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CHAPTER 1
Introduction

1.1. Overview of Problems of Interest

Signal synthesis and recovery is all about the situation illustrated in Figure [T.T}
when the system and the output are given, and the goal is to find a corresponding

input output

Figure 1.1. A typical system.

input. In the signal synthesis problem, the output is a design specification, and the
goal is to find an input that causes the system to generate the desired output. In the
signal recovery problem, the output is measurement data, and the goal is to find the
input that generated it. In practice, there may be many inputs that can generate the
same output; hence, additional constraints must be imposed on the input to select a
particular solution.

We can pose the situation in Figure [I.1] somewhat more formally as shown in
Figure|1.2] which suggests the equation

A

Figure 1.2. A mathematically defined system.

y=f(x). (1.1)

Equation (I.I)) immediately raises several mathematical questions. First, what kind
of object is x? We answer this by requiring that x € X, where X is some set of
admissible system inputs; i.e., admissible arguments for f. Second, what kind of
object is y? Certainly, y must be the same kind of object as f(x) for any x € X. In
general, we require that for all x € X, f(x) € Y for some fixed set Y. Note that it is
not required that for all y € Y, there exist an x € X with f(x) = y.

In many problems, we have a mathematical model in which a measurement yg € Y
is equal to f(xo) for some xp € X. However, due to noise or modeling errors, when
Xo is applied to the system, the output that is actually measured is

Y1 # Yo- (1.2)



2 1 Introduction

Somehow, based on the observation y;, we want to find xy. There are two situations
to consider. First suppose there is an x; such that y; = f(x;). Then we would like to
say something like, “if y; is close to yg, then x; will be close to xy.” Second, suppose
that there is no x; € X with y; = f(x;). In this case, we could consider the problem

arél)rfl distance (y1, f(x)). (1.3)

What do “close” and “distance” mean? In general, since x and y may be very different
kinds of objects, we may need different notions of closeness or distance. In order to
examine these questions precisely, we must learn a bit about metric spaces.

In many signal processing applications, the sets X and Y are vector spaces.
Among other things, this means that there is a notion of addition for objects in X
and a notion of addition for objects in Y. Hence, we can employ additive noise mod-
els. For example, instead of (I.2), we can write y; = yo + Ay for some nonzero Ay.
Distance in vector spaces is often measured by a norm. In this case, every vector
has a notion of size associated with it. This is usually denoted by ||x||. The distance
between two vectors xg and x; is then taken to be ||xo — x1||. Since different spaces
have different norms, for emphasis we sometimes write ||x||x for x € X and ||y||y for
yeyY.

Another advantage of having X and Y be vector spaces is that it makes sense to
talk about linear functions (usually called linear transformations or linear opera-
tors). In this case, we often denote the function (transformation or operator) by A; we
write y = Ax instead of y = f(x). When Y is a normed vector space, becomes

min [y — Ax]ly. (1.4)

As x runs over X, Ax runs over
rangeA := {Ax:x € X}.

Hence, we are trying to find a point in rangeA that is closest to y;. This is the
projection problem. Since A is linear, its range is a subspace. When y; is a point
in the plane and the subspace is a line through the origin, the projection problem is
straightforward, as shown in Figure The point we need has the property that the
error vector is perpendicular (orthogonal) to every vector in the subspace. How can
we generalize this idea when y; is a waveform, e.g., a sine wave, instead of a point
in two-dimensional space? This brings us to the topic of inner-product spaces. If Y
is an inner-product space with inner product denoted by (-,-)y, we show later that x;
achieves the minimum in if and only if

(y1 —Ax1,Ax)y =0, forallxeX.

December 23, 2010



1.2 Examples and Some Basic Definitions 3

V1

€rror vector

subspace

0 closest Boint to y

Figure 1.3. A projection problem in the plane.

If in addition X is an inner-product space with inner product denoted by (-,-)x, we
show later that the above formula holds if and only if

(A*y1 — (A*A)x1,x)x =0, forallx € X,

where A* is the adjoint of A (defined later). Since x is arbitrary, it follows that x;
satisfies the linear equation
(A*A)x; = A%yy.

In many cases the solution of this equation can be found. In particular, if X is finite
dimensional, then A*A can be identified with a matrix, and A*y; is a column vector,
and x; can be found using MATLAB.

If you have studied linear algebra, you may be familiar with the diagonalization
of matrices and the singular-value decomposition (SVD) of matrices. These are
fundamental tools for studying linear operators on finite-dimensional spaces. How-
ever, operators encountered in applications are often defined on infinite-dimensional
spaces. Fortunately, the notions of diagonalization and SVD can be generalized to
infinite-dimensional settings.

Formula (T.4) is an example of an optimization problem. Not all such problems
can be solved so easily. To minimize a real-valued function of x, which we now call f,
what should we do? If x is a real number or an element of IR?, we can differentiate.
What should we do if x is a waveform? How does one differentiate with respect
to a waveform? Later we generalize the notion of derivative to functions defined
on infinite-dimensional spaces by introducing the Fréchet and Gateaux derivatives.
Since setting these derivatives equal to zero means solving f/(x) = 0, we have a
special case of (I.T). It’s all about solving equations. ...

1.2. Examples and Some Basic Definitions

Recall that a linear, time-invariant system with input x and output y can be de-
scribed by the equation

y0) = [ he—)x(war,

December 23, 2010



4 1 Introduction

where £/ is the system impulse response. We consider the situation in which the
output y is given, and our job is to find an input x that causes the system to produce
the output y.

When y is a system design parameter, the determination of x is regarded as a
synthesis problem. When y is given by measurement data (usually noisy), the deter-
mination of x is regarded as a recovery problem.

At first glance, it appears that the synthesis problem can be solved easily us-
ing Fourier transforms. If Y, H, and X denote the Fourier transforms of y, 4, and
x, then Y (f) = H(f)X(f), and it follows that x is the inverse Fourier transform of
Y(f)/H(f). However, a little thought raises the following issues. It is possible that
the the system blocks certain frequencies; i.e., there may be a range of frequen-
cies f for which H(f) = 0. If Y(f) is nonzero for these f, there is no solution of
Y(f) = H(f)X(f) for these f. For example, if y is a “bang-bang control” signal,
then y will need to have jump discontinuities; however, such a signal cannot be gen-
erated by a bandlimited system.!

Other difficulties arise if we impose the following two conditions. First, we as-
sume that y(¢) is given only for a finite range of times, say 0 <t < Ty. Second, x is to
be a finite-duration signal, say 0 <t < T;. Under these conditions, we have

Ty
y(t) = A h(t—7)x(t)dt, 0<r<T,.

See Sections and[7.6 for details.

Notes

Note 1.1. If y is a finite-energy waveform that is bandlimited, say Y (f) = O for
|f| > W, then

o= [ vinear,

where Y is square integrable on (—oo,00) [21} the Plancherel Theorem]. It is then
easy to show that y is a continuous function of 7{]i.e., y cannot have jump disconti-
nuities.

“ The dual of this fact is proved in Sectionm

December 23, 2010



CHAPTER 2
Vector Spaces

A vector space is a nonempty collection of objects that we can add and subtract,
very much like the real or complex numbers that you are used to.! Also, there is a set
of scalars, which for us will always be the real numbers, IR, or the complex numbers,
C. These scalars interact with vectors via an operation called scalar multiplication
such that if a is a scalar and x is a vector in X, then ax is a vector in X.2 When the
set of scalars is IR, we call X a real vector space, and when the set of scalars is C,
we call X a complex vector space.

There are many examples of vector spaces. The ones you are most familiar with
are the finite-dimensional Euclidean spaces IR? and C?. However, we are most in-
terested in vector spaces of waveforms defined on some time interval. For example,
we may consider the vector space of continuous functions defined on a given time
interval.

2.1. Linear Combinations

If xy,...,x, are vectors, and cy,...,c, are scalars, we call
n
Y cik
k=1

a linear combination. Notice that a linear combination is a sum with a finite number
of terms. Infinite sums are not considered linear combinations.

As mentioned, we are most interested in vector spaces of waveforms. In many
cases, the waveforms x;, are related to a common pulse v by time delays. For example,
we may have x;(f) = v(r — 1) for some delay 7. Suppose we are given scalars
c1,..-,Cn, and we wish to plot the linear combination of delayed waveforms

y(t) = i ckxx(t) = i vt — )
=1 =1

in MATLAB.
Example 2.1. We use 1incmb? to plot the linear combination
() = 5e1742/2 _ = (=9)/2 4 3,872 g <4< 12,

The first step is to create an M-file with the common pulse v(7) = e '/2,

5



6 2 Vector Spaces

function x = v (t)
x = exp(-t."2/2);

The commands
t = linspace(0,12,200);
tau = [4 5 8];
c = [5-1 3];
y = lincmb(t,c,’v’,tau);
subplot (2,1,1)
plot(t,y);

generate the top graph in Figure [2.1] The function 1incmb can also return the indi-

5

10 12

Figure 2.1. Linear combination y (top) and shifted pulses x; (bottom) for Example@

vidual delayed pulses x; so that they can be plotted. This is accomplished by replac-
ing the last three lines of MATLAB code above with

[y,xmat] = lincmb(t,c,’v’,tau);
subplot (2,1,1)
plot (t,y);

subplot (2,1,2)
plot (t,xmat) ;

The results are shown in Figure 2.1}

More generally, we may include a scale factor s; as well and have

xi(t) = v(se(t —w))-

December 23, 2010



2.1 Linear Combinations 7

Suppose we are given scalars cy,...,c,, and we wish to plot

n

y(t) = Zn: e (t) = Y cxv(si(t — )
k=1

k=1

in MATLAB.

Example 2.2. Consider the common decaying exponential pulse,

V(t) . 6717 t Z 07
10, r<O.
We use 1incmb to plot the linear combination of the five decaying exponentials,

(—D*((r—k)/k), 0<t<7,

gl

y(t) =

k=1

as shown in the top graph in Figure 2.2] The bottom graph in the figure shows the
scaled and shifted pulses x;. As before, the first step is to create an M-file with the

0 1 2 3 4

5 6 7
! N%

\
0 \11\
o 1 2 3 4 5 6 7

Figure 2.2. Linear combination y (top) and scaled and shifted pulses x; (bottom) for Example@

common pulse v.

function x = v (t)

x = zeros(size(t));
i = find (t>=0);
x (1) = exp(-t(i));

December 23, 2010



8 2 Vector Spaces

The commands

t = linspace(0,7,200);

tau = [1:5];

c = (-1). tau;

s = 1./tau;

[y,xmat] = lincmb(t,c,’v’,tau,s);
subplot (2,1,1)

plot(t,y);

subplot (2,1, 2)

plot (t, xmat) ;

generate Figure

2.2. Linear Independence

Let G denote a nonempty subset of a vector space X. The set G may have finitely
many elements or infinitely many elements. We say that G is linearly independent if
whenever xp,...,Xx, is a finite collection of vectors from G and cy,...,c, are scalars,

n
Z crxy = 0 implies all the coefficients ¢; must be zero.
=1

If G is not linearly independent, we say G is linearly dependent.
Some care is needed to appreciate the equation

when the x; are waveforms. For example, if the x; are waveforms defined on some
time interval, say [3,7], the above equation is understood as shorthand for

n
chxk =0, forallzre[3,7].

Example 2.3. Consider the waveforms x(¢) = 1/t and y(¢) = 1/t*> for 0 <t < 1.
We show that x and y are linearly independent. To do this, we let c; and ¢, be arbitrary
scalars, and we assume that

C1 (&)

— 45 = 1). 2.1
t+t2 0, r€(0,1) 2.1)

December 23, 2010



2.2 Linear Independence 9

Since (2.1) holds for all r € (0,1), it must hold for any particular values of ¢, say
t = 1/4 and r = 1/2. This leads to the system of equations

4c1 + 16¢y = 0,
2c1 + 4c¢p = 0,

which can easily be solved to show that ¢c; = 0 and then that ¢; = 0 as well. Consider,
however, another approach. Multiply (2.1)) by #? to get

cit+c, =0, re(0,1). (2.2)

Since equality holds for 7 € (0, 1), equality holds in the limit as # — 0. Taking the re-
quired limit shows that ¢ = 0. It then follows that ¢;z = 0 for ¢ € (0, 1). Specializing
to r = 1/2 shows that ¢; = 0 as well. For a third approach, which avoids taking an
explicit limit in (2.2), let us differentiate (2.2) instead. This yields ¢; = 0. Using this
in (2.2) yields ¢, = 0 as well.

Remark. The preceding example shows that there are many approaches to prov-
ing that a collection of waveforms is linearly independent. In a specific case, one
approach may be significantly easier to carry out than another.

Example 2.4 (Lagrange Interpolation). Given distinct times Ty,...,T,, We can
define the Lagrange polynomials
t—7)-- -7 ) —T1)--- (1 —T)
(7= 1) (5= T (T = 1) - (T — )

tj(r) =

for j=1,...,n. Each ¢; is a polynomial of degree less than n. Note that £;(7;) =1,
and that for i # j, £;(7;) contains the factor (7; — 7;) in the numerator and so must be

zero. In other words,
_JLj=i
flw) = { 0, j#i

To show that the /; are linearly independent, suppose that for some scalars c,...,c;,
n
Z cilj(t)=0, forallr.
J=1

Since this holds for all ¢, if we put # = 7;, then all the terms except the one with j =i
are zero, and we get ¢; = 0. Thus, the Lagrange polynomials are linearly independent.
Furthermore, if

p(t) = i cjl;(1),
j=1

December 23, 2010



10 2 Vector Spaces

then p(7;) = ¢;. Hence, p is the unique polynomial of degree less than n that takes
the values ¢; att =t; fori=1,...,n.

The following lemma illustrates a method for proving linear independence that
can sometimes be easy to use. First, however, we need a definition. A scalar-valued
function f defined on a vector space X is said to be a linear functional if for scalars
a and b and vectors x and y, f(ax+by) = af(x) +bf(y). Note that a linear functional
has the property that f(0) = 0; i.e., applying f to the zero vector always yields the
zero scalar. To see this, write

f(0)=7(0+0) = f(0) + f(0).

where the second equality follows because f is linear. Now subtract f(0) from the
left- and right-hand sides to get 0 = f(0).

Lemma 2.5. Let vectors x1,...,x, be given. If one can find linear functionals,
say fi,..., fn, such that fi(x;) =1 for j =i and fi(x;) =0 for j # i, then x1,...,x,
are linearly independent.

Proof. Let cy,...,c, be arbitrary scalars, and suppose
n
Y cixj=o. (2.3)
j=1

Then for each i, we can write

0 = £i(0), since f is linear,
n

= fi(ZCm) by 2.3).
j=1

Z ¢jfi(xj), by linearity,
=

= ¢,

where the last step uses the hypothesis about f;. L]

Example 2.6 (Linear Independence of the Power Functions). Let IP, denote the
set of all polynomials of degree less than n. Every such polynomial x(z) is a linear
combination of the powers, 1,7,72,...,f"~!. To establish linear independence of the
powers, it is more convenient to write the typical element x € IP, in the form

n—1
x=) crxy, (2.4)
r=0

December 23, 2010



2.3 Subspaces 11

where x,.(t) :==1"/r!,r=0,...,n— 1. Now consider the linear functionals f, defined
by fy(x) := x9)(0), where x(9) is the gth derivative of the polynomial x, with x(0) := x.
Observe that for g < r,

(9) (1) = e

(r—gq)!

Hence, f,(x,) = xﬁ‘” (0) equals O for ¢ < r, and equals 1 for ¢ = r. Since xgr) is the

constant polynomial equal to 1, x@ =0 for g > r, and so f,(x,) = 0 in this case. By

Lemma 2.5] the power functions x, are linearly independent.

Example 2.7. We can combine some of the ideas from Example and use
Lemma[2.5]to show that x and y are linearly independent. Specifically, with w denot-
ing any linear combination of x and y, put

fitw) = S|

fa(w) := lim{e?w(z)).

Then f(x) =1, fi(y) =0, f2(x) =0, and f>(y) = 1.

Example 2.8. If we review Example we can see Lemma [2.5]at work again.
Use the linear functionals fj(x) := x(7;), where x is a polynomial. Then f;(¢;) = £;(7;)
has the required properties.

2.3. Subspaces

This section summarizes some basic terminology and results about subspaces.
On a first reading, it may be helpful focus on the examples and statements of results,
and to skim over the derivations rather than get bogged down in technical details.

Let X be a vector space, and let W be a nonempty subset of X. If W has the
property that for every pair of vectors wi,w, € W and every pair of scalars cy,ca,
the linear combination ciwi + cowy € W, then we say that W is a subspace of X.
Notice that taking ¢; = ¢ = 0 shows that a subspace always contains the zero vector.
We also point out two special cases: the set consisting of only the zero vector is a
subspace (called the zero subspace or the trivial subspace), and the whole space X
is a subspace.

December 23, 2010



12 2 Vector Spaces

Example 2.9. 1t is easily checked that subsets of the Euclidean plane of the form
W = {(x,y) : ax+ by = 0} for constants a and b satisfy the definition of a subspace.
Geometrically, these subspaces are straight lines passing through the origin. In three-
dimensional space, subsets of the form W = {(x,y,z) : ax+ by + ¢z = 0} also sat-
isfy the definition of a subspace. Geometrically, these subspaces are planes passing
through the origin as shown in Figure 2.3

Figure 2.3. A plane in three-dimensional space.

Example 2.10. Let X denote the vector space of all complex-valued waveforms
x(¢) defined for —oo < < oo. Let W denote the subset of all causal waveforms. In
symbols, W = {x € X : x(#) = 0 for r < 0}. Show that W is a subspace of X.

Solution. First note that W is nonempty since the zero waveform is causal. Next,
fix any wy,wp € W and any scalars c1,c,. We must show that cyw; +cpwr € W. More
explicitly, we must show that

(ciwi +coma)(t) :=ciwi (1) + cowa(t)

is equal to zero for 1 < 0. Now, since wi,wp € W, for t <0, wy(¢t) = wp(¢) =0, and
we can write
(clwl +C2W2)(l) =c1-04+c¢-0=0, r<O0.

This shows that c;wq 4+ cowy is causal and therefore in W.

Example 2.11 (The L? Spaces). Let X denote the set of all real-valued or com-
plex-valued waveforms defined on some time interval. If 1 < p < oo, we say that
x € X belongs to L? if

[ty <o
where the integral is over the time interval under consideration. Show that L? is a
subspace of X.

Solution. We use the fact (shown below) that for real or complex numbers a and
b,
la+b[P <27 (la|? + [b]?). (2.5)

December 23, 2010



2.3 Subspaces 13

If w; and w; belong to L” and ¢; and ¢; are real numbers, then
/|C1W1(t)+6’2W2(l)|pdf < /2p(|C1W1(l)|p+|c2wz(t)|”) dt

- 2p<|c1|p/w1(t)pdt+ Cz|p/w2(t)|pdt>

is finite.
To establish (2.3), we start with the triangle inequality[l] |a + b| < |a| + |b|. If
|b] <lal, then |a+ b| < 2|a|, from which it follows that

la+b|" <27lal’ <27(|a|’ + [b]7).

A similar argument works if |a| < |b|.

Closure under n-term Linear Combinations

A subspace has the property that every linear combination of one or more of its
elements always lies in the subspace. We prove this by induction on the number
n of vectors combined. By definition, the result is true for linear combinations of
two vectors (or even one vector by setting c; = 0). Denote the subspace by W, and
suppose the result is true from some n > 2. To show that ZZLI cywy € W for scalars

¢ and vectors wy € W, write

n+1 n

Z CkWk = Z CkWk + Cnt1Wn+1-

k=1 k=1
Now the sum on the right has only n terms and lies in W because we have assumed
the result is true for linear combinations of n terms. Denote this sum by wy. Then
the left-hand side is equal to wo + ¢, +1Wy+1, Which lies in W since this is a linear
combination of two elements of W.

Intersections of Subspaces Are Subspaces

Another important property of subspaces is that any intersection of subspaces is
a subspace. To see this, for every «, let Wy, be a subspace of X. Put

W=(\Wa.
o

¢ The triangle inequality is easy to verify for real numbers by checking the various combinations of
signs for a and b. To establish the result for complex numbers, it is convenient to identify them with
IR%. Then the triangle inequality becomes a simple consequence of the Cauchy—Schwarz inequality; see

Corollary

December 23, 2010



14 2 Vector Spaces

We must show that W is a subspace. Since each W, is a subspace, the zero vector
belongs to each one and to their intersection. Thus, W contains the zero vector.
Given any wy,wp € W, this pair belongs to all the Wy, and so the linear combination
c1wi + cowy belongs to all the Wy, and hence to their intersection; thus, the linear
combination belongs to W.

