Notes on Linear Algebra and Functional Analysis

Bassam Bamieh

Department of Mechanical Engineering
University of California at Santa Barbara

(Version: July 19, 2024) (© 2024, Bassam Bamieh



DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



Contents

Notation

1

Vector Spaces and Linear Operators
1.1 R"™ and Abstract Vector Spaces . . . . . . . . . . .. ... ...
1.2 Linear Operators . . . . . . . . . . . .
1.3 Bases and Dimension . . . . . . . .. .. . Lo
1.4 Subspaces, Direct Sums and Quotients . . . . . . . . . ... ... ... .. ..
1.4.1 Cosets and Quotient Spaces . . . . . . . . .. ...
1.5 Image/Null Subspaces and Linear Equations Solvability . . . . ... ... ..
1.5.1 The General Rank-Nullity Theorem . . . .. ... ... .. ... ...
1.6 Bases Representations and Change of Bases . . . . . ... ... ... .....
1.6.1 Matrix Representations of Linear Operators . . . . . . ... ... ...

Norm and Inner Product Spaces
2.1 Metric Spaces . . . . .o e
2.2 Normed Vector Spaces . . . . . . . . . o o it
2.2.1 Finite Dimensional Examples . . . . . . . ... ... ... .......
2.2.2  Function Space Examples . . . . . . .. ... ... ... ... ...,
2.3 Inner Product Spaces. . . . . . . . . ...
2.3.1 The Norm Induced by an Inner Product . . . . . .. ... .. .. ...
2.3.2  Other Inner Products in R™ . . . . . ... ... ... ... .......
2.3.3 The Parallelogram Law and the Polarization Identity . . . . . . . . ..
2.A Convexity . . . . . . o
2.B Norms Induced by Convex Sets . . . . . . ... ... ... ... ... ..
2.C Equivalence of Norms in Finite Dimensions . . . . . .. .. ... .. .. ...

Completeness and Continuity: Banach and Hilbert Spaces
3.1 Convergence and Topology . . . . . . . . . .. .. .
3.2 Banach and Hilbert Spaces . . . . . ... .. ... ... ... ... ......
3.3 Bases ... e e
3.4 Quotient Spaces and Minimum Distance Problems . . . . . .. ... ... ..
3.4.1 The Projection Theorem in Hilbert Space . . . . . .. ... .. ....
3.5 Continuity and Induced Norms of Linear Mappings . . . . . . . . .. ... ..
3.6 Spaces of Linear Operators . . . . . . . . . ... ..
3.6.1 The Space L(V,W) of Bounded Operators . . . ... ... .......
3.6.2  Submultiplicativity . . . . .. ..o L
3.6.3 The Algebra of Bounded Operators. . . . . .. ... ... .. .....
3.6.4 Densely-Defined Operators . . . . . .. ... ... ... .. ......
3.A Completion using Cauchy Sequences . . . . . .. .. ... ... ... .....

10
16
19
23
28
29
33
35
38

43
44
45
48
49
52
o4
55
56
98
60
63



ii CONTENTS

4 Duality and Adjoints 109
4.1 Dual Vectors: The Dual Space . . . . . . ... .. .. ... ... ... ... 111
4.2 Duality and Orthogonality . . . . . . . .. .. ... oL 117
4.3 Construction of Linear Functionals . . . . . ... ... ... ... ... .... 121
4.4 Dual Operators: The Adjoint . . . . . . . ... . ... ... ... 126
4.5 The Four Fundamental Subspaces . . . . . . . . . . .. ... ... ....... 133
4.6 Geometric Interpretations of Adjoints . . . . . . .. ... L. 139
4.A Riesz Lemma . . . . . . . .. 141

5 Eigenvectors, Invariant Subspaces and the Spectrum 145
5.1 Invariant Subspaces and Eigenvectors . . . . . ... ... ... oL 146
5.2 The Spectrum of an Operator . . . . . . . . .. ... ... ... ..., 150

5.2.1 Bounded Operators . . . . . . ... . ... 151
5.2.2  The Components of the Spectrum . . . . . .. ... ... ... .... 152
5.2.3 Adjoint Relations and the Residual Spectrum . . . . . ... ... ... 158
5.3 The Resolvent and the Pseudospectrum . . . . . ... ... ... ....... 159
5.A  Analyticity of the Resolvent . . . . . . . . . ... ... ... . . 163

6 The Kernel Representation of Linear Operators 169
6.1 Motivation: Kernels as Continuum Matrices . . . . . . . . . .. ... ... .. 169
6.2 Basic Properties: Compositions and Adjoints . . . . . . .. .. .. ... ... 173
6.3 Boundedness and Operator Norms . . . . . .. ... ... ... ... ..... 176

6.3.1 LP-induced Norms . . . . .. . .. .. .. 177
6.3.2 The Trace and the Hilbert-Schmidt Norm . . . . . ... ... ... .. 179

7 Matrix/Operator Partitions 185

7.1 Block LU, UL, and LDU Decompositions: Schur Complements . . . . .. .. 190
7.1.1 Corollaries of Block-Decompositions . . . . .. .. ... ... ..... 193
7.2 Block Similarity Transformations: Sylvester and Riccati Equations . . . . . . 199

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



CONTENTS 1

>k 3k ok k ok ok ok sk ok ok ok okok ok ok ok sk ok ok ok sk sk skok ok sk sk sk ok sk sk skok sk ok ok sk ok skok skok skok ok ok sk skook sk sk skok sk ok skosk sk skosk skok skok skokoskokoskoskoskoskokskokskok

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



2 CONTENTS

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



Preface

These notes are a summary of topics in linear algebra and functional analysis that are
relevant to problems in Signals, Systems, and Controls. The term Linear Algebra is used in
an expansive sense. The concepts behind vectors and matrices are generalizable to abstract
vector spaces and linear operators on them. This is the subject of Functional Analysis,
an incredibly useful and powerful mathematical tool in Systems and Controls. It is the
study of the algebraic and geometric properties of abstract vector spaces, and mappings
between them. In standard Euclidean space, vectors can be added, scaled, and their lengths
and angles between them quantified with analytic geometry. Matrices can be interpreted
as linear transformations of Euclidean space, and this geometric interpretation of matrix
operations yields helpful intuition. It is this geometric view of linear algebra that generalizes
naturally to abstract vector spaces and provides a powerful tool in Engineering and Science.

In Systems and Controls, the basic objects to study are the signals, and the systems
that operate on signals to produce other signals. Signals can be viewed as “vectors” in
abstract vector spaces, which are generalizations of the well known Euclidean space. Signals
can be added or scaled in a similar manner as standard vectors. The “size” of a signal
can be quantified using norms in a similar manner to lengths of vectors, and notions of
orthogonality and angles between signals are also generalizable from the analogous notions
on ordinary vectors. In this way, the formalism of abstract vector spaces provides a powerful
framework for manipulating signals, and defining an underlying geometry of signals in the
same manner as vectors in analytic geometry. Figure la illustrates a particular case where
a (periodic) signal u can be viewed as the sum of two “mutually orthogonal” signals e;
and e;. The reader may already be familiar with this concept in the context of Fourier
series, but the idea of treating signals as vectors in an abstract vector space has much wider
applications.

Systems can be viewed as mappings between signal vector spaces. Systems that preserve
the linear vector space structure as they map signals (i.e. satisfy the superposition property)
are called linear systems. They can be thought of as generalizations of matrices to the
concept of a linear operator on an abstract vector space. Figure 1b illustrates this point
of view. Many concepts in matrix analysis, such as range and null spaces, eigenvalues and
eigenvectors, diagonalization, and singular values can be defined for linear operators on
abstract vector spaces. For example, transform analysis such as Fourier, Laplace or the
z-transform can be thought of as various forms of “diagonalizations” of the input-output
system as a linear operator on properly defined vector spaces.

The emphasis in these notes is primarily on the geometric view of linear algebra discussed
above, and its generalizations to function spaces using the notions of abstract vector spaces.
The approach emphasizes the algebraic aspects of the subject while only dealing with anal-
ysis and convergence issues as needed. The reason for this is twofold. First, the algebraic
aspects are the most easily generalized from the finite to the infinite vector space setting
with a minimal amount of abstraction. The second reason is that the algebraic treatment
is mostly constructive, and thus translates easily to computational algorithms. While these
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(a) u(t) = e1(t) + ea(t) for each t above. (b) A system G maps input signals u to output signals
Thus v = e + ez as elements of a signal y. Thus G : V — W is a mapping between signal vector
vector space V where addition is defined spacesV and W. Here G amplifies the magnitude (and alters
pointwise. Here, e; and ez are depicted as direction) of the input signal as measured by the lengths of
mutually orthogonal in the geometry of V. the vectors u and y in their respective spaces.

Figure 1: (a) Signals can be viewed as elements of an abstract vector space where the addition of two
signals is defined pointwise (i.e. at each time). (b) Systems map signals to signals, and they can therefore
be viewed as mappings between vector spaces.

notes do not emphasize computational issues, considerations of computational algorithms
often lead to more enlightening ways of thinking about the abstract mathematical concepts.

The first three chapters cover the basic fundamentals of linear algebra and functional
analysis. The style is to emphasize as much as possible the commonalities between the finite
and infinite-dimensional settings. The first chapter deals largely with the purely algebraic
aspects of the theory of vector spaces including the concepts of null and image subspaces as
well as isomorphisms. The second chapter introduces basic geometric notions of norms and
inner products, i.e. measures of distances and angles in vector spaces. The third chapter
covers the basic topological concepts of convergence and completeness, i.e. the analysis
aspects of the subject. It is here that we begin to see differences between the finite and
infinite-dimensional settings, but again an attempt is made to put those differences in a
context where they are not as wide as they might initially seem. Some mathematicians take
the view [1, 4, 2] that at a very basic level, mathematics can be broadly divided into three
branches, namely algebra, geometry and analysis. In this sense the first three chapters are
largely organized around these three loose grouping of concepts and techniques.

Another way to think about the organization of the first three chapters is that of over-
laying new structures on top of existing ones, like a construction project. The vector space
structures of addition, scaling and compatible (i.e. linear) operations is the most basic.
On top of that one lays norms and inner products, these are additional structures, but to
overlay them, one demands a certain compatibility with the vector space structure. The
compatibility is captured by the translation invariance and scaling equivariance of norms.
Finally, the third chapter overlays the topology, or equivalently, notions of convergence using
the norms already defined.

The fourth chapter deals with the concept of duality. Given any vector space, the set of
all linear functionals on it forms a vector space itself, called the dual space. Linear functionals
can be thought of as generalizations of row vectors. A linear operator between vector spaces
induces another linear operator between their dual spaces called the adjoint operator, which
is a generalization of the transpose of a matrix. Many properties of vector spaces and
mappings between them are best studied by going back and forth between the original
and dual spaces, and between the original operator and its adjoint. Linear functionals
have geometric interpretations in terms of hyperplanes, and geometric interpretations of
adjoints can be given as mappings between hyperplanes. Duality also plays a prominent
role in optimization problems. In particular, minimum distance-to-a-subspace problems
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have useful characterizations in terms of their duals.

The fifth chapter cover some aspects of spectral theory emphasizing the role of the
resolvent function and the concept of the pseudo-spectrum, which in the context of Systems
and Controls may be even more important than the spectrum itself. The sixth chapter is
about the kernel representation of linear operators, which is an intuitive and graphical way to
visualize linear operators on function spaces as continuum analogs of matrices. The seventh
chapter introduces matrix and operator partitions, which are useful algebraic tools for block
decompositions of operators. Various block operations of LU, UL, and LDU decompositions
lead to the frequently used Schur complements, as well as insights into Sylvester and Riccati
equations.
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Notation and Terminology

The notation f(z) is often used to refer to a function f. This notation can cause confusion.
When we refer to the function as a whole object, we say the function f, while the notation
f(x) refers to the value of the function f at the point x. This is like saying f(1) or f(3) to
refer to the value of f at the points 1 or 3. Similarly, f(x) means the value of f at the point
x, even though z is a variable whose value is not specified. Some textbooks use the symbols
f(z) to refer to the whole function f. This is a notational convention, which is used to
emphasize that f is not a number or a variable, but rather a function of another variable.
As much as possible, we will try to avoid this confusing notation, and use f by itself to
refer to the whole function as an object. Sometimes however, a slight abuse of notation
may be called for, and we might use for example U(s) to refer to the Laplace transform of
a function of time u(t). When such abuse of notation is used, it is simply to point out that
the letter s is used to denote the frequency variable and that U(s) is a Laplace transform
of some function to distinguish it from w(¢) which is a function of the variable ¢.

Fonts

Sets and spaces Sets are generally denoted by capital sans serif font, e.g. V as
a vector space, P as a cone. Exceptions are for well-known font
choices for sets such as R, C, etc.

Matrices/Operators Matrices and operators are generally denoted by A, B, etc. Ab-
stractly defined operators will sometimes be denoted with cali-
graphic fonts like A, B, etc.

Vectors Vectors are generally denoted by small letters like z, or v. In-
dividual components are denoted with subscripts, i.e. the ¢’th
component of the vector x is denoted by z;. We avoid the com-
mon space-saving notation [x*{ xﬂ* for column vectors
(or block partitioned matrices and operators), and instead use
the n-tuple notation where needed for saving space

T
(T1,...,2n) =
Tn



CONTENTS

Specific Notation

The real line (complex plane)

n-dimensional real (complex) space

The real and imaginary parts of a complex number s

The integers

The n-dimensional integer lattice

The natural numbers N := {0,1,2,...}

The set of numbers n:= {1,...,n}

The positive integers {1,2,...}

The negative integers {—1,—-2,...}

The non-negative integers {0, 1,2,...} (same as N)

The non-positive integers {0, —1,—2,...}

The open left half plane {s € C; R(s) < 0}

The open right half plane {s € C; R(s) > 0}

The closed left half plane {s € C; R(s) < 0}

The closed right half plane {s € C; R(s) > 0}

The open unit disk of the complex plane {s € C; |s| < 1}

The closed unit disk of the complex plane {s € C; |s] < 1}

The (P space of n-vector-valued sequences with index in Q C Z¢ (2.11)
The ¢P space of V-valued sequences (V a Banach space) (2.12)

The LP space of n-vector-valued functions with domain in @ C R? . It is
sometimes abbreviated simply as L when the dimension n is clear from
context, or when n is irrelevant to the argument.

LY () The LP space of V-valued functions (V a Banach space)

A* The complex-conjugate (Hermitian) transpose of a matrix A. Also the
adjoint of the operator A

AT The adjoint of a linear operator A. This notation is preferred in cases where
the notation A* could cause confusion.

A(4) The spectrum of a linear operator A. The set of eigenvalues of a matrix A.

o(A) The singular values of a matrix A. The spectrum of the operator AA* (or
A*A).

Rm>m The set of n x m matrices with real entries

S The set of symmetric n X n matrices with real entries

P The set of symmetric positive n X n matrices {A € S™; A > 0}, where > is
the Loewner order on matrices

P The set of symmetric, strictly-positive n x n matrices {A € S*; A > 0}

Terminology
functional any scalar-valued function, i.e. a function f : Q — R (C) from

any set € to the scalars (either R or C)
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Chapter 1

Vector Spaces and Linear Operators

Abstract vector spaces are generalizations of the familiar notions of addition and scaling of
vectors in two and three dimensional space. A prime example is a function space, which is
a set of functions on a common domain, and those functions can be added and scaled in
an analogous manner to vectors in n-dimensional space. Thus, signals can be viewed and
manipulated in the same way as vectors. Vector spaces can be built up from other vector
spaces by taking direct sums, and can also be decomposed into direct sums of subspaces. Such
decompositions are often useful in understanding operations on a vector space by examining
the operation on subspaces, over which the operations have simpler structures.

Mappings between vector spaces that preserve additions and scalings are said to be “lin-
ear” or satisfy the “superposition principle”. They are generalizations of matrices acting on
vectors via matriz-vector multiplication. A matriz is a “representation” of a linear opera-
tor in a particular basis, and a basis-free approach allows for a more unified view of linear
operators. Many integral and differential operations on functions can be viewed as gen-
eralizations of matriz-vector multiplications. A linear mapping between two vector spaces
that is also one-to-one and onto is called an isomorphism, and the two vector spaces are
said to be isomorphic. Two isomorphic spaces are basically two “copies” of the same space,
and thus many properties can be deduced by establishing isomorphisms between familiar and
unfamiliar vector spaces.

This chapter is concerned primarily with the basic “algebraic” aspects of vector spaces.

Introduction

This chapter presents some of the basic concepts in linear algebra. The presentation is
guided by two principles, (a) whenever possible, a geometric point of view is adopted, and
(b) similarities between finite and infinite-dimensional vector spaces are emphasized. The
first principle is motivated by the belief that geometric intuition always serves as a powerful
reinforcer to the algebraic statements. In this view, linear algebra is fundamentally about
the geometry of vector spaces, their subspaces, and the action of linear operators on them.

The second principle is adopted to make as many connections as possible between linear
algebra (as normally understood to be about finite-dimensional vector spaces) and functional
analysis, a topic normally thought of as dealing with infinite-dimensional vector spaces. We
adopt an expansive view of linear algebra, and treat the algebraic aspects of finite and
infinite-dimensional vector spaces as much as possible in the “same breath”. This serves to
introduce many of the powerful techniques of functional analysis (which are very useful for
Signals and Systems) using familiar concepts from linear algebra. In particular, the purely
“algebraic” aspects of vector spaces lend themselves to this approach. For the “analysis”
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10 1.1. R™ AND ABSTRACT VECTOR SPACES

aspects, which involve notions of topology and convergence dealt with in later chapters,
differences between finite and infinite-dimensional results are pointed out, although again,
the emphasis will be on the commonalities, rather than the differences, between finite and
infinite-dimensional results.

1.1 R" and Abstract Vector Spaces

The space R™ is the set of n-tuples (n-vectors) of real numbers of the form

T
x = (x1,...,2,) = I
Tn

where each z; € R is a real number. It will be useful to switch notation as convenient, and
represent vectors either as an n-tuple (z1,...,2,), or as a column vector as shown above.

In analytic geometry, elements of R™ are visualized as directed line segments, or vectors
in n dimensional space. There are two operations on n-tuples that have familiar geometric
interpretations.

e n-tuples can be added component-wise. For x := (z1,...,2,) and y := (y1,...,yn) We
define =z 4+ y as

x4y = (x14+y1,--,Tn+Yn)- (1.1)

This of course has the familiar geometric interpretation as vector addition when inter-
preting  and y as directed line segments.

e An n-tuple & can be multiplied by a scalar o € R by scaling each component by «
ar = (axy,...,qrs). (1.2)

This has the geometric interpretations of scaling the length of the vector x by «, while
keeping its direction unchanged if « is positive, or reversing its direction if « is negative.
In either case, x and ax lie within the same line passing through the origin.

Note that in contrast to additions and scalings, there is “in general” no useful operation of
vector multiplication, i.e. a product of two vectors that produces another vector!

It is possible to generalize the operations of vector addition and scaling to functions and
more general objects. To start this generalization, we make the simple, yet powerful, obser-
vation that n-vectors are actually real-valued functions on the discrete set n := {1,2,...,n}.
We can think of a vector in R" as either an n-tuple of real numbers, or equivalently as a
function from n to R

x=(21,...,%,) — z:{1l,...,n} —R.

Thus the 7’th component z; of a vector x € R™ can be viewed as the value of the function
x :n —> R at the index ¢ € n. This point of view is illustrated in Figure 1.1.

IThere are very important exceptions, namely complex multiplication on R2, the cross product on R3,
quaternion product on R? and octonian product on R®. However, these are all special cases that do not gen-
eralize to R™ for all n. If on the other hand we attempt to imitate the definition of point-wise addition (1.1),
and define the product operation as the point-wise multiplication of vectors, we run into the problem that
division is not well defined if we divide by a vector that has at least one component which is zero.
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CHAPTER 1. VECTOR SPACES AND LINEAR OPERATORS 11

T Tn 1 g
T2 Tn-1
) ! ¥ 1]
T 1 2 ?i 4 nl no
T3
(a) An n-tuple of real numbers z := (z1,...,Tn) (b) An n-tuple of real numbers z := (z1,...,2Zn)
is viewed as a a vector in n-dimensional space, with is viewed as a real-valued function z : n — R on the
each scalar x; being its component along the 7’th discrete index set n := {1,...,n}.
axis in a Cartesian coordinate system.
T
2=x+Y t Tty ¢ |
A )
+ vzll
& t o ---T0¢
¢ ¢ )

=l Ir ... 1]

(C) Vector addition is defined component-wise, and function addition is defined point-wise. Thus
when vectors are viewed as functions, vector addition and function addition are equivalent.

Figure 1.1: Two alternative views of an n-tuple of real numbers = = (x1,...,%5). (a) As a directed line
segment, i.e. a vector in n-dimensional space, and (b) as a function on the index set n := {1,...,n}. Vector
addition corresponds exactly to function addition as depicted in (c).

A function space is simply a set of functions that have a common domain and range set.
We will use the following compact notation to denote such spaces of functions

X = {u:Q—X},

i.e. the set of all mappings from §2 to X. For example if we view the function = as a signal,
then z has ) as its index set, and at each i € €, the function takes values in the set X,
i.e. for each i, x; € X. At first this notation might seem a little counter-intuitive since
the domain is in the superscript in X%, but it should become natural after examining a few
examples.

For the vector example shown above, the set of n-vectors as real-valued functions on n
would be denoted by

R{l,...,n} — R" = R™.

Note that by conventional abuse of notation we abbreviate R" as R™. If the index set is
countable, i.e. Q@ = {0,1,2,...} = N, then X{0:1.2.-} can be thought of as a countably-
infinite number of ordered copies of X, and thus any element z € XY looks like

XN o=z = (g, 21,22,...), TEX} = XxXXXx-

i.e. a sequence with each element in X, or equivalently a function z : N — X. When
is uncountable (e.g. R) then we can not think of a function like z : R — X as a sequence
because the index is in a continuum, but we can still use this notation as in

X* o= {z:R—X}.

Figure 1.2 shows a few examples of this notation as applied to various signal spaces.
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12 1.1.

R"™ AND ABSTRACT VECTOR SPACES

Hm t \/Rt) /

KR! ¢ 0

(b) A Dbilateral, scalar,
continuous-time signal takes

(a) A bilateral, scalar, discrete-

time signal takes values in R for

each value of t € Z. Thus z : values in R for each value of ¢

Z — R, and it is in the function that runs from —oo to co. Thus

space RZ. z : R — R, and it is in the
function space RE.

(d) A vector signal can be viewed in two equivalent ways. As a
vector (R")-valued function on R (left), or as an R-valued function
on n copies of R, i.e. on n X R (right). The corresponding signal
spaces would then be (R™)® (left) and R("*®) (right). The two signal
spaces are in one-to-one correspondence.

(C) A complex Fourier series is a
complex-valued function of a discrete
variable k € Z depicted here as a vec-
tor in a complex plane at each k. Thus
x : Z — C, and therefore lies in the func-
tion space c* .

z(ky, k2)

Ky

(e) A grey-scale, n X n pixel image is
an R-valued function on the index set
{1,...,n} x{1,...,n} =: n X n. Such
an image is thus in the function space
Rﬂ)(n'

Figure 1.2: The set of functions x : Q — X from the set Q to the set X is denoted by X2 If this is thought
of as a set of signals, then these signals are indexed by the domain set €2, and take values in X. This way
we can describe, discrete-time and continuous-time signals, as well as those that are scalar-, complex-, or
vector-valued.

Function Space as a Vector Space

The two properties of addition and scaling are the fundamental properties of vectors. Real-
valued functions can also be added and scaled just like vectors. Let f and g be two real-
valued functions, then we typically define addition and scaling pointwise as follows

(@f) (@) = af(i).

Compare those expressions to (1.1) and (1.2). We can define such operations not only on
real-valued function, but in fact on any set of functions f : Q@ — V, where addition and
scaling is defined on V itself, e.g. when V is a vector space. Note that the right hand side
of the definitions (1.3) are in V. All the examples shown in Figure 1.2 are of this type.

We now return to our original aim of defining a vector space abstractly. The pattern of
adding and scaling vectors (or functions) by component-wise (or point-wise) addition and
scaling indicates that those two operations are the ones that define a vector space. Inspired
by these examples, we define an abstract vector space as follows.

(f +9) (@) = [f(i)+g(i), (1.3)

Definition 1.1. A vector space over the reals R is a set V together with (a) an addition
operation +, and (b) an operation of vector scaling (by scalars, i.e. elements of R) such
that V is closed under both operations

u,v eV = av € V.

u+vevV, aeR veV, =

These operations satisfy the following properties
1. Commutativity and associativity of addition:
utv = (u+v)+w =

v+ u, u+ (v+w).

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



CHAPTER 1. VECTOR SPACES AND LINEAR OPERATORS 13

2. There exists an additive identity, denoted by 0, such that
YoeV, v+4+0 = v,
and each v € V has an additive inverse, denoted by —v, such that

(—v)+v = 0.

8. Properties of scalings: For any o, f € R, and any u,v € V

(aBf)v = a(pv), (a+B)v = av+ P,
lv = v, 0v = 0,
a(ut+v) = au+ av.

There are other equivalent ways of stating the above conditions. For example, we leave
it as an exercise to show that being closed under addition and multiplication by scalars can
be stated in four equivalent ways. Let o, 8 € R and u,v, € V be arbitrarily elements, then

(u+veV) and (aueV)

)

au+veV & au+ pv eV &S u+pveV

In addition, there are several consequences of the definitions above. For example, the scalings
properties imply that every vector v € V has an additive inverse, namely (—1)v since

v+ (-1)v = v+ (-1)v = 1—-1)v = 0v = 0.

As an exercise, the reader should verify every equality in the preceding equation using the
scalings properties listed in Definition 1.1.35.

Example 1.2. As examples of vector spaces, we have already seen R™. Now consider the set
of all polynomials with real coefficients of degree at most n

P, = {p(m):a0+a1x+---+anx”; ar €R, k=0,1,--- ,n}.

Each polynomial in P,, is uniquely identified by its n + 1 coefficients (ao, ..., ay), and therefore
there is a one-to-one correspondence between polynomials of degree n and vectors of dimension
n + 1. A natural question is whether this correspondence carries over to addition. Does the
addition of two polynomials correspond to the addition of the two vectors? This is indeed the
case since for any two polynomials p and ¢

p(z) = ao + a1z + - + aa”

q(z) = bo + bz + -+ bpa” } = (p+4q) (z) = (ao+bo)+(ar+br) v+ -+(an+b,) z".

Similarly for scaling of a polynomial
(ap) (x) = aag+aay x4+ -+ aa, ™.

Thus elements in P,, behave exactly like elements of R®™! under additions and scaling. We
say that these two vector spaces P,, and R"*! are “isomorphic”, a notion that will shortly be
defined more precisely.

The function space examples we have seen in this section (e.g. in Figure 1.2) so far
satisfy all the above requirements with pointwise addition and scaling. In fact, for any set
€, the function space R is a vector space with pointwise addition and scaling. We can take
this a little further. Let V be any vector space, and 2 any other set (with no particular
structure), then the set V is another vector space with pointwise addition and scaling.
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Figure 1.3: Examples of the vector space of functions over [—1,1] that are piecewise constant over the
intervals [—1,0) and (0,1]. This is a vector space since additions and scalings of such functions maintain
the piecewise-constant property. Each such function is completely specified by three real numbers, namely
its values over x = 0, and each of the two intervals respectively. Additions and scalings of these functions
corresponds to additions and scalings of these numbers as a 3-tuple. Thus this space “looks like” (i.e.
isomorphic to) R3.

Definition 1.3. Let Q be any set, and consider the collection of all vector-space-valued
functions f: Q — V, where V is a vector space (e.g. R or R™)

Ve = {f:Q =V}

This set is itself a vector space referred to as a function space (the space of functions over
the set Q) with additions and scalings defined pointwise

(fi+ fo) (@) = filz) + falx)
(ozf)(m) = af(x).

Note that both operations on the right hand side are performed in V, and thus we say that
V& “inherits” the vector space structure from V.

Function spaces as defined above are generally “too big” for many of the questions that
arise in applications, so we typically impose additional conditions on functions and consider
subspaces of a general function space. A subspace of a vector space is defined as a subset
that is itself a vector space, i.e. closed under additions and scalings. The following examples
are of subspaces of function spaces as defined above.

Example 1.4. Consider real-valued functions on the interval [—1, 1] that are constant on the
subintervals [—1,0) and (0, 1] as depicted in Figure 1.3. It is clear that additions and scalings
of such functions maintain the property of being constant on the subintervals [—1,0) and (0, 1],
and thus the space of such functions is a vector space. In the notation of Definition 1.3 this
space is denoted by R}, where Q) := {[-1,0),0, (0,1]}, a three-element set where each element
is a subset of R. This space is clearly a subspace of the much larger function space R[] (all
real-valued functions on the interval [-1,1]).

Any function in R{FL0).0:00.1]} js completely described by a 3-tuple of numbers (f.1, fo, f1)
as follows
f_17 X € [—].70)
flz) = fo, =0 (1.4)
f17 T e (Oa 1]

Adding and scaling any two such functions corresponds to simply adding and scaling the 3-tuples
that represent them

f1, x€[-1,0) g1, x€]-1,0)
fl)=19 fo, =0 gx)=1< go, =0
fi, x€(0,1] g1, 2 €(0,1]
f1+g91, z€l[1,0)
= (f+9)(x)=4q fotgo, x=0
fitg, 2€(0,1]
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CHAPTER 1. VECTOR SPACES AND LINEAR OPERATORS 15

This space of functions therefore “looks like" the space of 3-tuples of real numbers R3. The
meaning of the phrase “looks like" is that there is a correspondence, or a one-to-one and onto
mapping (indicated below by the double arrow <) between R{l1:0).0.(0:11} apd R3

f <~ (f—l?anfl)
g < (9-1,90,91)
af + Bg “ a(fa, fo, f1) + B(g1, 90, 91) = (fa + Bg1, afo + Bgo, afi + Bagr).

The last statement implies that vector space operations in R{1:0).0.(0:11} are mapped exactly to
equivalent vector space operations in R3. Again, this notion will be formalized using the concept
of isomorphism that will be described shortly.

Example 1.5. Let R™ ™ be the set of all n x m matrices with real coefficients. This set
is a vector space with the usual operations of matrix addition and scaling which are defined
“element-by-element”, i.e. if we denote by a;; the ij'th entry of a matrix A = [a;;], then for
n X m matrices A, B and C

C = OéA-f—ﬁB <~ Cij = aal—j—l—ﬂbij.

Let vec(A) be the operation of “vectorizing” a matrix, i.e. stacking all its columns into a
single vector. It is clear that this operation is linear, one-to-one and onto from n x m matrices
to vectors of size nm, i.e. an invertible linear mapping vec : R"*™ — R™™, Thus as a vector
space, the space of n x m matrices behaves like (i.e. isomorphic) to the space of nm real vectors.

While the mapping vec is compatible with matrix addition and scalings, it does not make
sense for matrix multiplication (since we can't multiply vectors). It does however have some
uses in matrix equations we will encounter later.

Example 1.6. Continuous functions on a finite interval [a,b] C R form a vector space since
sums and scalings of continuous functions are also continuous. This space is denoted by

Cla,b] := {f :a,b] = R; f continuous}.

Functions on [a,b] with continuous derivatives also form a vector space denoted by C'[a,b].
More generally, the space of functions with n continuous derivatives is

C"[a,b] = {f s a,b] = R; £ continuous}, n € N.
Recall that if the n'th derivative f(™) of a function f is continuous, then the k'th derivative f(*)
is also continuous for all k =0,1,...,n. Thus we have a “nesting of vector spaces

C*[a,b) c €™t ¢ --- C C'a,b] C Cla,b].

Finally, C>°[a, b] denotes the vector space of functions on [a, b] with all derivatives continuous.
It can also be described as the intersection of all vector spaces C¥[a, b] for all &k

C*®[a,b] = ﬁCk[a,b].
k=0

All of the vector space just described are subspaces of the larger function space RI%?].

In contrast to the R and P,,, each element of the space C[a, b] requires an infinite number of
“parameters” to describe (e.g. one has to give the values of the function at the infinite number
of points in [a,b]). This is an example of an “infinite-dimensional” vector space, a notion that
we will make precise in Section 1.3.
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16 1.2. LINEAR OPERATORS

Complex Vector Spaces

A complex vector space is defined exactly as in Definition 1.1 by replacing the set of scalars
R with the complex scalars C. More generally, let F be any field, then a vector space over
the field F is defined the same way, but with scalars belonging to the field F. For this to
make sense, the scaling operation ax, with a € F and € V must be defined. In particular,
for any index set €2, the space F% is a well-defined vector space (e.g. F" is the space of
n-vectors with components in F). Note that in Definition 1.3, V® is a vector space over the
same field that V is a vector space over.
In this book, we only consider vector spaces over R or C.

1.2 Linear Operators

The reader is likely familiar with matrix-vector multiplication as an example of a linear op-
eration on vectors. We will see that matrices are actually representations of linear operators
in a particular basis. We will also see many useful examples of bases, and other repre-
sentations of linear operators. However, we begin here with a “basis-free” way of defining
and analyzing linear operators. In fact, the key idea in viewing matrices and general linear
operators in the same framework is to work with them without any specific choice of bases.

Definition 1.7. Let A : V — W be a mapping between two vector spaces V and W. This
mapping is said to be a homomorphism, or equivalently a linear operator if

a,BER, vi,v, €V = A(avy + Bva) = aA(vr) + BA(v2), (1.5)

i.e. if it “respects the vector space structure” (also referred to as satisfying the “superposition
property”). If in addition A is one-to-one and onto, then it is said to be an isomorphism,
and the two spaces V and W are said to be isomorphic (denoted as V ~ W),

Thus a linear operator is a mapping that is “compatible” with the vector space structure of
V and W. Note that for linear operators, we use the notation A(v) = Av interchangeably?.
The reader should verify that condition (1.5) is equivalent to the following condition

v1,v2 €V = A(vi4vs) = A(vy)+A(ve), and aceR = A(av) = a A(v). (1.6)

Remark 1.8. An isomorphism between two vector spaces is special. If two vector spaces are
isomorphic, then they are essentially two copies of the same space since their addition and
scaling structures are equivalent. Finding isomorphisms is usually a good way to understand
an unfamiliar space, by establishing an isomorphism to a more familiar space. Example 1.2
was one such instance, where an isomorphism between polynomials of degree n, namely P,
and n+ 1 dimensional vectors in R™*! was established. Also note that we have already used
this concept (without calling it an isomorphism) when we presented the analogy between
R™ (n-tuples of real numbers) and R{%"} (real-valued functions on the set {1,...,n}) in
Figure 1.1. That correspondence was so obvious that we didn’t have to formally justify it.
It is clearly an isomorphism.

The following are examples of linear operators. They are generally not isomorphisms
(i.e. not one-to-one and onto).

Example 1.9. Matrices: An n x m matrix A represents a mapping A : R”™ — R"” by the usual
matrix-vector product formula

y= Az = Yk = ZAkl 2, (1.7)
=1

2This comes from matrix-vector multiplication notation. If A is matrix and v is a column vector, the
standard notation is Av for the matrix-vector product, which is also the action of A on v as a mapping.
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where Ay, is the kl entry of the matrix A. The fact that this operation is linear follows from the
distributive properties of multiplication and addition. This particular example is not done in a
“basis-free” way. A matrix representation implies an implicit choice of basis as will be discussed
in Section 1.3.

Example 1.10. Shifts of functions: Consider the function space R” of real-valued functions
on the integers (i.e. the space of two-sided sequences). The “shift operator” S shifts a function
to the right by 1 step

[Su](k) = u(k—1).
This operator is clearly linear as seen from

[S(auy + Bus)| (k) = [our + Bua](k—1) = aw(k—1) + Bug(k—1)
= a[Su](k) + B[Sus](k).

Since this equality holds for each k in the domain Z of the functions, we write the conclusion
equivalently as

S(aul +Bu2) = aSu; + B Sus.
Note that a basis is not needed to define the operator or to establish its linearity.

Example 1.11. Multiplication operators: Consider the vector space R of real-valued func-
tions® on some set 2. Given a particular function @ : £ — R in this space, we can define the
operator M, of multiplication by a that acts on any other function u : 2 — R by

[Myu)|(z) = a(x) u(z), x €. (1.8)

Thus M, is the operator of pointwise multiplication by the function a. The fact that this
operator is linear follows from the distributive property of multiplication and addition of real
numbers.

A familiar example of multiplication operators is given by the action of diagonal matrices on
vectors. If we choose 2 = {1,...,n}, and therefore R®> = R™, then given a vector a € R”, it
defines a multiplication operator M, whose action on any other vector u € R"™ is given by

Y1 a1 uy

M, u
(Myu); = au;, i€{1,...,n}

Y
Yi

Yn Qn, Unp,

Thus the operation M,u is represented by multiplying the column vector u by a diagonal matrix
whose diagonal elements are made up of the components of the vector a.

The definition (1.8) of a multiplication operator on any function space should be thought
of as a generalization of diagonal matrices. Diagonal matrices are the simplest, non-trivial
matrices that can be studied. Similarly, multiplication operators are the simplest, non-trivial
infinite-dimensional operators that can be studied. The concept of multiplication operators will
be very useful in signal and system analysis later on. Signal and system transforms such as
the Fourier, Laplace, Z-transform, etc. can be thought of as the infinite-dimensional analogue
of diagonalizing matrices. Diagonalization of matrices, and more generally transforming linear
operators to multiplication operators (whenever possible) is the most effective technique for
uncovering properties of linear operators.

3 All statements in this example apply equally to the vector space C of complex-valued functions on €.
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Example 1.12. Integral operators: Consider the space RI% of real-valued functions on
the interval [0, 1]. Given a function af(.,.) of two variables, it defines an integral operator by

y = Au & y(z) = /o a(z, &) u(§) dE, z € [0,1]. (1.9)

Since the integral may not converge for all functions wu, this operator is not defined on
all of R, but rather on a subset of it. The exact specifications of the subset depends
on properties of the function a, and will not be discusses here. The function a(.,.) is
called the kernel function of the operator A, and the integral equation (1.9) is called the
kernel representation of the operator A. These kernel representations are important in
understanding a large class of operators, and will be studied in detail in Chapter 6.

The reader should note the similarity between the matrix-vector product (1.7) and the
integral (1.9), which can be thought of as a “continuum” version of a matrix-vector product.
The integration variable ¢ in (1.9) is analogous to the summation variable [ in (1.7). Thus
an integral, or kernel, representation of an operator on a function space can be thought of
as a “continuum” version of a matrix representation. These useful analogies will be pursued
further in Chapter 6.

Finally, the linearity of (1.9) follows from the linearity of integration, e.g.

[ w9 (@ +w@) = [

Example 1.13. Differential operators: Differentiation is a linear operation

1

1
oz, €) wy(€) dE + /0 ale, ) ua(€) de. n

du du

d 1 2

— (auy(x) + ux)za—x—f— — (),

i (aw(@) + Bua(e) @) + B (@)

and so are higher order derivatives as well as partial derivatives. Thus, a large class of ordinary
and partial differential equations, including those with varying coefficients, can be analyzed using
the concepts of linear operators on function spaces. The ordinary differential operator (of a single
variable) is defined formally as

du
Tr (z).
The next question is on which vector spaces of functions does this operator act?

Recall the spaces C[a,b] and C(™[a,b] defined in Example 1.6. The differential operator
D acts on functions with n continuous derivatives to give a function with n — 1 continuous
derivatives. Therefore depending on the choice of the domain space, we can view D in any one
of multiple ways

D : C'[a,b] — Cla, b], D : C"[a,b] — C"'[a,b], D : C*®[a,b] — C*]a, b].

(Du) (x) =

Differential operators can also be defined on other (than C™ or C>°) spaces. However, a little
more care is needed in those cases since they have to operate on restricted classes of functions,
namely those that have derivatives with certain other properties. These issues will be discussed
in the context of so-called unbounded operators, of which differential operators are the prime
example.

The Vector Space of Linear Operators

Recall that in Example 1.5 we showed how the set of matrices of a given size forms a vector
space. This was a special case of the fact that the set of all linear operators between two
vector spaces V and W is itself a vector space

L(V,W) := {A:V—>W; Ahnear}.
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Addition and scalings of operators is defined “pointwise”
(A+ B)v := Av + Bu, (aA)v = «a Av.

The observant reader will realize that we do not need V to be a vector space for these
definitions to make sense. Recall (Definition 1.3) that any function space QW is a vector
space provided the functions take values in a vector space W. The domain €2 of the functions
need not have any structure. None the less, the set of linear operators between two vector
spaces has some special structure which we will study later (Section 3.6), especially when
the operators will be endowed with norms that are induced from the two vector space norms.

1.3 Bases and Dimension

For clarity of exposition, in this section (and later in Section 1.6) we adopt the notation that
elements of a vector space are denoted by bold letters (e.g. v), and scalars will be denoted
in regular font (e.g. x1). We will not use this notation in the remainder of the book, but
here it serves as a useful visual aid when discussing bases and bases representations for the
first time. To define bases, we need the concept of linear (in)dependence, and for that in
turn we need the concept of the span of a collection of vectors.

Definition 1.14. Letv:= {vy; k=1,...,n} be a finite set in a vector space V. The span
of v is the set of a all linear combinations of its elements

span{v} := span{vi}:= {xlvl + XU X1, .., Ty € R} )
1t is a linear subspace of V. We say that the set v generates (or spans) span{v}.

Given a set of vectors, we want to generate its span without any “redundancy”. For
example, consider any two vectors v; and vs and their span. We can add a third vector
that is a linear combination of both, but then the three vectors generate the same span as
the original two

span{vy,v2} = span{vi, vz, v1 +va}.
To avoid such redundancies, we need the concept of linear (in)dependence. We first give the
formal definition, and then explain why it captures the notion of no redundancy.

Definition 1.15. Let v := {v1,...,v,} be a finite set of elements of a vector space V.

1. The set v is said to be linearly independent if there is no non-trivial linear combination
(i.e. not all coefficients are zero) of its elements that equals the zero vector, i.e.

r € R, 11+ -+ v, =0 = ry=-=x, =0.
Otherwise, the set is said to be linearly dependent.

2. A linearly independent set that generates all of V (i.e. span{vy} = V) is called a basis.

A linearly dependent set has the property that one of the vectors can be written as a
linear combination of the others. Given such a set, assume x; # 0, then

1
TV + -+ v, =0 = v = — — TpUk. 1.10
o ; (1.10)
Thus a linearly dependent set has redundancy. If we remove the vector v; above from the
set, the smaller set will still generate the same span as the original set. Given a linearly
dependent set, we can remove elements as above until “it becomes” linearly independent.
This implies that a linearly independent set has a “minimality property” which can be stated
as follows.
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20 1.3. BASES AND DIMENSION

Lemma 1.16. Let v := {vg; k=1,...,n} be a finite set that spans a vector space V. v
is linearly independent iff there is no smaller set w := {wy; k=1,...,m} with |w|] =m <
n = |v| that also spans V.

Proof. The contrapositive is stated as
v linearly dependent & Jw, |w| < n, span{w} = span{v}.

The argument of Equation (1.10) showed that if v is linearly dependent, a smaller set with
the same span is constructed by removing one element from v. This proves the = direction.
For the converse, assume we found a smaller set w with the same span as v. That means
every element of v can be written as a linear combination of elements of w

Vi = QW1+ + QG W, k=1,...,n. (111)

These relations can be written in “matrix-vector” form shown on the left below?, and by a
process of elimination with row operations (see Exercise 1.1), converted to the equations on

the right
vy a1l -+ Qim
. . w1 VUm+1 K e %k V1
=" : {] & {:]:{: }{} (1.12)
: : : W, v % oex] Lo,
Un anl ' Anm
Thus the vectors {vm41,...,0,} can be written as a linear combination of the vectors
{v1,...,v,,} implying that the set v is linearly dependent. O

Another way to read the above lemma is that a set is linearly independent iff removal of
any vector makes the span strictly smaller.

The preceding lemma implies that a basis is a generating set of minimal size. We can
now formally define the notion of dimension of a vector space.

Definition 1.17. Ifv:={vg; k=1,...,n} is a linearly independent set that spans a vector
space V (i.e. a basis), we say that the dimension of Vis n (dim(V) =n). Thus the dimension
of a vector space is the minimal size of a linearly independent set that spans V.

If there is no finite subset of V that spans it, we say that V is infinite dimensional.

Example 1.18. Consider R™ and the following set of vectors
e :=(1,0,...,0), TN e, :=(0,...,0,1). (1.13)

This set is linearly independent according to Definition 1.15, and any vector x € R™ can be
written as a linear combination of its elements. Thus, it forms a basis for R™. We typically
express the coefficients of the linear combination as a “column vector”

1
0

xr = re +---+zxpe, = a1 +-- 4+ x,

0 xr1
0] = o= (z,..,z) . (114)

0 1 Tn

The set (1.13) is called the canonical basis of R™. Thus, whenever a column vector or an n-tuple
of numbers is written as on the right of (1.14), it is implicit that the vector components are the
coefficients of the vector's representation in the canonical basis {ey}.

4This matrix-vector representation of the equations (1.11) is to be interpreted carefully. Each “com-
ponent” vy and wy are themselves vectors in V. The matrix-vector form (1.12) is simply a compact
representation of the n equations in (1.11).
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v V2 U3
—0 ! ! o——
" |
5
D
wq , wo , w3 ;
1e— —_— —
T 0
-1 O

Figure 1.4: Example 1.19: Two different bases v := {v1,v2,v3} and w := {w1, w2, w3} of the vector
space R{F1,0),0,0,1]} of Example 1.4. The function u shown on the left can be expressed in terms of each
of the bases sets as u = .5bvy — v2 — v3 = —.25w; — w2 + .7Hws.

Example 1.19. Consider the vector space of Example 1.4. When we established the corre-
spondence (1.4) with R3, we had implicitly chosen a basis. To make this point clear, consider
the two sets of functions v := {v1,v2,v3} and w := {wy, wy, w3} shown in Figure 1.4. These
two sets are linearly independent in the vector space R{F1:0:0:(0.1} " Each is also a basis. For
example, the function w shown in Figure 1.4 can be written in each of the two bases as follows

u = .bvy — vy — v3 = —.2bw; — wy + .Thws.

The two bases sets are easily relatable by a set of equations similar to (1.12) as follows

w; 10 1] [w v 10 17" [un 10 17 [wn
wy| =10 1 0f [va] & |vz| =0 1 0| |we|=]0 1 0] |ws| (1.15)
w; 1 0 -1 |vs v3 1 0 -1 |ws 30 3] |ws

The first equation can be verified by inspection of Figure 1.4. The second equation follows by
multiplying both sides by the inverse of the matrix of coefficients.

The representation (1.4) exactly corresponds to using the first basis set, i.e. for the function
f as defined in (1.4) we can write

f = favi + fova + fivs.

Once an expression for any function f is given in terms of the basis v, then the coefficients of
its representation in the other basis w can be found from the relation (1.15) as follows

[ = favi + fova + fivs

= fawi + fows + frws

= fa(vr +v3) + fova + fi(v1 —v3)
(f-l + f1) v + fo’U1 + (fl - f1) V3.

(1.16)

Note how (1.16) give two sets of coefficients for the representation of f in the v basis. Lemma 1.42
will shortly show that those two sets of coefficients must be equal, i.e. that

N N a 1 0 1
j;l -i_-j;l f1, PN f01 =101 0o||f]. (1.17)
-1 1 f1 fi 1 0 -1 fl

it is clear that to obtain the coefficients (f.1, fo, f1) from (f1, fo, f1), we simply invert the
matrix-vector relation above. We will see in Lemma 1.44 that this procedure generalizes to any
finite-dimensional vector space.
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22 1.3. BASES AND DIMENSION

The basis v might seem as the “natural” one for this vector space, but that is only one
possible choice. Any other set of three linearly independent functions in R{E1.0):0:(0:11} s equally
valid as a basis.

The Infinite-dimensional Case

For infinite-dimensional vector spaces, the notion of basis will need to involve more than just
algebraic properties in order for it to be useful. We will need to make sense of representations
that involve infinite sums like

o0
u=Y zpv (1.18)
k=1

This will require notions of convergence and topology which will be introduced in Chapter 3.
There is however a definition of bases in infinite dimensions that is purely algebraic, and is
referred to as a Hamel basis. Because it is purely algebraic, it turns out not to be too useful,
but we describe it briefly in the next example for the sake of contrast with later definitions.

Definition 1.20. Let v := {vy} be a (possibly infinite) set in a vector space V.
1. The span of v is the set of all finite linear combinations of its elements

n
span{v} := {szvk; v, €V, T} € R, nEN}.

k=1

2. The set v is called linearly independent if no non-trivial finite linear combination of ele-
ments of v is zero.

3. A (possibly infinite) linearly independent set v C V that spans a (possibly infinite-
dimensional) vector space V is called a Hamel basis.

The reason for using only finite linear combinations in the above definitions is that unless
we have a notion of convergence, only finite sums are well defined. The next examples clarify
this issue.

Example 1.21. Consider the vector space of real sequences R?, and consider the set

e, = (--,0,1,0, ---), keZ. (1.19)
1 k'th entry

This set is easily seen to be linearly independent. It is an infinite set. It does not span RZ
however since every finite linear combination of such elements can only give a sequence with
finitely many non-zero entries

span{ey} = sequences with finitely many non-zero entries C RZ.

Therefore, span{e;} is an infinite-dimensional subspace of R%, and {e;} is a Hamel basis for
that subspace.

Example 1.22. Consider linear the set of all finite linear combinations of harmonic functions
of arbitrary frequencies

V = {f:R—>(C; f(t):alejwlt—i—---—i—anej‘”“t, a;,w; € R, nEN}.
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This set is an infinite-dimensional vector space (over the scalars in C). According to Defini-
tion 1.20, it is the span of the following set of functions indexed by R

V = span{v} := span{ej“’t; wGR}.

The set v is linearly independent since no non-trivial linear combination of such elements can
be the zero function provided the frequencies w,...,w, are all distinct. Thus the set v :=
{e?“*; w € R} is a Hamel basis for V (almost by definition). Note that this is an uncountable
basis since it has the same cardinality as R. We will return to this example in later chapters as
it forms the backbone of so-called “almost periodic functions”.

A more useful concept introduced in later chapters involves the same basis (1.19). We will
however define norms on subspaces of R%, and take the “closure” of span{e;} with respect
to those norms. This will yield for example the ¢?(Z) spaces. By taking the closure, we can
make sense of a series like (1.18), in that finite partial sums converge (in the defined norm)
to the element w. This discussion will have to wait until we define norms and convergence
properties.

1.4 Subspaces, Direct Sums and Quotients

A subset S C V of a vector space V that is itself a vector space is called a subspace of V.
The set S has to therefore satisfy all the properties listed in Definition 1.1. Some of these
properties are automatically inherited from V, namely, commutativity and associativity of
vector addition, as well as the properties of scalings. Thus we only need to explicitly require
the property of closure under linear combinations.

Definition 1.23. A subset S CV of a vector space is called a subspace if it is closed under
linear combinations

Va,B €R, z,y€S = ax+PyeE€S.

In particular 0 € S, and S is itself a vector space.

Example 1.24. Consider the set of “zero mean” vectors in R"

S = {xER"; zn:m:O}.
i=1

Due to the linearity of sums, this subset is clearly closed under linear combinations. If z,y € S,
then

n n

o law+py), = Y (azi+Py) = ay zi+BY yi = 0+0.

=1 i=1 i=1 i=1

Note that the zero mean condition can also be written as 1*x = 0, where 1* is the transpose of
1, the vector whose entries are all 1. The reader should verify as an exercise that for any fixed
vector v € R", the set {z € R"; v*z = 0} is indeed a subspace. Thus the example above is a
special case of this more general type of subspace.

Vector spaces can be “collected together” to form bigger vector spaces that contain
them. This is the concept of the direct sum of vector spaces. There are two versions of the
direct sum concept depending on whether we consider the vector spaces to be combined as
unrelated, or if they are subspaces of some larger vector space. We begin with the former
concept.
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Definition 1.25. Given two vector spaces V1 and Vs, their external direct sum is the set of
ordered pairs

Vi®eVa = {(vl,vz); vy € V1,03 € Vz},
where the vector space operations are defined “componentwise”; i.e.

(v1,v2) + (ug,usz) := (v1 + w1, v2 + ug), a(vy,v2) := (avy, avs).

The basic example is that of R? = R®.R, which is ordered pairs of real numbers.
Each vector space Vi and Vs is embedded in V6.V, as a subspace since e.g.

S = {(vl,O) € Vi®Va; vy € Vl}

is clearly a set closed under additions and scalings. S is itself a vector space which can
be “identified” with Vq, i.e. S is isomorphic to Vi. Now let’s look at another way we can
combine subspaces of a given vector space.

Definition 1.26. Given two subspaces S1,52 C V of a vector space V, their internal direct
sum s

S18;S, = {UEV; v =1v1 + v, v1 €51, Vo ESQ}.

This is the set of all possible linear combinations of elements from S; and So.

Note the difference between this definition and the previous one. In the latter, one
can make sense of the sum v + vo since both vectors are in V, in which addition is well
defined. The distinction in terminology between external and internal direct sums was made
to emphasize this difference.

Consider for example the plane R? and the subspace S which is the z-axis. The internal
direct sum R2@;S is just all of R? (adding a vector aligned with the x-axis to any other
vector in the plane gives a vector in the plane). However, when we take an external direct
sum, R? and S are considered as vector spaces in their own right, and not as subspaces
of another vector space. In this case therefore R?®.S = R3 since it is the set of ordered
3-tuples (two coordinates come from R?, and the third coordinate is from S, which is just
the set of real numbers).

The internal and external direct sums are equal, or more precisely they are isomorphic,
if any vector can written as v = vy + vy in a unique way. This turns out to be equivalent to
the two subspaces having only the trivial intersection.

Lemma 1.27. Let S1,52 C V be subspaces of a vector space V.

1. S1 NSy = 0 iff any vector v in the internal direct sum can be written uniquely as
v = vy + vy with v; € S;.

2. If S N'Se = 0, then the internal sum S1®;Ss and the external sum S1B.Se are iso-
morphic. In this case we simply write Sy ® Sa for either sum.

Proof. 1. We show the contrapositive. Suppose S; NSy # 0, and select a non-zero vector
w from it. Note that w € S; and w € Sy, and v can be alternatively decomposed as

v = v +v = (v +w)+ (va —w), (v1 +w) €Sy, (v2 —w) €Sy,

which is another, distinct (since w # 0), representation of v as the sum of two vectors
from S; and Sy respectively. This geometry illustrated in Figure 1.5a.
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(a) Two subspaces S; and Ss with a non-trivial intersection (b) A subspace Sy is complementary to an-
S1 NSz # 0 (here depicted as the thick grey line). Because the other subspace S; if S1PS2 = V, and S1NS2 =
intersection is non-trivial, any vector of the form v = vy + v2 0. This last condition insures that any vector
(where v1 € S; and vy € S3) can be rewritten in an infinite v € V can be written uniquely as v = v + va
number of other ways as the sum of two vectors from S; and S2 with v1 € S; and vy € Ss.

respectively. Given any non-zero vector w € Sy N Sa, then v =
v1 + v = (v1 +w)+ (v2 —w) is another distinct decomposition
of v.

Figure 1.5: Tllustrations of the concepts of internal direct sum and complementary subspaces.

Conversely, if there exists two distinct representations

v=v1+vy 01,01 €51 vy # U1 N (v1 + v2)-(01 +D2) = 0
:ﬁ1+@2, ’1)2,’1726527 OI’UQ#’(AJQ .

and this non-zero vector w belongs to both S; and Ss.

2. When S; NSy = 0, the unique decomposition v = v; 4+ vy gives a mapping A between
the external and internal sums

A:S1PBSo — 51@152, A(Ul,’UQ) = v1 + vs.

The uniqueness of the decomposition implies that this map is one-to-one. It is clearly
onto and linear, and therefore an isomorphism. O

It will be assumed going forward (unless otherwise stated) that when taking direct sums
of subspaces, their intersection is 0. The next concept deals with decomposing a vector
space into a direct sum of subspaces.

Definition 1.28. Consider a vector space V with a subspace S; C V. A subspace So is said
to be complementary to Sy if their intersection is zero, and their direct sum is all of V

So complementary subspace to Sy & S1NSy =0, and S1® S, = V.

This concept is illustrated in Figure 1.5b. Complementary subspaces are not unique. There
is always an infinite number of choices of subspaces that are complementary to any given
subspace®.

Example 1.29. Consider the space R of functions on the real line. We will give two different
decompositions of it into complementary subspaces. First, recall that any function « on the real
line can be written uniquely as the sum of its odd and even parts

Uo(t) := u(t) — u(—t), Ue(t) := u(t) + u(—t), = u(t) = (uo(t) + ue(t)) /2.

5t is important to mention that a complementary subspace Sz does not have to be “orthogonal” to
S1. The concept of orthogonal complements will be discussed later when inner products, and therefore the
notion of orthogonality, are introduced. Orthogonal complements are however unique.
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Uo u U
(=

Ue

— R

Figure 1.6: The decompositions of Example 1.29 of the space of functions on the real line RR into two
complementary subspaces in two different ways. (Left) Any function can be written uniquely as u(t) =
Uo () 4+ ue(t), the sum of its odd and even parts respectively. (Right) Any function can be written uniquely
as u(t) = ut(¢) +u—(t), the sum of functions supported on [0 00) and (—o0, 0) respectively. Thus the vector
space RR is isomorphic to the direct sum R[0:5°) g R(~2°

Let (RR)O and (RR)e refer to the subspaces of odd and even functions on R respectively
(convince yourself that they are indeed subspaces). Their intersection is zero since any function
that is both even and odd must satisfy

u(—t) = u(t) = —u(t) = u(t) = 0.

