,9) = / f(z)g(x) dz.

Then (-,-) is an inner product.

Proof. If both f and g are continuous functions defined on [—1,1], then f - g is also
continuous and hence integrable. This implies that (-, -) is well-defined. Moreover,

1
4= [ f@f@ds>o
-1

This proves positivity.

It is clear that (0,0) = 0. Definiteness is a little more difficult to show and we will do
it later.

Linearity of (- ,-) is the well-known linearity of definite integral.

The definition is symmetric in 15¢ and 2°¢ variable: (f,g) = (g, f) and we have
conjugate symmetry since (f, g) is a real number.

In order to prove definiteness, we need to show that if f_ll(f(:c))2 dz =0, then f = 0.
The proof of this claim requires analysis. We will actually show the converse, namely:

If g: [-1,1] is a non-negative continuous function such that g(xzy) # 0 for some
zy € [—1,1], then fjl g(x)dx # 0.

Let € := % - g(zy) > 0. By continuity, there exists 6 > 0 such that if |z — zy| < J, then
lg(z) — g(zg)| < e. In particular, if z is in [zq — d, 2 + ], then g(z) > e.

Y

g(zo)+e

9(zq)

To—86 Lo xo+6 x

Figure 4.2.: A non-zero positive continuous function. Its integral is at least the area of
the blue rectangle: fj°+; g(x)dx > 26e.
o
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We conclude that

z9—0 zg+9o 1
/ / z)dz +/ g(x)d+/ g(x)dx
zo—0 xg+0

1

xg—0
> g(:r)dx+255+/ g(z)dz > 0+ 25+ 0 > 0.
-1 zo+d
This proves the claim, and finishes the proof of definiteness. a
Exercise 4.1.20. Show that ( f p(x ~? dx defines an inner product on

P(R).

Solution. The bilinearity of ( ) directly follows from the linearity of the integral. We
also have (0,0) = 0 and (p, p) f p(x)?e ™ dzx > 0 for every polynomial p.

It remains to prove that if (p, p) = 0, then p is the zero polynomial. This follows from the
fact that g(z) = p(z)%2e 2 is a non-negative continuous function, see Example 4.1.19. O

Definition 4.1.21.

Let (V,(-,-)) be an inner product space over F. For a vector v € V| we define its
norm to be |[v| := y/(v,v).

If V is an inner product space, we can regard the norm as a function

[ol: V— Rg

v/ (v, v).

Remark 4.1.22. ]

The norm depends on the choice of an inner product. Different inner products
will give different norms.

Example 4.1.23. For the dot product on F™, the corresponding norm is the standard
norm: |(zq,...,2.,)| = \/m
Example 4.1.24. For C°([—1, 1]) with inner product (f, g) f f(z)g(x) dz, the norm
is |71 = /S (F(z))” da.
The norm is not linear, but behaves well with respect to scalar multiplication.
Proposition 4.1.25. Let V be an inner product space over F with norm | -|. Then
1. For all v € V, we have |v| =0 if and only if v=0;

2. Forallv €V and all X € F we have |Mv| = |A|-|v||, where|A| € Ry is the modulus
(absolute value if F =R) of A.
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Proof. For the first statement, |v| =0 < (v,v) =0 < v=0.
For the second statement,

M| = v/ {(Av, A) = /AN (v, v)

A2 (v, 0) = A - o]
O

In practice, it is often easier to compute |v|? = (v,v). If you do that, don’t forget to
take the square-root after computing |[v]?.
4.2. Orthogonality and its consequences

Now that we have generalised the notion of length, we would like to generalise the notion
of angle. In general, this is not possible, but one can at least generalise the notion of
perpendicularity. Recall that in R? if 6 is the angle between two vectors u and v we have

uev = |uf|v| cos(d). (4.1)

u

X

Figure 4.3.: An angle between two vectors in R2. The angle satisfies the relation u e v =
lullv] cos(6).

We conclude that w and v are perpendicular if and only if (u,v) = 0. One will use this
notion to generalise perpendicularity. In fact, we will see later that Equation (4.1) can
also be used to generalise the notion of angles for real inner product spaces.

4.2.1. Orthogonality
The following fundamental definition is inspired by Equation (4.1).

Definition 4.2.1.

Let (V,(-,-)) be an inner product space. Two vectors v and v in V" are orthogonal,
written u L v, if (u,v) = 0.

Observe that v L v if and only if v L .
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Remark 4.2.2. ]

J

The notion of orthogonality depends on the inner product we have chosen!

Example 4.2.3. Let V = R? and let u = H] and v = [_ﬂ We have v e v =0 so u and

v are orthogonal for the dot product. However, <[§;], [Z;D :=4x,79 + Y1y, is also an
inner product on V. For this inner product, we have (u,v) =4—1=3# 0so u and v
are not orthogonal for (-, ).

Orthogonality possesses interesting properties, notably in relation to the 0 vector.
Lemma 4.2.4 (Orthogonality and 0y,). Let V' be an inner product space. Then

1. 0y is orthogonal to every vector v € V;

2. A vector v € V is orthogonal to itself if and only if v = 0y.

Proof. 1 This follows from (0y,,v) = 0,,.
2 If v is orthogonal to itself, then 0y, = (v, v) which implies v = 0y,. O

If a vector v is orthogonal to some vectors u;, then it is orthogonal to all linear

combinations of the u;.

Lemma 4.2.5. Let V be an inner product space. Suppose that we have vectors v and
(uy, ... ,uy) such that v L u; for all j [{1,...,k}. Thenv L u for any u € span(uy, ..., uy).

Proof. We have u = Aju; + -+ + A u, for some k. By linearity, we obtain (u,v) =

k

We now recover a classical theorem from Euclidean geometry that holds in any inner
product space.

Theorem 4.2.6 (Pythagorean! Theorem). ]

J

Suppose u and v are two orthogonal vectors in an inner product space. Then

Ju+ vf* = ul® + vl .

Proof. We have

u+v)? = (u+v,u+v) = {(u,u) + (u,v) + (v,u) + (v,v)
= ul® + 0+ 0+ v]* = Jul® + v]*.

'Pythagoras of Samos (ITuBayépac) (c. 570-c. 495 BC).
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Corollary 4.2.7. Let k > 1. Suppose uq,...,u; are pairwise orthogonal vectors in an
inner product space: u; L u; for alli# j€{1,...,k}. Then

Jug + - gl = Jug | + -+ Jlug |

Proof. If k =1 this is trivial. The case k = 2 is the Pythagorean Theorem. Now suppose
k > 3 and that the statement is true for K — 1. Then u,, is orthogonal to u; + -+ u;_;.
The pythagorean Theorem applied to u = u; + --- + uy,_; and v = u, gives

Jug + -t g | = flug + -+ w4 Jug ) = Jun ] 4+ g

If F = R, then the converse of the Pythagorean Theorem also holds:

Proposition 4.2.8. Let V' be an inner product space over R and let u and v be two
vectors. Then u and v are orthogonal if and only if |u+v|? = |u|? + |v|?.

Proof. The proof is left as an exercise. O -
Remark 4.2.9. |

Observe that the proof of Proposition 4.2.8 does not work for inner product spaces

over C. Indeed, in this case we have |u + v[? = |[u|? + (u,v) + (u,v) + |v[?. But

in general, (u,v) + (u,v) # 2(u,v).

Actually, Proposition 4.2.8 is false for all complex inner product spaces.

Lemma 4.2.10. Let V #+ {0} be a complex inner product space. Then for any v # 0
and u = iv we have |u+ v|* = |u|? + |v|? but (u,v) # 0.

Proof. The proof is left as an exercise. O -
We have defined orthogonality for vectors. We can also define it for subspaces, and

even for subsets.

Definition 4.2.11.

Let V be an inner product space and let X and Y be two subsets of V. We say
that X and Y are orthogonal, written X 1 Y, if for allz € X and y € Y we
have (z,y) = 0.

We know that in general, direct sum complements are not unique. However, in an
inner product space any subspace U admits a unique “nice complement”. Let us first
define what it means to be a nice complement and then show its unicity when U is of
dimension 1.
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Definition 4.2.12.

Let V be an inner product space. For a subset U C V we define its orthogonal
complement to be

Ut :={veV|VueU,uv) =0}

That is, U' is the set of vectors that are orthogonal to all vectors of U.

One can easily show that U~ is always subspace (see the forthecoming Proposition 4.3.15
for a proof).

Lemma 4.2.13. Let V be an inner product space and u be any non-zero vector. Then,
for any v € V there exists a unique decomposition v = Au + w with A € F and such w
orthogonal to u. In fact, we have

(v, w)
]

U+ w.

Proof. The idea is to first find the orthogonal projection of v onto span(u). This will
both give A and w = v — Au. See Figure 4.4.

—————>

Au U
Figure 4.4.: An orthogonal decomposition of v with respect to u.

Let w:= v — Au for some A € F to be determined. We want w to be orthogonal to u,
that is (w,u) = 0. So let us compute:

0= (w,u) = (v—Au,u) = (v,u) — X\(u, u).

So w and wu are orthogonal if and only if A = ”u—2> This proves both the existence and

the unicity. O

(v,u
I

Here is a rewriting of the previous lemma in terms of direct sum complements.

Proposition 4.2.14. Let V be an inner product space and U be a one dimensional
subspace. Then V =U @ U*.

Moreover, Ut is the unique orthogonal complement. That is, if V = U @ W with
ULW, then W =U".
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Proof. Since U is one dimensional, we have U = span(u) for every non-zero vector
u € U. Let us fix such a vector u. By Lemma 4.2.13, any vector v € V admits a unique
decomposition of the form v = Au +w for A € F and w € U*. Since U = span(u), this
is equivalent to the uniqueness of the decomposition v = v’ +w for v’ € U and w € W.
The unicity of this last decomposition is exactly the fact that V =U @ U*.

Finally, let W be another orthogonal complement of U. By definition of U+, we must
have W C U*'. For the other inclusion, let v be any element of U. Then we have at the
same time v=0+2 €V =U®Ut andv=u+w eV =U@W. Since wisin W C Ut
we conclude that 2 —w = v is in UN U~ and thus v = 0 + 2 = w is in W as desired. [

4.2.2. Cauchy-Schwarz inequality

Cauchy-Schwarz? inequalities exist for sums, series, integrals, .. They are really useful

both in algebra and in analysis. All these inequalities follow from a general inequality for
inner product spaces, which we now prove.

'_[ Theorem 4.2.15 (Cauchy—Schwarz inequality).

Let V' be an inner product space. Then for all uw and v in V we have
[(w, )| < Juf - vl (4.2)

Moreover, we have |(u,v)| = |lu| - |v]| if and only ifu and v are linearly dependent.

\. J

Proof. If u = 0y, then u and v are linearly dependent and Equation (4.2) is 0 =0 - |v].

Let us now suppose that u # 0y, and consider the decomposition v = Hffg U+ w
where w is given by Lemma 4.2.13 and orthogonal to u. By the Pythagorean Theorem

(Theorem 4.2.6)

(v, u)?|

Jul?

(v,u)|”
TE

(v, u)
Ju]®

That is [(u,v)|* = |(v,u)?| < [v]* Jul?.
Finally, we have equality in (4.2) if and only if |w|? = 0, if and only if w = 0. But w
is zero if and only if 4 and v are linearly dependent. O

2
ol = “H Tl = ] ul? + Jul? >

Some special cases of the Cauchy—Schwarz inequality may be familiar to you. Observe

that in application, we usually use the squared version of the inequality: |(u,v)|? <
Jul[lv)?.

Example 4.2.16. Let V = R™ be the Euclidean space with standard dot product. The
Cauchy-Schwarz inequality applied to (x4, ...,%,,) and (y;, ..., ¥,,) gives

m m m
2 2
‘Z%’%‘ < (Z%)(Z%)
j=1 j=1 Jj=1
2Augustin-Louis Cauchy (1789-1857) and Karl Hermann Amandus Schwarz (1843-1921).

’ 2
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Example 4.2.17. Let V = C°([—1,1]) be the space of continuous functions from [—1, 1]
to R with inner product (f,g) = f_ll f(z)g(x)dz. Then for f and g in V = C°([-1,1])
the Cauchy—Schwarz inequality is

1 2 1 1
( /_ J@)g(a) ar) < ( /_ 1 f@)?da) /_ 19($)2d:1:).

It is an interesting exercise to try to give an analytic proof of this inequality.

4.2.3. Angles in inner product spaces over R

When F = R we can define angles using the Cauchy—Schwarz inequality and Equa-
tion (4.1). Let V be an inner product space over R. By the Cauchy—Schwarz inequality,
for non-zero u and v in V' we have

<u7 v) < 1'

~1<
= Julllol

Definition 4.2.18.
Let V be an inner product space over R and let 4 and v be two non-zero vectors.

We define the angle between u and v by

Z(u,v) = arccosM € [0,x].
[ulllol

If one of u or v is Oy,, we say that the angle between u and v is arbitrary.

Using this definition of angles, we have that v and v are orthogonal if and only if
(u,v) = 0, if and only if Z(u,v) = 3.

Remark 4.2.19. |

If F = C, the above definition does not make sense! Indeed, in this case (u,v) can
be a non-real complex number.

4.2.4. Classical geometry results in inner product spaces

Using the notion of norm and orthogonality, it is possible to recover some of the classical
geometry results in a more general context.

'_[ Theorem 4.2.20 (Triangle inequality).

Let V' be an inner product space. Then for any v and v in V we have
[ul = ol| < fu+ ol < ful + o]

Moreover, we have
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o |u+v| = |u|+|v| if and only if there exists A € Ry such that u = v or
v = Au;

o [Jull = vl = |u+v| if and only if there exists p € Ry such that u = pv or
v = pu.

Figure 4.5.: The shortest path between the black dot and the greydot is given by the
vector u + v.

Proof. We have
[u+v]? = (u+v,u + v)

= (u,u) + (v,v) + (v, v) + (u,v)

= [ul? + [v]? + 2 Re(u, v).
Recall that for any complex number z we have —|z| < Rez < |z|. Applying this to
z = (u,v) and plugging it in the above equality, we obtain

Jul® + ol? = 2[¢u, v)| < Ju+v]* < [ul® + Jof® + 2[(u, v)|.
Using the Cauchy—Schwarz inequality|(u,v)| < |u| - |v], we obtain
Jul® + Jol? = 20ull - ol < Ju+vl® < Jul® + Jol® + 2]ul - o]
This is equivalent to
(lall = o1)? <+ vl* < (Jul + [o])?,
or in other words
ul = ol| < fu+ o] < ful + o]

Now, the right inequality is an equality if and only if Re(u,v) = [(u,v)| = |ul||v|, if
and only if (u,v) = |ull||v]|. Indeed, Re(u,v) = |(u,v)| is equivalent to |(u,v)| = (u,v)
(that is: (u,v) being a non-negative real number). Finally, (u,v) = |Jul||v| if and only if
there exists A € R such that u = Av or v = Au.

The proof for the left equality is similar. O

Figure 4.5 explains the name triangle inequality. This inequality is really important as
it shows that |u — v|| is a distance.> Meaning that:

3You will learn more about distances in MTH224 - Metric spaces.
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L. Yu,v: |u —v|| € Ryq (the distance is always a positive number);
2. Vu : |u —u| = 0 (if you don’t move, the distance is 0);
3. If u # v, then |u — v| > 0 (if you move, the distance is positive);

4. Yu,v: |u—v| = |v—u| (the distance from u to v is the same as the distance from
v to u);

5. Vu,v,w: |lu—v| < |u—w| + [|w—u| (if on the way between u to v we go through
w, this cannot shorten the distance).

We now recover another result from classical geometry.

Theorem 4.2.21 (Parallelogram equality). ]

Let V' be an inner product space. Then for any u and v in V we have

lu+ 12 + Ju — v = 2(Jul® + [0]?).

Proof. The proof is just direct computations.
lu+ v + |u—2|? = (u+v,u+v) + (u—v,u—v)
= (u,u) + (u,v) + (v,u) + (v,v)
+(u, u) — (u,v) — (v,u) + (v,v)
= 2(u, u) + 2(v, v)
= 2(Jul® + o]?).

+
+

O

Figure 4.6 is here to explain the name of the above theorem. Observe that the equality
|lu+v]? +|Ju —v|? = 2(]Ju|? + ||v|?) means that in a parallelogram the sum of the square
of the diagonal lengths is equal to the sum of the square of the side lengths.

v

Figure 4.6.: A parallelogram and its two diagonals.

Corollary 4.2.22 (Appolonius’s identity). Let ABC' be a triangle in ¥, and let D be
the midpoint of AB. Then

1
|BCI? + |AC|* = S1AB|* + 2[C D,
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Proof. Let w:= DC and v := DA. Thenﬁzu—v,D—B:—v and BC = v+ u. See
Figure 4.7.

Figure 4.7.: A triangle ABC, where D is the midpoint of AB.

By the parallelogram equality

BOP? + JAC|? = 2| 54B| + |CDI?) = 5[aBJ2 + 2/CD|.

4.3. Orthonormal bases

In this section we will use inner product and orthogonality to define nice bases with
specifically good properties.

4.3.1. Orthonormality
We start with a definition.

Definition 4.3.1.

Let V be an inner product space over F. A list of vectors (v, ..., v,,) is orthogonal
if its elements are pairwise orthogonal. That is, if for all 5,k € {1,...,m} with
J # k the vectors v; and v, orthogonal.

The list (vq,...,v,,) is orthonormal if it is orthogonal and all the vectors have

norm 1.

m)

[ Infinite dimensional vector spaces
\

It is possible to define orthogonality and orthonormality in a similar way for an
infinite family (v, )qcr-

Observe that a list of vectors (v, ..., v,,) is orthonormal if and only if*
1 ifj =k,
Vi, V) = 05, 1=
Wi Vi) = 051k {0 if j + k.

45j7k is called the Kronecker delta from Leopold Kronecker (1823-1891).
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Observe that the notion of orthogonal and orthonormal list depends on the choice of
an inner product!

We already have encountered examples of orthonormal lists.
Example 4.3.2. The standard basis of F is orthonormal for the dot product.

But other examples exist as well.

Example 4.3.3. The list (u = ]) in F3 is orthonormal for the dot

Sl o 5
“G
Il

o 5k ol

product.
Indeed, we have

UOUZ%—{-%—F%:L ’UOUZ%—F%—FO:L uov:;—%+\%+0:o.

Proposition 4.3.4. Let V' be an inner product space and let (vy, ... ,vy,) be an orthonormal
list of vectors. Then for every A\, ..., A\, € F we have

Mg -+ vl = (A2 A+ N
Proof. This is a direct application of the Pythagorean Theorem (Theorem 4.2.6):

IArv1 + -+ Mvpl® = [Agv |2 + - + [ Apve
= AL Plog |2 + - + AP loel?
= A2+ A2

Corollary 4.3.5. An orthonormal list (vy,...,vy) is linearly independent.

Proof. Let (vq, ..., v;) be an orthonormal list. Then , if A\;v; 4+ -+ A,v, = 0, the previous
proposition tells us that 0 = |A\;|? + - + |\;|? and therefore all the A; are 0. O

[ Infinite dimensional vector spaces
\

Corollary 4.3.5 is true even for infinite families. In fact, we have that any orthogonal
family (finite or infinite) of non-zero vectors is linearly independent! Can you
prove it for finite lists?

It is natural to ask which orthonormal lists are also spanning. Since an orthonormal
lists is linearly independent, it is spanning if and only if it is a basis.

Definition 4.3.6.

Let V be an inner product space over F. A list of vectors (eq,...,e,,) is an
orthonormal basis if it is both an orthonormal list and a basis.
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[ Infinite dimensional vector spaces
\

Similarly, one say that an infinite family (e, ),c; is an orthonormal basis if it is
both an orthonormal family and a basis.

It follows from Example 4.3.2 that the standard basis of F™ is an orthonormal basis,
but it is not the only one.

Y Y

€2 - Vs

-1 ’ : Uy

e T T

Figure 4.8.: Two orthonormal bases of R2.

Proposition 4.3.7. If V is finite dimensional, then any orthonormal list with of length
dim (V') is an orthonormal basis.

Proof. Any orthonormal list is linearly independent. But any linearly independent list of

length dim(V) is a basis by Corollary 2.4.44. O
Example 4.3.8. The vectors u; = [3, 3,2, 31T uy, = [3,4, 3L, T ug = (3,5, 3, 417

and uy = [}, 3, 5, 5|7 form an orthonormal basis of F*.

Since dim(F*) = 4, it is enough to check that the family is orthonormal. It is easy to
show that |u,| =4 - =1 for 1 <j < 4. The fact that u; e u, = 0 if j # k is left as an
exercice.

The main advantage of orthonormal bases is the following result.

'_[ Theorem 4.3.9 (Orthonormal decomposition). |

Let V be a finite dimensional inner product space and let (eq,...,e,,) be an
orthonormal basis. Then for any vector v € V we have

1. v=(v,e;)e; + -+ (v,e,,)emn;
2. v = [{v,e1)|? + -+ [(v, e, |%;

3. (u,v) = (u,eq)(v,eq) + -+ (u,e,,)(v,e,,) for every u € V.

J

Proof. 1. Since (eq, ..., €,,) is a basis, there exists A; € F such that v = Aje; +-+ A, e,
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Then for 1 < j < m we have

<’U, eg> = <>‘161 +oet Amem7 e])
= Ai{er,€;) + -+ A lems €j)
=A,1=X,,.

2. The formula for |v|? follows by using the Pythagorean Theorem (Theorem 4.2.6)
on 1 and the fact that [[(v, e;)e || = [(v, e;)[[e;] = [{v, e;)].
3. This follows from taking the inner product (u,-) on both sides of 1 and using the

conjugate symmetry (e;,v) = (v, ¢e,). O

Observe that (v,e;)e; is nothing else than the projection of v onto span(e;) along

direction span(e;)" = {w € V | (w,e;) = 0}. We will make this explicit in the next
subsection.

[ Infinite dimensional vector spaces

L&

Theorem 4.3.9 is also true for infinite dimensional spaces. The trick is that if
(€éq)acr 1s an infinite orthonormal basis, then for a given v the inner product
(v, e,) is non-zero only for finitely many «.

Theorem 4.3.9.1 is particularly useful for the matrix representation of a vector.

Corollary 4.3.10. Let V be a finite dimensional inner product space and let & =

(eq,...,€,,) be an orthonormal basis. Then for any vector v € V we have
(U’ €1>
[vlg = :
Co

Let us end this subsection with the following announcement.

Theorem 4.3.11. ]

Let V' be a finite dimensional inner product space. Then V admits an orthonormal
basis.

We will prove this result later in Subsection 4.3.3 (it follows from Theorem 4.3.30),
but we still state it as it is a good motivation for what is coming next.

Remark 4.3.12. ]

Theorem 4.3.11 is not true in general for infinite dimensional inner product spaces.
That is, infinite dimensional inner product spaces might not have orthonormal
basis. See Example 4.3.19 for a counter-example.
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4.3.2. Orthogonal projections

In Proposition 4.2.14 we saw that if U is a 1 dimensional subspace of V, then it has
a unique orthogonal complement. Our aim is now to generalise Proposition 4.2.14 to
subspaces of dimension bigger than 1.

Recall that for a subset U C V its orthogonal complement is the subset U+ = {v € V|
Vu € U, (u,v) = 0} of vectors of V that are orthogonal to all vectors of U.

Example 4.3.13. Let V = R? and U; = {B] } Then Uit = {[;j] cR? | T+ 2y = ()};
see Figure 4.9.
For U, = {[ﬂ ‘ te R} we have
U ={[y] eR?*|VteR, tz+ty=0} ={[-7] e R? |z € R}.

ForU3={[ﬂ €R2‘t€R} wehaveU;;z{[i] €R2|Vt€R7t$+y:0}:{[8]}'

Y Y Y
Uy
U, Us
x x UL x
Ui Us

Figure 4.9.: Orthogonal complements in R2.

Example 4.3.14. Let V = R? and U, = {[z,y,0]" | z,y € R}. Then Uj- = {[0,0, 2] |
z € R}; see Figure 4.10.
For Uy = {[0,4,0]" | y € R} we have U = {[z,0,2]" | z,2 € R}

z
Ut

Y

Figure 4.10.: Orthogonal complements in R3.
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One of the advantage of orthogonal complements is that they automatically are
subspaces. In fact, we have

Proposition 4.3.15. Let V' be an inner product space. Then for any subsets U and W
of V the following hold

1. Ut is a subspace of V;
{0}t =V and V* = {0};
UNUL C {0}, with equality if and only if U contains 0;

U C (UL)L;

ST R

If U C W, then wicu+t.

Proof. “1” Firstly, since 0 is orthogonal to every vector in V, it belongs to U*. Now,
let v; and v, be two vectors in UL and let A € F be a scalar. For all u € U we have
(Avy 4+ vy, u) = Moy, u) + (vg,u) = A0 + 0 = 0 and therefore \v; + vy belongs to U+.

“2” On one hand, the vector 0 is orthogonal to every vector, which implies {0}L =V.
On the other hand, if v is in V1 then it is orthogonal to itself and therefore equal to 0.
This shows that V+ C {0} and we have equality since V* is a subspace.