Span

If G is a subset of X, then the span of G is defined to be the intersection of all
subspaces of X that contain G. To see that this definition makes sense, observe that
there is at least one subspace that contains G, namely the whole space X. Notice
also that since the span is defined as the intersection of subspaces, we have from the
preceding paragraph that the span is a subspace. The span of the empty set is easily
seen to be the zero subspace.

In order to derive an alternative characterization of the span, we write the span of
G symbolically as

spanG := ﬂ w. (2.6)

W:GCW and
W is a subspace

Proposition 2.12. The span of a nonempty set is equal to the collection of all
linear combinations of vectors in the set.

Proof. Let G be a nonempty subset, and denote the set of all linear combinations
of vectors in G by Wg. The first thing to check is that Wy is in fact a subspace.
Consider two linear combinations from G, say Y'j_; axgx and Y.i_; Brg«, where each
gr € G. Then

n

ci (; (ngk) +e (kil l3kgk> =Y (croa+c2fi)ex

k=1

is another element in Wg;. Thus, Wy is a subspace. Since the one-term linear combi-
nation 1g = g € G, we see that W contains G. Since W is a subspace that contains
G, Wg is one of the subspaces being intersected in (2.6). Using the identity ANB C B
for any sets A and B, it follows that

N W CWg. 2.7

W:GCW and
W is a subspace
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2.3 Subspaces 15

To show the reverse containment, observe that if W is any subspace containing G,
then W must contain linear combinations from G; i.e., W C W. In other words, W
is a subset of every W in the intersection in (2.7)). Hence,

Wg C n w O

W:GCW and
W is a subspace

A subspace is said to be finite dimensional if it is equal to the span of a finite set.
By Proposition this means that if W = span{wy,...,w,} for some n, then every
w € W can be expressed in the form

n
w= Z ciw;
i=1

for some scalars ¢;. The scalars corresponding to a given w are unique if and only if
wi,...,w, are linearly independent, in which case we say that wy,...,w, constitute
a basis for W; a basis is defined to be a spanning set that is linearly independent.
Every finite-dimensional subspace W, except the zero subspace, has a basis,* and any
two bases of a subspace have the same number of vectors;> this number is called the
dimension of the subspace and is denoted by dimW. If W is the zero subspace, dim W
is taken to be zero. If W is a subspace of a finite-dimensional space X, then dimW <
dimX, with equality if and only if W = X.% If a subspace W is such that there is no
finite set whose span is equal to W, then W is said to be infinite dimensional.

Sums of Subspaces
If U and W are subspaces of X, then we define the sum of subspaces
U+W:={u+v:ucUandweW}.

It is easy to check that U +W is a subspace (Problem[2.13). If the subspaces are such
that every element of U + W has a unique representation, then we say the sum is a
direct sum, and we write U & W. By a “unique representation,” we mean that for
u,u' €U and w,w' € W,

u+w=u+w implies u=u andw=w'.

Linear Varieties
If x € X and W is a subspace of X, we define
x+W:={x+w:weW}
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16 2 Vector Spaces

Such a set is called a linear variety or a translated subspace. For example, if we
move the plane in Figure [2.3]down so that it no longer passes through the origin, we
get the translated subspace shown in Figure [2.4]

Figure 2.4. A translated subspace.

Example 2.13. The set of causal waveforms W is a subspace of the set of all
waveforms X (Example [2.10). Put

1, 1 <0,
xl(t):: 0.1>0

and consider the translated subspace x1 + W. This linear variety consists of all wave-
forms x such that x(¢) = 1 for 7 < 0.

Although a given translated subspace can be represented in different ways, the
next proposition shows that the subspace part is unique.

Proposition 2.14 (Subspace Uniqueness). Suppose x+W =y-+U, where U and
W are subspaces and x,y € X. Then W =U.

Proof. First note that x+0 € x+W =y + U implies x =y + ug for some ug € U.
Now fixanyw € W. Thenx+w € x+W =y+U impliesx+w=y+uforsomeu c U.
Replacing x with y + ug shows that y +uo +w = y+u, which impliesw =u—up € U.
Hence W C U. By a similar argument, U C W, and it follows that W = U as claimed.

|

A linear variety x 4+ W is said to be finite dimensional if W is finite dimensional.
In this case, the dimension of x + W is defined to be the dimension of W. Otherwise,
the linear variety is said to be infinite dimensional.
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2.4 Affine Sets 17

2.4. Affine Sets

This section summarizes some basic terminology and results about affine sets. On
a first reading, it may be helpful focus on the examples and statements of results, and
to skim over the derivations rather than get bogged down in technical details.

Let X be a vector space, and let A be a subset of X. If A has the property that for
every pair of vectors aj,ar € A and every pair of scalars c¢|,c; with ¢; + ¢ = 1, the
linear combination cja; + cpaz € A, then we say A is afﬁne{l_’] It is easy to see that
every translated subspace is affine. Let W be a subspace, and consider the translated
subspace x+ W; for ¢; + ¢, = 1 and wy,wp € W, we can write

ci(x+wi)+ea(x+wr) = (c1+c2)x+ (crwr + cawn),
— —
1 ew

which is an element of x+ W. In particular, every subspace, including the whole
space X, is affine. At the end of this section, we show that every nonempty affine set
is a translated subspace; hence, a nonempty affine set is said to be finite dimensional
or infinite dimensional according to whether it is the translation of a finite or infinite
dimensional subspace; the dimension of a nonempty affine set is defined to be the
dimension of the subspace it is the translation of.

Closure under n-term Affine Combinations

A linear combination of vectors whose coefficients sum to one is called an affine
combination. An affine set has the property that every affine combination of one or
more of its elements always lies in the set. We prove this by induction on the number
n of vectors combined. By definition, the result is true for affine combinations of two
vectors (or even one vector by setting ¢; = 1 and ¢, = 0). Denote the affine set by
A, and suppose the result is true from some n > 2. To show that ZZ:} cray € A for
scalars ¢; with ZZI} cr = 1 and vectors a; € A, we proceed as follows. First, note
that since n > 2, at least one of the ¢ # 1 (otherwise ZZLI cy =n+1>1). Suppose

¢ # 1. Write
n+1

chak = (176,’)2 ] ¢

k=1 ki - Ci
The linear combination on the right has only » terms, and since its coefficients sum to
one, the combination is affine; hence, it lies in A because we have assumed the result
is true for n terms. Denote this affine combination by ag. Then the left-hand side is
equal to (1 — ¢;)ap + cja;, which lies in A since this is an affine combination of two
elements of A.

ay + c;a;.

b This condition can also be expressed as Aa; + (1 —A)a € A for all scalars 2.
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18 2 Vector Spaces

Intersections of Affine Sets Are Affine

Just as we showed any intersection of subspaces is a subspace, it can be shown
that any intersection of affine sets is affine (Problem [2.16).

The Affine Hull

If G is a subset of X, then the affine hull of G is defined to be the intersection
of all affine sets that contain G. To see that this definition makes sense, observe that
there is at least one affine set that contains G, namely the whole space X. Notice also
that since the affine hull is defined as the intersection of affine sets, we have from the
preceding paragraph that the affine hull is an affine set. The affine hull of the empty
set is easily seen to be the empty set.

In order to derive an alternative characterization of the affine hull, we write the
affine hull of G symbolically as

aff G .= ﬂ A.

A:GCA and
A is affine

Proposition 2.15. The affine hull of a nonempty set is equal to the collection of
all affine combinations of vectors in the set.

Proof. Imitate the proof of Proposition (Problem [2.17). |

The Only Nonempty Affine Sets are Translated Subspaces

We show that a nonempty affine set is a translated subspace. Let A be any non-
empty affine set. Fix any ag € A, and put W := {a —ag : a € A}. Tt is easy to show
that W is a subspace (Problem [2.18). Hence, given any a € A, a —ap € W and so
a—ap = w for some w € W. In other words, a = ag + w, which says that a € ag +W.
Conversely, given any x € ap + W, x = ap +w for some w € W. However, from the
definition of W, w = a — ap for some a € A. Hence, x =ap+ (a —ap) =a € A. We
conclude that A = ag + W, where W is a subspace.

2.5. Convex Sets

Geometrically, a convex set is one for which the line segment joining any two
points in the set lies entirely in the set. Figure[2.5]shows a convex set on the left and
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2.5 Convex Sets 19

Figure 2.5. A convex set (left) and a nonconvex set (right).

a nonconvex set on the right. Here is a more precise mathematical definition. Let X
be a vector space, and let C be a subset of X. If C has the property that for every pair
of vectors x1,x; € C and every pair of nonnegative scalars cy, ¢ with ¢; + ¢, =1, the
linear combination c1x; + cax; € C, then we say C is convexE] It is easy to see that
every affine set, and hence every subspace, is convex. Just as the empty set is affine,
the empty set is convex.

Example 2.16. Again let X denote the set of all complex-valued waveforms de-
fined on (—oo,0) as in Example Let C denote the subset of X consisting of
real-valued waveforms x with x(¢) > 0 for [¢| < 1. Show that C is convex.

Solution. First note that C is nonempty since the zero waveform belongs to C.
Next, fix any xj,x; € C and any 0 < A < 1. We must show that Ax; + (1 —A)x; € C.
Fix ¢ with |¢t| < 1, and use the fact that x;,x, € C along with the fact that A and 1 — A
are nonnegative to write

Axt (1) + (1—A)xa(t) > 2-0+(1—1)-0=0.

This shows that Ax; + (1 — A )x; is nonnegative for || < 1 and therefore in C.

Closure under n-term Convex Combinations

A linear combination of vectors whose coefficients are nonnegative and sum to
one is called an convex combination. A convex set has the property that every
convex combination of one or more of its elements always lies in the set. This can be
shown by trivial modification of the induction proof of the analogous result for affine

sets (Problem 2.19).
Intersections of Convex Sets Are Convex

Just as we showed any intersection of subspaces is a subspace, it can be shown
that any intersection of convex sets is convex (Problem [2.20).

¢ This condition can also be expressed as Ax; + (1 —A)xp e Cforall 0 <A < 1.
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20 2 Vector Spaces

The Convex Hull

If G is a subset of X, then the convex hull of G is defined to be the intersection
of all convex sets that contain G. To see that this definition makes sense, observe that
there is at least one convex set that contains G, namely the whole space X. Notice
also that since the convex hull is defined as the intersection of convex sets, we have
from the preceding paragraph that the convex hull is a convex set. The convex hull
of the empty set is easily seen to be the empty set.

In order to derive an alternative characterization of the convex hull, we write the
convex hull of G symbolically as

coG:= ﬂ C.

C:GCC and
C is convex

Proposition 2.17. The convex hull of a nonempty set is equal to the collection of
all convex combinations of vectors in the set.

Proof. Imitate the proof of Proposition (Problem|2.21]). |

Carathéodory’s Theorem

Carathéodory’s Theorem says that if C C IR" is the convex hull of finitely many
vectors, then there is a subset of at most n + 1 of these vectors such that C is the
convex hull of the subset.

Carathéodory’s Theorem is frequently used to simplify the characterization of the
capacity region of multiuser channels in the study of information theory.

Theorem 2.18 (Carathéodory). Let x1,...,x, be vectors in IR". Suppose x =
Zf’:l Aixi, where A; > 0 and Zf:l Ai=1. If p > n+1, then there exist {X1,...,Xp+1} C
{x1,...,xp}, and there exist jt; >0, Y p; = 1 with x = Y wix.

Proof. (May be skipped without loss of continuity.) The proof is based on [27,
p. 41]. The proof is by induction on p. The case p = n+ 1 is trivial. Suppose

p >n+1. Then the set {x; —x,,...,x,—1 —x,} contains more than n vectors, and is
therefore linearly dependent. Hence, there exist scalars ¢y, . ..,c,—1 not all zero such
that

p—1 p—1 p—1
Z ci(xi—xp) = 0 = Z cixi + (— Z ci>xp.
i=1 i=1

i=1
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Puta;:=c;fori=1,...,p—1,and puta, := —Y""'¢;. Then

p
Za,-x,- =0 and Za,- = 0.

i=1 i=1

Note also that since the ¢; are not all zero, at least one of the a; must be positive, and
at least one of the a; must be negative. Next observe that for any p € IR,

g

(2.,’ — pa,-)x,- = X.

i=1

Put p; := A; — pa;. Note that Y7 y; =¥¥ | A; = 1. Our goal is to choose p so that
Wi > 0 and such that for some j, u; = 0. If we can do this, then

X = Hixi = Z Mixi,
i=1,i#j

p p

i=1 i=1,

and we can apply the induction hypothesis to {)c,-}f:1 it which contains p — 1 vec-
tors.

We claim that setting p := max,,<oA;/a; works. Since p <0, for a; >0, y; =

Ai —pa; > 0. For a; <0, p > A;/a;, or equivalently, pa; < A;. Hence, for a; < 0, we

also have y; = A; — pa; > 0. Finally, since the maximum defining p is achieved, for

some j, p =Aj/aj,and pj =A; —pa;=0. |

Notes
Note 2.1. Here are the precise additivity properties of a vector space X.

(i) closure: Forallx,y € X, x+y€X.
i) commutative law: Forall x,y € X, x+y=y+x.
(iii) associative law: For all x,y,z € X, (x+y)+z=x+ (y+2).
(iv) additive identity: There exists an element of X, denoted by 0, such that for all
xeX, x+0=x.
(v) additive inverse: For every x € X, there exists a unique element of X, denoted
by —x, such that x+ (—x) = 0.

We can summarize these properties informally as follows. For a set X to be a vector
space, the sum of two elements of X must be an element of X. The order in which
elements are added does not affect the result. There is a zero element, and every
element can be negated.

Note 2.2. Scalar multiplication has the following five properties.
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22 2 Vector Spaces

(i) closure: For each scalar a and vector x € X, ax € X.
(i) associative law: For all scalars a and b and any vector x € X, a(bx) = (ab)x.
(iii) first distributive law: For any scalar a and any two vectors x,y € X, a(x+y) =
ax—+ay.
(iv) second distributive law: For any two scalars a and b and any vector x € X,
(a+b)x =ax+bx.
(v) For the scalar 1 and any vector x € X, 1x = x.

Note 2.3. Here is the MATLAB function 1incmb.
function [y,xmat] = lincmb (t,c,xfun,m,varargin)

Usage: lincmb (t, ¢, xfun,m)
or lincmb(t,c,xfun,m,s)

where i1if the optional argument s is
omitted, it is taken to be 1.

Compute
y(t_i) = \sum_j c_3j xfun_7j(t_1i)
and
xmat = matrix with i1j element xfun_j(t_1i)
where xfun_j(t_i) = xfun( s_j(t_i-m_3j) )

If you want to plot the funtions
xfun(s_Jj(t-m_7j)) themselves instead of
their linear combination, you can

plot (t, xmat)

t = ARRAY of times at which the

linear combination will be evaluated.

ROW vector of coefficients of the

linear combination.

xfun = either a STRING containing the name of
the underlying function to be used or
the handle of an anonymous function.

C

m = ROW vector of shifts.
OPTIONAL ROW vector of scale factors.

o o A o A° O A o O A O° A O A A O A OO A O A O A A O A A A° o O° o o° o

0]
I
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WARNING: If length(s)>1, then s and
m are assumed to have the same length;
otherwise an ERROR may result.

y = vector output (same dimension as t)
xmat = matrix (see below).

The key idea is to observe that
the formula

y(t_i) = \sum_{3j=1}"n c_j xfun(t_i-m_7)
can be viewed as matrix-vector

multiplication if we think of c¢ and
y as column vectors.

A o® o0 o° A o A o A A O° A o° d° o o

)

sizt = size(t); % Make t a column vector
1t = prod(sizt);

reshape (t, 1t,1);

length (m) ;

oot
5 ot
o

if nargin==
tmat = repmat (tt,1,1m);
mmat = repmat (m,1lt,1);
else
s = varargin{l};
ls = length(s);
if 1ls==
tmat
else
tmat = ttxs;
end
mmat = repmat (s.*m,1lt,1);
end
xmat = feval (xfun, tmat-mmat) ;
yloc = xmat«*(c.”);
y = reshape(yloc,sizt);

repmat (s (1) *tt,1,1m);

Note 2.4. To see that every finite-dimensional subspace, other than the zero sub-

space, has a basis, we start with the fact that by definition, to say that a subspace W is

finite dimensional means that W = span{wy,...,w, } for some finite n. If each w; is
the zero vector, then W is the zero subspace and does not have a basis. If wy,...,w,
are linearly independent, they form a basis. Otherwise, there exist scalars cy,...,cy,
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24 2 Vector Spaces

not all zero, with
n
Z Ciw; = 0.
i=1

Suppose some c; # 0. Then

w = l Z Ciw;.
€ iZj
Using this formula, we can convert every linear combination of wy,...,w, into a
linear combination of {w; : i # j}. We have thus converted a spanning set of n vectors
into a spanning set of n — 1 vectors. We continue in this way until we are left with a
spanning set that is linearly independent (the desired basis).

Note 2.5. Before showing that any two bases of a finite-dimensional subspace
have the same number of vectors, we need the following result.

Lemma. Let U andV be finite subsets of a vector space, and assume that V C
spanU. If'V is linearly independent, then the number of vectors in V cannot exceed
the number of vectors in U.

Proof. Suppose otherwise that U contains n vectors and that V contains m > n
vectors. Pick any v; € V. Since v; € spanU, v; can be expressed as a linear com-
bination of elements of U in which at least one coefficient is not zero. Hence, the
corresponding element of U can be expressed in terms of v; and the remaining ele-
ments of U. Let U denote these remaining elements along with v;. Then U; contains
n vectors, and spanU; = spanU. Now pick v, € V. Then v, can be expressed as a lin-
ear combination of elements of U; in which at least one of the coefficients of one of
the vectors other than v; is nonzero (otherwise v, is proportional to v;). Remove the
corresponding vector, and let U, denote the remaining vectors along with v,. Thus,
U, contains vy, v5, and n — 2 elements of U and spanU, = spanU. Continuing in this

way, after a total of n steps, U, = {v1,...,v, } and spanU, = spanU. Hence, the m —n
vectors in V that are not in U,, can be expressed in terms of vy, ..., v,, contradicting
the assumption that V is linearly independent. Ul

It is now easy to see that any two bases of a finite-dimensional space must have
the same number of elements. Suppose U and V are two different bases for the space.
Then V is a linearly independent subset of spanU, and U is a linearly independent
subset of spanV. Two applications of the lemma show that U have V must have the
same number of elements.

Note 2.6. We show that if dimX < oo and W is a subspace of X, then dimW <
dimX. Furthermore, if dimW = dimX, then W = X. Let n:=dimX. If W is the
zero subspace, the result is obviously true. If W is not the zero subspace, then there
is some nonzero vi € W. The set V; := {v;} is linearly independent. If spanV; =

December 23, 2010



Problems 25

W, we have a basis for W. Otherwise, there is a vy € W such that Vo = {v;, v} is
linearly independent. If for some k < n, this procedure stops with spanV;, = W, we
are finished. If the procedure continues until we obtain spanV,, = W, we still have to
show that W =X . If W #£ X, there is an x € X that does not belong to W = spanV,,. But
then {vi,...,vy,x} is a linearly independent subset of X that contains more vectors
than those in the basis for X, contradicting the lemma of the above note.

Problems

2.1.

2.2.

2.3.

2.4.

2.5.

2.6.

2.7.

MATLAB. Use 1incmb to plot

y(t) =v(t) =v((t=1)/2) +v((t=2)/4), 0<1<7,

v(t) = t(1—1), 0<r<1,
10, otherwise.

Also plot the scaled and shifted pulses.

Letx(t) =1for0 <7 <1, and x(t) = 0 otherwise. Let y(r) = 1 for 0 <7 < 2,
and y(¢) = 0 otherwise. Show that x and y are linearly independent.

Let x and y be as in the preceding problem, and let z(¢) = for 0 <t < 2, and
z(t) = 0 otherwise. Show that x, y, and z are linearly independent.

For 1 <t <2, putx(t) :=t, y(t) :=?, and z(t) := ¢'. Determine whether or
not they are linearly independent.

Given real numbers B < - -- < B, show that the functions x; (t) = P’ defined
on [0,00) are linearly independent. Hint: Suppose that for some coefficients
Cly.--,Cpn,

n
Z et =0, forallt > 0.
k=1

Multiply the above equation by e P and then take the limit as t — oo

Solve the preceding problem if the x; () are defined only on a finite interval
(a,b), and if the B are allowed to be distinct, possibly complex, numbers.