Thus R® = (R¥)_ @ (R¥)_is a decomposition into complementary subspaces. This decompo-
sition is illustrated in Figure 1.6

Alternatively, consider the subspaces of RF of functions that are supported on the non-
negative and negative real lines respectively

(RF) ={u:R—>R; u(t)=0,ift<0}, (R¥)_:={u:R—=R; u(t)=0,ift>0}.

Any function can be decomposed uniquely into its corresponding positively and negatively sup-
ported parts

w (£) = { 37(15), iig w () = { 2’(15), iig S ul) = uy () tu(8).

This decomposition is illustrated in Figure 1.6. The intersection of (R¥)_ and (R¥) _ is clearly

zero, and therefore they are complementary subspaces of RE.

Finally, we note that this last decomposition gives a useful illustration of the correspondence
between internal and external direct sums. Consider the space RI%>) of functions defined on
[0,00). It is clearly isomorphic to the subspace (R¥)_, but they are not equal. The former
contains functions that are defined only on the interval [0, 00), while the latter has functions
defined on all of R, but constrained to be zero over (—oco,0). Similarly for RC%:0) These
isomorphisms can be summarized as follows

(RR)+ ~ RO R _ (mR R R [0,00) (-00,0)
R ~ RO and RY=(RY), & [RY)_ =  RI~RO¥g R
Thus RE is equal to the internal direct sum of two complementary subspaces, while it is iso-
morphic to the external direct sum of two separately defined vector spaces. Once this no-
tion is understood, we will not make a distinction in the sequel between internal and exter-
nal direct sums (provided the intersection of the subspaces is zero), and we may simply write
RE = R9:%) gy R(220) with the understanding that this is equality “up to isomorphisms".

Projections

Whenever a vector space V has a decomposition in terms of complementary subspaces S;
and Sg, then projection operators onto those subspaces are defined as follows. Since every
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v € V has a unique decomposition as the sum of two vectors
v = v + Vg, v1 €Sy, v2 €Sy,
this gives the well-defined mappings

H1:V—>51 IIiv = »n
HQ:V_>52, v = ’U2.

These mappings are clearly linear. For example, for any two elements v, w € V, each has a
unique decomposition v = vy + vy, w = w1 + wa, and therefore v+ w = (v1 + w1 ) + (vy + wo)
is a unique decomposition, and consequently Iy (v + w) = v1 + wo = [Ijv + I w.

Projections can be visualized as in Figure 1.5b, and are generally called oblique projec-
tions. In inner product spaces (to be introduced later), there is a notion of orthogonality,
and when the complementary subspaces are orthogonal, then the projections I1; and Il5 are
called orthogonal projections.

The projections II; are linear operators, and they have a very special property. If we
apply the projection twice to the same vector II?v = II (TIv) = Ilv; = v; (since v; is already
in Sq). This property is a defining property of projections as the following statement implies.

Lemma 1.30. Let I1 : V — S be a linear operator from a wvector space V to a subspace
S CV. If1I? =11, then II is a projection, and the linear operator

M, := (I—T1I),

is the complementary projection which maps I, : V. — S¢, where S, := Im(Il..) is a subspace
complementary to S in V.

Proof. First note that the two mappings IT and (I — II) give a decomposition of any vector
v = T4+I-Mv = Tv + (I-TMv = v; + vg, v1 €S, vy €Se.

To show that S and S, are complementary, we need to show that their intersection is 0.
Indeed, suppose a vector v € S and v € S,

v =v, and (I —IMMv=v = v=[I-IMv=v-Ilv=v—v=0.
Thus only the 0 vector is in SNS. and therefore the two subspaces are complementary. [

The lemma gives a technique for finding complementary subspaces. If we find an operator
that is equal to its square I1? = II, then the lemma guarantees that Im(I1) and Im(I — II) are
complementary subspaces, and the decomposition of any vector can be obtained by applying
those two operators to the vector.

Example 1.31. Returning to Example 1.29, consider again the space of all functions on the
real line V = RR. Define the operator IT which “zeros out” the part of a function on the negative
real line (—o0,0)

LOICIS

This operator clearly has the property II? = II. It is easy to see that its complementary projection
(I —T1I) “zeros out” the part of a function supported on [0, c0)

B B B o u(t), t<0,
(I—H)uu—Huu—quu.{O’ t>0 >

where we are using the notation of Example 1.29 for the positively uy and negatively u_
supported portions of u respectively.
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v +S=uvy+S

. S,
<t
.
-
o
V/S V/Si ~ S
(a) Cosets of a subspace S are sets of the form v+S (depicted (b) The set of all cosets V/S; can be identified
in green) for any vector v, called a coset representative. Rep- with (i.e. is isomorphic to) any space S» that is
resentatives are not unique, any two vectors with vy —vy € S complementary to S;. Complementary subspaces
represent the same coset, i.e. v1 +S = vy + S. At the top, S; and Sy intersect only at 0, and it then follows
the sum (v1 +S) 4+ (v2 +S) = (v1 + v2) + S is depicted. The  that Sy intersects each coset at exactly one point.
set of all cosets of any subspace is itself a vector space with Each such point is taken as the representative of
addition and scaling induced from the original space V. This its containing coset, and this gives the isomor-
set is denoted by V/S (depicted in blue), the quotient space phism Sp ~ V/S;.

of V by S.

Figure 1.7: The concepts of cosets of a subspace and the corresponding quotient space. The quotient of
V by Si, denoted V/S; is isomorphic to any subspace Sg that is complementary to S;.

1.4.1 Cosets and Quotient Spaces

The problem of finding complementary subspaces is a fundamental one that occurs often,
and we will introduce various techniques for addressing it depending on the setting. At a
more abstract level, there is a generic technique for constructing a complementary subspace
using the notion of cosets of subspaces.

Definition 1.32. Given a subspace S C V, a coset of S is a set of the form
v+S = {v+ua; x €S},
where v € V is any vector, which is called a representative of the coset v+ S.

Note that coset representatives are not unique. For example given any coset v+S, adding
an element u € S to v gives the same coset

u€eS = (v+u)+S={(v+u)+z; z€St={v+y; yeS}=v+S (1.20)
Thus v and v + u represent the same coset if u € S. Also note that if the representative is
actually a member of S, then its coset is just the “zero coset”, which is the subspace itself

vES = v+S =0+S = S.

Cosets can be visualized as “affine shifts” of the subspace as illustrated in Figure 1.7a. The
figure also illustrates another way to see (1.20). Two vectors v; and vy whose difference lies
in S represent the same coset

(’0171}2)65 =4 v1+S = vy +S.

We now consider the set of cosets of a given subspace S. First observe that belonging
to a coset is an equivalence relation, i.e. if v; and vy belong to a coset, vo and vs belong
to the same coset, then clearly v; and vs belong to that coset. Therefore cosets of a given
subspace partitions V into non-intersecting subsets whose union is all of V.

The set of cosets is itself a vector space with the natural definition of addition as

(11 +S) + (v2+S) = (v1+wv2)+S
a(w+S) = av+S.
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These definitions are independent of the choice of cosets representatives, e.g.

v1+S = ur +S = up —v1 €S
v2+S = us +S = uy — vy €S
(’U1—|—1}2)+S = (1}1+U2)—|—(U1—U1)+(UQ—U2)+S = (U1+UQ)+S.

Figure 1.7a depicts several cosets of a subspace S. These cosets are visualized as a “layered”
collection of affine spaces, which can be added and scaled in the same manner as their coset
representatives.

The set of all cosets of a subspace S C V is a vector space called the quotient space V/S.
Figure 1.7a illustrates that V/S can be thought of as a subspace complementary to S. We
make this precise in the next statement.

Lemma 1.33. Let S; C V be subspace of a vector space V, and So C V be a complementary
subspace. Then Ss is isomorphic to the quotient space V' /Sy. Thus for any subspace S C V,
the vector space decomposes as V ~S@®V/S.

Note that this lemma also implies that all subspaces complementary to a given subspace
are isomorphic to each other, and to V/S; in particular. The argument for this lemma is
best illustrated by Figure 1.7b. Consider all cosets of S; (which partition the entire space
V), and their intersection points with the complementary subspace So. Since S; and So
intersect at only the single point 0, then it follows that S, intersects each coset at exactly
one point. Indeed, if v; # vy belong to the same coset (i.e. v1 —v9 € S1), and they also
belong to So, then v — vy € Sy (since Sy is a subspace), and therefore v; — vy # 0 belongs
to S1 N Ss, which means that So is not complementary to S;.

Another perspective on this lemma is given by reexamination of Figure 1.7b. One can
always choose one representative from each coset of Sy, and the collection of such represen-
tatives forms a set that is in one-to-one correspondence with V/S;. However, in a vector
space, those representatives can be chosen so that they themselves form a subspace, namely
the subspace So. We note that this process of choosing representatives is not unique, as is
the choice of complementary subspaces.

1.5 Image/Null Subspaces and Linear Equations Solvability

The theory of vector spaces and linear operators provides a powerful framework for treatment
of the many of fundamental equations in science and engineering. These vary from matrix-
vector equations to (ordinary or partial) differential equations as well as integral equations.
If a vector space structure can be found in which the equations involve linear operators,
then this theory is applicable. It is also often true that for nonlinear equations, analysis
of the linear parts provides significant insight into properties of the solutions of the overall
equations.

The first questions about equations are those of solvability, i.e. when do there exist
solutions, and if they do, are they unique? If not, can one characterize all possible solutions?
Regardless of the details of the equations (e.g. whether they involve matrices, differential
or integral operators), the notions of image and null spaces are fundamental to answering
solvability questions for linear equations. We first motivate the formal definitions.

When do there exist solutions to a linear equation? Consider a linear operator A : V —
W between vector spaces and the equation

Az = b, (1.21)

where b € W is some given vector. It’s almost a tautology to say that there exists a solution
iff there exists a vector Z € V such that Az = b. We therefore are motivated to define the
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A

Nu(A4) Im(A)

Figure 1.8: Tllustration of the image Im(A) and null Nu(A) spaces of a linear operator A between two
vector spaces V and W. The image space (depicted in light blue on the right) is elements of W that are
images of any elements in V. It is a linear subspace of W. Clearly A is onto iff Im(A) = W (i.e. the image
space of A “fills up” all of W). The null space is the set of all elements that are mapped to 0 (depicted in
light red on the left). It is a linear subspace of V. The null space always contains 0, but if it contains other
elements, i.e. Nu(A) # 0, then A is clearly not one-to-one (more than one element is mapped to the same
element, namely zero). It is also true that Nu(A) = 0 iff A is one-to-one.

set of all vectors in W for which there exists vectors in V mapped to them. This is the
concept of the “image space”.

Definition 1.34. Given a linear operator A : V — W between two vector spaces V and W,
the image space Im(A) CW of A is
Im(A) :={weW,; JveV,Av=w}

As illustrated in Figure 1.8, the image space is the range of A as a function (i.e. all the
elements of W that have at least one element of V mapped to them). The fact that it is a
subspace (rather than an arbitrary set) is a consequence of the linearity of the mapping A

wy = Avy, we = Avs = Aawg + fva) = a Avy + 5 Avy = awy + fws,
wy, wz € Im(A) = (cw; + Pws) € Im(A).

We can now simply say that there exists a solution to (1.21) iff b € Im(A). Suppose
now we want to go further and find a criterion for solvability of (1.21) for all possible “right
hand sides” b € W. It is immediate from Definition 1.34 that as a mapping A is onto iff
Im(A) = W (we can say that the image of A “fills up” all of W). We can now say that for
any b € W, there exists a solution to (1.21) iff Im(A) = W.

Now for the other important questions of whether a solution is unique, and if not, how
to characterize all possible solutions. The key is to consider the homogenous equation

Axr = 0. (1.22)
Now suppose we have found one solution z € V to the original equation so that
Az = b.

The linearity property then implies that any vector of the form Z + Z where T solves the
homogenous equation (1.22) (i.e. AZ = 0) must also be a solution since

A(F+F) = AT + A = b+ 0 = b. (1.23)

Therefore given one solution of the original equation, we can generate other solutions by
simply adding to it any solution of the homogenous equation (1.22). Observe that the set
of all solutions to the homogenous equation is actually a subspace since

Ax1 =0, Azo =0 = A(az; + Pxs) = a Az + Azg = 040 = 0.

The set of all solutions to the homogenous equation (1.22) is called the “null space” of the
operator A. We are therefore led to the following definition.
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Definition 1.35. Given a linear operator A : V — W between two vector spaces V and W,
the null space of A is the subspace of vectors mapped to zero

Nu(A):={veV; Av=0} CV.

Figure 1.8 illustrates the geometry where the null space is the set of all vectors in V mapped
to the zero vector in W.

Recall that the image space characterizes when a map is onto. On the other hand, the
null space characterizes when a linear map is one-to-one. Indeed, note that zero is always
in the null space since zero is mapped to zero by any linear operator. If the null space of A
contains more than just the zero element, then A is clearly not one-to-one since more than
one element is mapped to zero. Conversely, suppose that A is not one-to-one, then there
are two vectors vy # vy such that

A’Ul = A’UQ ~ Av1 —A’UQ =0 ~ A(Ul —’02) = 0,

i.e. we found a non-zero vector vy — vo # 0 that is in Nu(A). Note how the linearity of
A was the key to this argument. We therefore have just argued the contrapositive of the
following statement

A is one-to-one & Nu(A4) = 0. (1.24)

This criterion is exceedingly useful! Checking whether a mapping is one-to-one would require
insuring that all elements of the domain set are each mapped to distinct elements. For linear
mappings, it suffices to check the size of the null space. We now summarize all the previous
arguments in the following lemma.

Lemma 1.36. (Linear Equations Solvability) Let A : V — W be a linear operator between
two vector spaces. Consider the abstract linear equation Av = w where w is given, and v is
the unknown.

1. For a fixed w € W, the equation Av = w has a solution iff w € Im(A).
2. For each w € W, the equation Av = w has a solution iff Im(A) =W (i.e. A is onto).

3. Given w € W, and one solution AT = w, this solution is unique iff Nu(A) = 0.

If Nu(A) # 0, then any other solution of Av = w is of the form v = v + 0, where
¥ € Nu(A).

We have already argued all the points above except for the last one. The argument (1.23)
shows that if & € Nu(A) then © + ¢ is a solution. Conversely, if v any other solution with
Av = w, then consider v — v

Alv—7) = Av— Ao = b—-b =0 = v:=v—0€Nu(4), andv=70+19,

i.e. the solution v can be written as ¥ + ¥ where v is in the null space. Thus the null space
“parameterizes” all solutions of a linear equation.

In summary, Lemma 1.36 implies that to understand properties of solutions of linear
equations, one must understand the null and image spaces of the underlying operator.

Example 1.37. For matrices, the image space is the so-called “column span” (the span of the
all the columns viewed as vectors). This can be easily seen from the definition of matrix-vector
products and partition notation as follows. Let A : R™ — R"™ be an n x m matrix. It maps a
vector v € R™ to a vector w = Av € R™ by

o] <[ ][] = [o]e o o]
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where {a,...,a;} are the columns of the matrix A. This way we can view w as a linear com-
bination of the columns of A, formed with coefficients {v1, ..., v}, which are the components
of the vector v. If we let v range over all possible vectors in R™, then the left hand side w will
correspond to all possible linear combinations of the columns of A, i.e. to the column span. We
therefore conclude that for a matrix A

Im(A) = col.span(A).

Example 1.38. Consider the two-variable equation

Al El=0) 19

To see if there exists a solution, check whether the vector (1,1) is in the image space, or
equivalently in the column span of the matrix. The two columns of the matrix are actually
multiples of each other (column 2 is -1 times column 1) and therefore we conclude

m([2 ) o [i] [l > (12518 oot

On the other hand, consider the equation with a different right hand side which is in the
image space

Ll l=0) o

By inspection, one solution is the vector (Z1,Z2) = (0,1). To characterize all solutions, we need
to find the null space. By inspection again, one vector that is in the null space is (1,1)

et

Could the null space be any bigger? The answer is no, and the justification will be provided by
the rank-nullity theorem of the next section®, which in this case states that the dimension of
the null space plus the dimension of the image space is exactly 2 (the dimension of the space
in which z lives). We already showed that the image space is 1 dimensional, and therefore the
null space must be one dimensional. Therefore all solutions of (1.26) are

evs=[]ra[]=]0] een

The reader should verify that any vector of this form satisfies (1.26).

Example 1.39. Consider the first order differential equation

df _
) = (), telab), (1.27)

where @(.) is a given function on the interval [a, b]. Recalling the derivative operator of Exam-
ple 1.13, we can think of this differential equation as a linear equation in a function space of the
form (1.21) as follows

Df = w, D : C'{a,b] — Cla,b]. (1.28)

6In this simple example, this can also be justified directly. An vector z in the null space satisfies
r1 —x2 = 0 and —x1 + x2 = 0. All such vectors have the property that x2 = —x1, and are therefore scalar
multiples of the vector (1, —1). The rank-nullity theorem is however useful for more complicated examples.
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For a given right hand side @, the equation has a solution iff @ € Im(D). Examining the image
space is relatively easy in this case since integration reverses D up to a constant, i.e. given a
continuous function g € Cla, b], then for any constant ¢ € R

i(/atg(T) dr + c> = g(t).

The indefinite integral of g € Cla,b] belongs to Cl[a,b], and therefore the mapping D :
C'[a,b] — Cla, b] is onto and Im(D) = Cla, b] in this case. Therefore, the equation (1.28) has
a solution f € Cl[a,b] for any w € C[a, b].

To find all solutions, we need to characterize the null space Nu(D)

4

D =
f 0 & L

t) =0 & ft) = ¢, ceR,
i.e. it is the one-dimensional space of constant functions. Therefore, given any particular solution
f of (1.27), all other solutions f are obtained by adding elements of the null space

f@&) = f@t) + ¢ ceR.

1.5.1 The General Rank-Nullity Theorem

Some questions about linear operators or solvability of linear equations do not require a
complete characterization of the image and null spaces, but only knowing their dimensions.
This leads to the concepts of the “rank” and “nullity” of a linear operator.

Definition 1.40. Given a linear operator A : V. — W between two vector spaces, its rank is
the dimension of its image space and its nullity is the dimension of its null space

rk(A) := dim(Im(4)), nl(4) := dim(Nu(4)).

Both rank and nullity could be finite or infinite. Of course if W is finite dimensional, then
necessarily the rank is finite, and similarly if V is finite dimensional then the nullity is finite.
It is also possible that some operators between infinite dimensional spaces can have finite
rank or finite nullity (but not both, see (1.29) below).

For matrices, we recall from Example 1.37 that the image space is the column span,
which then implies that the rank of a matriz is precisely the number of linearly indepen-
dent columns. This last statement is sometimes taken as the definition of the rank of a
matrix. However, Definition 1.40 is preferable as a starting point since it is applicable to
any linear operator and thus more general. The statement about the number of linearly
independent columns of a matrix should be thought of as a result (justified in the arguments
of Example 1.37) rather than a definition.

A related statement that the reader may be familiar with is that the number of linearly
independent columns of a matrix is the same as the number of linearly independent rows
(and is equal to the rank). While it is possible to prove this fact by algebraic manipulations,
there are important geometric reasons for this fact that are difficult to appreciate at this
point. A better geometric understanding can be achieved after discussing the fundamental
concepts of duality and operator adjoints, and we therefore postpone a proof until then.
In the meantime, we can still uncover interesting and fundamental relations between null,
image and quotient spaces. This is the subject of the so-called rank-nullity theorem.

Let A:V — W be a mapping between two vector spaces. Consider first the case when
A has trivial null space (i.e. Nu(A) = 0). Recall from (1.24) that this implies that A is
one-to-one. Now consider Im(A) C W, which is a subspace of W (see Figure 1.9a for an
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v A
° -0
0= Nu(A)

(a) When the null space Nu(A) is trivial (i.e. just the zero element), then the linear mapping A is one-to-one.
This implies that V is mapped isomorphically onto Im(A) C W. Since Im(A) is itself a vector space, we have
a vector space isomorphism Im(A) ~ V.

: Im(A) W

A

(b) The quotient space V/Nu(A) can be viewed as a subspace complementary to Nu(A) in V. The null space
is mapped to 0, but the complement V/Nu(A) is mapped isomorphically (one-to-one and onto, depicted by
the long blue arrows) to Im(A). Since Nu(A) & V/Nu(A) ~ V, and V/Nu(A) is isomorphic to Im(A), this
implies the isomorphism Nu(A) @ Im(A) ~ V. This isomorphism holds even though Nu(A) and Im(A) are in
different spaces, and therefore @ here is the external direct sum. The isomorphism implies the rank-nullity
relation dim(V) = nl(A) + rk(A).

Figure 1.9: Tllustration of rank-nullity Lemma 1.41 in the simple case when Nu(A4) = 0 (top), and the
general case Nu(A) # 0 (bottom).

illustration). Since Im(A) is itself a vector space, we can think of A asamap A:V — Im(A4),
which is then onto by definition. Since this map is now one-to-one and onto, we can say
that V is isomorphic to Im(A) if Nu(A) = 0. This is true even if Im(A) doesn’t “fill up” all
of W, since now we consider A as mapping onto Im(A) rather than W.

What if Nu(A) # 0?7 There is still an important statement we can make. Refer to
Figure 1.9b and consider the quotient space V/Nu(A). Recall (Lemma 1.33) that it can be
viewed as a subspace (of V) complementary to Nu(A). The restriction of A to V/Nu(A)
has trivial null space (the intersection of V/Nu(A) and Nu(A) is 0), thus restricting A to
the subspace V/Nu(A) (or equivalently to any subspace complementary to Nu(A)) makes
it into a one-to-one mapping onto Im(A). This implies that the quotient space V/Nu(A) is
isomorphic to Im(A). We summarize the above conclusions in the following Lemma.

Lemma 1.41. Let A:V — W be linear operator between vector spaces.
1. If Nu(A) =0, then A is one-to-one and V is isomorphic to Im(A).
2. The restriction of A to V/Nu(A) defined by
A(v+Nu(A)) = A,

maps V/Nu(A) isomorphically onto Im(A). Therefore V/Nu(A) ~ Im(A).

Equivalently, any subspace of V' complementary to Nu(A) is mapped by A isomorphi-
cally onto Im(A).

3. rank-nullity: V.~ Nu(A) ® V/Nu(4) ~ Nu(A)®Im(A). In particular

dim(V) = dim(Nu(A)) +dim(Im(4)) = nl(A) +rk(4). (1.29)
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The third statement is illustrated in Figure 1.9b where V is the direct sum” of Nu(A)
and V/Nu(A), both viewed as subspace of V. Since V/Nu(A) and Im(A) are isomorphic, we
can then say that V ~ Nu(A4) & Im(A) even though Im(A) is a subspace of another vector
space W.

Another consequence of (1.29) is that if V is infinite dimensional, then the rank and
nullity cannot both be finite. A linear operator on an infinite dimensional space can possibly
have finite-dimensional null space or a finite-dimensional image space, but not both.

1.6 Bases Representations and Change of Bases

We have shown several examples of finite-dimensional vector spaces that “look like” R™.
In fact, for any finite-dimensional vector space, there are many ways to map it to R"
isomorphically by choosing different bases.

Lemma 1.42. Let v := {vg; k=1,...,n} C V be a basis. Each element uw € V can be
written as a unique linear combination of the basis elements, i.e.

U = r1v1+- -+ T0, = YU+ -+ Yo, = T =y, k=1,...,n. (1.30)

Thus a choice of basis v induces a well-defined mapping w — (1, ...,x,), which is a vector
space isomorphism from V to R™.
The unique n numbers (x1,- - , ) are called the coordinates or the representation of the

vector w in the basis v.

Proof. If for at least one index k, xp # yi, then subtract one representation from the other
0 =u—u = (z1—y1) vi+- -+ (Tn —Yn) Vn.

Since (rx —yr) # 0, we have found one non-trivial linear combinations of the basis elements
that sums to zero, i.e. the set v is not linearly independent. This uniqueness property shows
that the mapping w — (z1,...,2,) is well defined and one-to-one. It is also onto since
any n-tuple of coefficients (z1,...,2,) corresponds to a vector in V by taking the linear
combination (1.30) (because v is a basis).

Finally, the mapping is linear since

u:$1'171+"'+37nvn} = ut+w=(r1+y1) vi+ -+ (@n+Yn) Vn,

w=yi1V1+ -+ YaUn

and recall that (1, ..., 2n)+ (Y1, -, Yn) := (T1+ Y1, ..., Tn +Yn) is the definition of vector
addition in R™. Thus the mapping w + (z1,...,x,) is an isomorphism. O

Lemma 1.42 implies that every finite-dimensional (real’) vector space V is isomorphic to
R™, where n is the dimension of V. Every choice of basisv := {vg; k=1,...,n} C V induces
an isomorphism between V and R™. We call such an isomorphism a basis representation of
elements of V. To make this precise and avoid confusion, we adopt the following notation
as needed for clarity

U= T1V1 + -+ TV, & [u], = (21,...,25). (1.31)

v

Thus [u], is the vector of coefficients of w in the basis {vy}. In a different basis, say {ws},
the same vector u will have a different set of basis coefficients [u],,.

"Note that by definition of the quotient, V ~ U & V /U where U is any subspace of V. Here we apply this
statement to the subspace Nu(A).
8Similar arguments imply that also any n-dimensional complex vector space is isomorphic to C™.
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Recall that when we write a column vector € R", we are implicitly writing it using a
basis expansion in the canonical basis e := {ej,...,e,}

1
T = : = x1
Tn

In the notation of (1.31), = [x],, but since x is actually given in terms of the canonical
basis to begin with, we sometimes simply write = rather than [x],.

Now given another basis v := {v1,...,v,} of R”, how do we find the coefficients of any
vector x (given initially in the canonical basis) in this new basis? We present now a method
that gives a nice, compact formula for the new coefficients using matrix-vector notation.

1
0

0

0] = x161+"'+xnen~
1

+...+ Tn

0

Lemma 1.43. Consider a basisv := {v1,...,v,} of R", and the representations {[vi],, ..., [vn].}
of its vectors in the canonical basis. Given any vector x € R™, the relation between its rep-
resentation in the canonical basis e and the new basis v is given by

@], = | | = [vl]e§'~~§[vn}e | =t )., (132)

T : : Tn

r=2zx1€1 + -+ Tpe,
:-f?lvl + +§:n'un
where Ve is the matriz made up of the vectors {[vi],} as its columns.

Proof. Observe that the expansion of x in the new basis can be written compactly as the
following matrix-vector product

T =101+ + Tpv,
(i
(], = &1 [v1]e + -+ + & [vn], [z], = Ve [z],
(; ) & s ;
o 2), = ;' [a],
[z], = = | [olei-iloale || 5

where V, is the matrix whose columns are the vectors {vy } expressed in the canonical basis,
and [x], is a column vector containing the new coefficients. Since the columns of V; are
linearly independent, V, is invertible. O

The matrix V defined above has a geometric interpretation. It maps each canonical basis
vector to the respective new basis vector

o 0 k’th entry
VEk[vl"'vn] [1]/ = v,

0

where we have dropped the notation [vy], and Ve for simplicity. If we think of {e;} as
coordinate axes, and similarly consider {v;} as new coordinate axes, then V is the lin-
ear transformation on R™ that transforms the old coordinate axes to the new ones. The
coefficients of any vector however transform according to V! in (1.32). We say that the
coefficients transform in a contravariant (i.e. in the “opposite”) manner to the coordinate
axes. Figure 1.10 illustrates this geometry with an example.

In Example 1.19 we saw how to relate two different bases and the corresponding coef-
ficients in those bases. The arguments in (1.16)-(1.17) apply to bases of any size, and we
state the conclusion next.
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Figure 1.10: A change of basis can be viewed as a transformation of “coordinate axes”. Here the matrix V'
transforms (top figure) the canonical basis vectors e; and ez to the vectors v1 and vz , the two columns of
the 2 X 2 matrix V. The transformation of bases is depicted as a 45° counter-clockwise rotation of the axes.
On the other hand, the coefficients (z1, x2) and (21, £2) of any vector @ in each of the two bases respectively
transform with V'~ i.e. in a manner “contravariant” to the transformation of the axes. The vector (&1, Z2)
of coefficients (as distinct from the vector @« itself) is depicted (bottom figure) as a 45° clockwise rotation
of the original coefficents vector (z1,z2).

Lemma 1.44. Letv := {v1,...,v,} andw := {wy,...,w,} be two bases of an n-dimensional
vector space V. Let {[vi],} and {[wy],} be the vectors of coefficients of the sets v and w in
any third basis u, and form the matrices

VvU = [’Ul]ui.“i[vn]u ) WU = [wl]uii[wn]u Y
If [u],, = (z1,...,2y) and [u], = (&1,...,&,) are the respective basis coefficients of any
vector u € V

U = Tw;+--FTw, = T+ + T, (1.33)

then the two sets of coefficients are related by
(1.34)

where A := V;'W,,. The matriz A is independent of the choice of the third basis u.

Proof. Since v and w are both bases of R", each element of w can be written as a linear

combination of elements of v. Denote the coefficients of these linear combinations as follows
Wy = 1501 + -+ AUy, k=1,..,n. (1.35)

Note that these coefficients are determined by the sets v and w, and do not depend on any

third bases u.
The equations (1.35) can each be expressed in the third basis u. First, each as an equation
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with a matrix-vector product, and then all of them together as a single matriz equation

i i i 1 21k
[wk:]u = aik [Ul]u+"'+ank ['Un}u = [’Ul]ui'”i[vn]u y kzla",n
L : : ] _a’ﬂk
i T [@1r - Gin
s il | = | e, s
1 ‘ ‘ 1 a anl Ann

= W, =V, A = A = V:iw,

where the matrix A is defined as above using all the coefficients {a;; }. Note that the matrices
V., and W, are invertible (since their columns are linearly independent respectively), and
then so is A.

Now given any vector u, we can write the expression (1.33) in the v basis as

u = v+ +IpVn = s1wr + -+ Tpwy
B P 1
< [u]v = : = $1 [wﬂv + e + l’n [wﬂ}v = [wl]v § e § [wn]v
Ty P Ty
& [ul, =W, [u], = A [u],.

The last equivalence follows from A = VW, in any basis u. In the v basis V, = I, and
therefore A = V;1W, = W,. O

Note how this lemma generalizes the previous Lemma 1.43. To obtain the previous
lemma from the current one, set w = e, and use u = e. We then have that W, = I, and
Lemma 1.44 says A = V;1W, = V!, which the same statement as in Lemma 1.43.

1.6.1 Matrix Representations of Linear Operators

Consider a linear operator A : V — W between two finite dimensional vector spaces. The
operator A is given by some recipe or algorithm such that given any vector f € V, the
algorithm gives the vector Af € W.

Let v := {v1,...,v} and w := {wy,...,w,} be bases in V and W respectively. We
now ask the following question. If a vector f is mapped to a vector g = Af, how is the
basis representation of f mapped to that of g7

Consider the basis representations of f and g (in the respective bases of V and W), and
organize the coefficients into “column vectors” as follows

f = zmv+- v
g y1w1+"'+ynwn’

xr,n yn

Our goal is to find the matrix that relates those two coefficient vectors.
Each v; is mapped to a vector Av; € W. Since {w;} is a basis in W, we can write Av;
as a unique linear combination

.Avj = a1j w1+ -+ Gnj Wy, J=1...,m. (137)

where {a1j,...,a,;} are the coefficients of the representation of Av; in the basis {w;}. This
set of n x m numbers {a;;} is what we need to describe the relation between the column
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vectors & and y in (1.36). Consider now the equation g = Af expressed using the basis
expansions of f and g

g=Af = A ijvj = ij A (v;) (by linearity of A)
j=1 j=1
m n m n
= Za:j (Z aijwi> = Z ( aijx]) w; (from (1.37) and rearranging sum)
j=1 i=1 j=1 \i=1
m
= Yi = Zaij Tj.
j=1

Note that the last sum is the matrix-vector product between the matrix whose entries are
{a;;} and the vector . We summarize the above in the following statement.

Lemma 1.45. Let A :V — W be a linear operator between two finite dimensional vector
spaces with bases v := {v;; i=1,...,m} and w:= {w;; i =1,...,n} respectively. Let the
array of numbers {a;;} be the coefficients of the vectors Av; in the basis w as

Avi = anwi + -+ + ap1 Wy,
(1.38)
Avm = QW1 + -+ Ay Wh,
For any vectors f € V and g € W with g = Af, their basis coefficients are related by
Y aii - aim T

& yi=1|:|=1": : | = Az (1.39)

Yn apl * - Apm Tm

f=x1v1+~--+xmvm
g=y1wi+ -+ ypwn

ail v G1im
Thus we say that A := [ : :

nl = Gnm

] is the matriz representation of the operator A in the

bases {v;} and {w;}. Note the arrangement of the coefficients {a;;} in (1.38) in comparison
to that in (1.39). As arrays, they are “transposes” of each other.

If the linear operator A is already described by a matrix representation (say with respect
to the canonical basis of R™), then the lemma above describes how to change bases. This is
worked out explicitly in Example 1.47 below. However, we begin here with a more abstract
example where the operator A is first given in a “basis-free” manner.

Example 1.46. Recall the space R{1:0):0:(0.11} of Examples 1.4 and 1.19. Let A be an operator
which acts on functions over [-1,1] in the following manner

—f(l‘), HAS [_170)3
( z =0, (1.40)
f( +f(_‘r)’ :L’E(O,l].

It's easy to verify that this operator is linear. If f is piece-wise constant on [-1,0) and (0, 1],
then so is Af, and therefore A maps the vector space RI[1:0).0:(0:1} o jtself.

Now consider the basis v := {v1, v2, v3} shown in Figure 1.4. What is the matrix represen-
tation of the operator A of (1.40) in this basis? To answer this, we simply repeat the procedure
described earlier. In particular, we need to find the coefficients {a;;} of (1.37). Note that in this
case, the two vector spaces V and W, and the two basis sets are the same respectively. The first
step is to apply the operator A as described in (1.40) to each of the basis elements as shown
here

(Af) () = ;

T
T
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v Vo U3
—0 j o—

I
¥ y ¥

Av 1 [ S— .A’UQ i Av 3 [ S—

— I

The next step is to write out each Awv; in terms of the basis, which will then yield the matrix
representation coefficients {a;;} as follows

.A’Ulz 7'014’0’024"03 -1 0 0
Avy = 0v; + v + Ovus = A = 0 1 0
Avy = 0v; + 0vy + w3 1 0 1

Note again how the array of coefficients on the left is the transpose of the array of matrix entries
on the right as per Lemma 1.45.

To take this example further, consider this same operator and g = Af, but now we choose to
represent f in the v basis and g in the w basis of Figure 1.4. What would its matrix representation
be in this case? Following the procedure of Lemma 1.45 again, we calculate (from the above
figure, and from the description of the basis w in Figure 1.4)

Avy = 0w; + 0wy — w3 0o 0 3
Avy = 0wy + wy + Ows = A = 0 1 0
Avy = Jwy + 0wy, — ws -1 0 -1

Example 1.47. Recall that when we write a column vector x € R", we are implicitly writing
it using a basis expansion in the canonical basis

1
xr = l] = 1
Tn

Now given an n X m matrix A, it defines a linear operator A : R™ — R"™ by the usual matrix-
vector product. Comparing the matrix-vector product with (1.37)

1
0

0
i = merd o+ znen.
1

0

n air - Gim I aij
= : : : = Aej = : =ajjer + - apjen.
Yn ap1 - Gpm Tm QAnj

Thus the ij'th entry a;; of the matrix A is the i'th coefficient of the expansion of the vector
Ae; in the canonical basis {e1,...,e,} of R™. In other words, when we write down a matrix,
it is the representation of a linear operator in the canonical basis.

A natural question is what are the entries of the matrix representation of A if we choose
different (other than the canonical) bases for R™ and R™? Lemma 1.45 gives the answer in
general, and we will apply this lemma to give a compact formula using matrix notation as
follows. Let v :={vy,..., v} and w := {w1, ..., w,} be bases for R™ and R" respectively.
Each element of each basis can be written as a column vector, and those column vectors
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can be “joined together” to form two matrices as follows

U1y 7 Vi1 0 Uim
vi=|:|,ji=1.,m, Vi=|v1: U = V= ,
vm,j E Um1 e Umm
Wiy : : ] w11 W1in
w;=| : |,J5=1,.,n, W = [wl"'wn = W = :
Wn,j - Wn1 *° Wnn

Note that all these vectors are written in terms of the canonical basis, but we have now
dropped notation like [v;], and V. for simplicity.

Now let A = [a;;] be the matrix representation of A in the bases v and w of R” and R™.
By (1.38) (Lemma 1.45), the 5’th column of A is given by the expansion coefficients

o a1j
A’Uj = dljw1+~-~+dnj'wn = [wlwn‘| [

S, j=1,.,m. (1.41)
inj

Combining all the vectors Av; as columns of a matrix, we arrive at the matriz equation

) P apy -+ aim
= |wii-iwy : : (1.42)

ViU,

y dvy - Ay,

Gp1 *** Apm

= AV =WA = A=Ww!AV (1.43)

Note that = follows from the definition of the matrix-matrix product, while 2is simply the
m equations (1.41) expressed as a single matrix equation.

The matrix formula (1.43) is undeniably elegant and compact. It involves the original
matrix A (i.e. the representation of the linear transformation in the canonical basis), as well
as the matrices V and W which contain all the bases vectors. This is an important enough
result to summarize as a lemma.

Lemma 1.48. Let A:R™ — R"™ be an n X m matriz representing (in the canonical bases)
a linear operator. Let v := {v1,..., v} and w := {w1, ..., w,} be vectors in R™ and R"
which are bases sets respectively. Then the matriz representation A of A in these bases is
given by

A = wlav| v::[v1-~-vm], W::lw1~-~wn].

In other words

y.l _ A x.l and T = mT1€1+ -+ Tpey = D101 + -+ Tpupy
Un T y:ylel+"'+ynen:y1w1+"'+?gnwn
\
(0 I
=] wav
Un Em

We note here that the arguments in (1.41) and (1.42) are done using partitioned matriz
notation, which enables writing complicated sets of scalar equations as compact matrix
equations. Much more will be done with partitioned matrix notation in Chapter 7.
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Similarity Transformations as a Change of Basis Representations

An important special case of formula (1.43) is when the matrix is “square” A : R™ — R",
and the same new basis v := {v1,...,v,} is used for both the domain and range. The two
bases v and w in the previous example are the same, the new matrix representation is

A=v1tAv, (1.44)

where the columns of V' are the new basis vectors.
A change of basis can be regarded as a transformation V : R™ — R"™ which takes the
canonical vectors e; to the vectors v; respectively

v; = Vei, = 1,..,71.

The linearity property implies that this defines a transformation on all of R™ since {e;} is
a basis of R™. On the other hand, the relation (1.44) defines a transformation on matrices

A— A=V1AV.

A transformation of this form is called a similarity transformation. The term “similarity” is
evocative. Both A and A are the same linear transformation, but expressed in two different
bases. All the “basis-free” properties of a transformation (i.e. whether it is one-to-one, onto,
its rank and nullity, and as we will see later, its eigenvalues) are exactly the same for A and
A. Tt is in this sense that A and A are similar.

Similarity transformations play a major role in linear algebra. Diagonalizing a matrix,
or transforming it into Jordan normal form is done by finding a special basis (the choice
depends on the given matrix) in which A in (1.44) has that form. Properties such as
range and null spaces and eigenvalues can then be easily “read off” the special form of A.
Another very useful special form, namely the “Singular Value Decomposition” (SVD), is not
a similarity transformation, but rather different bases in the domain and range are used,
and that transformation is of the type (1.43).

Exercises

Exercise 1.1

Consider the proof of Lemma 1.16. Starting with the first equation in (1.12), at least one
of the coefficients aq1, ..., a1, is non-zero. Assume without loss of generality that it is aq;
(otherwise reindex the set w). Then

wr = o (v1 + arpwz + -+ + A1 W) -
11

This can be substituted for w in (1.11), and the equations become

C1-E T

Show that by repeating this process recursively, the form on the right in (1.12) is obtained.
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Chapter 2

Norm and Inner Product Spaces

Additional structures can be layered on top of the additive vector space structure. The most
basic is a metric which measures distances between two points. If the metric is “compatible”
with the vector space structure, i.e. translation invariant and scaling equivariant, then it
becomes a norm, which is a measure of the length of a vector. A vector space can typically
be endowed with many different norms, and the choice of the proper norm depends on the
application. The geometry of a normed space is determined by the shape of its unit ball, and
there is a one-to-one correspondence between convex sets with certain properties and norms.
Normed spaces where the norms satisfy additional properties can be endowed with an inner
product, which behaves similarly to the standard dot product in Euclidean space. Inner
products give a motion of angles between abstract vectors, and induce a rather structured
geometry which can be exploited in devising algorithms for construction and reconstruction
of vectors and functions.

This chapter is concerned primarily with the basic “geometric” aspects of vector spaces.

Introduction

On abstract sets, we can define geometrical notions such as distances, lengths and angles.
The most basic notion is that of a distance between any two points, also called a metric.
This makes a set into a so-called metric space. If in addition that set has a vector space
structure, then a translation invariant and homogenous metric defines a norm (or length)
of a vector. The distance between two points then becomes the length of the vector joining
those two points, and those distances are unchanged by parallel translations of the two
points, and also scale homogeneously as the vector is multiplied by a scalar. Vector spaces
equipped with such vector norms are called Normed Vector Spaces.

If the vector norm satisfies further properties such as the parallelogram law, then we can
define an inner product which has similar properties to the dot product in Euclidean space.
The inner product gives a notion of angles and orthogonality akin to those in Euclidean
geometry. The three types of overlaid structures are thus a metric space as the most general,
then a normed vector space as a special case, and then an inner product space as the most
special structure. The notion of distance in an inner product space is thus highly restricted,
and has to obey several properties that hold in Euclidean geometry, but may not hold in
more general geometries. This hierarchy of structures is illustrated in Figure 2.1.

Recall that in R™, the length of a vector v is traditionally defined as follows

lvll2 == \/v? 4+ +02. (2.1)
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Normed Vector Spaces

Inner Product Spaces

Metric Spaces

Vector Spaces

Figure 2.1: The hierarchy of structures on abstract spaces. One of the most basic is the vector space
structure which allows for addition and scaling of elements, but has no notion of length or distances. A
metric space has a notion of distances between two points, but may or may not be itself a vector space. If it
is, and the metric is compatible with the vector space structure in the sense of being translation invariant
and homogenous, then it is called a normed vector space. In such spaces, the “norm” is the length of a
vector, and distances between points are given by the length of the vector joining them. In an inner product
space the length of a vector is given by the inner product of a vector with itself. The inner product also
characterizes angles between vectors, and therefore induces a notion of orthogonality.

This definition is motivated from the generalization of the Pythagorean theorem to more
than 2 dimensions. This measure of vector length is a special case of a norm on a vector
space, and is referred as the Fuclidean norm on R™. It is also called the “2-norm”, which
explains the subscript in the notation |.||2. It is a special case of more general norms that
will be introduced shortly.

The vector length formula (2.1) above also gives a metric on R™, where the distance
between two points is given by the length of the vector connecting the points

dv,w) = lv—wly = V(1 —w)?+ -+ (vn —wn)2.

These familiar geometric notions in so-called Euclidean space can be abstracted and gener-
alized to function spaces.

2.1 Metric Spaces

We start from the most basic structure of a metric space, which is just a set (not necessarily
a vector space) with a notion of distance between its members.

Definition 2.1. A Metric Space is a set M and a real-valued, non-negative distance function
d(.,.) : M x M — R with the following properties

e Symmetry: d(v,w) = d(w,v).
This is a natural requirement that the distance from v to w should be the same as the
distance from w to v.

e Definiteness: d(v,w) =0 < v=w.
This means that the metric “separates distinct points”, so that if two points v and w are
distinct, then d(v,w) # 0.

e Triangle Inequality: For any three points u,v,w we have

d(u,w) < d(u,v)+d(v,w). (2.2)

This means that there are “no short cuts”, i.e. the distance from u to w cannot be
made shorter by going through an intermediate point v, since that total traveled distance
d(u,v) + d(v,w) will be at least as large as the direct travel distance d(u,w).
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RKou

Figure 2.2: The 2-sphere in R® is {z € R3; ||lz||2 = 1} C R3, the set of vectors of length 1. (Left) The
2-sphere is not a vector space (i.e. not a subspace of R3) since adding two vectors on the sphere produces a
vector outside of it. (Right) It is however a metric space. The metric is given by the length of the geodesic
(a path within the 2-sphere which is of minimum length) joining two points. Think of the 2-sphere as the
surface of the earth. The geodesics are then the great circle arcs joining the two points.

The triangle inequality is illustrated in Figure 2.3. Although not stated explicitly in the
requirements above, the distance function is always positive between distinct points. This
follows from the three requirements above by observing that

1

1 1(d(v w) + d(w, v)) 3 —d(v,v) =0
2 ’ ’ -2 ’ '

d(v,w)

2
where = follows from symmetry, and > from the triangle inequality. Finally, combining

d(v,w) > 0 with definiteness implies that d(v,w) > 0 if v # w.

A metric space does not necessarily have to be a vector space. An example of such a
space is the sphere (the shell of the unit ball) shown in Figure 2.2. It is clearly not a vector
subspace of R? since addition of vectors does not remain in the set. It is however a metric
space when the metric is defined as the length of minimum-length path joining two points
(called a geodesic). We will mostly deal with metrics on vector spaces, the most useful of
which have additional structure that renders them into normed vector spaces.

2.2 Normed Vector Spaces

We begin with the formal definition of a norm, and then show how it induces a metric.
The metric induced by a norm on a vector space has the additional important properties of
translation invariance and homogeneity as well.

Definition 2.2. A Normed Space V is a vector space with a Norm (a measure of the length
of each vector), which is a real-valued functional ||.| : V — R with the following properties

o Definitness: For any vector v € V, its norm is zero iff it is the zero vector
v =0 < wv=0.

e Homogeneity: If a vector v is scaled by a scalar «, then its norm is proportionally scaled
law]l = e [lvll.

e Triangle Inequality: For any three vectors u,v,w we have
lo+w| < vl +[lwl]  orequivalently — [lv—wl| < [jo] + [|w]

Note that the equivalence of the two forms of the triangle inequality follows from simply
substituting —w for w in either of the forms, and using the homogeneity property which
implies || — w|| = ||w||. This is depicted in the last panel of Figure 2.3.
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)% w

vt W

v

Figure 2.3: The requirements on metrics and norms in abstract spaces generalize the ordinary notions
of distance and vector length in standard geometry. (Left) A metric space M is a set (not necessarily a
vector space) with a distance function d(.,.) that satisfies the metric properties. Here the triangle inequality
d(u,w) < d(u,v)+d(v,w) is depicted: one cannot decrease the total “travelled distance” between u and w by
going through an intermediary point v. (Middle) In a normed vector space, the norm induces a metric where
the distance between any two points u and v is the norm (aka vector length) d(u,v) := ||u — v|| of the vector
joining those two points. This metric is translation invariant d(u + a,v + a) = ||lu + a — (v + a)|| = d(u,v).
(Right) Two equivalent forms of the triangle inequality ||v — w| < |Jv|| + |Jw|| and ||v + w|| < ||v]| + ||w]| are
depicted.

Given a norm, we can think about proposing a metric where the distance between two
points is the length of the vector that joins them

d(z,y) = |z —yll. (2.3)
This satisfies all the properties of a metric as shown by

d(z,y) = |z —yll = ly — 2| = d(y, z), (Symmetry follows from [|v]| = ||-v]|)
(Definiteness follows from definiteness of ||.||)

d(w, w) = lu —w| = [[(u=v) + (v —w)|| < [lu—v]|+[v—wl]=d(u,v)+dv,w)
(Triangle inequality)

The metric defined from a norm by (2.3) has some additional properties that not all
metrics have. These properties can be understood as “compatibility properties” between
the metric and the vector space structure. The first property is that the distance between
two points remains the same if we translate those two points equally in a parallel manner

dv+a,w+ta) = [[(v+a)—(w+ta)| = [v-w| = d(v,w), (2.4)

i.e. the metric is translation invariant. This property is depicted in Figure 2.3.

Another property comes from the fact that any point in a vector space can be scaled
towards or away from the origin by multiplying it by a scalar. The distance between two
points should scale in the same manner if we scale both points equally, i.e.

d(av,aw) = [lav —aw|| = fla(v-w)| = |af [v —w| = |af d(v, w).

Note that this property and translation invariance (2.4) only make sense in a vector space.
On a general metric space, the operations of addition v+a and scaling awv are not necessarily
defined.

We have so far seen that a metric induced by norm satisfies the two properties above.
The converse is also true, if a metric posses those two properties, then it is a metric that is
induced by a norm.

Theorem 2.3. Let d be a metric on a vector space V with the following additional properties

e Translation Invariance: For any two vectors v and w, and any translation a € V

dv,w) = d(v+a,w+ a). (2.5)
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e Homogeneity: (or scale proportionality) For vectors v and w and any scalar o

d(aw,aw) = |a| d(v,w)

Then the metric d makes V into a normed vector space with the norm
loll = d(0,0). (2.6)

Another way to state this theorem is to say that a metric is induced by a norm iff the metric
is homogenous and translation invariant.

Proof. Tts immediate to show that the norm thus defined is definite and homogenous

0= [ =d0,v) = v =0 (by definiteness of d)
d0,av) = la[d(0,v) = [lav] = |af [jv].

In addition, the definition (2.6) together with translation invariance (2.5) imply that the
distance between two points is the length of the vector joining them. This is because we
can translate one point to the origin, and then measure the distance from zero to the other
point by (2.6), which will be the norm of the difference

du,w) = dlu—u,w—u) = d0,w—u) = ||lw—ul.
The triangle inequality also follows from this
[u—wl = d(u,w) < d(u,v)+dv,w) = |lu—v]+]v—wl

Therefore, the definition (2.6) satisfies all the properties of a norm. O

It is rare that one would use a metric on a vector space that does not have the natural
translation invariance and homogeneity properties. We therefore always work with normed
vector spaces whenever a metric is needed.

An important property of the norm functional ||.|| : V — R is that it is a convez func-
tional'. This can be easily verified as follows. Given a € [0, 1]

lvvr + (1—a) vl < alul + (1—-a) vl

which follows from the triangle inequality and homogeneity of the norm. A particular sub-
level set of the norm functional is the unit ball, namely the set of all vectors with norm less
than one

B = {veR™ [v] <1}.

The geometry of the unit ball of a normed vector space encodes many of the properties of a
particular norm. Aside from being a convex set, it has other properties as well. In fact, any
convex set that has certain other properties as outlined in Appendix 2.B induces a norm.
The next few examples serve to illustrate some of those geometrical properties.

IThe reader not familiar with the basics of convexity should now consult Appendix 2.A.
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Figure 2.4: (Left) The boundaries of the unit balls of the ||.||, norms for various values of 1 < p < oo.
These curves represent points that are equidistant from the origin with ||.||, as the distance measure. Note
how the p = 2 norm is the only rotationally symmetric one (the unit ball is a perfect sphere), and how the
p = 10 case is very close to the p = oo case. The boundary curves are smooth (infinitely differentiable) for
the cases 1 < p < oo, but have corners for the cases p = 1, 00. (Right) The boundaries of the sets ||v|l, <1
for p < 1. These are clearly not convex sets, implying that for p < 1, ||.||, does not satisfy the triangle
inequality, and is therefore not a norm.

2.2.1 Finite Dimensional Examples

We started this section with the Euclidean norm (2.1) in R™. There are many other possible
norms on R” as well. The most common are the so-called p-norms

1/p
lollp = (JorfP+-+ o) 1<p<oo (2.7)

Note that p = 2 is the special case of the Euclidean norm. The ||.||oc norm is defined a little
differently using

lolloo := max{Josl,....[val} - (2.8)

It is possible to show that lim, o ||v]l, = ||v||cc, Which explains the notation for ||.|/sc-

The unit balls of several representative p-norms are shown in Figure 2.4. The reader
should note that the unit balls for p € [1, co] appear to be convex sets. Figure 2.4 also shows
unit balls of the quantity ||.||, for p < 1. It is important to note that in these latter cases,
Illp is not actually a norm since the unit balls of ||.||, for p < 1 are clearly not convex. As
already stated, this implies that the quantity |.||, does not satisfy the triangle inequality
for p < 1.

Figure 2.4 also shows how lim,_, ||v]|, = ||v||cc- Note how the unit ball for p = 10 is
already almost identical to the unit ball for p = co. For 1 < p < oo, the curves are smooth
(infinitely differentiable) implying that the norm function |.||, is smooth for these cases.
For the extreme cases of p = 1, 0o, while the norm function is continuous, it is however not
differentiable. This property plays an important role in some optimization problems.

The unit balls of norms serve as a nice geometrical illustration of the comparative prop-
erties of norms. Let’s see what it means for one unit ball to be contained in another. Let
I-lla and ||.]|b be two norms and B, and By, their respective unit balls, and note that

lla < vl = (<1 = |v)a<1l) = @WeB, = veBy) = By CB,.

Conversely

BbCB. = (lv=1= [vfa<1) = [ofa <|vflb. (2.9)

Note how the smaller the norm is, the bigger is its unit ball (to achieve unit norm, the vector
has to be longer). Thus we see that unit ball containment implies a bound on norms, but
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in the opposite order

B.CB. & < vl (2.10)

Examining Figure 2.4 we observe the following containment of the p-norms for p € [1, oo
Bi € -+ C By C -+ B,
which implies the following inequalities (in reverse order of containment) between the norms

[Vlloc < --- ol < -+ ol

These, and other inequalities are discussed in further detail in Appendix 2.C.

It remains to show that the p-norms (2.7),(2.8) satisfy the properties of a norm as stated
in Definition 2.2. Definiteness and homogeneity are easy to verify and the reader should do
so as an exercise. Verifying that they satisfy the triangle inequality requires a little more
work. We first do the simplest cases of the 1 and oo norms

n

n n n
lo+wli= > Joi+w| < D Joil 4wl = > |l + Y |wil = ol + wl
i=1 =1

i=1 i=1
lv+w|eo = max |v; +w;| < max <|vl\ + |wl|) < max |v;| + max |w;]
1<i<n 1<i<n 1<i<n 1<i<n

= [[vlloo + lwlloo-

The triangle inequality for the other p-norms is the statement of the Minkowski inequality
which simply states

lo+wll, < follp + llwll

for p € [1,00]. We will revisit this inequality and other related inequalities such as the
Holder and Cauchy-Schwartz inequalities in Chapter 4. They are best understood using
the concept of duality of normed vector spaces which also provides intuitive geometrical
interpretations.

We close by giving a geometrical argument for the Minkowski inequality. We will show
that the set {v € R™; ||v||, <1} for p € [1,00) is convex. By Theorem 2.9 it would then
follow that ||.||, is a norm, and in particular, it satisfies the triangle inequality. First observe
that the function |z|P (for a scalar z) is convex for p € [1,00), while it is not for p < 1. Now
given two vectors ||v||, <1 and |Jw|, < 1, we take a convex combination

n
law + (1 — a)w|? = Z v + (1= a)wi” < Y ool + (1 —a) Jwl’
i=1
= afplly + A =a)fwl < 1,

and note how we used the convexity of the scalar function |z|P in the inequality above.
This argument shows why the set {v € R™; [[v, <1} = {v € R™; [[v||h < 1} is convex for
p € [0,00), while it is not for p < 1.

2.2.2 Function Space Examples

The typical function space examples are those of functions on some set €2 which is a subset
of R™ or C™. These functions will typically (but not always) take values of real or complex
numbers (we call these scalar-valued functions), or take values as n-vectors (real or complex,
we call these vector-valued functions), or more generally take values in some vector space
V. We will also view sequence spaces as function spaces since finite or infinite sequences are
functions on some subset of Z, and more generally on some subset of Z¢.

The counter part of the p-norms in function space are the function space LP and the
sequence spaces P. The sequence spaces are easier to deal with, so we start with them.
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The /P Spaces

The ¢P spaces contain functions defined on a discrete set, typically a subset of the integers
7 or the integer lattice Z%. For example

w(Z) = {’U:Z—)R; [vllb = Z|’Ui|p < oo}, p € [1,00)

i€l
= {U:Z*)R; Wl = suplvi| < oo}, D = 00,
i€l

which should be thought of as the space of all double-sided sequences of finite p-norm. We
will use the notation £7(Q) where Q C Z (or Q C Z%) to specify the domain of the sequence
index, e.g.

P(N) = {U:N—HR; o] = Z|vi|p < oo},
=0

to denote a space of one-sided sequences with finite p-norm.
Recall Figure 1.1 and observe that we can identify R™ with the p-norm on the one hand
with the function space

) = F ({1, . .,N}) = {v n=R; [vf|b = Z vi|p} = R" (with the p-norm)
i=1

on the other. Note that the norm is always finite in this case, and there is no need to
include the finiteness clause in the set definition. The sequence spaces (P are the closest
to the finite dimensional R™ with p-norms. An element of ¢?(N) can be thought of as a
one-sided sequence

v = (vg,v1,V2...)

or a semi-infinite vector with components {v;}. All of the arguments that we went through
to verify that the ||.||, norms in R™ are actually norms (i.e. definiteness, homogeneity and
the triangle inequality) apply without change to the case of (7(Q2) for any Q C Z4.

We will also have occasion to work with spaces of vector-valued sequences. The vector-
valued ¢P spaces are defined similarly to the above. For any subset 2 C Z¢

BQ) = Qv Q=RY o = > fulb < ooy (2.11)
i€QCZ4

The notation should be parsed carefully. There four integers, p, n, d and ¢ which all play
different roles. d is the dimension of underlying domain in Z¢ (take it to be 1 for the sake of
this explanation). At each i € Q C Z%, v; is an n-vector in R™. |jv;||, is the p-norm of that
vector (if the signal were scalar-valued, i.e. n = 1, then we would simply have the absolute
value |v;|P in the expression above). The p-norm of the entire function v is then computed
by summing all p-powers of the p-norm ||v;||, of those n-vectors at all points ¢ € Q in the
domain of the function.