“3” Suppose that U N U+ is not empty and let v be any element inside the intersection.
Then, as above, we have (v,v) = 0 and so v = 0. This shows that U N U+ C {0}. We
have equality if and only if both U and U+ contains 0, but U~ is a subspace and hence
always contains 0.

“4” Let u € U. Then for any v € U, (u,v) = 0 which show that u is in (UL)L.

“5” Let v be in W+. Then (v,w) = 0 for every w € W and therefore in particular for
every w € U. Sovisin Ut and W+ C U+, O

If U is a subspace of V, in order to describe U™, it is enough to check orthogonality
with respect to a spanning family, as demonstrated by the following result.

Lemma 4.3.16. Let V' be an inner product space and let U be a subspace with a spanning
family (u,)qcr- We have

Ut ={veV|Vael,(vu,) =0}

Proof. We will give the proof for a finite dimensional subspace with spanning family
(uy,...,u;). The general case is similar.

The left-to-right inclusion is obvious, so we only need to check the right to left inclusion.
Let V' be vector such that (v,u); = 0 for all j € {1,...,l}. For every u € U, we
have u = Ajuy + -+ + Au; for some \; € F (not necessarily unique). By linearity,

(v,u) = Ay (v,u1) + -+ A\ {v,1;) = 0 and therefore v is in U*. O

Another nice property of orthogonal complements is that they can be use for direct
sum decompositions.
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,.[ Theorem 4.3.17. ]

Let V' be an inner product space and let U be a finite dimensional subspace. Suppose
that there exists an orthonormal basis (uy,...,u;) of U. Finally, let (eq,...,€;) be
the standard basis of F'. Consider the linear maps T:V — F! and S: Fl -V

given by
<U, ul)
T(v) == [ : ] ,

<U’ ul>

S(eﬂ = 'U/j,

where S is extended linearly to F'. Then we have TS = Idp:, V=U & U", and
ST € L(V) is the projection onto U along the direction U~.

Proof.

TS(ej) = T(u;) = [{uj,uy), - s (uj,ul>]T

=0,...,0,1,0,...,0]T =e;.

Therefore, T'S(e;) = Idgi(e;) for all basis vectors e;, and since both T'S and Idg: are
linear we have T'S = Idg:.

By Proposition 3.3.14, the map ST is a projection onto Im(S) along the direction
ker(T) and V = Im(S) & ker(T).

Since S(e;) belongs to U for basis vectors, we have Im(S) C U. Moreover, all the
u; = Se; belongs to Im(S), which implies U = span(ey, ..., u;) C Im(S). This shows that
Im(S) = U. Finally, a vector v € V is in ker(T) if and only if (v, u;) = 0 for all j, if and
only if v is in U+. So ker(T) = U+. O

We will later prove Theorem 4.3.32 that asserts that any finite dimensional subspace
admits an orthonormal basis. As a direct consequence we obtain

Corollary 4.3.18. Let V be an inner product space and let U be a finite dimensional
subspace. Then V =U @ U*.

[ Infinite dimensional vector spaces L

Theorem 4.3.17 remains true for infinite dimensional subspace. Namely, if U is a
subspace that admits an orthonormal basis (u,),cs, then one can define linear
maps T € L(V,FU)) and S € L(FD V) such that T'S = Idgm. So ST € L(V) is
the orthogonal projection onto U and we have V =U @ U+.

However, a subspace U of uncountable dimension does not necessarily admit an
orthonormal basis and so Corollary 4.3.18 might fails for such subspaces. This is
demonstrated in the next example.
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Example 4.3.19. Let V = C°([—1, 1]) be the space of continuous functions from [—1, 1]
to R equipped with the inner product (f,g) = f_ll f(z)g(x)dx. Let U := {f € V|
f(0) = 0}. This is an infinite dimensional proper subspace of V' (the constant function
f=1isin V\ U). Using analysis, one can show that U1 = {0} (exercise). Therefore,
we have U + U+ = U + {0} = U C V. As a consequence, we conclude that U does not
admit an orthonormal basis (and not even an orthogonal basis) as this would contradict
Theorem 4.3.17 (see also the “Infinite dimensional vector spaces” just above).

As a direct corollary of Corollary 4.3.18, we can compute the dimension of U~'.

Corollary 4.3.20. Let V be an inner product space and let U be a finite dimensional
subspace. Then dim(U+) + dim(U) = dim(V).

Another important consequence of Corollary 4.3.18 is that taking orthogonal comple-
ment twice is the same as doing nothing.

Corollary 4.3.21. Let V be an inner product space and let U be a finite dimensional
subspace. Then (Ul)l =U.

Proof. “C” This is true for any subset of V', see Proposition 4.3.15.

“D” Let v € (UL)l CV = U@ U~ since U is finite dimensional. So there exists a
unique decomposition v = u + w with u € U and w € Ut. We want to show that v is
in U, or equivalently that w = 0. We have u € U C (UL)L. So w = v — u belongs both
to (UL)L and to UL. But then w € (UL)L N UL = {0} which is what we wanted to
prove. O

Using Corollary 4.3.21 and Proposition 4.3.15 we can prove the following result.

Lemma 4.3.22. Let V be an inner product space and let U be a finite dimensional
subspace of V. Then U+ = {0} <= U=1V.

Proof. If U =V, then U+ = V* = {0}.
If U is finite dimensional and U+ = {0}, then U = (Ul)l ={0}t=V. O
We can use Corollary 4.3.18 to define specific projections.

Definition 4.3.23.

Let V be an inner product space and let U be a subspace such that V =U @ U~
(for example, U finite dimensional). The orthogonal projection of V onto U is
the projection F; = F; ;1 onto U along direction U L. That is, this is the map

B:V=UsU+—>U

v=u+wrH— u.
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Remark 4.3.24. ]

To be defined an orthogonal projection need V' to be an inner product space and U
such that V = U @ U'. While this is automatically true if U is finite dimensional,
it might fail for infinite dimensional subspaces, see Example 4.3.19.

Example 4.3.25. Let V be an inner product space. For u a non-zero vector of V', define

U := spanwu. Then for any v € V, by Lemma 4.2.13 we have v = %u +w with w € U+,
So B;(v) = EZ;?)“

Example 4.3.26. Let V be an inner product space and let U be a finite dimensional
subspace. Then the map ST from Theorem 4.3.17 is an orthogonal projection. Observe
that while we used an orthonormal basis % of U to construct T and S, the map ST
does not depend on %, but only on U! Indeed, ST only depends on Im(S) = U and
ker(T)=U L and none of this subspaces depend on the choice of an orthonormal basis
for U.

To check that a projection PU,W is orthogonal, it is enough to check that W is
contained in U*'.

Lemma 4.3.27. Let V be an inner product space and let P € L(V) be a projection.
Suppose that Im(P) and ker(P) are orthogonal. Then P is the orthogonal projection
onto Im(P).

Proof. By Proposition 3.3.10, P is the projection onto U = Im(P) along direction
W = ker(P) and thus V = U @ W. So we only need to prove that W = U+t. By
hypothesis, W C U+. Now, let v be an element of U+. We have the decomposition
v =u+w with u € U and w € W. Since both v and w are in U+ we have 0 =
(v,u) = (u,u) + (w,u) = (u,u). But this implies u = 0 and thus v = w € W, showing
w=Uk O

Orthogonal projections are projections. They hence satisfies all properties of projections
of Proposition 3.3.4. They also satisfy two additional properties.

Proposition 4.3.28. Let V be an inner product space and let U be a finite dimensional
subspace. Then the orthogonal projection onto U satisfies

8. |Byv| < |v| for every v e V;
9. For every orthonormal basis (eq, ..., e;) of U we have Pyv = (v,e1)eq +-+ (v, e;)e;.

Proof. “8” The proof is left as an exercise.
“9” This is (the proof of) Theorem 4.3.17. O

Corollary 4.3.29. Let V be an inner product space and suppose that P € L(V) is a
projection onto a subspace U. Prove that P is an orthogonal projection if and only if
| Pv| < |v| for allve V.
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Proof. One direction is simply Proposition 4.3.28.
For the other direction, one claims that if | Pv| < |v| for every v € V| then Im(P) and
ker(P) are orthogonal. The result then follows from Corollary 4.3.29. O

[ Infinite dimensional vector spaces L

Most of the results of this subsection are corollaries of Corollary 4.3.18. That
means that they remain true for any infinite dimensional subspace U satisfying
V = U @ U*', in particular for U of countable dimension. For such subspaces
U, Corollary 4.3.21 and Lemma 4.3.22 are still true. However, Corollary 4.3.21
and Lemma 4.3.22 fail for general U, as demonstrated by Example 4.3.19.

It is also possible to define orthogonal projections onto U (in the sense of Defi-
nition 4.3.23) as soon as V = U @ U~. Proposition 4.3.28 remains true in this
context.

4.3.3. The Gram—-Schmidt procedure

In the last subsection, we defined orthogonal complements. We then assumed Theo-
rem 4.3.11 (every finite dimensional vector space admits an orthonormal basis) to prove
many results about orthogonal complements and orthogonal projections. We now finally
prove this theorem.

First of all, observe that if dim(V') = 0, then the empty set is an orthonormal basis! If
dim (V) = 1, for any non-zero vector v € V, the vector m is an orthonormal basis of V.

If dimV = 2, let v; € V be any non-zero vector and define U := span(v;), so m is

an orthonormal basis of U. Using Proposition 4.2.14, V = U @ U~+. Moreover, the same
proposition tells us that the orthogonal projection F;; onto U exists. Now, let vy € V\U

and consider

Ug = (%) —PUUQ = </U27—/Ul>/Ul.

(v1,v1)

By Lemma 4.2.13, uq is orthogonal to v;. Moreover, u, # 0 as this would implies vy € U.

Hence, (Hzﬁ’ ﬁ) is an orthonormal basis for V.

Let us have a closer look at the construction of our orthonormal basis for an inner
product space of dimension 2. We can start with any basis (v;,vy). Then we obtain
and orthogonal basis (u;,u,) where u; = v; and uy = vy — Py vy is vy minus its
“v;-component”. Finally, we obtain an orthonormal basis (e, ey) by dividing each of the
vector u; by its norm.

The above procedure can be extended to any finite dimensional inner product space.

Theorem 4.3.30 (Gram—Schmidt® procedure). ]

J

Let V' be an inner product space and let (v, ...,v;) be a linearly independent list.
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Define inductively

Uy ==y,
(vg, uy)
Ug = Vg — ”u’l "2 1= Vg — Pspan(ul)(UQ)7
(vg, uq) (v3, ug)
U3 = 'U3 — ”u’l ||2 ul - "u; ||2 'U,2 = ’1]3 — PSpan(ul,uz)('U3)7
Uy = v — Mul e — <Ul’ ul—1>ul_1

Juy |2 (L
=v— Pspan(ul,u.,ul_l) (vl)'
Finally, for j € {1,...,1} define e, "u ”

Then (uq,...,u;) is an orthogonal list and (eq,...,€;) is an orthonormal list.
Moreover, for j € {1,...,1} we have

span(ey, ..., e;) = span(uy, ..., u;) = span(vy, ..., v;).

Proof. The proof is done by induction on [. If [ = 1, then u; = v; is orthogonal and
span(u;) = span(v;). Moreover, by linear independence, v; # 0, so ||u;| # 0 which
implies that e; is well-defined and is a non-zero multiple of ;. This directly gives

span(e;) = span(u;). Finally, |e;| = Hﬁﬁ | =1.

Suppose that the conclusion holds for <1 —1 > 0, so for every 1 < j < [ —1, the
list (eq,...,e;) is an orthonormal basis for U; = span(el, ey €f) = span(ul, s J) =
span(vy, ..., J) Since U;_; has an orthonormal basis, we can apply Theorem 4.3.17 to it

to obtain V = U,_; @ U;-,. Moreover, v; does not belong to U,_; as the list (vy, ..., v;) is
linearly independent. Considering F; € L(V) the orthogonal projection onto U,_;, by
Proposition 4.3.28.9 we have

By, (v) = (v, eq)eq + o+ (v, e9)€4

T VAN T VA
s |2 g [1?
Hence u; == v; — B, (v;) belongs to Ui, and (uy,...,4;) is an orthogonal list of non-
zero vectors and therefore (eq, ..., ¢;) is an orthonormal list. From span(uq,...,u;_;) =
span(vy, ..., v;_1) and the fact that v; = u; + B, (l;) belongs to span(uy,...,u;) we
conclude that span(vy,...,v;) C span(uq,...,4;). The other inclusion follows from the
fact that u; = v; — B, (v;) belongs to span(vy, ..., ;). Finally, since u; # 0 the vector
e; is well-defined and it is clear that span(uq,...,u;) = span(eq, ..., €;).

3Jgrgen Pedersen Gram (1850-1916) and Erhard Schmidt (1876-1959).
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We have just proved that if the conclusion holds for I — 1 it also holds for [. Since the

conclusion holds for [ = 1, we conclude that it holds for all [ as desired. O
z 2 z
3_.« Vs = |:/1:| L
37 13
| 0 |
v, = |3
! |:O:| Pspan(ul) (UQ) Up = V4
=2 4y y
Vg
S z,/ . v
I |:7;:| 3 Ug = Uy — Pspa‘n(;ul)(kl/?)
9 =
0
Z24.U3 = V3 — Pspan(ul.uy (1}3> z
g
Lesg
Uy €

4y y

’FPspan(ul,uz) (US) €2

X Ug X

Figure 4.11.: The Gram—Schmidt procedure applied to the linearly independent list

(Ul - [0

— P,

U3

span

3
yUg = _g yUg =

compute uy = vy —

P,

span(u)

(uq,usg) (7)3) (bOttOm

r2
L3

obtain the orthonormal list (

4 ) (top left). We first put u; = v; and

(vy) (top right). We then compute ug =
left). Finally we normalise the vectors to

r1] 1oy o b -
ol.|1]. |o
HE [ ], [1]) (bottom right).

0

Exercise 4.3.31. Find an orthonormal basis for P(R),, where the inner product is

given by (p, q) := f_ll p(z)g(x) dz.

Solution. Start with the standard basis (v; = 1,vy = z,v3 = x?) and apply Gram—
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Schmidt to it. We have

(vg,uq)
R TS
U = Vo — (”37U1>u1 _ <U3»U2>u
8 8 (ug,uq) (ug, ug)

Let us compute (uj,u;) = f ldz = 2 and (vy,u;) = f xdz = 0. We also have

(v3,u1)=f_11x2-1dx=%,(u2,u2 f z-zdr =2, and (v, uy) f z? - zdr =0.

|
Wl

Finally, we compute (ug,us) = fll(mQ -
an orthonormal basis for P(R),:

Uq 1

lusll V2

e Y2 \/§$
2 = — = =T,
Juaf V2

Ug 45( 5 1)
eg=——=(\/—|z"— 2 ].
57 g 8 3

6]_:

|
As a corollary of the Gram—Schmidt procedure, we obtain Theorem 4.3.11.

Theorem 4.3.32. ]

Every finite dimensional inner product space has an orthonormal basis. ]
Proof. Since V is finite dimensional, it has a basis (vq,...,v,,). Applying the Gram—
Schmidt procedure to this basis gives an orthonormal spanning list, that is an orthonormal
basis. O

[ Infinite dimensional vector spaces L

The same idea gives us that every inner product space of countable dimension (as
for example P(F)) has an orthonormal basis. However, this does not work for
inner product spaces of uncountable dimension, as for example C°([—1,1]).

Even if the Gram—Schmidt procedure does not work for spaces of uncountable
dimension, they might still have an orthonormal basis. Indeed, let V' be a real or
complex vector space and let & = (v,),e; be a given basis. Then (v,,vg) =1 if
a = ( and 0 otherwise can be extended to a unique inner product on V. This
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inner product turns &% into an orthonormal basis.
However, in application we are interested in V' with a fixed inner product (-,-) and
a given subspace U of V. As Example 4.3.19 demonstrates, it might be impossible
to find an orthonormal basis for U in this context.

4.4. Orthogonality, matrices and minimisations problems

In finite dimensional spaces, orthogonal projections can conveniently be described using
matrices. This can in turn be used to solve minimisation problems, to approximate
functions or to find best-fit curves.

4.4.1. Conjugate transpose matrices

Let & be the standard basis of F and let T' € L(F™) be a linear map. One can
associate to T' a matrix [T]g € F™™ . We have seen that T is a projection if and only
if ([T]g)2 = [T)Z. At this point, it is natural to ask: can we detect on [T]g if T is an
orthogonal projection? The answer is yes!

Before going further, let us recall a classical definition from high school.

Definition 4.4.1.

Let A € R™" be a matrix. The transpose matrix of A is the matrix A" given
by taking the symmetric of A along the diagonal:

a a ...... a
a a ........ a 11 21 ml
11 12 1n
a12 a22 ...... an
A _ a21 a22 ........ a2n AT _ : .
a Qoey vvvvnne a . . .
ml m2 mn
A1p Q2p - Amn

When we generalised the dot product from real vector spaces to complex vector spaces
(Subsection 4.1.2), we had to introduce complex conjugation in the definition in order to
keep the nice properties of the real dot products. A similar phenomenon happens for
matrices.

Definition 4.4.2.

Let A € F™" be a matrix. The conjugate transpose matrix (also called
— T

adjoint matrix) of A is the matrix A*:= AT =4 € F»™.
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,.[ Remark 4.4.3. ]

You might have seen the formula A~! = adj(A)%A) for an invertible matrix A.
The matrix adj(A) is the transpose of the cofactor matrix of A and is called the
adjugate or classical adjoint of A. Despite similar names, the matrices A* and
adj(A) are not related.

For example, if A = [Z 2] is a 2 x 2 complex matrix, then A* = E S] while

adj(4) = [-¢72].

\. J

Observe that if F = R, then A* = AT is simply the transpose matrix. Here are some
properties of the conjugate transpose of a matrix. For real matrices, they translate to
properties of the transpose matrix.

Proposition 4.4.4. The conjugate transpose of a matriz satisfies the following properties.

1. For all vectors u,v in F™ we have u e v = v*u;
For all A € F™" we have (A*)" = A;
For all A,B € F™" we have (A+ B)* = A* + B*;

For all A € F™" and B € FF we have (AB)* = B*A*;

Gvo o

For all A € F™" we have null(A*) = col(A)* (with respect to the standard dot
product).

Proof. Properties 1 to 3 directly follow from the definitions and their proof is an easy
exercise. o

4. We have (AB)* = (AB)T = BTAT = BT . AT = B*A*.

5. This is left as an exercise to the reader. O

The above proposition implies the following fundamental properties of adjoint matrices.

Lemma 4.4.5. Let A € F™"™ be matriz. Then for every vectors v € F™ and w € F™
we have
Avew =ve A*w.

Proof. We have
Avew = w"Av
= (A*w)"v
=ve A*w,

where we used Property 1 from Proposition 4.4.4 for the first and last equality, and
properties 2 and 4 for the second equality. O
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[ Infinite dimensional vector spaces L

Lemma 4.4.5 can be used to define the adjoint of an operator in the following
way. Let V and W be possibly infinite dimensional inner product spaces, and let
T:V — W be a linear map. We say that S: W — V is an adjoint of T and write
§ =T iffor all v € V and w € W we have (T'v,w),,, = (v,Sw),,. If V and W
are finite dimensional, then the adjoint always exists and is unique. Moreover, for
T € L(F",F™) we have [T*]%" = ([T]%" ).

If V and W are infinite dimensional but “nice enough” (that is, are Hilbert spaces)
and if T is continuous, then the adjoint of T always exists, is unique and enjoys
properties similar to ones enjoyed by adjoints in the finite dimensional case.

An important consequence of Proposition 4.4.4 is that we can detect on [T]Z if an
operator is an orthogonal projection.

Theorem 4.4.6. |

J

A m xm matriz A represents an orthogonal projection (with respect to the standard
dot product) if and only if A2 = A= A*.

Proof. The proof is left as an exercise to the reader. O

The adjoint is also related to linear independence of the columns of the matrix, in the
following way.

Lemma 4.4.7. Let A € F™" be a matriz. Then the columns of A are linearly
independent if and only if the matriz A*A € F™™ is invertible.

Proof. We will prove the equivalence: the columns of A are linearly dependent if and
only if A*A is not invertible. Before doing that, we recall that the columns of a matrix
B € F™" are linearly dependent if and only if the linear map represented by B is

non-injective. That is, if and only if there exists a non-zero u € F™ such that Bu = 0.
Moreover, if B is a square matrix, this is also equivalent to the non-invertibility of B.

Indeed, in this case the linear map represented by B is injective if and only if it is bijective,
if and only if it is invertible.

“=" If the columns of A are linearly dependent, then there exists a non-zero u € F"
such that Au = 0. But for this non-zero vector we have (A*A)u = A*(Au) = A*0 = 0,
which implies that A*A is not invertible.

“«<” The matrix A*A is a square matrix. Therefore, if is not invertible the linear
map it represents is not injective and then there exists a non-zero vector v € F” with
A*Av = 0. But then we have 0 = v*A*Av = (Av)*(Av) = (Av, Av) = |Av|?, which
implies Av = 0. Since v # 0, the columns of A are linearly dependent. O

By the above lemma, if the columns of A are linearly independent, then the matrix
A(A*A)~1A* is well-defined. This is not any matrix, but a matrix representing an
orthogonal projection.
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Theorem 4.4.8. ]
Let A € F™" be a matriz with linearly independent columns. Let U := col(A) be the
subspace of F™ spanned by the columns of A. Then P := A(A*A)"1A* ¢ F™»™
represents the orthogonal projection onto U (with respect to the standard dot
product).

Proof. We will use left /right inverses. Let S := A(A*A)~! and T := A*. It is immediate
that T'S = Id,,, and therefore by Proposition 3.3.14, ST = A(A*A)~!A represents a
projection onto col(S) along direction ker (7).

On one hand, since (A*A)~! is invertible, we have col(S) = col(A(A*A)™1) = col(A) =
U, where the second equality follows from Lemma 3.1.47. On the other hand, ker(T") =
null(A*) = col(A)* by Proposition 4.4.4. O

We will see later (in Example 4.4.15) that for applications it is enough to compute

(A*A)~1A*.

4.4.2. QR decomposition

One can use the Gram—Schmidt procedure to find nice decomposition of invertible matrices.

Let V be a finite dimensional inner product space over F and let & = (vy,...,v,,)
be a basis for V. By applying Gram—Schmidt to 9% we obtain an orthogonal basis
€ = (uq,...,u,,) and an orthonormal basis & = (eq,...,€,,) of V.

Question 4.4.9. What do the change of basis matrices [Id]Z and [Id]%, look like?

Answer. We have [Id]Z = [Id]Z[Id]. From the Gram-Schmidt procedure, we have (the
missing coefficients are all 0)
1

1 #poeook il
Mdjg = | ) [Id]g =
0..... 0 1 1

[

L e T

uil T

B _ :
1
[

is an invertible upper triangular matrix, and so is

||u1 ” . P EEEEEEE * 7]

& _ ) :

1%, = :
]
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Example 4.4.10. Let V = R™ be the Euclidean space with standard dot product. And

let A= [v; - vp,,] be an invertible m x m matrix (v; is the 40 column of A). Then
B = (vy,...,0,,) is a basis for R™ and applying Gram-Schmidt to & one obtain an
orthonormal basis & = (ey, ..., €,,,) of R™. Now, write Q = [e; - e,,] and R := [Id]%,.

By the above, R is an invertible upper triangular matrix, while @ is an orthogonal matriz®

(QQT =1d,, = QTQ) and we have the equality
A= QR,

which can be checked by direct computations. This is called the QR decomposition
of A.

If V = C™, then we similarly obtain an UR decomposition of A = UR, where R is
an invertible triangular matrix and U is an unitary matriz (UU* =1d,,, = U*U).

4.4.3. Minimisation problems

In this subsection we will see how to use linear algebra to solve minimisation problems of
the following form.

Problem 4.4.11. Let V be an inner product space and let U be a subspace. Given a
vector v € V, we would like to find u € U such that |v — u| is as small as possible.

A typical situation where we want to solve this problem is when V is a complicated inner
product space, U is a nicer subspace and given v € V' we are looking at an approximation
u € U of v. The approximation is good if the “error” |v — u| is as small as possible.
A typical example of a pair U C V is V = C*°(R) the space of smooth functions and
U = P(R) the subspace of polynomials.

The following result shows that Problem 4.4.11 admits a unique solution.

,_[ Theorem 4.4.12. ]

Let V' be an inner product space and let U be a finite dimensional subspace of V.
Write By = By 1 for the orthogonal projection onto U. Then for any v € V we
have

VueU: |v— Byl < |v—ul.

Moreover, |v— Byv| = |v—u| if and only if u= Byv.
That is, Pv is the unique u € U minimising the distance between u and v.

Proof. We have
lv— Ryol? < o — Byol? + [ Byo — ul?