A certain communication system transmits linearly independent waveforms

X1,...,Xx, over alinear, time-invariant channel with impulse response /. In the
absence of noise, the receiver sees the corresponding waveforms yy,...,y,,
where

Yi(t) = /_o;h(t — T)x(1)d1.
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2.8.

2.9.

2.10.

2.11.

2 Vector Spaces

If h(r) = e 'u(r), where u is the unit-step function, determine whether or not
the y; are linearly independent.

Let Ty,...,T, be distinct real numbers, and put x;(¢) = sinc(t — T ), where
sin(7t)
. t#0
sinc(t) := mt 70
1, t=0.

Show that these functions are linearly independent on (—eo, o). Hint: The
Fourier transform of A(t) := sinc(t) is

H(f){ LIfI<1/2,

0, |f]>1/2.
Let B1,..., B, be distinct, possibly complex numbers. Consider the wave-
forms xp,...,x, on the interval [0,27] defined by

t
x.(2) ::/ sin(t)ePTdr, 0<r<o2m.
0

Determine whether or not x1, ... ,x, are linearly independent.

The ¢? Spaces. Let X denote the set of all infinite sequences of the form
x = (x1,x2,...). If 1 < p < oo, we say that x € X belongs to ¢? if

Z |xk|” < oo,
k=1

Show that ¢” is a subspace of X.

This problem addresses a subtlety in the proof of Proposition Let G be
a subset of a vector space X, and suppose G contains infinitely many vectors.
Consider two linear combinations from G, say

p q
Z a;x; and Z bjyj,
i=1 j=1

where a; and b; are scalars and x; and y; are vectors in G. Let n:= p+gq.
Specify scalars ay,...,a, and B,..., B, and specify vectors g1,...,g, in G
such that

n n

P q
Y axi=) oug and Y bjy; =Y Bigk
i=1 J=1

k=1 k=1
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2.13.

2.14.

2.15.

2.16.
2.17.

2.18.

2.19.

2.20.
2.21.

Problems 27

Proposition[2.12]applies only to nonempty sets. What is the span of the empty
set?

If U and W are subspaces, show that U + W :={u+w:u €U andw € W}
is a subspace.

Show that the sum of two subspaces, say U + W, is a direct sum if and only
if their intersection U N'W is the zero subspace.

If a finite-dimensional vector space X can be written as the direct sum of two
subspaces, say X = U @& W, show that dimX = dimU +dimW.

Show that any intersection of affine sets is an affine set.

Show that the affine hull of a nonempty set is equal to the collection of all
affine combinations of vectors in the set.

Let A be a nonempty affine set, and fix any ag € A. Show that W := {a—ay :
a € A} is a subspace.

Let C be a convex set, and let xy,...,x, belong to C. If ¢y, ..., c, are nonneg-
ative and sum to one, show that Y}, c;x € C.

Show that any intersection of convex sets is a convex set.

Show that the convex hull of a nonempty set is equal to the collection of all
convex combinations of vectors in the set.
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CHAPTER 3
Inner-Product Spaces

You are probably familiar with the standard dot product on IR?. Recall that iiﬂ
x=[x1,...,%4]" and y = [y1,...,y4]", then the dot product of x and y is ¥¢_, x;y.
For x,y € €%, the analogous quantity is

d
Z XkVk,
k=1

where the overbar denotes the complex conjugate. For real-valued waveforms, the
obvious generalization is

[y,

and for complex-valued waveforms it is!

l/x(t)@dl.

The properties of the foregoing expressions suggest the following formal def-
inition. We say that (-,-) is an inner product on a vector space X if (x,y) is a
scalar-valued function of x,y € X such that the following three conditions hold.

(i) Forallx € X, 0 < (x,x,) <o and (x,x) = 0 if and only if x is the zero vector.
(ii) Forallx,y € X, (x,y) = (y,x).
(iii) For all x,y,z € X, and all scalars @ and b, {(ax+ by,z) = a{x,z) + b(y,z).

In a real vector space, the complex conjugate in (i) is omitted. In a complex
vector space (x,y) may be a complex number, but (x,x) is always a real number and
nonnegative as well.

Property (iii) says that the inner product as a function of its left-hand argument
is linear; hence, for fixed y, f(x) := (x,y) defines a linear functional on X. Since we
showed earlier that for a linear functional f(0) = 0, it follows that (0,y) = 0.

In complex spaces, the inner product is not linear in its right-hand argument, but
it does satisfy

(z,ax +by) =a(z,x) + b(z,y).

% The superscript T denotes the transpose.
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A vector space on which an inner product is defined is called an inner-product
space.

Inner-product spaces are useful settings in which to analyze and design commu-
nication and control systems. This is most evident for continuous-time signals and
systems when the inner product is given by an integral as above.? In this case, we
have the obvious realization shown in Figure The inner product {x,y) can also

0 JAEE

y(t)

Figure 3.1. Realization of the inner product of waveforms.

be expressed as the sampled convolution of x with a filter “matched” to y. If y(¢) is
nonzero only on [0, 7], put 2(0) := y(T — 0). Then

(Lreomoa)]

_ /f (T = t)x(t)dr
_ / CYT [T —)x(v)de

/ y(1)dT = (x,y).

Since 4 is causal, the inner product (x,y) can be realized by a physical system. The
block diagram of such a system is shown in Figure where H(f) denotes the
Fourier transform of A(z).

T
R

Figure 3.2. Sampled matched-filter realization of the inner product of x and y, where H(f) is the Fourier
transform of h(r) := y(T —1t).

Remark. 1f in the preceding example y(r) is not of finite duration, we could put
h(6) = y(—6) and sample the convolution at t = 0. However, since % is not causal,
the system would not be physically realizable.
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When X is an inner-product space, we usually put [|x|| := (x,x)!/2 for x € X. As
we will see, this formula for || - || satisfies the properties of a norm, whose precise
definition is given later in Section [6.2] For now, it is convenient to introduce the
following terminology. We call x| the length of x. When x is a waveform, we
call ||x||* the energy of x. We define the distance between two vectors x and y by
|lx—y||. We say x and y are orthogonal if (x,y) = 0. They are orthonormal if they
are orthogonal and ||x|| = ||y|| = 1. A vector with ||x|| = 1 is called a unit vector.

Proposition 3.1 (Cauchy—Schwarz Inequality). For all x and y in an inner-
product space,

| e, < [l ]l 3.1)
Furthermore, if y # 0, then equality holds if and only if x = ay for some scalar a.

Proof. 1f y = 0, then both sides of (3.1)) are equal to zero. If y # 0, put

:Hx <x7y>yH2:<x boy) <x,y>y>. (32)

[IvlI? [vlI> vl

Expanding, we find that

> @nx @nx 1wl e
= [lx* - - -
F= I I¥II? IyII? Iyl I
2 |<x>y>|2
= — . 3.3

From (3.2)), ¢+ > 0, and so rearranging (3.3) yields (3.1). Now, suppose (3.1) holds
with equality. Then from (3.3), ¢ = 0, and from (3.2), x = ay with a = (x,y)/||y|*.
Conversely, if x = ay then both sides of (3.1) are equal to |a| [|||*. U]

Corollary 3.2 (Triangle Inequality). Vectors x and y in an inner-product space
satisfy [+ yl| < [lx]| + [yl

Proof. This is a simple consequence of the Cauchy—Schwarz inequality (3.1).
Write

Ix+y[1* = (x+y,x+y)
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= [|x]|* +2Rex, ) + |yl

< [lxlI* +2[Rex, y) | + Iy

< Jlell® + 213 |+ 112

< el + 20l vl +1lyl?, - by G,

= ([l + Iy ID*. O

3.1. Projections onto Subspaces

Consider a set X containing a subset W and a point x. The problem of finding
a point in W that is as close as possible to x is called the projection problem. To
quantify “closeness” requires a notion of distance. When X is an inner-product space,
the distance between two vectors x and y is taken to be ||x — y||. In some cases, the
projection problem may have a unique solution, while in others there may be no
solution or many solutions. This is illustrated in Figure [3.3] In most situations, the

// \\ X1
~ / ~
X X \No x x
l w i x
\ /
\ , ~
So_ - X2

Figure 3.3. Examples for which a unique projection exists, no projection exists, and multiple projections
exist.

projection problem is very hard. However, if X is an inner-product space and W is a
subspace, the projection problem can often be solved quite easily.

3.1.1. The Orthogonality Principle

Theorem 3.3 (Orthogonality Principle). Let X be an inner-product space, and
let W be a subspace of X. Fix any x € X. Then a vector x € W has the property that

[lx =X < |jx—w|| forallw e W, (3.4

if and only if
(x—x,w)=0 forallwe W. (3.5)

Furthermore, there is at most one element x € W satisfying (3.4) and (3.3).
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Remark. The theorem does not guarantee the existence of any projection x € W
satisfying either or (3.5). The theorem only says that if there exists an X € W
satisfying either property, then the other property is also satisfied. The theorem also
says that if such an X exists, it is unique.

Before proving the Orthogonality Principle below, we give a simple example of
its application.

Example 3.4. Let x( be a finite-energy waveform that may not be causal. Find
the best causal approximation of x.

Solution. Intuitively,

- {xo(t), t>0,

() =13 "9 t<0

should be the best causal approximation of xo. However, it is important to realize
that the problem as stated is not well defined. We choose to interpret the question in
a way that allows us to apply the Orthogonality Principle. First, let X denote the set
of all finite-energy waveforms x defined on (—oo, o). More precisely, X is the set of
all waveforms on (—oo,c0) that satisfy [*_|x(¢)|?dt < o. We equip X with the inner
product

(x,y) = 1 o;x(t)y(t)dt.

Let W denote the subset of waveforms in X that are also causal. Arguing as in Ex-
ample W is a subspace of X. We interpret the question as asking us to find a
point xp € W that minimizes the distance ||x — w|| over all w € W. To show that the
formula above for Xy achieves the minimum distance to W, we use the Orthogonality
Principle. We must show that (xo —Xp,w) = 0 for all w € W. Write

(xo —Xo,w) = /_m [xo () —Xo(1)]w(t) dt

= Xo(t)]w(t)dt, since w is causal,

/0
.0/0

[ro(r) — X
0-w(t)dt, since xo(t) —%o(t) = 0 for > 0,

Proof of the Orthogonality Principle. We first show that (3.5) implies (3.4).
Suppose that (3.5)) holds for some x € W. Then for allw € W,

e = wlf* = =% +%—w|?
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o~

2 - - 2
= |lx—Xx||*+2Re(x—X,x—w)+|[|[x—w
[l —xI| { )X —wl
ew
= |lx—x|>+||x—w|?, using (3-3), (3.6)
> |lx =3,

and thus (3:4) holds.

To prove the converse result, suppose (3.4) holds. To obtain a contradiction,
suppose there is a w € W such that (x —x,w) = ¢ # 0. Without loss of generality, we
may assume that |w| = 1. (Otherwise, let w' := w/||w||, ¢ := ¢/||w]|| # 0, and note
that (x —x,w') = ¢’ #0.) Write

Jor— (@ ew) |2 = [[(x— %) — cw]P
ew
= x>~ (x— Few)
— (ewx—2) + lew]?
— Jx—F|2 = e — e+ [e[2[w]?
= x>~ [P

< |lx—x11%, since ¢ # 0.

Since x+ cw € W, we have contradicted (3.4)).
Finally, we show that if X exists, it must be unique. Suppose that x € W satisfies
(3-5), and suppose there exists a X € W satisfying

(x—%,w)=0 forallwe W.

Then
[x—5* = (x— %% %)
=X—x+x—%x—%)
={x—-XF—X)+x—%x—%)
=0+0, sincex—xe W
Thus, ||¥—%|| =0, and X = %. O

The Orthogonality Principle says that (3.4) and (3.5) are equivalent. Hence, if X
satisfies (3.3)), we say that X is the orthogonal projection of x onto W. See Figure[3.4]
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0 X

Figure 3.4. An orthogonal projection.

Figure[3.4]suggests that we introduce the following concepts. We say that a vector
y is orthogonal to a subset G, denoted by y L G, if (y,g) = 0 for all g € G. The set
of all such y is called the orthogonal complement of G and is denoted by G-. For
example, since the Orthogonality Principle tells us (x —x,w) = 0 for all w € W, we
can write x —X L W orx—x € W+.

We now derive some simple properties of orthogonal projections. Since
implies (3.3)), we can take w = 0 in and obtain
el = [l =212 + [1%1%,
from which we obtain the error formula,
e =11 = flc]l = [I11%, 3.7

as well as the inequality,
]| = %] (3.8)

This inequality shows that the operation of projection onto a subspace does not in-
crease the energy of the output signal.

Theorem 3.5 (Linearity of Projections). Suppose x; and x, belong to an inner-
product space X and have projections x| and x, onto a subspace W. Then for any
scalars ¢y and ¢y, the projection of c1x1 + caxp onto W is given by c1X1 + ¢2%>.

Proof. Problem[3.6] O
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3.1.2. The Projection Theorem for Finite-Dimensional Subspaces

Theorem 3.6 (Finite-Dimensional Projection Theorem). If W is a finite-dimen-
sional subspace of an inner-product space X (whose dimension may be finite or infi-
nite), then the projection of any x € X onto W always exists; i.e., there exists a unique
element of W, denoted by x, that satisfies (3.4)) and (3.5] -

Remark. The theorem tells us that for finite-dimensional W, every x € X has the
unique representation x = X+ (x — X), where X € W and, by l) x—xeWt In
other words, we have the direct sum X = W & W=,

Proof. If we can establish the existence of at least one projection, uniqueness
follows from the Orthogonality Principle. To say that W is finite dimensional means
that there is a finite set of vectors, say wy,...,wy, such that W = span{wy,...,w,}.
To be explicit, every element of W is of the form

Z Ciw; (39)
i=1
for some scalars ¢; (Proposition [2.12). Without loss of generality, we may assume

W1,...,w, are orthonormal (if not, we can apply the Gram—Schmidt procedure? to
replace the w; with orthonormal vectors). We claim that

Zn: (x, w, (3.10)

satisfies (3.5, and by the Orthogonality Principle, x satisfies (3.4) as well. Since
every w € W has the form (3.9), we see that

RS S

This quantity will be zero if (x — X, w;) = 0 for all i. Using our proposed X, write

e = (= 3 (oo,

=1

= (row) = Y o) (g

J
= (x,w;) — (x,w;) = 0. 0
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When wy,...,w, are orthonormal as in the foregoing proof, it is easy to check
that (3.10) implies
n
X7 =Y | (e wi) 2. G.11)
i=1

Combining this with (3.8)), we obtain Bessel’s inequality for an orthonormal basis,

n
Y G wi) |2 < x| < oo, (3.12)

i=1

Further, we note that since x = X if and only if x € W, (3.7) and (3.11) together imply
that

I =Y [(x,wi) 2, xew. (3.13)
i=1

3.1.3. Computing Projections with an Orthonormal Basis

When the subspace W has an orthonormal basis, the proof of the Finite-Dimen-
sional Projection Theorem shows that the projection is given by (3.10).

In general, the vectors w; in can belong to any inner-product space. For
example, the w; could be waveforms. However, when the w; are column vectors in
C™, if we let W denote the m x n matrix whose columns are wy, ..., w,, then the right-
hand side of (3.10) can be expressed as Wiw'x, where the superscript H denotes the
complex-conjugate transpose. The corresponding MATLAB expression is WxW’ *xﬂ

3.1.4. Computing Projections without an Orthonormal Basis

When the subspace W is described as the span of vectors that are not orthonor-
mal, the proof of the Finite-Dimensional Projection Theorem suggests that we apply
the Gram—Schmidt procedure and the resulting orthonormal basis to compute the
projection. Here we describe another approach.

Theorem 3.7. If X is an inner-product space (whose dimension may be finite
or infinite) and W = span{wy,...,w,}, then the projection of any x € X onto the
subspace W is given by

n
X = Z Ciwj,
=1

b In MATLAB, * denotes the complex-conjugate transpose, while .’ denotes the ordinary transpose
without complex conjugation.
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where ¢:=[c1,...,cy|" is any solution of the matrix-vector equation Gc = b, where G
is the n x n Gram matrix whose i j entry is (w;,w;), and b := [{(x,w1),..., (x,wy)]T.
The equation Gc = b always has at least one solution, and the solution is unique if
and only if wi,...,w, are linearly independent.

Remark. When wy, ..., w, are linearly independent, the solution of Gc = b can be
computed in MATLAB with the command c=G\b. If the w; are linearly dependent,
or nearly so, MATLAB produces a warning that G is close to singular or badly scaled.

Proof. The key observation is that x € W satisfies (x —X,w) = 0 for all w € W if
and only if

n
<x —X, Z ciwi> = 0 for all choices of coefficients c;,
i=1

which happens if and only if (x — X, w;) = 0 for each i. Since X € W, this happens if

and only if there are scalars ¢y, ..., c, such that
n
<x— chwj,w,-> =0, i=1,...,n,
j=1
or

=

(wj,wiyej = (x,w;), i=1,...,n,

Jj=1

which we recognize as Gc = b. Hence, if c is any solution of Gc = b, then X =
Y/i_icjw; satisfies (x —X,w) = 0 for all w € W, and so must be the projection by
the Orthogonality Principle. Furthermore, since the Finite-Dimensional Projection
Theorem tells us that X € W exists and satisfies (x —X,w) = 0 for all w € W, we know
that a solution of Gc = b exists; the proof that the solution is unique if and only if
wi,...,w, are linearly independent is left to Problem (3.9 |

Corollary 3.8. In an inner-product space, if X is the projection of x onto a finite-
dimensional subspace W = span{wy,...,wy,}, then knowledge of X is equivalent to
knowledge of the column vector of inner products b = [(x,w1),...,{x,w,)]" in that
each is a function of the other.

Proof. First suppose we know the column vector b. Then the foregoing discussion
shows there is a solution of Gc = b and that x = Z;f:, cjw;. Hence, knowledge of the
column vector b of inner products is sufficient to compute x. Conversely, suppose we
know X. Since (x —x,w;) = 0 implies (x,w;) = (X, w;), we can compute the entries of
the column vector b. U]
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The utility of Corollary [3.8] is most evident when the space X is a space of
continuous-time waveforms. In this case, x, X, and wy,...,w, are waveforms, but
b is a column vector of numbers. Hence, any signal processing on the waveform x
can be accomplished by operating on the column vector b of inner products.

Example 3.9. An example of the foregoing arises in the design of receivers for
digital communication systems. Messages are transmitted by sending linear combi-
nations of n different signaling waveforms, wy,...,w,. Suppose that a signal

n
S i= Z Cjo
j=1

is transmitted. Due to noise, the receiver sees y = s+ z, where z is a noise waveform.
Since s € W = span{wy,...,w,}, the projection of y = s+z onto W is just s +Z. This
operation has the virtue that ||Z]] < ||z||; i.e., the energy of the projected noise is no
greater than that of the original noise. Of course, receivers do not actually compute
the projection, they simply compute the inner products (y,w;) fori=1,...,n using a
bank of matched filters.

Remark. Although the receiver in the above example does not lose any informa-
tion about the signal by doing the projection, the reader should wonder if the receiver
loses information about the noise that could be helpful. If the noise is white and
Gaussian, it can be proved that nothing is lost. Otherwise, restricting attention only
to inner products with the w; can be suboptimal. Consider the following situation.
Let w and v be orthonormal vectors, and put z := w + v. Suppose that the received
signal y = cw + nz, where the scalar ¢ represents a message to be decoded, and n is a
scalar noise factor. The standard receiver would compute only

(y,w) = (ew+nz,w) = (ew+n(w+v),w) =c+n.
However, if the receiver also computes
) = (ew+nz,v) = (ew+n(w+v),v) =n,

the receiver can recover ¢ exactly using the formula (y, w) — (y,v).

3.1.5. The Euclidean Case
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We noted in Theorem that the projection onto the span of wy,...,w, can be
computed in terms of any solution of G¢ = b, where G is the Gram matrix. However,
when X is m-dimensional Euclidean space (m > n), we can avoid computation of the
Gram matrix. The key is to observe that

)C—ZCJWI

j=1

= |e—Acl,

where A denotes the m x n matrix whose columns are wi,...,w,. In MATLAB, a
vector ¢ that minimizes this expression can be obtained with the command c=2\x,
and the projection X is Axc. If the w; are linearly dependent, or nearly so, MATLAB
produces a warning that the matrix A is rank deficient.