We can extend the definition (2.11) a little further by generalizing from n-vector-valued
sequences to sequences that take values in any normed vector space V. The definition is

BQ) = Sv:Q=V; ollp = > luilly < oop. (2.12)
i€QCzZA
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Note that ||v;]|v is the norm of the i’th element of the sequence in the normed space V.
The reader should compare this with (2.11), where |lv;||, is the norm of the i’th sequence
element (which is itself an n-vector) in R™ equipped with the p-norm.

We will often simplify the notation by writing ¢? instead of &(£2) or ¢2(2) when the
choice of domain and range spaces are clear from context. It turns out that this detail is
immaterial to many of the algebraic relations and manipulations we use.

The L? Spaces

Now we define the so-called Lebesgue spaces of functions of a continuous variable. Let
Q2 C R9 be any subset. We define L?(€2) as the space of all functions f : Q — R™ that have
finite p-norm-power integrals?

LP(Q2) := {v:Q—)R”; [v]|b = /||v(x)|\gdx < oo}7 p € [1,00),
Q

{U:Q—HR"; |v]loe == supllv(z)], < oo}, p = o0.
e

It is instructive to compare this definition with (2.11). At each z € Q, we take the p-norm
of the n-vector v(z), raise it to the p power, and then integrate (rather than sum) over the
entire domain.

It can be shown that the norm ||v||,, defined here satisfies all the requirements of a norm,
and thus this space is indeed a normed vector space closed under additions and scalings.
The arguments are very similar to the ¢P case. In particular, the Minkowski inequalities for
LP(Q2) follow by a similar argument as follows

oo+ 01— el = /Q (@) + (1 - a)u(o)] do < /Q (ao@I” + (1 = ) jw(a)" ) do
= all|lp + (1—a)w|?,

where the inequality follows from the convexity of the function |.|P for p € [1,00). This
shows that the sets {|[v[l, <1} = {[lv||5 <1} are convex, and therefore it follows from
Theorem 2.9 (Appendix 2.B) that the L? norms satisfy the triangle inequality.

The most commonly used LP spaces are L!, L? and L>. These different norms tend
to weight different signal behaviors differently. An example is shown in Figure 2.5 which
highlights one contrast between the L', L and L?° norms (the latter is used as a sort of
“approximation” to the L° norm). The L? norm tends to emphasize the contribution of the
peaks of signals more than the L' norm, and similarly the L2° norm tends to emphasize the
peaks more than the L2 norm. The extreme case of this situation is the limit pllrgo [vll, =

||v]|so, Which means that for large p, essentially only the peak of the signal values contributes
to the norm. For comparison purposes, the signal in Figure 2.5 has been normalized so that
its peak value is 1. This is without loss of generality since ||yv|, = |v|||v||p, and therefore
for comparison across different values of p, the factor - is the same.

For both the ¢ and LP sets of spaces, the case p = 2 is special. These are sets of square
integrable signals, and it turns out that in addition to forming normed vector spaces, their
norms have a very special property in that they come from an inner product. Such spaces
have a much richer geometry which we examine next.

2For the case of p = oo, the definition should be done with the “essential supremum” ess sup instead
of the supremum sup, as the values of the function on sets of measure zero do not contribute to the norm.
This technicality is not worth spending time on. For the classes of functions we deal with, sup and ess sup
are the same.
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020 () v2(t) v (%)

Figure 2.5: A graph of a signal v is shown as the solid gray curve. For comparison, its peak value has
been normalized to 1. The other curves show its absolute value |v(t)| (dashed blue), its square v2(t) (red),
and v20(t) (green). The L1, L2 and L2% norms of v are given by the areas under the respective curves, and
then taking the 1, 1/2 and 1/20 power of those quantities respectively. Notice how the values of the signal
near its peaks contribute more to the L29 relative to the L? norm, as well as more to the L? relative to the
L' norm of the signal. Thus as p — oo, the LP norm tends to be dominated by the portions of the signal
near where its peak value is achieved.

2.3 Inner Product Spaces

For any vector v € R™ let v* denote its transpose. For a complex number a € C, let a*
denote its complex conjugate, and for a vector v € C", let v* denote is complex conjugate
transpose. The well-known “dot product” of vectors is

w1

= > viwy. (2.13)
k=1

Wn

Note that with this notational choice, the expressions are the same whether we are working
with R™ or C™. The dot product is a special case of what is more generally referred to as an
“inner product”. The following definition turns out to capture all the important properties
of the standard dot product that can be generalized to more abstract spaces.

Definition 2.4. An inner product on a wvector space V is a symmetric, positive definite,
function (., .y : VXV = R (or (., .): VxV — C if the underlying field of scalars is C)
which is bilinear, i.e.

e Symmetry: For any two vectors v,w € V

(vyw) = (w,v)".

e Positive Definiteness: For all vectors v, (v, 0) =0, and for all non-zero vectors
(v, v) €R, (v, v) > 0.

e Bilinearity: For any vectors v, w, vy, ve, w1, wy € V and any scalars o € R (or C)

(vy wy +ws) = {v,w)~+ (v, ws) (v, aw) = alv,w)
(v + V2, w) = {(v1, w)+ (v, w) (v, w) = o (v, w) (2.14)

The dot product on R™ clearly satisfies all these properties of an inner product, which is
why it is traditionally referred to as the “Euclidean inner product” on R™. There are other
possible inner products on R™ as we will see later in this section.

If the vector space is over the complex scalars, then the inner product can have complex
values. Some references refer to the symmetry property (u, v) = (v, u)" as conjugate
symmetry, and call an operation that satisfies (u, av) = a(u, v) and {ou, v) = a* (u, v)
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(a) The bilinearity property (2.14)
of the inner product gives a version
of Pythagoras’ theorem. Orthogo-
nality (u, v) = 0 directly implies
(u, u)y+(v,v) =(u+v, u+v) =

(u—v, u—wv).

(b) The orthogonal projection I, v
of one vector v onto another u is de-
fined by the property that the dif-
ference e := Il,,v — v is orthogonal

to u, i.e. (e, u) = 0. This condi-
tion gives the explicit formula above
(in red) for the projection.

(u,v)
(u, u) (v,v)

u

cosf =

(C) The angle between two vectors
in an abstract inner product space
can be defined as above purely in
terms of inner products. For the
standard dot product, this formula
gives the usual angles in Euclidean
space.

Figure 2.6: The inner product induces a notion of angles. (a) Orthogonality implies a version of Pythago-
ras’ theorem. (b) Orthogonal projections of one vector onto another can be defined, and an explicit formula
obtained. The Cauchy-Schwarz inequality is obtained by applying Pythagoras to the right-angled triangle
formed by the orthogonal projection. (c) The normalized inner product is always between —1 and 1 by the
Cauchy-Schwarz inequality, and can therefore be used to define the angle between two vectors in an abstract
inner product space.

sesquilinear. We will avoid this terminology and simply use the terms symmetry and bilinear
with the understanding that they are defined as above for the complex case.

Good geometric intuition can be built up about inner products using notions of projec-
tions and angles. This generalizes the projection properties of the standard Euclidean inner
product. Figure 2.6 illustrates the most basic two concepts. Two vectors v and v are said
to be orthogonal if (u, v) = 0. A version of Pythagoras’ theorem holds for such orthogonal
vectors, which we state using inner products

(wtv, uto)= (u,u)+ (0, o)+ 2y L Gy w)+ (v, v)

(2.15)
(u—vyu—v)= (u,u)+ v, v) —2(u,v) = (u,u)+ (v, v)

and note that the only property used is the bilinearity of the inner product. Figure 2.6a
illustrates this relation.

The projection of a vector v onto another vector u is a vector co-linear with u, i.e.
the vector au for some scalar . The orthogonal projection Il,v of v onto u is defined
by the additional property that the difference e := I, v — v must be orthogonal to u (see
Figure 2.6b). This requirement gives an explicit expression for « as follows

(e,uy=0 & (ou—v,u)=0 < (au—v,u)=0 < oau,u — @, u) =0.

Thus the orthogonal projection of v onto u is explicitly given using inner products as

(u, v)
(uy u)

Mo = (2.16)

Using the projection formula (2.16), we can derive another important property of inner
products that characterizes relations between non-orthogonal vectors, and in particular a
notion of the angle between them. Consider Figure 2.6b. The vectors v, I, v and e = II,v—v
form a right angled triangle (in the sense that IT,v and e = II,v — v are orthogonal, and
v =1II,v — ¢e), and we can therefore apply Pythagoras (2.15)

<’U’U>: <HuU7 Huv>+<e3e>
= (v,v)= (au,au)+{e,e) = o®(u,u)+(e,e)
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where the inequality is strict (i.e. (e, e) > 0) unless u and v are co-linear (for which then
e = 0). This last inequality can be rewritten as follows

{u, v)’ B {u, )
(uy u) (v, v) =t @ b= (u, uyy/(v, v)

& | Nus )] < Vi{us (v, ). (2.18)

The last expression is the Cauchy-Schwartz inequality in inner-product form.

Note that an inner product can be either positive or negative. We can think of the
fraction in (2.17) as a sort of “normalized” inner product between u and v. The Cauchy-
Schwarz inequality says that the normalized inner product between any two vectors is always
between —1 and 1. This inequality motivates a definition of angles between vectors in an
abstract inner product space. The normalized inner product between two vectors u and v
is 1 if they’re co-linear and have the same sense (i.e. the angle between them is 0°), it is
—1 if they’re co-linear and have opposite sense (i.e. the angle between them is 180°), and is
zero if they’re orthogonal. This quantity therefore seems to behave like a cosine. We thus
adopt a definition of the angle 6 between any two vectors u and v such that its cosine is the
normalized inner product

(2.17)

cos (0) = {, v) (2.19)

(u, u) V (v, v)

This corresponds to the standard angles between vectors in the Euclidean space R? (with
the inner product as the standard dot product). It also gives the standard angle in the
Euclidean space R™ (since any two vectors are contained in a 2-dimensional subspace, which
has the same geometry as R?). The formula however allows us to define angles in abstract
inner product spaces. In particular, in R™ with an inner product that is different from
the standard dot product, the formula (2.19) will give angles that are different from stan-
dard Euclidean geometry. In function space, this formula gives the angle and describes
orthogonality between two functions.

2.3.1 The Norm Induced by an Inner Product

Recall that in Euclidean geometry, the length of a vector is the square root of the inner
product of the vector with itself ||v|ls = vv*v. We can try to generalize this statement by
using any inner product to define a norm as follows

[ll* = (v, v). (2.20)

We must check that this definition satisfies the three properties of a norm in Definition 2.2.
Definiteness is immediate to see, and homogeneity follows from the bilinearity of the inner
product. Before checking the triangle inequality, observe that with the definition (2.20), the
Cauchy-Schwarz inequality (2.18) can be rewritten as

[(u, o) < ull [lo]- (2.21)

We now check the triangle inequality by first calculating
lut+v]* = ut+v,utv)= (u,u)+ v, v)+2u,v) (2.22)
<l + loll® + 2l = (el + [l0])* (2.23)

where the inequality above follows from the Cauchy-Schwarz inequality (2.21). Taking
square roots of both sides in (2.23) shows that the triangle inequality is indeed satisfied. To
summarize, we have just proved the following statement.
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Theorem 2.5. An inner product space is also a normed vector space with the norm
loll? = (v, ). (2.24)

This norm and the inner product are further related by the Cauchy-Schwarz inequality

[{uy )] < ul] |lvll. (2.25)

The canonical examples of an inner product space are R" and C™ with the Euclidean
inner product, and the function spaces £2 and L? (over any domain). The only difference
between R™ and C" on the one hand and ¢? and L? on the other is that the finite sums
in the inner product become infinite sums and integrals respectively. For example in ¢?(Z)
and L?(R) the inner products are

(u, v) = ZGZZUT Vg, (u,v) = /Ru*(as) v(x) dx (2.26)

respectively®. It is a quick exercise to check that these definition satisfy all the requirements
of an inner product laid out in Definition 2.4. The Cauchy-Schwartz inequality (2.21) for
these inner product becomes

1/2 1/2
Sl < (Swr) (Swr) 227

€L 1€EL 1€

The definitions (2.26) can be generalized to €% () and LE(Q) for spaces of functions over
any domain  (in either Z¢ or R? respectively), and that take values in any inner-product
space V

(u, v>53(9) = Z (uiy vi)y (u, v>L3(Q) = /Q<u(x), v(x)),, dr. (2.28)

icQ
The reader should note how that various inner products were carefully labeled in this case.

For example, (u(x), v(zx)), is the inner product in V since the function u : @ — V takes its
values in V for each x € Q.

2.3.2 Other Inner Products in R»

There are many inner products on R™ other than the standard “dot product” (2.13). They
are described here briefly for the sake of comparison with other norms in R™ that have
been previously mentioned. Chapter ?? will provide a more thorough study of all the inner
products on R™ since they are intimately related to positive definite matrices. The following
material assumes some familiarity with positive definite matrices.

Let @ be any symmetric, positive definite matrix with ij’'th entry denoted by ¢;;. The
bilinear form on R™

(u, v)y = u'Qv = Qij Wi Vj (2.29)
Q
1<i,j<n

defines an inner product. It is easy to check that the properties of Definition 2.4 hold for
this product. In particular, the definiteness property of v # 0 = v*Quv > 0 is the defining
property of a positive definite matrix. The standard dot product corresponds to @ = I.

3If the functions are scalar valued, then the notation u; stands for the complex conjugate of u;, while if
u is vector valued, then u} is the complex conjugate transpose of u; (and similarly for w(z)). This provides
for a single notational convention that covers both scalar-valued and vector-valued functions.
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If the same vector is used for each of the two vectors in the bilinear form (2.29), then
the quantity (z, a:)Q is a called a quadratic form. It is instructive to “unpack” what this
quantity is in terms of the vector components x € R"

1<i,5<n 1<i<n 1<i<j<n

The first term corresponds to the diagonal entries of (), while the second term represents the
off-diagonal entries. Note that since () is symmetric, then for off-diagonal terms g;; = gj,
and therefore we combined each pair of “cross terms” as g;jx;x; + g¢jixjT; = 2q;;7;7;. This
is the most general form of a quadratic function of n variables, thus the term “quadratic
form”.

Some geometrical insight can be gained by studying the unit balls of the norm induced
by this inner product

Bg = {veR™ v'Qu<1}.

The figure on the right shows examples of unit ball boundaries for three different choices
of positive definite matrices (), one of which is the identity. That latter unit ball By is just
the unit disk which corresponds to the standard dot product. Note that the other balls
look like ellipses, and in fact they are. It will be shown in Chap-

ter 77 that all unit balls of inner products of the form (2.29) are 1V

indeed ellipsoids. Furthermore, their principal axes are deter- /[ ,
mined by the eigenvectors and eigenvalues of the matrix @. This

fact distinguishes the geometry of inner product spaces from that ‘ v
of general normed spaces. The latter have unit balls that can be

any arbitrary symmetric, convex sets (with the additional proper-

ties listed in Theorem 2.9). See e.g. Figure 2.10a. Inner product

unit balls however can only be ellipsoids, and thus have a much more restricted geometry,
which is parsimonously encoded in the properties of the matrix (). This fact generalizes to
infinite-dimensional inner product spaces where inner products are given by positive definite
operators rather than matrices.

As just stated, the geometry of normed spaces is more general and richer than that of
inner product spaces. However, the restrictive geometry induced by inner products enables
much sharper results and algorithms when it comes to optimization and other applications.
This is the typical tradeoff between generality versus structure that occurs throughout
mathematics.

2.3.3 The Parallelogram Law and the Polarization Identity

We have seen how an inner product gives a norm by (2.24). A natural question to ask is
whether a given norm comes from an inner product in this manner. If one is given only
the norm, for example, the ||.||, norms in R", we ask whether there is an underlying inner
product that gives rise to this norm?

To answer the above question, we can look at properties that a norm induced by an inner
product must satisfy. Pythagoras is one such property which states that for two orthogonal
vectors u and v

lu ol = Jlull* + o]

However, if we’re only given the norm, we cannot check the orthogonality (u, v) = 0 since
that requires knowing the inner product! An equivalent statement to Pythagoras that
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(a) Pythagoras’ theorem states that (b) The parallelogram law states that for any two (not necessar-

for two orthogonal vectors u and v, we ily orthogonal) vectors, u and v, we have ||u + v||®> + |lu — v|® =
have [lu + o> = flu —ol® = flul®+ 2 (HuH2 + “’UH2) It is valid in any inner product space, but its state-
”v|‘2~ Statement of this theorem in an ment does not require knowing the inner product. Its proof follows from
abstract vector space requires a norm,  applying Pythagoras’ theorem to the red, blue, and green right-angled
and a notion of orthogonality, i.e. an  triangles shown above, and then eliminating the lengths a and b from
inner product. the resulting 3 equations.

Wy
UV X

u
(C) Failure of the parallelogram law for ||.||eo in RZ. (d) Failure of the parallelogram law for |.||; in R?.
lulloo = 1(1,0)llc = 1 and [Jvllc = [[(0,D]lc = Jlulli = [[(1,0)[1 = 1 and |lv[lx = ||(1,1)]lx = 2, and
1, and flu 4+ vljeo = (L, Dlllc = 1, lu —vllec = Ju+olli =2 Dl =3, lu—v]r = 10, ~D)]ls = 1.
(1, =D)lloc = 1. Thus [Ju + v]lew + [[u = vlleoc = 2,  Thus [[u+vlls + [lu—vl1 = 4, while 2 (Jullx + [[v]l1) =
while 2 (||u]|oo + [[V]]oo) = 4. 2(14+2) =6.

Figure 2.7: Pythagoras and the parallelogram law are equivalent statements valid in any inner product
space. However, we need a notion of angles (or orthogonality) to state Pythagoras’ theorem, while the
parallelogram law requires only a notion of vector norms. The latter can thus be used to check whether a
given norm arises out of an inner product. The bottom row figures give examples of how the parallelogram
law is invalid for the norms ||.||cc and |.||1 in R™, thus implying that these norms do not arise out of an
inner product.

does not require knowing the inner product is the parallelogram law depicted in Figure 2.7.
Applying Pythagoras’ theorem to the three colored, right-angled triangles in Figure 2.7b
lvll* = llall? + |lb]?
lu—ol* = llal® + (] = 8)* = llall® + Jul® + [1b]1* = 2lu]|15]
lu+ol* = flall® + (Jull + 6ID* = llall* + Jull* + 61 + 2[u]]|]l

Adding the last two equations, and substituting for ||al|?> + ||b||* from the first equation
eliminates ||a|| and ||b]| to give the parallelogram law

lu=vl* + u+ ol = 2(lull® + [lv]*) - (2.31)

Several remarks are now in order. First, the parallelogram law is equivalent to Pythago-
ras. It was derived from Pythagoras, and conversely if v and v are orthogonal, then
lu —v| = |Ju+ v, and (2.31) reduces to the statement ||u + v||* = ||ul|?> + ||v||>. The
second observation is that checking whether (2.31) holds does not require knowing the inner
product. Finally, recall the equation (2.22) and observe that we can use it to recover the
inner product from the norm

(w, v) = o (luw+ol* = (flull* + [[]*))

((lull® +lol1%) = flu = v]?) (2.32)

(llu+vl* = flu = v]?)

=N =N
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The first equation is just (2.22), and the last two are different forms that follow from (2.31).
We have thus shown that the norm derived from an inner product satisfies the parallelogram
law. The converse is also true (Exercise 2.2), and we summarize the statement as follows.

Theorem 2.6. A normed space where the norm satisfies the parallelogram law
llu+ol* + [lu — ol = 2 (Ju]]* + ||0]*) (2.33)

is an inner product space where the inner product is given by the polarization identities (2.32).

Appendix
2.A Convexity

The reader is probably familiar with the notion of a convex scalar functional. This notion
can be generalized to functionals of several variables. The only concept needed is that of
taking convex combinations in the variables, and this is possible in any vector space.

Let vy,v2 € V be vectors in any vector space V. A convex combination of v; and vy is
the vector

via) = av; + (1—a) v, a € [0,1]. (2.34)

This has a simple geometrical interpretation. The vector v lies on the straight line segment
connecting v; and vy (see Figure 2.8a). In fact, the formula (2.34) is a parametrization of
that line segment. As « changes from 0 to 1, the point v moves along the line segment from
vg to vy. To see that (2.34) parametrizes a straight line segment, take the derivative of v(«)
with respect to the parameter «, and compute dv/da = v; — va. Thus the derivative is
independent of « (i.e. constant velocity), and in the direction of the vector v; — vo which
connects the two points v; and vs.

It is worth noting that the convex combination (2.34) can be written in three different,
but equivalent ways

v=an+ (-a)u  acl
— /Y/UI + 6’027 ’Y+ﬁ:1, ’y’ﬁzo’ (2.35)
- al{llaz v+ al(fch V2, ay,ag > 0.

The reader should verify those equivalences as an exercise.
The notion of convex combination of points leads naturally to the notion of convex sets.

Definition 2.7. A subset Q C V of a vector space is called convex if given any two points
vy, v € , all possible convex combinations of v1 and vy (i.e. points on the entire straight
line segment joining v1 and va) belong to 2.

This concept is depicted in Figure 2.8b. The straight line segments joining any two points
in  must lie entirely inside §2. The figure also depicts an example of a non-convex set for
comparison. For a set ) € R? with smooth boundaries, there is a physical interpretation. If
one imagines a particle moving along the boundary of the set, then the acceleration vector
of the particle is always pointing inwards into the set.

Clearly the entire vector space is a convex set. Other examples include the “unit balls”
of normed spaces, e.g. the sets {v € R%; ||vl, < 1} for any p € [1, oc] depicted in Figure 2.4.
For p < 1, those sets are clearly not convex since e.g. the line segment connecting (1,0) and
(0,1) lies outside the set (except for the end points of course).

The next concept is that of a convex functional.
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U1 v
U2
avy
(1-a)ve

(a) Any convex combination v =
avi + (1-a)ve of two points v
and vs in a vector space lies on
the straight line segment connect-

V2

(b) (Left) A set Q is convezx if
for every two points v; and wvs in
Q, the straight line segment join-
ing them is contained entirely in-

\ f

~7 Vv

(C) A function f is convex iff its
epigraph is a convex set. The epi-
graph is the set of points in V x R
that are “above” the graph of f.

side Q. (Right) An example of a
non-convex set.

7
V ) U1

(d) A functional f on a vector space V is convex
if given any convex combination of elements vy, v2
(a point on the black line segment in V), the value
of the function f at that point is smaller than the
convex combination of the values of f(v1) and f(v2)
(those values depicted as the white line segment).

ing those two points.

(e) The contours in V are the level sets of a function
f. The contours are the boundaries of the sub-level
sets of f. If f is convex, then its sub-level sets are
convex subsets of V.

Figure 2.8: Tllustrations of the concepts of (a) convex combination of two points, (b) convex sets, (c)
convex epigraph, (d) convex functional, and (e) convex sub-level sets.

Definition 2.8. A functional f : V — R on a vector space V is called convex if for any
v, v2 €V and a € [0,1]

flovi + (1 —a)vy) < af(v) + (1—a) f(va).

In other words, if the value of f at any convex combination of v1 and v is no larger than the
same convex combination of the values f(v1) and f(ve). A function is called strictly convex
if (2.36) holds with strict inequality for o € (0,1). It is called concave (strictly concave) if
—f is convex (strictly convex).

(2.36)

This concept is depicted in Figure 2.8e. Convex functions can be thought of as “bowl
shaped”. For single-variable functionals f : R — R, the reader may recall that convexity is
equivalent to the second derivative being non-negative everywhere (i.e. the function never
curves downwards). Similarly, if f is a twice-differentiable functional on R", its convexity
(strict convexity) is equivalent to its Hessian (which is the multivariate version of the second
derivative, see Chapter ?7?) being positive semi-definite (positive definite) everywhere.

Another characterization of convex functionals involves the concept of the epigraph of a
function, which is defined as the subset of V x R such that

{(v,r) EVXR;r > f(v)}

The epigraph is depicted in Figure 2.8c, it is the set of all points in V x R that include

epigraph(f) :=
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the graph of f as well as all points “above it”. It is a simple exercise to show that the
criterion (2.36) implies that a function f is convex iff its epigraph is a convex set.
Let f:V — R be a convex functional, and consider its sub-level sets

S, = {UEV; f(U)SW’}a

where the “level” 4 € R is any real number. An important property of convex functionals
is that their sub-level sets are convex sets

flur) <7, flv2) <y = flavi + (1= a)vz) < o flu1) + (1—a) f(va)
Say+ (l-a)y =1

Thus any convex combination of two elements v; and vs in S, is also in that sub-level set.
This is depicted in Figure 2.8e. A particularly important convex functional is the norm
functional ||.|| : V — R on a normed vector space V. Its convexity is a consequence of the
triangle inequality property of the norm. An important sub-level set of the norm functional
is the unit ball

B = {veV; o] <1}.

The preceding argument implies that the unit ball of any norm must be convex. This is a
useful test to check whether a given set could be the unit ball of some norm. If that set
is not convex (note that we don’t need to know the norm to determine whether a set is
convex or not, the definition only involves convex combinations and set membership), then
it couldn’t possibly be the unit ball of a norm. This criterion shows that the sets {||v||, < 1}
for p < 1 in Figure 2.4 are not unit balls of a norm, i.e. the quantity |.||, does not define a
norm on R" if p < 1.

It is important to point out that there are functions whose sub-level sets are all convex,
yet the function itself is not convex. Such functions are called quasi-convez, and they play an
important role in optimization. However, this concept is not needed in the present chapter.

2.B Norms Induced by Convex Sets

As already mentioned, the unit ball of any norm is a convex set. This is a consequence of
the triangle inequality. If |ju]] < 1 and ||v|| < 1, then

lau+ (1 =)ol < [l +[[(1 =)ol = allu] + 1 —a)lo] <1,

i.e. any convex combination of two vectors in the unit ball is also in the unit ball.
This is illustrated in the figure on the right. Furthermore, one

consequence of homogeneity is that if ||v]| < 1, then || —v| < 1,
i.e. the unit ball is symmetric with respect to reflections about
the origin.

Now consider the reverse question: which types of convez sets
are unit balls of morms? In addition, given such a convex set,
how can we define the norm for which it is the unit ball?

To answer the above questions, we investigate another im-
portant consequence of homogeneity, which describes how norms
scale with vector scalings. First, observe that for any vector v, normalizing it by its length
yields the vector v/||v||, which is a vector of unit length in the same direction as v. Thus
scaling by the factor 1/||v|| is such that the resulting vector just “touches” the edge of the
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unit ball. This is illustrated in Figure 2.9a. We can therefore characterize the norm of a
vector based on how much it has to be “scaled” before it is in or out of the unit ball, i.e.

inf {y > 0; [lol| <7} =inf{y > 0; [o/y]| <1} =inf{y > 0; LveB},

vl =
sup {72 0; 7 < [[oll} =sup {72 0; [lo/3]| =1} =sup {7 > 0; v ¢ B}.

(2.37)

The reader should now parse through Figure 2.9a for geometrical illustrations of these
formulas as well as the following additional characterizations of the norm

1 _{ sup {8 > 0; fv € B},

ol inf {8 >0; Bv ¢ B}. (2:38)

We now observe that the quantities on the right in (2.37) and (2.38) are not written in
terms of the norm ||.||, but rather involve scalings and set membership in B. Thus given any
convex set €2 in a vector space, we can try to define a norm such that the given set is its unit
ball using those set membership conditions. We will also require additional properties on
the convex set that guarantee that the quantities in (2.37) and (2.38) are finite and non-zero
for non-zero vectors.

Theorem 2.9. Let Q2 C V be a conver set containing the origin in a vector space V. If the
convex set € is

1. symmetric: v € Q@ = —v € Q,

2. absorbing: any non-zero vector v € V can be scaled so that it “enters” (2, i.e.

inf {8>0; v ¢ Q} > 0. (2.39)

3. bounded: any non-zero vector in 2 can be scaled so that it “exits”

sup {B >0; pve Q} < 00, (2.40)
then V becomes a normed vector space with the norm*
|[v]| := inf {720; v/’yEQ} = sup {’yZO; v/’yéQ}
1 1 (2.41)

sup{B>0; BueQ}  inf{B>0; Bv¢Q}

Figure 2.9a illustrates the motivation for the norm definitions (2.41). Figures 2.9b
and 2.9¢ explain why the “absorbing” and “boundedness” conditions are needed respec-
tively. They illustrate why if the absorbing condition is not met, there exists vectors with
infinite norms, while if the boundedness condition is not met, there exists non-zero vectors
of zero norm.

To prove Theorem 2.9, we need to show that the norm defined by (2.41) satisfies the
three properties of a norm. Homogeneity is an immediate consequence of the definition

[yv[| = inf {y > 0; Jv/y € Q} = inf {37 > 0; v/r € O} (substituting v/5 = r)
=5inf {r > 0; v/r € Q} =7|jv]. (2.42)

4In some literature, such functions defined in terms of a given convex set are called Minkowski functionals,
though usually without the boundedness assumption, and therefore would only define seminorms rather than
proper norms.
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62 2.B. Norwms INDUCED BY CONVEX SETS

1/[jv|| = inf {8 > 0; Bv ¢ Q} [lv]| = sup {y > 0;v/v ¢ Q} v/y
\ / -

v <1

Bv”
1/|v]| = sup {8 S 0; Bv e Q}

\\U/n/

J[oll™= inf {y > 0;v/7 € 2}

(a) Given any vector v in a normed space, its normalization v/||v|| (shown in red) is the vector in the same
direction as v, and lies exactly on the boundary of the unit ball. This property can be used to define a norm
from a convex set using set membership. The norm is given from the scalings v/v or Sv such that the scaled
vectors lie on the boundary of the set 2.

v
=

U1
v1

(b) A set Q that is not “absorbing”. Shown here
as the light blue line segment. This set is one-
dimensional in R?. The vector v; can be scaled so
that it “enters” €, and is therefore of finite norm.
However, there is no scaling of v such that it enters

(C) A set Q that is not “bounded”. There is no
scaling of the vector va such that it “exits” this set,
i.e. sup{B > 0; Bvs € Q} = oo. Therefore vy has
zero norm |[vz]| = 1/sup {8 > 0; Bvs € Q} = 0 as
per (2.41), even though it is a non-zero vector.

Q, and therefore v has infinite norm as per (2.41)
lvll = sup {y > 0;v/y & Q} = oo.

Figure 2.9: A geometric interpretation of Theorem 2.9 where any convex set that is symmetric about
origin with the absorbing and boundedness properties induces a norm.

We note that if 4 < 0, we substitute v/|5| = r and use the symmetry property of Q.
Definiteness of the norm (2.41) is a consequence of boundedness property (2.40),(2.38)
since for vectors inside 2

[ol=0 &  sup{B>0; freQ}=00 & v=0.

Definiteness also holds for vectors outside €2 since they can be scaled to be inside 2. The
fact that the norm is finite for any v follows from the property (2.39) since

inf{ﬂzo; ,BU¢Q}:O.

Finally, the triangle inequality follows from convexity. Let u and v by any vectors. Use
the definition (2.41) for ||u|| and ||v||, and normalize so that w/||u| and v/||v|| are at the
boundary of the set € (this follows by definition from (2.41)). Now the convexity of
implies that any convex combination of the normalized vectors will be inside of 2, i.e.

o] =00 &

e S T S Y O
art+og flull a1+ oz v
The particular choice of a1 = ||ul| and as = ||v]| says that
ful  w ol v (utv) €
lull + ol flull Null + ol ol full+ ol
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This last statement is indeed the triangle inequality since

(u—l—v) el & ‘

(u+v)

B

[l + o] l[ull + o]

ey el e kol <l + o
Note that the only property of ||.|| used in the above argument is the homogeneity property,
which has already been established by (2.42).

Theorem 2.9 establishes that there is an infinite variety of norms that can be defined
on R™, each corresponding to any symmetric, bounded convex set. We thus see that the
p-norms depicted in Figure 2.4 are only a very special class of norms from amongst all the
possible norms on R”.

2.C Equivalence of Norms in Finite Dimensions

Two norms ||.||, and ||.||» are said to be equivalent if each can be bounded by the other from
above and below, i.e. if there exists constants ¢, ¢ > 0 such that for all vectors v

_ 1 1
clivly < folla < ellole & —lvlle < ol < Zlolla & flla ~ L lle-

Note that the constants ¢, ¢ should not depend on the choice of vector v. We define the
notation ||.||o ~ [|.]|l» to mean that the two norms are equivalent. The equations above imply
that this relation is symmetric, i.e. ||.|la ~ ||.lls < |-lls ~ ||-]la- It is also easy to verify that
this relation is transitive, meaning that

(Lo ~ 1) and (o~ ) = lllla ~ Il

and therefore equivalent norms (no pun intended) form equivalence classes.

A little care is needed in interpreting the notion of equivalence above. T'wo norms do
not have to be equal to be equivalent. If one tries to measure distances or optimize with
respect to one norm, the answers will generally be quite different when done with another,
but equivalent norm. The term “equivalent” above is to be understood with regard to
convergence notions. Given two equivalent norms, a sequence is convergent in one norm iff
it is convergent in another, equivalent norm.

Examples of bounds on norms in R™ are easy to derive. The following are bounds for
the 1, 2 and oo norms in R"”, together with examples of when these bounds are tight

A

e < vl < (vl with equality for v = (0,...,0,1,0,...,0),
(2.43)

A

lollh < Vrlvlle < 7 |v|leo with equality for v = (1,...,1).

The inequalities involving ||.||e are relatively straightforward to verify, and are left to the
reader as an exercise. The inequality ||v||2 < ||v||; follows from the following calculation

n n n
ol =) vf = lol Juil < (Z vil) (fgg |vil) = vllillvlloe < llollxllvlls = [loll3.
i=1 i=1 =1 sesn

The inequality |[v|; < v/n||v||2 follows from the Cauchy-Schwartz inequality (Exercise 2.6)
which will be introduced later. Note that the first set of inequalities in (2.43) can be
visualized as in Figure 2.4 through the containment of their respective unit balls.
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64 2.C. EQUIVALENCE OF NORMS IN FINITE DIMENSIONS

(a) If the unit ball B, can be scaled to BB, so that it
is entirely contained in B,, then |.|l« < |.|ls/B8. Note
that BB is the unit ball of the scaled norm ||.|5/8, and
that unit ball containment and norm bounds are related by
(BB, CBa) < (|I.lla < I-lls/B). In finite dimensions, the
unit ball of any norm can be scaled as above so that it is
entirely contained in another unit ball. The containment
however is not “tight” in the sense that there could be un-
avoidable large gaps between 5B and B, implying that the
corresponding norm bounds are not tight. As the space di-
mension grows to infinity, these gaps can become arbitrarily

Mol _
el
Iolle _,
o],
Ba
By
(b) Bounds between two norms |[|.|, and

||.Ilb are determined by the maxima and min-
ima (2.46) of the ratio ||v||a/||v||» over all direc-
tions in space. Equivalently, they are the max-
ima and minima of ||v||4 as v ranges over the unit
sphere [[v], = 1. The maximal (¢) and mini-
mal (c) ratios and directions are shown above
for an example of B, and B,. Note that for ex-
ample when the boundary of B, is inside Bg,
then ||v||a < ||v|lb, i-e. the ratio ||v]a/|v]s is

less than 1.

large, and thus the norm bounds arbitrarily loose.

Figure 2.10: Two graphical illustrations of the equivalence of any two norms in finite dimensions. B, and
B} are the unit balls of two norms ||.||o and ||.||. The geometrical relationships between the two sets B, and
B determine the relative bounds between the norms ||.||q and ||.||. For example (B, C Ba) < (||.|la < I-l6)s
i.e. unit ball containment implies a norm bound in the reverse order.

The reader should note how the bounds in the inequalities above depend on the space
dimension n. The second set of inequalities become progressively “looser” in higher dimen-
sions. In fact, they are not valid in any infinite-dimensional /P spaces, while the first set
of inequalities still hold in those spaces. This follows intuitively by observing that the first
set are independent of n, and therefore one expects them to hold unchanged as n — oco. In
addition, since the bounds become looser as n — oo, for large n, one would expect that an
optimization problem for ||.||, will yield very different answers from that for ||.||, if p # q.
These caveats should be kept in mind when interpreting the notion of “equivalence” of norms
in finite dimensions that is stated in the next theorem.

Theorem 2.10. Let ||.||, and ||.||» be any two norms on R™ (or C") with n finite. The two
norms are equivalent.

Before we give the proof arguments, two geometric ideas provide helpful intuition. The
first is illustrated in Figure 2.10a. If one of the unit balls (say Bj) can be scaled so that it
is properly contained in the other, then a norm bound is obtained from the relation (2.10)

1
BBy C Bg <~ lvlla < vl

5

since 8B; is the unit ball for the scaled norm %||||b We can similarly scale B, so that it
is inside B and obtain the other bound. We note that such scalings are possible in finite
dimensions, but it may not be possible in infinite dimensions to scale one unit ball so that it
is contained in the other. Furthermore, if 8 is chosen so that 8B, “just fits” inside B,, then
we have the best possible bound. However, there will be directions in space where there are
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potentially large gaps between the boundaries of the two balls. Along these directions, the
bounds are loose and not very useful. For many norms, as the space dimension increases
to infinity, these gaps can become arbitrarily large, and therefore the norm bounds along
those directions can become arbitrarily loose.

Now to prove the theorem, we first observe that since norm equivalence is a transitive
relation, we simply need to prove that any norm |.||, is equivalent to some conveniently
chosen norm. In this case, it turns out that the ||.|; norm or the ||.||c norm will do nicely.

The bounds in one direction can be established by simple inequalities. Let {e;} be some
basis of R™, and write a vector v = Z?:l v;e; in that basis. Then

n n n
>ovied <D lulllel, < ((ax lel, (Z |w|> ool (240
=1 1=1 - =1

where the last inequality is a version of the 1-co inequality (Exercise 2.5) . Note that the
finite number ¢ is a property of the vectors {e;}, and is therefore independent of v. We
can see how this argument might fail in infinite dimensions; the maxi<;<y ||€;||, term would
instead be a supremum over an infinite index set, and therefore might itself be infinite.
The converse bound requires a different argument which also provides additional geo-
metrical insight which comes from examining the maxima and minima of the ratio of norms
llv]la/|lv]]s over all vectors v. Given two such norms, consider the extrema of the ratio

[ollq <

a

[vlla _ [[vlla [vlla _. -
o0 [lvlls ol T w0 [l

(2.45)

If ¢ > 0 and € < oo, then we have our equivalence bounds since then
clvlle < flolla < 2 vl

There is a useful reformulation of the relations (2.45) which comes from observing that
the ratio ||v||a/||v|ls does not depend on the length of a vector v, but only its direction (norms
are homogenous, therefore ||av||./l|av|y = ||v]la/]|v]ls). We can therefore restate (2.45) in
the more useful form

. v v v _
ol = [vlla _ [vlla [v]la sup [olla = 2 (2.46)

Q = S S =
o0 ol = lolle = vz llvlle joge=1

1
lv]lp=1

This is illustrated in Figure 2.10b. We can think of ||v||, as a functional |.||, : R™ — R
restricted to the unit sphere {||v||y = 1}. The bounds ¢ and ¢ in (2.46) are the minimum
and maximum respectively of the function ||.||, over the set {||v] = 1}. We need to show
that these are non-zero and finite respectively.

The extreme value theorem states that any continuous function on a compact set achieves
its minimum and maximum in that set. For the present argument, ||.||s = |.||1, i.e. the 1-
norm, and the set {|lv||; < 1} is closed and bounded in R", therefore compact. It remains
to show that the function ||.||, is continuous with respect to the 1-norm. This has effectively
been shown by (2.44). Indeed, given any point o and € > 0, there exists d > 0 such that

lv—2[1 <6 = [lv—olq <e.

In particular, the choice § < €¢/¢ (from (2.44)) provides this bound.
The extreme value theorem thus says that the constants ¢ and ¢ in

=1 [lv]1=1

cim it fole < sup ol = @ (2.47)
Vi1
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66 2.C. EQUIVALENCE OF NORMS IN FINITE DIMENSIONS

are finite. To show that ¢ > 0, note that the function ||.||, is strictly positive for all
{||lv]l1 = 1} since all members of that set are non-zero vectors. Since |.||, achieves its mini-
mum at some point in that set, that minimum must be strictly positive.

To recap, we have shown that all norms in finite dimensions are equivalent. In infinite
dimensions, this statement is generally not true. As already stated, care should be taken in
interpreting the statement even in finite dimensions. Although norms can be “equivalent”
in the sense above, we have seen how the bounds become progressively looser as the space
dimension increases, and many such bounds become arbitrarily loose as n — co. When
thought of this way, the large (but finite) dimension case is conceptually not all that different
from the infinite dimensional case.

Exercises

Exercise 2.1

A seminorm on a vector space is a functional |.| : V — R which has all the properties of a
norm listed in Definition 2.2, except for definiteness. Thus there could be non-zero vectors
v € V with zero norm |v| = 0. Consider the set of zero-norm vectors

Z = {veV; |v=0}.
1. Show that Z is a subspace.
2. Show that if the difference of two vectors is in Z, then they have the same seminorm
(v —we) €Z = |v1| = |val.
Hint: Apply the triangle inequality to sums like v1 = (v1 — va) + va.

3. The previous part implies that if we consider a coset x 4+ Z of Z, then the quantity

is well defined and independent of the coset representative x. Show that this defines a
true norm (i.e. it is definite) on the quotient space V/Z.

Solution 2.1
1. Let v and vy be in Z, i.e. |v1]| = |ua] = 0, then
lavy + Bra| < fav| + [Bu2] = |alfvi] + [Bllve] = 0,
where the first inequality is the triangle inequality for |.|.

2. As per the hint

o] = [(v1 = v2) + 2
< Jur —vg| + |ve| = |vg (since (v —v3) €Z & |vy — o :())
lva| = |(v2 —v1) +v1] < |va —v1] + |v1| = o1l
Therefore |v1] = |va].
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3. All properties of ||.|| follow immediately from the properties of |.|. For example, the
triangle inequality is validated by
Hz+Z}+{y+ 2 = HE+y) +Z} = |lz+yl < |z[+ ]yl
Iz + 23+ Iy + 2.

Definiteness is also immediate since if || {x + Z} || = 0, then |z| = 0, and therefore = € Z,
which then implies that the coset x + Z is the zero coset

(t+2} = {0+27}.

Exercise 2.2

Given a norm that satisfies the parallelogram law (2.33), show that the form defined by the
polarization identities (2.32) satisfies all the properties of an inner product. For example,
utilizing the last equation in (2.32), showing (x +y, z) = (x, 2) + (y, z) is equivalent to
showing that

lz+y+2 —lle+y—z1* = la+zl?—lz—2® + lly+2] = lly—2l*. (248)

The following diagram will be helpful. Note that the parallelograms in red are the ones
that involve the six quantities above.

Solution 2.2

Definiteness and symmetry immediately follow from the definition of the inner product using
the polarization identity. Additivity require more work though.

The first two parallelograms in the figure above involve the terms x +y+z and x +y — 2
as well as the terms = 4 z and x — z. Writing the parallelogram law for each of them

lo+y+ 212+ llo =y + 22 = 2 (o + 20 + wl?) (2.49)
2 (Jlo = 212 + llyl?) (2.50)

The last two paralellograms also involve the terms x +y+ 2 and z +y — z, but the remaining
terms y + z and y — z in (2.48) as well

|z —y— 2> + ||z +y — 2|

lo+y+ 212+ le—y— 22 = 2 (ly+ 20+ all?), (2.51)
lo+y =22+ o —y+ 202 = 2(lly - 20 + ll)2) (2.52)

We clearly need to get rid of the terms [|y||? and ||z||? since they don’t occur in (2.48), so
subtracting (2.50) from (2.49) and adding that to the difference between (2.51) and (2.52)

2 +y + 2|* + e =y=+=" - le=y—==" — [lz + y — 2|?
o +y + 2l + |z=y—==" — [l +y — 2| - |z =4+

= 2 (Jla+ 212 = llz = 202 + lly + 21> — |y — =1?)
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This is precisely the relation (2.48).
Now the fact that additivity holds implies (by induction) that the following is valid

<O‘xay> :Oé<$,y>, aeN.

By replacing x with —z we see that homogeneity furthermore is valid for any o € Z. This
fact also implies that homogeneity holds for any a = n/m € Q (where n and m are integers)
due to the following implications

Gov)=mlon o Sy =nlen) o (mley)= ().

Note that the only property used was homogeneity for n,m € Z.
Finally, homogeneity for any « € R follows by continuity. The function « — {(azx, y)

1
aw, y) = 7 (laz +yll? = llaz — y|?).

is continuous since ax + y and ax — y are a continuous functions of «, ||.|| is a continuous
function, and the sum of two continuous functions is continuous. Since two continuous
functions a (x, y) = {(ax, y) are equal on a dense subset Q C R, they must be equal for all
a e R

Exercise 2.3

The following identity is a corollary to the parallelogram law, but involving three vectors in
an inner product space

lu+ v+ wlf* + fJu+ v — wl? + [lu— v+ wl|* + Ju— v — w]?
= A (flull®+ [l + [lwl®)  (2:53)
Note the following similarity between (2.53) and (2.33). In
both cases, the left hand side is the sum of all possible signed w
combinations of the vectors, which correspond to all possible
diagonal lines in the parallelepiped formed by the vectors u,

v, and w in 3D space.
Show that (2.53) follows from (2.33).

Solution 2.3

The identity (2.53) follows from the parallelogram law (2.33) by breaking down the sums
on the left hand side of (2.53) into sums of pairs of vectors.

(Mw+v) + w2+ i +v) = wl?) + (= v) + wl2 + (= v) - w]?)
2 (o + o) + 2 (= ol + ol]?)
2 ((hu+ ol + (Ju = ol2) +20wl2) = 2 (2 (lul + [o]*) + 20w]?)) -

Exercise 2.4

Consider the set P’ of all signals with “finite power” seminorm

1 T
|lu|| := lim —/ u?(t) dt < oo.

T—00 27 J .
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This is a vector space, but the quantity ||.|| is only a seminorm. For example, any signal
that decays asymptotically (e.g. if it is in L?) will have zero seminorm. Such signals have
“finite energy” (if the L? norm is interpreted as “energy”), but over all time, their average
power is zero.

Let N be the subspace of signals with zero power seminorm. This is clearly a subspace
of P’. Now consider the quotient space P := P’/N with the bilinear product

<{u+N},{v+N}> .= lim 1/Tu(t) u(t) dt.

T—o00 2T [,

Show that this satisfies all the properties of an inner product on P’/N, including definiteness.

Solution 2.4

Symmetry and bilinearity follow immediately from the integral form. For definiteness, note
that

0 = <{v+N},{v+N}> = lim 1/Tv2(t)dt7

T—o00 2T [,
implies that v € N. Therefore an element {v + Z} with zero inner product with itself is in
the same coset as {0+ N}.

Exercise 2.5

One of the most basic inequalities used in many bounds involves the interplay between
absolute sums and maxima. One could call it the 1-co inequality. For n-vectors v and u it
states

vl = Jorur 4 vpun| < Junvr] 4 upve] = Jua] for] + e [un| [vn|
< (maxcful ) or] + -+ (maxfual) ol = (maxui]) (Jor] + -+ Joal )
= lullo 0]

This inequality can be used in many ways. Whenever one has a sum of several terms, the
individual terms can be grouped into the entries of two different vectors in several different
ways. Such arguments are useful e.g. in Exercise 2.6.

Show with a similar argument that for infinite sequences

S| < (suplul) (Zlvﬂ)v

€N 1€N

and that for any function f : ) — R defined on a subset 2 C R™

< (swlr@)) ([ o).

f(z) g(x) dx
Q

Solution 2.5

For the discrete sum

Zuﬂh‘ < Z|uz||vz| < Z(su§|uz|) lvi| = (su£|ui
; i€

ieN i€EN ieN N\

) (ZNH) = Jlulloo o]l
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For the integral

/Q f(2) g(a) do| < / @)l lg(@)] do < / (Zggu(mn) lg(a)| da

= (supr@l) [ 1@ do = Jullclols

Note: It is tempting to think of these bounds as parallels of the Cauchy-Schwartz inequality

(u, v) < lufloollvflr-

It turns out that we can make this precise as we will see later. The quantity (u, v) is not to
be interpreted as an inner product, but rather as a u € L “acting” on v € L' as a linear
functional. Unlike the case of an inner product space, here u and v are in different spaces,
but one of them is the space of all bounded linear functionals (namely L°°) on L. In fact,
we will generalize the notation (u, v) to mean u acting on v as a linear functional.

Exercise 2.6

Use the Cauchy-Schwartz inequality

(£) = (89) (57

to prove the norm bound |jv||; < v/nlv]s.
Hint: Rewrite ||v||1 := Y1 [vil = Y1, v sign(v;), and use Ezercise 2.5.

Solution 2.6

Examining the inequality ||v|l1 < v/n||v||2 that we need to prove

n

n 1/2 n 2 n
Z\vi| < ﬁ(va) & <Z|’U1|> <n Zv?

i=1 i=1

Comparing with the Cauchy-Schwartz inequality, we see that if we apply it with a =
(v1,...,v,) and b = (sign(v1),...,sign(v,)) then

n 2 n n
(Z v; sign(vi)> (Z Uf) (Z (Sign(vvz))2>

i=1 =1 i=1
n 2
i=1

ol <ZQ> <Zl> ) <22> n

v [[v3.

IN

IN

IN
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Chapter 3

Completeness and Continuity: Banach
and Hilbert Spaces

The metrics induced by norms and inner products imply a notion of convergence of sequences
in the space. A space is called complete if every sequence that “should converge” does indeed
converge in that space. Cauchy sequences are those that “should converge”, and a space is
complete if every Cauchy sequence converges in that space. Banach and Hilbert spaces are
complete normed and inner product spaces respectively. In such complete spaces one can
make sense of infinite bases, and the convergence of partial sums of basis expansions to any
particular element.

A notion of convergence induces a notion of continuity. A linear mapping between two
vector spaces is a continuous mapping iff it is continuous at the origin. Norms on vector
spaces induce a natural norm on linear operators called the “induced norm”. The bounded-
ness of the induced norm is equivalent to the continuity of the mapping at the origin, and
therefore everywhere.

The set of all bounded linear operators on a Banach space is itself a Banach space, with
the induced operator norm as the norm. The induced norm has the important property of
“sub-multiplicativity”, which makes the space of all bounded linear operators into a special
type of algebra called a Banach Algebra.

This chapter is concerned primarily with the basic “analysis” questions in vector spaces.

Introduction

So far we have discussed the algebraic and geometrical properties of normed and inner
product spaces. When describing limit processes or iterative algorithms in such spaces, we
will also need a notion of convergence and topology. These are the analysis aspects of the
subject. There are many ways to deal with these topological notions, but we will adopt here
the least abstract setting where we use distances and norms to describe convergence. A
metric can be used to define closed and open sets, and whether a vector space is complete or
not. Intuitively, a set is closed or a space is complete if all sequences that “should converge”
do converge in that space, i.e. the space has no holes or open boundaries in it. Complete
normed spaces are called Banach spaces, while complete inner product spaces are called
Hilbert spaces. We will see that once the algebraic and metric properties of a space are
specified, it can always be “completed” (i.e. all the holes added to the space) so that it
becomes a complete space.
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3.1.

CONVERGENCE AND TOPOLOGY

. {zk}

M

. {@x}

M

(a) A sequence {zj} converges to
a limit point x if given any ¢ > 0
(no matter how small), an infinite
“tail” of the sequence is inside an
e-neighborhood around z.

(b) A sequence {zy} is Cauchy if
given any € > 0 (no matter how
small), an infinite “tail” of the se-
quence is inside an € ball, i.e. the
tail “bunches up” even if there is no
limit point.

(C) A Cauchy sequence is bounded
since a tail is guaranteed to be in-
side an € ball, and the remainder of
the sequence (the “head”) is finite,
and therefore within a distance c¢;
of the first element x;.

Figure 3.1: The concepts of (a) convergent sequences, (b) Cauchy sequences, and (c) the fact that Cauchy
sequences in a metric space M are bounded.

3.1 Convergence and Topology

The first concept to deal with is how to define convergence. If we are in a metric space, we
can use the distance function to define convergence.

Definition 3.1. Let M be a metric space with metric d(.,.). We say a sequence {x;} C M
converges to a limit point x € M (also written as limy_, o x = x) if for any € > 0 there
ezists a number N such that

Vk >N, d(zg,z) <e (3.1)

One way to parse this definition is to think of “tails” {xy}, 5 of the sequence. Each choice
of N defines a tail of the sequence with an infinite number of elements in it. The definition
says that x is a limit point, if for any distance €, no matter how small, an entire tail of the
sequence is within that small distance from the limit point. This is illustrated in Figure 3.1a.

To use the definition above to determine if a sequence is convergent requires knowing the
limit = apriori. There is another way to define convergence that does not require knowing
the limit. These are the sequences that “should converge”.

Definition 3.2. Let M be a metric space with metric d(.,.). A sequence {zr} C M is called
Cauchy if for any € > 0 there exists a number N such that

Vk,l > ]\[7 d(xk,xl) <e. (32)

This property will be equivalently stated in the abbreviated form

lim d(zg,z;) = 0.
k,l—o00
This means that given any distance €, no matter how small, there is a tail of the sequence
such that all elements of the tail are within e-distance of each other (see Figure 3.1b). In
contrast to the condition (3.1), the Cauchy condition (3.2) does not require the existence (or
knowing) of a limit point. Now, the first property to establish is that a Cauchy sequence
can not “stray too far”.

Lemma 3.3. FEvery Cauchy sequence in metric space is bounded.

Proof. Choose some € and find N such that all elements of the tail {4}, are within e
of each other. Now find a ball around the first element z; that contains all of the first NV
elements (see Figure 3.1c)

¢ = max d(z1,zk),

1<k<N
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and observe that ¢ must be finite. Thus the first IV elements are within distance ¢ from x;.
In addition, the entire sequence is within distance c+e€ from x1 because (see also Figure 3.1¢)

k>N = d(z1,zr) < d(xy,zn) +d(ay,zr) < c+e
as follows from the triangle inequality. Thus the sequence is bounded. O

The Cauchy condition appears to be the right condition for our intuitive notion of when
a sequence “should converge”. This motivates the next definition.

Definition 3.4. A metric space M is called complete if every Cauchy sequence is convergent,
i.e. if it has a limit point in M.

The classic example of an incomplete metric space is the set of rationals Q with the usual
distance d(x,%) := |z — y|. Every decimal expansion of an irrational number (e.g. 7 or v/2)
defines a sequence of rationals (the truncation of that decimal expansion to a progressively
larger, but finite, number of digits) that converges to an irrational.

Given any metric space that is not complete, there is a procedure for completing it by
formally adding all the Cauchy sequences to it. The details are outlined in Appendix 3.A,
and will not be elaborated here. For example, the completion of Q is the real line R, and
in fact, that is one way to formally construct the reals from the rationals. We will assume
from now on that R is a complete metric space.

Open and Closed Sets

Now we introduce the concepts of closed and open sets. Consider the open and closed in-
tervals (0,1) and [0, 1] in R. The interval [0, 1] contains all its limit points, i.e. all Cauchy
sequences in [0,1] have limits in [0,1]. On the other hand, the open interval (0,1) does
not since the sequence 1/k is a Cauchy sequence entirely in (0,1) with its limit 0 ¢ (0, 1).
The open interval does however have a property that the closed interval lacks. For every
number Z € (0,1), no matter how close to the boundary, we can find a “neighborhood”
{z € (0,1); |x — Z| < €} of it that is entirely contained within (0,1). These concepts gener-
alize to metric spaces as follows.

Definition 3.5. Let M be a complete metric space. A subset Q C M is called

e closed: if every Cauchy sequence {x} C Q0 converges to a point x € Q, i.e. if Q is itself
complete. For any arbitrary set Q € M, its closure € is the smallest closed set containing
it, namely the set obtained from )’s union with all of its limit points.

e open: if for each point T € Q, we can find a “neighborhood of T”, i.e. an € > 0 such that
Ne(X) := {x € Q; d(x,X) < €} is entirely contained in .

Informally, a closed set is one which has no holes in it and contains all of of its boundaries.
An open set is one without boundaries, i.e. there are no points at “edges of the set” where
any neighborhood of those points, no matter how small, will contain points from outside
the set. These concepts are depicted visually in Figure 3.2. As the terminology suggests,
open intervals (a,b) C R are open sets, and closed intervals [a, b] are closed set. It is not
difficult to show from the definitions above that the set complement M — £ of an open set
Q) is closed, and vice versa.

Note that a set can be open, closed, both open and closed, or neither. For example R
is both open and closed (it is complete, therefore closed, and it contains all neighborhoods,
therefore open). In fact, the entire complete metric space M in the definitions above is both
open and closed. The set of rationals QQ C R is neither open nor closed. It is “full of holes”,
which are all the irrationals. Any irrational can be approximated by a Cauchy sequence
of rationals. The real line R is actually the completion (or closure) of @ in R, which we
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. @
M
(a) A set is open if for any point inside it (z, y or z (b) A set is closed if it contains all of its limit
above), there is a neighborhood of the point that is points. Such a set has no holes and must contain
contained entirely in the set. Such sets cannot have all of its boundaries as well. Here, Cauchy sequences
boundaries, i.e. a point z (as in the diagram to the {zr} and {z} } are depicted converging to a limits z
right) such that all neighborhoods contain contain and z inside and on the boundary respectively. The
points from outside the set. boundary must be part of the set.

Figure 3.2: Graphical depiction of open (a) and closed (b) sets 2 in a complete metric space M.

write as Q = R. The set Q is also not open in R since any neighborhood around a rational
contains infinitely many irrationals. Thus Q is neither open nor closed.

Continuous Mappings
Definition 3.6. Let f: My — My be a mapping between two metric spaces.

1. f is continuous if the inverse image of every open set is open, or equivalently, the inverse
image of every closed set is closed.