= ”,U - ’ZLH2,

6Be careful: despite a similar name, an orthogonal matrix is not the matrix of an orthogonal projections!
Indeed, by Theorem 4.4.6, if a real matrix M represents a projection then M? = M. If the matrix M is
also orthogonal in the above sense, then it is invertible an hence M =1d,,.
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where the last equality is by the Pythagorean Theorem (Theorem 4.2.6) since Byv—u € U
and v — Byv € U* are orthogonal.
We have equality if and only if |B;v — u| = 0, that is if and only if Byv—uw=0. O

See Figure 4.12 for an example of the inequality from the theorem.

Figure 4.12.: The orthogonal projection of v onto U, with “error” |w| = |v — B;(v)| and
a worst approximation u with error |v — u| > v — Py (v)|.

Observe that in Theorem 4.4.12, U has to be finite dimensional”, but V can be infinite
dimensional, which will be the case in many applications.

Theorem 4.4.12 is often combined with Proposition 4.3.28.9 to compute explicit solutions
to minimisation problems.

Now, let us see some application of Theorem 4.4.12, starting with an easy example.

Example 4.4.13. Let V = R* with the standard dot product. Le v := [1,2,3,4]T,
vy == [1,1,0,0]" and v, := [1,1,1,2]" be three vectors in V. Find u € U := span(vy, vy)
minimising ||v — u|.

Solution. By the theorem, we know that u = F;v. To find F;v we need an orthonormal
basis for U. To obtain such a basis, we can apply Gram—Schmidt to (v;,vy). So we have
uy =v; = [1,1,0,0]T and |uq|? = (uy,u;) = 2. Therefore

(vg,uq) [%] 2[%] [8}
Uy = Vo — ————Uy = - = =
2 2 (ug,uq) ! % 2 8 %

and |uy|? = 1+ 22 = 5. Normalising the u; by their norm we obtain an orthonormal
basis (e; = \%[1, 1,0,0]T, ey = \/LE[O,O, 1,2]") for U. Finally we compute the projection
u=Fv=(v,e1)e; + (v,e5)ey
3 1[4 11 113 1.
=—=—7Zlo|t7=7=|1| = |22]|
v2v2Llol V5512 14
O

We will now do a more realistic example and use linear algebra to compute an
approximation of the sine function.

Example 4.4.14. Suppose we want to find a polynomial u of degree at most 5 that
gives the best possible approximation of the sine function on the interval [—m,x].

"To be more precise, we only need U @ U+ = V, which is true for subspaces of countable dimension.
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Solution. The sine function is continuous and hence belongs to V = C%[—m, . The space
V has a natural inner product:

(f.g) = / " f)g(x) d.

Polynomials of degree at most 5 form a subspace P(R); C C°[—m, ] of finite dimension.

So we are looking at u € P(R)5 minimising fjﬂ]sin(az) —u(z)|?dx = ||sin(z) — u(z)|?.
To find such a polynomial, we start from the standards basis 1, z, 22, 23, 24, 2% of PR)s
and apply Gram-Schmidt to it to obtain an orthornormal basis (eq, ..., e5). We can then

use Proposition 4.3.28.9 to compute Fj; sin(z). Using a computer, one can find
B sin(z) ~ 0.987 862z — 0.155271z3 + 0.005 643 1215,

where © has been replaced by a decimal approximation.

As one can see on Figure 4.13, the polynomial approximation given by the projection
of sinz onto P(R)5 is much better than the Taylor approximation of the same degree.
In fact, Fp(g), sin(z) is even a better approximation that the degree 7 Taylor polynomial
of sin x.

Figure 4.13.: Three polynomial approximations of the sine function. By the Taylor
polynomials of degree 5 and 7, and a better one by the projection on

P(R)s.

O

In many real world experiments, we obtain a cloud of points {(z;,y,)|1 <j<m}in R?
that we would like to approximate by an easy function like a line or a parabola. One can
use orthogonal projections to find such an approximation. First we need to explicit what
we mean by “an approximation”. One usual approximation is the least square regression
where we want to find a function minimising (y; — f(z1))> + - + (y,, — f(,,,))*. This
corresponds to look at the standard dot product on R™ and try to minimise |y — f(z)|,
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where y = [y, ..., Y] and f(z) = [f(z1), ..., f(z,,)]" is the value of the approximating
function at the points z;. Now that we have fixed an inner product on R™, we need to
decide on which subspace we project.

For example, if we want to approximate our data by a line, we will project on
U :={[f(zy),..., f(x,,)]" | f € P(R);} which is a subspace of dimension 2 of R™. A
basis of this subspace is given by ([z1,...,,,]",[1,...,1]7,) (the first vector correspond
to the polynomial z, and the second to the constant polynomial 1). In more concrete
words, we are looking for two real numbers a and b minimising

Y1 Z1 1
= lal | +0b]: .
1

Ym Tm

One can try to minimise the above system by hand, but this is a priori not an easy task.
It is easier to use Theorem 4.4.12. So we need to find the orthogonal projection F;. To
do so, we can use Gram—Schmidt. But a more efficient method is to use Theorem 4.4.8
to obtain [Z] = (A*A)~1 A*y, where A is the m x 2 matrix:

x; 1
A= |
T, 1

Let us demonstrate that on a concrete example.

Example 4.4.15. Imagine we measured the following values in an experiment: (0,6),
(1,0) and (2,0). It is obvious that no line in R? go through these 3 points. However,
our model/intuition for this experiment says that these points should lie on line. Maybe
our measurements were not precise enough? So we try to find the best-fit line. In order
to do that, we need to minimise

6 0 1
O —lall|l+b]|1 .
0 2 1

To solve this minimisation problem, we will use Theorem 4.4.8 for
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So the projection of [6,0,0]" onto U is given by
~1

_A[o12}2} [012]3
1 11 9 1 1 11 0
-1
5 3 0
-4 3] i
1{ 3 =3[]0
-5l 3l
0 1 5
=A[_53]= 11 [_53]= 2 |.
2 1 —1
As we can see above, the best-fit line is given by the equation y = —3z + 5, while the

projection of of [6,0,0]" onto U is [5,2,—1]T = —3[xy, 9, z5]" + 5[1,1,1]T. We can also
compute the error:

6
A (A*A)1A* {0
0

6 5
H — |2 ] = /12 + (-2)2 4+ (-1)2 = V6.
0 —1
Yy
(0,6)
s
x
" (2,0)
(1,0) v

Figure 4.14.: Best-fit line for the three black dots. The error is v/6.

The above example can be adapted to any kind of best-fit curve. For example, if we
are looking for a best-fit parabola for our 3 points, our matrix A will be:

(z1)? = 1
A= [(z9)? =z, 1].

(-T3)2 zg 1
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because (1, z,?) is a basis of P(R);. Then we should compute

i

This gives us that the best fit parabola for ((zq,v;), (s, ys), (¥9,ys)) is given by the
equation y = ax? +bx +c. Observe that for this specific easy example, our approximation
will actually passes through all three points.

U1
Yo
Ys

(A*A>71A*
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Chapter 5. Eigenvalues and eigenvectors

In this chapter we will try to better understand operators 7' € £L(V'). The main idea is
to decompose V into smaller subspaces on which 7" acts, and use this to describe T'. This
will ultimately (see Section 5.3 and in particular Theorem 5.3.8) allows us to answer

Major Question 3.2.47.

Given V and T € L(V), find a basis & such that [T]Z is “as simple as possible”
(for example: diagonal, upper triangular, with many zeroes, ...).

Before going further into the details, let us recall an easy example we already saw.

Example 5.0.1. Let V = R2, and let Sy be the orthogonal reflection across the line L
that makes an angle 6 with the z-axis, see Figure 5.1. We would like to find a basis %
for which [T]g is “nice”, meaning that it has many zeroes. First, we observe that for

€ R? as our
]

any v in L, we have Syv = v. So it might be a good idea to take v; = [gfsg
first basis vector. Indeed, this vector is of norm 1 and L = span(v,).

We can also observe that for any u in L' we have Syu = —u, which is also an easy
—sin 6

formula. So one take vy = [ cos 0

] as our second basis vector. One easily verify that
span(vy) = Lt, v; @ vy = 0 and |v;| = |vy| = 1, so our basis B = (v;,v,) is an

orthonormal basis and R? = L @ L*. Altogether, we have

[Se)% = [(1) _01]

\ L 1 Y ’”
\ L
U2 , .
% Uy Sy
k \ €T %
S 0 \
%

0
Figure 5.1.: Orthogonal reflection Sy across the line L = span ([(s:?r? 9] ) .

We can see many interesting things happening in this example. First of all, the
existence of an orthonormal basis 9 for which [S(,]g is diagonal. Secondly, for any
uw € L we have Sgu = u € L. Therefore, if we restrict Sy to L we have an operator
Sg|, € L(L). Similarly, for w € L+ we have Syw = —w € L and we hence have an

operator Sp|,, € L(L1). Altogether, we obtain the following description of Sp:

Sp:R2=LoL+* - Lo Lt

v=u4+wr— u—w.
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For a general T' € L(V), we will not obtain a decomposition of V' as nice as the
decomposition of Example 5.0.1. However, we will still be able to decompose V' onto
smaller subspaces (Theorem 5.1.49) on which the action of T will not be too complicated
(Theorem 5.3.8).

5.1. Eigen-theory

We start by generalising the idea of “nice vectors for T” from Example 5.0.1. This
will give us a first answer to Question 3.2.47: if T € £(V) is an operator on a finite
dimensional complex vector space, then there exists a basis for which T is a diagonal
by blocks matrix, see Proposition 5.1.56. We will then develop further tool in order
to show that such a T' admits a Jordan normal form, see Section 5.3 and in particular
Theorem 5.3.8.

5.1.1. Invariant subspaces

One of the important feature of Example 5.0.1 was the existence of subspaces (L and
L") for which the restriction Sy ;, was still an operator. Let us generalise this notion.

Definition 5.1.1.

Let V be a vector space over F, let T' € L(V') be an operator and let U C V be
a subspace. We say that U is invariant under T or T-invariant if for every
u € U we have Tu € U.

If we denote TU := {T'u | u € U}, then U is T-invariant if and only if TU C U, if and
only if T'|,, € L(U).
Below are some examples of T-invariant subspaces for various operators 7'.

Example 5.1.2. For any T' € L(V) the following four (not necessarily distinct) subspaces
of V are all T-invariant: {0}, V, ker(T") and Im(T).

Indeed, T0 = 0 and TV C V. Moreover, for every u € ker(T'), Tu = 0 is still in ker(T")
while for v € Im(T"), Tv is in Im(T).

Since {0} and V are always T-invariant subspaces, we are interested to find the other
invariant subspaces of T. However these do not always exist when F = R.

Example 5.1.3. Let Sy be the orthogonal reflection across line L from Example 5.0.1.
Then both L and L+ are Sy-invariant. In fact, one can easily show that: L and L' are
the only invariant subspaces of Sy — beside the trivial ones ker(S,) = {0}, Im(S,) = R2.

Example 5.1.4. Let V ="P(R) and let D € L(P(R)) be the differentiation operator
D(p) = p’. Then for every m, the subspace P(R),,, is D-invariant.

m

Example 5.1.5. Let V = R? and let 8 € [0,27). Let R, be the rotation of angle 6
around the origin. Then if § ¢ {0,n}, the only invariant subspaces under R, are {0} and

146



Chapter 5. FEigenvalues and eigenvectors

V. Indeed, suppose that U # {0} is a Ry-invariant subspace and take 0 # v € U. Since
0 # {0,7}, Ryu is not in span(u). Therefore U D span(u, Rgu) = V.

On the opposite, every subspace U is an invariant subspace of R, = Id and of R as
R u = —u for every u.

Example 5.1.6. Let V' be any vector space, let Idy, be the identity operator and let
A € F be any scalar number. Then any subspace U of V' is AIdy -invariant. Indeed, for
every u € U we have A\Idy, u = Au e U.

As the above examples shows, when we say that U is an invariant subspace, it is
important to precise for which T it is invariant.

5.1.2. Eigenvalues and eigenvectors

In Example 5.0.1, not only do we have L and L+ as non-trivial invariant subspaces, but
the action of Sy on them is particularly easy to describe. Indeed, for v € L we have
Spv = v, while for or u € L+ we have Syu = —u. In both cases, the linear operator S,
acts as the scalar multiplication by some A.

Definition 5.1.7.

Let V be a vector space and let T' € L(V') be an operator. We say that A € F is
an eigenvalue of T if there exists a non-zero vector v € V such that Tv = Av.
Such a non-zero vector v satisfying Tv = Av is called an eigenvector of T,
corresponding to the eigenvalue .

The eigenspace of T' corresponding to A € F is the set

E\T):={veV|Tv= v}

Observe that while by definition 0y, is never an eigenvector, 0 might be an eigenvalue.
In fact, one always have E(0,T) = ker(T). So 0 is an eigenvalue of T if and only if T is
not injective. We do not allow 0 to be an eigenvector as T0 = A0 is true for all A (and
all T'), so this would give a rather uninteresting notion of eigenvalue.

Be careful that the eigenspace of T' corresponding to A always contain Oy,. In fact,

E(\,T) ={0y} U {v € V| v is an eigenvector corresponding to A}.

We add 0 to the set of eigenvectors because we want E(A, T') to be a subspace, as suggested
by its name.

Lemma 5.1.8. Let V' be a vector space and let T € L(V') be an operator. Then for any
A € F we have
EN\,T) = ker(T — A1dy,),

and this is a T-invariant subspace.

Proof. A vector v is in ker(T' — A1dy,) if and only if (T — Aldy )v = 0, if and only if
Tv = M, if and only if v = 0 or v is an eigenvector of eigenvalue .
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This implies that E(\,T") and it remains to show invariance. If v is an eigenvector
of eigenvalue A, then T(Tv) = T(Av) = ATw by linearity, and therefore T is also
an eigenvector of eigenvalue A. Since 70 = 0 € E(A,T), this shows that E(\,T) is
T-invariant. O

Example 5.1.9. Let S, be the orthogonal reflection across the line L, as in Example 5.0.1.
Then as discuted above, both 1 and —1 are eigenvalue of S,. Moreover, for every u in L,
we have Syv = v, so E(1,S,) D span(v;). But if v is not in L, then Syu # u and thus
E(1,Sy) = L. Similarly, one can show that E(—1,5,) = L*.

So we have proved that R? = E(1,S,) ® E(—1,S,). This is not a coincidence, and we
will come back to this later.

One useful property of eigenspaces is that they contain the 1-dimensional T-invariant
subspaces.

Lemma 5.1.10. Let V be a vector space and let T € L(V) be an operator. Then if
U is an 1-dimensional T-invariant subspace, there exists an eigenvalue A\ such that
UCEWN\T).

Proof. Since U is 1-dimensional, for all 0 # v € U we have U = span(v). Fix such a
v € U. Then by T-invariance, Tv € U and so Tv = A\v for some A € F. Now, for every
w € U there exists pu with w = pv, and hence Tw = pT'v = uAv = A\w. This proves that
U is contained in E(\,T'). O

Observe that the definition of E(A,T') makes sense even if A is not an eigenvalue, and
that Lemma 5.1.8 is true for all A € F, not only for eigenvalues of T'. Actually, we can
use E(A,T) to characterise eigenvalues.

Proposition 5.1.11. Let V be a vector space and let T € L(V) be an operator. Then
for X € F the following are equivalent.

1. X is an eigenvalue of T';
II. (T — A1dy,) is not injective;
III. dim(E(\,T)) > 1.1
If V is finite dimensional, then the above conditions are also equivalent to
IV. (T — X1dy,) is not surjective;
V. (T — A1dy,) is not invertible.
Proof. Let A € F. Then
A is an eigenvalue of T <= Jv # 0,Tv = \v
<= J#0,(T—Aldy)v=0
< ker(T — A1dy,) # {0}.

!By dim(U) > 1 we mean that either U is finite dimensional with dim(U) > 1, or U is infinite dimensional.
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The last condition is equivalent both to the non-injectivity of T'— AId, and to the fact
that {0} # ker(T —A1dy,) = E(A\,T). But E(A,T') # {0} if and only if dim(E(\,T)) > 1.

If V is finite dimensional, then Conditions II, IV and V are all equivalent by the
fundamental theorem of linear algebra (Theorem 3.1.33). O

Exercise 5.1.12. Let T € L(F?) be the linear map T[%] = [—]. Find the eigenvalues
and eigenvectors of T' for F = R and for F = C.

Solution. We are looking at A € F such that the equation A\[Y] = T'[%] = [-4]) admits a
non-zero solution. But this equation is equivalent to the system

Aw =z,
Az = —w.
This system implies that (1 + A?)w = 0.
If F = R the only possibility to solve (1 + A?)w = 0 is to have w = 0 and hence z = 0.
That is, if F = R, then T has no eigenvalues (and no eigenvectors).

Now, if F = C, both A =i and A = —i are eigenvalues of T' and we have E(i,T) =
{[:fu] ’wEC} while E(—i,T)z{[_livw] ‘wEC}. 0

As we have just seen, operators on real vector spaces do not necessarily have eigenvalues.
It turns out that operators on complex vector spaces do always have eigenvalues (and
eigenvectors). This makes complex linear algebra easier than real linear algebra.

Theorem 5.1.13. ]

Let V # {0} be a non-trivial finite dimensional vector space over C and let
T € L(V) be an operator. Then T has at least one eigenvalue.

Before proving this theorem, recall that if 7' € £(V') is an operator and p(t) = ay +
a,t+--+a,t™ € PF, then p(T) is the operator p(T) = agIdy, +a,; T +---+a,T™ € L(V).

Proof. Let m > 0 be the dimension of V' and choose any non-zero vector v. Then the list
v, Tv, T?v, ..., T™v

has m + 1 elements and hence is not linearly independent. Therefore, some linear
combination (with not all coefficients equal to 0) of the above vectors equals O:

Av+NTv+-+ A, T"v=0

with the A; in C not all zeros.

Equivalently, there exists a non-zero polynomial p(t) = Ay + Ajt + -+ A,,,t™ such that
p(T)v = 0. Take such a polynomial p(¢) of minimal degree. Observe that since v # 0,
the polynomial p(t) is non-constant.

By the fundamental theorem of algebra, p(t) has at least one complex root A € C. In
other words, there exists a polynomial ¢ € P(C) (non-zero, but possibly constant) such
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that p(t) = (t — A)q(t). This implies that 0 = p(T)v = (T — A1dy/)(¢(T)v). We have
deg(q) = deg(p) — 1, which by minimality implies that ¢(7")v # 0. We have just proved
that T'(¢(T)v) = A(¢(T)v) with ¢(T)v # 0. So X is an eigenvalue of T’ with eigenvector
q(T)v. O

,[ Remark 5.1.14. ]

Theorem 5.1.13 is not true for infinite dimensional vector spaces over C. For
example, let V = P(C) and let T'(p) = zp(z) be the multiplication by z. Then T
has no eigenvalues. Indeed, suppose by contradiction that A is an eigenvalue with
eigenvector p # 0 of degree d. Then A\p(z) = Tp(z) = zp(z). But the left hand
side has degree d while the right hand side has degree d + 1 which is absurd.

Corollary 5.1.15. Let V be a finite dimensional vector space over C and let T € L(V)

be an operator. If dim(V') > 2, then T has an invariant subspace which is neither {0}
nor V.

Proof. Let X be an eigenvalue and let v be any eigenvector. Then span(v) is a T-invariant
subspace of dimension 1. O

Remark 5.1.16. ]

The above corollary is not true if we replace C by R. Indeed, a rotation of angle
2 in R? has only {0} and R? has invariant subspaces.

Lemma 5.1.17. Let T € L(V) be an operator. Suppose that v, and v, are two
eigenvectors, corresponding to the eigenvalues \; and Ay respectively. If Ay # Ay the
vectors v, and vy are linearly independent.

Proof. Suppose that
0 = pyv1 + povy (5.1)

for some 1, py € F. On one hand, if we multiply both sides of Equation (5.1) by A; we
have

0= py A0y + pa A vy, (5.2)
On the other hand, applying T' to both sides of Equation (5.1) gives us

0="T0="T(pyv; + povo)

= U1 A1V1 F Hp Aoy

Substracting this to Equation (5.2) we obtain

p2(Ap — Ag)vy = 0.

Since v, # 0 and A\; — Ay # 0 we conclude that puy = 0. A similar argument shows that
1 = 0. We conclude that v; and v, are linearly independent. O

As an easy but important consequence of the above lemma we obtain the following
generalisation.
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Theorem 5.1.18. |

J

Let T € L(V) be an operator. Suppose that v, ...,v; are k eigenvectors, corre-
sponding to the eigenvalues Aq, ..., Ay, respectively. If the \; are pairwise distinct,
then vy, ..., vy is a linearly independent list.

Proof. The proof is by induction. If kK = 1, then any eigenvector v is a non-zero vector
and therefore (v) is a linearly independent list. If £ = 2, this is the lemma.

Now suppose that & > 3 and that the statement is proven for all lists of m <
k eigenvectors corresponding to distinct eigenvalues. Suppose by contradiction that
V1, ...,V is not linearly independent. Therefore, by Lemma 2.4.36 there exists j €
{1, ..., k} such that v; € span(vy, ... ,vj_l). By induction hypothesis, j cannot be smaller
than k and therefore we have

U = Uy + -+ 1V (5.3)

for some g, ..., ui_1 € F. By applying T to both sides of Equation (5.3) and comparing
with Equation (5.3) multiplied by A, we obtain

P A vy F e pg 1 AV = To = Aoy
= P Agvy F o e AgVg -

Therefore,
0=y (A = Aoy + - 4 prg1 (A1 — A1
and we conclude that all the p1; are 0 and hence that v, = 0 which is absurd. O

We can use Theorem 5.1.18 to better understand the sum of the eigenspaces.

Corollary 5.1.19. Let T € L(V) be an operator and let A, ..., A, be pairwise distinct
eigenvalues of T. Then the sum E(A,T) + -+ E(X,T) is a direct sum and

dim(E(A;, T)) + - + dim(E(Ag, T)) < dim(V).

Moreover, if V is finite dimensional, the equality dim(E(A;,T)) + - + dim(E(X;,T)) =
dim (V') holds if and only if V is the direct sum of the E(\;,T).

Proof. We will write the proof for V finite dimensional. The general case is similar.
Let 0 = u; + -+ u; with u; € E(\;,T). By linear independence, (Theorem 5.1.18),
all the u; are 0. We hence conclude that the sum of the E(A;,T') is direct.
Since the E(A;,T') are in direct sum we have

dim (zk: dim(E()\j,T))> = dim (é E(Aj,T)) < dim(V).
j=1 j=1

Since V is finite dimensional, we have equality in the above inequation if and only if
@) EN,T) =V 0
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Corollary 5.1.20. Let T € L(V') be an operator. Then T has at most dim(V') distinct
etgenvalues.

Proof. We will write the proof for V finite dimensional. The general case is similar.
Let Ay, ..., \; be a complete list of eigenvalues for T'. Then for all j € {1,...,k} we
have dimE();, T') > 1. Therefore,

k
k<) dimE();,T) < dim(V). O
j=1

Example 5.1.21. Let Sy be the reflection across the line L from Example 5.0.1. Then
vy is an eigenvector of eigenvalue 1, while v, is an eigenvector with eigenvalue —1 # 1.
They are linearly independent as announced by Lemma 5.1.17. Moreover, we have
dim(R?) =2 =1+1=dim(E(1, Sy)) + dim(E(—1,5,)) and R? = E(1,S,) ® E(—1, Sy)
as predicted by Corollary 5.1.19. Finally, 1 and —1 are the only eigenvalues of Sy by
Corollary 5.1.20, but this can also be directly checked by hand.

5.1.3. Diagonalizability

Standing assumption

In this subsection, V' will always be a finite dimensional vector space.

One of the very nice feature of Example 5.0.1 is the existence of a basis B = (v;, vs)
such that [Sp]Z is diagonal. If we write & for the standard basis and compare

1 0 cos 20 sin 26
B _ & _
[Sel% = [0 _1] [Sels = [sin 20 —cos 29]’

it is clear that the left expression is easier to use for computations than the right one.

Definition 5.1.22.

Let V be a finite dimensional vector space, of dimension m. An operator T is
diagonalisable if there exists a basis % = (vy,...,v,,) of V such that

A1
A'T')’l

for some A, ..., A\, € F.

m

Remark 5.1.23. ]

It follows from the definition of [T]% that the operator T' € £(V) is diagonalisable

if and only if there exists a basis & = (vy,...,v,,) and scalars A{,...,\,, € F

152



Chapter 5. Eigenvalues and eigenvectors

with Tv; = Ajv;. That is, T' is diagonalisable if and only if there exists a basis
B = (vq,...,v,,) of eigenvectors (with eigenvalues A, ..., A, € F).

As we just discussed, the diagonalisability of an operator is linked to its eigenvalues.
But it can also be characterised by its eigenspaces.

,_[ Theorem 5.1.24. J

Let V' be an m-dimensional vector space and let T € L(V) be an operator. Let
ALy -y A, be the distinct eigenvalues of T (so k < m by Corollary 5.1.20). Then
the following are equivalent.