3.1.6. Least-Squares Approximation of Waveforms

Consider the problem of approximating a waveform x in terms of a linear combi-
nation of given waveforms wy,...,w,. There are many choices for these waveforms
that are easy to work with. For example, we might use complex exponentials if we are
approximating periodic waveforms. Or we might use the power functions if we are
doing polynomial approximation. Here we consider finite-energy waveforms defined
on a finite interval [a,b], and we use the inner product

b
(ry) 1= [ alep(Oyde.
a
Our goal is to find the w € W := span{wy,...,w, } that minimizes
e —w||? = / () = wio)[2dr. (3.14)

In other words, we want to find the projection of x onto W. To do this using the Gram
matrix and solving Gc = b, we have to be able to compute the entries of the column
vector b, which means we have to compute the inner products

(x,wi) = / ey dr.

For theoretical problems in which x(¢) is given by a formula, we can compute these
integrals and solve the projection problem (Problem [3.1T)). However, in practical
problems, we often know only measured values x(¢) for a finite set of times, say
t1,...,t,. In this case, we cannot compute the required inner products to solve the
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projection problem. Instead of choosing w € W to minimize (3.14), we choose w € W
to minimize

() —w(t) > (3.15)

agE

k=1

This seems possible since we know the measurement values x(;). We show how to
cast this problem as a projection problem in m-dimensional Euclidean space.
Observe that the column vectors

x(t1) w;(tr)

X = and w;:=
x(tm) w;(tm)
lie in m-dimensional Euclidean space, which we equip with the usual Euclidean inner
product, (x,y)cn := yHx. The corresponding Euclidean norm is ||x||cn := (X,X)}E{nz.

Ifw(t) = Xy cjw;(t), then (3.15) becomes

m m n 2
Y () —w(te) P = Y |x(t) = Y ejwi(te)
k=1 =1 =1
n 2
= || X— Z Cjo
=1 cn

Thus, minimizing is equivalent to projecting the column vector x onto the span
of wy,...,w,, regarded as a subspace of m-dimensional Euclidean space. As noted
above, to compute ¢ = [cy,...,c,] T in MATLAB, we should use the command c=2\x,
where A is the m X n matrix whose columns are wy,..., w,.

If the w; are scaled shifts, then 1incmb can be used to compute A, and, once the
c; are found, 1incmb can compute the approximation w(t) = Yj_; ¢;w;(t).

Example 3.10. Consider the approximation of x(¢) = cos(27x¢/5) based on 31
uniformly spaced samples from [—10,10]. The waveforms used for the approxi-
mation are w;(t) = v(t — 7;), where v(¢) = exp(—t>/2) is the same pulse used in
Example@ and the shifts 7; are the 21 integers —10,...,10. The MATLAB script

tvec = linspace(-10,10,30); % Sample times

xvec = cos (2xpixtvec/5).’; % Waveform samples
tau = [-10:10]; % Shifts

c = ones(size (tau));

[y,A] = lincmb(tvec,c,’v’,tau); % Ignore y

c = A\xvec;

t = linspace(-10,10,200); % Plot approximation
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w = lincmb(t,c.’,’v’,tau);
subplot (2,1,1)
plot (tvec,xvec,’o’,t,w);

generated the results shown in Figure where the circles are the values x(f) and
the solid line is Y, c;w;(¢) using the optimal coefficients.

X

Figure 3.5. Waveform samples x(f) (circles) and approximation (solid line).

Least-Squares Polynomial Approximation

MATLAB makes it very easy to compute polynomial least-squares approxima-

tions of waveforms. If w;(¢) ="/, for j =1,...,n, then the vector of coefficients
c¢j can be computed with the command c=polyfit (tvec, xvec,n-1), where
tvec is the vector of sample times #1,...,%, and xvec is the vector of samples

x(t1), ..., x(tm). To evaluate the approximation w(t) = c1t"~ ' +---+c,_1t +c,, use
the command polyval (c, t).

3.2. Projections onto Convex Sets

We have seen that the Orthogonality Principle is a powerful tool for solving the
problem of projecting onto subspaces. Here we modify the Orthogonality Principle
to solve the problem of projecting onto convex sets.

Theorem 3.11. Let C be a nonempty convex set of an inner-product space X. Fix
any x € X. Then x € C satisfies

lx—x]| < |[x—y| forallyeC (3.16)

if and only if
Re(x—x,y—x) <0 forallyeC. (3.17)
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Furthermore, there is at most one x € C satisfying (3.16) and (3.17).

Proof. The proof that (3.17) implies (3.16)) follows as in the proof of the Orthogo-
nality Principle. It remains to prove that (3.16) implies (3.17). Suppose (3.16) holds.

Then for any y € Cand any 0 < A < 1,
e =37 < o= {F+ A D)}
=[(x=%) - A=)
— v -3~ 2ARe(x— Ty~ %) + A2y~

Rearranging and using the fact that A > 0 yields
Re(x—%,y—%) < Ally—x[%/2.

Since A > 0 can be arbitrarily small, (3.17) must hold.
For uniqueness, suppose X and X, are both elements of C that satisfy (3.17).
Writing (3.17) for x| and putting y = X, yields

Re(x—x1,% —X1) <0. (3.18)
Similarly, writing (3.17) for ¥, and putting y = ) yields Re{x — X2,% — x2) < 0,

which we can rewrite as
Re(fg —x,)?z —56\1> <0

Adding this to (3.18), we obtain

Re(fg —X1,% —)/C\1> <0.
This inner product is already real and equal to ||X, —X||*>. Hence, || —x1||*> <0,
which implies x; = xj. |

Example 3.12. Let X denote the set of all complex-valued, finite-energy wave-
forms defined on (—co,00). Let C denote the subset of X consisting of real-valued
waveforms x with x(z) > 0 for |t| < 1. The set C can be shown to be convex as in
Example[2.16] Given a real-valued, finite-energy waveform xo, find the waveform in
C that is closest to xg.

Solution. Intuitively,

xo(1), le| > 1,
Xo(t) := < xo(t), |t] <1andxo(r) >0,
0, |f| <1andxo(r) <O,
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should be the best approximation of xg from C. To apply Theorem [3.11] we must
show that Re(xg — Xp,y — Xp) < 0 for all y € C. To begin, observe that since xg, X,
and y are real, and since x(t) —xo(t) = O for |¢| > 1,

Re(xg — %,y ~ %) = Re. [ :[xo(,) AN OESTO
B /:c o (1) — o (1)) [y(r) —%o(r)] dt
- /_ 11 [xo () = Xo(1)][y(r) —Xo(r)] dr.
Consider this last integrand for |¢| < 1. For such ¢, either xo() > 0, which implies

Xo(t) = xo(), making the integrand zero, or xp(f) < 0, in which case Xy (¢) = 0, and
we see that

[xo(#) = Xo(1)][y() = %o (2)] = [xo(r) = O] [y(r) — O] = %0 (2)y(r) <0,

since y € C implies y(¢) > 0 for |¢#| < 1. Since the integrand is nonpositive, so is the
integral. Hence, the condition of Theorem is satisfied, and we have proved that
Xo as defined is the closed element to xy from C.

Notes

Note 3.1. The Lebesgue integral [2], [6], [20], [21] of any nonnegative (mea-
surable) function is well defined, and the value oo is allowed. If [|x(¢)|dt < oo,
then the Lebesgue integral [x(r)dt exists and is a finite real or complex number.
If [|x(t)?dt < oo and [|y(t)|>dt < oo, then [ |x(t)y(t)|dt < oo by Holder’s inequal-

ity (see Section|6.2.1), and so the inner product [ x(¢)y(t) dr exists as a finite real or
complex number.

Note 3.2. When using inner products defined by an integral, we agree that any
waveform x with [ |x(¢)|>dt = 0 is called the zero waveform. The reason for this is
if we change the value of x(¢) at one time 7, the value of the integral will not change.
More generally, if [ |x(¢) —y(¢)|?dt = 0, we consider x and y to be the same waveform
even if they are not equal at all times in the interval of integration.

Note 3.3. The Gram-Schmidt Procedure. Let wy,...,w, be nonzero vectors in
an inner-product space. Consider the sequence v := wy,

Vi ::Wk—]§<wk,vi>“, k=2,....n. (3.19)
[vill /- [[vill

i=1
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Let V,, denote the nonzero vectors generated by this procedure. Then the elements of
V,, are orthogonal, and spanV,, = span{wy,...,w,}. By replacing every v € V,, with
v/||v|]| we obtain an orthonormal basis. Under the assumption that wy,...,w, are
linearly independent, we prove these claims by induction on n. Later we discuss the
linearly dependent case. It is obvious that the results hold for n = 1. Suppose they

hold for some n. Put
5 (W1, Vi)

Vbl = Wigl — )~
i=1 ||Vi H
Using this equation along with the induction hypothesis, it is not hard to show that
span{vi,...,vp+1} = span{wy,...,w,+1}. We claim that v, # 0. Otherwise,

n <W .
+1,Vi)
Wail =Y, in € span{vy,...,v,} =span{w,...,w,},
i=1 i
which contradicts the assumed linear independence of wy,...,w,,w,4+1. Finally, we
check orthogonality. For 1 < j <n,

n
Wpil,Vi
<Vn+17vj> = <Wn+17vj> - Z <n:—.||’2[><vi7vj>
i=1 !
(Wnt1,v;)
= <Wn+17Vj>_W<Vj7Vj>
J
= <Wn+17vj> - <Wn+17Vj> = 07

where in the second equation we have used the induction hypothesis that (v;,v;) =0
forl <i,j<n.

Recall our argument that v, could not be zero. This shows that if the w; are not
linearly independent, then the Gram—Schmidt procedure detects if w,; is linearly
dependent on wy, ..., w,. If this happens, we simply discard w, |, and continue with
Wpo instead.

Recalling the proof of the Finite-Dimensional Projection Theorem, when we
look at the Gram—Schmidt procedure, we see that the sum in (3.19) is the projection

of wy onto the span of the orthonormal vectors vy /||vi]|,...,vk—1/|[Vk—1]|, which is the
span of wy, ..., wi_1. Hence, v is the projection of wy onto (span{wy,...,wx_; })l
Problems

3.1. Show that an orthonormal set of vectors must be linearly independent.

3.2. Let x and y be two unit vectors in a real inner-product space. Show that x +y
and x — y are orthogonal.
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3.3.

3.4.

3.5.

3.6.

3.7.

3.8.

3.9.

3.10.

3.11.

Problems 45

Show that in any inner-product space, the parallelogram law holds:
ey fle = w11 = 2(1xl1 + 1)
In a complex inner-product space, show that the polarization identity holds:
4x,y) = eyl = e =yl 4 jllx+ jyl? = jlle— gyl
What is the analogous formula in a real inner-product space?

Let X and Y be inner-product spaces with respective inner products (-,-)x
and (-,-)y. For (x1,y1) and (x,y>) in the product space X x Y, put

((1,31), (x2,32)) := (x1,%2)x + (V1,¥2)v-

Determine whether or not this formula satisfies the properties of an inner
producton X x Y.

Use the Orthogonality Principle to prove the linearity of projections, Theo-
rem

Given a finite-energy waveform x, find the even waveform that best approxi-
mates x. Justify your answer.

Let fy be a given frequency. We call a finite-energy waveform lowpass if its
Fourier transform is zero for | f| > fo. Given a finite-energy waveform x, find
the lowpass waveform that best approximates x.

Let wi,...,w, be given vectors in an inner-product space, and let G denote
the Gram matrix, whose entries are G;; = (w;,w;). Assuming that the w; are
linearly independent, show that Gc¢ = 0 implies ¢ = 0. Conversely, if the only
solution of Gc¢ = 0 is ¢ = 0, show that the w; are linearly independent.

In an inner-product space X, let wy,...,w, be orthonormal. Fix x € X, and
putx:=Y"  (x,w;)w;. Show that

52 = i|<x,wi>|2.

On [0, 1], find the best first-degree polynomial approximation X to x(¢) = #3.

That is, find X(¢) = ¢| + ¢,f that minimizes

/0 () — 70 P
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3.12.

3.13.

3.14.

3.15.

3.16.

3.17.

3.18.

3 Inner-Product Spaces

On [0, 1] consider the waveform x(¢) = 2. Find the best first-degree poly-
nomial approximation X of x that also satisfies [, X(r) = 0. That is, find
X(t) = ¢ + cat that minimizes

/ (1) —2(0) Pt

and also satisfies fol x(t) =0.

Let G be any subset of an inner-product space X. (a) Show that G is a
subspace. (b) Show that G C (G)*. (c) Show that spanG C (G)*.

If X =W @ W, where X is an inner-product space and W is a subspace of
X, show that (W)L =W.

Let W be a subspace of an inner-product space X and such that for all x € X,
the projection of x onto W, x, exists. Hence, we may define the mapping
P:X — X by P(x) :=x. By Theorem[3.5] P is linear.

(a) Show that for all x and y in X, ||Px — Py|| < ||x—]|.

(b) Show that P is idempotent; i.e., P> = P, or, more explicitly, P(Px)=Px
for all x € X.

(¢c) If y=x+ Px, solve for x in terms of y and Py.

Let u and v be unit vectors in an inner-product space. Let
W) :=span{u} and W, := span{v}.
Let P, and P, be the corresponding projection operators.

(a) Show that Pix = (x,u)u. (Of course it will follow that Pox = (x,v)v.)

(b) Let Tx:= P,(Pix). Itis easy to see that Tx = ¢{x, u)v, where ¢ := (u,v).
Show that T"x — 0 if |¢| < 1.

(c) With c as in part (b), show that |c| = 1 implies W} = W.

Let N C M be subspaces of an inner-product space X. Assume the corre-
sponding projection operators Py and Py, exist. Show that Py (x) = Py(Py(x))
forallx € X.

Let X denote the set of real-valued, continuous functions on [0,2] equipped
with the usual inner product, (x,y) := fozx(t)y(t)dt for x,y € X. Put W :=
{xeX:x(t)=0for1 <t <2}

(a) Prove that Wt ={y e X :y(t) =0, for0 <t < 1}.
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3.19.

3.20.

3.21.

Problems 47

(b) Does X =W @ W2 Justify your answer.

Show that the Orthogonality Principle Theorem can be derived from the
Modified Orthogonality Principle Theorem 3.11} Hint: When z is any ele-
ment of a subspace, y = +z+ X and y = +jz+ X also belong to the subspace
and can be substituted into (3:17).

Let X denote the set of all real-valued continuous functions on [0, 2] equipped
with the usual inner product, (u,v) := fozu(t)v(t) dt. Let

C:={xeX:x(t)>0for0<t<1}.
Put x(z) :=1— 1 for 0 <t < 2. Does there exist an x € C such that
=3l < x—y], forallyeC?
Justify your answer.

Let X = % denote the set of all real-valued, finite-energy sequences. The
inner product is (x,y) 1= Y. x(k)y(k).

C:={xeX:x(k)<bfork>N},

where N is a given positive integer and b > 0 is a given bound. Given an
arbitrary x € X, does the projection of x onto C exist? If “yes,” find it and
justify your answer. If “no,” explain why not.

December 23, 2010



CHAPTER 4
Linear Operators

4.1. Definition and Examples

Let X and Y be vector spaces. A mapping A:X — Y is called a linear operator
or a linear transformation if for all scalars ¢ and ¢; and all vectors x,x, € X,
A(crxy + coxp) = c1Ax) + c2Ax;.

In the following examples, we give some common formulas that are used to define
linear operators.

Example 4.1 (Matrix Operator). For x = [xi,...,x,]", define the length-m col-
umn vector Ax by setting its ith entry to be
n
(Ax)i = Z ajjXj, (41)
j=1

where a denotes the m x n matrix with given entries a;;. In more compact terms, we
write Ax = ax, where ax is understood to be the product of the m x n matrix a and the
n x 1 column vector x.

Example 4.2. Given an infinite sequence x = (x,x,...), define the infinite se-
quence Ax by
Ax = (x1,x%2/2,x3/3,...).

In other words, (Ax); = x; /k.

Example 4.3 (Integral Operator). Given a waveform x defined on the interval
[a,b], define the waveform Ax on the interval [c,d] by

b
(Ax)(1) = / k(t,o)x(t)dt, 1€ [e,d],

where k(¢,7) is a given function. Linear operators of this form are used in modeling
time-varying wireless communication channels. In this context, k is called the time-
varying impulse response. Operators of this form can also be generalized to model
blur in image-processing systems. In this context, k& corresponds to the point-spread
function.
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4.2 Terminology and Basic Results 49

Example 4.4 (Modulation Operator). Let wy,...,w, be given signaling wave-
forms. For example, the w; might be sinusoids of different frequencies. For x =
[x1,...,%,)T € C", define the waveform Ax to be the linear combination

n
Ax = Zkak.
k=1

To be more explicit,

(A1) = Y xowi o). (42)
k=1

This modulation operator can be implemented as shown in Figure [4.1]

Figure 4.1. Block diagram for the modulation operator A in (@2).

In (4.1)), if we write a (i) instead a;;, then (4.1)) is a discrete-time version of (4.2).
In other words, the jth column of a matrix is a discrete-time, finite-duration signaling
waveform, and matrix-vector multiplication can be thought of as a modulation oper-
ator.

4.2. Terminology and Basic Results
The kernel or null space of a linear operator A: X — Y is the set
kerA:={x€ X :Ax=0}.
The range or image of A is the set

rangeA ;= {Ax:x€ X} CY.
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50 4 Linear Operators

It is easy to show that kerA is a subspace of X and that rangeA is a subspace of Y
(Problem [4.T)). The dimension of the kernel is called the nullity, and the dimension
of the range is called the rank.

Theorem 4.5 (Rank—Nullity). Let X and Y be vector spaces, and let A:X — Y be
a linear operator. If dimX < oo, then both kerA and rangeA are finite dimensional,
and
dimkerA + dimrangeA = dimX.

Proof. Since kerA is a subspace of the finite-dimensional space X, dimkerA <
dimX (recall Section 2.3). Put n:= dimX, and put r := dimkerA. Let {xi,...,x,}

be a basis for kerA. Extend this to a basis for X, say {xi,...,X,,Xp11,-..,%,}. Then
it is easy to show (Problem that {Ax,;1,...,Ax,} is a basis for rangeA; i.e.,
dimrangeA = n—r = dimX — dimkerA. |

We can use the Rank—Nullity Theorem to give simple conditions to determine
whether or not a linear operator is invertible. However, we must first discuss the
general concept of an invertible function.

A function f mapping any set X into any set Y is said to be invertible if for
every y € Y, there is a unique x € X with y = f(x). In this case, for each y € Y, the
corresponding unique value of x with f(x) = y is denoted by £~ (y).

Notice that to show a function is invertible, we have to show two things. First, we
have to show that for every y € Y, there is an x € X with y = f(x). A function with
this property is said to be onto. The second thing we have to show is that for every
y €Y, the x € X with y = f(x) is unique. In other words, we must show that

f(x1)=f(x2) implies x; =xp, forallx;,x;€X.

A function with this property is said to be one-to-one.

A linear operator A is said to be singular if there is a nonzero vector x with
Ax = 0. In other words, kerA contains a nonzero vector. If kerA contains only the
zero vector, the operator is nonsingular ; i.e., A is nonsingular if and only if the
condition Ax = 0 implies x = Of] It is easy to see that a linear operator is one-to-one
if and only if it is nonsingular. Also, if a linear operator is invertible, its inverse is
linear.

¢ With regard to matrices, the term “nonsingular” is usually restricted to square matrices and used as a
synonym for “invertible.” However, we occasionally depart from this standard. Hence, the reader should
understand that when we say a matrix M is nonsingular, we mean that for all column vectors x, Mx = 0
implies x = 0.
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4.2 Terminology and Basic Results 51

Example 4.6 (Some Operators That Are One-to-One). Given wy,...,w, belong-
ing to a vector space Y, we can define a linear operator A:C" — Y by assigning to
x = [x1,...,%" € C", the linear combination Ax := Y}_, x;w;. We see that A is
nonsingular if and only if wy,...,w, are linearly independent. The modulation oper-
ator of Example in which wy,...,w, are waveforms in some waveform space Y,
has the structure considered here. A more familiar example is provided by the case
Y = C™. Multiplication of x by an m X n matrix whose m-dimensional columns are
wi,...,w, also has the operator structure considered here.

Theorem 4.7 (Finite-Dimensional Invertibility). Let X and Y be finite-dimen-
sional vector spaces, and let A:X — Y be a linear operator. If dimX = dimY, then
A is nonsingular if and only if A is onto.