2. f is continuous at a point & € My if given any € > 0, there exists a § > 0 such that
dz.a)<s =  d(f@, /@) <e (3.3)

f s called continuous if it is continuous at each x € My.

3. f is called sequentially continuous if for every convergent sequence xj, '—3 x, the values

of f also converge, i.e. f(xy) gy f(z).

The first definition is the most general one and is valid in any topological space, where
the topology is defined in terms of open sets and not necessarily in terms of a metric.
Definition 2 requires a metric. Sequential continuity in general does not require a metric,
but rather some notion of (sequential) convergence in the space. There is one important
example of sequential convergence that does not initially arise from a metric, and that
example is encountered in the theory of distributions (generalized functions). We leave this
discussion for later when we study generalized functions.

It is not difficult to show that 1, 2 and 3 are equivalent in a metric space, and this is
left as an exercise.

3.2 Banach and Hilbert Spaces

We now discuss the main issue in this chapter, which is complete vector spaces as opposed
to metric spaces in general. Recall that an inner product space is also a normed space, and
a normed space in turn is also a metric space, and therefore the completeness criterion in
Definition 3.4 applies equally well to inner product and normed vector spaces. The next
definition introduces the standard terminology for such spaces.
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Definition 3.7. A normed vector space that is complete is called a Banach space. A complete
inmer product space is called a Hilbert space.

Given an incomplete normed space, we can always form its “completion” (by appending
all the Cauchy sequences as described in Appendix 3.A) to obtain a complete normed space,
i.e. a Banach space. Similarly, any incomplete inner product space' can be completed to
a Hilbert space. The completed spaces contain the original ones as (incomplete, i.e. not
closed) subspaces.

The spaces we will work most closely with are the L? and /P spaces. We have already
shown that they are normed spaces (and an inner product space in the case of p = 2). They
are also complete spaces.

Theorem 3.8. Let Q be a subset of R™ or Z™. The spaces LP(Q) or ¢P(Q) for p € [1,00]
are complete, i.e. they are Banach spaces. In particular, €2 and L? are Hilbert spaces.

The proof of the LP case is somewhat technical, requiring concepts from measure theory
and Lebesgue integration. It can be found in most textbooks on functional analysis and will
therefore be omitted. The proof for the /P case is less technical and more instructive, so we
illustrate it next.

Proof of Theorem 3.8 for the ¢P case. Let {v(k)} be a Cauchy sequence of elements in 7 (),
i.e. the sequence is such that given any € > 0, 3N such that for all k,l > N

[[o(®) —v(”llﬁ = Yieo

Note that since €2 is discrete (i.e. countable), then the norm is given by a sum over Q.
Therefore, at any individual point i € 2 we have

] < T
(k

This means that at any ¢ € (2, the sequence of real numbers v; ) is Cauchy, and therefore
by completeness of R, it must have a limit which we will call v;. We have thus established

o

vfk) —vgl)‘ < e

v(k) —vl@’ < e

%

that a sequence { that is Cauchy in ¢P(Q2) converges pointwise (i.e. at each i € ) to

some function v : Q — R, i.e.
(k)

%

for each 7 € €, vi = lim v
k—o0

It remains to prove that the function v has finite p-norm. Since €2 is countable, we can
identify  with {1,2,...} and examine the partial sums

N k)P oo
21 Uz( )‘ < i

where the last inequality is because {v(k)} is a Cauchy sequence in ¢P, and therefore is
bounded?, i.e. all their /7 norms are bounded from above by some constant C. Since this

p
N e)

%

RY) to the finite vector {v;; 1 <i < N}, then we also have the bound
Zilil lvil” < C.

This bound is independent of N, and therefore is also a bound on the infinite sum
S luil” < G,

and the limit function v is therefore in ¢P. O

bound is independent of IV, and the finite-vector sequence {v(k); 1<i+<N } converges (in

1 An incomplete inner product space is sometimes called a “pre-Hilbert” space.
2Recall that in a metric space, every Cauchy sequence must be bounded.
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Example 3.9. Consider the subspace of £*°(N) of asymptotically decaying sequences

(2(N) = {UEEOO(N); lim vk—O}.

k—o0

This is clearly a subspace, but in addition it is a closed subspace in the /> norm. Therefore
it is a Banach space in itself with the ||.||oc norm. For several reasons to be explained later,
whenever the ||.||oc norm is needed in applications, the space £3° is a better setting for a
problem than £°°.

Example 3.10. Consider the space Cla, b] of continuous functions on the interval [a, b] with
the maximum norm

Cla,b] :== {f:[a,b] = R; f continuous}, 1flleo == mrél[%)é] |f ()]

Note that since f is continuous, then its supremum on a closed interval is achieved at some
point in that interval (this is the “extreme value theorem” of Calculus), thus we write
maximum instead of supremum. This is a subspace of L>[a,b] and therefore is a normed
vector space. The question is whether it is complete? Let {fi} be a Cauchy sequence (in
the max norm) of continuous functions. At each x € [a,b], {fr(x)} is a Cauchy sequence of
real numbers because

Vo € fa,b], [fi(@) = filo)] < [Ifx = fillo -

This means that at each x the sequence of real numbers { f(z)} converges to a real number,
which we can define as the value of the “limit function” f

flx) == lim fg(z), x € [a, b
k—o0
This function is the limit of the sequence { f;} in the max norm , i.e. limy_, || fr — f|l,, = 0.
Note that convergence in the max norm is uniform convergence, and the uniform convergence
theorem states that the uniform limit of continuous functions is continuous, thus the limit
function f is itself a continuous function and therefore in C[a, b].

The space Cla, b] is therefore a Banach space, and it is a closed subspace of L*[a, b].
This is only the case for bounded intervals. For example the vector space C|0,c0) is not a
normed space with the max norm since continuous functions on an unbounded interval are
not necessarily bounded.

Example 3.11. Consider the space C![a, b] of continuously differentiable functions on the
interval [a, b] equipped with the “max” norm

C'a,b] := {f:[a,b] = R; f’ continuous}, Ifllee = ZI?[%] |f(2)]-

Note that since f is continuously differentiable, then its integral f is also continuous, and
therefore the maximum above is achieved for some = € [a,b]. This is clearly a normed
vector space (it is closed under additions and scalings), which is also a subspace of Cla, b]
(continuous functions on [a, b] with the max norm). However, this subspace is not complete
with respect to the max norm. It is actually a dense subspace in C[a, b] since any continuous
function can be approximated arbitrarily closely by a continuously differentiable function
in the max norm (see Figure 3.3). As we will see later, C![a,b] can be made into a Banach
space by defining a different (Sobolev) norm on it.
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1€ f € Cla,b]

If = fel <€ ; < _f.eCab)

»
'

a b

Figure 3.3: Any continuous function f can be approximated arbitrarily closely by a continuously differen-
tiable function fe in the max norm || f — fe|loo := maxyc[q,p] |f(z) — fe(z)|. Thus the subspace of continuously

differentiable functions C![a, ] is dense in the Banach space of continuous functions C[a,b] with the max
norm. While C![a,b] with this norm is itself a normed vector space, but it is not complete, and therefore
not a Banach space itself.

3.3 Bases

There are several notions of bases that can be defined in infinite-dimensional spaces. We have
already encountered Hamel bases (Definition 1.20), and recall the remark that that notion of
basis is not particularly useful. The main application of bases in infinite-dimensional spaces
is to enable approximations by finite-dimensional “truncations”, and the approximation is
to be measured using norms. The following definition which is sometimes referred to as a
“Schauder basis” captures this idea.

Definition 3.12. Let v := {v},_, be an ordered, countable set in a Banach space V. This
set is called a basis of V if every element w € V can be expressed uniquely as

oo
u = E Q. Uk,
k=0

where the convergence is in the norm of V. The unique sequence of numbers {ay} are called
the coefficients of w in the basis v.

This definition implies that the closure of span{wvy} is all of V, but it is a little stronger than
that since the uniqueness of the coefficients is also required. We have already implicitly
worked with basis for the ¢P spaces.

Example 3.13. Consider the spaces ¢P(N) for p € [1,00), and the set of vectors e := {ey}

€r = (07"'7071307"')ﬂ keN. (34)
T k'th entry

Now any element u € ¢?(N) can be written uniquely in this basis as

o0
u = (ug,ur, ) = Zukek. (3.5)
k=0

The fact that u € (P(N) (for p < o0) implies that the tails of the sequence {uy} decay
S50 Jugl? =570, and therefore the partial sums of the series (3.5) converge in the £# norm

00 n—1

pRLITI S

k=0 k=0
Thus the series (3.5) is convergent in the /¥ norm for any u € ¢?(N), p € [1,00). Finally note

that the case p = oo is excluded in this example since the argument fails in that case. We will
discuss this issue shortly in the context of the concept of separability.

p p 00 00

(oo}
= Zukek < Z|uk|p”6k”5 = Z|Uk‘p %0,
k=n

P P k=n k=n
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Bases in Banach versus Hilbert Spaces

The main difficulty in working with bases in Banach spaces is that, except for very special
cases (e.g. the canonical basis of R", or the bases of Example 3.13), there is usually not
a simple relationship between the vector norm and the basis coefficients. This problem is
apparent even in finite dimensional Banach spaces such as R™ with the ||.||, norms (p # 2).
Consider for example the ||.|; norm on R2 In the canonical basis, the expressions for
this norm in terms of the vector components follow from the definition as relatively simple

expressions
Uy
U2

On the other hand, if we choose a different basis, say v1 := e; + e and v := e; — €3, then

= [lwer +uzes|; = |ur] + |ua|.
1

lully = \

ulli = [lurvr +ugv2|; = [[ui(er + ez2) +uz(er — e2)]|;

[(u1 +uz)er + (ur —ug)es|l; = [ur +ua| + ur — ual.

The expressions become even more complex for other choices of bases, and more so in higher
dimensions. When the norms are given by a general convex set, it is generally not possible
to give algebraic expressions in terms of the basis coefficients.

The situation above is to be contrasted with that in a Hilbert space. Consider R"”
again with the Euclidean norm ||.||. Suppose we choose a basis v := {vy,...,v,}. Recall
from Lemma 1.43 that the relation between the coefficients in the new basis and the vector
components (which are the coefficients in the canonical basis) are

I : :
u = x1€e;+---+xr,€e, : :
= : : V1 Un

:i'lvl""""’_i'nvn x
n

Now since the norm is given by the inner product, we can calculate the norm in terms of
the new coefficients Z1,...,Z, by

Jul = a2+ +a2 = z*z = #*VVz = #*(V*V) &

This is a modified inner product, and can be easily calculated with matrix-vector operations.
It is for this reason that bases in Hilbert space are much easier to work with than in general
Banach spaces.

Orthogonal Bases in Hilbert Space

Recall that inner product spaces have a much richer geometry than normed spaces due to
the inner product which gives a notion of angles between vectors. In particular, mutually
orthogonal vectors provide bases with particularly nice properties.

Definition 3.14. A basis v := {vi} of a Hilbert space with the properties

( y_ [t k=1
Uk U T 0, k£

18 called an orthonormal basis.

Orthonormal bases play very nicely with norms and inner product as shown by the
following famous identities.
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Theorem 3.15. Let v := {vy},—, be an orthonormal basis of a Hilbert space V. Then for
any vectors u, w € V with expansions w =y po , v and w =Y, Brvk

(u, w) = Z ag B (Plancherel Identity)
k=0

ul? = Z |ag|? (Parseval’s Identity)
k=0

Proof. First note that Parseval’s identity follows from the Plancherel identity by choosing
the two vectors equal®. Now compute

(w, w) = <Z QUL ZBZ'U[> =3 (wvr, Bio)
k=0 1=0 1=0
D> B (v, v) =

o

e .
[M]8

= B Ok (6 is the Kronecker delta)
k=0 1=0 k=0 1=0

= Z o Br O
k=0

Parseval’s identity can be thought of as the infinite-dimensional version of the Pythagorean
theorem. Another interpretation of the two identities is that any choice of orthonormal basis
of a Hilbert space makes it “look like” ¢?(N). The one-to-one and onto correspondence is
given by the mapping from a vector to its basis coefficients u — (ag, a1,...). Parseval’s
identity implies that this is an isometric isomorphism between V and ¢?(N). Therefore any
choice of orthonormal basis of a Hilbert space induces an isometric isomorphism between it
and (*(N).

Riesz Bases in Hilbert Space

When it is not possible to use orthogonal bases in Hilbert space, the next best construction
is as follows.

Definition 3.16. A basis v := {vx} of a Hilbert space V is called a Riesz basis if there are
constants ¢, ¢ > 0 such that for any vector u € V

oo oo oo
u=Y v = o) ol < Jul? <>l (3.6)
k=0 k=0 k=0

To appreciate the need for such a definition, the reader should recall the concept of
“equivalence of norms” of Section 2.C. The definition above says that the Hilbert space
norm ||u| and the ¢? norm of the sequence of coefficients {ay} are equivalent. Since each
choice of basis induces an isomorphism from V to ¢2(N), the equivalence (3.6) implies that
this isomorphism is at least continuous even if it is not an isometry (as would be the case
with an orthonormal basis). Thus convergence arguments in V are equivalent to convergence
arguments of the corresponding basis coefficients in ¢?(N).

3Since the inner product is also determined by the norm (via the polarization identity), then we can also
say that Parseval’s identity implies Plancherel’s. For this reason, the two names are used interchangeably
in the literature.
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Separability

Recall the convergence argument of Example 3.13, and note that the argument fails in the
case of £°° since the norm of the tail

%)
§ UE€EL
k=n

= sup |ul,
k>n

oo

and this quantity does not always decay as n — oo (e.g. consider the element u :=
(1,1,---)). However, the argument works in the space £3° of Example 3.9, and therefore the
set e is a basis for £3°.

The fact that the set (3.4) is not a basis for £>°(N) is related to the important concept
of separability.

Definition 3.17. A wvector space is called separable if it contains a countable dense subset.

The importance of this definition is that if a space is not separable, then its elements cannot
be approximated using finite arithmetic, e.g. on a computer. Therefore a non-separable
space is usually not a useful setting for problems in applications.

If a Banach space V has a basis (in the sense of Definition 3.12), then it must be separable.
indeed, let {vy},-, be such a basis, and consider combinations of basis elements but with
only rational coefficients

o0
E Qg Vg, ar € Q.
k=0

The set of such elements is countable (its cardinality is the same as NV), and also dense in
V. The converse however is trickier. There exists separable Banach spaces that do not have
a basis in the sense of Definition 3.12, but those are fairly esoteric and not of interest here.

It is possible to show (Exercise 3.1) that £>°(N) is not separable, and since a space with
a basis must be separable, then ¢*°(N) cannot have a basis, and we need not search for
alternatives to the basis {e,} for £°°. On the other hand, its closed subspace ¢ (N) is
separable since e (3.4) is indeed a basis for it.

Example 3.18. (Finite-Power Signals and Almost-Periodic Functions)
Consider the following bilinear form defined for functions on the real line

(u, w), = lim —/ u* (t)w(t) dt, l[ull2 == (u, u), = lim i/ lu(t)|® dt. (3.7)

In signal analysis, ||.||, is the Root Mean Square (RMS) value of a signal®, and signals for which
|I.llp is finite are called “finite power signals”. Signals for which ||.||, # 0 must be “persistent”,
i.e. not decay. For example, if u € L2(R), then ||lul, = 0. Therefore (., .)p is not quite an
inner product since it is not definite. However, we can make it into a definite inner product
by considering the space of equivalence classes with respect to this indefinite norm, so that
u~w < |lu—wl|,=0. More precisely, let

P = {USR%R; <u,u>p<oo}, N = {UGP'; (u,u>p:0}.

4In the definition, lim sup should be used instead of lim to guarantee the existence of a limit. For some
exotic signals, the limit above with T — oo may oscillate and not converge, even if it is bounded. We write
lim here instead of lim sup for simplicity of notation.

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



CHAPTER 3. COMPLETENESS AND CONTINUITY: BANACH AND HILBERT SPACES 81

Thus N contains all signals equivalent to the zero signal, and two signals are equivalent u ~ w
iff (u —w) € N. It is possible to show (recall Exercise 2.4) that N is a subspace of P/, and that
the inner product (., .>p is definite on the quotient space

P = P'/N.

Thus P is a Hilbert space® of equivalence classes of finite-power signals.
We will show that this Hilbert space is not separable! Before we do that, we explain the
connection with what are called “almost-periodic functions”. Consider signals of the form

O[le‘jwlt + e+ anejw"t’ (38)

where the frequencies wq, ...,w, can be any real numbers, i.e. not necessarily commensurate,
and therefore such signals are not necessarily periodic, but they are “almost-periodic” in a
sense described in Exercise 3.2. The collection of all such signals is a vector space. Also by this
definition, the uncountable set of functions {ej“’t; w € R} is a Hamel basis for this vector space.
It can be shown [3, page 109] that the completion of this vector space with the norm (3.7) is
exactly the space P defined above. Furthermore, there is a Parseval-type relation as follows

) T )
) 1
weEP & u(t)= g_oakejw"t, lullp := Tli_r)I;oE[T lu(t)|?dt = g_o\ak\z < oo.

Thus for every u € P, there exists a countable set of “frequencies” {wy} such that u can be
written as a trigonometric series. There are other classes of “almost-periodic functions” that
can be defined by taking closures of signals of the form (3.8) in various norms (e.g. with the
supremum norm or an “average” L! norm). However, the power norm appears to be the most
useful one due to the above Parseval-type identity.

Now for separability. Observe that the Hamel basis described earlier is actually an uncountable
orthonormal set since

; ; 1 (" 1 (7 . —
<6Jwt , e]’Yt> — lim — 67Jwt€]'yt dt = lim — 6‘7(‘*)77)15 dt — ]., w vy
P T—00 2T 0, w#n~y

-T

The existence of an uncountable, orthonormal set implies that the space is not separable. The
argument is similar to that of Exercise 3.1, which can be informally described as follows: put
an open ball of radius < 1/2 around each element of the orthonormal set (i.e. at the “tip” of
each orthonormal vector). These balls do not intersect. Any dense subset must have at least
one element in each ball. Since the number of balls is uncountable, any dense subset must also
be uncountable.

3.4 Quotient Spaces and Minimum Distance Problems

In Section 1.4 we saw how to define quotient spaces in a general vector space. The construc-
tion was purely algebraic. Now that we have spaces equipped with norms, inner products
and notions of completeness, we study quotient spaces with all those extra structures.

The first question is given a normed vector space V and a subspace S C V, how does one
define a norm on the quotient space V/S? Figure 3.4 gives a motivation for the definition to
follow. Considering a coset v+ S, its “norm” |lv+ S|| should be its “distance” from the zero

5In the mathematics literature, this construction with with the more general p € [1,00) in place of 2
in (3.7) is called a “Besicovitch space”.
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v+S=w+S

S

Figure 3.4: (Left) The definition of the norm of a cost v + S as the distance between the two cosets v + S
and 0 +S. The distance between two sets is defined as the infimum of the distance between all possible
elements of the two sets respectively (3.9). (Right) This definition is independent of the choice of coset
representative v, and is the same as the distance d(v,S) between v and the subspace S (3.10).

coset 0+ S. This norm should of course be independent of the choice of coset representative
v. We can therefore attempt a definition as follows

lo+S|| = inf || v4+w — u . (3.9)
w,u€S N—— ~~—
all possible all possible
members members
of v+S of 0+ S

This quantity captures the distance between the two cosets. The expression can be simplified
a bit since we can combine w,u € S as a single parameter x = w — u and rewrite

= inf = inf |jv — =d 1

lo+SI = g Jo+al = ifo—z] = d@,S), (3.10)

where d(v, S) is the minimum distance between the vector v and the subspace S. Note again

that this distance is the same for any vector in the same coset that v is in. More precisely
vy — U9 €S = d(Ul,S) = d(UQ,S).

Thus the definition (3.10) is independent of the choice of coset representative.
Now having defined the quantity (3.10), is it really a norm on the set of cosets? We need
to check homogeneity, the triangle inequality and definiteness which we do as follows.

e Homogeneity: The coset a(v + S) is by definition v + S and therefore for a # 0

. . 1 .
[a(v+S)[| = inf lav+zf| = inflafllv+z/all = |af inf [v+yl| = |af|(v+S)],
€S z€S yeS

where = follows from S being a subspace, and therefore y =z/a €S & x €S.

e Triangle Inequality: This follows from the triangle inequality for vectors

[(v+S)+(w+S)|]| = [(v+w)+S|| = infllv+w—2z| = inf |[v+w—2z—y|
z€S z,y€S
< inf — — = inf [|[v — inf —yll.
< wfifes(”” z|| + [lw —yl)) inf [|v w\|+;gsl\w yll

e Definiteness: Here we require an additional condition on the subspace S. If S is not closed,
and v ¢ S is in its closure S, then the minimum distance is zero

veS = inf |jv — x| = 0.
z€S

Conversely, if the minimum distance ||[v + S|| = 0, then v must be in the closure of S.
Thus if S is closed, then the norm (3.10) on the quotient space V/S is definite. Note
that in finite dimensions every subspace is closed, and in this case we do not require this
additional assumption.
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vi + S
G k-1
Y
— vz +S k1 +S d(wy, wi1)
o2 ~d\r,\*3.z'e,,‘+5\
U3 +S .
vs+S ® wy
v® U5 +S 1

vk +S

(a) A sequence {(vr +S)}72, of cosets can be Cauchy, (b) Constructing a Cauchy sequence of representatives

while a sequence {vy}p—, of their representatives is for a Cauchy sequence of cosets. One can always choose

not. wg € vr+S and wi.1 € vi-1+S such that d(wg, wi-1) is
arbitrarily close to the distance between the two cosets
as in (3.12).

Figure 3.5: Graphical depiction of the proof of completeness of the quotient space V/S of Lemma 3.19.

Thus with the norm defined in (3.10), the quotient space V/S becomes a normed space
(provided S is closed). We can ask the next question which is about completeness.

Lemma 3.19. Let S be a closed subspace of a Banach space V. Then the quotient space
V/S endowed with the norm

S| := inf||v— 3.11
lo+Sll = inf o], (311)
is itself a Banach space.

Proof. We have already shown that the norm (3.11) is independent of the choice v of coset
representative, and satisfies the three requirements of a norm. It remains to show complete-
ness of V/S. Take a Cauchy “sequence of cosets” {v + V}, i.e.

Ve, AN, Yn,m > N, |[(vn +S) — (vm +95)|| <e.

If the sequence of coset representatives {vy} were Cauchy, then its limit can be used to find
the limit coset. However, the difficulty illustrated in Figure 3.5a is that while the sequence
of cosets is Cauchy, one can choose a sequence of representatives that are not themselves
Cauchy. It is however easy to construct another sequence {wy} with distances no larger
than the coset distances, and therefore {wy} will indeed be Cauchy. The construction is
illustrated in Figure 3.5b

wo ‘= Y
choose wy, s.t.  d(wg, wg.1) < d(vg +S,v61 +S) + Y (always possible) (3.12)

where {74} is a sequence of positive numbers decaying to zero. Since the increments
{d(vr +S,vk.1 +S)} and {7} are both Cauchy sequences, then so are the increments
{d(wg,wk.1)}, and therefore {wy} is a Cauchy sequence. Thus limy_,o wg =: @ € V exists
since V is complete, and the coset @ + S is the limit of the sequence {v + S} in V/S. O

The infimization problem (3.11) deserves some attention. It is a “minimum distance
problem” from a vector v to a subspace S. Such problems, and more general ones of finding
minimum distances to affine spaces, are important in applications. They are fundamentally
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Figure 3.6: The projection theorem in an inner product space. The point Z in a subspace S that is closest
to a point b outside of it is called the projection of v onto S. This point is characterized by the “error
vector” e := v — T being orthogonal to all other vectors = € S.

problems of approximation or error minimization. The reader should note that the proof of
Lemma 3.19 does not provide an algorithm or technique for actually finding this minimum
distance. We next consider minimum distance problems in inner product spaces, where the
solution is given by an “orthogonal projection”. Similar problems in Banach space are more
subtle since there is no inner product. None the less, we will be able to address minimum
distance problems using the concepts of duality and “orthogonal functionals” in Chapter 4.

3.4.1 The Projection Theorem in Hilbert Space

We begin with the projection theorem in an inner product space (though not necessarily
a complete, i.e. Hilbert, space). This theorem states an orthogonality condition that any
minimizer must satisfy, and thus it is a necessary condition for optimality. The proof is
typical of most arguments for such necessary conditions by the contrapositive, namely, if
the condition is not satisfied, then the objective can be improved by moving in a certain
direction.

Theorem 3.20 (Minimum distance to a subspace of an inner product space). Let S be a
subspace of a inner product space V, and consider the minimum distance problem between a
vector v € V and the subspace S (see Figure 3.6)

J = glrrelfs||v—m|| (3.13)

If 2 €S solves (3.13) (i.e. ||[v—Z| = J), then it is unique, and the “optimal error” vector
(v —1Z) is orthogonal to S

VezeS, (v—z,x)=0. (3.14)

Proof. We will show that if Z does not satisfy the orthogonality condition, then we can find
another point in S whose distance to v is smaller. If Z doesn’t satisfy (3.14), then there is
some & € S with (b—Z, ) # 0. & can be chosen® such that this number is positive, i.e.
(b—Z, %)y =c>0. Now “move” from Z in the direction of #, and examine the distance to
v (see Figure 3.7)

lv—(z+ed)|* = (v—(T+ex),v—(T+ek)) ((v—2)+ ek, (v—7)+ex)
= (v—z,v-2) — 2 (v—2,%) + (&, 1)

= Jo—z|? - 2cc + & ||~

81f (b — %, #) = ¢ < 0, then choose —Z instead of Z.
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V

Figure 3.7: The proof of the projection theorem in an inner product space. For any Z € S, if b — Z is not
orthogonal to S, then we can select a & € S such that (b — Z, ) = ¢ > 0 (i.e. the angle 6 above is less than
90°). We can then move in the direction of Z from Z, and choose € such that b — (Z + €Z) has smaller length
than b — Z as shown in (3.15).

The idea is that now we can choose ¢ sufficiently small so that the ¢ term dominates (in
magnitude) the €2 term. Since ¢ > 0, the right hand side can be made strictly smaller than
the left hand side, i.e. 9€ > 0 such that for all € < €

lo— @+ ed)l|* = [[v-z|* —2ce + |Z]’¢ < Jo—al (3.15)

and therefore T is not optimal.
The argument that a minimizer must be unique is simple. Suppose Z; and T are both
minimizers, then they each must satisfy (3.14), and therefore

VzeS, 0= (b—F1,2)—(b—T2,2) = (T2—17T1, 2).

The last statement says that To — T must be orthogonal to S, but since (Zo — Z1) € S, it
must be zero, and Ty = . O

The previous theorem was stated in an inner product space because completeness plays
no role in the necessary conditions for a minimum. However, the theorem does not say
anything about the existence of a minimizer. We will show next that if S is a closed
subspace of a Hilbert space V, then a minimizer always exists (and therefore must be unique
by Theorem 3.20). While this is true in a Hilbert space, it is not true in a Banach space.
This fact is intimately tied to the special structure of the norm in an inner product space,
and is a consequence of the parallelogram law. Before stating and proving the minimizer
existence result, we re-examine the parallelogram law and its implications for distances and
the geometry in an inner product space. These observations are of interest in their own
right.

Recall the parallelogram law which was stated earlier as

[o+ ol + [lu —o]|* = 2[ul® +2[|v]?,
for any two vectors u and v in an inner product space. It can be restated as follows
lu—ol* = 2full® +2[v]* — 4]l (u +v) /2|, (3.16)

which has an interesting geometric interpretation illustrated in Figure 3.8. The points u, v,
and (u+wv)/2 are colinear, with the segment u — v bisected by (u+wv)/2. The relation (3.16)
implies that if the vectors u, v, and (u + v)/2 are of equal length, then u — v must have
length zero! It also implies that if they were approximately equal, say to within order € of
each other, then w — v will have length of order e¢ as well. This is in sharp contrast with
the geometry of a general normed space. Figure 3.8 shows an example from R? with the
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u—"v

Figure 3.8: (Left) The restated parallelogram law (3.16) ||u — v||2 = 2||u||? + 2||v]|? — 4||(u + v)/2]||?
constrains the length of v — v in terms of the other three lengths. If u, v and (u + v)/2 have equal lengths,
then u—v must have zero length and the three points coalesce. Also, if u, v and (u+wv)/2 have approximately
equal lengths, then u — v is forced to have small length of the order of the differences between the three
lengths. (Right) This stands in sharp contrast to the geometry in a general normed space as this example
in R? with the co-norm illustrates.

Figure 3.9: Due to the geometrical restrictions encoded in the parallelogram law in an inner product
space, a sequence minimizing the distance to a subspace must be Cauchy. When the lengths of v — x;, and
v — x; are close to the optimum J, and the length of the distance from v to the midpoint (zj + x;)/2 can’t
be smaller than J, then the parallelogram law (3.19) implies that z;, must be close to z;. Thus the sequence
{zn} is Cauchy.

||-lloc norm where three co-linear points of the same configuration have equal lengths, but
the segment u — v between them has twice their length! We will see in the next theorem
that it is this geometry encoded in the parallelogram law that forces a minimizing sequence
to be a Cauchy sequence.

Theorem 3.21 (Projection Theorem). Let S be a closed subspace of a Hilbert space V. For
any element v € V, there exists a unique minimizer T of the distance between v and S

inf lv—=z| = |lv—2z.
z€eS

This minimizer satisfies the orthogonality condition
VezeS, (v—2,x)=0. (3.17)

Proof. Uniqueness and the necessity of the orthogonality condition has already been shown
in Theorem 3.20. To show existence, let {z,} C S be a sequence that achieves the infimum

HILH;O lv—z,] = ;rel£||v—z|| = J. (3.18)

We will show that {z,} is a Cauchy sequence. It will then follow that since S is closed, this
sequence must have a limit in S.

Now to show that {x,} is Cauchy, we apply version (3.16) of the parallelogram law to
the vectors joining v to two points x and z; in the sequence respectively (see Figure 3.9)
.

lzk — 2> = 2|lv—zpl” + 2o — ayl|” — 4 |Jo — 2F2| (3.19)
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Now if those two points are chosen from the “tail” of the sequence, i.e. if [[v — x| and
|lv — 2] are within € of the infimum J, then ||y — ;| is forced to be of order € by (3.19).
More precisely, given e, there exists an N such that for all k,l > N

b— < J+ - - -
etz N :8J€+4€
b= =52 =

The first two statements on the left follow from (3.18), and the third statement follows from
(xr+x1)/2 being in S, and again by (3.18), the distance ||v — (zx +2;)/2|| cannot be smaller
than J. Thus |Jzx — ;|| can be made as small as desired for all k,I > N, which implies that
{zn} is a Cauchy sequence. O

The Orthogonal Complement and Orthogonal Projection

Definition 3.22. Given any subspace S C V of an inner product space V, its orthogonal
complement S+ is

St = {veV;vzeSs, (v,z)=0},
i.e. the set of vectors that are perpendicular to all vectors in S.

The fact that St is closed under additions and scalings, and therefore a subspace itself,
is immediate from the definitions. In fact, in a Hilbert space S+ is a closed subspace even
if S is not. Indeed, let {v;} be a Cauchy sequence in S+ C V, where V is a Hilbert space.
The sequence has a limit limy_, o, vy = v € V (since V is complete), but this limit must also
belong to S+ since

VezesS, (vyx) = lim (vg,x) = 0,
k— o0
due to the continuity of the inner product.

The projection theorem 3.21 has the following important implication. Given a closed

subspace S C V, any vector v € V can be uniquely written as the sum

v = v1 + vy, v €5, vg LS.

Indeed, vy is the unique minimizer Z € S of the minimum distance problem between v and
S, and vs is the optimal error vector vo := v — & = v — v1 in Theorem 3.21. Furthermore,
orthogonality of v; and vy implies the Pythagorean identity ||v]|2 = ||v1]|* + [|v2||*. This is
stated formally next.

Lemma 3.23. Let S C V be a closed subspace of a Hilbert space. Then its orthogonal
complement St is complementary to S in 'V, i.e. V=S ® S+ meaning every element v € V
can be written uniquely as

v = v+ Vo, v €S, vy €St with ||v]|? = [Jo1]]® + |Jv2]? .

Recall that by Lemma 1.30, the decomposition V. = S @ S+ implies that there are
projection operators I1: V — S and (I —1II) : V — St onto S and S* respectively. Since S
and S+ are orthogonal complements, we call those projections orthogonal projections.

What happens if we take orthogonal complements twice? For any subspace S C V,

denote (Sl)l =: St and observe that any vector in S is orthogonal to all of S+

r€eS = Vw € S, (w, x) =0 = x e St

This means that S C St+. We can go one step further since orthogonal complements must
be closed, and thus conclude that S C S++. In fact, the two subspaces are equal.
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Lemma 3.24. Let S C V be a (not necessarily closed) subspace of a Hilbert space V.. Then
Stt =5

Proof. It remains to show that S*+ C S, which we do by the contrapositive. If v ¢ S, then
it must be a non-zero distance away from it, and by the projection theorem, the optimal
error v — ¥ is such that

0 < infS||v—:r||2 lv—2z|> = W—Z,v-2) = (W—T,0v)—(v—7, )
fS

= (v—2T,v) (xeS = (v—Z,z)=0)

Thus we found one vector w := v — # € St with (w, v) # 0. This implies v ¢ (SL)L. O

3.5 Continuity and Induced Norms of Linear Mappings

In previous chapters we dealt with linear operators in a purely algebraic manner. Now
that we have notions of topology, distances and convergence on vector spaces, we can study
further properties of operators. Those properties are induced from the norms on the vector
spaces. It turns out that since we are dealing with [linear mappings, the superposition
property will have two important consequences. First that it suffices to check continuity
at the origin, and second, that continuity puts an upper bound on how much the operator
can “amplify” the norm of a vector. This last statement will be formalized in terms of the
induced norm of the operator.

A linear operator A : V — W between two normed spaces V and W is a mapping, and
we can define continuity of the mapping using the underlying norms in V and W. First we
define a stronger type of continuity than what we’ve already encountered

Definition 3.25. Let f : My — My be a mapping between two metric spaces. f is called
uniformly Lipschitz continuous (or simply Lipschitz continuous”) if there exists one constant
¢ such that for all x1,x2 € My

d(f($1),f(§€2)) S Ed(IEl,l’Q). (320)

Lipschitz continuity is stronger than notions of continuity in Definition 3.6. For example,
it is easy to see that (3.20) implies (3.3), but the reverse may not hold in general. However,
for linear mappings, the stronger Lipschitz continuity condition turns out to be equivalent to
continuity in the sense of Definition 3.6. Thus in a normed wvector space, all four definitions
are equivalent. The proof of this equivalence is part of the next lemma.

Lemma 3.26. Let A:V — W be a linear operator between two normed spaces.
1. A is a continuous mapping iff it is continuous at 0 € V.

2. A is continuous iff the following ratio is “uniformly bounded”

[[Av]l,,

0#veV HUHV

Al =

= ¢ < . (3.21)

The quantity ||Al; is called the induced norm of A.

"The standard definition of Lipschitz continuity allows the constant & (the so-called Lipschitz constant)
in (3.20) to vary with z1 and z2. We will not need this weaker concept of continuity here, and will simply
refer to (3.20) as Lipschitz continuity.

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



CHAPTER 3. COMPLETENESS AND CONTINUITY: BANACH AND HILBERT SPACES 89

By := {[jvll <1}

T»m

v

Figure 3.10: An illustration of the induced norm ||.Al|; of an operator A : V — W between normed vector
spaces. The vectors v1 and vz lie in the unit ball B,, of V, and they are mapped to the vectors A(vy)
and A(v2) respectively. The operator A can amplify or shorten the length of these vectors depending on
which direction they are in. The highest “amplification” is given by the induced norm ||.A||;, which gives
the tightest bound in the inequality ||A(v)ll,y < [[A]li]|lv]ly. The bound implies that the image A(B,,) of the
unit ball is contained inside a ball of radius ||A||; in W. In the diagram above, the vector vi achieves this

bound with equality, thus it is the vector with the highest norm amplification, and achieves the supremum
in (3.21).

Before proving the lemma, we examine the ratio (3.21). The homogeneity properties of
both the norm and the linear operator A imply that this ratio can be written in several
equivalent forms

A 1
sup [EIO]} = sup ||[-—A(v) sup ’A(U>H < sup | Awl]
0#£vEV [[v]] 0£veV [[v]] 0#veV [[v]] lul=1
1
= sup [|Aul]| = — sup |Aw]. (3.22)
flull<1 @ w|<a

The equality < follows by observing that u := v/||v]| is always a vector of unit norm. The
remaining equalities follow from the the homogeneity of the norm and the operator A.

Another consequence of (3.21) is a bound relating the norm of a vector to that of its
image under A

A A
Aol _ o ey, Mo o
0#veVv ”v”v HU”V
& WweV, A, < [AfL vl (3.23)

Note that Av € W is the image of v € V under the operator A. The last inequality means
that the induced operator norm ||A]|; bounds how large the norm of any vector v can be
“amplified” by the operator A. Note the careful labeling of the norms in (3.23) to indicate
the respective spaces in which they are measured. Figure 3.10 gives a graphical illustration
of the concept of the induced norm of an operator as a measure of how it amplifies or shrinks
norms of vectors in different directions.

Proof of Lemma 3.26. The first clause is a consequence of the metric being translation in-
variant in a normed vector space. Since the metric is defined in terms of the norm, continuity
at zero has the following implications for the norm

(do.m=lo-sl=lol <6 =  d(A€0).A®) =0 A@)] = [A®)] <)
& (ll<s =A@l <e). (3.24)
On the other hand, continuity at any other point ¥ € V means

lo-oll<s = JIA®) - A@)]| <e (3.25)
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Since A is linear, we have ||A(7) — A(v)|| = ||A(¥ — v)||, and therefore (3.24) implies (3.25)
by choosing v = v — v.

To prove the second clause, we first point out that the uniform boundedness condition
is equivalent to uniform Lipschitz continuity. Indeed, since the metric is given by the norm,
(3.20) becomes

[A(v1) = A(va)| < €l —well & (A —v2)l| < €llvr — v

JAel _

o AN < el e

which holds for any non-zero v € V. Thus the norm ratio is uniformly bounded by the
Lipschitz constant ¢. The converse also follows since the bound [|A[]; in (3.21) gives the
Lipschitz constant. Thus boundedness (3.21) implies Lipschitz continuity, which in turn
implies continuity.

For the converse, assume A is continuous, its continuity at v = 0 means that given € > 0,
there exists a § > 0 such that

(Mol <6, Jlavl <€) = Al = 5 suwp [4v] <

€
R
vl <5 o

SN

where we have used the expression (3.22) for the induced norm. Therefore continuity at
zero implies that A has bounded induced norm. O]

For matrices, the supremum in (3.21) is always finite, thus linear mappings between
finite-dimensional vector spaces are always Lipschitz continuous. Any given matrix will have
different induced norms depending on the choice of vector norm in R™. We will shortly see
several examples. On the other hand, not every operator on infinite-dimensional normed
spaces will have a bounded induced norm. In fact, many operators of interest, such as
differential operators, will typical have an unbounded supremum in (3.21). We will see
examples of this as well.

Example 3.27. Let A: R™ — R"™ be an n x m matrix. If A = diag(as,...,a,) is diagonal
and square® (i.e. n =m), then its p-induced norm (written || A||,.i) is the same for all p € [1, o0],
and is the maximum modulus of all the diagonal entries

Al . = s A = 1 . 3.26
45 = s 4vly = max fanl. el (3.26)

This is easy to show from the definition. We illustrate the argument here as it is typical of most
induced norm calculations. First a bound is derived, and then one shows that the bound is tight
by exhibiting a vector that achieves (or almost achieves) this bound. Let v be any vector and
calculate that for a diagonal A

A

n n
_ P _
R R D I <1rgggn|ak|p);|vk|p

P
<max |ak|> o]l (3.27)

1<k<n

By taking the p'th root of both sides we see that the quantity (3.26) bounds the p-induced
norm of A. To find a vector that achieves this bound, let &k be an index where the maximum

8If A is not square, but rather a 2 x 1 or a 1 x 2 block matrix, with a diagonal block and a zero block,
then the same statement holds.
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in (3.26) is achieved, and choose v to have all zero entries except for an entry of 1 at k. Note
that ||]| = 1 for any p, and calculate

|40l = 10,0010, 0), = lag] == max Jaxl.

Thus the bound (3.27) is tight.

Example 3.28. The 1-induced and oco-induced norm of A are given by the “maximum column
sum” and “maximum row sum” respectively

n n

All,; = max a Al = max agt| - 3.28

14y = max > lawl, Ml = max > Jaul (3.28)
k=1 =1

This is a consequence of the 1 — oo inequality of Exercise 2.5, and is itself left as an exercise.

In contrast to the 1 and oo induced norms, there is not such a simple expression for the other

p-induced norm in terms of the matrix entries.

Example 3.29. The 2-induced norm of A is its maximum singular value
||A||2-i = Urrlax(A) .

We will prove this statement when we introduce the singular value decomposition later on. Note
that in contrast to the direct computations required to obtain the 1 and oo induced norms (3.28),
the 2-induced norm requires the more substantial calculation of the maximum sigular value.

Example 3.30. The bounds between p norms in R™ can be used to derive bounds between
the respective p-induced norms. Upper and lower bounds between two vector norms can be used
to bound the induced norms as follows

clvlle < fvlla < 2 llvlly & /€ lvlly) < lvlla < 1/(clvlb)
c c | Avlly | Av| c | Av]ln c
— Al == = sup < Al = < — = — [|All,;
c ¢ wzo [vlb w0 [|v]la c wz0 |[V]b c

Applying this to the 1, 2 and oo induced norms using the inequalities (2.43) gives

o Alles < NAlls < VoAl

[llo < loll2 < [lofly i - -
ﬁHUHl < ol < v vllso = T?HA”Li < Al < VollAll
a Al < Alles < nllAll

Example 3.31. Let A : V — W be an operator between two Banach spaces. If we have a
bases v := {vi }roq C V and v := {wy};—, C W, then the representation of A in those bases is
a semi-infinite matrix. Indeed, for each basis element in the domain v;, its image Av; € W has
a basis expansion in the co-domain, so label that expansion as follows

A’Ul = Z(Lkl We - (329)
k=0

Consider y = Az, with x € V, y € W, and their respective basis expansions z = Z?:o TEUk,
Yy = > peoUkwi. If 2 and y are represented by the semi-infinite vectors of their expansion
coefficients, then the relation between them is the semi-infinite matrix with coefficients ay;

Yo ago apr | [To
Y1| = |60 @11 | [T1f (3.30)
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This is a simple consequence of the linearity of A. By the definition (3.29), the I'th column of
the matrix contains the basis coefficients of the vector Av;.

As specific examples, consider the spaces ¢?(N) with elements represented in the canonical
basis as column vectors. Then every linear operator A : P1(N) — ¢P2(N) is represented by a
semi-infinite matrix. For the cases of /1(N) and ¢>°(N), it is possible to show (c.f. Examples 3.28
and 3.32) that the induced norms of an operator are obtained from its semi-infinite matrix
representation as “sup-column-sum” and “sup-row-sum" respectively

oo o0
Al = sup > awl, [All s = sup Y law. (3.31)
OSR&wkZO 0§k<xq:0
Note the similarity of these expressions with the finite dimensional case (3.28).

The attentive reader may have spotted a flaw in the previous argument. ¢°° does not
have a basis in the sense of Definition 3.12, so the bases argument leading to the semi-infinite
representation (3.30) does not apply. Thus for the case of £*°, the statement in the previous
example should be understood in the following sense. If the operator is representable by a
semi-infinite matrix, then its induced norm is given by (3.31).

Example 3.32. Consider an operator A : L°(R) — L*°(R) with an integral representation

v = Au & v(z) = /RA(x,g) u(€) d€. (3.32)

The two variable function A(.,.) is called the kernel of the operator A, and the integral repre-
sentation (3.32) is called the kernel representation of the operator. These representations are
the continuum analogues of matrix representations and are studied further in Chapter 6.

Now calculate the L>-induced norm of A in terms of its kernel function A(.,.) as follows

(recall the 1-0c0 inequality of Exercise 2.5)
([ 1o a) <sup|u<£>|>
R ¢eR

S ol = suplo(a)] < (sup 149 dg) oo

o(z)] =

IN

[ A e df‘

zeR z€R

The upper bound obtained above is tight. Let  be such that the supremum in

sup /R A, €)] de (3.33)

z€R

is almost achieved, then the function @(§) := sign (A(Z,&)) almost achieves the bound.

The expression (3.33) can be interpreted as the “sup-row-integral” of A(.,.) by regarding
¢ and z as “column” and “row” indices respectively. The integral representation (3.32) is a
continuum analogue of a matrix representation. More on this in Chapter 6.

Example 3.33. Recall the space C![a,b] of continuously differentiable functions of Exam-
ple 3.11

C'la,b] := {f:[a,b] = R; f" continuous}, 1flleo == Irg[i)z} |f(z)].

Also recall that this is a normed, but incomplete space. Consider the differential operator

(Df)(x) = %f(x), D : C'a,b] — Cla, .
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(a) The derivative operator D acting on functions (b) A conceptual depiction of the discontinuity of the un-
of the same ||.||cc norm produces functions with very bounded derivative operator D. Around zero, D acts on

different ||.||cc norms. Here the functions fg(x) :=  the functions fg (z) := ecos(@x) (which all have norm
cos(wz) have norm || fg||oc = 1 for any @, but their  ¢) to produce functions with norm ||f; flec = e®. We
derivatives have norms ||Dfg|lcc = @ that can be- can think of @ as a “direction” in C! of a vector fg . of
come arbitrarily large as @ — co. The derivative length € around zero. Regardless of how small € is, as the
operator D is therefore an unbounded operator. direction @ — oo, the value of |Dfz.c|loo becomes arbi-

trarily large.

Figure 3.11: The derivative operator D : C![a,b] — Cla, b] of Example 3.33 is an unbounded operator on
continuously differentiable functions. Its unboundedness is equivalent to discontinuity at 0.

We can see that this is an unbounded operator by acting on the function (see Figure 3.11a)

IDfslle, _ @
Vol — 1

fo(z) := cos(wx) = fo(x) = —w sin(wz) =

This ratio is unbounded as w — oc.

We can interpret the unboundedness of the norm ratio as a discontinuity as follows. The
rescaled function fy () := ecos(wx) is a distance e away from the zero vector in Cl[a,b]
regardless of the frequency w. However, its image under D is f/ .(7) = —wesin(wz), and can
be made arbitrarily far from 0 in C[a,b] by choosing @ sufficiently large. If we think of @ as
a “direction” in which the vector fg . is pointing, then the mapping D amplifies little in some
directions, and amplifies unboundedly as directions are changed near zero. This function is thus
discontinuous at zero as depicted in Figure 3.11b.

Inverses, Null and Image Spaces

Let A:V — W be a bounded (i.e. continuous) operator between Banach spaces. Its null
space Nu(A) C V is the inverse image of 0 € W. The inverse image of every closed set under
a continuous map is a closed set. The single point set 0 € W is closed, therefore Nu(A)
must be closed in V. We therefore conclude that the null space of any bounded operator is
a closed subspace.

On the other hand, the image space of a bounded operator may or may not be closed.
Consider the following operator A : £1 — ¢!

1 1
A (uy,ug,uz,...) = <u1’2u2’3u3"">' (3.34)

If we represent elements of ¢! as semi-infinite vectors, then A is represented by the semi-
infinite diagonal matrix A = diag(l7 %, %, - ) . From Example 3.31 its induced norm is the
supremum of all diagonal elements, i.e. ||A|| = 1 and is therefore a bounded operator. The
null space is exactly 0 since there is no other vector mapped to zero. What about the image

space?
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First note that the subspace of all finite sequences is mapped to the subspace of all finite
sequences, and this subspace is dense in ¢!. Thus Im(A) = ¢!. However there are elements
in ¢! that are not in the image. For example the absolutely summable sequence

(1212]:2) ¢ Im(A),

for if it were, then (1,1/2,1/3,...) would be in ¢!, which it is not. Therefore Im(A) # ¢*,
but dense in it, therefore it is not closed.

The operator A = diag(1, 3,3, -+) is one-to-one, and if it has an inverse, it must be
A~! = diag(1,2,3,...). This inverse however does not map all of /! to ¢!, but it maps
a dense subspace (namely Im(A)) to ¢*. It is also unbounded on that subspace. A~ is
one example of the class of densely-defined, unbounded operators which we will study in
Chapter ?7?. The previous example also serves to highlight the next result whose proof is
omitted.

Theorem 3.34 (Bounded Inverse Theorem). If a bounded operator A : V — W between
Banach spaces has an inverse A= (equivalently if A is one-to-one and onto), then A=! is
a bounded operator.

The operator (3.34), while one-to-one, is not onto, otherwise its inverse would have to
be bounded by this theorem, and we calculated that its inverse is not bounded.

The Minimum Modulus

Recall the inequality (3.23) where the operator norm was interpreted as the “largest pos-
sible” amplification ||Av||/|lv|| of the norm of a vector v when acted on by A. Similarly,
another useful notion is the “smallest possible” such amplification.

Definition 3.35. Given an operator A, its minimum modulus is defined by

o(A) = inf [Av| = inf 1AV
llvll=1 v£0 ||v|

Note that the second equality follows from the homogeneity property of norms in a similar
manner to the argument in (3.22).

If the operator is invertible, then the norm of its inverse and its minimum modulus are
reciprocals
Aol 1 1 1

A == sup = = (3.35)

Tl T it L iy el T (AT)

There are important examples where the operator inverse A' may exist, but is un-
bounded. Such cases are characterized by the minimum modulus being zero ¢(A) = 0 and
equivalently HA1H = oo. This is a special case of a more general fact that the minimum
modulus is a measure of “how close” an operator is to a non-invertible operator (in this
case the distance is zero since the operator itself is not boundedly invertible). This will be
a consequence of the Neumann series of Theorem 3.45.

Recall the operator defined by (3.34). This operator has a diagonal matrix representa-
tion, and therefore its minimum modulus is simply the infimum of the diagonal elements

a(diag<1,;, ;,) > = Iirzlfl 11‘
Recall also that this operator’s inverse was a densely-defined, but unbounded operator on
¢t ie. ||[AY]| = co. This is consistent with (3.35).

= 0.
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3.6 Spaces of Linear Operators

Linear operators between two vector spaces themselves form a vector space by simply defin-
ing addition and scaling pointwise. The space of bounded linear operators is also equipped
with the induced norm, which we will show is actually a norm, and therefore the space of
all bounded linear operators between two Banach spaces is itself a Banach space. There are
other important metrics on spaces of (possibly unbounded) linear operators that are not
norms. Those are discussed in Chapter ?7.

Another important property of the induced norm is submultiplicativity which bounds the
norm of the composition of two operators by the product of their respective norms. This
property is very useful for analysis of linear operators that are made up of several other
operators. Much of sensitivity analysis in Signals and Systems revolves around using this
property. We will also see that the space of linear operators from a Banach space to itself
has the additional structure of a so-called Banach Algebra to be discussed in Section 3.6.3.

3.6.1 The Space L(V,W) of Bounded Operators

The set of all linear operators between two vector spaces V and W is itself a vector space.
The vector space operations are point-wise additions and scalings

A B:V—->W
(eA+ BB)(v) = a A(v) + B8 B(v).

It is an immediate exercise to show that the linear combination « A+ 3B is a linear operator
from V to W.

When V and W are equipped with norms, then bounded operators between them have
the naturally defined induced norm. The induced norm also satisfies the three properties
of a norm. Homogeneity and definiteness of ||.||; follows from those same properties of the
vector space norms’

Aol _ ol Al _ [Av]|

leAll; = = |af sup = |af [lA[l;,
vev 0] vev [l vev ]l
A
JAli=0 = sup ”” 1|}||| =0 = WeV, [[Av]|=0 = WweV,Av=0 = A=0.
vev ||V
The induced norm ||.||; also satisfies the triangle inequality because the vector norms in V
and W do
A+ B)(v A B A B
B e AT B Ao Bl el + B
vev o] vev ]l vev [l
Av Bv Av Bv
s (LA BB LA Uy,
vev \ vl vll vev vl vev (o]

Thus the space of all bounded linear operators between two normed spaces V and W is
itself and normed vector space with the induced norm. It turns out that this space is also
complete if V and W are complete.

9For notational simplicity, from now on we drop the subscripts ||.||y on the vector space norm when no
confusion can occur, and we will also rewrite supg., ¢y simply as sup, ¢y with the implicit assumption that
v # 0 when used in such an expression.
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Lemma 3.36. Let V and W be Banach spaces. The set of all bounded linear operators
from V to W

A
L(V,W) = {A:V =W, A linear, and ||A]; := sup 1Avliw _
0#£veV ||UHV

is itself a Banach space with the induced norm ||.||;.

Proof. Tt remains to show that L(V, W) is complete, i.e. to show that every Cauchy sequence
{Ax} (where the Cauchy property is measured by the induced norm) converges in L(V, W),
i.e. converges to a bounded linear operator. To find the operator A which is the limit of
such a sequence, we have to specify how it acts on each vector v. A reasonable guess is that

the limit operator A should act like

Av = lim Agv. (3.36)

k—o0

on each vector v € V. To show that this limit exists, note that {Ax} being Cauchy means

k,l—o00

This shows that the sequence of vectors {Axv} is itself a Cauchy sequence in W since
[Agv — Al < [[(Ax — A)o|| < 1Ak — Al o],

and when combined with the limit (3.37), this implies that limy, ;o [|Axv — Ajv|| = 0. Now,
since {Axv} is a Cauchy sequence in a Banach space, it must have a unique limit and thus
the mapping (3.36) is well defined.
Finally it remains to show that A defined by (3.36) is linear and bounded. Linearity
follows from the linearity of each Ay
A(avy + Bvg) = lim  Ag(avy + Bvg) = lim (a Agvy + B AkUQ)
k— o0 k—o0

=« lim Agvy + B lim Agvs = a Avy + 8 Avs.
k—o0 k—o0

To establish the boundedness of A we first observe that the sequence {||Ax||} is itself a
Cauchy sequence of numbers. This follows from the triangle inequality

k,l—o0
Akl = 1Al < 1Ak — Alll; =7 0.

Since every Cauchy sequence is bounded, then we have an upper bound supy, [|Ax||; < ¢ < o0
for some constant c¢. This can be used to bound the induced norm of A as follows

[Av] = lim [[Ago] < lim Al ol < sup [[Ax [0l < e [ol]
—00 k—o0 k
Therefore ||Alli < ¢ < o0, and A is a bounded operator. O

Can L(V,W) Ever be a Hilbert Space?

Since Hilbert spaces are also Banach spaces, then the space of all bounded linear operators
between two Hilbert spaces is a Banach space. Could it also be a Hilbert space itself? The
answer is generally no, except for very simple cases.

First consider the space L(R, V) where V is a Hilbert space. This is the space of all linear
operators from R to V, and each operator maps R to a one-dimensional subspace of V. Each
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map can be uniquely identified by a single vector in V, namely the vector that the number
1 is mapped to, which means the induced norm of the map is the norm of that vector.
Therefore this identification is an isometry between L(R, V) and V, which is a Hilbert space.

Now consider the space L(V,R). This is the space of all linear functionals on V, which
is isometric to V itself by the Riesz representation theorem. Thus in this case L(V,R) is a
Hilbert space.

In general however, if dimV > 1 and dim W > 1, then the norm on L(V, W) (the induced
operator norm) can never arise from an inner product. A norm that comes from an inner
product must satisfy the parallelogram law (2.33), and we now show that this does not hold
if both dimV > 2 and dim W > 2. First consider the following two elements in L(R? R?)

10 10
(3.38)

00 10
) YV 1

where the matrix norm is the maximum singular value!®. The parallelogram law
2 = A+ Ao + (|41 — Aof® # 2(|Au]? + [|42]*) = 4

is clearly violated in this case.

This counter-example can be generalized to any two Hilbert spaces that are not both one
dimensional. Indeed, in this case we can find unit vectors v1 L v in V and wy L we in W
respectively. The two sets of vectors define 2-dimensional subspaces respectively, over which
we can imitate the above argument as follows. Define the two mappings A1, As : V. = W

A1 v = (v, v) wy As i v = (vg, V) wa. (3.39)

Note that if we restrict those operators to span{vi,va} and project onto span{wi, ws}, then
in the bases {v1,v2} and {wy,wy} the matrix representations A; and A, of these operators
are given by

i = H oo, Ay - m 0 1].

The reader should observe here that the operation of multiplying by [1 0] in this basis is
equivalent to (v1, .), and w; is represented by the vector (1,0). Similarly for Ay. This
correspondence guides how (3.38) was generalized to (3.39)

Since vy, v, w1, wo are all unit length vectors, we an easily calculate induced norms

[Avol] = l[{vrs v) will = [(vrs [ flwdll < ol = Al <1
[Avor]] = [{v1, v1) [ =1 = [All=1
(A1 + A2) ()" = Ao+ Agv® = [[(or, v) wn + (02, v) wo”
= |{v1,0) >+ ]| (vz, v) |? (since w1 L wy)
< olf? = A+ 4y <1
and similarly ||Az| =1 and ||A1 — Az|| < 1. The parallelogram law is violated since

A1 + Ao|® 4+ [|A1 — Ao|® < 2 < 2(J|A1]> + || A2)?) = 4.

10 Alternatively, the fact that all these induced norms are 1 can be quickly concluded from the basic
definition of the induced norm in these simples cases.
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- By i={[lull < 1}

Figure 3.12: Tllustration of the submultiplicativity property of the induced norm. By and By are the unit
balls of U and V respectively. The radii of the smallest ball containing their images R (By) and T (By) are
the induced norms ||R||; and ||T’||; respectively. The induced norm ||TR||; of the composition is the radius
of the smallest ball containing the image TR (By). This is always bounded from above by the product
(IR NT])s-

3.6.2 Submultiplicativity

Linear operators are mappings between sets, and mappings between sets can be composed
together. The induced operator norm has useful property under compositions which is
termed submultiplicativity.