1. T s diagonalisable;
1I. There exists a basis of V consisting of eigenvectors of T;

III. There exists 1-dimensional T-invariant subspaces Uy, ..., U, such that V =

IV. V=E(\,T)® - ®E\,, T);

V. dim(V) = Zle dim(E(\;, T)).

Proof. “I <= 1II and IV <= V” These are Remark 5.1.23 and Corollary 5.1.19.

“II=1I1" Suppose B = (vy, ..., v,,) is a basis of eigenvectors and let U; := span(v;) for
j€{1,...,m}. Each of the U; is a T-invariant subspace of dimension 1. Since & is a
basis, it is also a linearly independent list. Therefore, the sum U; 4----+U,,, C V is direct.
Finally, m < dim(U; & - @ U,,,) < dim(V') = m, which implies V =U; & --- @ U,,,.

“III=IV” Each U; is a T-invariant subspace of dimension 1, and hence is contained
in a eigenspace. Up to reordering, we can suppose that U; @ - & U,,1 C E(A\,T),
U 119 ®U,, CE(A,;,T) ete. for some 1 <7y <71y <+ <1, =m. We conclude that

V=0, ®-®U, CEA\,T)++EMX,T)CV,

and thus V' is the sum of the E(A;, T'). This sum is direct by Corollary 5.1.19.

“IV=I1" For each j € {1, ..., k}, choose a basis %, for E(\;, T'). On one hand, the family
B := By U---UBy, is spanning since V' is the sum of the E(\;, T') = span(%;). On the other
hand, the %, being linearly independent families and the sum E(X;,T) @ - @ E(Ag, T)
being direct imply that & is a linearly independent family. Altogether, & is a basis of V/
consisting of eigenvectors of T'. O

Let us work through some of these equivalences on a concrete case.
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Example 5.1.25. Let V = R3 and let & = (e, ey, e3) be the standard basis. Let T the
operator represented in the standard basis by

4
me-| s |
4

Then T is diagonalisable (I), with eigenvalues 4 and 5. Moreover, e;, e, and e5 are all
eigenvectors (II), corresponding respectively to the eigenvalues 4, 5 and 4.

If we put U; := span(e;), then U; = {[z,0,0]” |z € R} is the z-axis, U, is the y-axis
and Us is the z-axis. All the U; are 1 dimensional invariant subspaces and we indeed
have R® = U, @ U, & Us (I1I).

Now, since both e; and e; have the same eigenvalue 4, we write (IV)

R3=(U,0U;)®U,=E@4,T)®E(5,T).

Finally, E(4,T) = U; ® Uy = {[#,0,2]T | z,2 € R} is of dimension 2 while E(5,T) =
U, is of dimension 1. So we indeed have dim(R3) = 3 = 2 +1 = dim(E(4,7)) +
dim(E(5,7)) (V).

Using Theorem 5.1.24, one can exhibit operators that are not diagonalisable, even for
F=C.

Exercise 5.1.26. Let T € £(C?) be defined by T[%] := [S] Is T diagonalisable?

Solution. First, we find all eigenvalues of T'. Let A[7] = T[%] = [5] Then we have

Aw = z,

Az =0.
This implies that A>w = 0 and therefore that A = 0, as otherwise w = z = 0. Therefore, 0
is the only eigenvalue of T'. Moreover, E(0,T") = ker(T' —01d) = ker(T) = {[16)] |we C}.

We hence have dim(C?) = 2 > 1 = dim(E(0,7)). We conclude by Theorem 5.1.24 that
T is not diagonalisable. O

Theorem 5.1.24 says that T is diagonalisable if, and only if, it has enough linearly inde-
pendent eigenvectors. Using this, one can show that having enough distinct eigenvalues
is a sufficient condition for T being diagonalisable.

Corollary 5.1.27. Let V be a finite dimensional vector space and let T € L(V) be an
operator. If T has dim (V') distinct eigenvalues, then it is diagonalisable.

Proof. Let m := dim(V') and let Ay, ..., A, be the eigenvalues of T'. Then all the E(};,T')
have dimension at leat 1 by Proposition 5.1.11 and therefore V is the direct sum of the
E(A;,T) by Corollary 5.1.19. We conclude by Theorem 5.1.24. O
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The converse of the above proposition is false, as demonstrated by 7" = Id;, which has
only one eigenvalue (1) despite being diagonalisable.

Until now, we have seen conditions that imply (or are equivalent to) diagonalisability.
One important consequence of diagonalisability is the following more precise version of
the fundamental theorem of linear maps (Theorem 3.1.33).

Lemma 5.1.28. Let V' be a finite dimensional vector space and let T € L(V) be an
operator. If T is diagonalisable, then V = Im(T) @ ker(T).

Proof. Let # = (vq,...,v,,) be a basis for which

>‘1
>‘m

Up to reordering the v;, one can suppose that A\; = -- = A\; = 0 while A4, ..., A,, are non-
zero for k € {0, m, ...,}. Then ker(T) = span(vy, ..., vy) and Im(T") = span(vj, 1, ..., Uy, )-

Observe that if no A; are 0, then k = 0 and we indeed have V' = Im(T') & {0} since
ker(T) = span(g) = {0}. Similarly, if all A; are 0, then V' = {0} & ker(T). O

Question 5.1.29. Can you find an operator T such that Im(T") @ ker(T) C V 7
Hint: T cannot be diagonalisable.

[ Infinite dimensional vector spaces L

If T is an operator on an infinite dimensional vector space V, then the equivalences
II <= III <= IV of Theorem 5.1.24 are still true. Some people use them to define
the diagonalisability of T. That is, T' € L£(V) is said to be diagonalisable if there
exists a basis of V' consisting of eigenvectors of T'. While the infinite dimensional
situation is much more complex than the finite dimensional one, some results
remain true, as for example Lemma 5.1.28.

5.1.4. Nilpotent operators

In this subsection, we introduce a new kind of operators that have a special relationship
with the eigenvalue 0. This definition will be useful to show some of the forthcoming
results.

Definition 5.1.30.
An operator T € £(V) is nilpotent if there exists k € N such that T% = Oz vy

The 0 operator is of course nilpotent, but it is easy to find other examples.

Example 5.1.31. The differentiation operator D € L(P(R),,,) defined by Dp :=p’ is
nilpotent. Indeed, D™p = p(™) = 0 for every polynomial of degree at most m.

However, the differentiation operator D € L(P(R)) is not nilpotent. Indeed, for every
k we have DF(z*+1) = k! #£ 0.
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Example 5.1.32. For \ € F, define an operator T € L(F?) by

0 X
Tv = [0 0:|’U.

If A =1, this is the operator from Exercise 5.1.26. Using the matrix, one can check that
T? =0, and hence that T is nilpotent.

More generally, if ' € L(F™) is represented by a matrix with zeros on and below the
diagonal, it is nilpotent. In fact, we will soon show that all nilpotent operators on finite
dimensional vector spaces appear in this form. In order to do that, we will need a few
technical lemmas about kernels.

Lemma 5.1.33. Let V' be a vector space and let T € L(V') be an operator.
1. {0} = ker(T°) C ker(T?) C -+ C ker(T7) C ker(T7*1) C --;
2. If there exists k with ker(T*+1) = ker(T*), then ker(T™) = ker(T*) for all n > k.

Proof. For the first assertion, suppose that v € ker(77) for some non-negative integer j.
Then 771y = T(T7v) = TO = 0 and therefore v € ker(T7"!) as desired.

For the second assertion, we want to prove that ker(T**7) = ker(T**7+1) for every
non-negative integer j. We already know that the left to right inclusion is true. To
prove the other inclusion, let v be in ker(T*t7+1). Then T*+(T7v) = T*+7+1y = 0 and
thus T7v is in ker(T*+1) = ker(T*). Therefore, T**Jv = T*(TJv) = 0, which shows that
v € ker(TF+). O

The above result is particularly useful for finite dimensional spaces. Indeed, in this
case we have the following.

Lemma 5.1.34. Let V be a finite dimensional vector space. Then ker(Tdim(V)) =
ker(Tdim(V)+l) _ ker<Tdim(V)+2) —

Proof. By the first assertion of the last lemma, we have
0 < dim(ker(T)) < - < dim(ker(79™(V))) < dim (ker(T4™(V)+1)) < dim(V).

By the pigeonhole principle,? at least one of these inequalities is an equality. Therefore,
there exists k& < dim(V) with dim(ker(7*)) = dim(ker(T**1)). We conclude using the
second assertion of Lemma 5.1.33. O

[ To go further

Results similar to Lemmas 5.1.33 and 5.1.34 hold for Im(77), but with the inclusions
reversed. More precisely, for any vector space T' and any operator, one always

2Recall that the piegeonhole principle asserts that if we need to distribute ! elements among k sets, for
some | > k, then there is a set containing at least two elements.
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have
V =Im(T°% D Im(T) 2 Im(T?) D - D Im(T?) C Im(T7+1) D --.

Moreover, if there exists k with Im(7%) = Im(T**1), then Im(T*) = Im(T™)
for all n > k. Finally, if V is finite dimensional, then Im(7%™(")) = Im(T™)
for all n > dim(V'). The proofs of these statements are similar to the proofs of
Lemmas 5.1.33 and 5.1.34.

Using Lemma 5.1.34, one obtain a variations of Lemma 5.1.28.

Proposition 5.1.35. Let V' be a finite dimensional vector space and let T' be an operator
on V. Then
V = ker(T9™(V)) @ Im(T4m(V)).

Proof. Let m := dim(V'). We first prove that the sum is direct, that is:
ker(T™) N Im(T™) = {0}. (5.4)

Suppose v is in the intersection ker(7") N Im(7"™). Then T™v = 0 and there exists
uw € V with T"u = v. If we apply T™ to both sides of the last equation, we obtain
T?my = T™y = 0. Therefore u is in ker(T?™) = ker(T™) by Lemma 5.1.34 and
v=T"u=0.
Equation (5.4) implies that ker(7™) +Im(7™) is a direct sum. By Theorem 3.1.33 we
have
dim(ker(7T™) & Im(7T™)) = dim(ker(7T™)) + dim(Im(7™)) = dim(V)

and we hence conclude that V = ker(T9™(V)) @ Im(T9™(V)) as desired. O

Proposition 5.1.36. Let V be a finite dimensional vector space and let T € L(V') be a
nilpotent operator. Then TH™(V) =,

Proof. Since T is nilpotent, there exists k € N with 7% = 0, and thus ker(T*) = V. If
k < dim(V), then ker(T9™(V)) = ker(T*) = V by Lemma 5.1.33, while if k& > dim(V),
then ker(79™(V)) = ker(T*) = V, but this time by Lemma 5.1.34. In both cases, we
have T4m(V) — g, O

As announced after Example 5.1.32, nilpotent operators have a special matrix repre-
sentation.

Proposition 5.1.37. Let V be a finite dimensional vector space and let T € L(V) be an
operator. Then T is nilpotent if and only if there exists a basis B of V such that

0 *: ..... *
7% = ;
O vevnnnnl 0
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Proof. “=” We have ker(T) C ker(T?) C - C ker(T™) = V where m = dim(V).
Moreover, since T is nilpotent it is not injective. In particular, ker(T") # {0}. So we
can start with a basis %, of ker(T') and extend it to a basis %, of ker(T?) and continue
step by step to obtain a basis % = (vq,...,v,,) of V. By the above, v; is in ker(T).
Therefore, Tv; = 0 and hence the first column of [T]% contains only 0. More generally,
v; is in ker(T7). Therefore, T, is in ker(T7-1) C span(vy, ... ;Vj_1). In other words,

Tvj; = ay ju; + -+ a; ;_1v;_; for some q; ; € F. That is, the 4§ column of [T]g has

zeroes on the diagonal and below.
“«<” Suppose that A = [T]ﬁ is an upper triangular m x m matrix with 0 on the
diagonal. Then A™ is the zero matrix, and therefore T" is the zero operator. O

When F = C, nilpotent operators can be characterised by their eigenvalues.

Proposition 5.1.38. Let F be a field, let V + {0} be an F-vector space and let T € L(V)
be an operator.

1. If T is nilpotent, then 0 is an eigenvalue of T, and T has no other eigenvalues;

2. If F = C, V is finite dimensional and 0 is the only eigenvalue of T, then T is
nilpotent.

Proof. 1. If T is nilpotent, then T* = 0 for some k € N, so T is not injective and hence
0 is an eigenvalue. Now, suppose that A is an eigenvalue of T' with eigenvector v # 0.
Then 0 = T%v = X\*v. We conclude that A\* = 0 and hence that A = 0.

2. The proof is postponed to Proposition 5.1.51. O

5.1.5. Generalised eigenvectors

At the end of the chapter on linear maps, we asked

Major Question 3.2.47.

Given V and T € L(V), find a basis & such that [T]Z is “as simple as possible”
(for example: diagonal, upper triangular, with many zeroes, ...).

A first answer to this question was given by Theorem 5.1.24 which asserts that T is
diagonalisable if and only if there exists a basis % of V' consisting of eigenvectors of T, if
and only if dim(V) = Z;C: , dim(E(A;, T')), where the sum is taken over all the eigenvalues
of T. If T does not have enough eigenvectors, then it is not diagonalisable. But there
is still hope we can find a basis % consisting “almost eigenvectors” such that [T]% is
“almost diagonal”. See Proposition 5.1.56 for an intermediate result in this direction.

Definition 5.1.39.

Let V be a vector space, let T' € L(V') be an operator and let A € F be a scalar. A
non-zero vector v is a generalised eigenvector of T' corresponding to A if there
exists a positive integer j such that (T — A1dy,)7v = 0.
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For A € F, its generalised eigenspace is the set

G\, T):={ve V|3 (T —Ady)v = 0}.

Given a generalised eigenvector v, one can always obtain an eigenvector w by applying
T — A1dy, to v enough time, as demonstrated by the next result.

Lemma 5.1.40. Let V be a vector space and let T € L(V) be an operator. Let v be
a generalised eigenvector corresponding to A € F. Then there exists 7 € N such that
w:= (T — M1dy,)v is an eigenvector of T corresponding to \. In particular, X is an
etgenvalue of T.

Proof. Let k be the smallest non-negative integer such that (7' — AIdy,)*v # 0. Since
v # 0, such a k always exists. Then w := (T — A Idy,)*v is non-zero and (T — A\1dy )w = 0
by minimality of k. O

The following result directly follows from the definition.

Lemma 5.1.41. For V a vector space, T € L(V') and operator and X\ € F (not necessarily
an eigenvalue), we have

G\, T) ={0}U{v € V|vis a generalised eigenvector of T' corresponding to \}.

In the last section, we proved some results about kernels. As an interesting consequence
of Lemma 5.1.34, we show that generalised eigenspaces are indeed subspaces of V.

Proposition 5.1.42. Let V be a finite dimensional vector space and let T € L(V) be an
operator. Then for all A € F

G\, T) = ker(T — AIdy,)dim(V),
In particular, G(A\,T) is a subspace of V.

Proof. Tt follows from the definition that we have G(A,T") = Uj> L ker(T'— A1dy,)’. Using

Lemmas 5.1.33 and 5.1.34 we have [, ker(T — Ady )7 = ker(T — A1dy,)4™(V) which
concludes the proof. O

As we just saw, G(A,T') is a subspace of V' and we have E(\,T) C G(A\,T) C V. This
explains the name of generalised eigenspace. If v is an eigenvector, then the corresponding
eigenvalue ) is uniquely determined by the equation T'v = Av. For generalised eigenvectors,
it is a priori not obvious that the corresponding eigenvalue is unique. Fortunately, this is
the case if V is finite dimensional.

Lemma 5.1.43. Let V be a finite dimensional vector space and let T € L(V') be an
operator. Then each generalised eigenvector corresponds to a unique eigenvalue.
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Proof. Suppose that v is a generalised eigenvector of T' corresponding to the eigenvalues
A and p. We need to show that A = u. Let k be the smallest positive integer such that
(T — p1dy,)*v = 0, and let m := dim(V). One can suppose m > 1, as otherwise there is
no generalised eigenvector. Then

( (T — pldy) + (u— N 1dy,) "o
= "bi(n— AT — pldy) o,
7=0

where by =1 and the values of the other binomial coeflicients b; do not matter. If we
apply the operator (T — ,uIdV)k_1 to both sides of the above equation we obtain

0= (u—N™(T —pldy)*!

By minimality of k, (T — pIdy,)*v # 0 and hence p = . O
z 4z

Exercise 5.1.44. Let T € £(C3) be the operator defined by T [ié] = [502] . Compute
3 z3

the eigenspaces and generalised eigenspaces for T

Solution. Let & = (eq, ey, e5) be the standard basis of C3. Then

040
0 0 0f.

00 5

A= [T]g =

Then the eigenvalues of T are 0 and 5 (see Subsection 5.2.1 and specifically Lemma 5.2.6
for how to easily compute them). Let us compute the eigenspaces and the generalised
eigenspaces of the eigenvalues.

Eigenspace and generalised eigenspace for A = 0. We have

A—0Id=A4, (A—01d)* = A3 =

1 1
0||2,€Cp, G(O,T)=kerT?= 29| [ 21,29 € C .
0 0

So E(0,T) is of dimension 1 and hence a strict subspace of G(0,T") which is of dimension 2.

o O O
o O O
%o o
| I

Therefore,

E(0,T) =kerT = {

160



Chapter 5. FEigenvalues and eigenvectors

Eigenspace and generalised eigenspace for A = 5. We have

-5 4 0 —53 300 O
A—5Id=|0 -5 0}, (A—5Id)°=43=| 0 -5 0].
0 0 0 0 0 0
Therefore,

0
E(5,T) =ker(T —51d) = { [O] z3 € C},
Z3

0
G(5,T) = ker(T — 51d)3 = { [0:] Z3 € C}.
3

So E(5,T) = G(5,T) is of dimension 1.
Altogether, we have
E(0,T) ® E(5,T) € G(0,T) ® G(5,T) = C.
O
Some of the results of Subsection 5.1.2 for eigenvectors still hold for generalised
eigenvectors.

Lemma 5.1.45. Let V be a finite dimensional vector space and let T € L(V') be an
operator. Suppose that vy and vy are two generalised eigenvectors, corresponding to
the eigenvalues \; and A\, respectively. If \; # Ay the vectors v; and vy are linearly
independent.

Proof. Let p1; and py be two scalars such that

ot

0 = pyv1 + povy. (5.5)

We want to show that pu; = uy = 0. Let m := dim(V), let k := max{l | v; ¢ ker(
A Idy)!} > 0 and let w := (T — A\, Idy)*v; # 0. By maximality of k we have (
A Idy, )w = 0. That is, w # 0 is an eigenvector of T, with eigenvalue ;. Let f(t) =
(t — A)* and let g(t) = (t — X\y)™. Both are polynomials in P(F). Now, we apply
f(T)g(T) = g(T)f(T) to Equation (5.5) and obtain

0= gy (T = X 1dy)™(T — A Idy ) ¥y + po(T — Ay Idy ) ¥(T — Ay 1dy) ™o,

T
T

Since w # 0 is an eigenvector corresponding to A, and since A\; # Ay, w is not a
generalised eigenvector corresponding to Ay. We conclude that (T' — Ay Idy,)™w # 0 and
hence that p; = 0. A similar argument shows that pu, = 0 and therefore that v; and vy
are linearly independent. O

The above Lemma can easily be generalised to the case of finite families of vectors.
The proof is left to the reader.
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Theorem 5.1.46. |

J

Let V be a finite dimensional vector space and let T € L(V') be an operator. Suppose

that vy, ..., vy are k eigenvectors, corresponding to the eigenvalues A\, ..., A, respec-
tively. If the A\, are pairwise distincts, then (1, ..., ) is a linearly independent
list.

We have seen that if 7" is an operator on V', then both Im(7") and ker(T") are T-invariant.
We can generalise this.

Lemma 5.1.47. Let V be a vector space and let T € L(V) be an operator. Let
p(t) € P(F) be any polynomial. Then both Im(p(T)) and ker(p(T')) are T-invariant.

Proof. Suppose u belongs to ker(p(T')). Then p(T)u = 0. Thus
(p(T))(Tu) = (p(T)T)u = (Tp(T))u =T (p(T)u) = T0 =0,

where we used the fact that for polynomials p(¢) and ¢(t) we always have p(t)q(t) =
q(t)p(t). Hence T'u is in ker(p(T')). So we have just proved that ker(p(T')) is invariant
under 7" as desired.

Suppose u belongs to Im(p(T')). Then there exists v € V such that u = p(T)v. Thus

Tu = T(p(T)v) = p(T)(Tv).

By the above equation, T'u is still in Im(p(7')), which shows that Im(p(T")) is T-invariant.
U

In Corollary 5.1.19, we showed that Z;c:l E(A;,T) is always a direct sum, and a

subspace of V. In Theorem 5.1.24, we then showed that @5:1 E(A;,T) = V if and
only T is diagonalisable, if and only if there exists a basis consisting of eigevectors.
Theorems 5.1.48 and 5.1.49 will show that even if T is not diagonalisable a similar
formula holds for generalised eigenspaces.

Theorem 5.1.48. J

Let V be a finite dimensional vector space over C and let T € L(V') be an operator.
Then there exists a basis of V' consisting of generalised eigenvectors of T.

Proof. We will do an induction on m := dim(V'). Observe that the desired result holds if
m = 0 as in this (degenerated) case we have no generalised eigenvectors but the empty
list is a basis. If m = 1, then any non-zero vector is both a basis of V' and an eigenvector
for T'.

Now, suppose that m > 2 and that the desired result holds for all complex vector
spaces of dimension strictly less than m. Let X\ be an eigenvalue of T', whose existence is
guarantee by Theorem 5.1.13. Applying Proposition 5.1.35 to T'— A1dy, we obtain

V =ker(T — A1dy,)™ & Im(T — A1dy,)™.
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On one hand, every non-zero vector in ker(7'— A1Idy,)™ # {0} is a generalised eigenvector
of T. Hence, any basis % of ker(T'— A1dy,)™ # {0} consists of generalised eigenvectors
of T. On the other hand, ker(T'— AIdy,)™ # {0} as A is an eigenvalue of T'. Therefore,
Im(T — A1dy,)™ # V is of dimension strictly less than m, and is invariant under T' (by
Lemma 5.1.47 for the polynomial p(t) = (t — A\)™). Let S € L(Im(T — AIdy,)™) be the
restriction of 7" to Im (7T — AIdy,)™. By the induction hypothesis applied to the operator
S, there exists a basis € of Im(T — A\Id;,)™ consisting of generalised eigenvectors of S.
Since S is the restriction of 7', every generalised eigenvectors of S is also a generalised
eigenvector of T'. Altogether, %8 U € is a basis of V consisting of generalised eigenvectors
of T. d

The following theorem makes the link between nilpotent operators and generalised
eigenspaces. It also shows why generalised eigenspaces are the right enlargement of
eigenspaces.

,[ Theorem 5.1.49. ]

Let V' be a finite dimensional vector space over C, and let T € L(V') be an operator.
Let Aq, ..., A, be the distinct eigenvalues of T. Then

1. Each of the G()\j,T) is a T-invariant subspace;

8. The operator T, := (T — ) Idy)| is a nilpotent operator on G(\;,T).

G(A;,T)

Proof. 1. We have G(A;,T) = ker(T — A;1dy,)™. We conclude by Lemma 5.1.47.
2. Firstly, the sum Ele G(A;,T) is a direct sum since generalised eigenvectors

corresponding to distinct eigenvalues are linearly independent the sum. See the proof
of Corollary 5.1.19 for more details. Secondly, the existence of a basis of generalised
eigenvectors (Theorem 5.1.48) implies that V = G(A{,T) + -+ G(A\, T).

3. By 1, T; :== T — \;1d is an operator on G();,T). It then follows from Propo-

dim(G(A;
sition 5.1.42 that T (G T) is the zero operator on G(A;,T), and hence that T; is

nilpotent. O

)

As an easy corollary, one can finally shows that an operator whose eigenvalues are all
0 is nilpotent. This finishes the proof of Proposition 5.1.38.

([ Remark 5.1.50. ]

Proposition 5.1.51. Let V be a finite dimensional vector space over C and let T € L(V)
be an operator. Suppose that 0 is the only eigenvalue of T. Then T is nilpotent.

Proof. Since 0 is the only eigenvalue, T'=T — 01d,, is nilpotent on V' = G(0,T). O
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Proposition 5.1.51 is not true for real vector spaces. The reason is that an operator T
might have only 0 has a real eigenvalues, but other complex eigenvalues.

Example 5.1.52. Let V = R3 and let

0
A= [ 0 71].
10
Then the characteristic polynomial of A is x 4(t) = ¢(t*> + 1) and the complex eigenvalues
of A are 0, i and —i. So the only real eigenvalue of A is 0. However, we have A # 0,

0 0 O

A? = [01 o] £0,

0 0-1

and A7 = Idy # 0 for all j > 3. So A is not nilpotent, despite having all its real
eigenvalues equal to 0.

As another corollary of Theorem 5.1.49 we have the following, which finishes the proof
of Proposition 5.1.38.

Proposition 5.1.53. Let V be a finite dimensional vector space over C, and let T € L(V)
be an operator. Then T is diagonalisable if and only if E(A\,T) = G(A,T') for all X\ € C.