Remark. The point of the theorem is that under the hypotheses, we only have to
check one of the two properties (one-to-one or onto) to see if the linear operator is
invertible.

Proof. Suppose that A is nonsingular. Then dimkerA = 0, and the Rank—Nullity
Theorem implies dimrangeA = dimX = dimY. Since rangeA is a subspace of ¥ and
they have the same dimension, they are equal (recall Section[2.3]). Conversely, if A is
onto, then range A = Y. This implies that dimrangeA = dimY = dimX. Combining
this with the Rank—Nullity Theorem implies dimkerA = 0; hence, kerA is the zero
subspace, and A is nonsingular. |

Example 4.8. The condition in the foregoing theorem that the spaces be finite
dimensional is essential. Let X denote the set of all infinite sequences of the form
x = (x1,x2,...). Consider the right-shift operator A: X — X defined by

Ax = (0,x1,x2,...).
Then A is clearly nonsingular. However, A is not onto because there is no x € X such

that Ax = (1,0,0,...).
We also observe here that the left-shift operator B: X — X defined by

B()’I»YZ»---) = ()’27)’37--~)

has the property that BA =1, but AB # 1.
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52 4 Linear Operators

4.3. Adjoint Operators

Let A:X — Y be a linear operator, where both X and Y are inner-product spaces.
If for each y € Y, there is a unique vector A*y € X such that

(Ax,y)y = (x,A%y)x, forallxeX, (4.3)

then we call A* the adjoint of A. Here we include subscripts on the inner products
to emphasize that they are defined on different spaces. In the sequel, we usually drop
the subscripts.

It is easy to see that any vector A*y that satisfies is unique. For suppose
(Ax,y) = (x,A*y) and (Ax,y) = (x,Ay) hold for all x € X. By subtraction we see that

<)C7A*y _A~y> =0

holds for all x, including x = A*y — Ay. But then ||A*y — Ay||> =0
Because A*y is the unique solution of (4.3), it is often easy to find A*y by inspec-
tion. It is also easy to show that A* is linear (Problem .5).

Example 4.9. For the matrix operator of Example if we equip C" and C™"
with their usual Euclidean inner products, we see that

(Ax,y)en =y (ax) = (a"y)""x = (x,a"y)er.
Thus, A*y = a"y.

Example 4.10. Consider the integral operator of Example We let X de-
note the set of all finite-energy waveforms on [a, b] with the inner product (x;,x,) =
f:xl (T)x2(7)d7. Similarly, we let Y denote the set of all finite-energy waveforms on

[c,d] with the inner product (y;,y2) = jcd v1(#)y2(¢) dt. Then for reasonable functions
k(1 7),

axy) = [ s

:/d[/.”k(t,f)X(T)dr]y(z)d,
/ { Cdk(fvf)y(t)dt} dr

= (x,A%),

where

= dk(t,‘c)y(t)dt, T € [a,b].
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4.3 Adjoint Operators 53

Example 4.11. Consider the modulation operator of Example[4.4} Let X denote
C™ equipped with the usual Euclidean inner product. We assume the signaling wave-
forms wy,...,w, belong to a vector space Y of finite-energy waveforms on the time
interval [0,7T]. We equip ¥ with the inner product (y;,y2) = fo y1(t)y2(t)dz. To
determine the adjoint of A, write

T

(Ax) (1) y(1)

(Ax,y) = t)dt
' [i kak(f)}y(f)df
=1

0

which we recognize as the Euclidean inner product of the column vector x and the
column vector whose kth entry is (y, wy). We conclude that

(y, W1>
Ay = :
(y, Wn>

We can now make the following observations:

(i) A*y is the column vector of inner products that is equivalent to the projection
of y onto W := span{w,...,w,} (cf. Corollary3.8).

(if) A*y consists of the inner products produced by a digital communications re-
ceiver when the transmitter employs signaling waveforms wy,...,w,. Since A
is the modulation operator, we call A* the demodulation operator (cf. Exam-
ple[3.9).

(iif) A*y can be realized by a bank of multiplier-integrators as shown in Figure
or by a bank of matched filters as shown in Figure .3

Theorem 4.12. Let X and Y be inner-product spaces. If A:X — Y is a linear
operator whose adjoint A*:Y — X exists, then

(a) kerA* = (rangeA)’.
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I
@ [ o o
o | =AY
»?» [ =L oo |
w0

T T T T A j* -

H(f) \‘T—> »wi) 7]
y(t)——s =A%y

i e

Figure 4.3. Matched filter equivalent of Fi gure Here H(f) is the Fourier transform of wy (T —1t).

(b) (A")"=A.

(c) kerA = (rangeA*)*.

(d) kerA*A = kerA.

(e) (kerA)’ D rangeA*, with equality if rank A* < oo,
(f) (kerA*)* D rangeA, with equality if rank A < oo,

Remark. The extension of parts (e) and (f) to the Hilbert-space setting can be
found in Theorem [7.8]

Proof. We leave the proof of parts (a)—(d) to Problem To prove part (e), we
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4.3 Adjoint Operators 55

begin by noting that from part (c), it follows that
(kerA)* = [(rangeA*)*]*.
By Problem|[3.13]
[(rangeA*)*]* O rangeA*.

However, if the range of A* is finite dimensional, then by the remark following the
Finite-Dimensional Projection Theorem, X = rangeA* @ (rangeA*)*. This implies,

by Problem 3.14] that
[(rangeA*)*]* = rangeA*.

To prove part (f), in part (e) replace A by A* and apply part (b). |

Example 4.13 (Digital Communication System). Consider a digital communica-
tion system in which a message x € C" is conveyed by transmitting the waveform Ax,
where A is the modulation operator defined in Examples [#.4] The receiver applies
the demodulation operator A* to y = Ax as pointed out in Example When the
signaling waveforms wy,...,w, are linearly independent, the modulation operator is
nonsingular, and, by Theorem [4.12] so is A*A:C" — C". By the Finite-Dimensional
Invertibility Theorem, A*A is invertible. Hence, if y = Ax,

(A*A)"1(A*y) = (A*A)’1 (A*A)x=x

and we recover the message x. Such a system is shown in Figure #.4] The receiver

Figure 4.4. An ideal, noiseless communication system.

processing is greatly simplified if A*A is diagonal. This is the case in orthogonal
frequency division multiplexing (OFDM), in which

wi(t) = e2F KT 0 <t <T.

Remark. The foregoing example can be slightly generalized. Before transmitting
a vector x € C", first apply an invertible n X n matrix M; i.e., transmit y = A(Mx).
The receiver computes A*y as before. Now observe that

MY A*A) T (AYy) = M (ATA) T (AT A) Mx = x.

We have now seen several examples of linear operators whose adjoints are easy
to find, and we have seen several interesting properties of adjoints. Our next result
gives a simple condition under which the adjoint is guaranteed to exist.
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56 4 Linear Operators

Theorem 4.14. A linear operator mapping a finite-dimensional inner-product
space into an arbitrary inner-product space has an adjoint.

Proof. Suppose A:X — Y, where X is a finite-dimensional inner-product space.
Let xy,...,x, be an orthonormal basis for X. Then every x € X can be written in the
form x =Y | (x,x;)x;. So, for any y € Y, we can write

n n n
Ax y < <Z x -xl l> > Z X xl sz,y <X>Z Y7sz l>
i=1 i=1 i=1

Hence,

M:

Ay =) (y,Ax;)x;. ]

1

4.4. Self-Adjoint Linear Operators

A linear operator A mapping an inner-product space X to itself is said to be self
adjoint if (Ax,y) = (x,Ay) for all x,y € X. In other words, A is self adjoint if A = A*.
For example, a complex matrix operator is self-adjoint under the usual Euclidean
inner product if the matrix is equal to its complex-conjugate transpose. Similarly, a
real matrix operator is self-adjoint if it is symmetric. In Example {.10] if a = ¢ and
b =d, then A is self adjoint if k(z,T) = k(z, 7).

An operator is called positive semidefinite if it is self adjoint and (Ax,x) > 0 for
all x € X. A positive semidefinite operator that satisfies (Ax,x) > 0 for all nonzero x
is called positive definite. A positive-definite operator must be nonsingular.

We can use a positive-definite operator to define a new inner product on X with
the formula (x,y)4 := (Ax,y). To verify that this formula satisfies the properties of
an inner product, we proceed as follows. First, since A = A¥,

(0,y)a = (Ax,y) = (x,Ay) = (Ay,x) = (y,X)a-

Next, (x,x)4 = (Ax,x) > 0 and equal to zero if and only if x = 0. Finally, it is obvious
that (x,y)4 = (Ax,y) is linear in x.

Proposition 4.15. The inverse of a self-adjoint invertible operator is self adjoint.
Proof. Write (A~ 'y, x) = (A7'y, A(A7'x)) = (A(A™'y),A" %) = (»,A"'x). O
Proposition 4.16. If A:X — Y is a nonsingular linear operator between inner-

product spaces X and Y and has adjoint A*, then A*A is positive definite. If A*A is
invertible, then (A*A)~! is self adjoint and positive definite.

December 23, 2010



4.5 Solutions of Linear Equations 57

Proof. Suppose A*Ax = 0. Then (A*Ax,x) = (Ax,Ax) = ||Ax||*> > 0, with equality
if and only if Ax = 0; however, since A is nonsingular, Ax = 0 if and only if x = 0.
Hence, A*A is positive definite. Since A*A is self adjoint, if it is invertible, then by
the preceding proposition, its inverse is self adjoint. Finally,

((A*A) 'x,x) = ((A*A) " 'x, (A*A) (A*A) " 'x)
= (A(A*A) ', A(A*A) " 'x)
= [|A(A*A)~'x]* > 0,

and since A is nonsingular, equal to zero if and only if (A*A)~!x = 0, which happens
if and only if x = 0. |

4.5. Solutions of Linear Equations

4.5.1. Invertible Operators

Let A:X — Y be a linear operator. What can we say about the solutions, if any,
of equations of the form y = Ax? From the discussion in Section @], if A is onto,
then for every y € Y, the equation has at least one solution. If A is one-to-one, then
whenever y = Ax has a solution, the solution is unique. If A is both one-to-one and
onto, then for every y € Y, the equation y = Ax has a unique solution; i.e., A is
invertible. In the special case that X and Y are finite dimensional and have the same
dimension, Theorem tells us that A is one-to-one if and only if A is onto; in
particular, A is nonsingular if and only A is invertible.

We next turn to the other cases. Specifically, this includes the case in which both
X and Y finite dimensional but of different dimensions, and the case in which either
X orY or both are infinite dimensional.

4.5.2. Linear Operators that are not Onto: Projection onto the Range

Suppose y € Y is such that there is no solution of y = Ax. In other words, y ¢
rangeA. We then ask for a value of x € X that minimizes the distance ||y — Ax||. In
other words, if y denotes the projection of y onto the range of A, then ||y —y]| <
|ly — Ax|| for all x € X, and, since y € range A, there exists an x € X such that y = Ax.
Of course, this makes sense only if the projection of y onto the range of A exists for
this particular y. For example, if A has finite rank, then the projection exists by the
Finite-Dimensional Projection Theorem; in particular, A has finite rank if either X or
Y is finite dimensional. Even if we know the projection y exists, we must still find a
value of x such that Ax = y.

December 23, 2010



58 4 Linear Operators

Theorem 4.17. Let A:X — Y be a linear operator between inner-product spaces
X and Y. Assume that the adjoint A*:Y — X exists. Then the projection of y onto the
range of A exists if and only if there is a solution of

A*Ax = A%y. (4.4)

If x is any solution of , then y = Ax is the projection of y onto the range of A.
The solution of (&4), if it exists, is unique if and only if A is nonsingular. If A is
nonsingular and dimX < oo, then the unique solution of is (A*A)"'A*y, and
y=A(A*A)~1A*y provides an explicit formula for the projection of y onto the range
of A.

Remark. 1f X is finite dimensional, then A*A can be identified with a matrix, say
M, and x and A*y with column vectors, say x and Astary. In this case, a solution of
can be obtained with the MATLAB command x=M\Astary. If M is singular,
or nearly so, MATLAB produces a warning that M is close to singular or badly scaled.

Proof. The key is to observe that is equivalent to A*(y — Ax) = 0, which is

equivalent to saying

y—Ax € kerA* = (rangeA)*,
where the equality follows from Theorem Hence, x solves if and only if
y — Ax is orthogonal to the range of A. By the Orthogonality Principle then, x solves
(@.4) if and only if Ax is the projection of y onto the range of A.

Now recall that Theorem [4.12] also tells us that kerA*A = kerA. Hence, A is
nonsingular if and only if A*A is nonsingular. So, if A is nonsingular, solutions of
are unique. If in addition dimX < eo, then Theorem [4.7] tells us that A*A being
one-to-one, is also onto, and therefore invertible. Hence, for every y € Y, the unique

solution of (4.4) is (A*A)~'A*y. U
Remark. Theoremd.17|contains Theorem[3.7)as a special case. This is easy to see
if we use the following notation. Let wy,...,w, be vectors in an inner-product space

Y, and put W := span{wy,...,w,}. We can regard W as the range of the operator
A:C" — Y given by
n
Ax = ijwj, xeC".
Jj=1

We equip C" with the usual Euclidean inner product. It is a simple exercise to check
that A*y = [(y,w1),...,(»,w,)]" and that (A*A)x is obtained by multiplying the col-
umn vector x € C" on the left with the matrix whose i j entry is <wj,w,->; i.e., the
Gram matrix.
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4.5.3. Singular Linear Operators

If the equation y = Ax has a solution, say xp, but A is singular, then there are
nonzero vectors in kerA, and for all nonzero w € kerA, A(w+xp) = Aw + Axg =
0+ y =1y. Hence, there are multiple solutions of y = Ax.

The following theorem gives simple conditions that guarantee the existence of a
unique, minimum-norm solution, assuming that there is at least one solution. The
corollary, under additional mild assumptions, provides an approach to computing the
minimum-norm solution that works in some cases.

Theorem 4.18. Let A:X — Y be a linear operator from an inner-product space
X into a vector space Y. Assume X = kerA @ (kerA)*. Denote the restriction of A to
(kerA)L by A. Then A: (kerA)* — rangeA is linear and invertible. Fory € rangeA,
u := A~y is the unique vector in (kerA)* that satisfies Au =y and is unique among
all solutions in X by having minimum norm. Finally, for all x € X, A~'Ax is the
projection of x onto (kerA)*.

Remark. 1f kerA is finite dimensional, then X = kerA @ (kerA)* by the remark
following the Finite-Dimensional Projection Theorem.

Proof. By definition, for x € (kerA)*, Ax := Ax. Hence, A is linear. For any y €
rangeA, let y = Ax for some x € X. Write x = X+ X, where X € kerA and X € (kerA)J-.
Then y = Ax = Ax+ AX = 0 + AX = AX. Hence, A is onto. It remains to show that A
is nonsingular. Suppose x € (kerA)* and Ax = 0. Then x € kerA N (kerA)~, which
implies x = 0. Since A is nonsingular and onto, it is invertible.

Now fix any y € rangeA. Then y = Ax for some x € X. Put u : =A"ly € (kerA)*
so that Au = y. Since Au := Au, we have y = Au.

Next, since y = Ax and y = Au, x — u € kerA. Hence, ||x||> = |ju+ (x — u)
||u||2 + []x — qu > ||u/|*>. This shows that if x is any solution of y = Ax, then u =
A~y € (kerA)= is another solution with strictly smaller norm unless x = u. To con-
clude, note that u is the projection of x onto (kerA)* by the Orthogonality Principle.

U]

1> =

Corollary 4.19. Let the hypotheses of Theorem hold. In addition, assume
that Y is an inner-product space and that the adjoint A*:Y — X exists. If z € Y is any
solution of AA*7 =y, then A*7 is the unique, minimum-norm solution of y = Ax. If A*
is of finite rank, then a z solving AA*z =y exists.

Remark. 1f Y is finite dimensional, then applying the Rank—Nullity Theorem to
A*:Y — X shows that A* has finite rank, and so a solution z exists. Furthermore,
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60 4 Linear Operators

AA*:Y — Y can be identified with a matrix, say M, and z and y with column vectors
z and y. In this case, z can be obtained with the MATLAB command z=M\y.

Proof. Suppose that z € Y solves AA*z =y. Then x := A*z lies in the range of A*,
and therefore in (kerA)* by Theorem Also, Ax = A(A*z) = y. Since x lies in
(kerA)' and Ax =y, x is the unique, minimum-norm solution by Theorem

We now turn to the second part of the corollary. Theorem [4.18]tells us that the
unique, minimum-norm solution u € (kerA)J- exists. If A* is of finite rank, then by
Theorem 4.12] (kerA)™ = range A*. We thus have that u € rangeA*; i.e., there exists
az €Y with A*z = u. Since Au =y, we have A(A*z) = Au=1y. O

Theorem 4.20. Let A:X — Y be a linear operator, where X and Y are finite-
dimensional inner-product spaces. If y € rangeA, then there is a unique vector in
(kerA)L that solves y = Ax, and this vector, denoted by u, has minimum norm among
all solutions of y = Ax. Furthermore, there exists a 7 € Y that solves AA*z =y, and
for all such z, A*z = u. If A* is nonsingular, z = AA*)_ly, andu=A*( *)_1y; ie.,
in terms of the restriction operator of Theorem A~ = A" (AA*) L

Proof. The assumption that X is finite dimensional implies three conditions that
we need to apply Theorem and Corollary First, the assumption implies
kerA is finite dimensional, and so by the remark following the Finite-Dimensional
Projection Theorem, X = kerA @ (kerA)*. Second, the assumption allows us to ap-
peal to Theorem[4.14]to guarantee the existence of the adjoint A*. Third, the assump-
tion implies that A* is of finite rank, since the range of A* is a subspace of X.

The assumption that Y is finite dimensional allows us to apply Theorem to
AA*. Thus, if A* is nonsingular, then Theoremtells us that AA™* is also nonsin-
gular, and therefore onto by Theorem Thus, (AA*)_l exists. ]

4.5.4. The Pseudoinverse

Let X and Y be inner-product spaces, and let A:X — Y be a linear operator. As-
sume that

X =kerA® (kerA)™ and Y =rangeA® (rangeA)’.

Define A: (kerA)* — rangeA by Ax := Ax for x € (kerA)*. By Theorem Ais
an invertible linear operator. Let Fangea denote the projection operator that takes
y € Y into its projection onto rangeA. Note that the projection operator is linear by
Theorem 3.5] Then the pseudoinverse of A is the linear operator defined by

A" = A7 Pangea-
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To derive some simple properties of the pseudoinverse, we need the identities
i1
PrangcAA =A and A A= P(kerA)i 3

where Py.4)1 is the projection onto (kerA)™; the second identity comes from Theo-
rem@} It is then easy to see that

ATA = A7 PangeaA = A'A = Py )1

and
T i1 Ai-1
AA' = AA PrangeA =AA PrangeA = PrangeA~

If A is nonsingular, X = (kerA)L, which implies P(ker AL = I; furthermore, if X
is finite dimensional, then by Theorem Prangea = A(A*A)~'A*, and so

AT = ATTA(AA) AT = Pyeay (A"A) 1A = (A47A) 1A%

On the other hand, suppose both X and Y are finite dimensional and that A* is
nonsingular. Then rangeA = (kerA*)* by Theorem and we have rangeA =7,
which implies Paggea = I. The nonsingularity of A* also implies by Theorem m
that A=! = A*(AA*)~!. It follows that

AT =A"11=A"(aa")"",

Problems

4.1. Show that the kernel and the range of a linear operator are subspaces.

4.2. Show that {Ax,;1,...,Ax,} used in the proof of the Rank—Nullity Theorem
is a basis for the range of A.

4.3. Let A:X — Y be a linear operator. Given y € Y, consider problem of solving
Ax =y. Show that the solution set S := {x € X : Ax = y} is affine.

4.4. Let X and Y be vector spaces, with A:X — Y and B:Y — X being linear
operators.

(a) If BA = I, show that A is nonsingular.
(b) If BA =1 and A is onto, show that AB = I.

(¢) If X and Y are finite dimensional and have the same dimension, and if
BA =1, show that AB = 1.
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4.5.
4.6.

4.7.

4.8.

4.9.

4 Linear Operators

Remark. The assumption in part (b) that A is onto is necessary. For example,

if
10
A=101 and B:{(l)(l)(o)],
00
then BA is the 2 x 2 identity matrix, but
100
AB=[010
000

is not the 3 x 3 identity matrix. Notice that A is not onto since there is no
x = [u,v]" € R? such that Ax =[0,0,1]" € IR>.