Lemma 3.37. Let T :V — W and R : U — V be linear operators between normed vector
spaces. The induced norm of the composition TR is bounded by

ITRI; < |7l IR (3.40)

Note that |R||; is the norm induced as a mapping from U to V, while ||T||; is the norm
induced from V to W. Regardless of the choices of norms on those vector spaces, the
inequality holds when ||T||; and || R||; are the corresponding induced norms. This lemma is
illustrated in Figure 3.12.

Proof. This follows from the basic definitions. First observe that for any v € U

ITRCI _ TR TR DR gy,
| S

T R ull

ITR||; is the supremum of the quantity on the left (over all u € U), and is therefore bounded
by the quantity on the right (which is independent of u). O

Now we point out the special nature of a submultiplicative norm. First, we need to
be able to make sense of a composition like T'R, and if both are linear operators with a
common space “in the middle”, then the composition is well defined. Second, the norms on
the operators need to be induced norms for (3.40) to hold. There are norms on operators
which are not induced norms, and therefore may not be submultiplicative. We next present
such an example for matrices.

Example 3.38. On the set of n X m matrices, we have seen several induced norms earlier,
namely the 1—, 2— and oc-induced norms. All of those satisfy the submultiplicativity property.
There are other norms that can be put on matrices. For example, consider the maximum absolute
value of all entries

IA]||m = n}z;x|aij|. (3.41)

This is a norm on the space of matrices. Recall the operation vec : R”*™ — R™ introduced
in Example 1.5 which takes a matrix and makes a vector out of it by stacking all the matrix
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columns together. This is a vector space isomorphism, and also an isometry since the norm
defined above is just the ||.||o norm of the resulting vector, i.e. ||Al|m = [[vec(A)| . Thus the
norm defined in (3.41) makes the space of n X m matrices into a normed vector space.

The norm (3.41) however is not submultplicative as the following example shows

Gl [ R | R T

Since an induced norm must be submultiplicative, we conclude that the norm defined in (3.41)
cannot be an induced norm of the matrix as linear operator between two normed vector spaces.

= 1.

Example 3.39. The Frobenius norm on matrices is not an induced norm. One way to see this
is that the identity operator should always have induced norm 1, but for an n x n identity matrix

ln

Mnlle = Vn.

The Frobenius norm is none the less submultiplicative with respect to matrix products as the
following argument (using partitioned matrix notation) shows

2

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

2
[ABllg =

H e aiby{ooc ] aity

F a*blz...\ab E

Z lasll3 b5 (Cauchy-Schwarz: (a;, bj) < [lall2]|b;]l2)

i,j
(Zlaillg) (Z |ij||§> = |[AI? IBIIF.

Thus submultiplicativity is a necessary, but not sufficient condition for a norm to be an induced
norm.

We finally note that although the statement (3.40) involves only two operators, by re-
peated applications it can be applied to any number of operator compositions

[A1A2As]] < [[A1A|[ [[As]] < [|Ax]l ([ A=l [|A5]],
similarly (A1 -+ Akl < Al [[Ax]

3.6.3 The Algebra of Bounded Operators

We now consider the space L(V, V) of all bounded operators from a Banach space V to itself.
L(V) equipped with the induced norm is a Banach space as well, but also has a “product
operation”, namely operator composition. The norm in L(V, V) satisfies submultiplicativity
with respect to this product operation. These properties represent a very special structure
called a Banach Algebra. Before we define this structure, we define the preliminary structure
of an Algebra.

Recall that the structure of a vector space is that of additions and scalings of vectors. If
an operation of vector products is also defined, then we call such a space an algebra.

Definition 3.40. An algebra is a vector space with a product operation that is associative,
not necessarily commutative, and has the following additional properties of compatibility
with the vector space structure'!

11Some references use the term “unital, associative algebra” for the definition given here since there exists
useful algebras that are not associative (e.g. Lie Algebras), or without a unit element. The analysis of
non-associative algebras is quite different from associative ones. Here we simply use the term “algebra” for
“unital, associative algebra”.

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



100 3.6. SPACES OF LINEAR OPERATORS

1. Left and right distributivity over addition

(u+v)w = uw+ vw, w(u+v) = wu+ wo.

2. Compatibility with scalings (oau) (Bv) = (af) (wv).
8. Ezistence of a “unit” element | such that lu = ul = u for all elements u of the algebra.

Note that although a product operation is defined, the existence of a multiplicative inverse
is not required for all elements of the algebra. Familiar examples of algebras include the
following.

e The space R"*"™ of square n X n matrices is an algebra with the matrix-matrix product.
The unit element is the identity matrix. Some elements of this algebra have multiplicative
inverses and some do not.

e The space P of polynomials of any order is an algebra with polynomial multiplication.
Note that P, (polynomials of degree n) is a vector space, but not an algebra since the
product of two such polynomials may have degree larger than n. To form an algebra,
we need to include polynomials of any (finite) degree. Thus P is an infinite-dimensional
vector space which is also an algebra.

e Any function space Q4 where the range A is a itself an algebra.

Now we layer another structure on top of an algebra. If we start with a Banach space
rather than just a vector space, we need the norm to “work nicely” with the product oper-
ation. This is where submultiplicativity comes in.

Definition 3.41. An algebra that is also a Banach space is called a Banach algebra if the
product operation satisfies the sub multiplicativity property

[AB| < [lA] [IBIl. (3.42)

The concept of Banach algebras was developed to study the most important example stated
next.

Example 3.42. Let V be a Banach space. The space L(V) := L(V,V) of all bounded linear
operators from V to itself is an algebra since any two operators A, B : V — V can be composed
AB :V — V. The submultiplicativity property of the induced norm implies that AB is bounded
if A and B are.

Example 3.43. Convolution of functions in L!(R) is a product operation which is associative,
distributive over additions, and compatible with scalings. The L! norm is also submultiplicative
with convolution. Indeed, for any f,g € L'(R)

/]R (/Rf(t—T)g(T) dT)‘dt < /R/R‘f(t_T)‘ \g(7)| dr dt
Lot (151 )i = 151k [ loGolar = 151ulol

Thus L'(R) with convolution meets all the requirements to be a Banach algebra except for
the existence of a unit element. There is no function in L1(R) with the unit property (with
respect to convolution). The reader may suggest the Dirac delta function, but that is not an
element of L!(R). However, this is not a serious limitation as we now show.

1 *glly
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Given an algebra A without a unit, one can always formally “append” a unit element as
follows. Define the vector space A := R & A, and products on it as follows

A={(a,f); a€R, fe A},  (a)(B,9) = (aB,ag+Bf+ fg). (3.43)

Note that af3 is a product of real numbers, ag and S f are scalings of elements in A, while fg
is a product in the algebra A. This new product on A satisfies all the properties of an algebra
product. The unit in the algebra A is now (1,0) since

(1,0) (B,9) = (18,1g+B0+0g) = (B,9). (3.44)

The construction above is essentially what one does by appending a Dirac delta function to
L'(R) when we formally write

ft) = ad(t) + f(t), fel'(R), (3.45)

for elements f € RGL!(R). The unit element is §(.), which corresponds to (1,0) in (3.44). The
reader should verify that convolutions of elements of the form (3.45) behave like the product
defined in (3.43).

Thus the set R @ L*(R), which is L1(IR) with a unit element appended, is a Banach alge-
bra with convolution as the product operation. Since convolution of scalar-valued functions is
commutative, this is actually an example of a commutative Banach algebra.

Example 3.44. By arguments similar to those in the previous example, the space /}(Z) is a
Banach algebra under convolutions. Since this space includes the Kronecker delta function as
an element, it already comes equipped with a unit.

The Neumann Series

One of the most important consequences of submultiplicativity is the way it characterizes
powers of a given operator A:V —V

1A% = 1A Al < Al 1Al = [lA]*.
This clearly can be carried further to any power of A
1AM = 1A Al < Al - AL = (1Al
— —_——
k times L times

Note that in particular if [|A|| < 1, then || A||¥ is a decaying geometric sequence, and therefore
powers of A decay geometrically

[A¥] < of, a=A] <1

This bound allows us to develop one of the most useful series in applications, the convergence
of which is very simple to prove.

Theorem 3.45 (The Neumann Series). Let A be a bounded operator on a Banach space
VoI, ||Ak|| < 0 (i.e. the series of norms is absolutely summable), then the inverse of
(I — A) exists as a bounded operator on V, and can be given by the following series

I-A)" = T+A+A2 4. = > a* (3.46)
k=0

which converges in L(V).
In the case when ||A]| < 1, the above series is absolutely summable and furthermore

1

oAl (3.47)

=7
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102 3.6. SPACES OF LINEAR OPERATORS

Proof. By Exercise 3.3, if a series in a Banach space is absolutely summable, then it is
convergent in that Banach space (L(V) in this case). To show that the series indeed gives
the inverse of (I — A), look at the product of (I — A) and the partial sums of the series
I-4) CroA)=I-A(I+A+A%+ - +A")
=T+ A+A2+... 44"
—A— A% AT AT = [ AL

The summability of the series implies that || A™+?|| "3% 0, and therefore A"*! =57 0, and
we conclude that

: k(7 a1
HILH;OZA = (I-A)"".
k=0
Now if ||A|| < 1, we can make the stronger statement

>
k=00

1 X 2 = 1
< Dl = o041 =
k=0 k=0

1 2
where < follows from the triangle inequality, < follows from submultiplicativity, and

3
follows from > po ,af = which holds for any number with |« < 1. O

_1
1—|a?
Remark 3.46. The condition ||A|| < 1 is sufficient for the existence of (I — A)~! and the
convergence of the series, but it is far from necessary for either. Thinking about a real or
complex numbers «, the fraction 11— is finite for all a # 1, so clearly the condition |a| < 1
is sufficient but not necessary. While |a| < 1 is necessary for the series of numbers >, o®
to absolutely converge, the condition ||A]] < 1 is not necessary when A is a matrix or an
operator. For example, a nilpotent matrix has the property that A* = 0 for & > n for some
finite n, and thus clearly the Neumann series will converge if even if ||A|| > 1 for such a
matrix. The next example is is an infinite-dimensional version of this phenomenon.

Example 3.47. Consider the so-called Volterra operator of indefinite integration

WA () = / f(r) dr.

This operator is well defined on a variety of function spaces. Here we can take for example
V : C[0,1] — C[0,1], and recall that C[0,1] is equipped with the maximum norm of functions.
The induced norm of V is easy to calculate using the concept of kernel representations of
operators (Chapter 6). Here we just give the answer that the induced norms (on C[0,1]) of all
powers of V are given by

1
P =5 (3.48)

Thus although this operator is not nilpotent, the norms of its powers decay rapidly to zero,
and the operator could therefore be thought of as asymptotically nilpotent. The bounds (3.48)
certainly imply absolute summability 37~ ) [[V*|| < oo, and therefore the Neumann series is
convergent to (I — V)1 which is a bounded operator on C[0, 1]

(I-V)™' = iv’“ : C[0,1] — C[0,1].
k=0
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This abstract example has a very concrete interpretation as follows. Consider the ordinary
differential equation over [0, 1]

B(t) = x(t), 2(0) = 7. (3.49)

Integrating both sides of the equation converts it to an integral equation, which can then be
rewritten abstractly using the Volterra operator

/Otj:(r) dr = /Otg:(r) dr

s at)-z = Vo)) &  at) — Va)(t) = &, te0,1]
s (I-V)z = bz,

where b is the unit-step (Heaviside) function h(¢) =1, ¢ € [0, 1], i.e. hT is the constant function
on [0, 1] with value Z. We can now use the Neumann series to give the solution as

r = (I-V)'pz = (ka>hf = (kab>g—;
k=0

[e%S) 1 2
k=0

Note that each term V¥ is simply the k'th integral of the constant function 1, which gives t* /k!.
The reader should recognize that the last series is the definition of the exponential function e,
which is the well-known solution of the differential equation (3.49).

The argument jut presented can be readily generalized to yield the matrix exponential, the
Peano-Baker series, the Cauchy formula for repeated integration, as well as the so-called “varia-
tions of constants” formula. These seemingly distinct formulas can all be thought of as various
manifestations of the Neumann series involving the Volterra operator. This development is de-
tailed in Chapter 77, where in addition, the Picard iteration for nonlinear differential equations
is presented as a version of the Neumann series.

= x(t)

Remark 3.48. The Volterra operator example highlights the conservatism of the condition
[|A]l < 1 in Theorem 3.45. Let « be any real scalar, then ||aV| = |a|, which can be made
as large as desired. However, homogeneity of the norm and the bounds (3.48) imply that

J@V)]| = la VA < faft/m

Thus even though ||aV|| can be arbitrarily large, the Neumann series for oV is still absolutely
convergent.

We close this section with another application of the Neumann series to “operator per-

turbations”, an important topic discussed in later chapters.

Lemma 3.49. If A is an invertible element in a Banach algebra A, then all element of A
of the form

1

A+ A, Al < +———
181 <

are also invertible in A.
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Proof. This follows immediately from the Neumann series and submultiplicativity

A+A = A7 (I+A7'A) invertible <  ||lATtA A=Al < 1

1

<
i)
<
A=

1Al O

This lemma has several implications as well. The first is that the set of invertible elements in
A is an open set since for any invertible A, all elements of a ball of radius at least 1/[|A7|
around it are invertible. In other words, a sufficiently small perturbation of an invertible
element is also invertible.

Second, recall that for an operator 1/||A~Y| = a(A), so the minimum modulus gives
a radius of a ball around an invertible operator made up of all invertible operators. It is
possible to show for a large class of operators that this estimate is tight, i.e. that there exist
an operator A with norm ||A|| = 1/|][A7!|| such that A + A is not invertible. These issues
will be discussed when we study perturbation problems for linear operators, and are also
part of “robustness analysis” for dynamical systems.

3.6.4 Densely-Defined Operators

There are important applications where an operator can not be defined on an the entirety
of a Hilbert or a Banach space, but rather on a domain which is a dense subspace. There
are two types of such densely-defined operators. The first is when the operator norm has
a bound on the dense subspace. In this case, the operators can be easily extended to be
bounded operators on the whole space. In this section we show how this is done, and then
use this procedure to define the Fourier transform on L%(R).

The second case where the operator is unbounded is most commonly encountered with
differential operators, either ordinary or partial. Such cases require more care, and are
treated in Chapter ?77.

Suppose we have a linear operator A : S — W between a (not necessarily complete)
normed vector space S and a Banach (i.e. complete) space W. If S C V is a dense subspace
of a Banach space V, and A is bounded, then we can extend the domain of A to all of V
with the same bound as follows

veV = F{u}CS, vp —v then define Av:= lim Auvyg.

k—o0
The fact that the limit exists in W is guaranteed by the boundedness of A since
[Ave = Avll| = [[A(ve —v)ll < [JA]fi [lox — vl
This bound implies that {Avy} is a Cauchy sequence in W since {v;} is a Cauchy sequence

in V. Furthermore, the induced norm of this extension of A on V is the same as that of A
on S

o] = \

. 1 . . . 2
Jim Avyl =l (| A < lm (A o] = (JAl i o] = [JA lofl-
—00 k—o0 k—o0 k—o0

Note that = and = are justified since {Avy} and {v;} are Cauchy in W and V respectively,
and therefore the norm of the limit is equal to the limit of the norms.

One of the more useful applications of this technique is for defining the Fourier transform
for square integrable functions on the real line.
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Example 3.50. The Fourier Transform on L%(R). Consider the Fourier transform for functions
on the real line

(Fu)w) = a(w) = / ity (t) dt. (3.50)

oo

This is clearly a linear operator that maps functions on the real line to functions on the real line
u — 4. For what class of functions is this well defined? Note that if u is absolutely integrable
(i.e. in L)%, then @ is well-defined at each w, and we can bound

il = | [~ af < [Tle o) a= [T o] a = o

o0

= il = supli(w)] < [lufle
weR
Thus the Fourier transform is a bounded linear operator F : L' — L> with induced norm of 1.
In fact, with a little more care it is easy to show 4 is absolutely continuous if u is in L!, so we
can make the stronger statement that 7 : L — L® N C, and note that L>° N C is the closed
subspace (i.e. a Banach space) of L™ made up of continuous, bounded functions.

We would also like to define the Fourier transform for functions in L2. However, the in-
tegral (3.50) is not guaranteed to converge if u is only square integrable but not absolutely
integrable. Thus we can define the Fourier transform (3.50) only on the subspace L' NL2. This
subspace is however dense® in L2, and if we can find an induced norm bound on the Fourier
transform as a mapping on L2, then the extension procedure described above extends the Fourier
transform from L' N L2 to all of L2.

The bound we need is given by Parseval’s theorem

/OO 03 (w) dw = 27r/_oo u?(t) dt.

o0 oo

Thus the Fourier transform regarded as a mapping F : L' N L2 — L> N L2 has induced norm
of 2 (with respect to L? norms on u and @), and its domain can therefore be extended to all
of L2.

Parseval’s theorem implies the even stronger conclusion that F : L2 — L? is actually an
isometry (modulo the constant factor 27), i.e. a norm-preserving isomorphism. For this reason,
Fourier analysis is most profitable in the L? setting, but ironically, the definition (3.50) cannot
be directly used on L2 functions. The densely-defined-bounded-operator extension procedure
provides the simplest resolution of this technicality.

Finally we note that all the arguments above apply just as easily to the Fourier transform for
L2(R™).

Appendix

3.A Completion using Cauchy Sequences

Definition 3.51. Two Cauchy sequences {x}, {yi} in a metric space M, are said to be
equivalent if

{zr} ~{u} & given € > 0, AN, such that k,1 > N = d(zk,y) <€, (3.51)

i.e. the tails of the sequences become arbitrarily close together.

2Tn this example, the notation L', L> and L2 stand for L'(R), L>°(R) and L?(R). The domain R is
dropped for notational simplicity.
13For example, continuous, compactly supported functions are in L' and L2, and are dense in both spaces.
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Intuitively, equivalent Cauchy sequences should be converging to the same point, and that
can be used to define a completion of any incomplete metric space.

First we show that equivalent sequences form equivalence classes (pun intended). Sym-
metry is immediate since the metric d(.,.) is itself symmetric. Transitivity follows from the
triangle inequality; If {z;} ~ {yr} and {yx} ~ {zx}, then for any € > 0, choose N1 and Ny
such that for k,l > Ny and [,j > Ny

= d(zk, zj) < d(zr,y) +d(y, 25) < 2,

and note that this holds for all &, j > max {Ny, No}. Therefore {xy} ~ {2}

Lemma 3.52. Given any (not necessarily complete) metric space M, define its completion
M as the set of all equivalence classes of Cauchy sequences in M. Then

1. M C M by identifying x € M with the “constant” Cauchy sequence xj, = .

2. On M, the following defines a metric
a({xk} ; {yk:}) = lim d(zg, k), (3.52)
k—o0

which coincides with d on M C M.
3. M is a complete metric space with the metric d.

Proof. 1. Clearly the constant sequence x := x is a Cauchy sequence. Any other Cauchy
sequence that converges to x is in the same equivalence class as this constant sequence.
This equivalence class then represents the point x € M in the completion M.

2. We need to show two things. First, (a) that this metric is well defined, i.e. the limit
in (3.52) exists, and its value is independent of the choice of equivalence class represen-
tative. Second, (b) that it satisfies all the properties of a metric.

(a) To show that the limit exists, given two Cauchy sequences {zj} and {y;} in M, we
show that the sequence of real numbers {d(zy,yx)} is itself a Cauchy sequence in
R. Indeed, given ¢ > 0, choose N so that for k,I > N we have d(x,2;) < € and
d(yk,y1) < e. We then compare

d@r,yr) < d(zg,x) +d(w,ye) < d(zg, z) +d(z,u) +d(y, ve)
= d(zr,yx) < dz,y) + 2
similarly d(z;,y) < d(zg,yk) + 2¢

= ’d(xknyk)_d(xlayl)‘ S 2e.

Since {d(zx,yr)} is Cauchy sequence in R, it has a limit since R is complete.

A parallel argument can be used on a given pair of equivalent sequences {z} ~ {Zx}
and {yx} ~ {7}

d(@r, ye) < d(wg, Tx) + d(Tk,yx) < d(@r, 71) + d(ZTk, Ur) + d(Yx, Yr)
= d(xknyk) S d(‘i'hgk) + 2e
similarly d(Zg,gx) < d(zg, yx) + 2¢€
= |d(xk7yk)7d(jkagk)| < 2e

Thus the two sequences of real numbers {d(x, yx)} and {d(Zx, Jx)} converge to the
same number.
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(b) The three properties of a metric in Definition 2.1 hold for d because they hold for
the original metric d. Symmetry is clear. The triangle inequality also follows

d({ze}, {w}) = kh_{god(xkayk) < lim (d(zk, zk) +d(2zk, yr))

k—o0

= lim d(xg,zk) + lm d(zg, yr)
k—o0 k—o0

d({wr}, {z}) +d({z} {we ) -

The functional d is clearly non-negative from its definition. Also from the defi-
nition (3.52), if d({zx},{yx}) = limp_ec d(2k,yx) = 0, then by (3.51) the two
sequences belong to the same equivalence class {2} ~ {yx}, and therefore d sepa-
rates distinct equivalence classes.

3. To show that M is complete, we must consider a Cauchy sequence inﬁ (i.e. a Cauchy
sequence of Cauchy sequences from M), and show that its limit is in M. This is accom-
plished using a diagonal sequence argument as follows.

Let {{xén)} ;neN } be a sequence of Cauchy sequences in M indexed by the integer

n (i.e. for each n, {a:,(cn)} C M is a Cauchy sequence in M). Order all the sequence

elements in the following two-dimensional array

ORI
x(12) xéQ) ng)
I(13) JC53) l_g3)
nl
and define the diagonal sequence Ty, = a:,(ck). We claim that this sequence {Zy} is the

limit in M of the family of sequences.

The fact that the family {{:z:,(g")} ;neN } is a Cauchy sequence in M means that given
€1 > 0, 3N, such that n,m > Nj implies

a<{x§€n)} , {x;m)}) <€ = lim d(x,(ﬂn),a:,(cm)) < €.
k—o0

The limit statement implies that given ez > 0, 3N, such that k¥ > Ny implies

d(m,&"%xém)) < €1+ €.
Now comparing with the diagonal sequence we see that

= ()Y _ (k) .(n)

k,m,n > max {Ny, Ny} = d{ zp, = d(z,”’,x, < € + €9,

We therefore conclude that

S (n) — ; = (n)) _ : (k) (n)\ _
nl;n;()d({xk},{xk }) = lim d(xk,zk ) = lim d(zk , Ty, ) = 0,

n,k— o0 n,k— o0

and therefore {7}, } is indeed the limit (in M) of the Cauchy sequence of Cauchy sequences.
O]
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Exercises

Exercise 3.1 (> is not separabale
Show that ¢*°(N) is not separable using the following steps.

1. Consider the subset £y 1 of £>°(N) made up of sequences with entries of only 0 or 1. By
comparing with decimal expansions of numbers, show that this subset is in one-to-one
correspondence with the uncountable set of real numbers (0, 1).

2. Show that a ball of radius 1/2 around any element of ¢;; cannot contain any other
element of ¢y ;. The number of these non-intersecting balls is equal to the cardinality
of (0,1).

3. Any dense subset of £°°(N) must have an element in each of the these balls, and must
therefore be uncountable.
Exercise 3.2 Almost-periodic functions
Consider the sum of two oscillatory functions u(t) = aef“1t + Belw2t,

1. Show that u is periodic iff the two frequencies w; and wy are commensurate, i.e.
the ratio wy/we is rational. In this case show that the fundamental period of u is
T = 27(m/wy) = 2m(n/ws), where wy /we = m/n with n and m coprime.

2. If the frequencies are incommensurate, show that there exists an e-period, i.e a number
T such that

vVt € R, lu(t) —u(t+ 1) < e

3. Show that the set T C R of e-periods is relatively dense in R, i.e.
inf{d(T,z); T€T, z€R} = d< oc.

In other words, the set T is “well dispersed” in R. There exists a finite number d such
that the distance between any real number and the set T is at most d. Compare this
with the commensurate frequencies case, where T = {k1; k € Z}.

Exercise 3.3

Using the fact that an absolutely summable series of real numbers is convergent, show that
if a series in a Banach space V is absolutely summable, i.e.

oo
Do lloll < oo,
k=0

then the partial sums sequence {> ;,_, uk}zozo is Cauchy, and therefore convergent in V.
Note that submultiplicativity of the norm is not required. Only the triangle inequality.
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Chapter 4

Duality and Adjoints

The concept of duality plays an important role in many aspects of linear algebra and func-
tional analysis. Linear functionals are scalar-valued linear operators, and they are considered
as objects dual to vectors. In the most basic setting, multiplying a column vector from the left
by a row vector is a linear operation that yields scalars, thus row vectors can be considered
as dual objects to column vectors. The space of all continuous linear functionals is the dual
space of a Banach space. Concepts of orthogonality and inner products can be generalized
from within inner product spaces to be considered as relations between vectors and function-
als instead of between vectors and vectors. This leads to generalizations of the projection
theorem and to a duality theory for minimum distance problems. Weak and strong duality,
and the Hahn-Banach theorem are part of this duality theory. The dual object to a linear
operator between vector spaces is the adjoint, which acts between their respective duals. Un-
derstanding the interplay between an operator and its adjoint usually provides significant
insight into the properties of that operator. The so-called fundamental theorem of linear
algebra relates the image and null spaces of an operator and its adjoint. Questions about
linear operators can be often more easily answered by understanding the interplay between
the actions of the operator and its adjoint.

Introduction

Recall that in Chapter 1 we defined R™ as the space of column vectors. We then generalized
form column vectors to vectors in abstract vector spaces. What about row wvectors? What
role do they play, and what are the possible generalizations of row vectors?

To explore a bit, fix a particular real row vector y = [yl yn] (note that this
is not an n-tuple (y1,...,¥yn), but a row vector in the standard notation). Now consider
the operation of multiplying column vectors by this particular row vector, and call that
operation y(.), i.e.

U1 n
yw) ==yv = [y - oy || = Zykvk. (4.1)
k=1

Un

The reader should note the deliberately pedantic choice of fonts in the notation above.
y is an operation on column vectors. This operation on any column vector v sums the
components of v against the components of a specific row vector y. (4.1) is a particular
representation of the operation y. We will have occasion to use different representations
such as y(v) := y*v, where y is a column vector. Thus the careful distinction between an
operation and its representations.
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The operation (4.1) is a scalar-valued mapping, i.e. y : R®™ — R. Since matrix and vector
products are distributive over additions, this mapping is linear

y(avy + Bv2) = y (v + Brz) = ayvr +Byva = ay(vi)+ B y(ve).

Thus y is a linear operator from R™ to R. Scalar-valued linear operators are special, so they
get their own name, they are called® linear functionals. It is not difficult to show (Lemma 4.1)
that any linear functionals on R™ must be of the form (4.1) for some row vector y. Let’s
temporarily call the space of row n-vectors R™

R™ = {yr: [y - yn];yieR}-

Thus the space of all linear functionals on R™ is R™*. The space of all linear functionals on
a vector space V is called the dual space of V, and denoted by V*, thus the notation R™*
above. Note that R™* is a vector space with row vector addition. This is true for any vector
space V, its dual space V* is also a vector space.

In the example of R", its dual space R™* is isomorphic to it. The isomorphism is given
by the “transpose map” ()* : R" — R™, w +— w*, which takes a column vector w to a row
vector w*. We will see that this is true for any inner product space, where linear functionals
can be generated from the vectors in that space by taking inner products, i.e. for any vector
w € V in an inner product space V, a linear functional w is defined by

w(v) = (w, v), veV. (4.2)

We will see that in a Hilbert space, all linear functionals are generated in this manner (this
is the Riesz representation theorem). Thus a Hilbert space is isomorphic to its dual, and
the isomorphism is given by the correspondence (4.2). This is the generalization to Hilbert
space of the transpose map that takes column vectors to row vectors. In the absence of an
inner product such as in a Banach space, the dual is typically different from the original
space, and more care is needed in treating such problems.

What does duality say about operators? A linear operator acting on vectors induces in
a natural way another linear operator, called the adjoint, acting on functionals. In the case
of R™, if we act on a column vector v with a matrix A, and then apply a linear functional to
the result by multiplying it by a row vector w*, the result produced is a scalar w*Av. We
can now think about A acting on the row vector w* rather than the column vector v. The
mapping w* — w* A takes row vectors to row vectors, so it is a mapping on the dual space
R™*. This mapping is determined by the obvious condition

Vo e R, [w*]{A}M _ [w*A]M -

(4.3)

The way to read this is to pretend for the moment that we don’t know how to multiply a
row vector w* by a matrix, we only know how to multiply a column vector by a matrix.
This is the situation in an abstract vector space, the operator on vectors is specified, but
we have to do some work to figure out how it acts on functionals. Let’s continue with the
pretense that we don’t know how to multiply row vectors and matrices. Formula (4.3) gives
the recipe for finding w* A from w. Starting from w* as a known functional on R", we need
to find the functional w* A. If we know how this functional acts on all vectors v, then it is
determined. The formula (4.3) says that w*A acts on v by first acting on v by Av, and then
acting on the result by the known functional w*. This serves to define the adjoint more
abstractly as we now briefly outline.

! Any scalar-valued mapping, whether linear or not, is called a functional.
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Let A : V — W be a linear operator between vector spaces. The adjoint At : W* —
V* maps their duals (i.e. maps linear functionals to linear functionals). The adjoint is
determined by the following condition which generalizes (4.3)

Yv eV, (ATW) (v) == w(Av). (4.4)

Let’s parse this carefully. w is a functional on W, i.e. its in W*. It is mapped by Af to an
element in V*, i.e. a functional on V. The definition above specifies how Afw acts on every
v € V, and therefore is a mapping w — Afw from W* to V*.

The adjoint is a linear operator that is intimately related to the original operator. Con-
cepts like row rank and left null space of a matrix are best understood as statements about
the adjoint. Much of linear algebra and functional analysis involves the interplay between
an operator and its adjoint. We now turn to developing these concepts more precisely.

4.1 Dual Vectors: The Dual Space

Let V be any vector space and let w : V. — R be a linear functional, i.e. a scalar-valued
linear operator on V

w(am +ﬂv2) = « W(vl) + B W(’UQ). (4.5)

We denote the set of all linear functionals on V with the symbol V*. This set inherits a
vector space structure from V. Any two elements wi and wo in V* can be scaled and added
by the standard definition for functions (point-wise addition and scaling)

(aw1 + bwz) (v) = aw (U) + b wo (v) (4.6)

It is immediate that w; + wo thus defined is also a linear functional
(aw1 + bwz) (owl + ng) =aw (owl + ﬁvz) + b wo (am + ng) (by (4.6))
=aa wi(v1) +af wi(ve) + ba wa(vy) + bS8 wa(va) (by (4.5))
=« (aw1 + bWQ) (1)1) + ﬁ (aw1 + bWQ)('UQ) (by (46))

Thus the set of all linear functionals V* is itself a vector space.
In finite-dimensional vector spaces, any basis representation gives a representation of
linear functionals as the product with row vectors as follows.

Lemma 4.1. Let V be a finite-dimensional vector space. Given a particular basis v =
{vi}r_, of V, the action of a linear functional w : V — R on any vector w can be written as
a dot product of the vector [u], =: (u1,...,uy) of basis coefficients with a row vector w*,
which we call the representation of w in the basis v

Uy

wlu) = w'lu], = [wi - wy]|:]| = Zwkuk,
Un, k=1

where for each k, wi, = w (vy).
Proof. Consider the action of w on each of the basis elements
w(vg) = wyg, k=1,...,n.

By linearity, the action of w on any vector is given by

w(v) = W(iw&%) = iuk w(vg) = iuk Wy, O
k=1 k=1 k=1
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wq , wa ; w3 :
u — o]

0

(a) Any integrable function f defines 1€

a linear functional f on the space of

piece-wise constant (on the interval (b) Here f(t) = -sin((wt), and the basis representation of the func-
[-1,1]) functions by the integral f(u) := tional f (in either of the v or the w bases) is given by integrating the
fll F(@)u(t)dt. function f against the respective bases elements.

Figure 4.1: Any (absolutely) integrable function f defines a linear functional f on a space of functions by
f(u) := [ f(t)u(t)dt provided the integral converges. The basis representation of f in terms of any basis is
obtained by acting with f on each of the individual basis elements.

Note that the lemma above says nothing about inner products or norms. It is a purely
algebraic statement about vector spaces.

Example 4.2. Consider the vector space R{[1:0):0:(0:11} of functions on [-1, 1] that are constant
on the sets [-1,0),0, (0, 1] introduced in Example 1.4.

Given any (absolutely) integrable function f : [-1,1] — R, we can use it to define a linear
functional f by defining its action on any u € R{[1.0).0.(0.1]} ysing the integral

1
f(u) = /1 F(t) ult) dt. (4.7)

This is illustrated in Figure 4.1a. We say that that function f : [-1,1] — R is the kernel
representation® of the functional f: R{F10):0:(0.1]} _y R

Now recall the two bases v and w used earlier for this function space, and depicted again in
Figure 4.1b. If we choose for example f(t) := -sin(nt), then as shown in the figure, the row
vectors f¥ and f“ representing f in the bases v and w respectively are

F=R o R=2 00 -2, = o =00 0 4], (4.8)

where each vector component is calculated by acting with f (4.7) on the respective basis element
as in Lemma 4.1. For example

£ o= o) = [1 FEo(t) dt = - / sin(rt) dt = L cos(nt) =

1 T I T

Remark 4.3. While for most function spaces, all linear functionals have a representation
like (4.7), this is not so in the above example. This is due to the peculiarity of the function
space RIEL0).0:0.11} where the value u(0) of an element at the single point ¢ = 0 matters.
Note that in (4.8), both fy and fy are zero. This is actually true for any (regular) function
f that defines a linear functional by the integral (4.7)

1 0
o= [1 F)va(t) dt = /0 F(t) dt = o.

It turns out that while all functions f (provided they’re integrable) define linear func-
tionals by (4.7), not all linear functionals on this space are of that form. This problem is

2This is a special case of the kernel representation of linear operators discussed in Chapter 6.
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easy to fix as follows. Define a linear functional by

1 —
flu) = [1 FO) ult) dt + F u(0), (4.9)

where f is some scalar. Thus the functional f requires specifying two pieces, a function
f:[1,1] = R, as well as a scalar f. In this case the number f would also be equal to fy
and f¥. We can now conclude (e.g. by counting dimensions) that all linear functionals on
R{EL0).0.011} are of the form (4.9). [ ]

Formal Definition and Further Examples

We now give a formal definition of the dual space. The examples we’ve seen so far are for
what is called the algberaic dual space since norms played no role in the discussion. However,
when a vector space is equipped with a norm, then the dual space also has a natural norm
given for each functional by its induced norm as a linear operator. This is sometimes called
the topological dual space, but we will simply refer to it as the dual space.

Definition 4.4. Let V be a Banach space. Its dual space V* is the space of bounded (con-
tinuous) linear functionals

AVAREES {f:V—>R; [ is linear and, ||f|| := sup |f(v)] <oo},

llvl=1
i.e. V* = L(V,R), and therefore is itself a Banach space with the induced norm.

Note that V* = L(V,R), and that we’ve already shown in Section 3.6 that L(V,W) is a
Banach space (i.e. complete) with the induced norm whenever V and W are Banach spaces.
R is a Banach space, and therefore V* = L(V,R) is a Banach space.

Example 4.5. Consider the vector space R™. By Lemma 4.1 every linear functional w is of
the form

w(v) = wivr + -+ wpo, = wo. (4.10)

If we endow R™ with the Euclidean ||.||2 norm (call the space RY), what is the induced norm on
w? First observe that by the Cauchy-Schwartz inequality

(W)l = |w™o| < [Jwll2]v]2.

Thus the Euclidean norm ||w||y of the vector w is an upper bound on the induced norm of the
functional w. This upper bound is achieved by applying w to the vector w itself

wiw) = wi+otwd =

We therefore conclude that the induced norm on R% of the functional w in (4.10) is the Euclidean
norm of the row vector w representing it. Therefore the dual of R} is RY*. Since R}* and R are
isometrically isomorphic, we will often just say that the dual of R} is RS when the isomorphism
is implicitly understood.

This example is a special case of a fact true in any Hilbert space. We say that the vector
w € V “represents” the functional w € V* by the inner product as w(v) = (w, v). The fact
that every element of V* in a Hilbert space is represented this way is the Riesz Representation
Theorem 4.10. This will imply that the dual of a Hilbert space V is itself, or more precisely,
isometrically isomorphic to V. More on this in the next subsection.
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Example 4.6. Consider R, with the ||.||s norm and functionals acting by
w(v) = wivr + -+ wpo, = wo. (4.11)

The induced norm can be calculated using the 1-oc inequality (Exercise 2.5)

W) = swp [w'v| = sup wron oo+ wva
[[v]]co=1 [[v]lco=1
n
< s ol ool < s (Dl ) (a1l
lolloo=1 follmt \ = 1%%n
= ”th

with equality achieved by using v; = sign(w;).

Thus the dual of RZ is R} when the action of functionals is given by (4.11). We leave it
as an exercise (Exercise 4.1) to show that the dual of R} is R, and more generally, the dual
of R} is R when 1/p+1/q=1.

Example 4.7. If a Banach space V has a basis v = {v;};-, then every linear functional w
must be of the form

w(u) = Z WU, where u= Z UL Vk;, wy, 1= w(vg). (4.12)
k=0 k=0

Thus the sequence {wy} “represents’ the functional w. The summability properties of the
sequence {wy} will depend on both the basis set v as well as the norm in the space V. The
statement (4.12) is a purely algebraic statement, and is the same as Lemma 4.1 irrespective of
whether the space is finite or infinite dimensional. In finite dimensions, the finite set of numbers
{wg} can be anything, while in infinite-dimensions, restrictions on the sequence have to imposed.
Those restrictions depend on the norm in V as well as the particular choice of basis v.

Example 4.8. Let's calculate the dual of /}(R), but while keeping the example of R} in mind
since the calculations are analogous. Write any element of ¢!(R) in the canonical basis (i.e.
u = (up, u1,...), then by (4.12) every linear functional is of the form

oo
w(u) = Z Wi UL,
k=0

for some sequence {wy}y- ,. Now let's see what the requirement (in Definition 4.4) that w be
a bounded linear functional imply about the sequence {wy}. A bound can be given using the
1-c0 inequality

o0 o0 o0
S| < Y funlluel < (suplun) (Zw) = ol el (413
=0 k=0 k k=0

from which we conclude that the induced norm is bounded by

w(u)
I

U
sup —— < ||[wl|oo-
u#0 U||1
To show that this bound is tight, consider two separate cases. The first is if the sequence
w achieves its supremum at some finite index k, we then choose & = e;. With this choice
l[ally = lleglly =1 and

oo
E WU
k=0

= Jwg| = [[w]loo-
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The other case is when the supremum of w is not achieved, but from the definition of the
supremum we know that for any € > 0, 3k such that |w;| < ||w|lo — €. Choosing @ = e, again

oo
E WU
k=0

= |wg] = [lwlle —e
Since e can be made arbitrarily small, the bound is tight and ||w| = ||w||co, i-e. the norm of the

functional w is given by the ||.||s norm of its representing sequence {wy}.
We therefore conclude that the dual of ¢}(N) is /°°(N).

Example 4.9. Recall that the dual of R} is R, and vice versa. In light of the previous example
of /1(N), we might suspect that the dual of /*°(N) is ¢}(N). However, this is not quite right.
Every element of ¢! defines a bounded linear functional on /> by the same argument as (4.13),
but there are other bounded functionals on ¢>° that cannot be written in the form (4.12). This
form was premised on the Banach space having a basis, and recall that £>°(N) is not separable,
and therefore cannot have a basis.

It is possible to show that the dual of £°°(N) is strictly larger than ¢!(N), i.e. ¢1(N) C
(£>°(N))* using the so-called Hahn-Banach theorem. However, the argument is non-constructive
and one cannot exhibit those other elements (those not in ¢1(N)) explicitly.

On the other hand, recall the closed subspace ¢5°(N) of £>°(N) made up of sequences that
decay to zero. This is a Banach space in itself, and in fact we can show that (/2°(N))" = ¢}(N).
The argument has essentially already been presented. Since {ey} is a basis for £5°(N), then any
linear functional is represented by summing against a sequence, and the argument (4.12) says
that the functionals induced norm (over £°) is precisely the £* norm of the sequence.

The take away from the above is that if the ||.||oc norm of sequences is needed (e.g. in an
optimization problem), it is preferable whenever possible to set the problem up in £3° rather
than £°°.

The Hilbert Dual

In a Hilbert space V every vector defines a functional by taking its inner product with other
vectors. Let w € V be any vector. Define the functional w from w by

w(v) = (w, v), veV. (4.14)

The functional w defined here is clearly linear. It is also bounded as follows from the
Cauchy-Schwartz inequality ||w(v)| = |(w, v)| < |Jw||||v||. Thus w(.) defined above is a
bounded linear functional on V

Note that in (4.14) we are again using fonts to emphasize a distinction. w is a functional,
i.e. an element in V*, while w is a vector in V, so they are different (but obviously related)
objects. Equation (4.14) says that every vector in V defines a functional in V*. The question
is whether every functional in V* can be represented this way? In other words, given w € V*,
does there exist a vector v € V such that w(.) = (w, .)?

The answer is yes, and the construction is depicted geometrically in Figure 4.2. The
key idea is that every linear functional is uniquely (up to scaling) determined by its null
space. The reason is that a linear functional w is a mapping w : V — R. Its image
Im(w) = V/Nu(w) is isomorphic to R, and therefore Nu(w) is a co-dimension 1 subspace.
Such a subspace is uniquely determined by the direction of vectors orthogonal to it. To pick
the “size” of the orthogonal vector, we need an appropriate normalization as follows. Take
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Nu(w)*

Nu(w)

Figure 4.2: The construction of the Riesz representation theorem. Given an abstractly defined linear
functional w, we need to find a vector w that represents w through the inner product, i.e. w(v) = (w, v)
for all v € V. The key is that the null space of w (which is a co-dimension 1 subspace) uniquely defines
the direction of the vector w which must be orthogonal to it. Thus pick any vector z orthogonal to Nu(w),
renormalize it appropriately by (4.15) to find the representative w.

any vector z € Nu(w)" and normalize it by (note that it is unique after normalization)

w(z)

= Eps = el = [w()] (4.15)

(|||
w(w) = w<w($) x) _ W) w(z) = |wl? = (w,w). (4.16)

[l [l

Now since (w, Nu(w)) =0, (w, w) = w(w), and V = Nu(w) @ span{w}, then (w, .) = w(.)
on all of V, and therefore w is the representative of the functional w. We now state these
conclusions formally.

Theorem 4.10 (Riesz Representation). If V is a Hilbert space, then every bounded func-
tional w € V* 1is represented by an inner product with a unique vector w € V, i.e.

VoeV, w) = (w,v). Furthermore lwl| = |jw]|.

Note that ||w]|| is the induced norm of w as a functional on V, while ||w|| is the vector norm
in V of its representative w. Their equality follows from the Cauchy-Schwartz inequality

SO, )

v#£0 ||UH v#0 ||U||

w)| = [w, )| < fw| ol = < lwll,
and observing that this upper bound is achieved with v = w.

The Riesz representation theorem generalizes Example 4.5 which dealt with R™ when
equipped with the standard Euclidean norm. The next example considers R™ equipped with
a different inner product, so the above theorem still holds, but it needs to be interpreted
carefully as we will demonstrate.

Example 4.11. Consider R?, which is defined as R™ with a “weighted norm”
* « L AL 1 1 1
||vHé = (v,v>Q = v'Qu = VvQIQ3v =: <Q2U,Q2v>2 = ||Q2v||§7

where ) is a symmetric positive definite matrix, (, ), is the Euclidean inner product and ||.||2
is the Euclidean norm.

The dual space is still isomorphic to R™, but what is the norm on the dual space? We
have to be careful here with how we define linear functionals, because their resulting norms will
depend on that definition. First, since R is n-dimensional, we can take the canonical basis and
Lemma 4.1 says (c.f. Example 4.5) that every linear functional w is represented by an n-vector
w so that

w(v) = wivy 4+ wpvn = w, v € RY. (4.17)
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We can now calculate the induced norm as

w2 .12
2 w*v| |w*v]
Iw(@l? = sup U gy
w20 1[5 w0 vF Q12Qz2 v
*(1/2 |2
w u
= supw (substituting u = Q'/? v)
u#0 u u
.12
‘(Q-1/2 w) u’ 12w )
= sup - _ <Q ’ >2 _ HQ—I/Q ,wH , (418)
w£0 uru (uy u), 2

Thus if the norm on R™ is given by ||Q'/2x||2, and the functional action is given by v — w*v,
then the norm on this linear functional is given by HQ'l/QwH2. In other words, the dual of R
is R’é,l.

At first glance this might seem to not be consistent with Thereom 4.10 which states that
|[w]| = |Jw||. However, there is no inconsistency if the theorem is interpreted correctly as follows.
In the space R7, the theorem says that any linear functional is given by

wi(v) = (w,v)y = w'Quv = (Qu)" v. (4.19)

This is a different functional w from w defined in (4.17)! This functional acts on a vector v
by summing its components against components of the vector Qw rather than the vector w.
According to the theorem, the induced norm of w; must be

fwall = Jwlly = @2 - (4.20)
The two functionals w; and w can be related by defining another functional u
u = Qu, u(v) = v'v = wi(v)

The norm of u calculated according to (4.18) is the same as the norm of w; calculated according
to (4.20)

[ull = HQ-l/QUHQ (by (4.18) since u(v) := u * v)
HQ_l/QQwHQ = HQ1/2@UH2 (since u := Quw)
= [[wall (by (4.20))

Therefore the calculations are consistent provided we apply the Riesz representation theorem
correctly. This issue is a source of potential confusion whenever working with weighted norms
in Hilbert space.

4.2 Duality and Orthogonality

In this section we will generalize the notion of orthogonality to Banach spaces using duality.
It turns out that the best way to generalize the notion of orthogonality is to abandon the
idea that orthogonality is between vectors in the same space. Instead, and more generally,
orthogonality should be thought of as between a functional and a vector, which are ob-
jects that live in different spaces. It just happens that in Hilbert space, each functional is
represented by taking an inner product with a particular vector. Thus we were lured into
thinking of orthogonality as between vectors. A mental shift to a more general notion of
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orthogonality will have great benefits. Many useful constructions in Hilbert space (such
as the projection theorem) can generalize to a Banach space V, but now we have to think
about V and its dual V* simultaneously.

Before we begin, we make a note about a notational change. From this section on, linear
functionals will be denoted with brackets like

veV, weV" (w,v) = w(v),

which is the more traditional notation for functional action. To emphasize that this is not an
inner product, but rather functional action, we will denote functionals (like w) with roman
font, while vectors (like v) with italic font. In later chapters, after the reader has become
accustomed to the distinctions between vectors and functionals, we will drop the distinction
in fonts.

Orthogonality

In an inner product space, the two geometrical notions of orthogonality and alignment are
defined in terms of the inner product. Those two notions generalize to normed spaces, but
they are between vectors and functionals rather than between vectors and other vectors.

Definition 4.12. A vector v € V in a Banach space V and a functional w € V* are said to
be orthogonal if

(w,v) = 0.
Given a subspace S C V, its orthogonal subspace® S+ C V* is
St = {weV* YweS, (w,v)=0}

The terminology and notation are suggestive, but should be parsed carefully. (w, v)
is the functional w acting on the vector v rather than an inner product. We use the term
“orthogonal subspace” since S* is in the dual space V, rather than “orthogonal complement”
where S in a Hilbert space is a complementary subspace to S. None the less, in Banach
spaces the orthogonal subspace S+ C V* plays a similar role to the orthogonal complement
St C V in Hilbert spaces. An easy, but important observation is that the orthogonal
subspace is alway closed even if the original subspace is not.

Lemma 4.13. If S C V is any subspace of a Banach space, then its orthogonal subspace
St c V* is a closed subspace in V*.

Proof. If the sequence {w;} C S has a limit limy_,o, Wi, = w € V*, then

Yv €S, (w,v) = <limwk,v> = lim (wg,v) = 0,

k—o0 k—o0
because the mapping (., v) : V — R is continuous. Thus w € S+. O

Definition 4.14. In a Banach space V, a vector v € V and a functional w € V* are said
to be aligned if

(wyv) = wl [l

This is very similar to the definition of alignment in an inner product space where two
vector v,w are aligned if there is equality in the Cauchy-Schwartz inequality (w, v) =
lw]|||v]]. In a Banach space, we replace inner products with functional actions.

3This is alternatively termed “the annihilator” in many references.
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(a) Depiction of a minimum distance problem in a Hilbert space. The point T € S is the point in S closest
to v. The length of the optimal error vector v — Z is the minimum distance between v S. The projection
theorem says that the optimal error v — Z must be orthogonal to the subspace S.

SJ_

{ XS]

W w

81

S

(b) Another geometrical interpretation of the projection theorem that is valid in either Hilbert or Banach
space. We can’t say that the optimal error vector v — Z is orthogonal to S, since now orthogonality is between
vectors and functionals, not between vectors and vectors. However, we can say that it must be “aligned” with
a functional W € S* orthogonal to S, i.e. (W, v — Z) = ||W||||v — Z||. This special functional W is characterized
by a dual optimization problem in st cvr.

Figure 4.3: A comparison of the projection theorem in a Hilbert space (top) with what might be its
counterpart in a Banach space (bottom).

Now recall the problem of minimum distance between a vector and a subspace. In Hilbert
space, such problems are addressed by the projection theorem. What would a counterpart of
the projection theorem be like in Banach space? Figure 4.3 gives some geometrical intuition
to help answer this question. The key point in the projection theorem is that an optimal
error vector v — I (see Figure 4.3a) must be orthogonal to the subspace S. We can’t make
this statement in Banach space since orthogonality is between a functional and a vector.
The statement (v —Z) L S does not make sense since v — Z is a vector, not a functional.
Now bring in the concept of alignment, and we can say that the error vector v — & must be
aligned with a functional w € S*. This is how we can say that v — Z is “orthogonal” to S.

Now the next question is which functional w € St is the error vector v — Z aligned with?
It turns out that we have to solve an optimization problem in S* C V* (i.e. in the dual
space) to find those special vectors. This is the subject of dual optimization problems to
which we now turn.

Minimum Distance Problems: Weak Duality

We begin by establishing an easy (but very useful) inequality usually referred to as weak
duality. First, let v,z € V be vectors in a Banach space, and w € V* be a functional, then
by definition of ||w]|

Iwil flv =zl = (w,v—u)

Now let x € S, a subspace of V, and v € V a vector possibly outside of S. Furthermore,
restrict |[w|| <1 and to be in the subspace orthogonal to S. Then

rzeS, weSsSt, [w] <1 = |lv—z| > <W,U*£L’>:<W,’U>7MQ<W,0>.
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(4.21)

Note that the right side of the inequality is now independent of x, while the left side is
independent of w. Now if we take the infimum on the left and supremum on the right, the
inequality is preserved

inf v —z| > sup (w, v). (4.22)
z€S west, |wll<1

This is the so-called “weak duality” statement which relates a minimization problem (here
called the “primal problem”) to a dual, maximization problem in the dual space V*. The
two problems may not always have equal optimal objectives, but the inequality above is
always valid.

In many cases (such as Theorem 4.20 below), equality in (4.22) is achieved. In fact, the
derivation above gives us a very useful criterion for equality of the two problems. Suppose
we find a vector Z and a functional w such that equality in (4.21) is achieved, i.e.

Wl flo =zl = (W, v).

Then Z and w must be the solutions to the two problems in (4.22) respectively! Note that
this condition is an alignment condition (recall Definition 4.14), and can be very useful in
explicit calculations. These conclusions, while simple to derive, are important enough to
state precisely.

Theorem 4.15 (Weak Duality). LetS C V be a subspace of a Banach spaceV, and St C V*
its orthogonal subspace. Then the primal and dual optimization problems are related by

dp := inf|lv—z| > sup (w,v) =: dg. (4.23)
ves west, Jlw|<1

If there exists T € S and W € St such that the functional W is “aligned” with the error v — %

Wil flo =zl = (%, ), (4.24)
then T and W are optimal for the primal and dual problems respectively, and d, = dq.

The dual problems (4.23) can be given a geometrical interpretation as shown in Fig-
ure 4.4. In Hilbert space, the figure can be considered as a reinterpretation of the projection
theorem. (w, v) is the projection of v onto a unit vector w in the orthogonal complement.
This projection is maximized when w is aligned with the optimal error v — z. This inter-
pretation generalizes to Banach space by relabeling (w, v) from “projection” to functional
action, and St from orthogonal complement in V to orthogonal subspace in V*.

The duality gap of (4.23) is defined as the difference d, — dg (always positive) between
the two optimal objectives. When they are equal, we say that the “duality gap is zero”.
There are many versions of duality theorems for various types of optimization problems.
Conditions can be derived for when the duality gap is guaranteed to be zero even in cases
where suprema and infima are not achieved (so optimal solutions do not exist). These
conditions can be quite technical. However, for problems for which optimal solutions exist,
the alignment condition (4.24) gives a much easier method to establish zero duality gap.

The result above was termed “weak duality”, and the reader may suspect that therefore
there must be a stronger version of the statement. Indeed, in Banach spaces, the dual
problem always has a solution. A maximizing functional w € S+ always exists even when
the infimum in the primal problem is not achieved. This fact is a consequence of methods of
constructing functionals that go by the name of Hahn-Banach theorems. This is the subject
of the next section.
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S]]
)]

{lwll =1}

Figure 4.4: Tlustration of the minimum-distance duality theorem 4.15. In a Hilbert space, we project v
onto vectors w in S+ of unit length (along the dashed grey circle). The length of the projection (w, v) is the
length of thick blue line is shown above. The values of (w, v) for various directions w € S* are depicted as
the blue ellipses. The largest projection is achieved by a vector w which is aligned with the optimal “error”
vector v — . Parallel interpretations are valid in a Banach space with “projection” replaced by functional
action (w, v), and S C V* being the orthogonal subspace in V* rather than the orthogonal complement.

4.3 Construction of Linear Functionals

We will be concerned with constructing various types of functionals. The constructions
typically proceed by first defining a functional on a restricted subspace, and then “extending”
it to the whole space. The extension process should guarantee certain properties of the
functional, for example that the norm of the extension is not larger than the norm of the
initially defined, restricted functional. This is the subject of the Hahn-Banach theorem to
which we now turn.

Before formally stating the theorem, we motivate the important issues geometrically.
Suppose we are given a functional w : S — R defined on a proper subspace S C V of a
Banach space. How do we extend it to a functional W : V — R defined on the entire
space V7 Extension here means that W is exactly w when restricted to the subspace, i.e.
W|s = w. You might imagine that if the norm of W is allowed to be larger than the norm
of w, then this process is easy. We will require that the norm of the extension be no larger
than the norm of the original restricted functional, i.e.

(W, v)

W] := sup—— = |w|s := sup
vev ]l > ves vl

(W, v)

Let’s examine how this extension process might work “one additional dimension at a
time”. Starting from the subspace S, select a vector v outside of it, and consider how to
extend the functional to span{S,v}, which is of one dimension larger than S. First, since
any vector in span{S, v} can be written as « + av with « € S, linearity of the functional W
implies

W,z+av) = W,z)+a(W,v) = (w, 2)+a(W,v), z €S, aeR. (4.25)

The extension W is now completely determined by the single number (W, v). This number
needs to be chosen so that the norm of W is no larger than the norm of w.

At first, you might be tempted to select the trivial extension (W, v) = 0 based on
intuition. However, there is a subtlety here that should be appreciated. If v were orthogonal
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to S (so this is only possible in a Hilbert space), then we can simply set (W, v) = 0, and
orthogonality implies

(Woatar) _ ((w,2)+a(W,0)° _ (w, )’ (v, o)
[z + awvl|? | + awl|? 2] + a?[lo] — =]
(W, =+ av)? (w, z)?
= w S = sup ————— = sup—-— =: ||w|[s.
Whtsr = 8% Tovanl ~ 5% o = I

However, without orthogonality, we might have ||z + av| < ||z|| in the denominators, and
then the trivial extension will actually have a larger norm than the original functional.
Exercise 4.2 gives an example of such a situation. The point here is that a more elaborate
and careful construction of the extension W needs to be done.

Theorem 4.16 (Hahn-Banach, One Dimensional Extension). Let S C V be a subspace of a
Banach space V. Let w: S — R be a bounded linear functional on S, i.e.

W, T
lwlls := sup {w, z)

= c < oQ.
zeS ||CL‘|

Given any v € V, there exists an extension W : span{S,v} = R of w (i.e. W|g = w) with
the same norm [|W||span(s,o} = C-

Proof. Let’s work backwards from the requirement |W(z + av)| < c |z + av||, which we
can rewrite (after using (4.25) and substituting a := W(v) for notational simplicity)

w(z)+aa<clz+av

—C Hx+04'0|| < W(JC) +aa (4.26)

Vxes, 0#ack, {

(note that the case v = 0 is automatically satisfied so we exclude it). Rearranging and
dividing through* by « gives a upper and a lower bound on the number a

a < ¢ llafa+oll - wiw/a)
VeSS, 0£acR, {—cx/a+v||-w(m/a)§a (4.27)
Reparameterizing with y := z/a € S gives slightly simpler conditions
a<c|y+ul - wly)
Vyes,
! {—dw+v|—w@>éa
Now, there exists a real number a that satisfies both inequalities iff
sup (—cHy ol — w(y)) < inf <c||z +ol - w(z)) . (4.28)
y€es z€S

The linearity of w, and z € S = w(z) < ¢||z|| gives a comparison of the two sides above

(=elly +oll = w(y) — (cllz+v] - w(z))

—c(lz+oll+lly +vll) +w(z—y)
—cllz+v—(y+v)|]|+w(z—y) (triangle inequality)
—clz—yl+wiz-y) < —clz—yl+elz—yl =0

= (=cly+vl-wy) < (clz+v]—w(2).