Using (generalised) eigenspaces, one can defined to quantities associated to an eigenvalue
A of an operator T'.

Definition 5.1.54.

Let V be a vector space, let T' € L(V) be an operator and let A € F be an
eigenvalue of T'. The algebraic multiplicity of A in T is defined as

malg(/\) = malg(/\a T) = dlm(G(/\a T))
The geometric multiplicity of A in T is defined as

Moo (A) = My, (A, T) == dim(E(A, T')).

Clearly, we always have m,.,(\) < m,,(A). The following characterisation of diagonal-
isability for operators on complex vector spaces directly follows from Proposition 5.1.53.

Lemma 5.1.55. Let V' be a finite dimensional complex vector space and let T € L(V).
Then T is diagonalisable if and only if mye, (A, T) = m,, (A, T) for all X € C.

The name “geometric multiplicity” is because it is related to E(A,T'), which we think
of as some geometric invariant of 7. The name “algebraic multiplicity” is because we
can compute it directly from a polynomial associated to T. We will talk more about this
polynomial in the next section.

Before ending this section, let us mention one more use of Theorem 5.1.49. Namely
the fact that for operators on complex vector spaces, one can always find a basis & for
which [T is particularly nice.
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Proposition 5.1.56. Let V # {0} be a finite dimensional vector space over C, and let
T € L(V) be an operator. Then there exists a basis B for which [T]g is diagonal by
[triangular blocks]. More precisely, [T]% is of the form (all matriz entries not shown are

zero)

T ]
L%

.)\1

B

)‘k i

where the j% diagonal block is an m,, (A;) X m,.(A;) triangular matriz with A; on the
diagonal and 0 below the diagonal.

Proof. Let Ay, ..., Ay be the distinct eigenvalues of 7" and let us write U; := G();, T). For

each j € {1,...,k}, the restriction T} := (T — ), Idy )| = is a nilpotent operator on U;.

U;
B.
So by Proposition 5.1.37 there exists a basis %, of U; such that [T;] 5’ is a my, X my
J
matrix with zeros on the diagonal and below the diagonal. This implies that [T’ \U‘]ij is
i %j

a My, (A;) X My (A;) matrix with A; on the diagonals and 0 below the diagonal.

0 *..... * )\] Koeoenon *

B B;
(T—Adev)|G(>\j7T) . = HE [ |G()\j’T):|‘gg‘ = :
i 0 j N

Let 98 := %, U---U%B,. Since V is a direct sum of the generalised eigenspaces, % is
a basis of V. It then follows from the T-invariance of the U; that [T)% is diagonal by

block, with the j** diagonal block being equal to [T\UA]?. O
i B,

In this subsection, we defined generalised eigenvectors and we have seen that V is a
direct sum of generalised eigenspaces. Moreover, we also proved that for operator on
complex vector spaces, there exists a basis & for which [T]g is diagonal by [triangular
blocks]. But it is possible to find an even “nicer” (with more zeroes) matrix representation
of T'. In order to do that, we need to introduce some new tools. The first of them, the
characteristic polynomial, will help us to compute eigenvalues.
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5.2. Characteristic and minimal polynomials

Standing assumption

In this Section, V will always be a finite dimensional non-zero vector space.

The aim of this section is to define powerful tools, called the characteristic polynomial
and the minimal polynomials, that will help us to compute the eigenvalues of an operator.
In order to define the characteristic polynomial of T' will we use the determinant, and
hence the matrix representation of 7. We hence start by developing an eigen-theory for
matrices similar to the one for operator.

5.2.1. Characteristic polynomial for matrices

The eigen-theory for matrices mirrors to the one for operators studied in Subsection 5.1.2.
Let us make that explicit.

Definition 5.2.1.

Let A € F™™ be a matrix. We say that A € F' is an eigenvalue of A if there
exists a non-zero v € F™ such that Av = Av.

A non-zero vector v satisfying Av = Av is called an eigenvector of A, corresponding
to the eigenvalue A.

The eigenspace of T corresponding to A € F is the set

E(\ A):={veF™| Av = \v}.

Recall that given a matrix A € F™™ we have an operator L, € L(F™)

L,: F™ — Fm

T — Ax.

It directly follows from the definitions that A is an eigenvalue for A if and only if it
is an eigenvalue for L 4. Similar statements hold for eigenvectors and eigenspaces. This
implies that results similar to the ones in Subsection 5.1.2 hold for matrices.

As for operators, it is important to clarify the base field F. The following example is
simply Exercise 5.1.12 rewritten in term of matrices.

Example 5.2.2. Let A = [_(1) (1)] Then L 4 is the operator T from Exercise 5.1.12; so we
know that A has no eigenvalues if F = R, and has eigenvalues i and —i if F = C. One
can also observe that whenever F = R, L 4 is the rotation by angle 7, which explains
why it has no eigenvalues.

Using matrices instead of operators allows us to use the determinant. We can hence
define

166



Chapter 5. Eigenvalues and eigenvectors

Definition 5.2.3.

Let A € F™™ be a square matrix. The characteristic polynomial of A is

X 4(t) :=det(t1d,, —A).

,.[ Remark 5.2.4. ]

Some authors define the characteristic polynomial as det(A — ¢1d,,,) instead of
as det(t1d,, —A). The only difference between the two definitions is a (—1)™
multiplicative factor. In practice this does not change anything. Indeed, the two
things that interest us about x 4 () are its roots and its divisors. Both notions are
unchanged by the multiplicative factor (—1)™.

J

If A is a m X m matrix, then its characteristic polynomial is a polynomial in ¢ of degree
m with coefficients in F. Moreover, the leading coefficient of x 4(¢) (that is the coefficient
of t™) is 1.

The characteristic polynomial is a powerful tool that allows to easily compute the
eigenvalues.

Theorem 5.2.5. ]

Let A € F™™ be a square matriz and let X € F. Then X is an eigenvalue for A
if and only if it is a Toot of x 4 (that is, if and only if x4(A) =0).

Proof. Analogously to Proposition 5.1.11, X is an eigenvalue of A if and only if AId,,, —A
is not an invertible matrix, that is if and only if det(A\1d,,, —A) = 0. O

The following important result directly follows from the definition.

Lemma 5.2.6. Let A € F™™ be a square matriz. If A is a diagonal matriz or a
triangular matriz (upper triangular, or lower triangular), then the eigenvalues of A are
exactly its diagonal coefficients.

We can now easily compute the eigenvalues from Exercise 5.1.44.

0 40
0 0 0f.

Example 5.2.7. Let

A=
0 0 5

Then x 4(t) = (t —5)(t — 0)? and the eigenvalues of A are 5 and 0.
Let us revisite Exercise 5.1.12 and Example 5.2.2.

Example 5.2.8. Let A = [7? (1)] Then

xa(t) = det [:f _1] =2 +1.
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Therefore, it is clear that A has no eigenvalues if F = R, and has eigenvalues i and —i if
F=C.

The characteristic polynomial is of great help to prove fundamental properties of
eigenvalues.

Proposition 5.2.9. Let A € R™™ be o matriz with real entries. If A € C is a complex
etgenvalue of A, then its conjugate X is also an eigenvalue of A.

Proof. In general, X is an eigenvalue of A if and only if x 4 (A\) = 0, if and only if x 4 () = 0.
But since A has real entries, its characteristic polynomial x 4(t) = ag+at+---+a,,t" has
real coefficients. Therefore, x 4(t) = ag +a;t + -+ a,,t . We conclude that y 4(\) =0

if and only if x 4(A) = 0, if and only if X is an eigenvalue of A. O

,_[ Theorem 5.2.10. ]
Let A € C™™, Then

1. xa(t) = (—1)™det(A)+ait+agt? +-+a, 1™ 1 +t™, with aq,...,a,, 1 €
C;

2. x4(t) = (t—=A)([Et—Xy) - (t—A,,), where Ay, ..., A, € C are the C-eigen-
values of A, possibly with repetition.

J

Proof. The first assertion comes from the product formula for the determinant. The
second assertion, is the fundamental theorem of algebra: an m-degree polynomial with
complex coefficients has m roots when counted with multiplicity. O

The characteristic polynomial also helps us to show that two similar matrices have
the same eigenvalues. Recall that two matrices A, B € F"™™ and B are similar if there
exists an invertible matrix P € F™™ with A = P~ BP.

Proposition 5.2.11. If A, B € F™™ are similar matrices, then
1. det(A) = det(B);
2. xa(t) = xp(t).

Proof. Let P be an invertible matrix such that A = P~'BP. Then we have det(A4) =
det(P~!BP) = det(P~!) det(B) det(P) = det(B).
For the second assertion,

x4 (t) = det(t1d,, —A) = det(¢Id,, —P~1 BP)
= det(P~1(t1d,, —B)P)
= det(t1d,, —B) = x5(t). O
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5.2.2. Characteristic polynomial for operators

We now have everything that we need to define the characteristic polynomial of an operator.
Indeed, if T' € £(V) is an operator on a finite dimensional vector space of dimension m, and
% and € are two bases of V, it follows from Proposition 3.2.46 that the matrices [T'|% and
[T)Z are similar. Therefore, by Proposition 5.2.11, det(tId,,, —[T]2) = det(t1d,, —[T]Z).

Definition 5.2.12.

Let V be a finite dimensional vector space and let T' € £(V') be an operator. The
characteristic polynomial of T is

X (t) == det([T]Z — t1dgim(v))s

where & is any basis of V.

Similarly, if T € £(V) is an operator on a finite dimensional vector space, using
Proposition 5.2.11 one can define its determinant by det(T) := det([T]%) for any basis
B otV.

Using our work on matrices, one can show the analogous of Theorem 5.2.5.

Theorem 5.2.13. |

J

Let V' be a finite dimensional space, let T € L(V) be an operator and let A € F.
Then X is an eigenvalue for T if and only if it is a root of xr (that is, if and only

if x7(A)=0).

Proof. Let B be a basis for V. Then A is an eigenvalue of T' if and only if 7' — AIdy, is
not an invertible map, if and only if

[Ty — Idv]g = [T]% - )‘Iddim(V)

is not an invertible matrix, if and only if A is an eigenvalue of [T’ ]g We conclude by
Theorem 5.2.5. O

Corollary 5.2.14. Let V be a finite dimensional vector space over C and let T € L(V)
be an operator. Then T is nilpotent if and only if xp(t) = t4=(V),

Proof. By the previous theorem, x(t) = tdim(V) if and only if 0 is the only eigenvalue of

T. By Proposition 5.1.38 this is equivalent to T being nilpotent. O

So the eigenvalues of T are exactly the eigenvalues of [T ]g, where & is any basis of
V. How about the eigenvectors of T' 7 Recall that given a basis % of an m dimensional
vector space V, we have an isomorphism

(@t V— "

v [v]g.
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Theorem 5.2.15. ]

Let V be a m dimensional vector space, let T € L(V) and let B be a basis
of V. Then for any v € V, the vector v € V is an eigenvector of T € L(V)
(corresponding to the eigenvalue \) if and only if [v]g € F™ is an eigenvector of
[T)% € F™™ (corresponding to the eigenvalue ).

Proof. Recall we have a commutative diagram

|7 AN
H%_ ﬁu
(TZ

where [-]g: V — F™ is an isomorphism. For every v € V we have [Tv]g = [T]Z[v] 4.
Therefore, Tv = \v if and only if [Tw]g = [\v]g if and only if [T]Z[v]g = A[v]g, which
finishes the proof. O

Exercise 5.2.16. Let T' € L(P(R),) be defined by T'(f(z)) := f(z)+ (z+1)f'(z). Find
the eigenvalues and eigenvectors of T.

Solution. Let B = (1,x,z%) be the standard basis of P(R),. We compute:

1
Tx)=z+ (z+1)-1=1+ 2z,
T(z%) =22+ (z+1) 2z = 2z + 322,

‘We hence have

110
A=[TZ=10 2 2|.
00 3

The characteristic polynomial of T' (and hence of A) is given by the following easy
computation

t—1 -1 0
X7 (t) = det(A —tIdg) = det { 0 t—2 =2 } =({t—1)(t—2)(—3).
0 0 t—3

We conclude that the eigenvalues of T' (and of A) are 1, 2 and 3. Finally, the eigenvectors
of T are given the eigenvectors of A. Therefore, to find it we need to solve system of
linear equations.
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Eigenspace for A = 1. We have E(1, [T]2) = E(1, A) = null(Id; —A) and hence

E(1,T) ={z€ R3| (A —1d3)z = 0}

2
Z9
%3

|

a
0
0

83 2B L)

aER}.

Therefore, E(1,T) = {a | a € R}. In other words, the eigenvectors of T' corresponding to
the eigenvalue 1 are exactly the non-zero constant polynomials.

Eigenspace for \ = 2.

This time we solve

E(2,T)={z€ R3|(A—21d3)z =0}

R 1 -1 0]z 0
E/E ALl
| Z3 0 0 —1] (=23 0

[a
:{ a aER}.
10

Therefore, E(2,T) = {a + ax | a € R} and the eigenvectors of T' corresponding to the
eigenvalue 2 are {a +az|a € R,a # 0}.

Eigenspace for \ = 3.

Finally we solve

E(3,T) ={z € R3| (A —31d;)z = 0}

(12 —1 07[%] [0
= Z9 0 1 -2 Zo| = 0
L<3 0 0 0 zZ3 0

a
2a
a

Therefore, E(2,T) = {a + 2az + ax?
the eigenvalue 3 are {a + 2az + ax?

} R}

|a € R} and the eigenvectors of T' corresponding to
|a € R,a # 0}. O

The next result shows that the characteristic polynomial behaves well with respect to

restriction to invariant subspaces.

Lemma 5.2.17. Let V be a finite

dimensional vector space and let T € L(V) be an

operator. If U CV is a T-invariant subspace, then XT‘U(t) divides xp(t).
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Proof. Let of = (uq,...,u;) be a basis of U. Extend it to B = (uy, ..., u;, V1, ..., V,_;) @
basis of V, where | = dim(U) and m = dim(V) > I. Write B = [T]% and A = [T\U]g.
Then it follows from the definition of matrix representations that

A|C

0 |D

for some C € F™ ! and D € F™~tm~l Then xgz(t) = det(t1d,, —B) = det(tId, —A) -
det(t1d,,, ; —D) = xa(t)xp(t)- g
While we were able to define the characteristic polynomial for a finite dimensional

space over F, for the following result we will need that F = C. This result explains the
name “algebraic mutliplicity” for m, (A, T').

Proposition 5.2.18. Let V be a finite dimensional vector space over C and let T € L(V)

be an operator. Let A\q,...,\; be all the distinct eigenvalues of T. Then xp(t) =
()\1 — t)malg(Al’T) eee ()\k — t)malg()‘va)'

Proof. This directly follows from the matrix representation of T given in Proposi-
tion 5.1.56. O

We can finally prove one of the fundamental results of eigen-theory.

Theorem 5.2.19 (Cayley—Hamilton theorem?). ]

Let V be a finite dimensional vector space and let T € L(V). Then xp(T) = 0z ]

Proof. We will only prove the theorem for C and R. For a general field F, see Ap-
pendix A.5.

Let us first suppose that F = C. Let A;,..., A\, be the eigenvalue of T. Then
V= @?:1 G(A;,T) by Theorem 5.1.49. Let v be any vector in V. Then v = vy + -+ vy,

for some v; € G(A;,T). Using that (T — A, Idy )| is nilpotent on G(A;,T) we have

G(\,;,T)

(T — A, Idv)malg(Aj’T)vj =0 for all j € {1,...,k}. It follows that

XT<T)U1 — ((T o /\2 Idv>malg()\2) (T _ )‘k Idv) alg )(T )\1 IdV alg(Al)vl
= (T — X, Idv>malg()\2) o (T — A\ Idy) 1 (A, ))0 —0.
And similarly, x7(T)v; = 0 for all j € {1,..., k}. Therefore,

xr(T)v = (XT(T))(’UI +4v,)=0+-+0=0.

3Named after Arthur Cayley (1821-1895) and William Rowan Hamilton (1805-1865), but the first general
proof was published by Ferdinand Georg Frobenius (1849-1917).
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We now prove the case F = R. Let T be an operator on a real vector space V of
dimension m. Fix a basis % of V and let A = [T|% € R™™. The trick is that an m x m
matrix with real coefficients is also an m x m matrix with complex coefficients, so we can
apply the Cayley—Hamilton theorem to the complex matrix A. Here are the details. One
can define an operator S on C™ such that the matrix representation of S, with respect
to the standard basis & of C, is also A. That is, S =L,4: C™ — C™, v~ Av. Then

xr(t) = det(t1d,, —A) = xs(t) and [x7(T)]g = xr(4) = x5(4) = [xs(S)]§ = 0 is the
0 matrix. O

5.2.3. Minimal polynomial

Standing assumption

In this subsection, V' # {0} will always be a non zero finite dimensional vector
space.

The characteristic polynomial is a powerful tool that encode informations about
eigenvalues. But it is sometimes not precise enough. For example, the following two
matrices have the same characteristic polynomial (t — 1)? despite being quite different:

10 11
Id?z[o 1]’ A:[o 1]'

While these two matrices have the same characteristic polynomial, they are very different
from the point of view of eigen-theory. Indeed, we have C? = E(1,1d) 2 E(1,A4) =

{lo] |z c}.

In this subsection, we will introduce another polynomial naturally associated to an
operator, which will be able to distinguish between Id, and A.

Definition 5.2.20.

A non-zero polynomial p(t) = a,t" +---+a;t+ay (a, # 0) is monic if the leading
coeflicient is 1, that is if a,, = 1.

Example 5.2.21. If T € L£(V) is an operator on a finite dimensional vector space
V # {0}, then x,(t) is monic.*

Proposition 5.2.22. Let V # {0} be a finite dimensional non-zero vector space and let
T € L(V) be an operator. Then there exists a unique monic polynomial My (t) such that:

1. MT(T) = OE(V);
2. Mp(t) has the smallest degree among non-zero polynomials satisfying 1.

Moreover, M (t) has degree at most dim (V).

4This is why we choose to define x ,(¢) by det(tId —A) instead of by det(A — ¢1d).
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Proof. Let m := dim(V). Then dim(£(V)) = m? and hence the family Id,, T ... ,T™ s
linearly dependent in £(V'). Let I := min{k | T* € span(Id,, T,..., T* 1)}, so | < m? by
the linear dependence lemma (Lemma 2.4.36). Since T° = Idy, is not in span(g) = {0}
we have [ > 1.

By definition of [, there exists Ay, A\;,..., A\;_; in F such that 0 = \y Idy, +A\T + --- +
A1 T + T Define My (t) := 8 4+ N1t + - + At + Ag. Then My(t) satisfies 1,
but also 2 by minimality of I.

Suppose now that ¢(t) is also a monic polynomial satisfying 1 and 2. In particular,
q(t) is a monic polynomial with degq = deg M. Then, My —¢q)(T) =0—0 = 0 and
deg(Mr —q) < 1—1. We conclude that M, —q is the zero polynomial and thus M, = ¢
is unique.

Finally, the characteristic polynomial x satisfies 1 by the Cayley-Hamilton Theorem
(Theorem 5.2.19) and has degree m = dim(V'). By minimality of the degree, M, has
degree at most m. O

Definition 5.2.23.

Let V # {0} be a finite dimensional non-zero vector space and let T' € L(V') be
an operator. The minimal polynomial of 7' is the unique monic polynomial
Mry(t) € P(F) given by Proposition 5.2.22.

Lemma 5.2.24. Let V + {0} be a finite dimensional vector space and let T € L(V') be
an operator. Then deg(My(t)) > 1. Moreover, deg(My(t)) = 1 if and only if there exists
A € F such that T = \1dy,.

Proof. Since M4 (t) is monic, it is not the zero polynomial. But since M (T") = 0, Mp(¢)
cannot be a non-zero constant polynomial. We conclude that M4 (t) has degree at least
1.

Since the minimal polynomial has degree at least one, we have M (t) =t — X if and
only if T'— AIdy, = 0, if and only if " = AIdy,. O

The above lemma implies that the minimal polynomial distinguishes the matrices from
the introduction of this subsection.

Example 5.2.25. Let & be the standard basis of C? and let T" be the operator represented
by [T)€ = [(1) ﬂ Then xp(t) = (t —1)2 = XId g2 (t). However, M1 (t) has degree at least
2 (and hence exactly 2 by Proposition 5.2.22), while My _(¢) =t — 1.

C2

Not only the minimal polynomial is the unique polynomial of smallest degree annulling
T, it is also the smallest one for divisibility.

Proposition 5.2.26. Let V # {0} be a finite dimensional non-zero vector space and
let T € L(V) be an operator. Then for any q(t) € P(F), q(T) = 0 if and only if My(t)
divides q(t).
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Proof. “<” Suppose M(t) divides ¢(t). Then there exists a polynomial p(t) € P(F)
such that ¢(t) = My (¢)p(t). Therefore, ¢(T') = p(T) My (T') = 0.

“=" By the Euclidean division of polynomials, there exists r(t),s(t) € P(F) such
that ¢(t) = s(t) My (t) + r(t) and degr(t) < degMy(t). Now, if ¢(T') = 0 we also have
r(T) = 0, which by minimality of My (t) implies that r(¢) is the zero polynomial. That
is, q(t) = s(t) Mp(t). O

Corollary 5.2.27. Let V + {0} be a finite dimensional vector space and let T € L(V') be
an operator. Then the minimal polynomial My (t) divides the characteristic polynomial

xr(t).

Proof. This directly follows from the proposition and the Cayley—Hamilton theorem
(Theorem 5.2.19). O

Theorem 5.2.28. ]

Let V # {0} be a finite dimensional vector space, let T € L(V') be an operator and
let X € F. Then X is an eigenvalue of T if and only if it is a root of the minimal
polynomial.

Proof. “<” If Mp(A\) = 0, then x7(A) = 0 and thus X is an eigenvalue of T' by Theo-
rem 5.2.13.

“=" We have Mp(t) = t' + a;_1#!71 + - + ayt + a for some | < dim(V) and some
coefficients a; € F. Suppose that A is an eigenvalue of T'. Then there exists a non-zero
vector v with T'v = \v. Therefore, for all positive integer j we have T9v = Mv. Then
Mp(ANv = (A + a1 AN+ + a3 A+ ag)v = Mp(T)v = 0. Since v # 0, we conclude
that M () = 0. O

Corollary 5.2.29. Let V #+ {0} be a finite dimensional vector space over C and let
T € L(V) be an operator. Let Ay, ..., \; be the distinct eigenvalues of T'. Then there exists
integers ky, ..., k; with 1 < k; <my,(A;,T) such that Mp(t) = (£ — Ap)F - (8 — X)ke

Example 5.2.30. Let & be the standard basis of C3 and let T' € £(C3) be the operator
given by

6 3 4
0 6 2
007

[T)€ = = A

Then x(t) = (t — 6)2(t — 7) and the eigenvalues of T are 6 (with algebraic multiplicity
2) and 7 (with algebraic multiplicity 1). Then we have two possibilities for the minimal
polynomial: either My (t) = (t — 6)2(t — 7), or My (t) = (t —6)(t — 7). The second
possibility occurs if and only if (A —61d;)(A — 7Id;) = 0. But

—1 3 4 0 —3 =
0 -1 2]=|:* * *:|7é0,

0 3 4
(A—61d3)(A—"T7Id3) =10 0 2
0 00 * ok %

0 01
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where the * are entries that might or might not be 0. We conclude that M, (t) =
(t—6)2(t—7). Therefore, for all eigenvalues, the geometric and the algebraic multiplicities
are the same.

The minimal polynomial has the advantage to be able to distinguish operators that the
characteristic polynomial cannot. However, the minimal polynomial has the disadvantage
to be more complicated to compute in general. Hopefully, for nilpotent operators, one
can easily compute it.

Proposition 5.2.31. Let V #+ {0} be a finite dimensional vector space and let T € L(V)
be an operator such that T—\1dy, is nilpotent for some A € F. Let k be the smallest integer
such that (T — M1dy,)* = 0. Then X is the only eigenvalue of T and My (t) = (t — \)*¥.

Proof. Let S := T — Aldy,. The minimal polynomial Mg(t) is a monic polynomial
that divides (by Corollary 5.2.27) xg(t) = t%™V. Therefore, Mg(t) = t¥ for some
1 < k < dim(V). By minimality, k is the smallest integer such that S* = 0. We conclude
that Mp(t) = (t — \)*. O

Observe that if T is nilpotent, it satisfies the hypothesis of Proposition 5.2.31 for A = 0.

5.2.4. A word about matrices

All the work we did on nilpotent operators, the characteristic polynomial and the minimal
polynomial naturally translates to the realm of matrices. For example, we say that a
square matrix A € F™™ is nilpotent if there exists an integer k such that A¥ = 0 is the
zero matrix. One easily shows that an operator T' € £(V) on a finite dimensional vector
space is nilpotent if and only if the matrix [T ]g is nilpotent for any basis % of V. One can
also define the generalised eigenspace of A as G(\, A) := G(A\,L4) = null(A — A\1d,,)™,
where L 4 is the operator defined by L 4(z) = Az. Finally, the minimal polynomial of A
is defined in a natural way, and one have My (t) = M2 (t).