Show that if (Ax,y) = (x,A*y) holds for all x and y, then A* is linear.

Let X denote the real vector space of all continuous, real-valued waveforms
on the interval [0, 1] with inner product (x;,x;) := folxl (t)x2(2)dt, x1,x2 €X.
Define the linear operator A : X — IR by

1
Ax = / 2x()dt.
0

Treat R as an inner product space with inner product (y;,y2) := y1y2 (i.e.,
ordinary multiplication of real numbers). Find a formula for (A*y)(¢), and
when y = 3, sketch a graph of (A*y)(¢).

Let X denote the set of real-valued, finite-energy waveforms on [0, 1], with
the usual inner product, (u,v) := [) u(t)v(t)dt for u,v € X. Define A:X — X
by

(Ax)(1) := /Otx(e)de, 0<r<l.
Find (A*y)(0) for 6 € [0,1].

Let X =Y denote the set of all infinitely differentiable, real-valued wave-
forms x on [0,7] such that x and all its derivatives vanish at # = 0 and at
t =T. Let the inner product be given by (xj,x2) := fOTxl(t))Q(t)dt. Let
(Ax)(z) := x(r), where x(¢) is the usual derivative of x(¢) with respect to .
Fory €Y, find (A*y)(r).

Let by,...,b,, be vectors in a real inner product space Z, and define B:Z —
IR™ by
(z,b1)
Bz := :
(2, bm)
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4.10.

4.11.

412,

4.13.

Problems 63

Show that if IR is equipped with the standard Euclidean inner product, then

B*A = i Aib;.
i=1

Let X and Y be inner-product spaces, and let A:X — Y be a linear operator
whose adjoint A*:Y — X exists.

(a) Show that kerA* = (rangeA)™".
(b) Show that (A*)* = A.

(c) Show that kerA = (rangeA*)*.
(d) Show that kerA*A = kerA.

Let X and Y be inner-product spaces, and let A:X — Y be a linear operator.
We say that A is inner-product preserving if (Ax;,Ax;) = (x,x) for all
x1,x € X.

(a) If A has an adjoint, show that A is inner-product preserving if and only
if A is norm preserving in the sense that ||Ax|| = ||x|| for all x € X.
Hint: The polarization identity of Problem|3.4may be helpful.

(b) If A has an adjoint, show that A is inner-product preserving if and only
ifA*A=1.

(c) Show that a norm-preserving operator is nonsingular.

(d) If A is inner-product-preserving and onto, show that A is invertible and
then that (Ax,y) = (x,A~'y). Hence, such an operator has an adjoint
withA* =A"1.

(e) If A hasan adjoint and A*A = I, determine whether or not A is invertible.

Let A:X — Y be a linear operator between inner-product spaces, and assume
that A*:Y — X and A~':Y — X exist. Prove the following:

(a) If (A*)~! exists, then (A~1)* = (A*)~L.

(b) If (A~1)* exists, then (A*)~! = (A~ 1)*.
Hint for part (b): To show that (A~!)*A* = I, it suffices to show that
y—(A~1)*A*y = 0. This holds if and only if (y — (A~1)*A*y,z) = 0 for
all z, which holds if and only if ((A~!)*A*y,z) = (y,z). Similarly show
A*(A~D =1

A linear, time-invariant system with causal impulse response 4 is given. Find
a causal input waveform x of minimum energy so that the system output at
time r = 1 is equal to y; i.e., find a minimum-energy waveform x so that

{ /0 " — r)x(r)dr]
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CHAPTER 5
Optimization

Consider a real-valued function f defined on an arbitrary subset Xy of an arbitrary
set X. We say that xg € Xo minimizes f on X if

F(x0) < f(x) for all x € Xp.

For example, the problem of minimizing f(x) = xInx for x > O falls into this frame-
work if we put X = IR and Xy = (0, ).

Sometimes, however, we want to restrict attention to a subset of X, characterized
by a finite number of inequalities of the form 4;(x) <0,i=1,...,m, where each h; is
a real-valued function defined on Xy. We say that xy € Xy minimizes f subject to the
constraints A;(x) < 0 for x € Xp if

f(x0) < f(x) for all x € Xo with /;(x) <0, i=1,...,m.

For example, the problem of minimizing f(x,y) = xlnx+ ylny forx >0 and y > 0
satisfying x> 4+ y? < 1 falls into this framework if we put X = IR? and let X, denote
the strictly positive first quadrant.

Notation. We put

hl (x)
H(x):= : ,
Py ()

and write H (x) < 0 to mean that &;(x) <0fori=1,...,m.

5.1. Introduction to Lagrange Multipliers

The generalization of the first quadrant in two-dimensional space to m-dimen-
sional space is the nonnegative orthant,

RY:={AcR": 4 >0,i=1,...,m}.

The Lagrangian for the minimization problem subject to inequality constraints
is the function L : IR x Xy — IR, defined by

L(A,x) = f(x) +ATH(x). (5.1)
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5.1 Introduction to Lagrange Multipliers 65

As we shall see, there is a close connection between unconstrained minimization of
the Lagrangian over Xy and minimization of f subject to the constraint H(x) < 0 for
x € Xo. In this section, we show that minimizing the Lagrangian is sufficient to min-
imize f subject to the constraint. In a later section, we show that in order for x¢ to
minimize f subject to the constraint, it is necessary for a suitable Lagrange multiplier
Ao to exist and that xo minimize L(Ag,x) for x € Xy (this result requires an additional
assumption). Finally, as we know from calculus, the solution of minimization prob-
lems can often be made easier by using derivatives. For this reason, we will also
study the derivative of the Lagrangian with respect to x.

Theorem 5.1 (Inequality Constraints). If there exists a Ay € IR"} and an xo € Xo
such that

H(x) <0 and  AJH(xo) =0, (5.2)
and such that
L(Ap,x0) < L(A9,x), forallx e Xy, (5.3)
then
f(xo) < f(x), forall x € X with H(x) <O0. (5.4)

Proof. Since Ay € IR"}, for every x € X such that H(x) <0, A H(x) < 0. Hence,
we can write

f(x) > f(x)+ 29 H(x)
= L(Ao,x)
> L(20,x0), by (8.3),
= f(x0) + A H(xo)
= f(x0), by 5.2). U

Theorem 5.2 (Equality Constraints). Let G:Xo — Z, where Z is a real or com-
plex inner-product space. Put L(U,x) := f(x) +Re(u,G(x)) for n € Z and x € Xy. If
there exists a [y € Z and an xo € Xy such that G(xo) = 0 and

L(po,x0) < L(o,x), forall x € Xy, (5.5)

then
f(xo) < f(x), forall x € Xp with G(x) =0.

Proof. Let x € X, satisfy G(x) = 0. Then (u,G(x)) = 0, and we can write
f(x) = f(x) +Re(uo, G(x))

= L(po,x)

> L(Ho,%0), by (5.3),

= f(x0) +Re(to, G(xo))

= f(xp), since G(xp) = 0. ]
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66 5 Optimization

Theorem 5.3 (Mixed Constraints). Let H: Xy — IR™, and let G: Xy — Z, where
Z is a real or complex inner-product space. Put L(A,1,x) := f(x) +ATH(x) +
Re(u,G(x)). If there exists a Aoy € IR}, a Yo € Z, and an xo € Xo such that
holds, G(xo) =0, and

L(A.(),IJ(),X()) é L(/’l(),,ll(),X), forallx € XO)

then
f(xo) < f(x), forall x € Xp with H(x) <0 and G(x) =0.
Proof. Problem[5.3] O

5.2. Convex Functions

A real-valued function f is said to be convex if the line joining (x, f(x)) and
(5, f(¥)) lies above the function values f(z) when z lies on the line joining x and y.
A quick sketch of the graphs of functions like f(x) = e* and f(x) = x? illustrates the
idea of a convex function. Functions of two or more variables can also be convex.
For example, the bowl-shaped function f(x,y) = x> 4 y* is convex.

A little reflection shows that we need to make our definition of convex function
more precise. In particular, we must guarantee that f is defined for all points on the
line joining x and y. A real-valued function f defined on a convex subset C of a real
or complex vector space X is said to be convex iff’]

FAx+(1=2)y) SAfx)+(1=2)f()

for all x,y € C and all 0 < A < 1. If the above inequality is strict for 0 < A < 1, we
say that f is strictly convex. Note that the above inequality can also be written as

FO+AG=y) < fO)+A[f(x) = fO))
Interchanging the roles of x and y yields

fa+Ay—x) < f)+A0) - f)]-
If we rearrange this inequality, we find that

¢ If f satisfies the reverse inequality, then f is said to be concave. Equivalently, f is concave if —f is
convex. Some authors do not use the term “concave.” Instead they write “convex N” for “concave,” and
they write “convex U” for “convex.” In this context, the symbol N is read “cap.” and the symbol U is read
“cup?”
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5.2 Convex Functions 67

Let us put
(D*f)(,x’y_x) = 111?(} f(x—l—l(y;x)) —f(x)7

(5.6)

assuming this limit exists. When this limit exists, it is called the one-sided Gateaux
derivative of f at x in the direction y — x. As we show near the end of the section,
for a convex function f, this limit always exists either as a finite number or as —oo.
Thus, for a convex function,

(D f)(x,y—x) < f(y) — f(x),

which we can rewrite as

fO) = f(x)+ (D f)(x,y—x). (5.7)

If there is a particular x € C for which the derivative in is nonnegative for
all y € C, then f(y) > f(x) forall y € C; i.e., x is a global minimizer of f on C. The
converse is also true; if x is a global minimizer, then the limit in @ is nonnegative.
We summarize this finding precisely in the following theorem.

Theorem 5.4. Let f be a convex function defined on a convex subset C of a real
or complex vector space. A point x € C satisfies (DT f)(x,y —x) >0 for all y € C if
and only if x is a global minimizer of f on C.

If X = 1R and C is an interval, y — x is a number. This means that we can write
as
J+A(y—x)—f(x)
Aly—x)

assuming that f is differentiable in the usual sense for functions of one variable. In
this case, we have (D f)(x,y —x) = f/(x)(y — x).

(y=x) = f(x)(y—x),

Example 5.5. Consider the problem of minimizing the function f(x) = e~ for
x € [0,1]. Let us use Theorem|[5.4Jto show that the solution of this problem is achieved
by x = 1. First, we must show f is convex. This can be done by the same reasoning
that will be used later in Problem It remains to show that (DT f)(1,y—1) >0
for y € [0, 1]. We simply observe that (D f)(1,y—1) = f'(1)(y— 1) = —e~}(y—1)
is greater than or equal to zero for y € [0, 1]. Hence, x = 1 minimizes f on [0, 1].
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Just as we have related the Gateaux derivative of a function of one variable to the
ordinary derivative, we can relate the Gateaux derivative of a function of n variables
to ordinary partial derivatives.

Theorem 5.6. Let f be a real-valued function defined on an open subset U of
IR"; e.g., U = IR". Denote the partial derivative of f with respect to its kth variable
by fi- If f1,..., fu exist and are continuous on U, then

(D f) (A0 = ¥ fi)Axe
k=1

forall x € U and all Ax = [Axy,...,Ax,]" € R".
Proof. See the remark following Note|l|at the end of the chapter. L]

Example 5.7. Use Theorem to find (x,y) € IR%r to minimize the function
fley) =@ +1)7+ (0 -2)%
Solution. By Problem IR? is a convex set. We will show later in Exam-

ple that f is convex. The minimum of f over IR? occurs at x = —1 and y = 2.
However, our job is to minimize f(x,y) over x,y > 0. By Theorem|5.6}

(D™ f)(x0,y0,x— X0,y —y0) = 2(x0 + 1) (x —x0) +2(y0 — 2) (y — y0).

This will be zero for all x and y if xyo = —1 and yg = 2. However, (—1,2) does not lie
in IRi, which is the set over which we minimizing f. Let us try xo = 0 and yp = 2.
Then

(D" £)(x0,0,% — X0,y —yo) = 2x,
which is nonnegative for all x under consideration. Hence, (0,2) minimizes f over
R?.

In the preceding example, we minimized f over the set lRi, which is not open.
Fortunately f was defined on all of IR> and we could use Theorem to compute
the Gateaux derivative. However, sometimes the function that we want to minimize
is defined only on a non-open set. In this case, the partial derivatives may be —eoo on
the boundary. The following result modifies Theorem 5.6]to handle this case.

Theorem 5.8. Let f be a convex function defined on IRY.. Assume that for each
x=[x1,...,x,]T € IR with x; > 0, the partial derivative of f with respect to its kth
variable, denoted by fi.(x), exists as a finite number. If x, = 0, we take fi(x) to be

f(xla' . .,)Ck_l,t,)Ck+1,. .. 7xn) 7f()€)

lim ,
110 t
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5.2 Convex Functions 69

which is the Gdteaux derivative of f in the direction of the kth standard unit vector
in IR”. As we have seen, this limit may be —. We assume that for all x € IR,

lim  fi(w) = fi(x),

weR'", ,w—x

where the right-hand side may be —o if x; = 0. If x € IR, is such that all the partial
derivatives fi(x) are finite, then

D=

(DT ), y—x) =Y filx) (e —xe)

k=1

forally=[y1,...,y,)" € R".

Proof. See the Notes at the end of the chapter.! |

Existence of the Limit in (5.6)

Theorem 5.9. A convex function f on a convex set C has a one-sided Gdteaux
derivative at every x € C in the direction y — x for every y € C if we allow —oo as a
possible value of the derivative.

Proof. 1If we can show that the quotient in is a nonincreasing function of A,
then as A | 0, either the quotients tend to —oo or they are bounded below. In the latter
case, the quotients tend to a finite limit (see Problem [5.13] for precise details). To
show that the quotients are nonincreasing, we must show that for 0 < 4; < A, <1,

fo+MG=x)=f() _ fE+Ab=x)-f()
)4 AQ .

< (5.8)

Put y; :=x+A;(y —x) and y := x+ A2(y — x). Rearrange the second definition as
y—x = (y2 —x)/A, and substitute this into the first definition so that

A
i ZX+T;(y2—X)-

Since 0 < A1 /A, < 1, and since f is convex,

£ < £+ 2 () ~ £,
2

which we can rearrange as (5.8) as required. |
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Theorem 5.10. Let f be a convex function on an interval I of the real line. If a
and b are interior points of I with a < b, then f is Lipschitz continuous on [a, D).
Hence, if x is not an endpoint of I, then f is continuous at x. Also, if x is not an
endpoint of I, then f has finite left and right derivatives at x, denoted by f' (x) and
fi(x), respectively, satisfying f' (x) < f'.(x). Furthermore,

fO) 2 f@)+ @) —x), yel
Proof. See the Notes at the end of the chapter.? |

Example 5.11. Let X = IR and consider the convex set C = [0,0). Define the
real-valued function f on C by

1/2
.} xInx, x>0, 0
f(x)'{ 0, x=0, \/
-1/2
0 12 1

which is shown in the figure at the right. You will show that f is convex in Prob-
lem Here we simply show that when x = 0, (DT f)(x,y —x) = —co. For x =0
and y > 0,

fx+A(y—x) = f(x) = f(Ly) = f(0) = f(Ly) = AyIn(Ay),
and so
fx+A0—x) —f(x) _ Ayln(dy)
A A

=yln(ly) = —oo
as A ] O0.

Example 5.12. The assumption in Theorem that x is not an endpoint of the
interval is critical for continuity. Consider the function on [0, ) defined by f(0) := 1
and f(x) := 0 for x > 0. Then f is convex, but not continuous at the endpoint x = 0.

Theorem 5.13 (Jensen’s Inequality). Let f be a convex function defined on an
interval, and let X be a random variable taking values in that interval. If E[|X|] < oo,
then

E[f(X)] > f(E[X]),

where the left-hand side may be +oo, but cannot be —oo.

Proof. See the Notes at the end of the chapter.?
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5.3 Lagrange Multipliers and Derivatives 71

5.3. Lagrange Multipliers and Derivatives

We return to the optimization problems considered in Section[5.1]

Theorem 5.14. Let Xy be a convex subset of a real or complex vector space X.
Assume that each of the real-valued functions f, hy, ..., hy, is convex on Xy. Suppose
there is a point xo € Xo and a Ay € IR} such that

H(x) <0 and  AJH(xg) =0. (5.9)

Suppose also that the Lagrangian in (5.1) satisfies (D;"L)(2o,%0,y — o) > 0 for all
y € Xo. Then f(xo) < f(y) forall y € Xo with H(y) < 0.

Proof. This is a simple application of Theorem and the convexity property
applied to the Lagrangian. First note that (5.9) is the same as (5.2). It then
suffices to establish that holds. Since f and the h; are convex, the Lagrangian
L(A,x) is convex in x for A € IR”! (Problem 5.17). Hence,

L(AO)’) > L(A.(),X()) + (D;L)(lvx()»y*x())

holds for all y € Xo. By hypothesis, the Gateaux derivative is nonnegative, and so
(5.3) follows as required. O

Remark. The foregoing proof uses the convexity of f and the /; only to show that
for all A € IR’}, the Lagrangian L(A,-) is convex on Xo. However, all we really need
is that for the particular Ay of interest, L(A, - ) is convex on Xj.

Theorem 5.15. Let X and Z be vector spaces, both real or both complex, with Z
being an inner-product space. Let X be a convex subset of X. Assume that each of the
real-valued functions f, hy, ..., hy is convex on Xo. In addition, let G(x) = Ax+ b,
where b € Z and A: X — Z is linear. Suppose there exist xo € Xo, Ag € R", and uy € Z
such that

H(xo) <0, AJH(xo)=0, and G(xo)=0.

Suppose also that the Lagrangian

L(A, %) = £(x) + ATH(x) + Re(p, G(x)
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satisfies (D L) (Ao, to, X0,y —Xo) > 0 for all y € Xo. Then f(xo) < f(y) forally € Xo
with H(y) <0 and G(y) = 0.

Proof. See Problem |

Examples

Example 5.16. We again consider the problem of minimizing f(x) = e for x €
[0,1]. To apply Theorem we must select an appropriate convex set Xy and
appropriate constraint functions 4;(x). There is more than one way to do this. For
the first way, we choose Xy = [0,00) and A (x) := x— 1 < 0. We already noted that
f is convex. It is easy to check that /; is convex. The corresponding Lagrangian is
L(A,x) = f(x)+ A(x—1), from which it follows that

(DIL)(Axy—x) = [f (x) + Ay —x) = [~e "+ Ay —x). (5.10)

We need this to be nonnegative for all y € [0,0). By (5.9), we also need A (x—1) = 0.
If x=0, then A = 0 and becomes —y, which is negative for y > 0. Hence,
x = 0 does not satisfy the conditions of the theorem. Suppose x > 0. Then y —x can
be positive or negative as y varies over [0,00). To make the Giteaux derivative in
nonnegative for all such y, we must make e = A; in particular, this means
A > 0. To satisfy A (x— 1) = 0 then requires x = 1. We have now met the conditions
of the theorem and so we may conclude that x = 1 is the global minimizer of e™ on
[0,0) subject to the constraint x < 1.

We now turn to a second way to apply Theorem [5.14] This time we take Xp = IR,
hi(x) :==x—1<0and hy(x) = —x < 0. We know that f and h; are convex. It is
easy to check that 5 is also convex. Because there are two constraints, we need two
Lagrange multipliers. The Lagrangian is L(A;,A2,x) = f(x) + A1 (x — 1) + A2 (—x),
and

(DIL) (A1, A2, %,y —x) = [—e “+ A1 — A(y — x).

Since y € IR, y —x can be positive or negative. To make the Gateaux derivative
nonnegative for all y € IR requires

e =N 5.11)

We also need nonnegative A; and A, satisfying A; (x — 1) + Ay(—x) = 0, which we
rewrite as
ll(x—l) Z)Qx. (5.12)
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The constraint inequalities 21 (x) =x—1 <0 and Ay(x) = —x < 0 imply 0 < x < 1.
If x =0, then implies A; = 0 and becomes 1 = —A,, which contradicts
Ay > 0. If 0 < x < 1, then implies that either the multipliers have opposite
signs, which we cannot allow, or they are both zero, which contradicts @]) Hence,
the only possible choice for x is x = 1. In this case, (5.12) implies A, = 0, and then
gives A; = e~! > 0. Thus, x = 1 minimizes f subject to the constraints.

To do more interesting examples, we need to compute Gateaux derivatives for
more complicated functions. If f is a convex function defined on the whole space
X, then we will need to compute (DT f)(x,y —x) for all y € X. Hence, it suffices to
compute (D7 f)(x,Ax) for arbitrary Ax € X.