IN A

This last inequality implies (4.28), and therefore the existence of a real number a that
satisfies (4.26). O

4The reader should check that dividing by a negative o maintains the equivalence. Indeed, the top
inequality in (4.26) becomes the bottom inequality in (4.27) and vice versa.
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Note that the proof is given for the case of a real Banach space. The proof for the
complex case is similar, but somewhat messier, and is therefore omitted.

Theorem 4.17 (Hahn-Banach). Let S C V be a subspace of a Banach space V. Let w :
S — R be a bounded linear functional, i.e.

W, T
lwlls := sup {w, z)

= c < 00.
z€S ||CL‘||

Then there exists an extension W : V.— R of w to all of V (i.e. Wl|g = w) with the same
norm ||W|| = c.

Proof. The proof is given for a finite-dimensional or separable Banach space V.

First, we might as well assume that S is closed. If it were not, we can immediately extend
w to the closure S by the procedure for densely-defined bounded operators of Section 3.6.4.
If the closure S = V, then we’re done. Thus from now on we assume that S is a proper, closed
subspace of V. This implies the existence of an element vy ¢ S, and the one dimensional-
extension Theorem 4.16 extends w to Sy := span{S, v1 } without enlarging its norm.

The above procedure can be repeated to get a sequence of nested, proper subspaces

S S S &S

If V or V/S are finite dimensional, then this sequence terminates and extension procedure
is complete. If neither are finite dimensional, we can take the union of these subspaces

Soo = Gska
k=0

and ask whether that is all of S. If V is separable, then we can choose {v1,vs,...} to be a
total sequence in V/S. Since the span of this sequence is dense in V/S, then Sy, = V.

If V is not separable, one must use a non-constructive existence statement like Zorn’s
lemma. This argument is omitted. O

The Hahn-Banach theorem has several immediate corollaries, useful in their own right.

Corollary 4.18. Given any vector v € V in a Banach space V, there exists a functional

w € V* with ||w| = 1 that solves the maximization problem
sup (w,v) = (W,v) = |[jv] (4.29)
lIwll<1

Consequently, given any bounded operator A : V1 — Vg then

|A]] := sup |Avlly, = sup (w, Av). (4.30)

veVL, [v]I<1 vEVL, [vlI<1, wevs, [wl<1

Proof. Construct the functional first on the one dimensional subspace span{v} as

T = av = (w,z) = all,
and therefore (w, v) = ||v]|. The norm of the functional on this subspace is
oy (D) e alel
sespanfv} ]| ack [lav]| ack |al[|v]]

Now extend this functional to all of V while keeping its norm as 1. Finally, (4.30) follows
immediately from (4.29). O
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Note that the “flip side” of this corollary may not be true. That is, if we fix a functional
w and optimize over the unit ball of the primal space

sup  (w, v), w e VT,
vev, |jv)<1

there may not exist a vector v that achieves this supremum. There are cases however when
this is true, and we’ll discuss these when we cover “reflexive” spaces shortly.

Given a closed subspace S of a Hilbert space, one can always find a non-zero vector that is
orthogonal to it. We simply pick any vector v ¢ S, and use the projection theorem to “drop
a perpendicular” from v to the subspace S. Another corollary of the Hahn-Banach theorem
is that we can do something similar in a Banach space, but we construct a functional that
is orthogonal to S.

Corollary 4.19. Let S C V be a proper, closed subspace of a Banach space V. There exists
a non-zero linear functional w € V* such that V C Nu(w).

Proof. Pick any vector v ¢ S, and define the following functional w on span{S, v} by
(wy,z+av) = aa, x €S,

where a is any non-zero number. Note that w is exactly zero on S. Since a # 0, then
lw]| # 0. Is this functional bounded on span{S,v}? Let’s check

(W, x4+ av) aa lo| a
sap ~——L = sup —— = sSup ———————
zes, ack |7+ av]| ves, ack ||z +av]l  aes aer |l [z/a+ vl
a
= sup — (y:=zx/aeS & zeSifa#0)
yes v+l
a
S — 431
infy s Iy + ] 3y

Now the quantity inf,cs ||y + v|| is the distance between v and S. It must be positive since
S is closed. Therefore the functional is bounded on span{S, v}, and by Hahn-Banach can be
extend to all of V. O

This corollary thus generates functionals in the orthogonal subspace S*. The preceding
proof can be significantly strengthened by picking the number a judiciously as the distance
between v and S. This allows us to show existence of a maximizing functional in the weak
duality theorem as we show next.

Minimum Distance Problems: Existence of Dual Solutions

We will now use the Hahn-Banach theorem to strengthen the weak duality Theorem 4.15
and show that a solution to the dual problem always exists.

Theorem 4.20 (Minimum-Distance Duality). Let S C V be a subspace of a Banach space
V, and S+ C V* its orthogonal subspace. The minimum distance from any v € V satisfies

inf lo— 2| = (w,0) = (w,0).

max
weSt, [jw||<1

A wvector T is a solution to the primal problem iff the optimal error v — T and the optimal
functional W are aligned

(Wyv—2) = o=zl [w] = [lv—z.
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Proof. The proof is greatly aided by the diagram in Figure 4.4, and by recalling the align-
ment condition (4.24) of weak duality. For unit norm functional W to be optimal for the dual
problem it must (a) be orthogonal to S, and (b) (W, v) = d(v,S). So construct a functional
on S and v with those properties, and then extend it to all of V* by Hahn-Banach.

Let z + av with € S be any element of span{S, v}, and define the functional w by

(W, z+av) = ad, d = d(v,5) = 1Iéfs||v—x||

This is the same construction as in the proof of Corollary 4.19. Note that w is exactly zero
on S, and therefore it is in S*. When evaluated on only v it gives (W, v) = d, the distance
from v to S. The reader should now reexamine Figure 4.4 with this in mind.

The last thing to show is that the norm of W on span{S, v} is one. This calculation is
exactly the same as (4.31) which here says

(W, x4+ av) d d
sup = - = — = 1.
ves, aek ||z + avl| infyes ly +of  d
Finally use Hahn-Banach to extend this functional from span{S,v} to all of V. O

The Dual of the Dual: Reflexivity

Since the dual V* of a vector space V is itself a vector space, one can ask about the dual
of the dual space (V*)* =: V**. Every element of v € V can act on all of V* as a linear
functional as follows

v(w) = w(v). (4.32)

For example, if v := (vg,v1,...) € £ and w := (wp, wy,...) € £, then

o0
w(v) := Z WLV -
k=0

We can consider this sum as w acting on v, or v acting on w (and in this case we label it as
v(w)). Either way, the sum is well defined.
This action (4.32) is linear since

(avy + Bva) (w) = w(avy + Bv2) = aw(vi) + pw(va) =: avi(w) + Bva(w).
Furthermore, the norm of v € V gives a bound on the induced norm of v € V**

Ivwll - _ } [[w(v)|l < sw |
ozwevs W]l ozwevs Wl ozwevs Wl

= vl (4.33)

Therefore v defined by (4.32) is indeed a member of V**. This together with the linearity
of the action of v implies that the mapping v — v in (4.32) is vector space isomorphism
from V to a subspace of V**.

The mapping v — v would also be an isometry if the inequality in (4.33) is an equality.
In a Hilbert space, we can simply choose w(v) = (v, v), which achieves the equality. In a
Banach space V, we need the statement that for every vector v € V there exists a linear
functional that achieves its norm, i.e.

Iw eV, w(v) = |jvl,

but this is precisely Corollary 4.18 of the Hahn-Banach theorem. We can then conclude the
following.
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Lemma 4.21. For any Banach space V, the mapping v — v from V to V** defined by
v(iw) = w(v)
is an isometric isomorphism from V to a subspace of V**.

Note that in a Hilbert space V, the dual V* is isomorphic to V, and therefore so is the
double dual, i.e. V ~ V* ~ V** In a Banach space, V and V* are not generally isomorphic,
but we just saw that V is isomorphic to a subspace of V**. There are cases however where
this subspace is actually all of V**. Such spaces have special properties, so they’re given a
name.

Definition 4.22. A Banach space V is called reflexive if V ~ V** i.e. if the isomorphic
isometry (4.32) embedding V into V** is onto.

Any Hilbert space is reflexive, but some important Banach spaces are not. Most famously
we have

() =0, () = .

Recall that ¢5° is a closed, proper subspace of ¢°°, thus £2° is not reflexive. What about
/1, if it were reflexive, then (£°°)* = ¢%. This is not possible since if a dual V* is separable,
then necessarily V is separable (Exercise 4.3). Thus (£*°)* = ¢! would imply that £ is
separable, which we know to be false.

Lemma 4.23. In a reflexive space, every linear functional attains its max on the unit ball.

Proof. Tt V is reflexive, we can regard V* as the primal space and V ~ V** as the dual space.
In this case, Corollary 4.18 says that for every element w € V* (the primal space), there is
an functional v € V** ~ V that achieves its norm, i.e.

sup — v(w) =v(w) = [wl| = sup (W, v) = (w, 0) = [|w]| 0
veves, v|<1 vev, [lv<1

4.4 Dual Operators: The Adjoint

We have seen that the objects dual to vectors are linear functionals. What are the objects
dual to linear operators between vector spaces? Given a linear operator A : Vi — Vo
between Banach spaces, there is a natural way to define an operator between their dual
spaces Vi and V3. Consider the composition of the mappings

w

Vi 5V, SR = vri>Avrl>(W,AU}7

where w € V3 is any linear functional. Since A and w are linear, the composition w o A is
also a linear mapping, and in this case from Vi to R, i.e. it is a linear functional on V;.
Therefore, there must be a w; € V] that equals wo A, i.e. wy should satisfy

w; = wod & Yo eV (wy,v)=(w, Av). (4.34)

This defines a natural mapping w ~ w; from V3 to Vi. We call this mapping Af. Since
this mapping applies to any w € V3, we rewrite the above relation as

Vv € Vq, Vw € V3, (ATw, v) = (w, Av)

These relations are illustrated in Figure 4.5.
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* A4T *
R Atw Vi e W Vo »
— T~
N = f v
A (w,Av) = (Alw,v) /V‘v
—av 7

N L 4, «

Figure 4.5: For any operator A : Vi — Va, the adjoint operator At : V4 — Vi maps linear functionals
in V3 to linear functionals in V}. For any w € V3, its image under the adjoint Afw is defined as the linear
functional equal to the composition (wo A) (v) = (w, Av). Therefore the defining relation for the adjoint
is (Afw, v) = (w, Av).

The next question is whether the mapping A' is well defined. Assume for now that A
is a bounded operator, then the composition w; = w o A is a bounded linear functional on
V1, and therefore there is a unique w; € V} that satisfies (4.34). Furthermore, AT must
be linear. Indeed, pick any w,u € V3, call their mappings under A' as w; := Afw and
uy := ATy, then (4.34) implies

Yv € Vyq, <<v$ : Z; i éflv,’ 215; } = (awy + fuy , v) = {aw + fu, Av).

Finally A" is a bounded operator if A is bounded as can be seen from

[T = s AT = sup (A, v)
weVs, [[w]<1 wevs, wl<1, vevy, |lv||<1
= sup (w, Av)
weVs, [wl<1, veva, |lv|I<1
= sup Ao] = [lA],
veVy, |lv]|<1

where we have also shown that the two induced operator norms are actually equal. We now
summarize the conclusions from all the preceding arguments.

Lemma 4.24. Let A: V1 — Vs be a bounded operator between Banach spaces. Then there
exists a linear operator mapping functionals At : V5 — V% called the adjoint of A, which is
the unique operator satisfying the requirement

Yv e Vy, we V3, (Afw, v) = (w, Av) (4.35)
Furthermore, HATH = ||4].

Remark 4.25. In calculations with adjoints, a typical step involves “moving” an operator
from one side of functional action to the other by replacing it with its adjoint. For example,
suppose two operators A and B can be composed as AB (i.e. the domains and co-domains
allow for this), then

(w, ABv) = (w, A(Bv)) = <ATW, Bv) = <BTATW, v).
Since this holds for all functionals w and vectors v, this proves the identity (AB)Jr = BT At

Example 4.26. If a vector space is finite dimensional and we choose a basis, then each element
of that vector space is identified with the column vector of its basis coefficients. Given two vector
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spaces and choices of bases in each, every linear operator has a matrix representation with respect
to those bases where the action of the linear operator is given by the matrix times the column
vector. If we represent linear functionals with column vectors rather than row vectors, i.e. we
represent w(v) := w*v with w rather than w*, then the adjoint acting on column vector w is
the transpose of the matrix.

Indeed, let A be an n x m matrix. It is a linear mapping A : C™ — C", and functional
action on C™ is given by a product w*v. Now, equation (4.35) becomes

w Ay = (w, Av) = (Alw,v) = (ATW)*U = w" (AT)*’U

(proceeding outwards from the equality =). The fact that the equality w*Av = w* (AN v
holds for all vectors v and w implies that A = (A")" or equivalently that

AT = A%
In other words, if A is the matrix representation of a linear operator, then the matrix represen-
tation of its adjoint is the complex conjugate transpose of A.

Example 4.27. Let A : L?[a,b] — L?[a, b] be the bounded operator defined by a continuous
kernel function A(.,.). Specifically, A : f — g is given by

b
oz) = / Al €) () de.

Both f and g may be vector-valued, and in that case A(.,.) would be a matrix-valued function.
This is the kernel representation of a linear operator discussed in Chapter 6, where the kernel
representation A of the adjoint A" is derived (Equation (6.8) as the nicely intuitive expression

(A7) (z,8) = A*(& =),

i.e. the kernel function of A" is obtained from that of A by “flipping” the arguments (z, ), and
at each point taking a complex-conjugate transpose of the matrix value. Flipping the argument
(x,€) — (& ) is akin to taking a transpose. This result is consistent with the interpretation of
kernel functions as continuum analogues of matrices as emphasized in Chapter 6

Example 4.28. Given a vector function f € L°[0,00) (i.e. an n-vector where each component
is an element of L°°[0, 00)), define the integral operator F : L1[0,00) — R"

0 o [ f1(1) fooo fi®)v(t)dt
F(v) ::/ f(t) v(t) dt ::/ s o) dt = :
0 O [fa®) Jo fa(yu(t)t

Note that F is really a “stacking” of n linear functionals on L![0,00) in an n-vector. The
operator F' takes a function on [0, 00) and returns a vector in R™. Its adjoint must then operate
by taking a vector and returning a function on [0,00). We can calculate its action from the
requirement (4.35) as follows.

(Flw,v) = (w, Fv)
/ (FTw)(t) v(t) dt = w* / f) v(t) dt
0 0
T T

action of Ffw as functional on v action of w as a vector on the vector Flv

/ N (Fw)(t) o(t) dt / N (f*(t) w)* w(t) dt.
0 0
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For this equality to hold for all v € L]0, 00), the following two functions must be equal

W1

(Flw)t) = ff®w = [A@®) -~ f®] | | = wifil)+-+wafult).

Wn

Thus the operator F'T takes the vector w and makes a scalar-valued function by taking a linear
combination of the n function {f1,..., fn} using the vector components {wy} as coefficients
for this linear combination.

It should be noted here that the setting of v € L! and f € L5° is not special. The calculations
above would be exactly the same if v € L and f € LY as dual spaces, in particular for the case
p = q = 2. We will return to this example again several times.

The following properties follow immediately from the definition of the adjoint and are
left as an exercise.

Lemma 4.29. Taking the adjoint of operators has the following properties.
1. For any two operators A and B on the same space (A + ﬂB)T =a*A" + p*Bf.

2. If A1 exists, then so does (AT)_1 and it is equal to (A_l)T. We use the notation
At = (A = (ah) ™

3. If the composition AB makes sense, then (AB)T = BT AT,

Adjoints in Hilbert Space

The dual of a Hilbert space is itself, or more precisely isometrically isomorphic to itself in
the sense that every vector w € V defines a linear functional using the inner product (w, .).
This isomorphism allows us to identify any Hilber space V with its dual V*, and therefore
the adjoint can now be defined as an operator on the Hilbert spaces themselves rather than
their duals.

Definition 4.30. Let A :V — W be a bounded operator between two Hilbert spaces. The
Hilbert adjoint AT : W — V is the unique operator satisfying the requirement

YveV, Yw e W, <ATw, v), = (w, Av)y . (4.36)

Vv

The notation (., .)y, (., .),y is used to emphasize the space where the inner product is taken.

Since the Banach adjoint of Lemma 4.24 makes sense for Hilbert spaces, the reader may
wonder why a separate definition is made for the Hilbert adjoint above. As far as calculations
are concerned, the two definitions are the same. The difference is conceptual. The Banach
adjoint is between dual spaces rather than the original spaces. For Hilbert spaces, the
Hilbert adjoint is the Banach adjoint if we identify the dual space with the original space
viaw(.) := (w, .). The advantage of Definition 4.30 is that we can now compose an operator
and its adjoint by AAT or ATA. Note that this would not make sense for Banach adjoints. In
addition, we can make sense of the concept of “self-adjoint” operators. This has far reaching
implications as we will see below.

Another feature of the Hilbert adjoint is that taking the adjoint twice yields back the

same operator (A]L)Jr =A Let A: V- W, so At : W — V, and then A'T: V — W with the
requirement

Yo eV, Yw € W, <ATw, v> = (w, Av)y & <v, ATw> = (Av, w)y,

\% \%

which follows by symmetry of the inner product. The last equation says that A is the adjoint
of At as claimed.
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Remark 4.31. The fact that AT = A means that in calculations, we can move operators
freely to either side of the inner product by taking adjoints, e.g.

(Aw, v) = <w, ATv>.

This would not make sense in a Banach space since v is a vector, and At acts on functionals,
so the action Afv would not make sense.

Example 4.32. Define the right-shift operator S, on £2(N) by
S, (ug,ug,...) == (0,ug,ug,...).
Now calculate its adjoint using the requirement (4.36)
<Sjv, uy = (v, Su)
<S;fv, (ug, uq,-..) > = <(vo,v1,v2, ..) 5 (0yug,ug,...) >
<(v1,v2, o) (ug,u, .. .) > = <(v0,v1,v27 ..) s (0, ug,ug,...) > .

Therefore the adjoint of the right-shift operator is a left-shift operator S; = SI that drops
the leftmost element of the sequence

S (ug,u,...) = (ug,ug,...). [ |

Example 4.33. Consider the following problem from linear systems theory where a linear
system with an input u is given

#(t) = Az(t) + Bu(t), te€0,7], z(t) € R", u(t) e R™, z(0)=0.

The “variations-of-constants” formula says that the solution of the differential equations (with
z(0) = 0) is given by

z(r) = /O TeA<T*t>Bu<t) dt = R(u), (4.37)

where the integral defines the so-called reachability operator R. If we choose L2, [0, 7] as the
Hilbert space for u, then R : L2[0, 7] — R™ is a bounded operator which describes how a signal
{u(t); t € [0, 7]} is mapped to the state z(7) € R™ at time 7.

The adjoint is an operator R : R™ — L2, [0, 7] which takes a vector to a function, and can
be calculated as follows

(v, R(u))
v / AT ) dt — / " (RN) (1) ult) dt
0

0

/O i (B*eA“T*t)v)* u(t) dt = /O ' (Rv)"(t) u(t) dt.

<RTU , u>

Since this equality must hold for all u € L2 [0, 7], the two functions of ¢ are equal
(RTv)(t) = Brer (779 o, (4.38)

Thus the adjoint RT takes a vector v € R™, and then produces a vector-valued function of ¢ by
multiplying v with the matrix-valued functions B*e? (T=%) of ¢.
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Example 4.34. Let {vi} be an orthonormal basis in a Hilbert space V. Every element u € V
has a unique expansion u = Y -, ayvg. Define the mapping A : V. — (*(N) by u — «a :=
(ag, @, ...). This mapping takes a vector in V to the sequence of the coefficients of its basis
representation. Parseval's theorem implies this is an isometric isomorphism from V to /2(N). In
fact, calculating the adjoint in this case is basically the Plancherel identity (Theorem 3.15) since

- (413, u), = (8, Au)
sZEeogrl o Le (a8uy = (5, 0)e - SR B
w =Y A & )y = Tty S

where the last statement is the Plancherel identity. Thus AT3 = w, i.e. it takes a sequence in
£? and forms an element in V by using this sequence as coefficients of the basis expansion. Note
that A does the opposite operation, but taking an element in V and finding its basis coefficients.
Note that in this example

AT =AY and, [[Aufe = ully,
i.e. the operator A is an isometry.
Operators whose inverses are their adjoints have the following special property.

Lemma 4.35. If the inverse of an operator A on a Hilbert space is equal to its adjoint, i.e.
AYA = AAT =1, then A and A" are isometries. Such operators are called unitary.

The proof is the very simple calculation

[Aul? = (Au, Au) = (AATu, u)
(u, AVAu) = (u,u) = |lul

(uyu) = [luf?

or

Another very special class of operators is the following.

Definition 4.36. An operator A : V — V on a Hilbert space V is called self adjoint if
At = A,

One way to immediately generate self-adjoint operators is to compose any operator with
its adjoint since

(44t = (ahfat = a4t

Thus for any operator A, the compositions AAT and AT A are both self adjoint. Self-adjoint
operators have extremely useful properties, many of which are related to their eigenvectors.
Those will be covered in Chapter 5. For now we list two other highlights.

Lemma 4.37. If A:V — V is a self-adjoint operator on a Hilbert space, then
1. For anyv €V, (v, Av) € R.
2. Al = supj, <1 (v, Av).

Note that for a Hilbert space over complex scalars, the inner product (v, Av) can be a
complex number. For self-adjoint operators however, it is guaranteed to be a real number.
The second clause should be compared to formula (4.30) [|Al| = sup,, , (w, Av), which
requires maximization over two parameters w and v. If A is self adjoint, then we have the
simpler maximization over a single parameter v.
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Proof. Of Lemma 4.37. The complex-conjugate symmetry of the inner product says (w , v)* =
(v, w). Therefore

(v, Av)" = (Av,v) = <v,ATv> = (v, Av),

where the last equality is due to AT = A. Thus the number (v, Av) must be real.
For the second clause, we need to compare the two quantities

vl <1 llul <1,[lw][<1

ci= swp (v, A < sup  |(w, Au)| = |A]. (4.39)

Cleary ¢ < ||A]| since ¢ is a maximization of the same quantity over a smaller set. We need
to show the opposite inequality. If we can express (w, Av) using terms of the form (v, Av),
then we can make a comparison. Observe the following algebraic identity

<(u—|—w),A(u+w)>—<(u—w),A(u—w)>: 2(w, Au) + 2 (u, Aw)
= 2(w, Au) + 2 (Aw, u)
= 2(w, Au) +2{w, Au)* = 4 R((w, Au))

The left hand side is in a form that can be bounded by the constant ¢
’<(u+w), A(u+w)> — <(u —w), Alu— w)>|

< [t w), At w)] + (=), Aw—w))| < e(utwlP+u—w]P)
= 2 (Jull? + ]

where the last equality is the parallelogram law. This together with the algebraic identity
gives R((w, Av)) < (¢/2) (Jlul|® + [|w]|?). It then follows (Exercise 4.4) that

[(w, Av)| < (¢/2) (Jlull® + [[w]?) -

We can now compare the two maximization problems

c
1Al = sup  [(w, Au)| < sup o ([Jul® + wl?) < e
lull<1,flwli<1 lull<1flwl[<1
finally implying that [|Al| = ¢ := sup,<; (v, Av). O
To appreciate that [|Al| = supj,j<; (v, Av) may not be true in general, consider the

90° counterclockwise rotation matrix in R?
0 -1 9
A = 1 0 = Yv e R R <U,AU>:7’01U2+U2’01:0,

since (by design) Av is orthogonal to v. However, A is an isometry, so ||A]| = 1, and we
have a large gap in the inequality (4.39).

For any operator A, the composition AAT is not only self adjoint, but many properties
of the original operator A can be deduced from those of AA" or ATA. The following is one
example.

Lemma 4.38. If A:V — W is a bounded operator on Hilbert spaces, then

JAI? = ||aAT| = |AT4].
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Proof. This is a quick application of the previous Lemma 4.37. Since AT A is self adjoint,
its norm can be calculated from the “single parameter” maximization problem

HATAH = sup (v, ATAv) = sup (Av, Av) = sup [|[Av|® = [|A4]> O

vl <1 vl <1 lloll<1

This fact can be immensely useful. Suppose A : V — R™, and V is an infinite-dimensional
space. Calculating ||A|| directly from the definition is generally difficult and one must resort
to approximation techniques. However, note that AAT : R®* — R™, i.e. a matrix, which
is a finite-dimensional object whose norm calculation is much easier than that of A. Thus
the identity ||A||> = ||AAT|| allows us to convert some infinite-dimensional problems to
finite-dimensional ones.

The lemma also highlights the special relationship between an operator and its adjoint.
Suppose B is any other operator where the composition AB makes sense, and ||B|| = || 4]|.
Submultiplicativity implies

IABI < [lAIIIBI = [Al Al = [lA]*.

Thus in general, we only have the inequality || AB|| < ||A||?>. Composition with the adjoint is
very special since we have equality in this inequality. Intuitively, one can say that the norm
of A is not “reduced” by composing it with its adjoint. Other, similarly special, properties
of the composition with the adjoint will be explored in the next section.

4.5 The Four Fundamental Subspaces

An operator and its adjoint each have image and null spaces, and there are easily established,
but fundamental, relations between them. Let A : V; — Vo and At : V4 — VI as shown in
Figure 4.6 and examine each of their null and image spaces.

First begin with Im(A) and Nu(AJf)7 which are illustrated on the right side of Figure 4.6

Welm(A)L & Yo e Vi, (w, Av) =0 & Yo € Vq, <ATW,’U>=O
& Alw =0, ie we Nu(AT) ,

which means that Im(A)J‘ = Nu(AT) as depicted in the figure. Now we examine the relation
between Nu(A) and Im(AT) (left side of figure)

v E€Nu(4), ie. Av=0 < VweV; (w,Av)=0 & VweV;], <ATW,U>:0
& UJ_Im(AT).

The last statement means that every element of Im(AT) is orthogonal to all of Nu(A), i.e.
Im(AT) C Nu(A)J‘, but it does not necessarily imply the opposite containment. One can
say a little bit more. Orthogonal subspaces like Nu(A)J‘ are always closed, so we at least

have Im(AT) C Nu(A)™. However, for the two subspaces to be equal, we need an additional
condition.

Theorem 4.39. Let A : Vi — V3 be a bounded operator between Banach spaces with
AV 1 V5 — Vi its adjoint. Then their null and image spaces are related by

Im(A)" = Nu(AT),
Nu(A)™ D Im(AT), Nu(A)* = Im(A") if Im(A) ds closed.
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Vi Vs
Im (AT)
GG ——
U | -— ¢ Nu(4l)
Af
\2! . Vo
4,
GG — g L
Nu(4) © m(4)

Figure 4.6: Depiction of the four fundamental subspaces. The null and image spaces of A and its adjoint At
have special orthogonality relationships Im(A) L Nu(A'") and Im(AT) L Nu(A). For example, if v € Nu(A),
then 0 = (w, Av) = <A‘Lw, v>, which means Afw, which is in the image of A, is orthogonal to v.

We have already shown all but the last statement of this theorem. We will not give
a proof® of it, but give an example to demonstrate why it is needed. Consider the exam-
ple (3.34) of the operator A := diag(1,1/2,1/3,...) on £}, whose image space was shown not
to be closed. The null space of A is 0, and therefore all of (81)* = (> is Nu(A)J‘. Now since
A is diagonal, its adjoint is also AT = diag(1,1/2,1/3,...) on £*. Any element in Im(AT)
must be a decaying sequence, i.e. in ¢§°, which is the proper, closed subspace of /> made
up of sequences that decay to zero asymptotically. Thus Im(At) = £5° C £°° = Nu(A)L.

If V5 is finite dimensional, then the image of A is closed, and we have equality in the
above theorem. An immediate application of Theorem 4.39 is to the concepts of column
rank and row rank of a matrix.

Definition 4.40. Let A : C™ — C™ be an n x m matriz. Its column rank is the number
of linearly independent columns, or equivalently the dimension of Im(A). Its row rank is the
number of linearly independent rows, or equivalently the dimension of Im(A*).

Now recall the Rank-Nullity Theorem 1.41 which in this case relates the dimensions of
the null and image spaces of A and A* to the dimensions of their domains

m = dim(C™) = dim(Nu(A)) +dim(Im(4)) = nl(A4) +rk(4), (4.40)
n = dim(C") = dim(Nu(A*)) +dim(Im(A*)) = nl(A*) 4+ rk(A"). (4.41)

These relations, together with the orthogonality relations of Theorem 4.39, allow us to count
dimensions and prove the following fact.

Lemma 4.41. For any matriz, its column rank equals its row rank.
Proof. As already mentioned, let’s count dimensions. Theorem 4.39 says
Nu(A)" =Im(4A*) = C™=Nu(4d)®Im(4*) = m=nl(A)+rk(4*) (4.42)

Combining this with (4.40) gives rk(A) = rk(A4*). O

5The proof requires the Bounded Inverse Theorem 3.34.
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.
_—

Figure 4.7: A graphical depiction of the four fundamental subspaces of an operator between Hilbert spaces.
Each subspace is depicted as a square, and orthogonal complements are depicted as being at right angles to
each other.

In addition, combining (4.42) with (4.41) gives a relation between the null spaces
nl(A) —nl(A*) = m—n.

The null space of A* is sometimes called the left null space of A. This relation says that for
square matrices (n = m), the dimensions of the left and right null spaces are equal. For
non-square matrices, the difference in dimensions of the null spaces is precisely the difference
between the numbers of rows and columns.

The Four Subspaces in Hilbert Space

In Hilbert space, the picture of the four subspaces is somewhat simplified since we can now
think about orthogonal complements in the same space.

Theorem 4.42. Let A : Vi — Vy be a bounded operator between Hilbert spaces with At
Vo — V7 its Hilbert adjoint. Then their null and image spaces are related by

Im(A)* = Nu(A) = Im(AD)" = Nu(4), (4.43)

Nu(4)* = Im(AT) & Nu(AT)" = Tm(A). (4.44)

A good way to remember the closures above is that Null spaces of bounded operators are
always closed, so Nu(AT) = Nu(Af). An orthogonal complement is also always closed, so

Nu(A)" must be a closed subspace, thus taking the closure Im(AT).

Proof. The equivalences in (4.43) and (4.44) follow by replacing A with AT and recalling
that AT = A, e.g.

for any operator A, Im(A)* = Nu(AT) = Im(AT)l = Nu(A™) = Nu(4).

The first statement in (4.43) is the same as that in Theorem 4.39. The second state-
ment (4.44) follows from the first by recalling that for any subspace S C V, we have S*+ =S
(Lemma 3.24). Therefore

)" = Im(AT). O

1
Nu(A) = Im(AT) = Nu(A)" = Im(AJr
The theorem is depicted graphically in Figure 4.7. These orthogonality relations have
many consequences, and we now describe one of the important ones about the relationships
between the image and null spaces of the compositions AAT and ATA. To provide a larger
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Im(A) //_,.»"‘”— Im(B) e

Im(AB) o<

IS

A B Nu(B)
W — V] 4 U

(a) When two operators A and B are composed as AB, the null space of B is contained in that of
AB (shown in red). If a vector is nulled by B, it must also be nulled by AB, thus the containment
Nu(B) € Nu(AB). On the other hand, any element w = ABwu in the image space of AB must also be
in the image space of A since w = A(Bu), thus the containment Im(AB) C Im(A). The containments
may be strict. If an element is mapped to a non-zero element in Im(B) N Nu(A) (shown as the dashed
red arrow), then it is in Nu(AB), but not in Nu(B). Similarly, an element not in Im(B) is mapped to
Im(A) but not in Im(AB) (shown as the dashed blue arrow), for otherwise it would have been in Im(B).

Im(AAT) = Im(A) Im(AT) Nu(AAT) = Nu(AT)

AVl

x;"\“““

v

A Nu(A) A‘
W — Vv 4 W

(b) When an operator is composed with its adjoint the strict containment situation described in part
(a) above cannot occur since Nu(A) L Im(AL>. Nothing in Im(AT) can be nulled by A.

Figure 4.8: Depiction of null and image spaces containments for operator compositions. When an operator
is composed with its adjoint, the geometry becomes very special and we get the above equalities of spaces
as described in Lemma 4.43.

context consider the composition AB of two operators U v 4w depicted in Fig-
ure 4.8a. The null spaces of B and AB are in U, while the image spaces of A and AB are
in W. The subspaces obey the following containment relations

weNu(B) = ABu=A0=0 = ucNu(AB) = |Nu(B)C Nu(AB)]
welm(AB) = Ju, w=ABu = Fv(v=Bu), w=Av = welm(4)
= Im(AB) C Im(4)]

Figure 4.8a illustrates these relations and gives an example of how these containments can
be strict. A non-zero element v = Bu which is in Im(B), but happens to be in Nu(A4) will
have 0 = Av = ABu. Thus u ¢ Nu(B), but u € Nu(AB). An example is also shown for
strict containment of the image spaces.

Now if we compose an operator with its adjoint, say AAT, the situation just described
can not happen since Im(A") L Nu(A) (see Figure 4.8b), which can be interpreted as saying
that nothing in the image space of At can be nulled by A, so we have an unobstructed “pass
through” by A. The precise statement is as follows.

Lemma 4.43. Let A:V — W be a bounded operator between Hilbert spaces. Then

Im(AAT) = Im(A) & Im(ATA) = Im(AT)
Nu(AAT) = Nu(AT) & Nu(ATA) = Nu(A)

Note that the equivalences follow by replacing A by AL.
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Proof. The proof is illustrated in Figure 4.8b. Consider Im(AAT) = Im(A) first. Let w = Av
be in Im(A), and consider the orthogonal decomposition of v € V

'U:'U1+U27

v € Im(AT) = Ju, v = Afu
vg € Nu(4) = Auvy=0

= w= Av = Avy + Avy = Avy = AATy = welm(AAT).

For the null spaces, suppose u € W is such that AATu = 0. Consider v := Afu, then
Av = 0 and therefore v € Im(AT) N Nu(A) = 0. This means Nu(AAT) C Nu(AT), and since
Nu(AT) - Nu(AAT) always, the two subspaces must be equal. O

The preceding lemma should be considered in concert with Lemma 4.38, which stated
that ||AAT|| = || A||||AT|| = ||A[|?. This last statement was compared with the generally valid
bound ||AB|| < ||Al|||B||, and the comment was made that composing with the adjoint does
not “reduce” the norm. Lemma 4.43 is similar in spirit. When composing an operator with
its adjoint, null and image spaces are not “distorted”.

Operators like AA" or AT A are sometimes called “Grammians” and occur in many prob-
lems that involve solvability of linear equations exactly or approximately. The next set of
examples highlight this. They can all be described as “least-squares problems” in Hilbert
space.

Least-Squares Problems in Hilbert Space

Example 4.44. Given an overdetermined linear system of equations like Ax = b where the
dimension of b is higher (perhaps infinite) than that of z. In this case, exact solutions generally
do not exist, and a typical approach is to try to find a solution that minimizes the equation error
||[Az — b]|, i.e.

inf || Az — b]|.

If this problem is set up in Hilbert spaces with A : V — W, then it is really a minimum distance
to a subspace problem

inf||[Az —b|| = inf J|ly—0b] = inf |y —0|.
ofAr bl = inf y bl = oty 0]

If Im(A) is closed, a solution exists and the projection theorem says that the optimal error § — b
must be orthogonal to the subspace, i.e. (§ —b) € Im(A)". We know that Im(A)" = Nu(AT),
therefore the optimal error satisfies

Al(G—b) = 0
If Im(A) is closed, there exists T such that AT = §. Putting this all together gives
AT (AZ —b) =0 = ATAz = A'b (4.45)
= z= (ATA)_l ATb. (if ATA invertible)

The last expression is precisely the Moore-Penrose pseudo-inverse formula for the solution of
overdetermined least squares problems. The equation (4.45) is a necessary condition for opti-
mality of Z regardless of whether At A is invertible or not.

Example 4.45. Now consider an operator A : V. — W between Hilbert spaces, and the
underdetermined system Az = b where the dimension of z is higher (possibly infinite) than that
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of b. Such equations generally have many solutions parameterized by the null space of A. One
approach is to seek a solution of minimum norm

inf ||z
=b

3

Since the set {z; Az = b} is an affine space, this is minimum distance problem from zero to
the an affine space. The projection theorem gives the answer that the optimal solution® Z must
be orthogonal to the affine space, i.e. orthogonal to Nu(A)

z € Nu(A)" = Im(AT) = T = Alv, v e W. (4.46)

If we substitute this last condition in the “constraint”

AAty = b
7 — z— At
Az =band z = Alv = { 5 — At (4.47)
= z=AT (44D (if AAT invertible)

Again, (4.47) is a necessary condition for optimality, while the last expression is the Moore-
Penrose pseudo-inverse formula. We note that in some derivations, the vector v in (4.47) is
introduced as a Lagrange multiplier.

Example 4.46. Consider again the linear system of Example 4.33
z(t) = Az(t) + Bu(t), te[0,7], z(t) € R", u(t) € R™.

The “reachability problem” is the following. Given a “target state "Z € R", does there exist
an input signal ujg ) := {u(t); t € [0,7]} such that the solution of the system starting from
2(0) = 0 satisfies 2:(T) = Z? i.e. can the target state T be “reached” from the zero state by
applying an input over the time interval [0, T].

Recall the “reachability operator” R : L2,[0, 7] — R™ defined by the variations of constant
formula (4.37)

T
2(r) = / ACOB u(t) dt = R (u).
0
In terms of this operator, the reachability problem is feasible iff T € Im(R). This is an
infinite-dimensional problem, but since Im(R) = Im(RRT), and the adjoint maps from a finite-
dimensional space RT : R™ — L2 [0, 7], then the composition RR' : R® — R" is a matrix, and
we can reduce this problem to a finite-dimensional one!

The adjoint R' has already been calculated in (4.38). To calculate the composition RRT,
let it act on a vector v

T
RRIv = R (RMv) :/ AT B (B*eA*(T_t)v) dt (from (4.38))
0
T T
= (/ eAT—t) pR*eAT(T—1) dt) v = (/ eATBB* AT dt) v
0 0
= W,

where the expression is simplified by the change of integration variable 7 := 7 — ¢.
The n x n matrix W, := RR' is known as the “reachability Grammian” (over the time
horizon [0,7]). The fact that Im(R) = Im(RR') says that any target states z € R" is

61f A is a bounded operator, then the affine space {z; Az = b} is a translation of Nu(A). Tt is therefore
closed, and a unique solution to the minimum distance problem exists.
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reachable from zero iff the reachability Grammian W, := RR' is full rank. We can in fact say
more. Note that this is an underdetermined linear problem in the sense of Example 4.45, and
therefore the optimal (minimum L2 norm) input 4 is given by

-1 _

u = RT(RRY) "z
=  a(t) = BV wols, t e 0,1]. (4.48)

Note that W1z € R™ is a vector, and therefore this formula gives the optimal input as linear
combinations of the entries of the matrix-valued function B*e? (T~ of ¢.

The calculation (4.48) of optimal inputs is ultimately a consequence of the projection theo-
rem. When adjoint calculations can be made, explicit expressions for optimal solutions like (4.48)
can be obtained.

4.6 Geometric Interpretations of Adjoints

In a Hilbert space, any functional is represented by a vector in the same space and this
enables geometric interpretations such as orthogonality and alignment in terms of vectors.
In a Banach space, it is possible to give functionals a geometric interpretation in terms of
objects in the primal, rather than the dual space. The key idea is that (after a normalization)
each functional is associated with a hyperplane, i.e. a co-dimension 1 subspace. First, some
terminology.

Definition 4.47. Let S C V be a subspace of a vector space V. Any coset v+ S of S is
called an affine space. The dimension of V/S is called the co-dimension of the affine space
v+ S. An affine space of co-dimension 1 is called a hyperplane.

Linear functionals and the notion of duality is more general than that for an inner
product space, and can be defined for any vector space without an inner product. Inner
products however make it easy to visualize linear functionals since any linear functional is
expressed as the inner product with a particular vector. A natural question is whether there
is a similar geometrical view of linear functionals without inner products. Figure 4.9 depicts
such a visualization using level sets.

For any linear functional w : V — R and any real number «, the a-level set SYY of w is

Sy = {veV; (w,v)=a}.

Note that with this terminology, the null space is the 0-level set (Nu(w) = S). Level sets of
different levels are disjoint, and each element of V belongs to one and only one level set. All
level sets are co-sets of the Null space Sj, and therefore the set of all level sets is isomorphic
to the quotient space V/Nu(w). Recall (Figure 1.9 of Chapter 1) that the quotient space is
isomorphic to the image V/Nu(w) ~ Im(w) = R, which in this case is just R (unless w is the
zero functional). Therefore each level set of a functional is a co-dimension 1 affine space,
i.e. a hyperplane.

Figure 4.9 depicts a visualization of functionals. The level sets of each functional form
a family of parallel hyperplanes in V. The value of w(v) is determined by which level set
the vector v is in. In an inner product space V, the functional w is represented by an
inner product with a particular element w € V, i.e. w(v) = (w, v), and thus the level-sets
hyperplanes are all orthogonal to the vector w. In a vector space which is not an inner-
product space, the functional w can not in general be represented by a vector in V. However,
its level sets are in V, and can thus provide a visualization of w using objects (the level sets)
that are in V.
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\% V*
w W2

/ \/VWI

Figure 4.9: (Left) A linear functional w : V — R can be visualized in V using its level sets, shown here
labeled with integer level values. The level sets are hyperplanes (translates of a co-dimension-1 subspace)
in V. If V is an inner-product space, the functional w can be represented by a vector w € V (shown as the
dashed arrow) so that w(v) = (w, v). (Right) Note that the longer a vector w € V* is, the tighter is the
spacing between its level sets.

- | - =
A
>
<’ vz (w,ve) =1}
Afw, “\
d ~
[ 4 W e
. -—
Vv {or; (ATw,01) =1} Af o Vs

Figure 4.10: Geometric interpretation of the adjoint Af. Each linear functional is identified with its unit
hyperplane. The inverse image of the hyperplane of w € V3 is precisely the hyperplane of Afw € Vi. In
other words, if A is viewed as mapping hyperplanes to hyperplanes (i.e. as sets), then At is the inverse of
A viewed as mapping hyperplane sets (but not the inverse as mapping individual elements).

The interpretation of functionals as hyperplanes makes it possible to give a geometric
interpretation to the operator adjoint as well. Let w be a functional on a Banach space V,
and consider the hyperplane which is the 1-level set”

SV o= {veV; (w,v)=1}.

We will call SV the unit hyperplane of w. FEach functional in w € V* is uniquely identified with
its unit hyperplane. Since adjoints map functionals to functionals, we can give geometric
interpretations to adjoints by understanding how they map hyperplanes to hyperplanes.
This is illustrated in Figure 4.10. Let A : V1 — V3 be a bounded operator, and let w € V3
be a linear functional on V5. Its unit hyperplane is the set

SV = {Uz € Vy; (w, v) :1}.
The inverse image under A of this set is
{’Ul € Vl; <W, A’Ul> = 1} = {Ul S V1; <ATW, ’U1> = 1} = SATW,

i.e. the unit hyperplane of the functional Afw € V3.

This has an interesting interpretation as depicted in Figure 4.10 in the case when A is
invertible. The operator A : Vi — V5 maps hyperplanes in V; to hyperplanes in V. It can
therefore be also viewed as mapping hyperplane sets to hyperplane sets. The adjoint AT also
maps hyperplane sets to hyperplane sets, and as such “set mappings”, Af is the inverse of
A. They are however not inverses as mappings of individual elements of the vector spaces.

"The number 1 is chosen arbitrarily here. We could choose any other number o provided we use the
same level for all functionals.
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Appendix

4.A Riesz Lemma

In R™, any proper subspace has non-zero vectors orthogonal to it. In fact, any hyperplane
passing through the origin (co-dimension 1 subspace) is uniquely determined by the direc-
tion of a vector perpendicular to it. Thus there is a one-to-one correspondence between
hyperplanes and (unit-length) vectors, and this facilitates working with hyperplanes. Now
let S be a proper, closed subspace of a Hilbert space V. How do we construct a vector e € V
orthogonal to S? Well, since S has an orthogonal complement, we can simply pick any vector
in S*. However, we will instead use an argument illustrated in Figure 4.11 that generalizes
to Banach spaces. We first note another equivalent characterization of orthogonality to a
subspace in a Hilbert space.

Lemma 4.48. Let S C V be a subspace of an inner product space V. For any vector e € V
YVweS, (e,w) =0 (i.e. e LS) (4.49)

& YweS, lle—wl| > |e (4.50)
Proof. The direction (=) is immediate by Pythagoras. Since w and e are orthogonal,

lle — w||? = |le||* + ||w||?, and therefore |le|| is a lower bound on ||e — w]| for all choices of
w € S. For the converse (<), note that |je — w| > |le|]| implies that

le—wl* = (e—w,e—w) = [le]* +[w]* = 2(e, w) > |
= |lwl|> > 2(e, w).
Now replace w € S in the last expression by any scaling of it aw € S and observe
lawl® > 2(e, aw) & a¥w|® = 2]al (e, w) & ol |ul* > 2 (e, w).
The only way this inequality holds for all @ € R is if (e, w) = 0. Therefore e L S. O

The interesting feature of the above lemma is that the criterion (4.49) is only applicable
in an inner product space, but the criterion (4.50) is applicable in any normed space. We
can therefore attempt to use the latter to characterize a type of “orthogonality” in a normed
space without an inner product. This is the context of the Riesz lemma.

Lemma 4.49 (Riesz Lemma). Let S C V be a closed proper subspace of a Banach space V.
Then for any € > 0, there exists a vector e such that

Vyes, lle—yll > (1=elel (4.51)
If V is reflexive, € = 0 can be taken in the above.

Before proving this theorem, we give some geometrical intuition. Since S C V is a proper
closed subspace, then there exists v ¢ S. In a Hilbert space, we can use the orthogonal
projection T of v onto S (see Figure 4.11a), and recall that Z solves the minimum distance
problem

inf o — 2l = v -l
z€S

The projection theorem states that e := v — Z is orthogonal to all of S. To generalize this
to Banach spaces, the key is not to use an orthogonal projection (which is not applicable),
but rather the minimum distance problem itself. The infimum of this problem may not be
achieved, but we can always construct “almost solutions” and those will provide “almost
orthogonal” vectors in the sense of criterion (4.50).
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v
Ve ) le == v-z| > d(v,S) — et
e =0V —2 y
€ i d ( v, S)
S |
|
z @
Xz
0 0 S
(a) in a Hilbert space, we can take any (b) In a Banach space, we can take any vector v ¢ S, but then for any
vector v ¢ S, project v onto S, and ob- €, we can always find a vector Z such that |le|| = ||v — Z|| is slightly
tain e := v — Z := v — IIv. The vector e larger than the distance d(v,S). This vector has the property that
is then orthogonal to the subspace S. for any w € S, |le — w|| > (1 — €)|le||, and this can be interpreted as

“almost orthogonality”.

Figure 4.11: Find a vector that is orthogonal in a Hilbert space to a closed, proper subspace S, as well as
finding a vector that has an “almost orthogonal” property in a Banach space (Riesz Lemma 4.49).

Proof. Since S is a closed, proper subspace, there exists a vector v ¢ S. Consider the
minimum distance problem to v, for which a minimum may not exist, but for any § > 0 we
can find Z € S such that (see Figure 4.11b)

lv—2z|| < d(v,S)+ 4, d(v,S) = Hg [lv —z|. (4.52)
The “error vector” e := v — T provides the answer since for any y € S
le—yl _ lw=2)—yll 2 lv-(@+yl 2 _d@©5)
[lell lo— 2| d(v,S)+4d = d(v,S)+0’

1 2
where > follows from (4.52), and > follows from (Z 4+ y) € S. Finally, given € > 0, choose
0 > 0 such that

d(v,S)

e—y
d(v,S)+0 2 e

> (1 -— = Ji
= el

> (1—e). O

Exercises

Exercise 4.1

Show by a similar argument to that of Example 4.6 that the dual of R} is R” . More
generally, show by using the Minkowski inequality that for 1/p+1/q = 1, the dual of R} is
R”.

q

Exercise 4.2

Show by counterexample that setting w§(z) = 0 in the one step extension (4.25) in the
proof of the Hahn-Banach theorem does not work. Take R? with the ||.[|s norm. Consider
the horizontal axis as S and w(z1,0) = z1, so the norm of w restricted to the horizontal
axis is 1. If z = (1,1) is chosen, show that the extension with w{(x) = 0 will actually have
el = 2.

Exercise 4.3

Show that for a Banach space V, if V* is separable, then so is V.
Hint: Take a countable dense set {wy} in the unit sphere of V*. For each functional, find
vg € V such that wi(vy) > 1/2. Show that the span of {vi} is dense in V.
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Exercise 4.4

In a vector space over the complex scalars, suppose [w,u] is any bilinear complex-valued
form on two vectors w and u. Show that

R(uo) < f(lullol) = |fwel] < 7 (lullol).

where f is any function of two real variables.
Hint: Try “rotating” the vector v to e?%v.
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Chapter 5

Eigenvectors, Invariant Subspaces and
the Spectrum

Finding a subspace that is invariant to a matrixz or an operator enables a decomposition of the
operator into simpler pieces. The simplest invariant subspaces are spanned by eigenvectors,
and those are one-dimensional invariant subspaces. A matriz or operator whose eigenvectors
span the entire space are diagonalizable. When this is not possible, higher dimensional
invariant subspaces lead to the Jordan form for matrices. For general operators, the concept
of eigenvalues is generalized to that of the spectrum which is a subset of the complex plane.
The resolvent of an operator is an operator-valued function on the complex plane. The
behavior of this function encodes many of the properties of the operator.

Introduction

You have probably heard that an eigenvector v of a (square) matrix A is such that Av = \v
for some (possibly) complex number A, which we call its corresponding eigenvalue. Geo-
metrically, this means that when A acts on the vector v, it does not rotate or change its
direction, but simply scales it by A.

It is important to notice that eigenvectors are not uniquely defined because if v is an
eigenvector, then so is any non-zero scaling awv of it since A(av) = adv =a v = A(av).
Thus it maybe more accurate to speak of an “eigendirection” or to say that the one-
dimensional subspace span{v} is A-invariant, i.e.

A (span{v}) C span{v}, (5.1)

where A (span{v}) is the image of the one-dimensional subspace span{v} (as a set) when
acted on by A. The image of a subspace is also a subspaces of dimension no larger than
the original subspace, so A (span{v}) is either of dimension 1 (in which case A (span{v}) =
span{v}) or 0.

The statement (5.1) is equivalent to Av = Av, but can be generalized to higher dimen-
sional spaces, where we say that a subspace S is A-invariant if

AS C S.
Eigenvectors (or more accurately their spans) are one-dimensional invariant subspaces. How-

ever, other types of (higher dimensional) invariant subspaces are useful because they allow
for decomposing the matrix or operator into simpler forms as we will see in the next section.
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Yet another way understand the relation Av = A\v is to rewrite it equivalently as
(M —-A)yv = 0.

Thus for a matrix, A is an eigenvalue iff (A — A) is singular, and all the corresponding
eigenvectors are the null space of (A — A). We can therefore think of Ra()\) := (M — A)~!
as a function defined everywhere on the complex plane except at the eigenvalues of A. This
function is called the resolvent of A and its behavior (as a function) says much more about
the operator A than its eigenvalues. For operators, the spectrum is the set of points in the
complex plane where R4(.) is not a bounded operator, and can be either isolated points or
other types of sets.

5.1 Invariant Subspaces and Eigenvectors

FEigenvalues and invariant subspaces are defined only for square matrices, or more generally
operators between a vector space and itself. The simplest square matrices to study are the
diagonal matrices since they are basically a decoupled system of scalar relations

Y1 al T 1 = a1 2,
y = Ax & = : <
Yn, an, Tn Yn = QGn Tn.
There is another way to see how special diagonal matrices are. Let A = diag(ay,...,a,) be

a diagonal matrix, and consider the n subspaces span{e;} =: E; C R™ that are spanned by
the canonical basis vectors e;

e; = (0,--+,0,1,0,---,0)

1 4’th position = Aei = ase; < 4R C B,

The statement Ae; = a;e; means that when A acts on e;, it returns a vector in the same
direction as e;, but scaled by the factor a;. In other words, A does not change the direction
of e; when it acts on it. Since E; = span{e;} is a one-dimensional subspace, this statement
is equivalent to saying that when A acts on the entire subspace E;, all the resulting vectors
remain in E;. We write this as AE; C E;, and we say that E; is an invariant subspace for A.

Now consider the “next best thing” to a diagonal matrix, namely a block-diagonal matrix.
Consider for example the 3 x 3 matrix A and the canonical vectors

1 20 1 0 0
A= |3 4 0], er= (0], ea=|1|, e3= |0
0 0 5 0 0 1

It is clear that we have Aes = 5e3, so Ej is invariant, but Ae; ¢ E; and Aes ¢ E;. However,
we do have Ae; € E; @ E; and Aey € E; @ Ey (all vectors with zero entries in the third
component), and therefore A (E; ® Ey) C E; ® Es. Thus E; @ E; is an invariant subspace,
but its dimension is higher than 1.

The key insight to take from the previous paragraphs is to actually go in reverse. Given
a not necessarily diagonal (or block-diagonal) matrix, if we can find invariant subspaces,
then we can find a new basis so that the representation in that basis is diagonal (or block
diagonal). This leads to the following fundamental concepts.

Definition 5.1. Consider a linear operator A : V — V on a vector space V.

1. A subspace S CV is called A-invariant if AS C S.
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2. An invariant subspace is called minimal if it does not contain any other invariant
subspaces (other than 0 and itself).

3. An eigenvector of A is a non-zero vector v such that Av = v for some A € C. The
number X\ is called the eigenvalue of A associated with the eigenvector v.

In particular, an eigenvector of A spans a 1-dimensional (and therefore minimal) A-
invariant subspace.

The set of all eigenvectors with eigenvalue A is precisely Nu(AI — A).

The ultimate goal in analysis of any linear operator is to find all of its minimal invariant
subspaces. Once those are found, the operator can be “decomposed” into its simplest
possible form. To illustrate, we begin with the case of square matrices that have a sufficient
number of linearly independent eigenvectors.

Given an n X n matrix A, assume it has n linearly independent eigenvectors

A’UZ' = )\1 Vi, z:17,n (52)

It is an elementary, but powerful observation that these n matrix-vector relations can be
rewritten as the following single matrix equation

L [ A1
vpicivn | = v1-~-vn] & AV =VA, (53)

where V' is a matrix whose columns are the eigenvectors of A, and A is the diagonal matrix
made up of the eigenvalues of A. Equation (5.3) states that V' is the similarity transformation
that diagonalizes A

A = diag(Ay,...,\,) = VAV (5.4)

Note that V' is non-singular since its columns were assumed to be linearly independent. We
have therefore obtained the following criterion for a matrix to be diagonalizable.

Lemma 5.2. Let A be n x n matriz. A is diagonalizable with a similarity transformation
iff it has a full set of eigenvectors, i.e. n linearly independent vectors with Av; = \;jv;,
1=1,...,n.

In this case, the diagonalizing similarity transformation (5.8) V is made up of the eigen-
vectors as its columns, and

VTIAV = diag(A1,..., M)

Higher Dimensional Invariant Subspaces

We now consider invariant subspaces that are of dimension possibly larger than 1 (i.e., they
don’t correspond to eigenvectors). First we point out a very useful observation about the
connection between invariant subspaces and “block-triangular” matrix forms. Let A be
a linear operator on a vector space S. Suppose we find an A-invariant subspace S C V,
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and a complement of it S¢ (S¢ does not itself have to be A-invariant). The decomposition
V =S @S¢ induced a 2 x 2 block partitioning of A as follows

S S
A = [AO“ ﬁu} P — &.
22 Se Sc

The {21}-block is IIscAlg, and must be zero because A maps any vector in S to a vector
whose S component is zero (since A(S;) C S;). Thus having an invariant subspace is
equivalent to finding a representation that is in block-triangular form.

Now we turn to the question of existence of eigenvectors. Not every matrix has a full
set of eigenvectors. We have already seen one extreme example, namely diagonal matrices
where every canonical basis vector e; is an eigenvector. Another extreme example is any
multiple af of the identity, where every vector is an eigenvector! At the other extreme is
the n x n “Jordan block”

A1 A1 1 1

J = IRPURARTE I8 =211,
el BRSNS I :
A Al [0 0

which has e; as an eigenvector with eigenvalue A. This matrix however has no other eigen-
vectors (Exercise 5.2) regardless of its size n! It does however have higher-dimensional
invariant subspaces as can be seen from the following

(516

where we have partitioned .J,, into smaller pieces, and * indicates possibly non-zero entries.
Note that the block-diagonal portions are also Jordan block matrices of dimensions r and
n — r respectively, where 1 < r < n — 1. The “block-upper-triangular” structure of (5.5)
implies that for any such r

J(EIEBEBET) g El@"'@E’m

i.e. that E; &---®E, is a nested sequence of invariant subspace, each of dimension r. Thus,
even though a Jordan block has only one eigenvector, it does have invariant subspaces of
higher dimension, all arranged in a nested sequence. In fact, having a nested sequence of
invariant subspaces implies an “upper-triangular” form.

Theorem 5.3. Let A be a linear operator on a n-dimensional vector space V.
1. A has at least one eigenvector.
2. If S is an A-invariant subspace, then there exists at least one eigenvector of A in S.

3. There exists a basis {v;} of V such that the matriz representation of A in that basis is
upper (or lower) triangular. The eigenvalues of A are the diagonal entries in either
triangular form.