The Cayley—Hamilton theorem Theorem 5.2.19 remains true for matrices. More
precisely, it says that for any square matrix A we have x 4(A) =0 € F™™.

,.[ Remark 5.2.32. ]

When seeing the Cayley—Hamilton theorem for the first time, some people would
like to write the following incorrect “proof” of the matrix version of the theorem:
“We have x 4(A) = det(AId —A) = det(0) = 0”. While this seems appealing,
this does not work. First of all, the matrix version of the theorem says that
XA(A) = Opn.n is the zero matrix, not the scalar Op = det(Ogn,»). Secondly, in
the expression det(tId —A), the variable ¢ appears as the diagonal entries of the

matrix ¢Id,,. To illustrate this, let us consider the simple example A = [(1) 8] (this
is the orthogonal projection onto the z-axis). This matrix has eigenvalues 0 and 1,
and hence characteristic polynomial ¢(¢ — 1). We can easily verify that the matrix
A indeed satisfy A(A —1Id,) = 0. However, we have tId, —A = [tgl 2] If we
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substitute the matrix A for ¢ in this expression, we obtain

which is not even a valid matrix expression.

Finally, here is an example showing that the above incorrect proof cannot be
made correct. Let g4 (t) := tId —A be the trace (sum of the diagonals entries)
of tId—A. Then g4(A — A) = q(0) = 0, but g4(A) # 0 in general. If we take
A= [é 8] as above then ¢4(t) =t —1+1¢ = 2t — 1 and we easily verify that

qa(4) =24 —1d, = [é —01] # 0.

\. J

When solving concrete problems about T' € L(V), it is often easier to take a basis
A of V, translate the problem into a problem for [T]g, solve the matrix version and
then translate the solution back to T'. Let us exemplify that by computing the minimal
polynomial of an operator.

Example 5.2.33. Let T' € L(V) be an operator on a finite dimensional vector space.
Suppose we have a basis & such that

- ]
L%

.)\1

[T]g = Ay

Al

(If V is a complex vector space, such a basis always exists by Proposition 5.1.56.) The
minimal polynomial of T is hence of the form Mp(t) = (t — A)*1 - (t — \;)* for some
kj € {1,...,my,(\;,T)}. Write Ay, ..., A; for the diagonal blocs occurring in [T)%. To
compute k;, observe that N; := \; Idmalg( A, 1) —A1 Is a triangular matrix with Os on
the diagonal, and hence nilpotent. Therefore, My (t) = tF1, where k; is the smallest

integer such that (V;)®1 = 0. In other words, to find k; it is enough to compute
AT o . .

N, NZ, ... ,Ninalg( vT) and to stop as soon one of those matrix is the 0 matrix. Finally,

My, (1) =My, (t—2) = (t— A;)F1. The other exponents ks, ..., k; are computed in a

similar way.
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Let us apply this procedure on a concrete example. Suppose that

3

Then x(t) = (t—1)2(t —3)? and Mp(t) = (t — 1)*1(t — 3)*2 with 1 < ky, ky < 2. Using
the above notation we have 4; = [(1) i] and N; = [8 g] So N; # 0 but N2 = 0 and we

conclude that k; = 2. For the eigenvalue 3 we have A, = [g g] and N, =0, so ky = 1.
Altogether, My (t) = (t — 1)2(t — 3).

5.3. Jordan normal form

In this section, we will finally give the definitive answer to our main question.

Major Question 3.2.47.

Given V and T € L(V), find a basis & such that [T]Z is “as simple as possible”
(for example: diagonal, upper triangular, with many zeroes, ...).

5.3.1. Existence of the Jordan normal form

We already saw in Proposition 5.1.56 that if T is an operator on a complex finite
dimensional vector space, there always exists a basis such that [T]g is a diagonal by
blocks matrix. Moreover, if A, ..., \; are the eigenvalues of T, then [T]% has [ diagonal
block Ay,..., A, and each A; is an m,),(A;,T) X m,,(A;,T) upper triangular matrix
with A; on the diagonal. In this section, we will see that one can always choose a basis
such that the A; itself are made of particularly nice blocks.

Definition 5.3.1.

A square matrix J € FF* is called a Jordan block of eigenvalue A € F if it is of

the form
A1

A. 1.
J =
w1
A

In particular, if £ = 1, then a Jordan block of eigenvalue ) is simply the following
1 x 1 matrix [)\]

It directly follows from the definition that the eigenvalues of a k x k “Jordan block of
eigenvalue \” J is indeed ), with algebraic multiplicity k. We have x ;(t) = (t — \)¥ and
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the matrix AId; —J is nilpotent. Moreover, by direct matrix computations we have
0----0 —1
k—1 - 0
(Aldy —J) = .o
0
Therefore, (AId;, —J)* = 0 and M(t) = (t — A\)* by Proposition 5.2.31.
Proposition 5.3.2. Let

c Fmm

J

n

be a matriz where each J; € FFi'*i s a Jordan block of eigenvalue A and size kj. (So
m= Z?Zl kj.) Then x ;(t) = (t—X\)™ and M;(t) = (t—\)* where k = max{k, ..., k,}.

Proof. This is basically Example 5.2.33. But here is a detailed proof. The matrix J is
upper triangular, of size n with A on the diagonal. This directly implies the formula for
the characteristic polynomial. For the minimal polynomial, since J is diagonal by block,
we have

(ALdy, —J;)!

Ad,, —J,)!
()\Idm_J)lz ( ko 2) .

(AIdy, —J,)!
for all | € N. Therefore, M ;(t) = (t — \)* for
k=min{l|Vj € {1,..,n}, (J; — )\Idkj)l =0} = max{ky,...,k,}. O

Example 5.3.3. Let m = 4 and A = 2. Up to permutation of the blocks, there are 5
matrices that are diagonal by [Jordan blocks|:

2 1 2 1 2 1
2

1
2

J:

1
20 | 2 11|’

1
2] 2] 2

1
2

L 2] 2]

All of these matrices have characteristic polynomial x, (t) = (t — 2)*. For the minimal
polynomials, we have M (t) = (t — 2)*, M (t) = (t — 2)3, M (t) = M, (t) = (t — 2)?
and My (t) =t — 2.

179



Chapter 5. FEigenvalues and eigenvectors

The case of Jordan blocks of distinct eigenvalues is similar to what happens in Propo-
sition 5.3.2. Simply treat together all the block sharing one common eigenvalue.

Example 5.3.4. Let

A=

5]
Then we have M 4 (t) = (t —4)2(t — 5), where the exponent 2 in (¢ — 4)2 is the size of the

largest Jordan block of eigenvalue 4, while the exponent 1 in (¢t — 5)! is the size of the
largest Jordan block of eigenvalue 5.

In Question 3.2.47 we asked if it was always possible to have a “nice” matrix represen-
tation of an operator. By nice, we mean: a diagonal by Jordan blocks matrix.

Definition 5.3.5.

Let V' # {0} be a finite dimensional vector space and let T' € £(V') be an operator.
A Jordan normal form (also called a Jordan normal form) for T is a matrix
representation of the form

A
mg=| | (5.6)

where J; is a Jordan block of an eigenvalue of T' (different blocks might have the
same eigenvalue).

A basis & for which [T]Z is a Jordan normal form is called a Jordan basis for 7.
A square matrix is a Jordan matrix if it is diagonal by block, with each block a
Jordan block. That is, if it is as the matrix appearing in the right-hand side of
Equation (5.6).

Let A € F™™ Dbe a square matrix. The Jordan normal form of A is the Jordan
normal form the operator Ly € L(F™), L: v Av.

As a direct corollary of Proposition 5.3.2 we obtain.

Corollary 5.3.6. Let V + {0} be a finite dimensional vector space and let T € L(V)
be an operator. Suppose that T admits a Jordan normal form J and let A\, ..., \; be
the distinct eigenvalues of T. Then My (t) = (£t — A)1 - (¢ — X)™ 1 where ky, is the
mazimal size of a Jordan block of eigenvalue A; occurring in J.

Every nilpotent operator admits a Jordan normal form (here we don’t need that
F=0C).

Lemma 5.3.7. Let V #+ {0} be a finite dimensional vector space and let T € L(V) be
a nilpotent operator. Then there exists a Jordan basis 9B for T'. Moreover, the Jordan
normal form for T is unique up to a permutation of the Jordan blocks.
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Proof. If T = 0 is the zero operator, then in any basis the matrix representing T is the
0 matrix and hence a Jordan matrix. We can hence suppose that T' # 0. Let k be the
smallest integer such that T% = 0. By the above, k > 2.

{0} = ker(T°) C ker(T) C - C ker(T* 1) C ker(T*) = V.

In Proposition 5.1.37, we started with a basis of ker(7T') an extended it step by step
to obtain a basis € of ker(T*) = V such that [T]€ is upper triangular (with 0 on the
diagonal). Here we will go in the opposite direction: start with a maximal independent
family of ker(T%) \ ker(T%1) and extend it carefully to a basis & of V such that [T]%
is a Jordan matrix.

For j € {1,...,k}, let us write d; := dimker(T7). So 1 < d; < dy < -+ < dy and
d, = dim(E(0,T)) is the geometric multiplicity of 0 while d;, = dim(G(0,7T)) = dim(V)
is the algebraic multiplicity of 0. Write ¢, := dj, — dj,_; > 1. We will show that J has ¢
blocks of size k.

In order to ease the understanding of the proof, we will illustrate it (in blue) for

We have d;, = dj,_; + ¢. Therefore, it is possible to find ¢, vectors vy 1, vy 9, ..., Vg,
in ker(T*) such that span(ker(T*1), Vk 15 V2 -+ s Vkoo, ) = ker(T*). (For example, take
any basis of ker(T%~!) and extend it to a basis of ker(7%).) This implies in particular

that the vy, 1,v 9, ..., Uy ., are linearly independent and moreover that a non-trivial linear
combination of the v, 1,y 9, ..., Uy ., never belongs to ker(T*~1). For I € {1,...,¢;} and
JEAL ..,k —1}, let v, == k*jvk,l. So for example, vy,_y 3 = T?vy, 3. In our example,
we have ¢, = 2, which gives us the following 8 vectors.
ker(T) C ker(T?) C ker(T3) C ker(T*) = V. (5.7)
V1,1 V2,1 V3,1 Vg1
V1,2 V2,2 V3,2 V4,2

Since the vy, ; are in in ker(T*) but not in ker(T*1), the v;; are in in ker(T7) but not
in ker(T7~1). Moreover, it follows from the fact that non-trivial linear combination of
the vy, 1,vp 9, ., Vg ¢, never belongs to ker(T*~1) that the list

‘%k = (U1,17U2,17 s U1 oo 7U1,ck’ 7vk,ck)

is linearly independent.
Observe that T'(v; ;) = v;_y ; if j > 2 by definition, and T'(v; ;) = 0 as v, ; is in ker(T").
Before going further, let us look a little more at 98;.. As we have just seen, U}, := span(%;,)

k

is T-invariant and [T'|; ]gk is a diagonal by block matrix, with ¢, Jordan blocks of size
k
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We will now take care of the Jordan blocks of size k — 1 (if any). Let ¢,_; :=
dy_1 —dj_o — c;,. By the above, ¢;,_; > 0. If ¢,_; = 0, then there will be no Jordan
blocks of size kK — 1 and we can directly go to the next step. This is the case in our
example, so we do not add vectors to the list in Equation (5.7). If ¢;,_; > 1, take any
basis G),_, of ker(T%2). It is possible to complete &,_s, Vk_1,1 -1 Vk—1,c, 1O & basis
B2 V1,15 -+ » Vk—1,c,) Vh—1,c5+1> = Vk—L,cp+cp_; OF ker(T*1). Forl € {c;, +1,...,¢c; +
cp—1) and j € {1,...,k—2}, let v; ;= k_Jvk’l. Then both the list

‘%k—l = (Ul,ck—i—l? V1410 s Vleptep_q0 7Uk—1,ck+ck71)

and B, U By,_; are linearly independent. Moreover, for any v, € B, U By,_q, T(v;;) =
vj_y, if j > 2 while T(v, ;) = 0. Finally, U,_; := span(%j_;) is T-invariant and

[T, ]%;71 is a diagonal by block matrix, with c¢,_; Jordan blocks of size k — 1.
k-1

We conclude that U, + U,_; is a direct sum, that U, @ U,_; is T-invariant and that
Tlo, 00, )00

U, ®Uy_1 BrUBy_1
by ¢;,_; Jordan blocks of size k — 1.

is a diagonal by block matrix, with ¢;, Jordan blocks of size k followed

", -
[T| ]%kuﬁk_l — Jck
UkeaUk:—l @ku.@k71 Jck-i-l ’
L JCk+Ck_1_
0 1 -
1 ifje{l,...,c},
0
J] - < L 0_
[0 1
1 iij{Ck‘i‘l,...,Cm‘f‘Ckfl}.
1] 0
Iterating this procedure, we obtain integers c¢;,_, = dj,_y — dj_3 — ¢, — ¢;,_1 up to
cp=d; —0—cp——cyand B := B, URB),_, U--UDB, is a basis for V such that [T]%
is a diagonal by block matrix, with ¢; Jordan blocks of size k, ¢;_; Jordan blocks of size
k—1, .., and c¢; Jordan blocks of size 1. In our example, we have c; = 0, ¢, = 1 and
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¢y = 0, which gives 11 vectors forming a Jordan basis

-
=
v 4 <
<«
<

For our particular example, we conclude that the normal Jordan normal form has 2
Jordan blocks of size 4, 0 of size 3, one of size 2 and one of size 1.

0 1 -
0 1
0

1
0

O =

i

I 0],

In order to finish the proof, we still need to show the unicity of the Jordan from.
But in any Jordan normal form, a Jordan block of size k in a Jordan normal form of T’
correspond to a vector in ker(T%) \ ker(T*~1). Therefore, the number of Jordan blocks
of size k is equal to ¢;, = dim(ker(T*)) — dim(ker(T™1)), which depends only on 7.
Similarly, one can show that for every j € {1, ..., k}, the number of Jordan blocks of size
J is exactly c¢; and hence depends only on T'. This proves that the Jordan normal form is
unique, up to permutation of the Jordan blocks. O

We finally answer Question 3.2.47: every operator on a complex vector space admits a
nice matrix representation.

Theorem 5.3.8. ]

Let V + {0} be a finite dimensional vector space over C and let T € L(V') be an
operator. Then there exists a basis B of V such that [T]g is a Jordan normal form

for T'. Moreover, the Jordan normal form for T is unique up to a permutation of
the Jordan blocks.

Proof. Let Aq,..., A, be the eigenvalues of T'. Then, by Theorem 5.1.49, V = G(A\;,T) &
= @G(A;, T), each of the U; := G(A;, T') is invariant by T'—A\; Idy, and S; := T — A, IdV|U
j

is a nilpotent operator on U;. Therefore, by Lemma 5.3.7 there exists a basis %; be

a basis of U; for which [Sj]ﬁj is diagonal by [Jordan blocks of eigenvalue 0]. We
J
conclude that [T']; ]gj is diagonal by [Jordan blocks of eigenvalues A;]. Finally, # =
Rt
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B, U--U B, is a basis for V (by direct sum) and [T]2 is diagonal by block, with blocks

[T]Ul]gi, ey [T\Um]gi (by invariance of the U; and construction of %):

1]
By
1% - il

B
T,

By looking carefully at the proofs of Lemma 5.3.7 and Theorem 5.3.8 one obtain the
following important relation between the Jordan form and the geometric multiplicity.

Proposition 5.3.9. Let V #+ {0} be a finite dimensional vector space over C and let
T € L(V) be an operator. Let A be an eigenvalue for T'. Then mg,, AT is the number of
blocks of eigenvalue A in any Jordan form of T.

Proof. In the proof of Lemma 5.3.7, each sequence V145w Ur j gives rise to one Jordan
block. The number of such sequences is equal to the dimension of ker(7T').

Therefore, for a general (not necessarily nilpotent) operator, the number of Jordan
blocks of eigenvalues A in a Jordan form is equal to dim(ker(T — AId)) = m,,, AT. O

geo

Theorem 5.3.8 relies on Theorems 5.1.48 and 5.1.49. A careful look at the proofs of
these results shows that the key point is that the operator T has “enough eigenvalues”,
which is equivalent to xp(t) = (£ — A )PP T) (g — X)) a3 T) gplits as a product of
monomial. So we have

,[ Theorem 5.3.10. ]

Let F be a field, V # {0} be a finite dimensional F-vector space and T € L(V)
be an operator. Suppose that xp(t) = (t — Ay)® -+ (t — A))% for some A\; € F and
a; € N. Then

1. The A; are the distinct eigenvalues of T' and a; = my,(;,T);
2. Each of the G(A;,T) is a T-invariant subspace;

4. The operator T; := (T — A, IdV)|G()\, - is a nilpotent operator on G(\;,T).

g

5. There exists a basis B of V such that [T]g is a Jordan normal form for T.
Moreover, the Jordan normal form for T is unique up to a permutation of
the Jordan blocks.

J

Below is a small example that follows the algorithm of Lemma 5.3.7 to find a Jordan
basis.
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2
Example 5.3.11. Let A = [(1) g 2]. Since A is triangular, its only eigenvalue is 2, with

algebraic multiplicity 3.
We compute

0
2Id—A = [—10 ] (2Id—A)% = 0.
000

So we have {0} C ker(2Id—A) ¢ ker(2Id —A)? = V and M 4(¢) = (t — 2)%. In other
words, in the Jordan normal form for A the size of the biggest Jordan block is 2. Since
A is a 3 x 3 matrix, it means we have two Jordan blocks, the second one being of size 1.

21
That is, the Jordan normal form of A is J = []

0 p 0
To find a Jordan basis, we solve [71 0 ] [y] = [8] and find ker(2Id —A) = E(2,A) =

000] Lz
{@] Y,z € R}. This means that dim(ker(2Id —A)) = 2 while dim(ker(21d —A4)?) =
dimV = 3. Since 3 —2 = 1, we need to find one vector v, ; in ker(2Id —A)? = V but

1
not in ker(2Id —A). One can for example take vy | = [8].

Now, we compute

0 1 0
v11 = (2Id—A)vy; = [—(1) 0 0] [8] = [_é]‘

Finally, we complete v; ; into a basis (v; 1,v; o) of ker(2Id —A). One can for example
0
take vy o = [(1)]

Altogether, vy 1,01 1,v; o is the desired Jordan basis.

,.[ Remark 5.3.12. ]

A careful analysis of the proof of Theorem 5.3.8 shows that even if F # C, the
proof still works for all T" with “enough” eigenvalues. For F = R this means
that all complex eigenvalues are real numbers. In general, this mean that the
characteristic polynomial can be written as a product of degree 1 polynomials:
xp(t) = (8= Ay)maePa) o (g — ) Pae(A0)

While we will no check the details of the above assertion, we will use it to prove
the next corollary.

J

Corollary 5.3.13. Let V + {0} be a finite dimensional vector space and let T € L(V)
be an operator. Let Aq, ..., \; be the distinct eigenvalues of T'. Then T is diagonalisable
if and only if Mp(t) = (t—Ay) - (t—A)).

Proof. Suppose that T is diagonalisable in some basis %. Then [T]2% is a Jordan normal
form for T', in which all blocks have size 1. We conclude that M, (¢) = (t —A) -+ (t — X;)
by Corollary 5.3.6.

Now suppose that My (t) = (¢ — A;) - (t — ;). Then T" admits a Jordan normal form
J by Theorem 5.3.10. The maximal size of a Jordan block with eigenvalue A; in J is 1

185



Chapter 5. Eigenvalues and eigenvectors

(the exponent of (£ — A;) in Mp(t). So all Jordan blocks have size 1 and J is a diagonal
matrix. O

In term of matrices, we obtain the following results.

Lemma 5.3.14. For every A € C™™ there exists an invertible matriz P € C™™ such
that P~1 AP is the Jordan normal form of A.

If (v, ,v,,) is a Jordan basis for A, then one can take P = [vy vy ... v,] (v; is
the j™ column of P).

Proof. Let us write L, € £(C™) for the operator L 4 (v) = Av. Then we have [L4]€ = A4
for the standard basis &, while by Theorem 5.3.8 there exists a Jordan basis % such that
[L4]% =: J is a Jordan matrix. But then the matrices A and J are similar.

If # = (vq,...,v,,) is a Jordan basis, with corresponding Jordan matrix J, then
AP = [Avy Avy ... Av,,| = [vy vy ... v,,]J = PJ,so P"LAP = J as desired. O

Corollary 5.3.15. Two complex square matrices A, B € C™™ are similar if and only if
they have the same Jordan normal form.

Proof. “=" If the matrices A and B are similar, they represent the same operator T" and
hence have the same Jordan normal form (up to permutation of the Jordan block).
“<” Let J be the Jordan normal form of A and B. Since the Jordan normal form
is unique (up to permutation of the Jordan block), J = P~1AP = Q' BQ for some
invertible matrices P,Q € C™™. This gives A = (QPfl)_lB(QP*I). (Observe that
the “<” implication is true for any field F, not only for C.) O

The following summarises the important relations between eigen-theory and the Jordan
normal form.

'_[ Summary 5.3.16. ]

Let V #+ {0} be a m dimensional vector space over C and let T € L(V) be an
operator. To such a T, one can associate:

o Its distinct eigenvalues Ay, ..., \; (we necessarily have 1 <1< dim(V));
o For each eigenvalue, its algebraic multiplicity m,i,(A;,T) = dim(G(A;, T));
o For each eigenvalue, its geometric multiplicity mye,(A;, T) = dim(E();, T));

e The characteristic polynomial xp(t) = (t — Ay )PP (g — ) )Pae(M)

e The minimal polynomial Mp(t) = (t — Ay)™1 - (8 — A))"™ 1, where the k; are
positive integers;

e The Jordan normal form J of T.

Then we have the following:
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m,(A;) € {1,...,dim(V)} and z;zl m,,(\,) = dim(V) (Theorem 5.1.49);

, where JAj is the Jordan normal form of T|G(>\j,T)

.',]A
(Theorem 5.8.8);

l

Moo (A;) € {1,...,my(A;)} is the number of Jordan blocks of eigenvalue \;
in JAj. In particular JA], is diagonal if and only if and only if mgeo()\j)
M, (A;) (proof of Lemma 5.5.7);

<

k/\j € {1,...,my,();)} is the size of the biggest Jordan block of eigenvalue
Ajin J>\j. In particular JAj is diagonal if and only if and only if all kAj =1
(Corollary 5.3.6);

The sum of the size of all Jordan blocks of eigenvalue A; is equal to m,,(A;)
(follows from the definition of m,,();)).

5.3.2. Computation of the Jordan normal form

Knowing that the Jordan normal form exists is good. Being able to compute it is better.
This is the subject of this subsection. As we have seen in the last subsection, in order to
find a Jordan basis for a matrix A or for an operator T, it is enough to be able to find a
Jordan basis %; it for each generalised eigenspace G()\j, A), which is done by looking
at null(A;Id —A) ¢ -+ C null(A; Id —A)i = G(Aj, A), where 1 < k; < my,(Aj, A) is the
smallest integer such that (\;Id —A)kj = 0. Alternatively, k; is the size of the biggest
Jordan block of eigenvalue A; in the Jordan normal form of A.
Let us work on a concrete example.

Example 5.3.17. Let A be the complex square matrix

9 —4 2 2 t—2 4 -2 2
9 01 3 2 ¢t -1 -3
A=15 o 3 3] sotld,—A=\ o, 5 4, 3 _3
9 6 3 7 9 6 -3 t—7

We start by computing the characteristic polynomial of A. We will prove that x 4(¢t) =
(t —2)%(t —4)2. Tt is of course possible and easier to ask a computer to do it. We will do
it by hand to show how it can be done. First do rows operations (that do not change the
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determinant) on tId, —A: 7y 5 ry + (1 — %)ry, r3 > 73 — 1y and ry > 74 — ry to obtain

t2 t 3t 7
0 —L4t+4 L—3 3t_
det(A — t1d,) = det |2 t -1 3
0 —t+2 t-2 0

0 —t+6 -2 t—4

which we can develop along the third column to obtain

—t+2 t—2 R
— — — — 2 2
det(A —t1d,) = (10 — 3t) det [_t+6 _2]+(8 2t)det[ b9 2

= (10 — 3t)(—4 + 2t — (—12 + 8t — t2))
3 2
+(8—2t)(—8+2t+22 — L — (—6+4t— %))
= (10 — 3t)(8 — 6t + t2) + (4 — t)(—4 — 4t + 5% — t3)
= (80 — 84t + 28t — 3t3) + (—16 — 12t + 24t% — 9¢3 + t4)
=t* — 123 + 52t% — 96t + 64.