Example 5.17. Consider the function f(x) = Re(Ax,z), where A:X — Z is a lin-
ear operator, Z is an inner-product space, and z € Z is given. Show that f is convex,
and show that

(D™ f)(x,Ax) = Re(AAx, 7).
If X is also an inner-product space and A* exists, then (D™ f)(x,Ax) = Re(Ax,A*z).
Solution. To establish convexity, fix x,y € X and 0 < A < 1. Then
F(Ax+(1—=2)y) = Re(A[Ax+ (1 —2A)y],2)

=Re{A(Ax,2) + (1 -1)(Ay,2)}

= ARe(Ax,z) + (1 —A)Re(Ay,z), since A is real,

= Af(x)+ (1 =2)f().
To compute the Gateaux derivative, observe that

Ff(x+AAx) — f(x) = Re(A(x+ AAx),z) — Re{Ax,z) = ARe({AAx, z).

Hence,

lim ZEHEAA) =) e tAAr 2) = Re(AAw,2).
210 A 210

Example 5.18. Assume X is an inner-product space and that B:X — X is a self-
adjoint, positive-semidefinite, linear operator. Show that f(x) := (Bx,x) is convex on
X and that

(D™ £)(x,Ax) = 2Re(Ax, Bx).

We note that it will frequently be the case that B = A*A where A:X — Y and Y is
another inner-product space such that A*: Y — X exists. In this case, f(x) = (Ax,Ax),
and (DT f)(x,Ax) = 2Re(Ax,A*Ax).
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Solution. First note that since B is self adjoint, f is real valued, which is a pre-
requisite for f to be convex. To establish convexity, fix x,y € X and 0 < A < 1. Note
that A2 < A. Then

Fx+A(y—x)) = (Bx+A(y—x)],x+A(y—x))
= (Bx,x) + A (B(y —x),x) + A (Bx,y —x) + A} (B(y —x),y —x)
< (Bx,x) + A(B(y —x),x) + A (Bx,y —x) + A(B(y —x),y — x),
where the last step uses the facts that A2 < A and (B(y — x),y —x) > 0 (since B is
positive semidefinite). Combine the second and fourth inner products to get (B(y —

x),y). Adding this to the third inner product yields (By,y) — (Bx,x). It now follows
that

S+ —x) < fE)+AF) - f(x)].
Next, we compute the Gateaux derivative. Observe that
Fr+2A%) — £(x) = (Blx+ A, x+ AAx) — (Bx,x)
= A(BAx,x) + A (Bx, Ax) + A% (BAx, Ax)
= 2ARe(Ax, Bx) + A% (BAx,Ax), since B is self adjoint.

It now follows that

[+ AAx) — f(x)
A

which goes to zero as 4 | 0.

—2Re(Ax, Bx) = A{BAx, Ax),

Example 5.19. Show that f(u,v) := (u+1)%+ (v —2)? is a convex function on
R?.

Solution. The first step is to observe that

e[l

If we put x = [u,v]" and y = [~1,2]T, then f has the form

2

1RZ.

o= Y12 = (= y.x =) = (6,0) = 2x0,3) + ().

By Example|5.18] (x,x) is convex. By Example[5.17] (x,y) is a convex function of x.
The last term is a constant function of x and is convex. By Problem[5.13] the sum of
these terms is convex.
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Example 5.20 (Quadratically Constrained Least Squares). Consider the problem

min ||y — Ax|| subject to ||Qx||* < b,
xeX

where X and Y are inner-product spaces, A: X — Y and Q:X — X are linear operators,
and y € Y and b > 0 are given. Assume that the adjoints A* and Q* exist. This is
a common problem in communications and signal processing. The problem arises
whenever the system output y is given, and the goal is to design a system input x to
achieve Ax ~ y as closely as possible, given a constraint on the energy available for
x. The first step is to realize that the problem is unchanged if we replace ||y — Ax|| by
[ly — Ax||%. Next, to apply Theorem we first put

f@) = |ly—Ax|]* = {y— Ax,y —Ax) = |[y]|* —2Re(Ax, ) + (Ax, Ax).

By the same argument as in Example [5.18] f is convex. Next, we put H(x) :=
|0x||> — b = (Qx,0x) — b. By Example [5.18] H is also convex. With L(A,x) =
f(x)+ AH(x), we have from Examples and that
(DFL)(A,x,Ax) = —2Re(Ax,A"y) +2Re(Ax,A*A) + A2Re(Ax, 0" Ox)
= 2Re(Ax,—A*y+A*Ax+ A Q" Ox).

In order for this to be zero for all Ax € X, it is necessary and sufficient that the right-
hand argument of the inner product be zero; i.e.,

(AQ*Q+A"A)x = A"y. (5.13)

We denote a solution of this equation by x;. When A = 0, we must solve A*Ax =
A*y. This is the equation considered in Theorem If a solution x( exists, we
must check to see if ||xo||*> < b. If this is so, the unconstrained solution solves the
constrained problem and we are finished. If [|xo||> > b, we must try to solve (5.13)
for positive values of A. To satisfy the condition A (||Qx||> —b) = 0 with positive
A, we must adjust A so that ||Qx; ||> = b. In other words, we must solve (5.13) for
increasing values of A until ||Qx; ||? drops to b.

Example 5.21 (Water-Filling). Consider the problem

n
max Z Fi(x¢) subjectto Y xp <P,
xE€RY = k=1

where P > 0 is a given constant and the Fj are real-valued, concave functions on
[0,0) that satisfy some additional conditions mentioned below. A classical water-
filling problem arises in determining the capacity of parallel Gaussian channels in
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information theory [4f]. In that problem,
t
Fk(t):1n<1+—), >0, (5.14)
Ny

where Ny, is the noise power in the kth channel. The key features of the Fj that we
need to solve the general problem are that their derivatives, denoted by f;, be positive,
strictly decreasing, and satisfy f;(¢) — 0 as  — oo. Under these assumptions,

M, = fk(O) >0

is the maximum value of f; on [0,0). Since f} is stricly decreasing, it is a one-to-one
mapping of [0,e0) to (0,M]. In fact, since derivatives have the intermediate-value
property [22, p. 108, Th. 5.12], f is ontoﬂ Therefore, f,;lz (0,M] — [0,00) exists
and is strictly decreasing For future reference, note that f, '(My) = 0. When F is
given by (5.14), fi(r) = 1/(t+Ni). My = fi(0) = 1/Ny.. and f; " (s) = (1/s) —

We now turn to the optimization. First, maximizing Y F(x;) is the same as
minimizing — Y, Fy(xx). Since the Fj are concave, the —Fj are convex. Hence,
— Y41 Fi(x¢) is convex by Problem Since H(x) := Y, xx — P is also convex,
we can apply Theorem[5.14] The Lagrangian is

Xn: (o +/1<Zxk— )

k=1

We must find A > 0 and x € IR’} satisfying the three conditions

ixkgﬂ l(ixk—P>:0
k=1 k=1

and

(D;L)(lvxay_x) =

1=

[l fi(xe) ] (k —x%) >0, forally e R

We first argue that A = 0 is not going to work because the f; are all positive. To see
this, suppose A = 0 and each y; > x;. Then

agE

3 (A= ) os =5 = = 3 Alsox—) <0

k=1

So fix a A > 0, and consider a k for which M}, < A. For such k, if we take x; = 0, then

(A — fielx) | vk —xi) = [A = fielx) vk > [A = My > 0, for y, > 0.

b Later we make the additional assumption that the f; are continuous, which also guarantees the
intermediate-value property (22| p. 93, Th. 4.23].
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For k with M, > A, A is in the domain of f,:l and we can take x; = f,:l (A); in other
words, with this value of x; > 0, fi(xx) = A and we have

[A — fk(xk)} (yk —xk) = O(yk —xk) =0, fory,>0.

Choosing the x; in this way guarantees that (D L)(A,x,y —x) >0 for all y € IR"}..
We now have to substitute these values of x; into the constraint function and adjust A
until we satisfy the constraint with equality. To this end, we define the functions

L 0, A > My,
Sk(A):= { FOUA), 0< 2 < My,

and

s) =Y &),
k=1

We show below that there is a Ay > 0 such that g(49) = P. Hence, if we take x;, =
&(Ao), then the constraint is satisfied with equality and (D} L)(Ag,x,y —x) > 0 for
ally € IR

The value of the function £, '(1) is just the solution of the equation /(x) = 0
when h(x) = fi(x) — A. The solution can be obtained in MATLAB with the commands

h
X

Q@ (x)f(k,x)—-lambda
fzero(h,Mk/2)

where £ (k, x) is a function you write to compute f;(x), fzero is a MATLAB func-
tion, and M /2 is a starting point for fzero. Since it is easy to compute f, ! humer-

ically, it is easy to compute & and g as well. Furthermore, since the f~ I are strictly
increasing, so is g. To solve g(A1) = P, we use the commands

gP = @(lambda)g(lambda)-P
lambda = fzero(gP,lstart)

where 1start might be max(M,,...,M,)/2.

To show that there is a solution of g(1) = P, we argue that g is continuous and
satisfies g(A) — e as A —. It then follows that for some A, > 0, g(4.) > P. Since
g(A) =0for A > max(M,,...,M,), we have by the intermediate-value theorem [22]]
that there exists a Ay > 0 with g(A9) = P. We now assume that the f} are continuous.
We also assume, without loss of generality, that M > --- > M,,. For L > M, g(A) =
0. For M; > A> Miiq,

s =Y 1A,
k=1

December 23, 2010



78 5 Optimization

The continuity of the f; can be used to establish the continuity of the f,~ ' (Prob-
lem[6.45). Hence, the terms in the above sum are continuous. This implies that

hm ka ka l+l

}L_>Ml+l k=
For Miy1 > A > M,
ZI
g =Y '),
k=1
and so
i+1

i
z+l ka l+1 Z z+l

where we have used the fact that f; ( i+1) =0. Thus, g, which is defined piecewise,
is continuous. To conclude, observe that since each f;~ lis strictly decreasing, so is g
for 0 < A < M;. Also, since each f,:l(?L) tends to infinity as A — 0, so does g(A).
If it happens that f;"' (1) > --- > f,"'(A), which is the case when Fj is given by
(5.14) and Ny < --- < N, Figure [5.1] suggests the terminology of adding water to

a container with an uneven bottom until a certain total amount of water is reached.
When Fj is given by 1i 1) —f,;ll (L) = Nyi1 — Ni, and if we add N; to each

Figure 5.1. Illustration of water-filling.

column of Figure[5.1] we get Figure[5.2]
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Nyt
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Figure 5.2. Illustration of water-filling specialized to and modified.

Notes

Note 5.1. We establish the formula for the Gateaux derivative in Theorem
To begin, fix any x = [x,...,x,] " andy = [yy,...,y,]" in R’ , and Writ

™=

fa+Ay—x)—fx) =Y fla)—fla1), (5.15)

k=1

where zg :=xand fork=1,...,n,

T

2= (X1 H A1 —x1), X Ak — X)X 15 X (5.16)

Since x; and y; are nonnegative, it is clear that each component of z; is nonnegative,
and so z; € IR”,.. In particular, z, = x+ A (y—x). Since z; and z;_ differ only in their
kth component,

Fz) = flz—1) = g (e + Ak —xx)) — g(x),

where g is the function of one variable
g(t) 1:f(x1 FAL = x1)5 X1 Ak *xk—l),t,xkﬂ,m,xn)

and ¢ varies in the closed interval with end points x; and x; + A (y; — x). Since g
is differentiable on this interval, it is continuous on this interval [22} p. 104, Theo-
rem 5.2]. Hence, we may apply the mean-value theorem [22, p. 108, Theorem 5.10]
to write

g+ A (e —xx) — g(wk) = &' () (v — 1), (5.17)

¢ Here z; is a vector, not the component of a vector.
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where 7 lies strictly between x; and x; + A (v, — xi). Hence, |T — x| < A|yx — x¢/. In
terms of the kth partial derivative of f, (5.17) says

F(z) = f(z-1) = A fie(wi) 0k — Xk)

where

N
W= [+ A0 = x1)s o Xt F ARt = Xk1)s Ty Xk 150X -

Note that

k—1 k
[we = xllgen =22 Y [yi — x>+ [t — x> < A% Y |yi —xi?

i=1 i=1

/12Z|y,—x,|2 22|y =l

Hence, for small A > 0, wy is close to x. We can now write

Il
™=

fx+A(y—x)) —f(x) f(z) = f(zr1)

»
I
-

Il
™=

A fi(wi) Yk — xx)-

T
[N

It follows that

f(xwy;x)) (LR

I
D=
M=

Jewi) Ok = xx) = ) fie(x) (v —xx)

»
Il

k

[fewi) = fi ()] 0k — xx)-

1

I
=

~
Il
—

Given € > 0, for small enough A > 0, | fi(w
partial derivatives. Hence,

~

— fr(x)| < &/n by continuity of the

n
Y i) = fil)] ke — ) Z [y = xllrr = €[y — x| re-
=1

Remark. The foregoing proof can be adapted to establish the analogous result in
Theorem [5.6] by making the following changes. First, replace y —x with Ax. Second,
change the sentence below to say that for small A, each z; € U. In fact, we
can even allow A < 0 if we change “small A > 0” to “small |A| > 0. In this way,
we can show that under the assumptions of Theorem[5.6] f has a two-sided Géateaux
derivative.
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Note 5.2. We prove Theorem[5.10] We begin with some basic inequalities. For
any u < x < v in the interval /, we can write x in two different ways as

x=u+A(v—u), withdA=x—u)/(v—u)ec(0,1),

and
x=v+A(u—v), withd=x—v)/(u—v)e(0,1).

Since f is convex, we have

X—Uu X—V

[f0) = f(w)] and  f(x) < fv)+=—[f(u) = F(v)].

vV—u u—v

fx) < fu)+

Rewrite the above display noting that x — u is positive and x — v is negative. Thus,

fO = f) SO =fw) o O Zfw) S0 =S (5.18)
It follows that
f(x))c:i(u) Sf("\)}:)]:(x) (5.19)

The inequalities in (5.18) and (5.19) are illustrated in Figure[5.3]

NN

s 4
+ +

U x v u x v U x v
Figure 5.3. The left-hand graph illustrates the left-hand side of (5.18), which says that the slope of the
chord above [u, x| is less than or equal to the slope of the chord above [u,v]. The middle graph illustrates
the right-hand side of (5.18), which says that the slope of the chord above [u,v] is less than or equal to the

slope of the chord above [x,v]. The right-hand graph illustrates (5.19), which says that the slope of the
chord above [u,x] is less than or equal to the slope of the chord above[x, v].

If u < x < v < w, then making the substitution (u,x,v) — (x,v,w) in (5.19) yields

JO) = f(x) _ fw) = f(v)
V—X o w—v
Combining this with (5.19) yields
£~ fw) _ f00)~ 1) 520,
xX—u o w—v

Now suppose that a < b are interior points of /. Then there are other interior
points p,q € I with p < a < b < q. Consider points

p<a<s<t<b<yg.
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From (5.20) with (u,x,v,w) = (p,a,s,t),

1@ 1p) _ S0 -1(5) 5an
a—p t—s
From the left-hand inequality in (5.18) with (u,x,v) = (p,a,t),
fla) = f(p) _ [(t) = f(a)
a—p ~ t—a
which shows that (5.21)) holds even for s = a. Similarly, from (5.20) with (u,x,v,w) =
(s7 t7 b7 q) >
10 -56) _ fla)~1(8) 52
t—s q—>b

and from the right-hand inequality in (5.18) with (u,x,v) = (s,b,q),

1)~ £6) _ fla)—£(b)
b—s ~— qg—-b

Thus, (5.22) holds even for ¢ = b. Letting K denote the larger of the absolute values
of the left-hand side of (5.21) and of the right-hand side of (5.22), we have

|f(t)_f(s)| §K|I—S|7 s, € [avb]'

Thus, f is Lipschitz continuous on [a, b].

We now turn to the derivatives. The left-hand inequality in (5.I8) shows that
for fixed u, W is increasing in ¢ (nondecreasing, to be precise). The right-hand

inequality in (5.18)) shows that for fixed v, W isincreasing in . If we fix v on the
right-hand side of (5.19), then the left-hand side is bounded above and is increasing
in u as u increases to x. Similarly, if we fix u on the left-hand side of (5.19), then the

right-hand side is bounded below and is decreasing in v as v decreases to x. Hence,

the limits @ (@) ) @
F(x) = 1%% < 13% = f(x) (5.23)
exist and are finite. From (5.19),
ST

On the other hand, since f/ (x) is the limit of decreasing quotients, the limit is less
than or equal to any particular quotient; i.e.,

fi(x) < w, V>
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Given any y € I, by taking u = y if y < x and taking v =y if y > x, we see that

fO) 2 )+ () —x).

This also holds trivially for y = x. A similar argument can be made with f/ (x)
replaced by f (x). O

Note 5.3. We prove Jensen’s inequality, Theorem[5.13] Let C denote the interval
of interest. Put m := E[X]. Then m belongs to the interval C. If C is an interval that
includes one of its endpoints, say ¢, then either m = ¢y or m # ¢g. If m = ¢, then
X = ¢¢ almost surely. In this case, E[f(X)] = E[f(m)] = f(m) = f(E[X]). If m is not
an endpoint of the interval, then convexity of f implies

f(x) > f(m)+ f*(m)(x—m), forallxeC, (5.24)

where f* denotes either the left-hand or right-hand derivative of f (cf. Theorem|5.10).
Assuming E[f(X)] is finite, we have from (5.24) that

E[f(X)] = f(m) + f"(m) (E[X] —m) = f(m) = f(E[X]).

=0

Below we show that E[f(X)7] < ooE] Hence, E[f(X)] exists. It then follows that
if E[f(X)] is not finite, it is +oo; in this case, Jensen’s inequality is obviously true.
Let B:= {x € C: f(x) < 0}. Then

—f(m) = f*(m)(X —m)}p(X)], by (5.24),
= {f (m)m— f(m)}P(X € B) — f*(m)E[XIp(X)].

The last expectation on the right is finite since we have assumed E[|X|] < eo. Hence,
E[f(X)7] <ee.
Problems

5.1. Show that (5.2) holds if and only if

L(A,x0) < L(Ag,x0), forall A € RY.

4 For any random variable Y, we define Y~ := —Y if ¥ <O and Y~ := 0 otherwise.

December 23, 2010



5.2.
5.3.
5.4.

5.5.

5.6.

5.7.
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Remark. Using this result, (5.2) and (5.3) can be combined into the pair of
inequalities,

L(A,x0) < L(Ag,x0) < L(Ag,x), forall A € RY, x € Xp. (5.25)
In other words, (Ag,xo) is a saddle point of L. Theorem [5.1|is often stated
with (5.2) and (5.3) replaced by (5.23)), e.g., [26, p. 591.
Prove Theorem[3.3]
Show that IR is a convex set.

Let f be a real-valued, convex function defined on the real line IR. Assume
that xp € IR is a global minimizer of f; i.e., f(xp) < f(x) for all x € IR.
Determine whether or not f is nondecreasing on [xo,); i.e., for xo < x; < xp,
determine whether or not f(xg) < f(x1) < f(x2).

Consider the function f(x) := |x| for x € IR. Show that

y—x, x>0,
x—y, x<0,
y—x, x=0andy >0,
x—y, x=0andy <O0.

(DT f)(x,y—x) =

Remark. Since (D7 f)(0,Ax) = |Ax|, we see that the Gateaux derivative is
not necessarily a linear function of Ax.

Show that the one-sided Gateaux derivative satisfies

(D* ) (x.a(y—x)) = a(D* ) (x.y—2). a>0.

In other words, the one-sided Gateaux derivative is homogeneous in its di-
rection argument for positive constants.

Let X denote the real vector space of continuous waveforms on [0, 1]. Let
to € [0,1] be given, and for x € X, put f(x) := [x(to)]*>. Find the Gateaux
derivative of f at x in the direction Ax.

For convex functions on an interval of the real line, (5.7) becomes

F) = )+ (x)(y—x), (5.26)

for x,y in the interval where f is defined, and assuming f is differentiable in
the usual sense at x. Prove that if f is a real-valued function that is differen-
tiable on an interval and if holds for all x,y in the interval, then f is
convex. Hint: Given any two points u, v in the interval, show that

f(u—i—k(v—u)) <f)+A[f(V)—fw)], 0<A<I1.
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5.9.

5.10.

5.11.

5.12.

5.13.

5.14.