We have already seen from the Jordan block example that a matrix can have only one
eigenvector regardless of the dimension of the matrix. The fact that any matrix must have
at least one eigenvector follows from the fact that any polynomial has (possibly complex)
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roots, and the following construction® of a sequence of vectors from powers of A. Start with
any non-zero vector v € S and consider the set of vectors

{’U,.A’U,.AZU, . ,A"v} )

This is a set of n 4+ 1 vectors in an n-dimensional vector space, so it must be a linearly
dependent set, i.e. there is a non-trivial linear combination such that

0 =avt+aAv+...+a, A" = (apl + a1 A+ ... +a,A")v =: p(A) v.

Let m < n be the integer of the highest nonzero coefficient above. Note that we can always
find a v such that m > 1 (otherwise Av = 0 for all vector v). The polynomial p then has
m roots, and can be factored as p(z) = a;(x — 2z1) - -+ (x — 21n), where {z;} are the zeros of
the polynomial. It then follows (Exercise 5.3) that p(.A) is also factored as

0 =pAv = an(A—2zI)- (A= 2zy]) v

Thus the action of a sequence of matrix products on v produces zero, so that must happen
for some index (call it r) and we have

0= (A—z20) (A= zpg1D) - (A—z,]) v= (A—2zI) w.

w

Therefore w is an eigenvector of A with eigenvalue z;..

It is tempting to think about the preceding construction as a numerical algorithm for
finding eigenvalues/vectors. However, the step of finding the roots of a polynomial given
its coefficients has increasing (with polynomial order, thus with matrix size) sensitivity to
small perturbations in the polynomial’s coefficients, and therefore will not produce reliable
results for large matrices.

The second clause of Theorem 5.3 follows from the first. If S is A-invariant, choose a
subspace S¢ complementary to S, then the decomposition V = S @ S¢ induces an upper
triangular block partitioning of the operator A

A A
0 Al

Now A;; is a linear operator on a finite dimensional vector space S, and therefore has at
least one eigenvector in S.

The final clause of the theorem follows by repeated applications of the above decom-
position. Given A, we find one eigenvector, call it v; with eigenvalue A;, and complete
it to a basis {v1,va,...,v,} of V. The fact that v; is an eigenvector means that it spans
an invariant subspace, and the matrix representation A,, of A in that basis is block upper
triangular

where A, 1 is an (n-1) x (n-1) matrix. Now A,,; has at least one eigenvector as it acts on
the n-1-dimensional subspace span{va,...,v,}, and therefore we can now find a different
basis for that subspace in which A,_; is also block lower triangular. Clearly this process

1This is the construction of a so-called Krylov subspace, and is very common in many problems in linear
algebra (numerical and theoretical) and functional analysis.
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can be repeated until we finally find a basis in which the matrix representation A; of A is
upper triangular

)\1 *
An
It is useful to contrast this conclusion with that of Lemma 5.2. The latter says that an
n X n matrix is diagonalizable iff it has n linearly independent eigenvectors, which is not
always the case for any matrix. However, Theorem 5.3 says that any n X n matrix can be
brought into upper (or lower) triangular form. This very useful form, especially when the
new basis is selected to be orthonormal, is referred to as the Schur form of a matrix.

Geometrically, the fact that any matrix can be brought into the upper triangular form (5.6)
is equivalent to finding n properly nested A-invariant subspaces

0CS1CSC - CS, =V, A(S;) C S (5.7)

In the basis that produces the form (5.6) those nested subspaces are simply the sum of the
canonical subspaces

S, = EE®---dE, = {zeR"; xz(xl,...,a:r,(),...,())}.

Thus Theorem 5.3 is equivalent to the statement that any linear operator on an n-dimensional
space has a sequence of properly nested invariant subspaces (5.7).

Example 5.4. This simple example is useful to summarize the results of this section

M 0:0:i0 0 Sy S,

0 Mi0:0 0 ® &

A= [0 07TXx10 0 |:5—S,,
O RV D VA R e @

0 0:0:i{0 X | S3 Sy

where we assume that \; is distinct from either Ao or As.

S, is a 1-dimensional invariant subspace corresponding to the eigenvalue Ao, and therefore
there is a single eigenvector for Ay. On the other hand S3 is a 2-dimensional invariant
subspace corresponding to the eigenvalue A3. In this case however, there is only a single
eigenvector although the invariant subspace is 2-dimensional (this is a Jordan block of size
2). S; is a 2-dimensional invariant subspace corresponding to the eigenvalue A;. In this
case, every vector in Sy is actually an eigenvector. This happens because the {11}-block of
A'is A\ I, where I is the 2 x 2 identity matrix. Thus S; is an invariant subspace made up of
vectors all of which are eigenvectors for the same eigenvalue. Therefore S; is not a minimal
invariant subspace since it has lower dimensional subspaces that are also invariant. Note
that if we chose another basis for S;, the matrix form above would remain the same, i.e.
we can choose any two linearly independent vectors in S; as a basis, and the matrix form
remains as above.

5.2 The Spectrum of an Operator

In the finite dimensional case, a complex number \ is an eigenvalue of an operator A if
Nu(Al — A) # 0. The fact that A\I — A is not invertible is equivalent to Nu(AI — A) having
non-trivial elements, which are precisely the eigenvectors of A associated with the eigenvalue
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A. In the more general case, the key object will still be the operator A\I — A, but it will
fail to be invertible in several different ways, each of which will characterize a different part
of the spectrum of the operator. To begin with however, we will first formally define and
establish some general properties of the spectrum.

Definition 5.5. Let A :V — V be a (possibly unbounded) operator on a Banach space V.

1. The spectrum X(A) of A is the set of all points A € C such that \I — A is not boundedly
invertible.

The spectral radius |A(A)| is the supremum of the moduli of all points in the spectrum

IAA)] = sup [A].
AEXNA)

2. The resolvent set p(A) of A is the complement of the spectrum, i.e. all A € C such
that (NI — A)~! exists and is a bounded operator on V, thus p(A) = C\ A(A).

The resolvent Ra(.) of A is the function Ra()\) := (M — A)~Y, which is a function
from the resolvent set p(A) C C to the algebra B(V) of all bounded operators on V.

5.2.1 Bounded Operators

In the case of bounded operators, there are some easily established properties of its spectrum
which we briefly cover.

Lemma 5.6. Let A :V — V be a bounded operator on a Banach space V. The spectrum
of A is bounded in the complex plane by its norm. FEquivalently, the spectral radius of an
operator is bounded by its norm

AMa) € {peg Al e AL < Al

This means that the spectrum is confined within the disk of radius || A in the complex plane.
This lemma is an easy consequence of the Neumann series. If A > || 4]|, then ||A/)\|| < 1 and

(M —A) = A(I—A/N)

is boundedly invertible since its Neumann series converges in B(V).

The spectrum of any bounded operator on a Banach space V has certain properties that
follow from understanding the structure of the Banach algebra B(V) of all bounded operators
on V. The first important property is that the set of all invertible elements in B(V) is open.
In other words, given A invertible, then A+ A is invertible for all “perturbations” such that
[IA|l < € for sufficiently small norm e. This is again a consequence of the Neumann series
formula which implies

Ainvertible in B(V) = A+A=A(I+A'A)

Al < = |AatAll < A7 1Al <1

1
[

- oo = i

Thus for all A € B(V) with [|A|| < 1/|[A7!||, the element A+ A is invertible with the above
bound on the norm of its inverse. We now state this together with other corollaries.
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Lemma 5.7. Let B(V) be the Banach algebra of all bounded linear operators on the Banach
space V. Given any A € B(V)

1. If A is invertible in B(V), then for any A € B(V) with |Al| < 1/||A7Y||, the operator
A+ A is invertible in B(V) with norm bound ||(A+ A)7] < 1/(1 —||AJ[||[A7L]).

Thus the set of invertible elements is open in B(V).
2. The resolvent set p(A) of A is an open set in C.
3. The spectrum A(A) of A is closed in C.

The second clause follows from the first by observing that if X is in the resolvent set,
then Al — A is an invertible element, and for A = A + ¢

M—-A=A+e)l—-A = (M—A) + el

Since ||eI|| = |e|, then the first clause implies that AI — A is boundedly invertible for all

le] < 1/] (M — A)_l |I. The last clause follows from the second since the spectrum is the
complement of the resolvent set, and is therefore closed in C.

The next characterization is the same as the matrix case. If we know the spectrum of
an operator, we also know the spectrum of its powers and its inverse (if it exists).

Lemma 5.8. Given a bounded operator A : V — V on a Banach space V with spectrum
A(A) CC. Then

AA™) = (A4)", and AATH = 1/A(4),
if A is invertible in B(V).

The first statement is the subject of Exercise 5.5. For the second statement, if A is invertible,
then 0 ¢ A(A), and rewrite

(M —A) = x(A'=XTD)A

Then (A — A) is boundedly invertible iff (\=*] — A~!) is boundedly invertible. Thus X €
A(A)iff A7 e )\(A_l).

We note that this lemma is a special case of the so-called spectral mapping theorem,
which says that A(f(A4)) = (A(A)) for any function f analytic in a neighborhood of the
spectrum of A. In the lemma above, the functions f(x) := 2™ are analytic everywhere, and
thus the spectral mapping works for any operator. For the case of f(x) = 1/x, this function
is analytic outside of = 0, and we assumed that A was invertible, so the spectrum of A (a
closed set) does not contain the point A = 0.

5.2.2 The Components of the Spectrum

Before we give the formal definitions, it will be useful to categorize the different ways an
operator can fail to be invertible. Given a bounded operator A : V — V on a Banach space
V, we will be interested in the following three categories.

1. If Nu(A) # 0, then the operator A is not one-to-one, and therefore not invertible.

2. If Nu(A) = 0 but Im(A) # V, then this operator is also not invertible. This case can
be further classified into two possible categories.

(a) Im(A) # V but Im(A) is dense in V. In this case, the inverse A~1 is defined only
on a dense subspace of V, and A~! is an unbounded operator.
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(b) Im(A) #V and Im(A) # V. Thus the closure Im(A) has a non-zero co-dimension
in the space V. In this case, there is no way to define A~".

It is useful to contrast these possibilities with the finite-dimensional case, which is con-
strained by the rank-nullity theorem statement (1.29) dim(Nu(A)) + dim(Im(A4)) = dim(V),
from which we can state that

Nu(A) #0 & Im(A) #£ V.
Thus the three categories listed above collapse to a single category in finite dimensions.

Example 5.9. To understand the different possibilities in the general case, the following
examples are useful. Consider the “bilateral” and “unilateral” shift operators on ¢?(Z) and
¢%(N) respectively

S(oe Uy, Uup,tgy...) = (..., u9,u1,Ug,...),
ST u, ug,u, .. ) = (.., ug,ur, U, ...,
Sr (Uoyur,...) = (0,ug,u1,...), St (ugyury...) = (ur,uz,...).

On (%(Z), S and 8! are the right and left shift operators respectively. They are clearly
inverses of each other. On ¢?(N) on the other hand, S, shifts a sequence to the right and
“pads” with a zero, while S; shifts to the left and discards? the first element ug. The latter
two are not inverses of each other, but we do have §;S, = I, i.e. S, is a right inverse of S;.
Now consider the following observations.

e Note that if S; (ug,u1,...) = (ug,us,...) =(0,0,...), then up, = 0 for k¥ > 1. Thus Nu(S;)
is the one-dimensional subspace span{(1,0,...)}.

e On the other hand Nu(S,) = 0. Note that S, is actually an isometry (||S,v|| = ||v]|), so
clearly its null space is trivial. The same statements hold for S and S-! on £2(Z), i.e. they
are both invertible and are isometries.

e Even though &; has a non-trivial null space, it has a right inverse since §;S,, = I, but not
an actual inverse (again because its null space is not trivial). The fact that it has a right
inverse means that it is onto Im(S;) =V = (2(N).

e Im(S,) is clearly missing the subspace span{(1,0,...)}, which is of dimension one. Thus
Im(S,) # ¢?(N), and is in fact of co-dimension one in /?(N).

The above examples do not exhibit the case where Im(M) is not all of V, but rather dense
in V. We will see this case once we consider \I — S,.. We are now ready to state the formal
definitions.

Definition 5.10. Let A :V — V be a bounded operator on a Banach space V. The spectrum
can be divided into the following disjoint components

1. If Nu(AT — A) # 0, then X is called an eigenvalue of A, and elements of Nu(A — A)
are its associated eigenvectors. The set eigs(A) of eigenvalues of A is a subset of the
spectrum X(A). The set eigs(A) is also called the point spectrum.

2. If Nu(AI — A) =0 and Im(AI — A) £V, but is dense in V, then X is said to belong to
the continuous spectrum A.(A).

2The operators S, and S; are sometimes called “ladder operators”, or “creation” and “annihilation”
operators respectively, since the right shift creates a new empty slot, while the left shift “annihilates” the
left-most element. This terminology reflects the Physicists’ flare for dramatic language and overbearing
metaphors. A more precise interpretation is the given in Exercise 5.7.

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



154 5.2. THE SPECTRUM OF AN OPERATOR

3. If NuA\I —A) = 0 and Im(AI — A) # V, then X is said to belong to the residual
spectrum A,.(A).

Thus the spectrum is the union of the three disjoint sets A(A) = eigs(4) U A.(A4) U A.(4).

The reader should be aware that the above classificationa are not the only possible
ones. There are other categories, or subdivisions®, of the spectrum that may be more
relevant depending on the application. For example, another possible decomposition of the
spectrum is that of the discrete spectrum (which roughly are isolated eigenvalues), and the
remainder. For our purposes, the most important portions are the eigenvalues eigs(A) (the
point spectrum), and the continuous spectrum. We begin with an example of calculating
the points spectrum.

Example 5.11. Consider the left-shift operator S; : £2(N) — ¢2(N). A vector u is in the
null space of \I — S; iff

()\I - Sl) (Uo,ul, AN ) = ()\’LL() - U1,>\’LL1 — Uug,.. ) = (070, . ) .
Thus the components of u satisfy the recursion
Ul = A Ug, t>0.

The solution of this recursion is the sequence u; = ugA, which is in 2 iff |A| < 1. Thus the
open unit disk of the complex plane is the set of eigenvalues (the point spectrum)

eigs(S;)) = {NeC; [N\ <1}.

A natural question now is what about the case when |\| = 1. The vector u; = Atug is no
longer in £2 (it does not decay), but it looks like it “almost” is an eigenvector. This notion
of “almost eignvector/value” is actually how the continuous spectrum can be characterized.
The precise statement is as follows.

Lemma 5.12. A point A\ € C is in the continuous spectrum of an operator A : V — V iff
it is not an eigenvalue, and the minimum modulus o(A — A) = 0. The latter condition is
equivalent to the existence of a sequence {v(k)} of vectors that satisfy either of the following
two conditions

Hv(k)H =c< oo, and H()\I— A) v(k)H e o) (5.8)
U(k)” % o, and H(,\I _ A uWH <e< oo (5.9)

The first condition can be understood intuitively as follows. Although the sequence {v(k)}
is not made up of eigenvectors, and may not even be convergent in V, it “wants to” limit
to an eigenvector since (A — A) v(¥) is limiting to zero (recall that (A\I — A)v = 0 is the
condition for an eigenvector). The difficulty is that usually the sequence is “converging” to
something that is not in V. Before we prove this lemma, we work through an example of
how it can be applied to the left shift operator of Example 5.11,

Example 5.13. Consider the “almost eigenvectors” of Example 5.11, namely the functions
At for [A| = 1, and their truncations

) AL t<k,
uy = { 0, £k (5.10)

3To mention just a few, there is the compression spectrum, the peripheral spectrum, and various species
of the essential spectrum.
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Figure 5.1: For |A\| = 1, the functions {At} are candidates as eigenvectors of the left-shift operator
S; on £2 (N). However, the functions are not square summable, and thus not actual eigenvectors. Their
truncations (5.10) over [0, k] shown above as v(¥) are indeed in £2(N), and satisfy the criterion (5.9) of
Lemma 5.12 for the continuous spectrum. Shown here is Av(*) (in blue), S (in red), and their difference
(M — &) v%) . The norm of v(¥) is vk, and thus grows unboundedly with k, while the norm of (A — &;) v(¥)
remains at 1 for all truncations k. This means that any |A\| = 1 is in the continuous spectrum.

Note that since |\| = 1, the £2(N) norms of these function are Hu(k)H = k. Now consider
the action of A\I —&; on u®) (note that this \ is the same as that in (5.10))

A — AL =0t <k,
((AI—Sl)u(’“)>t =au® — W = L o t=k,
0 t>k.

The result is a function that is zero everywhere except at ¢ = k, and the norm of this
function is 1. See Figure 5.1.

We have thus found a sequence of functions u*) of growing norms such that the action
of A\I — §; on them has bounded norms

Huk)H = Vi 23 o, H()\I—Sl)u(k)H = 1L
This fulfills criterion (5.9) of Lemma 5.12, and thus every |A| = 1 is in the continuous

spectrum of §;. We have so far established that the point spectrum of &; is the open unit
disk, and the continuous spectrum contains the unit circle. Are there other portions of
the spectrum that we missed? The answer is no. Recall that the spectrum is a closed set
bounded by the operator norm, which in this case is ||S;|| = 1, thus the entire spectrum
must be contained in the closed unit disk. We can finally conclude

)\(Sl) = eigs(Sl) U AC(Sl)
Il Il Il
{A=1} = {]Al<1} u {[Al=1}

We established that A.(S;) C {|A] = 1}, but those two sets are equal because the whole
spectrum must be contained in the closed unit disk. Note that we have also shown that the
residual spectrum of §; must be empty.

Proof of Lemma 5.12. The two conditions (5.8) and (5.9) are equivalent. If (5.8) is satisfied
then the sequence w®) := v®) / ||(AI — A) v¥)|| satisfies (5.9). Conversely if (5.9) is satisfied,
then the sequence w(*) := v / ||o*)|| satisfies (5.8).

The proof of Lemma 5.12 relies on the following observation. For A € A.(A), A\l — A
is one-to-one (since it has trivial kernel), and since its image is dense in V, then its inverse
(M — A)~!is a densely defined operator. It is necessarily unbounded, for otherwise it can
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be extended to a bounded operator on all of V (and then A would be in the resolvent set).
Since it is unbounded, there exists a sequence of vectors {w(k)} with

lw®) =1,  lim H(/\I—A)_lw(k)H = .
k—o0

Now define v*) := (A — A)~*w®) | which then implies w®) = (AT — A)v*). The sequence
{v®)} then satisfies condition (5.9). O

We can now generalize the truncation construction of the previous example to devise
a method for calculating the continuous spectrum without having to examine truncations
in every specific case. The important ingredients of this construction were (a) defining a
sequence of truncations, (b) finding an eigenfunctions Av = Av, where v is not in the Banach
space, but any truncation of it is, and (c) the operator A is such that the difference between
truncating then acting with the operator compared to acting first and truncating second
can be bounded. This can be formalized for the function spaces LP as follows.

Definition 5.14. Consider  CR™ (or Z™), and the nested sequence of subsets
QO = {x € ||z < k}
Note that UZOZI Qr = Q. The sequence of projections

e Ay

is called an increasing sequence of truncations.

Note that the difference v — I v is the “tail” of the function v, and in L?(Q) for p € [1, o0),
the norm of the tail converges to zero

k—o

[[v— HkUHLp(Q) — 0.
We also have that the truncation of any L>°(2) function is in L”(2)
I, (L>(Q)) € LP(Q) for any p € [1, 00].

Lemma 5.15. Consider LP(Q) (where & C R™ or Z"™, and p € [1,00)), together with
a nested sequence of truncations {II} as in Definition 5.14. Consider also an operator
A LP(Q) — LP(Q), which is also defined* on L>(S), such that ||(HkA—AHk)va are
uniformly (in k) bounded as follows

Vk, ||[(Med = All)o[| ) < e olle < oo (5.11)

If there exists a vector v € L*(Q) with v ¢ LP(Q) such that Av = Av, then X is in the
continuous spectrum of A.

This lemma formalizes the intuition that when we find bounded functions v with Av = v,
the corresponding A should be part of the spectrum. The lemma states that such \’s are
indeed in the continuous spectrum.

4More precisely, there is another operator A : L>®(Q) — L% (Q) such that A = Ao on the intersection
LP(Q) N L>(Q).
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Proof. Given such a function v, the truncations v(*) := I, v are candidates for the sequence
that satisfies criterion (5.9) of Lemma 5.12. Indeed, the fact that v € L () but not in
LP(Q) implies that truncations of v have unbounded LP norms

e, =% oo
The fact that Av = Av and the bound (5.11) together imply
(A= A) Tpol, = Ay — Allgo|, =[x Av — pAv + I Av — Allgol|,
< M = Av) ||+ |[(TeA = Ao < 0 + c[|v].

Note that since v is an eigenfunction Av = Awv, it can always be chosen such that ||v]|. = 1.
Therefore the truncations ITxv satisfy criterion (5.9) of Lemma 5.12. O

We now apply Lemma 5.15 to the bilateral shift operator, which will turn out to have
only a continuous spectrum.

Example 5.16. Consider the bilateral shift operator on ¢2(Z). Since it is norm preserving,
its induced norm is ||S|| = 1, and therefore by Lemma 5.6 its spectrum must be inside
the unit disk of the complex plane. Furthermore, S-! is also an isometry and therefore its
spectrum must be inside the unit disk. However, since A(S) = 1/A(S™) we conclude

AS) C N <1
I/AS) = A8 <€ A<t

AS) C {|)\|:1}. (5.12)

We have thus established that the spectrum of S is confined to the unit circle. Now
investigate the eigenvector equation for &

M-8)v=0 & Avg—vi_1 =0 = v = Nty = ve = A hyg.

For |A| = 1, the function {\*} is not in £3(Z), and we therefore conclude that the point
spectrum is empty (there are no eigenvectors).

For |A| = 1, the function {\"*} is in ¢>°(Z), and therefore a candidate for application of
Lemma 5.15. It remains to check the condition (5.11) for the shift operator S. First note
that the truncation Il can be expressed as point-wise multiplication by 1 x), the indicator
function of the set [-k, k]

(Hkv) (t) = 1[—k,k] (t) ’U(t)
Now This can be used to express II;S — SII;, as follows
((HkS - SHk)U) (t) = (HkSU) (t) — (SHkU) (t) = 1 k.k) (t)v(t-1) — Likk (t-1)w(t-1)

- (1[_k,k](t)—1[_k7k](t-1)) o(t-1) = (§(t+l~c)—5(t-k)) u(t-1),

where §(.) is the Kronecker delta. Each of the two functions on the right hand side are
non-zero only at a single point, and thus have 7 norms bounded by the £°° norm of v. This
gives the bound

(IS — STp)vl|, < 2 ||v]leo,

which fulfills the requirements of Lemma 5.15.

The previous argument shows that the unit circle is contained in the continuous spec-
trum. Since the entire spectrum must be contained in the unit circle by (5.12), the two sets
are equal, and we conclude that on ¢?(Z)

Ac(S) = {AeG N =1},

and the remaining portions of the spectrum are empty, i.e. S does not have eigenvalues or
a residual spectrum.
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5.2.3 Adjoint Relations and the Residual Spectrum

As already seen, the points spectrum is usually the easiest to compute, and the continuous
spectrum has to be deduced from further considerations. The third portion of the spectrum,
namely the residual spectrum, would be even more difficult to compute directly since there
isn’t even a characterization like that of the approximate eigenvalues. However, the residual
spectrum of an operator is easily related to the eigenvalues of its adjoint. These relations
are summarized in the following statement.

Lemma 5.17. Let A be an operator on a Banach space V, and denote its adjoint by A*.
The full spectrum, and its point and residual subsets for both A and A* are related by

A(AY) =" A(A),
A(A) C* eigs(A),
eigs(A) C* A.(A")Ueigs(A"),

where the notation =
gation respectively.

and C* between sets means equality and subset after complex conju-

Proof. The first relation is a consequence of the fact that the inverse of the adjoint (when
it exists) is the adjoint of the inverse, and therefore

1

((M—A)‘l)* = (M-A)" = \T-an7"

This means that AI — A is boundedly invertible iff A* — A* is boundedly invertible.
The remaining two relations are a consequence of the fundamental theorem of linear
algebra which states that for any bounded operator B

Im(B)" = Nu(B*) <  Im(AM —A)" = Nu(\*I—A%).

Also recall that a subspace S C V is dense iff ST = 0. Now recall the definition of the
residual spectrum

AEXM(A) = ImMAT—A) £V < Nu(MT—A")#£0 < A* € eigs(A%).

This gives the containment A, (A) C* eigs(A*). Conversely we can attempt to reverse the
implications above

. ﬁ A* 6 A'[’(.A*)
Aeeigs(A) & NuAI—A)#0 & Im(M[—-A)#V = { or \* € eigs(A*)
The reason for that last statement is that by definition, \* € A,.(A*) iff Im(A\*] — A*) #V
and Nu(A\*T — A*) = 0. If the latter statement is not true, then \* € eigs(.A*). O

Example 5.18. Consider the right shift operator S, on unilateral sequences ¢?(N). The
null space of \I — S,

(AI—ST)(Uo,uh...) = ()\UO,)\ul—UQ,)\UQ—’U,l,...) = (0,07...).

If A = 0, the 2nd component states that ug = 0, the 3rd component states that u; = 0,
and so on. Thus the null space is trivial. If A # 0, then the 1st component above states
that ug = 0, which then implies from the 2nd component that u; = 0, and so on. Thus
again, the null space is trivial. We therefore conclude that there is no A € C such that
Nu(AI — S,) # 0. in other words, S, has no eigenvalues and its point spectrum is empty.
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eig(S;) : point spectrum

Ac(Sy) © residual spectrum = &

(.
\

)\C(Sl) N

continuous spectrum

Ac(Sr)

residual spectrum

D
)

eig(S,) : point spectrum = &

continuous spectrum

Ac(Sr) :

Figure 5.2: The decomposition of the spectra of the left and right shift operators S; and S, respectively
on unilateral sequences in ¢2 (N). Because they are adjoints S/ = Sr, their spectra are equal, and are equal
to the closed unit disk. However, the decomposition of their spectra into their individual components of
point, continuous, and residual spectra is different in each case. These decompositions are however related
by (5.13), which is partially derived from the adjoint relations of Lemma 5.17.

It is easy to establish that S, = S on ¢%(N), i.e. the adjoint of the left-shift operator.
We have already calculated parts of the spectrum of S; in a previous example. Lemma 5.17
provides relationships between the various portions of the spectra of §; and S, = S;°. They
are summarized in the following diagram

{IAN<1} u o U {]N=1}

I Il ® Il ®

(A <1} 2 AS) = eigs(S) U AS) U AdS)
Il Ul I (5.13)

{AI=1} 2 AS) = A(S) U eigs(S) U A(S)

Il @ I I ®

(A<1} u o U {N=1}

The relations in blue are those of Lemma 5.17, which are valid in general for any operator
(e.g. A(A) =" A(A*)). The sets in red are the explicit calculations we did earlier in this
example and in Example 5.11. The remaining relations are due to the following observations.

D S, =S, and therefore A,(S;) C* eigs(S,). The latter is empty, then so is A.(S5;).

2 Again, S, = S, and therefore eigs(S;) C A, (S,)Ueigs(S,). However, we already know
that eigs(S,) is empty, so we must have A.(S;) = eigs(S;), which has been calculated
to be the set {|\| < 1}.

(3 Now we know that eigs(.) U A.(.) is the open unit disk for both operators. The
entire spectrum is a closed set that must be contained inside the closed unit disk, and
the difference between the closure and the open disk is simply the unit circle. This
remainder must be the continuous spectrum A.(.)

These relations are depicted in Figure 5.2.

5.3 The Resolvent and the Pseudospectrum
Example 5.19. Consider the right-shift operator S, on ¢!(N). We want to compute the

norm of its resolvent || (A\I —S,)”" || as a function of A. The easiest way to do this is from
the matrix representations

© July 19, 2024, Bassam Bamieh

0 A At

S,= 1|1 -1 = | A2

] M-S, =

| sy
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(a) The norm of the resolvent of the infi- (b) The logarithm of the norm of the resolvent of the truncated

nite shift operator. The resolvent has infi- shift operator S,, for n = 4 and n = 10. In each case, the spectrum
nite norm on its spectrum (the unit disk, is the point 0 € C (red dot), but the resolvent grows exponentially
shown in red), while outside the unit disk, (with n) inside the unit circle (shown in blue). Outside the unit
its value is the minimum distance to the circle the resolvent converges (as n — oo) to that of the infinite
unit disk. shift operator S.

Figure 5.3: Surface and contour plots of the norm of the resolvents of the infinite shift operator S, as
well as its truncations Sy, each of which is a Jordan block of size n. The spectrum of S is the entire unit
disk, while the spectrum of S,, for any n is just the point 0 € C. Thus, while the spectrum is “fragile”
in the sense that A(Sp) #— A(S), the resolvent is “robust” in the sense that for any A € C, we have

L = Sp) ™ | =57 | (AL = 8) .

The last expression can be verified directly by multiplying (AI-S,) with (AT -S,)" and show-
ing that the product is the identity matrix. Note that due to the lower triangular structure,
each entry in the product involves a finite sum, and thus issues of convergence do not arise.
Alternatively a detailed calculation is presented in Exercise 5.6

Recall that the £'-induced norm is supremum of absolute sums of columns. For this
operator, which is a lower triangular Toeplitz matrix, each column has the same sum. We
therefore compute

T o S T TVITE ST (P e v oS v SR D B
IO7 =8,y = 2 A = A = {oo A<

Therefore the resolvent’s norm is infinite on the closed unit disk, which is to be expected
since that set is the spectrum of S. The norm is finite outside the unit disk and equal to
1/(|A] — 1), i.e. the reciprocal of the distance between A and the unit disk. This is plotted
in Figure 5.3a.

It is insightful to repeat these calculations for the truncated shift operator S,,, and then
compare to those for S.

Example 5.20. The truncated shift operator and its resolvent are given by

01 AL A2 LA
-1 IR
Sy = e M —8,)! = |
o1 .. A_Z
0 AL

The ||.|[1-induced norm is the maximum column sum, which in this case is the sum of the
last column

D DY e T DY

n—1 n—1 ‘)\| ' I=[AFY 7 A[=1 |)\| > 1’

[T =8 M, =D A =AY A =1 n, IAl=1,
k=0 k=0 1_|)\‘fn _ —nlkln_l

ner = MR [A] < 1.

This resolvent norm is finite for all A # 0. Around X\ = 0, it behaves like 1/A", i.e. a pole
of n’th order. That is consistent with A = 0 being an eigenvalue of S,, with multiplicity n.
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We analyze the asymptotic behavior (as nm — 00) in each of the three regions

Pt Al > 1,

[(AT = 8")_1H1—z' ~y ™ Al=1,
n A=

ArEE, <L

e For |A| = 1, the norm of the resolvent grows linearly with n and is unbounded.

e For [A| > 1, |A]"™ — 0, and therefore for large n, the norm of Rg, behaves just like the
norm of the infinite case Rg.

e For |A| <1 the norm is

nl—|A"

M-8)1Y, . = N e—1 A < 1.
T A I
Thus for each |A| < 1, the norm grows exponentially in n. L'Hopital’s rule shows that the
limit as |A| — 1 is n, thus agreeing with the case |\ = 1 above.

Plots of the resolvent’s norm for finite n are shown in Figure 5.3b.

Plots of the resolvents’ norms for both § and §,, are shown in Figure 5.3 for comparison.
These plots and the above calculations lead to the following observation, whose importance
cannot be overemphasized. Intuitively, we want to think of S somehow as the limit of S,
(as n — 00). However, we are faced with the fact that the spectrum of S, is A = 0 for each
n, while the spectrum of S is the entire unit disk. The spectra clearly don’t limit, i.e.

lim A(S,) # A(S).

n—oo
This is often given as an example of a “discontinuity” at infinity (i.e. as n — o0), and
that S,, cannot be considered as an approximation to S even for arbitrarily large n. The

calculations above however, show that the resolvents’ norms do limit correctly, i.e. for each
reC

lim H()\I - sn)‘IH - H(/\I - 5)‘1H .
n—oo

Here we make an important, but rather philosophical observation. One would always
want to develop a theory where conclusions for large n truncations approximate the conclu-
sions for n infinite. In other words, we want “continuity at infinity”. The example above
shows that the spectrum does not have this “continuity”. However, the difficulty should not
be viewed as a fundamental difference between infinite versus finite dimensions, but rather
that the spectrum is a “fragile” object, i.e. if we change n from infinity to a large number,
the spectrum abruptly changes. The resolvent norms do not appear to have this disconti-
nuity at infinity, and therefore the resolvent can be regarded as a robust object, unlike the
fragile spectrum.

The fragility of the spectrum is most dramatically exhibited by some non-normal oper-
ators. This fragility has had far reaching implications historically in many fields such as
fluid turbulence, condensed matter physics, numerical analysis, and control theory. In the
remainder of this section, we introduce the pseudospectrum, which captures the level sets
of the resolvent’s norm. The pseudospectrum provides one particular framework to under-
stand fragility /robustness of a spectrum. In particular, robustness analysis in control theory
generalizes the notion of the pseudospectrum using more detailed descriptions of operator
perturbations than an additive, unstructured perturbation.
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The Pseudospectrum

Definition 5.21. Given an (possibly unbouded) operator A:V — V on a Banach space V,
its e-pseudospectrum is a super-level set of its resolvent’s norm

Ac(A) = {A € C; H(AI—A)_1H > 1} - {/\ € inf (M~ A)o] < e} .
ol|=
By definition, the actual spectrum is a subset of the e-pseudospectrum for any ¢ > 0. The
second characterization follows from the first by the definition of the induced norm.

For matrices with the 2-induced norm, recall that a number X is an eigenvalue iff the
minimum singular value of A\I — A is zero. For this case, the second characterization above
states that A is in the e-pseudospectrum iff the minimum singular value of \I — A is less
than e. Thus if we think of the spectrum as the set of X’s in C such that Al — A fails to be
invertible, then the e-pseudospectrum is the set such that A\ — A is within a “distance” €
of failing to be invertible. This is stated precisely in the following “robustness criterion”.

Lemma 5.22. A complex number is in the e-psuedospectrum of an operator A iff it is in
the spectrum of a “nearby” operator A+ A, with [|A]| < e

A(A) = {/\E(C; AEXA+A), ||A||§e}

For normal operators, the pseudospectrum does not have surprising behavior. To see
this, let A be a normal matrix. Its eigenvectors {vy},_, form an orthonormal basis of R™. If
we write A in terms of its dyadic decomposition, we can get a nice formula for the resolvent’s
norm as follows

1
1211322 |)\ — )\k|’

A:zn:)\kvkv;; = H(M—A)—1H:
k=1

>ty i
1
2N

where the last inequality follows from {vj } being a mutually orthonormal set. This quantity
has a geometric interpretation

1
minlgkgn ‘)\ — )\k| ’

o] -

which is the reciprocal of the distance from A to the closest eigenvalue. Therefore the
e-pseudospectrum

1
Ac(A) = {)\EC; H(/\I—A) 1”2}:{/\6C; min /\—)\k|§e}
€ <k<n
:{)\GC; A= Ag| <e, for anykzl,..,n}. (5.14)

This means that the e-pseudospectrum is the union of disks of radius € around each eigen-
value. This is illustrated in Figure 5.4 and Example 5.23 below.

When a matrix or operator is not normal, the expression (5.14) is no longer valid, and the
pseudospectrum can be quite unpredictable from the spectrum itself. This can have many
interpretations. In particular if the e-pseudospectrum for very small € is very different from
the actual spectrum, it implies that the matrix or operator’s eigenvalues are very sensitive
to small perturbations in the matrix entries. In the shift operator example of the previous
section, we argued that this sensitivity is due to the presence of large Jordan blocks, i.e.
eigenvalues with high algebraic multiplicity and low geometric multiplicity. Another cause
of sensitivity is when a matrix or operator has nearly aligned eigenvectors, even though
there are no eigenvalue multiplicities. This is given in the next example.
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e = 1/20
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Figure 5.4: e-pseudospectrum boundaries for the two matrices in Example 5.23. (Left) A normal matrix
has pseudospectrum which is simply the union of disks around each eigenvalue of radius e. (Right) For a
non-normal matrix, the e pseudospectrum is not easily predicable from the location of the eigenvalues.

Example 5.23. Figure 5.4 shows two examples of 50 x 50 matrices, their eigenvalues and
examples of their pseudospectra. The first example in Figure 5.4 (left) is a normal matrix
constructed with random eigenvalues and vectors such that the eigenvectors are mutually or-
thogonal. The fact that the pseudospectrum is a union of disks centered at the eigenvalues as
predicted by (5.14) is clearly seen in this plot.

The second example in Figure 5.4 (right) is matrix constructed with random eigenvalues,
and random eigenvectors but chosen to be nearly aligned. The behavior of the pseudospectrum
is very different from the normal example. The pseudospectrum deviates significantly from the
eigenvalues even for very small €. Furthermore, the “shape” of the pseudospectrum is not very
predictable from the location of the eigenvalues. Note in particular how it bulges far away from
some eigenvalues, while it has “voids” very close to other eigenvalues.

Appendix

5.A Analyticity of the Resolvent

Many important calculations involving resolvents utilize the following (very useful) resolvent
formulas

Ra(A) —Ra(A2) = (MT— A1 — (NI — A7
= (M —A)! (()\21 A~ (M — A)) (Mol — A)~1

(Ol =) = (ol — A)
Ra(A) —=Rp(A) =

MI = A7 0ol = 471 (o= Ay (5.15)
M — A= (M—-B)™!

M- A" (A-B)(\M - B)”

M~ A)H(A-B)(\ - B)"L| (5.16)

(
(
(
(

(M -A) -\ -B) =

The first compares the resolvent of one operator at two different points in the complex plane,
while the second compares the resolvent of two different operators at the same point in the
complex plane. As an illustration of one use of these formulas, we investigate the concept of
analyticity of a Banach-space-valued function of a complex variable. It turns out that much
of the theory is the same as standard complex analytic functions, except that the complex
absolute magnitude |.| is replaced by the Banach space norm ||.||.
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Definition 5.24. Let  C C be an open set. A Banach-space-valued function f:Q —V is
called analytic (or holomorphic) if for each z € Q) the limit

lim % (f(z +h) - f(z))

h—0

exists in V. In other words, if at each z € Q there exists f'(z) € V such that

f(Z—‘rh)—f(Z) 1
e O

lim sup = 0. (5.17)

O pec, [h|<e

Note that analyticity is “complex differentiability”, so it is important in the above definition
that the limit be the same as z + h — z from all possible directions in C.

Lemma 5.25. Given a bounded operator A on a Banach space V, its resolvent R4 : p(A) —
B(V) is an analytic function over the resolvent set p(A) C C.

Proof. We can first guess at what the derivative might be (in analogy with the matrix case),
and then verify with the definition (5.17). If A were a matrix, then

R\(2) 1= dilz(z.r—A)*l — - A2

Now checking the condition (5.17)

1 1
_R(2) 1 ((z+h)I - A) h(z[ — A7 (=h) © (I a)

= —(GH+RI-A)T GI-A) 4 (2] - A)7
(— (z+m)I—A4)"" + (zI—A)_l) (21 — A)!

RA(Z + h) — RA(Z)
h

[

ho((z+ )= A (sI— A) (2l — A)7,

where we have used the resolvent formula (5.15) in < and again in =.
Finally, we can bound the norms by

sup ’ Ralz+ h})L —Ralz) R'(z)|| < sup ||h ((z+h)] - A)71 (21 — A)_QH
heC, |h|<e |h|<e
< e ‘(ZI - A)*QH sup |[((z + h)I — A)_1H .

|h|<e
The fact that the last quantity is finite for sufficiently small € follows from the bound
H ((z+ B)I — A)_lH - H (s — A) + hI)_lH - H(z] — A (T4 h(ad - A)*l)_IH

1
L—=|hl (=T = A"

IN

11 =)~

where the last bound follows from the Neumann series provided |h| < ||(zI — A)~!||. Taking
the limit as € N\, 0 shows that the resolvent is complex differentiable with derivative —(zI —
A)—2. O
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Exercises

Exercise 5.1

Show that for any upper-triangular (or lower-triangular) matrix, its eigenvalues are precisely
the entries on the diagonal of the matrix.
Hint: Use the recursive formula for the determinant of A\ — A.

Exercise 5.2

Show that the n x n Jordan block J, has no eigenvectors other than e;.

Hint: Since J is upper triangular, any eigenvalue of J is a diagonal entry (Exercise 5.1),
i.e. any eigenvalue of J is A\. Given the structure of J, the components {xy} of any
eigenvector x must satisfy the recursion Ax(k) + x(k+1) = Xx(k), k=1,...,n—1. Show
that ey is the only possible solution to this recursion.

Exercise 5.3

Let A be an n x n square matrix, and p(x) 1= 2™ + @y 2™ ! + - - - + ag a polynomial with
roots z1,..., Zm,m. Show that

PA) = A™ + ap A" 4 agl = (A—zI)- (A= zp).

Exercise 5.4
Show that for any n x n matrix M

1

-1 n—1
[ < eI g

where the constant c is independent of M. The formula M~! = Adj(M)/det M will be
useful.

To put this result in context, recall that in general there need not be a relationship
between opax (M) and the eigenvalues other than the bound p(M) < opmax(M), which may
be arbitrarily conservative. On the other hand, the result above does give a lower bound
on omin(M) = 1/||[M~Y| > det M/c|[M||"~1. Recalling that det M is the product of the
eigenvalues of M, this can be thought of as a lower bound on o, (M) in terms of the
eigenvalues.

Solution 5.4

First observe that for any n x n matrix M with entries m;;, we have the following bounds
between the norm of M and its entries

max [mg| < [|M]| < n max|my. (5.18)

The first inequality is trivial, and the second one follows from standard matrix norm bounds.
Now starting from

1
MY = [[Adj(M)/det M| = [|Adj(M)|| —
M = IAdi(M)/ det M| = [IAdI(M) | 37
we see that a bound for ||[Adj(M)|| is required. Recall that the entries of Adj(M) are the
(n —1) x (n — 1) minors of M, and each of these entries is a polynomial, with each term a
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homogenous, degree n — 1 monomial of the entries of M. This fact gives the first inequality
in

n—1
aain),| < n(maxpogl) < 0l

j

while the second inequality follows from the lower bound in (5.18). We can now bound
[|Adj(M)]|| using the upper bound in (5.18) and conclude

1
| det M|’

M| = [|Adj(M)]| n?|| M|

b
|det M| —

Exercise 5.5

Prove the first part of Lemma 5.8 which states that for any bounded operator A
AAY) = (AA))".

The following fact will be useful. Let a be any complex number and consider the polynomial
factorization

—a") = (w—ap) - (@—app), (5.19)

where {p;} are the n, n’th roots of unity (p; := e 1).

Solution 5.5

Substitute the operator A in the polynomial (5.19)
(A" —A\I) = (A AYnp, 1) (A AV s 1) ,

where A\1/™ is any n’th root of A. Now this product is not boundedly invertible iff \/"p; €
A(A) for some I =0,...,n — 1. Note that for any set C in the complex plane

Je{0,1,....n—1}, st. \M"p, € C & A e C".

We therefore conclude that A € XA(A™) iff one of its n’th roots is in A(A), which implies that
A(A™) = (A(A)".

Exercise 5.6

The resolvent equations for the right-shift operator are v = (AI-S,) BRI (A=8,)v = w.
Show that these equations are equivalent to the following recursion, and the solution shown
on the second line.

)\’UO = Wy Vo = %’wo o — 0
1 1 1
Avp v =wp Vb1 = Ut XWit = eyl = XTtF pw
t Z 1 t Z 0 Ut = Tt + %wt

t—1
v = D (3) () + Jue

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



CHAPTER 5. EIGENVECTORS, INVARIANT SUBSPACES AND THE SPECTRUM 167

Exercise 5.7

The right and left shift operators on ¢?(N) are sometimes referred to as “ladder operators”,
or “creation” and “annihilation” operators respectively. To see the justification for this
terminology, consider two operators A and S on a Hilbert space H whose commutator is

[A,5] = AS—-S5A = af,
where o € C.
1. Show that if A is an eigenvalue of A (resp. A*), then sois A + « (resp. A — o).

2. Now suppose a > 0 is real, A > 0 is self-adjoint and is such that its countable eigenvec-
tors {vx} span the Hilbert space H. Arrange the mutually orthonormal eigenvectors
{vk},;";o in ascending order of corresponding eigenvalues. Since they form a basis,
there is an isometric isomorphism V : H — ¢2(N) which takes any vector in H to the
sequence of its coefficients in the basis.

Show that the right and left shift operators on ¢2(N) are the representations of S and
S* in that basis, i.e.

vsv—t = S, VsVt = S,

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



168 5.A. ANALYTICITY OF THE RESOLVENT

DRAFT: NOTES ON LINEAR ALGEBRA AND FUNCTIONAL ANALYSIS © July 19, 2024, Bassam Bamieh



Chapter 6

The Kernel Representation of Linear
Operators

Linear operators on function spaces are abstractions of matrices. They are often defined
abstractly or in terms of their action on functions. For a large class of linear operators
there is also an integral representation, called the kernel representation which often provides
considerable insight into the structure of the operator. The kernel representation can be con-
sidered to be the continuum limit of a matrix representation. Thus, this representation is the
natural generalization of matriz-vector and matriz-matriz multiplication. In the same way
that certain matriz structures (e.g. symmetric, diagonal, rank-one, Toeplitz, etc.) provide
useful insight, the structure of the operator kernel provides similar insights into operators
on function spaces. Several operator norms, such as induced L* and L>° norms, as well as
the Hilbert-Schmidt norm have simple expressions in terms of the kernel representation.

6.1 Motivation: Kernels as Continuum Matrices

Recall the basic definition of matrix-vector multiplication. A matrix A : R” — R™ acting
on a vector u to produce a vector v operates as

U1 A - Aln 3%

s
I
>

<.
£
!
\:—‘
3
¢
I
=)
=

—
J Um, Aml o Amn Unp

The summation on the left is expressed graphically on the right as each v; obtained from
multiplying each element of the i’th row of A with the corresponding elements of u and then
adding the result up. A matrix is a two dimensional array of numbers which defines a linear
operator on R” by the operation described above. Similarly we will see that a function of
two variables A(x, &) also defines a linear operator on a function space.

Recall that real vectors in R™ can be viewed as real-valued functions (Figure 1.1) on
the set {1,...,n}, i.e. as elements of the function space RiL-n} To generalize the oper-
ation (6.1) to a function space R' over any index set |, we need the ability to “sum” over
this index. Assume for the moment that | C R so we can integrate over it. The counterpart
of (6.1) would be

o(z) = /I A, €) u(€) de, (6.2)
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Figure 6.1: Graphical depiction of the integral operator (6.2) as an abstraction of matrix-vector multipli-
cation. The two-variable kernel function A(z,¢) is the counterpart of matrix entries, with the coordinate z

as “row index” and & as “column index”. The operation v(z) = f_ll Az, &) u(€) d¢ gives the value of v(z)
at any z (an instance above is depicted by the dashed lines at © = —0.5) as the multiply-then-integrate of
the z’th row of A(.,.) with the all the values of u(§) viewed as a “column vector”. The case shown above
is for an integral operator on functions defined over the interval [—1,1]. The unusual choice of the vertical
axis positive direction as downwards is made to be in analogy with matrix rows being indexed from top to
bottom.

where the integration variable £ plays the same role as the column index j over which
the summation in (6.1) is performed. The two variable function A(.,.) is called the kernel
function of the operator A, and the formula (6.2) is called the kernel representation' of A.

The operation in (6.2) can be regarded as a linear operator A : u +— v on some subspace
of the function space R' provided the type of functions u(.) and A(.,.) ensure convergence of
the integral. Linearity of the integral operator (6.2) follows immediately from the linearity
of integration

(A(crur + agug)) (z) = /IA(x,g) (oqui () + azua(§)) d€

- /. A, €) wi(€) dE + /. A, €) usl€) de
= a1 (A(wm)) (@) + a2 (A(u2)) ().

The operation (6.2) is depicted in Figure 6.1. The one-variable functions u(§) and
v(z) are analogous to “column vectors”, while the two-variable kernel function A(zx,¢) is
analogous to a matrix, i.e. a two-dimensional array. For each z, the value of v(x) is given
by the operation of multiply-then-integrate of the corresponding “row” of A(x,&) with the
function u(§) in an analogous manner to matrix-vector multiplication.

Just like certain matrix structures encode certain symmetries or properties of the linear
operations they represent, the structure of a kernel encodes important properties of the
operators they represent. Figure 6.2 illustrates the four examples we examine below.

e Toeplitz Operators

A kernel defined from a single variable function a by A(z,§) := a(x —§) is called Toeplitz.
This is depicted in Figure 6.2a, where the kernel function appears as “constant along
diagonals”. Such a kernel defines a convolution operator as follows

o(z) = / A, €) u(€) dE = / a( — €) u(€) de.

1The reader should be careful not to confuse this with the null space of the operator, which is sometimes
referred to as the kernel of the operator. The two concepts are unrelated. To avoid confusion, we will always
use the phrase null space instead of kernel space, and the word “kernel” will only be used to refer to the
above kernel representation.
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A(t,7)=0
forT >t

(a) A Toeplitz kernel A(.,.) is generated from a func- (b) A lower-triangular kernel is such that A(t, ) =

tion a(.) of a single variable such that A(z,§) = 0 for 7 > t. If it operates on time signals, a lower-
a(z — £). This kernel is “constant along diagonals” triangular kernel is a causal system, i.e. past values
in a similar manner to a Toeplitz matrix. Integrat- of the output do not depend on future values of the
ing against this kernel amounts to convolution. input.
Az,) = 0z —¢§) a(z)
Az, ) = a()b(€)
3 £
z a7

(¢) A diagonal kernel has a “modulated impulse (d) A rank-1 kernel (also called a tensor product
sheet” A(z,&) = §(z — €)a(x) along the diagonal. kernel) is formed from the product of two functions
This kernel arises in the integral representation of a A(z, &) = a(z)b(€) (and thus is separable). It is akin
multiplication operator so that the expression (6.2) to the outer product of two vectors, and is written
amounts to v(z) = a(z)u(x). as a tensor product A = a ® b of the two functions.

Figure 6.2: Examples and visualizations of integral kernels (6.2) of various operators. A Toeplitz kernel
represents a convolution operator. A lower triangular kernel arises when a time-varying, causal system acts
on temporal signals. Diagonal kernels represent multiplication operators and generalize diagonal matrices.
In particular, the identity operator v(z) = wu(z) has an impulse sheet A(z,&) = §(z — &) of unit strength
along the diagonal. Rank-1 kernels are formed from the product of two functions and are analogous to
rank-1 matrices formed from the outer product of two vectors.

Thus Toeplitz operators are convolution operators. They have special symmetry proper-
ties where on certain domains they can be characterized by shift invariance.
e Lower-Triangular Operators

Such operators arise when modeling time-varying causal systems. The lower-triangular
property is illustrated in Figure 6.2b, where the kernel is restricted to be zero in the
“upper triangular part” of the (7,t) plane

A(t,7) = 0, forT>t. (6.3)

If w and y are temporal signals over the entire real line, then the lower-triangular property
of the kernel implies that the integral (6.2) has the following limits

y(t) = /00 A(t, ) u(r) dr = / A(t, 1) u(r) dr. (6.4)

— 00 — 00

When ¢ and 7 are interpreted as time, then (6.4) is the description of a general time-
varying system mapping u to y that has the causality property, i.e. for any given time
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T, current and past values of the output {y(¢); ¢t < T} do not depend on future values of
the input {u(7); 7 > T}.

An alternative way of imposing the lower-triangular condition (6.3) is by using the unit
Heaviside step function b as follows. Given any kernel function A(z,£), observe that the
product A(z,&)h(x — &) becomes a lower triangular kernel

£ z
/ (A, )bz — €)) u(€) dé = / A, €) u(©) de,
£ £

since h(x — &) = 0 when { > z. The above holds regardless of the original upper and
lower integration limits £ and £ respectively.

Operators with a lower triangular kernel are sometimes called Volterra operators if the
kernel function is bounded. For Volterra operators acting on function spaces LP(£2) where
Q) is compact, these operators have the important property that the Neumann series
converges even if the operator norm is greater than one (Exercise 6.2). This property gives
an iterative scheme for solving certain integral equations involving Volterra operators.

e Diagonal Operators

Operators with diagonal kernels are really multiplication operators. First we should ob-
serve that to implement the identity operator v(z) = w(z) with the operation (6.2), we
must allow the kernel function A(.,.) to contain distributions (Dirac delta functions).
Observe that

oie) = [ =) u(e) de = ule).

Any distribution that is supported on the diagonal x = £ of the (£, z) plane represents a
multiplication operator. Such kernels are depicted in Figure 6.2c, where

vw) = [ u(e) ds = [ (59 a@) u(©) &€ = alo) u(o).

This kernel is visualized as a diagonal impulse sheet that is modulated by the function
a(.). This is a generalization of a diagonal matrix. Multiplication operators are discussed
in detail in Chapter 77.

e Rank-1 (Tensor Product) Operators

Given any function space, and two functions a and b in that space, we can form an
operator from the “separable product” of those functions as follows

Az, €) = a(z) b(§). (6.5)

This is akin to the outer product of two vectors. If a and b were vectors in R™, then the
rank-1 matrix A = ab* has as its ij’'th entry

Aij = a; bj.

This expression should be compared with (6.5) where the role of the row index ¢ is played
by the variable x, while the column index j is analogous to &.

If the function space is also an inner product space (with the usual inner product), then
the action of this operator v = Au can be expressed as follows

o(z) = / A, &) u(€) de & v(x) = / a(z) b(E) u(€) dE = a(z) / b(E) u(€) de

& v =a (b,u).
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Thus the image space of A is the one-dimensional subspace spanned by the vector a. This
justifies calling this a rank-1 kernel. We note here that in a general Hilbert space, we can
define the tensor product of two vectors a and b as a linear operator on that same Hilbert
space as follows

(a@b)u := a (b, u).
This is an abstract definition in terms of the inner product. For function spaces, this
definition amounts to the expression (6.5) for the kernel of the operator.
Figure 6.2d shows an example of a rank-1 kernel. It is often not easy to visually discern
from the shape of the kernel whether it is a rank-1 kernel or not.

Kernel representations of linear dynamical systems will be examined in some detail later
in Chapter ?? where causality, time invariance, and time periodicity properties of such
systems will be studied.

6.2 Basic Properties: Compositions and Adjoints

Let Q,, € R™ and ,, € R™ be two domains over which function spaces are defined. For
simplicity, assume the functions to be real valued, i.e. the function spaces are R%m and R».
Consider a linear operator A : R%m — R%» defined in terms of its kernel representation

v=Au & v(z) = /Q Az, &) u(€) d¢, x €y, (6.6)

The type of functions A(.,.) that produce well-defined operators will be discussed later as it
depends on which class of functions u and v belong to. For now, we examine structural prop-
erties, and assume the function classes have been chosen so that all integrals are convergent
and all manipulations are allowed.

Addition and Composition of Operators

Given two operators A and B in terms of their respective kernel functions, it is easy to see
that the operator sum C := A + B has as its kernel function C'(z,&) = A(x, &) + B(x, &)

v= (A+B)u = Au + Bu
1@F=/M%OMO%+—/M%OM@%={/M@Q+M%WU@dé

Therefore, under addition, kernel functions behave just like matrix-matrix addition which
is element-by-element.

Another intuitive property of kernel representations is that they can be composed in a
manner similar to matrix-matrix multiplication. Let A : u — v and B : v — w be two
operators with kernel representations

v(z) = /A(x,f) u(€) dg, w(z) = /B(x,{) v(€) d€.

Define a third operator as the composition C' := BA : u — w, and calculate its kernel
representation from those of A and B as follows

M@=/BWOMO%=/3®ﬂ</M&ﬂMﬂW)%

:/(/B(m,g) Ae,r) dg) u(r) dr:/C(x,r) u(r) dr.
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Figure 6.3: A graphical depiction of the composition of two operators C' = BA as the integral oper-
ation (6.7) on their respective kernels. This operation is akin to matrix-matrix multiplication as shown
above. The value of the kernel C at a point (Z, 7) is obtained from integrating the “row” B(Z,.) against the
“column” A(.,7).

Thus the kernel of the composition C = BA is obtained from the formula

Clar) = [ Bla&) Ale.r) de, 6.7)

which looks like matrix-matrix multiplication except for integration instead of summation.
Each “row” B(z,.) of the kernel of B is integrated against each “column” A(.,7) of the
kernel of A. The composition operation (6.7) is depicted graphically in Figure 6.3. The
reader should compare this visually with the usual matrix-matrix multiplication.

Matrix-valued Kernels

The notation we are using applies without modification to the case of operators acting
on vector-valued functions. Let u : © — R™ be a vector-valued function. The space of all
such functions is (IR”)Q An operator mapping m-vector-valued functions to n-vector-valued
functions A : (R™) — (R") (here we assumed the functions to have the same domain
so as not to clutter the notation) has a kernel representation

o(z) = /Q Al 6) u(e) de, zeQ,

where for each (z,€), A(z,£) is an n x m matrix. We call such a function A(.,.) a matriz-
valued function for the obvious reason. Notice that at each £, the n-vector A(z,&)u(§)
is obtained by multiplying the m-vector u(§) with the n x m matrix A(z,€£). Thus, we
can use the same notation for scalar-valued and vector-valued functions without explicitly
indicating the vector dimensions. The reader should verify that the addition and composition
properties verified in the previous paragraphs are valid for vector-valued functions and
matrix-valued kernels provided all the dimensions are compatible.

Adjoints

The adjoint of an operator is the generalization of the concept of the matrix transpose. If
the reader is not familiar with this notion, then the following two paragraphs should be
read after becoming familiar with adjoints as described in Chapter 4. For readers with
some familiarity with the concept, recall that the adjoint of a matrix is its transpose (or
complex conjugate transpose in the case of complex matrices). If a linear operator A has
kernel A(x,&), we will show that the kernel of its adjoint A is simply AT(x, &) = A*(¢, ).
Thus, if the kernel is real-valued, then the kernel of the adjoint is obtained from the original
kernel by “flipping” the two arguments x and £. This is analogous to transposing a matrix
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by flipping the row and column index. If the kernel is matrix-valued, then in addition to
flipping the arguments, we also take complex-conjugate transpose at each (z,&) as well.
This is analogous to transposing block-structured matrices.