So we have x 4 (t) = t* —12t3 +52t2 — 96t + 64 and we still need to find the roots. Since all
the coefficients are integers, if a rational root exists it is of the form g, where p is a divisor

of 64 (constant coefficient) and ¢ a divisor of 1 (leading coefficient).> So the possible
rational roots are in {41, 42, +4, 48,416,432, 4+64}. By testing, we find that both 2
and 4 are roots. Therefore, (t—2)(t—4) = t2—6t+8 divides x 4(t). A polynomial division
(similar to a long division) gives us t4_12ti§fgiig96t+64 =t2—6t+8=(t—2)(t—4). We
have just showed x 4 (t) = (t —2)?(t —4)2. Therefore, the eigenvalues of A are \; = 2 and
Ay = 4, both with algebraic multiplicity 2. We will now give two methods to compute
the Jordan normal form. The first one will always work and gives a Jordan basis, but
might be computation intensive. The second one might not work for big matrices, but is

easier for small matrices.

Method 1: follow the proof of Lemma 5.3.7. For every eigenvalue, we will compute
the nullspaces of (AId —A)? for 1 < j < m,, (A, A) to determine the number and sizes of
Jordan blocks corresponding to eigenvalue .

For \; = 2. We have m,},(2, A) = 2 hence {0} C null(21d, —A) C null(21d, —A)? =
G(2,A). So we will have 1 Jordan block of size 2 and eigenvalue 2 if null(21d, —A) #

5This is the “rational root theorem”, which is not a trivial result.
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null(21d, —A)?, but 2 blocks of size 1 if null(2Id, —A) = null(21d, —A4)2?. We have

0 4 —2 -2
2 2 -1 =3
2 6 -3 =5

To compute null(21d, —A), we solve the system

0 4 —2 —27 [z 0
2 2 -1 =3 |y| |0
2 2 -1 —=3| |z| " |o
2 6 -3 —5] |w 0

Since the second and third rows are equal and r, = r; + ry, this system is equivalent to

0 4 —2 —2
2 2 —1 -—-3|°

S v e 8
|
—
o O
— =

2y—=z
So we have null(21d, —A) = Y
2y—=z

Y,z € R}. This is a dimension 2 subspace and

hence equal to G(2, A). Therefore, we can choose any basis of null(2Id, —A) as a basis
of G(2, A). For example, one can take v; = [2,1,0,2]T and vy = [0,1,2,0]".

We now take care of A, = 4. Once again m,},(4, A) = 2 and we thus have 1 Jordan
block of size 2 if null(41d, —A) # null(41d, —A), but 2 blocks of size 1 if null(41d, —A) =
null(4Id, —A). We have

2 4 -2 -2
2 4 -1 -3
2 6 -3 =3

To compute null(A—41d,), we solve the system (where we do ry > ro — 71, 74 > 75 —177)

0 4 —2 —271 [z 0 2 4 —2 —21 Tz 0
2 2 -1 —3| |y 0 0 0 1 —-1| |y 0
22 -1 =3| |zl lol = o —2 3 —1| |z|~ |o|
2 6 -3 —5| |w 0 2 6 -3 —-3] |w 0

We hence have y = z = w and = = 0. Since null(41d, —A) is of dimension at least 1, we
conclude {0} C null(4Id, —A) = {[0,y,y,y]" |y € C} C null(41d, —A)? = G(4, A). We
have

1 2 -1 —1
1 1 0 —1
A2 —
(41 —A2=4|] o | |
1 2 -1 -1
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It is not necessary to have a full description of null(4Id, —A)?, only to find a vector v, that
is inside null(41d, —A)?2, but not inside null(41d, —A). One can solve a system to find
v, or simply guess v, = [1,—1,—1,0]". Finally, taking v3 = (41d, —A)v, = [0,1,1,1]7
gives us a basis vs,v, of null(41d, —A)? = G(4, A) with v; € null(41d, —A).

Let us take & = (v, vy, v3,v,) for a basis. We have Av; = 2v,, Avy = 20y, Avg = 4v,
and Av, = vg + 4v,. So, for P := [v; vy v3 vy] We have

AP - [Avl AU2 A'U3 A'U4] - ['Ul '[)2 'U3 U4]

That is:

PlApP = = J

is the Jordan normal form of A.

Method 2: compute the minimal polynomial. The characteristic polynomial of A is
xa(t) = (t —2)%(t — 4)2, and thus the minimal polynomial is M 4(t) = (t — 2)k(t — 4)%
for some 1 < ky < 2 and 1 < ky; < 2. We hence have 4 candidates: (t — 2)(t — 4),
(t—2)2(t—4), (t —2)(t —4)? and (t — 2)(t — 4). Among these four polynomial, we need
to find the minimal one satisfying p(A) = 0. This means we need to test at most 3
polynomials. We have

0 —4 2 21[—2 —4 2 2 0 000
-2 -2 1 3[|-2 -4 1 3 0 —4 * =
(A=20d)(A-4ldy) = | 5 5§ 3|2 —2 —1 3|~ |« *
-2 —6 3 5/]|-2 -6 3 3 * * %

Exercise 5.3.18. For the following four matrices, decide which ones are similar. (They
all have characteristic polynomial t* and are hence nilpotent.)

70 1 00 7 70 1]0 0 7
00 1/0 0 0[0 0

A=110 0 olo |’ B=\1%"0T0 11"
|0 0 0[0]. L0 0/0 O]
70 1]10 0 7 00 1 07
0 0/0 O 000 1

C=1%9"0lolo | D=14900 0
L0 0 0[0]. L 00 0 0|

Solution. The matrices A, B and C are already in Jordan normal form. These Jordan
normal form are distinct (even up to permutation of the blocks), which implies that
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these matrices are mutually non-similar. For D, we have rank(D) = dim(col(D)) = 2
so dim(null(D)) = 4 — 2 = 2. But D? = 0 and thus dim(null(D?)) = 4. So we choose
2 = dim(null(D?)) — dim(null(D)) vectors u, and vy in null(D?) but not in null(D).
Then we write uy := Duy and v; := Duv, to obtain a basis (uq,us, vy, v5) of C*. Since we
have two sequences u;, uy and vy, v, of length 2 we have two Jordan blocks of size 2 x 2.
In other words, the Jordan normal form of D is

O OO O
o O o O
o =IO O

o oo -

Therefore, D and B are similar. O

While the minimal polynomial and the characteristic polynomial are useful tools to
compute the Jordan normal form, they are not always sufficient to recover the Jordan
normal form as demonstrated by the following example.

Example 5.3.19. The following two matrices have the same characteristic polynomial
(t —2)* and the same minimal polynomial (t — 2)2, but not the same Jordan normal
form.

2 11|’ 2
2 El

Observe that the geometric multiplicity of 2 in A is 2, while it is 3 in B, so we can still
distinguish A and B using eigen-theory. (In both cases, the algebraic multiplicity of 2 is
4.

For following two matrices, the only eigenvalue 2 has geometric multiplicity 2 and
algebraic multiplicity 4 in both cases, but the Jordan normal form are not the same.

2 21
1 2
2 ’ 2 1

2] 2

Observe that the above two matrices do not have the same minimal polynomial and so can
still be distinguished by eigen-theory. Indeed M (t) = (t — 2)3 while M (t) = (t — 2)2.

It is possible to construct bigger matrices such that eigen-theory is not able to distin-
guish between them. The following two matrices have the same characteristic polynomial
(t —2)7 and the same minimal polynomial (t —2)3. Moreover, they have the same eigen-
values 2, with the same algebraic multiplicity 7 and the same geometric multiplicity 3.

1
2

191



Chapter 5. Eigenvalues and eigenvectors

Nevertheless, they do not have the same Jordan normal form.

N2 1 T N2 1
2 1 2 1
2 2

N

N =

2

1
i 12 ] B 2 ||

The matrices from Example 5.3.19 were not randomly chosen. Indeed, one can prove:

Lemma 5.3.20. Let V be a finite dimensional vector space over C and let T be an
operator with only one eigenvalue, so X1 (t) = (t— X)X and My (t) = (t—A)Fx. Then
(recall that My, (A;) = dim(E(A;, T)) is the geometric multiplicity)
1. If my(A) < 3, then (m,,(A), ky) determines the Jordan normal form J of T;
2. If m
T;

alg(A) < 3, then (my,(X), mye, (X)) determines the Jordan normal form J of

3. If my,(X) <6, then (my,(N), ky, My, (X)) determines the Jordan normal form J
of T.

Proof. By Theorem 5.3.16, J is a matrix of size m,,(\) with m,.,(A) blocks of maximal
size ky. To determine J, it is enough to know the number b,, of blocks of size n for each
1 <n < my,(A). But the total size of J is the sum of the size of the blocks:

malg(A) =14 +14+24 424 +k, ++ky, (5.8)

where b, > 0 for n € {1,...,ky — 1}, by, > 1 and by + by + -+ + by, = my,,(A) is the
number of blocks.

For a given m,),()\) < 6, one can list all the decompositions according to Equation (5.8)
and check that no two such decompositions share the same triple (m,()), Ky, Mgeo(N))-
Alternatively, one can try to find the smallest counterexample possible. This will both
prove the statement and explain how to obtain the matrices Example 5.3.19.

First of all, in order to find two distinct decompositions of a given m,,()), one should
have ky > 2, as there exists a unique decomposition of m,),(A) using only 1s. It is also
trivial that such a counterexample need to use at least two summands, that is mge,(A) > 2
and s0 my,(A) > ky + 1.

If ky > 3, then m,,(\) > 4. If k\ = 2, then the only possibility tow have two different
decomposition of m,,(A) is to have a 2 in such a decomposition that splits into two 1s in
the other decomposition. But in 2 =1 + 1, the left hand side has ky, = 2 while the right
hand side has ¢y, = 1. Therefore, the smallest counterexample to 1is2+2=2+1+1,
which is matrices A and B from Example 5.3.19.

192



Chapter 5. Eigenvalues and eigenvectors

If one uses only 1s and 2s, one cannot write m,,(A) in two different ways using the
same number of summands. In other words, a counterexample to 2 necessarily has k, > 3.
Which, using mgeo()\) > 2, gives us malg(/\) > 4. For an explicit counterexample, one can
hence take 3 + 1 = 2 4 2, which is matrices C and D from Example 5.3.19.

For 3, one already knows that a counterexample has ky > 3. Moreover, since both
decomposition have the same c, the smallest counterexample possible is 34+3+1 = 34242,
which is matrices F and F' from Example 5.3.19. O
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[ To go further

The content of this appendix can be skipped without harm and will NOT be
in the exam. As its name suggests, it is meant for readers interested in delving
deeper into the theory of vector spaces.
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A.1. More about set theory

The formalisation of set theory and the use of infinite sets! were two major achievements
of the 20*" century mathematics. They were the tools that allowed to ground mathematics
in logic and they still are the foundations of most modern mathematics.

In what follow, we will only take a glimpse at set theory. We will neither be fully
formal nor go into the details. Good references to learn set theory are:

o Herbert B. Enderton, The Elements of Set Theory (Academic Press, 1997);
o Derek Goldrei, Classic Set Theory (Chapman & Hall/CRC 1996);

o The Open Logic Project, Set Theory, An Open Introduction (https://builds.
openlogicproject.org/courses/set-theory/)

A.1.1. A glimpse at set theory

In Section 1.1, we only saw a naive version of set theory where sets were “collection of

elements” and were not properly defined. We will present here a less naive version, even

if not totally formal. The version of set theory we present is known as (ZF) set theory:>
The main idea of (ZF) is that we have:

1. The standard symbols of logic: = (equality), — (negation), V (disjunction, “or”), A
(conjunction, “and”), => (logical implication), V (“for all” quantifier), 3 (“there
exists” quantifier), ( and ) (parentheses);

2. Variables X, Xj, ..., all of them representing “sets”;
3. A special new symbol € we need to make sense of.

Using the logic symbols and the newly added € symbol, it is possible to write down
“formulas”, as for example IXVY : =(Y € X). Not every sequence of symbol is a formula,
as for example the parentheses need to be balanced. We will not here give an explicit
definition of what is a formula. The symbol of logic satisfies the standard axioms of logic.
For example:

~(p(z) ANY(2)) = (mp(@)) V (m9(2)),

which means that if (p(z) and ¥(z)) is false, then either ¢(x) is false or ¥(z) is false (or
both), and vice-versa.

To make sense of the symbol € we need to introduce new axioms, which are formulas
containing € that we decide should be always true.

(1) Axiom of extensionality. If two sets have the same elements, they are equal.

!Notably by George Cantor (1845— 1918).

%(ZF) is named after Ernst Zermelo (1871-1953) and Abraham Fraenkel (1891-1965). There exist other
axiomatisations of set theory, as (NBG), named after John Von Neumann, Paul Isaac Bernays (1888-1977)
and Kurt Friedrich Godel (1906-1978)). (ZF) is probably the most commonly used axiomatisation of set
theory.
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(2) Axiom of the empty set. There exists a set with no elements, written @ (this is
equivalent to the existence of at least one set).

Some other axioms are straightforward and easily understood.

(3) Axiom of pairing. If X and Y are sets, then there exists a set Z containing both X
and Y as elements and no other elements (Z = {X,Y}). In particular, given X one
can construct a new set {X}, simply by taking ¥ = X in the above construction.

(4) Axiom of union. Given a set C' (think of C as a collection of sets), there is a
set U whose members are exactly the elements that belong to some set X in this
collection C. We denote this set U by | JC and call it the union of the sets in Z.
For example, if C = {X,Y,Z}, then | JC=XUY UZ.

Before writing down the next axiom, we introduce the notation ¥ C Z, meaning
VX:X eY = X € Z. When this happens, we say that Y is a subset of Z.

(5) Axiom of power set. given a set X, there exists a set P(X) whose elements are
exactly the subsets of X. P(X) is called the power set of X.

Using the above axioms, it is possible to encode integers using sets: 0 := & (the set with 0
elements), 1 := {0} = {&} (the set with exactly one element: 0), 2 := 1U{1} = {&, {&}},
3:=2U{2}, ... That is, we start with &, we apply to it the operation Y U {Y} to create
a new set, and we repeat this indifinetely.

(6) Axiom of infinity. There exists an infinite set X. Formally, there exists a set X
containing & and such that if Y € X, then Y U{Y} € X. So X contains 0, 1, 2, ....

The final few axioms are more complex. Before writing them down, observe that it is easy
todefine XNY =gasVZ:~(Ze€ XANZe€Y)orequivalentlyas -3Z2: Ze€ XANZ €Y.

(7) Axiom of regularity (or of foundation). It basically says that no set can contain
itself. Formally, if X is non-empty, then there exists Y € X such that X NY = &.

(8) Axiom schema of replacement. This essentially says that if Z is a set and f a
“function” with domain Z and such that f(X) is a set for every X € Z, then
the “image” of f is a set. (Function and image can be defined in term of logical
formula.)

We also have the following, which is in fact a consequence of the axiom schema of
replacement and of the existence of the empty set.

(9) Axiom schema of specification (or separation, or restricted comprehension). If X
is a set and ¢ is a logic formula then {Y € X | ¢(Y) is true} (the collection of all
elements of X satisfying () is a set.

Using this axiom, one can finally define X NY :={Z € X |Z € Y}. Thisis {Z € X |
©(Z) is true} for the formula p(z):=x €Y.

Using the above, one can define an ordered pair (X,Y) for example as {X,{X,Y}},
and then use this to define functions, products and so on.
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Below are the formulas for the axioms of (ZF), using the same numbering as above.
We use Y C X as a shorthand for Vz: 2 € Y = z € S. In the following formulas,
we will use lower case letters as  when we think of  as an element of some bigger
set X. But you need to remember that in (ZF), everything is a set. In particular,
an element z € X is itself a set.

(1) VXVY :Vz(z€ X <= z€Y) = (X =Y).
(2) 3XVy: =(y € X), such an X will be written & and is unique by (1).

(3) VXVY3ZVz:2€Z <= (z=XVz=Y),sucha Z is written {X,Y} and
is unique by (1). If X =Y, then Z = {X}.

) VXAUVz:2€U < (Y :Y € X Az€Y), such U is written | J X;
) VX3PVy:y € P < y C X, such P is written P(X);

6) IX: e XA (Vy:ye X = (yU{y}) € X);
)

VX: X+@ = Jylye XA (XNy=¢)), where XNy = & is a shorthand
for -dz:2€ X ANz eEy.

(8) Let ¢ be any formula in the language of (ZF) with free variables Z, y, X,
but R not free (think of ¢ as ¢ = ¢(Z,y, X) not depending on R). Then:
VX :(Vy:iyeX = NZp(Z,y,X) = IRVy(y e X <« 3Z(Z €
RA¢(Z,y,X))).

The part Vy : y € X = 317 ¢o(X,y, Z) means that for every y € X there
exists a unique Z such that ¢ is true. That is, we can think as ¢ as a
functional whose domain is X and whose codomain is the collection of all
sets. Given y € X it uniquely determines a set Z. Under this interpretation,
the set R is the “range” of . In simpler words, this axiom means that if ¢
is a “functional” with domain X, then its “range” is a set.

A similar formula holds for the general case where ¢ has free variables among
Z,y,X,wy,...,w,, but R is not free.

(9) Let ¢ be any formula in the language of (ZF) with free variables y, X, but
Z not free. Then: VX3ZVy:ye Z < ((y € X) A p(y,X)). Such a Z is
denoted {y € X | ¢(y)}.

A similar formula holds for the general case where ¢ has free variables among
y, X,wy,...,w,, but Z is not free.
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For the sake of completeness, here is a definition of formulas, or more precisely
of well-formed formulas.

o If X and Y are variables, then X = Y and X € Y are formulas (called
atomic formulas);

e If ¢ and v are formulas and X is a variable, then the following are formulas:
—p, (p A1), (¢ V), (¢ = ¥), IX¢p, and VX ¢;

e All formulas are obtained by repeated applications of the above rules.

In the constructions 3X¢ and VX, any instance of X in ¢ is said to be bound
(we sometimes says that it is a dummy variable).

We say that Y in 4 is free if it appears in ¢ and is not bound. Finally, Y is
not free in 9 if either it is bound or it does not appear at all in . Intuitively,
non-free variables are variables we can use without harm. Non-free variables are
the one we can “reuse” without creating problems. For example, in 3r : 72 = z,
the variable r is bound (and not free), x is free and y is not free. So the formula
Jy:(3Fr:r>=2)Ay =0 (oreven Ir : (Ir: 7> = 2) Ay = 0, but this is not
recommended) still depends on x, while 3z : (Ir : r2 = x) Ax = 0 does not depend
on x anymore.

A.1.2. Infinite sets: cardinality and arithmetic

First of all, what is an infinite set? By definition, a set X is finite if there exists a
bijection between X and one of the “integer” m constructed in the previous subsection.
Equivalently, a set is finite if it has m elements for some integer m. A set is infinite if it
is not finite.

A main difference between finite and infinite sets is the possibility to pick up element
inside them. More precisely, if X is a non-empty set, then there exists « in X. This is
trivial. More generally, if Y is a finite set, whose elements are non-empty sets X;, X,
-, X}, then in each X; one can pick an element z;. Sadly, the similar statement for a
general set Y cannot be proven using only the axioms of set theory from the previous
subsection. If we want to be able to simultaneously choose an element x in each element
X of a possibly infinite set Y we need to take it as an axiom. This is called the axiom of
choice.

(AC) If'Y is a set whose elements are non-empty sets, there exists a function f: ¥ — P(Y)
such that for each X € Y we have f(X) € X.

(AC) has a lot of important consequences, but also some strange ones. Most (but not
all!) mathematicians accept it as an axiom and so will we do. The main motivation for
us to accept it has an axiom, is that it is equivalent to every vector space has a basis, see
Subsection 2.4.4. If we add (AC) to the other axiom of (ZF), we obtain a theory known
as (ZFC).
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Another nice consequence of (AC) is that a set X is finite if and only if every injective
function f: X — X is bijective, if and only if every surjective function f: X — X is
bijective. That is, we have a converse to Lemma 1.2.24. This is not necessarily true
without (AC)!

We can use injections and bijections to define the cardinality of infinite sets. Indeed, if
X and Y are finite sets, then there exists a bijection X —» Y if and only if #X = #Y.
Moreover, there exists an injection X < Y if and only if #X < #Y. We can use this as
a definition and say that for two sets X and Y (possibly infinite) we have #X < #Y if
there exists an injection X < Y. One can show that if both X & Y and Y & X, then
there exists a bijection X <» Y3 Therefore, two sets X and Y have the same cardinality
if and only if there exists a bijection between them.

One can use the above to show that #IN = #Z = #Q, but #N < #R.

It is possible to do arithmetic with infinite cardinals. For example, one can define
HX +H#Y = #(XUY), #X - #Y := #(X xY) and (#X)#Y := #(XY) which works
as usual addition, multiplication and exponentation for finite sets. If we assume (AC)
arithmetic with infinite sets is very easy. Indeed, let X and Y be two sets with at least
one of them infinite, then:

#X + #Y = max{#X, #Y}
#X - #Y = max{#X, #Y}
HXHY > LY if #X > 2.

3This is called the Schréder-Bernstein Theorem, from Felix Bernstein (1878-1956) and Friedrich Wilhelm
Karl Ernst Schroder (1841-1902). Its proof does not require (AC).
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A.2. More on vector spaces: fields and cardinality

As said at the beginning of Subsection 2.2.1, the theory of vector spaces can be carried over
any field F', where heuristically a field is a set with addition, multiplication, subtraction

and division (except by 0).

In this section, we will give a formal definition of fields and see some of their elementary
properties. In a second time, we will have a glimpse at generalisation of fields and of

vector spaces.

A.2.1. Fields

As stated in Subsection 2.2.1, it is possible to define vector spaces over any field F. But

what is exactly a field?

Definition A.2.1.

A field is a set F endowed with two internal operations:

+rp: FxF —F w FxF—F
(m,y)l—)x—{-py (ll?y)'—)xFy)

satisfying the following properties (where we write + for +g and - for -g)

(
(
(
(
(
(
(
(
(

1
2
3
4
)
6
7
8
9

)
)
)
)
)
)
)
)
)

Ve,y,z€F:(z+y)+z=x+ (y+ 2); (associativity of +)
V=0 cF,VzeF:0+z=0c=2+0; (neutral element for +)
VeeF,32' €eF:x+a2' =0=12" + z; (inverse for +)
Ve,ye F:ax+y=y+uz; (commutativity of +)
Ve,y,z€F:(z-y)-z=z-(y-2); (associativity of -
AN=1geF,VeeF:1l.z=c=x-1; (neutral element for -
Ve#0eF,3zeF:2-2=1=2"x; (inverse for -
Ve,yeF:zx-y=y- x; (commutativity of -

)
)
)
)
)

Ve,y,z€F:z-(y+2)=z-y+z-2 9) (left distributivity

We usually write —z for the additive inverse (z’ from (4)) and z~! for the
multiplicative inverse (Z from (7)).

As seen in Subsection 2.2.1, Q, R and C are examples of fields. But they are not the
only ones. For example, Q[i] := {a + bi|a,b € Q} C C is also a field. There even exist

finite fields!

For every prime number p, there exists a unique field F, with p elements. This field,
also written Z/pZ, is the field of integers modulo p. That is, we take Z and identify m
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and n if they have the same rest for the Euclidean division by p. For example, if p = 3,
then 7 and 31 are identified because 7 =2-3 4+ 1 and 31 = 10 -3 + 1. In particular,
any integer can uniquely be identified to an element of {0,...,p — 1}. Addition and
multiplication are defined in a natural way. For example, for a, b in {0,...,p—1}, a +F, b
is the unique integer ¢ € {0,...,p — 1} with a + b = mp + ¢ for some m € Z.

While the above process defines an addition and a multiplication Z/nZ = {0, ...,n —1}
for any non-zero integer n, this is not a field if n is not prime. Indeed, if n = pq with p
and ¢ not equal to 1, then pg =n = 0 in Z/nZ, but neither p nor ¢ is 0 in Z/nZ. This
implies that p has no multiplicative inverse in Z/nZ.

Example A.2.2. The field F, with 2 elements (useful in computer science) is defined by
({0,1},+, ), where the addition and multiplication table are given by

+ 10 1 - 10
00 1 0|0
111 0 1]0

[l

So, 14+ 1 =0 and hence —1 = 1.

More generally, for every prime number p and positive integer r, there exists a unique
field E,» with p" elements. Moreover, any finite field is of this form. However, if r > 2,
then F,, is not of the form Z/p"Z!

A.2.2. Vector spaces beyond fields

A careful exam of what we have seen in Chapter 2 shows that we never used the assumption
that the multiplication in F is commutative. Therefore, all the results we have seen
remain true for vector spaces over “non-commutative fields”. Such non-commutative
fields are called division rings. Formally, a division ring is a set D with two internal
operations + and - satisfying axioms (1) to (7) of Definition A.2.1, as well as axiom (9)
(left distributivity) and

(10) Vz,y,2€F: (x+py) p2=Tp2+p ¥y F 2 (right distributivity)

One important result in the theory of division rings is that any finite division ring is
necessarily commutative and therefore a field. Another important result, is the Frobenius
theorem, see the To go further box on page 20. The full statement of Frobenius Theorem
says that it is possible to define a multiplication on R™ that extends scalar multiplication
and turns (R™, +, ) into a division algebra if and only if n € {1,2,4}. In each case, there
exists a unique such multiplication. The case n = 1 is the usual real numbers. For n = 2
we simply recover the complex numbers. Finally, for n = 4 we obtain the quaternions
H.* Quaternions are defined similarly to C, by H := {a + bi + ¢j + dk | a,b,c,d € R}
where i, j, k are symbols not in R satisfying: i? = j? = k? = —1 and ij = k, jk =i, ki = j,
ji = —k, kj = —i and ik = —j.

“H is in honour of William Rowan Hamilton (1805-1865).
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[ To go further L

If we replace R by C, we obtain the Gelfand—Mazur Theorem:? it is possible
to define a multiplication on C™ that extends scalar multiplication and turns
(C™,+,-) into a division algebra if and only if n = 1.

“Israel Moiseevich Gelfand (1913-2009) and Stanistaw Mieczystaw Mazur (1905-1981).

All results of Chapter 2 are true for vector spaces over general division rings. Most
results of Chapter 3 on linear maps are also true, but extra care needs to be taken for the
matrix representation of linear maps developed in Subsection 3.2.2. However, neither the
eigentheory from Chapter 5 nor the determinant map can be extended to the generality
of division rings.

For more on vector spaces on division rings, see

o Gertrude Ehrlich, Fundamental Concepts of Abstract Algebra (Dover Publications,
2013);

o Nathan Jacobson, Lectures in Abstract Algebra, II. Linear Algebra (Springer, 1953).

Finally, if you take an advanced course in abstract algebra, you might learn about
rings and modules. Rings are “division rings without division”. Formally, a ring is a set
A with two operations + and - satisfying axioms (1) to (6) of Definition A.2.1, as well as
the left and right distributivity of - over 4+ (axioms (9) and (10)). For example, (Z,+, -)
and (Z/nZ,+,-) are rings. If in the definition of a vector space (Definition 2.2.4) we
replace the field F by a ring A, we obtain what is called a module over A. The theory of
modules is far more complex than the theory of vector spaces and most results we have
seen are not true anymore in this generality. For example, not every module has a basis.

A.2.3. Cardinality of a vector space

When we study vector spaces, the base field F usually does not vary. The correct notion
of the “size” of V is hence its dimension over F. It is however possible to compute the
cardinality of V from its dimension and the cardinality of F by the following formula.

1 if V= {0},
#V = { #FIm(V) if both F and dim(V') are finite,
max(dim(V'), #F) otherwise.

Let us prove this statement. If dim(V) is finite, it follows from the forthcoming
Corollary 3.1.49 that V = Fdm(V) hag #Fdm(V) glements. This formula is true regardless
of the cardinality of F. In particular, if dim(V) is finite and F is infinite, then V has
#FI0(V) — LF = max(dim(V), #F) elements.

Let us now suppose that both dim(V) and #F are infinite. Let & be a basis of
V. Since B C V we have #V > #% = dim(V). Since V # {0}, it has at least one
element v # 0 and thus F — V_ A i Av is an injection. This shows that #V > #F.
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It thus remains to show that #V < max(dim(V'),#F). For a set S, write Py, (S) for
the set of its finite subsets. It is standard cardinal arithmetic that if S is infinite, then
#Ps (S) = #S. The injection

V — P (F x B)
k
V= ZA]UJ — {(>\1,U1), sery ()‘kavk)}
j=1

implies that #V < #Pg,(F x B) = #(F x B) = max(#F, #B) since both #F and
#9P are infinite.
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A.3. Infinite matrices

We have seen in Section 3.2 that if V and W are vector spaces of dimension m and n we
have L(V,W) =2 F™™. Can we have a similar statement for infinite dimensional vector
spaces? While we can do it to some extent, this approach has serious limits as we will
see.

A.3.1. Countably infinite matrices

Let us first try to understand countably infinite matrices. It is possible to naturally define
countably infinite vectors FRo:l o FN where R, = |N| is the cardinality of the set of
natural numbers However, we have seen that if V' is a vector space with dim(V') = |N| we
have V = FN) where FN) is the subspace of FN consisting of vectors with only finitely
many non-zero coordinates. We will see that something similar happens for matrices.
For any integer n, one naturally defines FXo'™ as the set of X, x n matrices. That

is, an element of FXo:™ is of the form [a; ;] 1<i, with all the @, ; in F. One similarly
1<j<n

define F™®o and FRXo:Ro. All these sets are vector spaces, where addition and scalar
multiplication are done coordinate-wise.

In FRo-®o we have a special matrix; the identity matrix IdN0 which has 1s on the
diagonal and 0Os everywhere else.

We will see in a moment that FRo-Ro is too big for what we want to do. It is therefore
tempting to look at the subspace FRo-Ro) of matrices with only finitely many non-zero
coordinates. However this subspace is too small for our purpose. Indeed, it does not
contain Idy .

As we have seen, it is possible to define arbitrary matrices A = [a; ;] in F¥o. However,
we would like them to satisfy some interesting properties. We will see that this will force
us to restrict our attention to a subspace of FXo:™. Ideally, multiplying on the left by it
should be a linear map from F” to F(N). One easily checks that multiplication on the
left by A induces a linear map in £(F", FN). Now, let ey, ..., e,, be the standard basis of
F7. Then for a fixed 1 < k < n, the image Aej, = [a; ;];<; s in F™N) if and only if all
but finitely many of the a; , are 0. So left multiplication by A is in L(F", FMN) if and
only if each column of A has only finitely many non-zero elements. (This is equivalent to
all but finitely many rows of A are 0.)

Observe that for any matrix A in F™o, left multiplication by it on the left is a linear
map from F™) to F?,

Finally, for A in FRo:Ro multiplying on the left by it is a linear map from F(N) to FN.
Its image is inside F(™) if and only if each column of A has only finitely many non-zero
elements.

In view of the above, for m,n € N U {X;} define Mat%ﬁiﬁl (F) to be the subset of F™"
of all matrices such that each column has finitely many non-zero elements. This is a
subspace of F™"™. Moreover, we have (F"™"), C Matfgf}l(F) C F™", where (F™"), is
the subspace of matrices with finitely many non-zero entries. The first inclusion is an
equality if and only if n is finite, while the second inclusion is an equality if and only if
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m is finite. One can check that for m,n,l € N U {X}, if A is in Mat;fbiﬁb(F) and B in
Mati(F), then AB is well-defined (because columns of B have finitely many non-zero

n,l
elements) and in Matfg,%(F) (because columns of A and B have finitely many non-zero
elements).

Given two vector spaces V and W of respective dimension m and n in N U {R,}
and respective basis & and C one can define a function [-]S: L(V, W) — Matﬁgz (F)
similarly to what was done for the finite dimensional case. That is, the j* column of
[T]S is given by the coefficients in T'(v;) = a; jw; + -+ + ay, jwy. The trick here is that
any vector w € W can be expressed as a finite combination of elements of C. This
ensures that columns of [T]$ have finitely many non-zero elements. One then verifies
that [-]S is an isomorphism of vector spaces.

The verification of the rest of the statements of Section 3.2 is left to the curious reader.

,.[ Remark A.3.1. ]

In view of the above, one can think that linear maps between vector spaces
of countably infinite dimension behave as well as linear maps between finite
dimensional vector spaces. Indeed, in both cases the matrix representation map
[1S: L(V, W) — Matfnﬁ’nn(F) is an isomorphism.

One of the main advantage of the matrix representation in the finite dimensional
case is that Matﬁnﬁf’n (F) = F™™ is a particularly nice space and that we have many
tools to study it. For example one can compute the determinant and the trace of a
finite matrix. Such tools are not anymore available (at least not straightforwardly)
for infinite matrices. This makes the matrix-representation less useful.

Finally, if at most one of m or n is infinite, the space Mat‘;,fbif;(F) is infinite
dimensional. This implies that one cannot hope for “easy” computations on a
computer.

\. J

A.3.2. Uncountably infinite matrices

We have seen how to extend the matrix representation to vector space whose dimension
is countably infinite. Is it possible to generalise this more and treat the case of arbitrary
vector space? We will see that, in some sense, this can indeed be done.

Let x; and k4 be cardinals. If at least one of them is uncountable, then it is not
anymore possible to define matrices as we did for countable cardinals. So we need to do
something similar to what we did to define F¥ for an uncountable S.

For m,n € N we defined a m x n matrix A = [a, ;] as a two dimensional table. One
can alternatively see A as a function A: {1,...,m} x {1,...,n} — F where A(i, j) = a, ;.
It is therefore possible to define F*1:%2 := F*1**2 for arbitrary cardinals. This is a space
of functions, and hence a vector space. If k; = ko, the “identity matrix” is the Kronecker

delta function:
1 ifa=p
6(a, B) =
(2, 8) {O otherwise

with domain k; X Ky and codomain F.
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We then define Matfi%z(F) as the subset of F*1:"2 of all functions A such that for
any 3 € kg, only finitely many of the A(«, 3) are non-zero. It then remains to check that
Matfff@ is a subspace of Fr1:r2,

For A € Matzfir,‘,{z (F)and B € Matc,f;?ns (F), we define their product AB as the function
C € Fr1:"3 defined by C(a, 8) = Zve A(a,v)B(v, ). While this is an infinite sum,
)

only finitely many of the terms are non-zero since B is in Mat,c_f:?ms (F), so the product

AB is well-defined. One can also check that AB belongs to Mattfifir”,,€3 (F) and that this is
the standard matrix product if K, ko and k5 are finite.
Finally, for any V and W with given bases & and & one can define [-]Z: L(V, W) —

MatSin W), dim(V)(F) and verify that it satisfies the desired properties.

dim

Remark A.3.2. ]

Once again, in this general situation it is not easy to do computations in the space

Matc,,fﬁ’,,€2 (F). Many of the standard tools for matrix are not anymore available. It

is therefore more indicated to see Matffinﬂz
;

tool.

(F) as a curiosity than as a fundamental
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A.4. Inner product spaces beyond R and C

The theory of inner product spaces can be generalised to some fields, but not to all. We
will first explain how to generalise the real case and then explain how to generalise the
complex case.

A.4.1. Ordered fields

A key point in the definition of inner product is that we ask it to have value in R. In
order to generalise inner products to a field F we need to have a meaningful notion of
A>0in F.

Definition A.4.1.
An ordered field is a 4-tuple (F,+, -, <) such that:

(1) (F,+,-) is a field;

(2) < is a total order on F: for every z, y and z in F
(i) z < =,
(ii) If both z < y and y

) < z, then = < z,
(iii) If both z < y and y
)

<
< z, then x = y,

(iv) z<yory<y;

(3) The order < is compatible with the fields operations: for every z, y and z
in F
(i) fz <ythen z+ 2 < y+ 2,
<

(ii) If both 0 < z and 0 < y, then 0 < = - y.

For example, both R and Q are ordered fields (with the standard order). It is possible
to show that C cannot be turned in an ordered field (that is, for any total order < we
put on it, (C, <) is not an ordered field). Similarly, finite fields are never ordered fields.

If F,< is an ordered field and V is an F-vector space, then one can mimic Defini-
tion 4.1.11 to define inner products on V. Every statement about real inner products that
do not use the norm generalise to this context, with the exception of Subsection 4.2.3. In
particular, any statement that use only the square of the norm |v]|? = (v, v) is still true.

To be able to define a norm on V', we need F to contain all \/(v,v), so F = Q won’t
work. But if V' is an inner product space over (F,<) and F contains {y/z | z € F,,},
then it is possible to define the norm by |v| = 1/(v,v). In this case, all statements of this
chapter about real inner product spaces, with the exception of Subsection 4.2.3, remain
true for F-inner product spaces.

As an example, we can look at the field A C R of algebraic numbers: a real number
r is in A if and only if there exists a polynomial p with integer coefficients such that
p(r) = 0. Then A is an ordered field (wit the usual order), A # R (it does not contains
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w) and for every a > 0 in A, its square-root /a is still in A. It is therefore possible to
define inner product spaces over A and also to define the norm of vectors in such spaces.

A.4.2. *-Fields

As we have seen, C cannot be turned into an ordered field. We were however able to
define complex inner product spaces using the complex conjugation. It is possible to
generalise this to Q[i] := {p + ¢i | p, ¢ € Q} but also to a broader context.

Definition A.4.2.
A *-field is a field F together with a map *: F — F such that for all x and y in F:

(1) (241 ="+
(2) (ay)* = ya*;

(3) 1* =1,

(4) (@) =«

Suppose that F is a *-field and contains ordered subfield E such that z* = z for all
z € E. Then for every F-vector space V it is possible to define inner products over V in
a similar fashion as we did for complex vector spaces in Definition 4.1.11. That is, we
ask (v,v) € Ey for all v € V. In this general context, every statement about complex
inner products remains true for F inner products.

Once again, to be able to define a norm on V| we need F to contain all 1/(v,v). But if
V is an inner product space over F and E contains {\/z |z € E5(}, then it is possible
to define the norm by |v| = 1/ (v,v). In this case, all statements of this chapter about
complex inner product spaces remain true for F-inner product spaces.

As we have seen, the theory of inner product spaces can be generalised to fields other
than R and C. However, for a general ordered field F' spaces of functions might be really
strange and difficult to understand. This is why we usually stick to F = R or C.

XV



Appendix A. To go further

A.5. Eigen-theory beyond C

In Chapter 4, we saw many results that were true only for complex vector spaces, but
not for real vector spaces. All these results use that F = C only to guarantee that any
operator on a complex vector space has at least one eigenvalue (Theorem 5.1.13). But
this only relies on the fact that all polynomials with complex coefficients have a root
in C. Therefore, all results of this chapter remain true for fields F satisfying a similar
criterion.

A.5.1. Algebraically closed fields

In the proof of Theorem 5.1.13, we only used F = C to ensure that any polynomial in
P(F) of degree at least 1 has at least 1 root in F. This is true for C (and is sometimes
called the fundamental theorem of algebra), but not true for R (think of p(z) = 22 + 1).
If a field F satisfies “the fundamental theorem of algebra”, then Theorem 5.1.13 and all
its consequences will also be true for F.

Definition A.5.1.

A field F is algebraically closed fields if any polynomial p € P(F) has at least
one root in F.

For example, C is algebraically closed, but R is not. For another example of alge-
braically closed fields, start with Q and add all complex _numbers thaﬁ are roots of
polynomials with rational coefficients to obtain a new field Q with Q C Q C C. So

Q={z€C|3peP(Q):p(z) =0}.

This new field Q contains v/2 (root of 22 — 2), i (root of 22 + 1), but does not contains
w. The field Q does not only contain all roots of polynomials with coefficients in Q, one
can shows that it also also contains roots of polynomials with coefficients in Q and that
it is algebraically closed.

The main result of the theory of algebraically closed field is that for any field F, there
exists a smallest algebraically closed field K containing F. Such a field is called the
algebraic closure of F and written F. So a field is algebraically closed if and only if
F=F.

If F is algebraically closed, then all results of Chapter 5 that were stated for C remain
true for F.

Proposition A.5.2 (Theorems 5.1.13 and 5.1.48, Corollary 5.1.15, Proposition 5.1.51).
Let F be an algebraically closed field, let V' be an F-vector space and let T € L(V') be an
operator. Then:

1. If V # {0}, then T has at least one eigenvalue;

2. If dim(V') > 2, then T has an invariant subspace that is neither {0} nor V;
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3. If dim(V) is finite, there exists a basis of V consisting of generalised eigenvectors
of T;
4. If 0 is the only eigenvalue of T, then T is nilpotent.

Proposition A.5.3 (Propositions 5.1.38 and 5.1.51 and Corollary 5.2.14). Let F be an
algebraically closed field, let V' + {0} be a non-trivial finite dimensional F-vector space
and let T € L(V) be an operator. Then the following are equivalent:

1. T is nilpotent,
II. 0 is the only eigenvalue of T;
III xp(t) = tdmV),

Proposition A.5.4 (Proposition 5.1.53, Lemma 5.1.55, and Corollary 5.3.13). Let F
be an algebraically closed field, let V # {0} be a non-trivial finite dimensional F-vector
space, and let T € L(V) be an operator. Then the following are equivalent;

1. T is diagonalisable;
II. EO\T) = G\T) for all A € F;

HI mye, (A, T) = my (A, T).

geo(
IV. Mp(t) = (t — Ay) - (¢ — X\;) where Ay, ..., \; are the distinct eigenvalues of T'.

'_[ Theorem A.5.5 (Theorem 5.1.49 and Proposition 5.2.18). I

J 3

Let F be an algebraically closed field, let V' be a finite dimensional F-vector space,
and let T € L(V) be an operator. Let Ay, ..., \; be the distinct eigenvalues of T.
Then

1. Each of the G(\;,T) is a T-invariant subspace;
2. V=G, T)® &G\, T);

8. The operator T; := (T — \; IdV)|G(>\ T is a nilpotent operator on G(A\;,T);

J

4' XT(t) — ()\1 — t)malg(Al) ee ()\k — t)malg()‘k).

. J

Proposition 5.1.56 (there exists a basis 98 such that [T']% is diagonal by block) remains
true for algebraically closed fields F, this is mostly an intermediate result.

Proposition A.5.6 (Lemma 5.3.14 and Corollary 5.3.15). Let F be an algebraically
closed field. Then

1. For every square matrix A € F™™ there exists an invertible matrix P € F™™
such that P~YAP is the Jordan form of A;

2. Two square matrices A, B € F™™ are similar if and only if they have the same
Jordan form.

XVII



Appendix A. To go further

A.5.2. Cayley—Hamilton Theorem for arbitrary fields

In this short subsection, we will finish the proof of the Cayley—-Hamilton Theorem for an
arbitrary field. Actually, the Cayley—Hamilton remains true for matrices over commutative
rings (R, +,—,+,0,1), which are “fields without division”, see Appendix A.2.2.

Theorem A.5.7 (Cayley-Hamilton Theorem for operators). ]

J

Let V be a finite dimensional vector space and let T € L(V). Then x1(T) = Ozy)-

Proof. The original proof of Theorem 5.2.19 given page 172 works for all algebraically
closed fields F.

Now, if F is an arbitrary field, then it is contained in its algebraic closure F and the
matrix trick for R C C in the original proof of Theorem 5.2.19 still works for F C F. O

Theorem A.5.8 (Cayley-Hamilton Theorem for matrices). |

J

Let R be a commutative ring and let A € R™™ be a square matriz with coefficients
in R. Then x 4(A) = 0,,x,, s the zero matriz.

m

Proof. Since R (think Z) is a commutative ring, then it is a subring of its field of fractions
F = Frac(R) (think Z C Q). This field is itself contained in its algebraic closure Frac(R)
(think Z C Q C Q). So every square matrix A with coefficients in R is a matrix with

coefficients in Frac(R) and therefore satisfies x 4(A) = 0. O

[ To go further

The Cayley—Hamilton Theorem also works for the quaternion division ring H, see
Appendix A.2.2, which is a non-commutative division ring. It is however false for
general division rings.

A.6. Alternative proof of the existence of Jordan form

We conclude this appendix with a “short” abstract proof that every nilpotent operator
admits a Jordan normal form (Lemma 5.3.7). While this proof is totally correct, it is
not the most useful one when it comes to actually find a Jordan basis. The main idea is
similar to the proof on page 181, but this time we use induction.

Alternative proof of Lemma 5.5.7. The proof is done by induction on m = dim(V). If
m = 1, the only nilpotent operator is the zero operator, which has matrix representation
[T]% = [0] in any basis, so we are done.

Now, suppose that m > 2 and that the theorem has been proven for every vector
space of dimension strictly smaller than m. If T is the zero operator, then its matrix
representation is a 0 matrix in any basis, and hence a Jordan form. So one can suppose
that 7' # 0. Our aim is to find a direct sum decomposition V' = U @& W such that both U
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and W are of dimension strictly less than V and T-invariant. Indeed, in this case one can
apply the induction hypothesis to U and obtain a Jordan basis %, for T|U. One also
obtain a Jordan basis By for T'| . Altogether, # = By U By is a basis of V' in which

T]2 is diagonal by blocks (this follows from the T-invariance), with blocks [T U and
% U By
% .
T v 0

In particular, [T]Z is a Jordan form for 7' and B is a Jordan basis.

We first describe U. Let k be the smallest integer such that 7% = 0. Therefore, we
have
{0} C ker(T) C ker(T?) € - C ker(T* 1) C ker(T*) =V,

Then there exists u;, € V but not in ker(T*~1). For such an wu, u,_; = Tuy is in
ker(T%~1) but not in ker(7%~2) and so on, until we have u; = T* 1u € ker(T) but
uy # 0. In particular, the list ug,u;_q,...,u; is linearly independent by Exercise 3.2.35.
Let U := span(uy,us_q,...,u;). This is a k-dimensional subspace of V' with basis
By = (uq,...,u). We have Tu; = u;_; for j € {2,...,k} and Tuy = 0. This implies
both that U is T-invariant and that [T|U]§Z is a single Jordan block of eigenvalue 0 and
size k. If U =V, then %;; is a Jordan basis of V' and we are done. Thus we can assume
that U # V is of dimension strictly less than m. Moreover, U # 0, so any direct sum
complement W will have dimension strictly less than m.

All that remind to do is to find a direct sum complement W C V of U, which is also
T-invariant. Let X = span(u;) and let Y be any direct sum complement: X &Y = V.
(For example, one can take ¥ = X L if V is an inner product space). So we have a
map P: V — F defined by P(Auqy,y) := A. (P is the projection onto X followed by the
isomorphism X = F.) One can hence define a map S: V — F* by

Sv = (P(v), P(Tv), ..., P(T*1v)).

Finally, we let W := ker(S) C V. We want to prove that W is T-invariant and a direct
sum complement of U. So let w € W and look at Tw. Then

S(Tw) = (P(Tw), P(T?w), ..., P(T*1w), P(T*w)).

Since w is in ker(S) we have P(Tw) = P(T?w) = ... = P(T* 'w) = 0), while T* = 0
implies TFw = 0. Altogether, S(Tw) = (0, ...,0), which proves that Tw is still in
W = ker(S). So we have just proven the T-invariance of W. Now, let u € U. Then
u = Aty + - Aguy. Therefore, Su = (A1, Ag, ..., Ag). If u # 0, then at least one of the A;
is non zero and therefore Su # 0. We conclude UNW = {0}. Therefore, the sum U+ W is
direct. Finally, by the rank-nullity theorem we have dim(W) = dim(ker(S)) = dim(V) —
dim(Im(S)) > m — k. But then, dim(U & W) = dim(U) + dim(W) > k+m — k = m,
which implies U @ W = V.

The proof of unicity is similar as what we did in the other proof. O

XIX



	Foreword
	Contents
	Symbols
	Reminders about sets and functions
	Sets
	Functions

	Vector spaces
	First examples
	Rⁿ as a vector space
	Getting complex: Cⁿ

	Definition and first properties
	Abstract vector spaces
	General properties of vector spaces

	Subspaces and operations on them
	Subspaces of a vector space
	Sums of subspaces
	Intersection of subspaces
	Quotient spaces

	Span, linear independence and bases
	Linear combinations and span
	Linear independence
	Bases
	Finite dimensional vector spaces
	Sums of subspaces and dimension


	Linear maps
	Linear maps, kernels and images
	Definition and first properties
	Image and surjectivity
	Kernel and injectivity
	Rank-nullity theorem
	Application to linear systems
	Isomorphisms of vector spaces

	Matrices
	The vector space of matrices
	Matrix representation of linear maps
	Matrix product as composition of linear maps
	More on matrix representation
	Change of basis

	Projections
	Projections: definition and first properties
	Left/right inverses and projections


	Inner product spaces
	Inner products and norms
	Dot product in Rᵐ
	Dot product in Cᵐ
	Inner product spaces

	Orthogonality and its consequences
	Orthogonality
	Cauchy–Schwarz inequality
	Angles in inner product spaces over the reals
	Classical geometry results in inner product spaces

	Orthonormal bases
	Orthonormality
	Orthogonal projections
	The Gram–Schmidt procedure

	Orthogonality, matrices and minimisations problems
	Conjugate transpose matrices
	QR decomposition
	Minimisation problems


	Eigenvalues and eigenvectors
	Eigen-theory
	Invariant subspaces
	Eigenvalues and eigenvectors
	Diagonalizability
	Nilpotent operators
	Generalised eigenvectors

	Characteristic and minimal polynomials
	Characteristic polynomial for matrices
	Characteristic polynomial for operators
	Minimal polynomial
	A word about matrices

	Jordan normal form
	Existence of the Jordan normal form
	Computation of the Jordan normal form


	Index
	To go further
	More about set theory
	A glimpse at set theory
	Infinite sets: cardinality and arithmetic

	More on vector spaces: fields and cardinality
	Fields
	Vector spaces beyond fields
	Cardinality of a vector space

	Infinite matrices
	Countably infinite matrices
	Uncountably infinite matrices

	Inner product spaces beyond R and C
	Ordered fields
	*-Fields

	Eigen-theory beyond C
	Algebraically closed fields
	Cayley–Hamilton Theorem for arbitrary fields

	Alternative proof of the existence of Jordan form