To demonstrate the previous statement, we start from the definition of the adjoint of an
operator on a function space and work through the kernel representation. Starting from the

definition = below and working outwards

/an*(x) ( /Q mA(x,f) u(€) df) dv =(v, Au) = (Al u)= /Q (Ato) (@) u(x) do

m

/Qm(/ﬂnA*(%f) v(z) da:>* u(€) dé

In order for the two expressions to be equal for all test functions u, we see that (after
relabeling the integration variables) the action of A is given by

(Afo)(z) = / A ) o) dE = AlaE) = A*(Ea). (6.8)

Dyadic Decompositions

Recall that the diagonalization of a (diagonalizable) matrix A can be expressed as the
“dyadic decomposition” (7.8)

Au = ZAi (w; y uy v; & A = Z)\i vw; (6.9)
i=1 =1

where v and w are the eigenvectors of A and A* respectively. The expression on the right
is the same as that on the left, but expressed in terms of the outer products v;w}, each of
which is a rank-1 square matrix. A dyadic decomposition therefore expresses a diagonalizable
matrix as a linear combination of rank-1 matrices.

As already seen in the rank-1 kernel example (6.5), the counterpart of rank-1 operators
are given by the tensor product of two vectors. Assume for simplicity that we are in the
setting of a Hilbert space H which is also a function space. The tensor product of two
elements a,b € H is a bounded operator on ‘H defined by

(a@b)u := a (b, u) = ((a®@b)u)(z) := (/ b(&) u(§) df) a(x).

Thus the kernel function of the rank-1 operator a ® b is given by the “outer product” of the
two functions

(a®b)(z,€) = a(z) b(&). (6.10)

Recall that an operator A on a Hilbert space with a purely discrete spectrum can be
decomposed similarly to (6.9), but with a potentially infinite sum

A = Z)\k (vk®wk), (6.11)
k=1

where A\, are the eigenvalues of A, and vy and wy are the eigenfunctions of A and A*
respectively. Thus the outer product of two eigenvectors in (6.9) is replaced by the tensor
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Figure 6.4: (Left) The first four eigenfunctions of the second derivative operator 82 on L?[—1, 1] with zero
Dirichlet boundary conditions (9(%1) = 0). (Right) The kernel function of the inverse of 92 (with those
boundary conditions) generated from the dyadic expansion (6.13).

product of two eigenfunctions here. From the explicit expression (6.10) for a rank-1 kernel,
we can write a summation formula for the kernel of A based on the expansion (6.11)

A, €) = Y vi(@)wi(9). (6.12)
k=1

Thus the kernel of A is a weighted sum of rank-1 kernels made up of the outer products of
eigenfunctions of A and A*.

As an example, consider the differential operator A = 92 on L?[—1, 1] with zero Dirichlet
boundary conditions. Its eigenfunctions and eigenvalues are known to be

31 2
Uk(m):\/;ﬂksin(kg(x—l—l)), /\k:—%kQ, k=1,2,...

It can be shown that this is a self-adjoint operator, and thus the eigenfunctions w of its
adjoint are the same as those shown above, and the expression for its kernel would be

Az, &) = Z/\k Ok (@) vk (§)-
k=1

However, this series is not convergent since A; is unbounded. This was to be expected
since 92 is an unbounded operator. It is also a differential operator and its kernel function
contains distributions. We therefore would not expect this series expansion to be convergent
in a standard sense.

On the other had, the inverse of this operator is indeed a bounded operator with eigen-
values of 1/)\j, and with the same eigenfunctions. Let A !(x,€) be the kernel function of
the inverse of 92 with the given boundary conditions. The expansion for this kernel is

(o) o)
A‘l(x’ &) = )\i vg(x)op(§) = — Z T 3oerT sin( 7 (z41)) sin( 5 (€+1)), (6.13)
k=1""* k=1
which is a convergent series. Figure 6.4 illustrates the shape of this kernel.
The above construction can be used to derive the kernel representation of many operators
(and functions of those operators) for which the eigenfunctions can be calculated either
analytically or numerically.

6.3 Boundedness and Operator Norms

Recall that certain matrix norms are easy to express in terms of the matrix entries. For
example, the ¢! and ¢ induced norms are the “max column sum” and “max row sum”
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respectively, while the Frobenius norm is the sum of the squares of all entries. These
norms stand in contrast with the #2 (Euclidean) induced norm. The latter is the maximum
singular value and cannot be immediately calculated from the entries. Similarly, on function
spaces, the L! and L induced norms can be calculated from the kernel as max column and
row integrals respectively. The counterpart of the Frobenius norm is the so-called Hilbert-
Schmidt norm, which is simply the squared integral of the kernel in analogy with the sum
of the squares of matrix entries.

6.3.1 LP-induced Norms

Consider again the setting (6.6) of function spaces over subsets of R™ and R™
Wa) = [ A ule) & wen, (6.14)
Qm

where the functions v and v are in LP(,,,) and LP(Q,,) respectively for p € [1, 00]. We want
to find conditions on the kernel A(.,.) to ensure that the operator has bounded LP-induced
norm. It is not difficult to show that if the domains €, and Q,, are compact, and if A(.,.)
is bounded, then the operation (6.14) defines a bounded operator on any of the LP spaces.
However, we would like a more detailed condition which gives the actual induced norms.
For this, we first consider the two extreme cases of the L>-induced and L'-induced norms.
In the calculations below, the key step is the following bound for any two functions f and g

[l lat|ae <[] (suwfo] ) ar = [ | st (suata)])
= gl < Ifllgle

and note that the roles of f and g can be reversed if the respective norms are finite.
In the case of L™ norms on u and v, we can calculate the following bound?

jo(a) \ [ awoue | < [ 1aw ol

m

< | IA(x,€)|<§S€151217>n |u<5>|> i€ = ([ 1o a) (i‘éi |u<s>|)
= |vlloo = sup lv(z)] < (fﬁseuglzo/Q |A(z, &)| d§> [l ] oo - (6.15)

This bound can be interpreted as the “max-row-integral” of A(.,.) by regarding £ and x as
the “column” and “row” indices respectively. The fact that this bound is tight follows from
a standard argument; the function @ that almost achieves this upper bound is

u(§) = sign(A(zZ,¢)),

with Z chosen where the supremum in (6.15) is almost achieved.
The calculation for the L'-induced norm proceeds as follows

ol = [ olde = [ / A e ds] dx

< / / A Ol de dr = / ( / |A<x,5>|dw) u(€)| de

m n

< (;gﬂ /Q n |A<x,f>|dx> /Q (o) ds = (;;5 /Q |A<x,s>dx> lulh.  (6.16)

2The term “bounded” here means “essentially bounded”, and “supremum” means “essential supremum?”.
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This bound can be interpreted as “max-column-integral” of A(.,.). The tightness of the
bound can be ascertained as follows; the function @ that almost achieves the bound is an
approximation to the dirac delta function 6(¢—&) centered at & where the supremum in (6.16)
is almost achieved.

The above calculations show that the L'- and L*-induced norms can be directly com-
puted from the kernel representation of the operator. For other LP-induced norms, such a
direct calculation is not typically possible, but one can bound the LP-induced norms using
the two extreme cases of p = 1 and p = oco. For this we need the so-called Riesz-Thorin
Convexity Theorem which we state for the special case of 2, = Q, = Q for simplicity.

Theorem 6.1 (Riesz-Thorin). Let Q be a measure space and let A be a bounded linear
operator on LY(Q) and L° () with induced norms ||Al|1.; and ||A||-; Tespectively. Then A
is bounded on LP(Y) for all p € [1,00]. Furthermore

1 1—-1
Al < IIAILE 1Al

o0~

In particular

Allzi < VAl (| Alloom-

Combining this theorem with the calculations above, we arrive at the following.

Theorem 6.2. Consider the kernel representation (6.14) of an operator A defined on the
function spaces LP(Q).

1. The L*°-induced norm of A is the “max-row-integral” of A:
Al = sup [ 4] d€ = A
zeQ JQ
2. The L'-induced norm of A is the “maz-column-integral” of A:

Al = swp [ @0 o = A
£eQJQ

3. If the above two quantities are finite, then A is also bounded on LP for all p € [1, 0]
with induced norm
1 1-1

Al < AT 114125
In particular, the above theorem gives a condition for L? boundedness. We refer the
reader to Exercise 6.3 for an alternative condition for L? boundedness which uses a more

direct argument for that particular case.
Finally we point out that all of the above is equally true for the sequence spaces ¢P(£2),
where 2 C Z" is a subset of the integer lattice. All of the calculations above hold for this

case by simply replacing dx and df with counting measure on €2 C Z™, and the integrals
become sums.

Application to LTI Systems (Toeplitz Kernels)

It is illuminating to see the implications of the above result to the kernel representation of
an LTT system. Let G(.,.) be the kernel function of a general linear time varying system.
Theorem 6.2 gives conditions for the L? boundedness (aka LP-stability) of the system G.
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Note that the standard definition of Bounded Input Bounded Output (BIBO) stability is
exactly L*°-stability.

In the special case that G is time invariant, the kernel G(.,.) is Toeplitz. For Toeplitz
kernels, the “max-row-integral” and “max-column-integral” are equal, and are in fact equal
to the L! norm of the impulse response. More precisely, when G is Toeplitz, then

G(t,7) = g(t—7),

and we can easily show that

IGlloci =  sup /OO‘G(t,T)‘ dr = sup /Oo ’g(t—T)’ dr = [)o\g(T)] dr

-oo<t<oo J-0o -oo<t<oo J-00

o0 [e ) o0
IGlli.i = sup / ’G(t,T)’ dt =  sup / ‘g(t—T)‘ dt = / ‘g(t)‘ dt
-00<T<0 J -0 ~oo<T7<00 J-co -

The convexity theorem then implies that for LTI systems, the finiteness of the L! norm of
the impulse response is a sufficient condition for LP-stability for all p € [0, 00]. This is the
often stated condition for BIBO (i.e. L°°-) stability. The above calculations shows that
BIBO stability is equivalent to L!-stability, and is a sufficient (but not necessary) condition
for LP-stability for all p € [1, o0].

The above calculation also gives a bound on the LP-induced norm (for any p € [1, >0]) in
terms of the L' norm of the impulse response

1 —1 1—
IGllps < IGIENGISY? = gl lglli™" = llgls- (6.17)

At this point it is important for the reader not to confuse the induced norms of systems,
the norms of signals, and the norms of the impulse response representations of systems. For
example, ||G||co-i above is the L>-induced norm of the system G. It turns out to be equal
to the L! norm ||g||; of its impulse response when regarded as a signal. Those two are also
distinct from norms of signals that the system G operates on.

6.3.2 The Trace and the Hilbert-Schmidt Norm

The trace of a square matrix is easily computed from its entries as the sum of the diagonal
entries. It is also the sum of the eigenvalues. Thus, while each individual eigenvalue may
not be easily computable from the matrix entries, the sum of the eigenvalues is. Given a
linear operator A on a function space R and its kernel representation A(.,.), we define the
trace in an analogous manner to matrices by integrating the kernel along its “diagonal”

tr(A) = /QA(ZEI) dx. (6.18)

Unlike the matrix trace however, this quantity may be infinite for some operators. An
operator with finite trace is called a trace class operator. When the kernel is matrix valued,
we adopt the following natural definition

tr(4) = /Qtr(A(m.x)) dx, (6.19)

where the trace of the integrand is the usual matrix trace.
An important property of the matrix trace is that tr(AB) = tr(BA). A similar formula
holds for operators whose kernels can be integrated as below with convergent integrals

tr(AB) = /Qtr<(AB)(x,x)> dx /Qtr< Az, 1) B(r, z) dr) da,

/Q tr( :B(:c,r)A(r,x) dr) da.
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These two quantities are equal as can be seen by interchanging the matrix trace with inte-
gration, and applying the matrix result tr(A(z,r)B(z,r)) = tr(B(z,r)A(x,r)).

To see that the operator trace is also the sum of the eigenvalues, assume for simplic-
ity that an operator A has a discrete spectrum and the expansion (6.12). Applying the
integration formula (6.18) to (6.12) we see that

/QZ)\kvk Z)\k/ vp(z Z)\k (6.20)

k=1

Note that the product viwy integrates to 1 since {vg} and {wy} are dual bases. Since the
trace is the sum of the eigenvalues, we see that for some operators, the series (6.20) may
not be summable, and this corresponds to when the kernel function is not integrable (6.19)
along the diagonal.

The Hilber-Schmidt Norm

Now recall that the Frobenius norm (squared) of a matrix A is the sum of squares of its
entries, which is also the trace of AA*, which in turn is the sum of squares of the singular
values of A

Al = > |4y = tr(AA") Z A (AAT) = D o (A). (6.21)
17 k
Consider an operator A on a function space R with a kernel representation A(.,.). We can

similarly define the generalization of the Frobenius norm as the Hilbert-Schmidt (HS) norm
of the kernel

s = [ [ 1ol awa = [ [w(a@oa@e) wa 62

Note that this formula is written for the general case of a matrix-valued kernel, where the
trace in the integrand is the matrix trace.

The HS norm is also equal to tr(AAT) as can be seen from applying the composition
formula for kernels

tr(AAT) = /Q r((447) (2.2)) do = /Q tr( /Q Az, 1) A (r, 2) dr) do
:/Q/Qtr(A(as,T)A*(z,r)) dr do = || Al -

Note that the value of the kernel (AA") (z,z) at each point (z,x) on the diagonal is equal
to the integral of the kernel A (squared) over the #’th row. Thus integrating (AAT) (z, )
over z integrates the kernel A (squared) over all rows and columns. Alternatively, the
value (ATA) (z,z) is the integral of the kernel A (squared) over the z’th column, and then
integrating that over x yields the HS norm. The reader should recall that tr(AAT) =
tr (ATA).

Since the operator trace is also the sum of the eigenvalues for an operator with a discrete
spectrum, we can now make a similar conclusion to (6.21) for such operators

JAIZs = /Q /Q 4O} drde = x(447) = S (44) = o). (629

Thus we see that an operator has finite Hilbert-Schmidt norm iff its singular values (the
square roots of the eigenvalues of AAT) form an ¢2 sequence, or equivalently, when the
eigenvalue sequence of AAT is an ¢! sequence.
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Finally we recall that the space of n x n matrices is an inner product space (of dimension
n?) with the inner product

(A, B) := tr(A*B).

This inner product induces the Frobenius norm since ||A||% = (A, A). Similarly, observe
that the expression (6.22) is the square of the L2(£2 x 2) norm? of the two-variable function
A(.,.). Thus we can identify the set of all HS operators with the function space L%( x €2)
which has the inner product

(A, B)yg = /Q/Qtr(A*(x,{) B(x,ﬁ)) de d§ = tr(ATB).

This inner product induces the HS norm since (A, A)yq = ||A||§IS In addition, the Cauchy-
Schwartz inequality for L2(Q2 x 2) implies the following inequality

(A, Blyg = tr(ATB) < [[Allgs 1Bllgs -

Thus the composition AfB of two HS operators A" and B is a trace class operator, with its
trace bounded by the product of the two HS norms. Note that the composition of two HS
operators, while is trace class, is not necessarily HS. This is similar to the the product of
two L? functions being in L', but not necessarily in L2.

The reader should recall that the set of bounded operators on a Hilbert space (or any
Banach space) is itself a Banach space with the induced norm. Hilbert-Schmidt operators
are special in the sense that they can be endowed with an inner product, and thus be made
into a Hilbert space, which has much more structure than a general Banach space. The
Hilber-Schmidt norm however is not an induced operator norm, and therefore has limited
utility especially when it comes to norm bounds and sensitivity and robustness calculations.

Exercises

Exercise 6.1
Consider the following two differential operators
(Au)(z) = az(z) u”’(z) + ai(x) v'(z) + ao(x) ulx),
(Bu)(z) = (as(z) u(z))” + (a1(z) u(x))" + ao(z) ul).
Show that their kernel representations are
A2,8) = as(@) "z —€) + ar(a) &'z —€) + aola) oz — ),
B(x,&) = a2(§) 0"(x — &) + ai(§) §'(z = &) + ao(x) é(z —§).

Exercise 6.2
Consider a Volterra (lower triangular) operator on L?([a, b]) of the form
b
y = Au & y(t) = / A(t,T) u(r) dr, t, 7 € [a,b],

where A(.,.,) is lower triangular (i.e. A(¢,7) =0 for 7 > t), and uniformly bounded

sup |A(t,7) = A < .
t,7€[a,b]

3More explicitly, we should write Lgnxn (2x ) when the kernel A(.,.) is matrix valued. This is suppressed
for simplicity of notation.
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1. Show that A is a bounded operator on L!([a,b]), on L*°([a, b]) and on L?([a, b]) for all
€ [1, ).

2. Let A*(.,.) be the kernel function of the operator A* (A composed with itself k times).
Show by induction (on k) that the following bound holds

1
(k—1)!

|Akt,7)| < Ak it—7", t,relab]

3. Show that the LP-induced norms of A* (for p € [1,c]) are all bounded by
_(jb—a] A"

44, . -

4. By recalling the fact that the sequence a*/k! converges to zero for any number o,
show that the Neumann series (I — A)~! = Y7 / A* converges (in LP-induced norm)
for the Volterra operator described above.

5. Find a bound on ||(I — A)~!.

Hint: It will involve the exponential function.

Exercise 6.3

Provide a direct proof that when €2 is compact, the boundedness of the kernel function
A(.,.) on Q is sufficient to ensure the boundedness of the operator A it represents on L?((2).
This can be done with a similar set of bounds (though not tight) to those in the calculations
for (6.15) and (6.16).

Solution 6.3

L%-induced norm bounds in terms of the kernel function A(.,.) can be derived as follows

A(ﬂ? §) u(§) d§|  dx

//|Axs|\u >|2d£d:c</ﬂ<§gg|m5 )(/u 2d5>

191 sup [AG O ull® (6.24)

I

|U( Pdz =

[[v

IN

IN

where |Q| is the measure of  (which is finite by the compactness assumption). Note that
the first inequality is a consequence of Jensen’s inequality.

Note that in contrast to the L™ and L' cases, the above bound is not tight. The L2-
induced norm is the supremum of the singular values of A, which are difficult to compute
directly from the function A(.,.) in general. This is in complete analogy with the matrix
case where the singular values can not be seen immediately from the entries of the matrix.

In the case that 2 is not compact, we can rework the last step before inequality (6.24)
as follows

EETE / <sup|A<x,a>|2> da
Q \€eq
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Thus the integral on the right can be used as a bound in the non-compact €2 case. This is
however not a good bound. To see that, assume the kernel A(.,.) is Toeplitz, then

2

sup|A(z,€)|* = supla(z —€§)I* = [la],
£eQ £eN

and the integral of that constant over the non-compact set Q will be divergent. Thus this

bound is infinite for any Toeplitz operator over a non-compact set {2, while there are many

cases of such Toeplitz operators that have a finite L2(Q)-induced norms.
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Chapter 7

Matrix/Operator Partitions

A wvector space can be constructed as the direct sum of several vector spaces, each of which
can then be viewed as subspace of the overall vector space. The structure of a vector space
can be analyzed by decomposing it as the direct sum of several of its subspaces. Similarly, a
linear operator can usually be understood in detail by examining how it acts on each of the
individual subspaces. Various canonical decompositions of matrices and operators, such as
the eigenvalue decomposition, the singular value decomposition and others can be described
using the language of decomposition over certain subspaces. Other constructions, such as
the Schur complement, can also be easily understood in this setting.

This geometric view is nicely complemented using the algebraic notion of matriz and
operator partitions. These are conformable partitions of a matriz into “blocks” of matrices,
each corresponding to the action of a matriz on a subspace. Thus, conformable partitioning
of matrices and operators is a useful tool for synthesizing algebraic and geometric intuition
in linear algebra. In certain instances, rather compact arguments can be provided using this
technique.

Introduction: Matrix Partitions Notation

An example of conformably partitioned matrices is the following. Let H and G be matrices
with dimensions such that the product HG makes sense. Suppose H is partitioned in 2 x 2
blocks and G in 2 x 1 blocks as

Hyy | Hy ] [ G1 } _ [ H1Gy + H2Go
Ho1 G+ HaoGo |-

For this to make sense, the relative partitions of H and G have to be so that all the products
make sense, i.e. they should be conformable partitions (e.g. the number of rows of Gy is
equal to the number of columns of Hq1 and Hs1). The utility of this is that we can multiply
H and G as if they were a 2 x 2 and 2 x 1 matrices respectively. Care must be taken with
the order of multiplication though since the elements of the block partitioned matrices do
not commute (since they are matrices themselves).

Matrix-Vector Products

A matrix-vector product has at least two interpretations which can be arrived at by con-
sidering either column or row partitioning of the matrix. Begin with the product x = Tz

185
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with T partitioned columnwise to observe

M _

which can be interpreted as writing the vector x as a linear combination of the wvectors
Ty, --- ,T,, each being multiplied by the scalar coefficients z1, --- ,z,. This observation
has two uses

T T,

_ [Tl]z1+ +{Tn}zn, (7.1)

e If each z; ranges over all possible scalars, then the above simply states that all possible
resulting vectors x are in span{7Ty, --- ,T,}. This is another way of seeing that the
image space of T is its column span.

e If T is square and non-singular, i.e. {Th, --- ,T,} is a full linearly independent set of
vectors, then the product x = Tz can be regarded as expanding the vector x in the basis
made up of the columns of T. The corresponding z;’s are then the expansions coefficients,
which can be obtained directly from z = T~ 'a.

An example of the change of basis interpretation is for a linear differential equation @(t) =
Azx(t). With the state transformation xz(t) =: Tz(t), the differential equation becomes
#(t) = (T'AT) z(t). The new state variables z;(t) should be interpreted as the time-
varying coefficients of the expansion of z(¢) in the basis {7, --- ,T,}

[x@] _

The second interpretation of matrix-vector products arises from row partitioning of the
matrix in a product like w = Mv as follows

Ti|z1(6)+ - 4+ |Th|2zn(t),

wl] o [ My M.
= . |:v:| = R
w,d L MP Miv

where we have denoted the rows of M by M} (equivalently M; are the columns of M*).
Each entry of the vector w is then w; = M v, namely the inner product of v with each of
the columns of M*.

Matrix Products as Inner and Outer Vector Products

In a similar manner to matrix-vector products, matrix-matrix products can be given mul-
tiple interpretations. Given any two matrices H and G with compatible dimensions, the
product matrix HG can be thought of in at least two ways. The standard definition of
matrix multiplication involves partitioning H into rows and G into columns, and defining
the product as

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

i.e. the 7j'th scalar element of HG is the inner product of the i’th column of H* with the
7’th column of G.
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A second interpretation arises from partitioning H into columns and G into rows

HG = | Hy |- Hpy, : = |Hi|[ Gi ]+ -+ |Hu|l Gi . (72

Viewed this way, HG is expressed as the sum of m outer products of corresponding columns
of H and G*. Each of those outer products is a rank-1 matrix. Such rank-1 matrices are
simple objects whose properties can be completely characterized and understood'. This
point of view is most useful when a given matrix A is written as the product of several
matrices with special properties. We can then interpret this as a rank-1 decomposition of A.
Several notions such as the diagonalization of a matrix and the Singular Value Decomposition
(SVD) can be understood as various types of rank-1 decompositions. These notions are easily
generalizable to operators on infinite dimensional spaces.

Eigenvalue/vector Decomposition

Partition notation is particularly useful to illustrate the connections between the concepts
of eigenvalues/eigenvectors and that of diagonalization. Assume that an n x n matrix A has
n eigenvalues {\;} with corresponding eigenvectors {v;} that can be chosen to be linearly
independent?. We thus have the following relations

Av; = Ay, i=1,...,n,

with the set {v;} being linearly independent (note that the eigenvalues need not be distinct).
It is an elementary, but powerful observation that these n matrix-vector relations can be
rewritten as the following single matrix equation

(7.3)

i}
AV = VA, (7.4)

where V' is a matrix whose columns are the eigenvectors of A, and A is the diagonal matrix
made up of the eigenvalues of A. Equation (5.3) states that V' is the similarity transformation
that diagonalizes A

A = VAV (7.5)

This actually proves that a matrix is diagonalizable iff it has a full set of eigenvectors®
(regardless of the eigenvalues). The diagonalizing similarity transformation V' in (7.5) is the

1A rank-1 matrix can also be interpreted geometrically as a projection on a 1-dimensional subspace. This
provides useful geometric intuition.

2This statement is equivalent to several other well-known characterizations. Amongst them is that (i) the
matrix is diagonalizable, (ii) the Jordan form contains no non-trivial Jordan blocks, or (iii) the geometric
multiplicity of each eigenvalue is equal to its algebraic multiplicity.

3A full set of eigenvectors means a set of linearly independent eigenvectors that span the whole space (in
finite dimensions, this means that we have n linearly independent eigenvectors for an n X n matrix). The
choice of eigenvectors will not be unique of there are eigenvalue multiplicities.
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non-singular matrix made up of the eigenvectors of A as its columns. Thus diagonalizing a
matrix or an operator is equivalent to finding all of its eigenvalues and eigenvectors.

Equation (7.5) can also be given an interpretation as a rank-1 decomposition of A as
follows. Let W* := V=1 (or equivalently W := V~*), and observe that (7.5) can be rewritten
as

n

> A v} (7.6)

i=1

This is a rank-1 decomposition of A, namely into n rank-1 matrices made up of outer prod-
ucts of the respective columns of V and V! scaled by the respective eigenvalues. A rank-1
matrix has a geometrical interpretation as a projection, and therefore this decomposition
can be geometrically interpreted as decomposing A into n (possibly oblique) projections.

When the eigenvectors {v; } are not mutually orthogonal, there is no direct way to obtain
V=1 from V. However, there are important relationships between the columns of V' (the
eigenvectors of A) and the columns W := V~=* (which are the rows of V1) :

1. The columns of W are the eigenvectors of A*: This can be seen from the following
calculation

AV =VA & VA" =A"V* & WVA'W =WA'V'W & AW = WA*,
where the last step follows from W*V = VW* = I.

2. The sets {v;} and {w;} form reciprocal bases: Reciprocal bases* have the property that
(vi, wyj) = viw; = ;. This is easily seen to be true from the following partitioning of
WV =1

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

The reciprocal basis is useful since it allows for writing any vector x in terms of a basis
{v;} by observing

v = VW = [vl'---'vn] ”””” L [ x] - gmwi,@. (7.7)

Thus the coefficients of expansion of a vector = in a basis {v;} are the inner products
(w; y x) of the vector with the respective elements of the reciprocal basis {w;}.

We can obtain yet another interpretation of the action of a diagonalizable matrix on a
vector by comparing (7.7) with what equation (7.6) gives for Az

Ar = Z i v {w; , ). (7.8)
i=1

Thus A acts on any vector x by scaling its components along each eigenvector v; by the
corresponding eigenvalue \; multiplied by the projection {(w; , x).

4 Another common term is dual bases.
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Symmetric (Hermitian) Matrices

The above decompositions are considerably simplified when the matrix A is Hermitian (A =
A*). In this case all its eigenvectors are mutually orthogonal (more precisely, one can choose
a complete mutually orthonormal set from amongst the eigenvector of A). This implies
that V—! = V* i.e. V is unitary, and consequently, the above decompositions takes the
particularly simple form

A = /\1[111}[ vf ]+-~-+/\n{vn}[ v .

The action of A on any vector x in (7.8) becomes
Ar = Z)\i v; (Vi ).
i=1

and can be interpreted geometrically as scaling the orthogonal projection of x on v; by the
corresponding eigenvalue ;.

Singular Value Decompositions

Any matrix (i.e. not necessarily diagonalizable or Hermitian) has a Singular Value Decom-
position (SVD) of the form

A=UxV* (7.9)

where ¥ is a diagonal matrix and both U and V are unitary matrices. In fact, the columns of
U and V are actually the (mutually orthonormal) eigenvectors of AA* and A* A respectively.
This can be seen from the calculation

AA* = USV*VEU* = UXU*,
A*A = VIUUIDV* = VX2Vv*,

These relations provide one way to calculate the SVD, by finding the eigenvectors and
eigenvalues of the two Hermitian matrices AA* and A*A. Note that the singular values of
A are the square roots of the eigenvalues of AA* (or A* A, the non-zero ones are the same).
The SVD can be thought of as a rank-1 decomposition in a similar manner as the previous
decompositions. Partition U and V into columns {u;} and {v;} respectively

(7.10)

Using this, the action of A as a linear transformation on an arbitrary vector z can be
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rewritten as

Ax =

The last equation can be interpreted as follows. The linear transformation A acts on x
by first taking its projections onto each of the orthonormal vectors v;, these numbers are
then multiplied (“amplified”) by o; respectively to produce a linear combination of the
orthonormal vectors w;. This interpretation immediately shows that the image space of A
is the span of the vectors u; corresponding to non-zero singular values, while the null space
of A is the span of the vectors v; corresponding to the zero singular values.

The SVD also clearly shows how a matrix “amplifies” vector lengths. For example, any
vector z aligned with vy will produce a vector Ax aligned with w; but with length amplified
by o1. The vectors v; are called the right singular vectors of A, while u; are called the left
singular vectors of A.

7.1 Block LU, UL, and LDU Decompositions: Schur Com-
plements

Recall that any square matrix M has a Lower-Diagonal-Upper (LDU) factorization (possibly
after column or row permutations) of the form

M = LDU,

where L is a lower-triangular matrix, U an upper-triangular matrix, both with all ones on the
diagonals, and D is a diagonal matrix. Such factorization are done by Gaussian elimination
and are useful in solving linear equations by forwards or backwards substitution.

In this section, we look at “block factorizations” similar to the above, but with block-
triangular and block-diagonal matrices. The so-called Schur complement and related results
are concerned with matrices or operators with a 2 x 2 block decomposition and block-LDU
factorizations of the form (see e.g. Equation (7.15))

M [Mn Mlg] _ { I 0] [MH 0 ] [I My My

_ _ , (7.11
My My — [Myy Myt I|| 0 My — My My Mys| [0 I } (7-11)

which is valid under the assumption that M7 is invertible. Notice the block-lower-triangular,
block-diagonal, and block-upper-triangular structure of this factorization.

We can derive conditions on invertibility and definiteness of M in terms of the matrices
occurring in the factorization above. For example, it is clear that when M, is invertible,
then M is invertible iff Moo —MglMﬁlM 12, which is called a Schur complement, is invertible.
Similar statements can be made about definiteness when M is Hermitian.

The key idea is to find transformations (constructed from the submatrices M;;) that
will block-triangularize and block-diagonalize M. The transformations are in general not
similarity transformations, as they may transform the domain of M differently from its
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range. None the less, they are useful because they are simple to construct directly from M
(e.g. no calculations of invariant subspaces are required), but yet yield valuable conditions
on invertibility, definiteness and the like.

The geometric interpretation of the partitioning in (7.11) in general is that if M : V. — W
is a linear operator where the vector spaces have decompositions V = V; @& V5 and W =
W, @ W, respectively, then M;; : V; — W; are the four possible restriction/projections of
M with respect to those decompositions

[Mn Mm] _ [HW1M|V1 HW1M|V2} n [wl}

M1 M| |V1
Moy Moy Tw, M|y, Thw, M|y, Wo

. (712
Msy  Mao Vz} (7.12)

The equality on the right should be thought of as useful notation to intuitively interpret the
identity on the left.

Block-LU, UL and UDL Decompositions

We will need to assume that either Moo or My is invertible. We begin with the former
case, and state two problems whose solutions below can be thought of as types of Gaussian
eliminations on block rows or block columns.

1. Find an invertible transformation R : W; & Wy — W1 @ W5 such that the composition
RM :V — W is block-lower-triangular.

This is easily done as follows. Write (7.12) in terms of vectors v and w, and observe that
if H := RM is to be block-lower-triangular, then we must have

wy = Miiv1 + Miove 1= Hijvg
wy = Mayvy + Magvy Yo = Hojvr + Hogvy

In order to arrive at an equation for y; that does not involve vy, it looks like we need to
eliminate vo from the equations for w as follows

wy = My + Misvo
- MMy 'ws = MigMy,' Majv, +  Misvs
w) — MioMyy'wy = —MioMy' Mojvy + 0

Thus it seems like we should define y; to be wy 7M12M2_21 ws in order to have an equation
for y; that depends only on v;. Since we have no requirements on what y, depends on,
we leave it as yo = ws, i.e.

yi| _[I MMyt [wn
y2| © |0 1 wa |’

Now we can easily verify that this transformation gives a block-UL decomposition of M

[I —M12M221] [Mn M12] _ [M11—M12M221M21 0]

0 1 M1 Mo My My
N M1 Mo _ [T MyoMy ] [Myy — Mg Myy' Moy 0 (7.13)
Moy Mao 0 I Moy Msa |’ )

where the last equation follows from the following easily verifiable fact

R I A B P I P

for any matrix Z of compatible dimensions.

Notice that the transformation above leaves the second block-rows of M unchanged.
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2. Find an invertible transformation T : V; ® Vo — Vi1 @ V5 such that the composition
MT :V — V is block-upper-triangular.

We again write (7.12) in terms of vectors v and w, and observe that if G := MT is to
be block-upper-triangular, then we must have

wy = Mivy + Myovg wy = Gz + Giaxo

wy = Mayvy + Magvy Wy = Goga
To discover what G2 should be, we simply manipulate the second v, w equation as

wy = Myvy + Migve wr = Guzr + Graxg
-1 Y _ :
wo = Moo (M22 Moiv1 + ’Ug) wo = Gooxo

Thus it seems like we should define z5 to be M2_21M21v1 + vg, and leave x1 = vy, i.e.
X1 o 1 0 U1 o U1 _ 1 0 X1
xTo ’ M2721M21 I V2 V2 —M{;le I ) ’

Again, it is now easy to see what this transformation converts M into block-upper-
triangular form

My Mo 1 Of _ |Mun-— MysMy,' My Mo

Moy Mao| | =My My T 0 Moo
My Mo 1 0] [Myy — MioMy, My, My

= = _ . 7.14
[le M22] [M221M21 I} [ 0 M2 (7.14)

Notice that this transformation leaves the second block-columns of M unchanged.

If My, rather Mss is invertible, then similar transformations can be derived as those
above that involve only M;;" rather than M,,". See Exercise 7.1.

The two transformations constructed in (7.13) and (7.14) will block-triangularize M by
either post or premultiplying by a simple transformation matrix. (7.13) has the property
that it leaves the 2nd block-row of M unchanged, while (7.14) leaves the 2nd block-column
unchanged. Thus performing the two transformations successively leads to a form of M
that is both block-upper-triangular and block-lower-triangular, i.e block diagonal

I —MppMy'] [Myn Mo I 0] _ [My — MigMy,' Moy 0
0 I Moy Moy | | =Myt Moy T 0 Mo |’

which we rewrite as a block-UDL and block-LDU decompositions respectively

[Mu M12] _ [I M12M2_21] [Mu — MioMyy' Moy 0 ] [ I 0}

My, May| |0 I 0 Mz2 M2_21j\{211 ! (7.15)
o I 0 M]_] 0 I Mll M12
T Moy Mt I | 0 Mgy — My M My, | |0 1

It should be emphasized that the transformation of M shown here is in general not a
similarity transformation since the two transformation matrices are not inverses of each
other. None the less, several useful conclusions can be drawn from this transformation as
described next.
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7.1.1 Corollaries of Block-Decompositions

The first conclusion we can draw from (7.15) is about the invertibility of a partitioned matrix.
Observe that the two transformation matrices in (7.15) are clearly invertible. Which leads
to the following conclusion.

Lemma 7.1. Consider the partitioned matrizc M = [MH Mu] .

Moy Moo
1. If Mss is invertible, and its Schur complement
Ayq = My — Myp My, My,
is invertible, then M is invertible with inverse

My M| _ I o] [arl 0 T[T —MyMy
My Moo —Myp'Msy If| 0 My'] |0 I

_ AL —A My My,

= _ _ _ _ _ _ 7.16
{_]\4221J\421A111 M221 +M221M21A111M12M221] ( )

2. If M1y is invertible, and its Schur complement
Agg 1= My — M21Mﬁ1M12

is invertible, then M is invertible with inverse

My M)~ [T —My'Mi] [M5' 0 I 0
My Mao 0 I 0 Ay | |-Mo Mt I
M+ M M A Mo Myt =M M5 A (717)
—Ag5 Moy My Ay '

3. Depending on whether My1 or Mass is invertible, we have

det(M) = det(Mn) det(MQQ — M21M1_11M12) = det(MQQ) det(M11 — M12M2_21M21)

The last statement follows from (7.15) by recalling that for any two matrices with com-
patible dimensions det(AB) = det(A) det(B), and for block-upper (or lower) matrices

det([g gDZdet(A)det(C) ~ det([é ?D:L

The lemma above basically says that the inversion of a block-2x2 matrix can be achieved
by the inversion of one of its diagonal blocks and the corresponding Schur complement.
There is another important identity hidden in (7.16) and (7.17). Equating the (1,1) blocks
in both of these expressions for M1 gives

AT = Mij + My Mi2 Ay Moy My
; -1 } ] ) -1 ;

(Myy — Mo M35 M) = Miy+ MiiMyg (May — Moy M1 Mys) Moy My (7.18)
This last identity can be thought of as an identity involving four matrices M;; with compat-
ible dimensions. This is sometimes done without reference to the 2 x 2 block matrix from
which they can be considered to have arisen. If we simply rename the matrices, this last

identity can be stated as the famous Matriz Inversion Lemma, also sometimes known as the
Sherman-Morrison- Woodbury formula.
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Corollary 7.2. Consider four matrices A, B,C, D of compatible dimensions. If A and D
are invertible, then

D invertible = {A B] invertible < (A — BD’IC) 1nvertible

C D
(7.19)
A invertible = A B invertible & (D — C’A'lB) invertible
C D
If both A and D are invertible, and either of the two conditions above hold, then
(A=BD'C)™' = A+ A'B(D-CA'B) cA™. (7.20)

This lemma is usually stated as (7.20) only, which makes no mention of a 2x2-block
matrix. Rather, on the face of it, it appears to be a lemma about sums of products of
matrices. It is however best understood and proved through comparison with Lemma 7.1
as follows. Given four matrices A, B,C, D of compatible dimensions, form the following
matrix® and apply the transformation (7.15) to it

A B| [I BD'|[A-BD7'C 0 1 0
C D| |0 1 0 D||D7'C I

[ 0] [A4 0 I A'B
“|lcAt Il|0 D=CA'B| |0 I :

The first statement in Lemma 7.2 follows immediately; The 2x2-block matrix is invertible
iff A— BD~!C is invertible (from the first equality above), which holds iff D — CA~'B
is invertible (second equality above). The formula (7.20) follows from (7.18), which we
recall follows from simply equating terms in the two different block-diagonalizations (7.16)
and (7.17).

There are many uses of the Matrix Inversion Lemma. Perhaps the most prominent is
for producing a formula for the inverse of a matrix made up of two pieces, the first being a
matrix whose inverse is known, and the second being a “low rank” addition to the matrix.
To emphasize this point, redraw (7.20) to show dimensions in a typical usage

(7.21)

-1

(4] [mey - _1
e[l (wece [ Jl) e [ ]

where D is a much smaller matrix than A. Note that we have replaced —B with B and
D! with D in this last formula compared with (7.20). If A™! is known, then (A + BDC)~!
given by this formula only requires inverting the much smaller matrix D! + CA1B. An
extreme case of this situation is when BDC' is of rank one. This is the so-called rank-one
update A + uv* where A is square and v and v are vectors. The rank-1 matrix uv* is called
a rank-one update of A. The formula (7.20) applied to this case is sometimes referred to as
the Sherman-Morrison formula

1

«\-1 _ 4-1
(A+uwT)” =4 1+ v Aty

(Au) (vFAT). (7.22)

50bserve that the dimension compatibility condition that allows A — BD1C to be formed is exactly the
same as that allows the matrix (7.21) to be formed.
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Note that in this case D = 1, and D + C A B is a scalar, so its inverse is just the reciprocal
scalar. Note also that (A+uv*)™! is itself a rank-one update of A since (A™u) is a column
vector and (v*A!) is a row vector.

The rank-one update formula is very useful in deriving recursive algorithms such as Re-
cursive Least Squares. To obtain an estimate from a batch of data, a solution of some linear
system of equations is performed. When new data comes in, one would like to “update” the
solution with this new data without having to solve the entire system from scratch. The
rank-one update provides such recursive algorithms.

Hermitian Matrices

We now examine what the block-UDL decomposition (7.15) implies about the definiteness
of a Hermitian matrix M, for which it reads

[Mn Mo] _ {I MoMggl] l:Mll_MoMﬂlM: 0 ] [ I 0] (7.23)

M Ma| — |0 I 0 Moo | | Myt MF T

Note that M Hermitian implies that both M;; and Mss are Hermitian. Furthermore, in
this case the transformation matrices are adjoints of each other

Y

0 I B [MﬂlM; I] '

[I MOMQ;} :
Thus the transformation of M in (7.23) is a congruence transformation, and therefore pre-
serves the definiteness of a matrix. The definiteness of a block-diagonal matrix is simply
determined by the definiteness of its diagonal blocks. We summarize this in the following
statement.
Mll Mo
M: Moy | IfM22 >0
(M1 > 0) is positive definite, then the definiteness of M is equivalent to the definiteness of
its Schur complement

Corollary 7.3. Consider the partitioned Hermitian matriz M =

M> 0 & My, — M,My' M > 0
" (7.24)
(M>0 & Mp-MMIM, > 0)

The statement (7.24) also holds if > is replaced by >.

Note that there is an analogous statement for negative (semi)-definiteness. The reader
should write that one out as an exercise.

Completion of Squares

Corollary 7.3 has an interpretation as a “completion of squares” statement which gives
additional insight into the Schur complement in the Hermitian case. Consider the quadratic
form generated from a partitioned Hermitian matrix M

* _ U1 : Mll Mo U1 ok * *
v Mv = [UJ [M;‘ MQJ {”2] = vy Miiv1 + v3Mave + 207 Myvs. (7.25)
A necessary condition for M > 0 is that My, > 0 and My, > 0, thus the first two terms
above are always positive for non-zero v; and ve. However, the third term is not guaranteed
to be positive, but the Schur complement condition insures that if it becomes negative, the
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first two terms dominate so that the overall sum is positive. This is a consequence of the
following completion of squares argument.

Assuming that Mo is invertible and using the decomposition (7.23), we can rewrite the
quadratic form (7.25) as

] [ ! i1

M

[u]” M,My" [Myy — MyMy' My 0 I 0] [v

|y I 0 Moo | |[Moy' M2 1| |vo

~[n MH—MM221M§ 0 1 [wv - wm] I 0] [v1
= [w [ Moo | |w]| by defining wl = M{;M: R

In other words, if we define the vector
W o= Uy +M2_21M:vl,
then the quadratic form is rewritten as
] My1v1 + v3 Magvg + 207 M,yvg = v (MH — MOM{;M;) v1 + w*Maw. (7.26)

Note that the invertibility of the mapping (vi,vs) — (vi,w) implies that (vi,v2) =0 <&
(v1,w) = 0. Therefore if My, is invertible, then the positivity My — MOMQ_;M;k >0 (or
strict positivity My1 — MOM{QlM: > 0) of the Schur complement along with M;; > 0 (or
M1 > 0) insures the positivity (or strict positivity) of the quadratic form (7.25).

The equality (7.26) is sometimes referred to as a matrix version of the classical completion
of squares argument since it can be viewed as

’UTMH’Ul + U;MQQUQ + 2’UTMO’U2
= v} (My1 — MMy M) vi +  (v2 + My M vy)" Mas (va + My Mvy)
=i (My1 — MoM3' M) v1 + v5Maova + 205 Myvs + viM,Msy' Mvy.

In other words, but adding and subtracting the term vi‘MoM;QlM;vl, the quadratic form
can be turned into a perfect square.

Eigenvalues and Eigenvectors “Updates”

The matrix inversion Lemma 7.2 can be put to use for characterizing eigenvalues/vectors
for matrices of the form A+ UV, where it is assumed that the eigenvalues/vectors of A are
known, and UV is a low-rank matrix.

If X\ is not an eigenvalue of A, then Corollary 7.2 states

M—(@A+Uv)) . (M-A-uv) (I—V()\I—A)'l

invertible invertible invertible

In the case when UV has finite rank, the last statement gives a test for characterizing the
eigenvalues of A + UV as the zeros of a function.

Lemma 7.4. Consider an operator update A+ UV where U and V' have finite-dimensional
domain and range respectively (i.e. UV is finite rank). Any number A € C which is not an
eigenvalue of A is an eigenvalue of A+ UV iff it is the root of the characteristic function

FO) == det (I—V(AI—A)’IU).
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This test can be applied in the cases where the computation of the characteristic function
is feasible such as in the next example.

Example 7.5. Consider the following matrix M which arises in a (2nd order) finite-difference
discretization of the 2nd derivative operator with Homogenous Neumann boundary conditions.
It can be written as the sum of a circulant matrix A and a rank one matrix as follows

1 1 2 1 1 1
1 -2 1 1 - 1
M = = + 1 -1] =1 Catov,
1 2 1 1 2 1
1 -1 1 1 -2 -1
where C,, is the circulant matrix formed from the vector a := {-2,1,0,...,0,1}. The eigenvalues

of M that are not eigenvalues of C, are the zeros of the characteristic function
fA) = 1—v" A —=Ca) "o

Since C, is circulant, its eigenvalues/vectors are well known, and are precisely the values of the
Discrete Fourier Transform (DFT) of the vector a (see Chapter ??). The inverse of \I — Cl, as
well as the inner product v* (Al — C’a)'1 v are easiest to compute with the DFT as follows.

Denote the DFTs of a and v above by & and © respectively, i.e. © = Fv, where F is the
matrix representation of the DFT® which has the property F'F* = nI. Now transform the inner
product as follows (using the fact v = F~1 % = (1/n)F* 9)

M —C) v = (FL9) (M =)' (FY%) = 0" (\FF* — FC,F*) "%

0]
n-1 ~ 12
) RO |01]
= * )\I* d ) = — . ‘2
0] (n ndiag(a) | © . s (7.27)
1=0
Now & and v are easy to compute as
a = —24e T4 I = —2—|—2cos(%”l), leZ, (7.28)
B = 1—el%h = 1—cos (2Z1) — jsin (22]) = |o)]> = 2 — 2cos (221) .
The expression (7.27) becomes
1E8 2—2cos (2—”1)
A) = 1-v" M =Cy) o = 1—— i 7.29
JA) v a) v n /\+272cos(27”l) (7.29)

=0

A plot of this function is shown in Figure 7.1 for an example with n = 10. The figure clearly
shows that the zeros of f capture all the eigenvalues of M that are not shared with C,.

The matrix inversion Lemma 7.2 can also be used to characterize eigenvectors as well.
An eigenvector of a 2 x 2-block matrix with an eigenvalue A is characterized by the null-space
condition

el )= T -

6The (non-unitary) DFT of a vector v of length n is defined by o; := ZkeZn vke_j%wkl. We can write
this as © = Fv, where F' has the property F-! = (1/n)F*. A circulant matrix is diagonalized by F' so that
FCoFt = (1/n)FCyF* = diag(a), where 4 is the DFT of the vector a.
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Figure 7.1: The characteristic function (7.29) f(\) of Example 7.5 for the matrix update M = C, + vv*
(with matrix sizes of 10). The zeros of f are the eigenvalues of M that are not eigenvalues of Ca. As shown,
the zeros of f capture all the eigenvalues of M that are not shared with Cj.

If A\ is not an eigenvalue of either A or D, then we can use this relation to obtain v; from
v and vice versa

(M — A)vy — Boy =0 = v1 = (AL — A) ' Bug, (7.31)
~Cvi+ (M —D)va =0 = vy = (A — D) Cu;. (7.32)

We can combine the above four equations in two different ways

0

(M-A)v; — By = ((M_A) - B (AI-D)'lc) v (using (7.32)) (7.33)

0 = —Cuvp + (M-D)vy = (()\I-D) - C’()\I-A)'lB> vs  (using (7.31)) (7.34)
These relations can be used as follows. Suppose for a given A (not an eigenvalue of either

A or D) we find a a vector vy that satisfies (7.34), then (7.31) can be used to construct a
vector vy that satisfies (7.33) since

(()\I-A) -B (AI—D)'lc*) v = ((AI—A) -B ()\I-D)'lc) (M — A)" Bus

(B ~B(\-DY'C (M — A)'lB> Vs

B(M-D)* (()\I-D) O\ — A)'lB) v = 0.

We can now use the above development to device a method for finding eigenvector updates
similar to that for eigenvalue updates of Lemma 7.4

Lemma 7.6. Consider an operator update A+ UV where U and V' have finite-dimensional
domain and range respectively (i.e. UV is finite rank). For any eigenvalue A of A+ UV
that is not an eigenvalue of A, any corresponding eigenvector v is given by

v = (M—-A)"U w, where (I—V()J—A)'1 U)w = 0.

Proof. In the formulas (7.33)-(7.34), define D := (A — 1)I, thus A\ — D = I. Now define
B :=U and C :=V, and the statement follows. O

This lemma is most useful when compositions like V' (A — A)_1 U can be calculated and
their eigenvectors computed. The case of circulant matrices, or more generally, Toeplitz
operators are possible applications.
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Figure 7.2: Eigenvectors of the matrix M = Cy + vv* of Examples 7.5-7.7 for the case n = 11. Only five
eigenvalues of M are distinct from those of C,, and Lemma 7.6 is applied to those. The solid blue circles
depict the eigenvectors computed with the formula (7.35), while the hollow circles are the eigenvectors com-
puted directly for M. Since eigenvectors are only determined up to scalar multiples, the two computations
differ only up to a scalar multiple as can be seen above.

Example 7.7. We now revisit Example 7.5 to calculate some of the eigenvectors of the update
using the above lemma. For the subset of eigenvalues of M that are not eigenvalues of C, (see
Figure 7.1), the eigenvectors v are calculated from the lemma by

v=(\=-C)"va, where (1 —v* (A= Cp)" v) a = 0. (7.35)

Note that in this case « is any scalar, and therefore the eigenvectors are any scalar multiple of
(M — C,)" v (where X is the eigenvalue of M that is not an eigenvalue of C,). This circulant-
matrix times vector product can be calculated using the DFT formulas (7.28), or directly with
numerical computations. Figure 7.2 illustrates the computation of the eigenvectors with the
formula (7.35) and with direct numerical computations using eigenvalue/vector routines.

7.2 Block Similarity Transformations: Sylvester and Riccati
Equations

The block LU, UL and UDL decompositions described in the previous section can be thought
of as block triangularization (for the LU and UL decompositions), and block diagonalization
(in the UDL case). However, the transformations required are not similarity transformations
as can be seen for example from the statements in Lemma 7.1. Those transformations are
however useful in studying the invertibility of block-decomposed matrices. In the Hermitian
case, the required transformations (7.23) are actually congruence transformations, which
preserve the sign definiteness of Hermitian matrices, and this makes them useful in studying
the definiteness of block-partitioned matrices. On the other hand, if one is interested in
studying the spectra and invariant subspaces of block-partitioned matrices, it is useful to
try to block-triangularize or block-diagnonalize using similarity transformations. These
question will lead naturally to matrix Riccati and Sylvester equations as we now illustrate.

Observe that all transformations used in the previous section (e.g. (7.16) or (7.17)) are
of the forms

I X I 0
oe=lo 5] ey Y-
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Such transformations are convenient to work with since their inverses are easily established

_ I -X _ I 0
UX1 = [0 7 ] , LX1 = [—X I} .

Now we investigate whether we can use such transformations to block-diagonalize or block-
triangularize a 2 x 2 partitioned matrix. Consider first a block upper-triangular matrix and
a similarity transformation of the form Uy

0 I 0 Axp||0 I| | O Az '

Thus if we can find a matrix X such that the (1,2) block is zero, then we have found
a similarity transformation that renders the given upper triangular matrix into a block-
diagonal form. Finding such a matrix is equivalent to solving a matrix Sylvester equation

. I —-X A11 A12 I X o All 0
AnX—XAQQ = —A12 = |:O I :| |: 0 A22:| |:O I:| = [ 0 A22:| . (736)

The solvability of this equation is governed by the properties of the matrix-valued operator
S(X) := AX + BX. Note that in this case this operator is “square” since X and A;2 have
the same size. Recall that the eigenvalues of a Sylvester operator are given by

S(X)=AX+ XB = eigs(S) = eigs(A) + eigs(B),

where + stands for all possible sums of elements of the two sets. Thus S(X) := A3 X — X Ags
is invertible iff no eigenvalue of Aj; is equal to an eigenvalue of Ags (for otherwise the
difference of those two eigenvalues would be zero). We can now conclude that there exists a
block-triangularizing transformation of the form (7.36) if” there are no common eigenvalues
between A1 and Ass.

Now consider a 2 x 2 block-partitioned matrix and a similarity transformation of the
form

I 0| [A17 A |I O . A+ A X Aio
X I||Ay Ag| | X I|- o — XA — XA X + A9 + A0 X —XAio+ Agg

Thus if the matrix X solves the following matrix Algebraic Riccati Equation (ARE), then
the similarity transformation above converts A to block upper-triangular form
A X — XA — XA X + Ay 0 (7.37)

I 0 A11 A12 I 0 _ A11+A12X A12
-X I Agl A22 X I 0 AQQ*XA12 ’

N (7.38)

Unlike a Sylvester equation, the Riccati equation (7.37) always has multiple solutions. The
fact that the transformation (7.38) is a similarity transformation aids greatly in understand-
ing the set of solutions. For example, we know that

. A+ A X Aro
e | 4 M)

= eigs(A11 + A12X) @] eigS(AQQ - XA12) .

. : A A
eigs(A) = ags({Ai A;ﬂ)

"Note that for any given matrix, this condition is sufficient but may not be necessary. There could be
cases where S is not invertible, but Aj2 is in its image space, and then there is an infinite number of solutions
of the Sylvester equation.
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The fact that the set eigs(A) is independent of X means that any solution of the ARE is
such that the eigenvalues of A are “divided up” between the eigenvalues of A1y + A2 X and
Ao — X Aro.

We can go further by examining the eigenvectors after rearranging (7.38) into

A11 A12 I 0 o I 0 A11 +A12X A12
A21 A22 X Il |X I 0 AQQ_XA12

A1 Ags I B I
= [A21 AzJ [X] = [X] (A + A12X).

¥ is an invariant subspace for A, and the eigenvalues of Ay1+ A2 X

are the eigenvalues of A restricted to that subspace. Under some conditions, we can actually
go in reverse, that is, by finding invariant subspaces of A, we can construct solutions to the
ARE as described next.

Suppose we are given an ARE of the following form

This implies that span {I

BX +XA-XMX+Q = 0,

where no assumptions are made on the matrices other than compatibility of dimensions.
Let X be n x m. Compatibility of dimensions implies that A must have m columns, B has
n rows, M is m x n and @ is n x m. This also implies that A and B are square. We can
therefore arrange the four coefficient matrices A, B, M, ) into a 2 X 2 partitioned matrix as
follows

= [Q )

Now we look for invariant subspaces of H that can be represented as span { ] for some

X
matrix n x m matrix X, which must be of dimension m. Any subspace of dimension m can

. . .| X e
be parameterized as the image space of an (n+m) X m matrix 1} , where the partitioning

Xo
is such that X7 is an m x m square matrix. If X; is invertible, then

Xi| I _ I . _1
[ <[ L] w) < w2 e

The condition that X is invertible is equivalent to the condition that ! O} is invertible,

Xy I

. X . .
which can also expressed as the subspaces Im [ Xl} and Im [0} being complementary in
2

I
R™*™_ The conclusions above are summarized next.

Lemma 7.8. Consider the following matriz Algebraic Riccati Equation (ARE)
BX+XA-XMX+Q = 0,

where X is n X m, and all other matrices are of compatible dimensions. Consider also the
2 X 2 block partitioned matrix

—-A M
H::[QB
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1. Every solution X of the ARE is such that Im L{(] is an m-dimensional invariant

subspace of H, and eigs(—A + MX) are the m eigenvalues of H restricted to that
invariant subspace.

2. Every m-dimensional invariant subspace Im [?1} of H that is complementary to Im [ﬂ
2

corresponds to a solution X = Xy X1 ' of the ARE. Furthermore, eigs(—A 4+ MX) are
the eigenvalues of H restricted to that subspace.

The lemma above gives a computational procedure for finding ARE solutions. First look
for m-dimensional invariant subspaces of H that satisfy the complementarity condition, and

then form X from a matrix that spans that subspace. In the simplest case that H has
distinct eigenvalues, there are at most such subspaces. Another way to think about

this algorithm is as follows. Since any solution of the ARE corresponds to a selection of a size
m subset of the eigenvalues of H, first decide on which subset should be the eigenvalues of
— A+ M X. Second, check if that invariant subspace satisfies the complementarity condition,
and if it does, construct X = X X; ! as above.

Exercises

Exercise 7.1

If My rather than Moo is invertible, then show using similar arguments to those leading
to (7.13), (7.14) and (7.15) that the following holds

My M| [ 1 0] [My My, (7.39)
Moy Mao (Mot MY I | 0 Moy — Moy My My, '
_ [ M, 0 } {I MﬂlMlg_ (7.40)
| My Moo — Moy M " Myo| |0 1 ’

I

0

| My Myt I

I

My
0

0

Moy — leMﬁlMlz_

0 1

| [I M My

} (7.41)

Note that it is easy to simply verify the above equations by direct calculations. However, it
is a useful exercise to imitate the arguments leading to (7.13) and (7.14) for the following
reason. What if the above equations were not given to you? What if you only knew that
M7, is invertible, and you needed to discover those transformations?
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