Problems 85

(The cases A =0 or 1 are trivial.) In (5.26) putx =u+A(v—u) and y = u.
Repeat with the same x but now y = v. Use the two resulting inequalities to
obtain a lower bound on (1 —A) f(u) + A f(v).

Let f be a real-valued function on an interval of the real line, and assume the
usual derivative f’(x) exists. Show that if f’ is nondecreasing (resp. strictly
increasing), then f is convex (resp. strictly convex). Hint: Use the ordinary
mean-value theorem to show that holds for all x,y. Treat the cases
x < yand x >y separately. Apply the result of the preceding problem.

Use the result of the previous problem to show that the following functions
are strictly convex. (a) f(x) =¢€*. (b) f(x) = —Inx forx > 0. (¢) f(x) = xInx
for x > 0. (d) f(x) = x” for x > 0 (assume p > 1).

Put f(x) := xInx for x > 0 and f(0) = 0. Show that f is strictly convex on
[0,00).

For x € IR", put

flx):= Z X Inxy,
k=1

where 0In0 := 0. Use the result of the previous problem to show that f is
convex.

Let C be a convex set on which convex functions fi,..., f, are defined. Let
c1,...,c, be nonnegative constants, and put g(x) := Y}, ¢ fx(x). Show that
g is convex. In other words, a nonnegative linear combination of convex
functions is convex.

Let Xo be a convex subset of a real or complex vector space X. Fix any
X0 € Xp,and put C:={x€X :xp+x € Xp}.

(a) Show that C is convex.
(b) Show thatif x € Cand 0 < n < 1, then xp + Nx € Xp.

(¢) For x € C, put ¢(x) := (D™ f)(x0,x). Show that @ is a convex function
on C. Hint: Fix x;,x, € C,0< A <1, and 0 < n < 1. Observe that

),(x0+nx1)+(1 _A«)(.XO"‘T’)Q) € Xp.

This point can be rewritten as xo + n[Ax; + (1 — A)x;]. Since f is con-
vex,

f(xo+n[Axi + (1= A)x]) < Af(xo+nx1)+ (1—2)f(x0+Nx2).
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5.15.

5.16.

5.17.

5.18.

5.19.

5.20.

5.21.

5 Optimization

Remark. For some xo € Xp and x € C, we may have ¢(x) = —oo.

Let y(¢) be nondecreasing and bounded below for ¢ > 7. Let L denote the
greatest lower bound of {y/(¢) : # > 7}. Prove that

limy(t) =L.
tlt

Let X denote the set of real-valued, continuous waveforms on [0, 1]. If

10):= [ aw’ar,

find the Gateaux derivative (D f)(x, Ax) for Ax € X.

Prove Theorem You should first verify that the Lagrangian is a convex
function of x.

Consider the optimization problem of finding real numbers v and w that min-
imize f(v,w) :=v? +w? +4v — 2w+ 5 subject to the constraint v* +w? < 1.
Hint: Observe that f(v,w) = (v+2)>+ (w—1)%.

Let g be a bounded function with |g(¢)| > 0 for ¢ € [0,1], and let y be a
given finite-energy waveform on [0, 1]. Find the finite-energy waveform x
that solves

1 1
min/ |y(t) — g(1)x(1) |2dt subject to / |x(t) ‘Zdt <b.
x Jo 0

Express your solution x in terms of y, g, and a Lagrange multiplier. Also, in
the special case g(¢) = 1, find the Lagrange multiplier and the corresponding
solution x in terms of y and b only.

Solve
mionH2 subjectto Ax=y,
X

where A: X — Y is a linear operator between inner-product spaces X and Y
such that the adjoint A* exists and y € Y is given. Discuss any additional
assumptions you would like to make in order to guarantee that a solution
exists.

Solve

n n
min Z xiInx;  subject to Z x = 1.
xeRY ;= =1
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5.22.

5.23.

5.24.

Problems 87

Remark. A sequence of nonnegative numbers that sums to one is sometimes
called a probability mass function. In this problem you are finding the
probability mass function that minimizes the negative of the entropy of the
probability mass function.

Consider the problem

1
min f(x) subject to / lx(r)[Pdr <1,
xeX 0

where X and f are defined in Problem[5.16 Set up the Lagrangian, and find
all choices of A > 0 and x € X such that (D L)(A,x,Ax) = 0 for all Ax, the
constraint is satisfied, and

,1(/01 (1)t — 1) —0.

Let X and Y be real inner-product spaces. Let A:X — Y and B: X — IR be
linear operators. Assume that B* exists and is nonsingular. Assume that A*
exists and that A*A is invertible. For given y € Y and z € IR", find x € X to
minimize ||y — Ax|| subject to Bx = z.

Let X denote the set of real-valued waveforms on IR having finite energy. Let
Cp:={xeX:x(t)>0forallt >0},andletCy :={x€ X :x(r) <O forall r <
0}. Consider the waveform

e, +<0,
x(t):=¢ -2, 0<r <3,
1/t, t > 3.

Does there exist an Xp € C; UC; such that ||xg — Xp|| < |[xo —y|| for all y €

CLUG,? If “no,” explain why. If “yes,” find Xo and justify the steps of your
analysis.
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CHAPTER 6
Sequences, Limits, Completeness, and
Compactness

To motivate the material in this chapter, we consider some questions raised by
our earlier work.
Recall from our proof of the Projection Theorem for Finite-Dimensional Sub-

spaces that if wy,...,w, are orthonormal vectors in an inner-product space X, then
the projection of any x € X onto W, := span{wy,...,w,} is given by
n
Z (x, wi)wy.
k=1
If we now have an infinite sequence of orthonormal vectors, wy,w»,..., it is natural

to expect that the projection of x onto W := span{wj,w»,...} is given by

n

1<x, Wi )W 1= nlgr;}&(x, W) W

s

k

In other words, we define the infinite sum to be the limit of the finite partial sums.
How do we know the limit exists? Even if the limit exists, how do we know it lies in
w?

Consider the problem of minimizing or maximizing a real-valued function f de-
fined on a subset Xy of an arbitrary set X. How do we know that a maximum or
minimum exists? For example, the function f(x) := x for x € [0, 1) has a unique min-
imizer at x = 0, but there is no maximum value of f on [0,1). Or suppose we have an
algorithm that generates a sequence x,, € Xy with the property that f(x,) < f(xp41)-
Even if x, converges to some limit x, it may happen that xo ¢ Xp.

The purpose of this chapter is to provide tools for understanding and addressing
the foregoing questions. Key concepts will be that of Cauchy sequence, closure of a
set, sequentially compact set, and continuous function.

6.1. The Real Numbers

The Least Upper Bound and the Greatest Lower Bound

Sometimes a set of numbers has a largest or maximum element, and sometimes
it does not. For example, the largest element of [0, 1] is 1, but [0, 1) does not have a
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6.1 The Real Numbers 89

largest element. For this reason, we introduce the concept of least upper bound as the
next best thing to the largest element of a set in case the set does not have a largest
element.

We say that a real number r is an upper bound of a set B of real numbers if for
all b € B, b < r. We say that r is the least upper bound of B if r is an upper bound
of B, and if every number smaller than r is not an upper bound of B.

Since 1 is an upper bound of [0, 1), and since no number smaller than 1 is an
upper bound of [0,1), we see that 1 is the least upper bound of [0, 1). Similarly, 1 is
the least upper bound of [0, 1].

Least Upper Bound Axiom. Every nonempty subset of real numbers that is
bounded above has a least upper bound [22]].

If B is a set of real numbers, we define the supremum of B as follows. If B is
nonempty and bounded above, we define sup B to be the least upper bound of B. If
B is nonempty and not bounded above, we write sup B = . If B is empty, we write
supB = —oo. (Conventions concerning +oo are discussed in the notes at the end of
the chapter.)

A nonempty set B that is bounded below has a greatest lower bound. We define
the infimum of B as follows. If B is nonempty and bounded below, we define inf B to
be the greatest lower bound of B. If B is nonempty and not bounded below, we write
inf B = —oo, and if B is empty, we write inf B = co.

Limits

A sequence of real numbers x, is said to converge to a real number x if given
any € > 0, we have for sufficiently large n that |x, — x| < €. In this case, we write

lim x,, = x or we write x,, — x.
n—ro0

Example 6.1. Show that 1/2" — 0.

Solution. Since 2" > n, we have 1/2" < 1/n. Hence, given € > 0, we have for
n>1/ethat|1/2"| =1/2" < e.

Example 6.2. If x, — x and y,, — y, prove that x, +y, — x+y.

Solution. We need to show that for large n,

|(xXn +yn) — (x+¥)| <&
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20 6 Sequences, Limits, Completeness, and Compactness

Before we can start the proof itself, we need to do some analysis to see how to
approach it. We begin by using the triangle inequality to write

|0 +yn) = (x+3)| = [(xn = %) + (0 =) < X0 — x|+ [yn —¥|- (6.1)

If we can show that |x, —x| < €/2 and |y, —y| < €/2, then we will have the inequality
we need.

Proof. Let € > 0 be given. Since x,, — x, we know that there is an N; such that
for all n > Ny, |x, — x| < €/2. Similarly, since y, — y, there is an N, such that for all
n> N, [y. —y| < €/2. Hence, for n > N = max(Nj,N,), we can upper bound
by € as required. |

Lemma 6.3. Let B be a set of real numbers with least upper bound r. Then there
is a sequence b, € B with b, converging to r.

Proof. To say that r is the least upper bound of B implies that for every n =
1,2,3,..., the number r — 1/n is not an upper bound of B. This means that there is
some b, € Bwith r—1/n < b, <r. Hence, |b, — r| < 1/n. It is now clear that given
any € > 0, we have for all n > 1/¢ that |b, — r| < €. U]

Sequential Compactness

If x1,x2,x3,... is a sequence of real numbers, and if ny,n,,... is a sequence of
integers with the property that n; — oo in the sense that given any N, there is a K such
that for all k > K, n; > N, then we say that x,, is a subsequence of x;,.

A subset of real numbers is said to be sequentially compact if every sequence in
the set has a converging subsequence whose limit lies in the subset. The following
result implies that a closed interval [a, b] is sequentially compact.

Theorem 6.4 (Bolzano—Weierstrass). Every bounded sequence of real numbers
has a subsequence that converges to a finite real number.

Proof. Let x, be a bounded sequence of real numbers. Then there are bounds
—oo < g < b < oosuch that a < x, <b for all n. Put

Ym = Sup Xxy.
n>m

This is shorthand for y,, := supA,,, where A,, := {x, : n > m}. Since x,, < b for all
n, b is an upper bound on A,,. Since y,, is the least upper bound of A,,, y,, < b. Also
note that y,, > x,, > a. Hence,a <y, <bforallm=1,2,....
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.= il’lf Vin-
1 m

Since a is a lower bound on y,,, @ must be less than or equal to the greatest lower
bound of the y,,; i.e., a < z. Combining this with z < y; < b shows that z € [a,b].

We now show that there is a subsequence x,, — z. For k=1,2,..., we proceed
as follows. Since z is a greatest lower bound, z+ 1/k is not a lower bound of the y,.
Hence, for some y,; , we have

2y <2+ 1/k. (6.2)

Note that since the y,, are nonincreasing, i.e., y+1 < yu, W€ may assume my > k.
Next, since

Ymy, = SUp Xy,
n>my

Ym, — 1/k is not an upper bound on {x, : n > my}. Hence, for some n; > my,

Y — 1k <Xy <y (6.3)
It follows that
—1/k < Xp, — Yy -
Now, from the left-hand inequality in li Ym, —2 =0, and so

—1/k < (X, = Ymy) + O —2)
=Jn,—2Z
<ym, —2z by ([6.3),
< 1/k, by (6.2).

Hence, —1/k < x,, —z < 1/k, or |x,, —z| < 1/k. O

The number z in the preceding proof is called the limit superior of the sequence
X l.e.,

limsupx, := inf( supxn) .

n m \n>m

Similarly, the limit inferior is defined by

liminfx, := sup( inf xn>.
n m \n>m

The notation lim,, x,, and lim,, x, is also used for limsup, x, and liminf, x,, respec-
tively.
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92 6 Sequences, Limits, Completeness, and Compactness

Remark. Observe that foreachm =1,2,...,

inf x, < supx,,.
nzm n>m

Since the left-hand side is a nondecreasing sequence in m, and the right-hand side is
a nonincreasing sequence in m, it is easy to prove that both sides have limits in m.
The limit in m on the left is lim, x,,, and the limit in m on the right is lim,, x,,. It then
follows that lim, x,, < lim,, x,,. Now suppose that one has a sequence x,, for which one
can show that lim,, x,, > lim,, x,,. Then lim, x,, = lim,, x,,, and it can be proved that x,
converges to this common value. Conversely, if x,, converges, it can be proved that
lim, x, = lim,, x, is the value of the limit.

6.2. Normed Vector Spaces and Metric Spaces

Normed Vector Spaces

To generalize properties of absolute value from numbers to vectors, we introduce
the concept of a norm.

Given a real or complex vector space X, we say that || - || is a norm on X if the
following three properties hold.

(i) Forallx € X, 0 < ||x|| < oo, with ||x|| = 0 if and only if x is the zero vector.
(i) For all x € X and all scalars a, ||ax|| = |a] ||x||-
(iii) Forallx,y € X, ||x+y| < |lx||+ |[y||- This is known as the triangle inequality.

We sometimes call ||x|| the length of x. If x has length one, it is called a unit vector.
A vector space on which a norm is defined is called a normed vector space.

The first thing to note is that if X is an inner-product space and if |[x|| := (x,x)/2
as in Chapter 3] then || - || satisfies the foregoing three properties; the first two prop-
erties are obvious, and the third was established by Corollary

Proposition 6.5. A norm satisfies the inequality

[llell = Iy ll] < [l =yll-
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Proof. By the triangle inequality, we can write

[l = [[Ge=y) + 3l < [l =yl + Iyl

from which it follows that ||x|| — ||ly|| < ||x —y||. If we had started with ||y|| instead of
||lx]|, we would have ended up with ||y|| — [|x|| < ||y —x||. Since the larger of ||x|| — |||

and ||y|| — ||x|| is the absolute value of their difference, the proposition follows. [
If || - || is a norm on a vector space X, then we can define related norms on X¢
several ways. Here are three ways. For x = [x,...,x4]T, putE]
d d 5
= ; = < and o 1= Mmax |x;|.
1%l i;,llsza [1x[l2 PR e = max [l

In the formula
|0 < lxll2 < flxllt < @ [[x]|eo (6.4)

the first and third inequalities are obvious. For the middle inequality, write
2 2
[l = Cllenlf 4+ [xall)

||x;||> + nonnegative cross terms

I
N WM&
kN

> Y llal® = a3

Il
-

Now take square roots. It is left to the problems to show that || - ||1, || - |2, and || - ||
satisfy the properties of a norm.

Example 6.6. Suppose X = IR equipped with the absolute-value norm. Then
we immediately get three norms on IRY. When d = 2, it is interesting to sketch
{x:||x|| = 1} under each norm. The “2-norm” is the usual Euclidean norm, which
yields a circle of radius one. The reader should verify that the “I-norm” yields a
diamond, and the “infinity norm” yields a square.

We can identify C under the usual absolute-value for complex numbers with IR?
under the 2-norm. Hence, we immediately get the 1-norm, the 2-norm, and the infin-
ity norm on C¢.

¢ We caution the reader that the norm symbol with subscripts is defined in different ways in other
situations in the text; e.g., in the next subsection.
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Example 6.7. Not all norms come from an inner product. Recall that if a norm
comes from an inner product, then the norm must satisfy the parallelogram law
(Problem [3.3)),

[l +y11+ e =yl = 201> + Iy1%).

However, the reader can check that with x = [1,1]T and y = [1,—1]", the parallelo-
gram law does not hold for the infinity norm.

6.2.1. The LP Spaces

In Example we introduced the L? spaces (1 < p < o) as the set of waveforms
x on some fixed interval such that [ |x(z)|P dt < oo. If x € L? and we putlz’_-]

ey = ( [reear)

then ||x||, is finite on L. It can be shown that || - ||, satisfies the properties of a norm
on L”. In the L? spaces, the triangle inequality is called the Minkowski inequality

(see Problem [6.9).

An important tool in the study of L? spaces is the Holder inequality (see Prob-
lem. It says that if x € LP and y € L? and %4—; =1 with 1 < p < oo, then

[ e ld < sl Iyl

In particular, this implies that the product xy € L.

Example 6.8. Show that LP[a,b] C L'[a,b] if 1 < p < oo.

Solution. Suppose x € LP[a,b]. We must show that [”|x(r)|dt < . Observe
that y(r) = 1 satisfies [’ |y(t)|9dt = [*1dt = b—a. Hence, |y||, = (b—a)'/4. By
Holder’s inequality,

b b
/a |x(t)|dt:./a |x(t)~1\dt§||x|\p(b_a)1/q<oo.

In particular, if x € L*[a, b], then x € L![a, b].

b Do not confuse the meaning of || - ||; and | - ||, in the context of waveforms with that in the context of
vectors in IR? or C7.
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Example 6.9. Show that L”(R) ¢ L!(R) if p > 1.
Solution. Consider the waveform x(¢) := 1/t for t > 1 and x(¢) := 0 for r < 1.

Then 5 . |
xt”dt:/t*”dt:—<oo.
| _wtoprar= [ e

/ \x(t)|dt:/ f‘dtzlnt:o:oo.
—oo 1

Example 6.10. Show that L'(IR) ¢ LP(IR) if p > 1.

Solution. Consider the waveform x(¢) = ¢t~'/? for 0 < r < 1 and x(¢) = 0 other-

wise. Then
roo 1 1p tlfl/p
x(t dt:/ tPdr =
/700‘ 2 0 1-1/p

However,

1
__ D

o_P_l'

However,

L \X(t)lpdtzfo f‘dtzlm‘ozo_(_oo):w.

Metric Spaces

In a normed vector space, the distance between two vectors x and y is taken as
|lx —y||. We have already seen three different norms, and therefore different notions
of distance, on IR?. To generalize ideas of distance from vector spaces to more ab-
stract sets, we introduce the concept of a metric.

Let X be a nonempty set, and let p: X x X — [0,0) have the following properties
for any points x, y, and z in X:
(i) p(x,y) >0, and p(x,y) = 0 if and only if x = y.

(i) p(x,y) = p(yx).
(iii) p(x,z) < p(x,y)+p(y,z). This is known as the triangle inequality.

The function p is called a metric, and the pair (X, p) is called a metric space. When
p is understood, we just say that X is a metric space.

The first thing to note is that if X is a normed vector space, then p(x,y) := ||x—y||
satisfies the three properties of a metric. The first two properties are obvious. To
verify the third one, we simply use the triangle inequality for norms to write

p(x,2) =[lx—zl| = [|[(x=y) + =) < x =+ Iy =zl = p(x,y) + p(,2).
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Since absolute value on IR is obviously a norm, |x — y| defines a metric on IR.

Example 6.11 (Trivial Metric). Given any nonempty set X, put p(x,y) := 1 for
x #yand p(x,y) := 0 for x =y. Then it is easy to see that p satisfies the three
properties of a metric. This metric is called the trivial metric.

Example 6.12. If (X, p) is a metric space and d is a positive integer, we can make
X< into a metric space in several ways. For x := [x{,...,x4]T and y := [y,...,y4]",
put

d
P(xi>yi)7 pZ(XaY) = g p('xi,yi>27

i=1

M=

P1 (x,y) =

1

I
-

and

Peo(it,y) 1= max p(xi,i).
It is left to the problems to show that py, p2, and p.. satisfy the properties of a metric.
We also note that

pw('xu)}) SpZ(xmy) Spl(xvy) Sdpm(xvy) (6.5)

The foregoing example can be generalized. Suppose (Xi,p(1)), ..., (X, p@) are
metric spaces. Then on X x --- X X; we can define the metrics

QU

— D (x: v . D (. v
pm(xvy)' lgiagxdp (xlvyl)7 pl(x,y). i]p (xhyl)v

and
d )
pa(x,y) == A;}I)(l)(xi,%) :

It is easy to check that (6.3)) still holds.

6.3. Open Sets and Closed Sets

The set B(x,r) := {y € X : p(x,y) < r} is called the ball of radius r centered at
x. Note that y € B(x,r) if and only if p(x,y) < r.
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6.3 Open Sets and Closed Sets 97

Example 6.13 (Dependence of Ball on Definition of X). We emphasize that the
structure of B(x, &) depends on how the whole space X is defined. Using the absolute
value metric on X = IR, we see that

B(x,e)={yeR:|x—y|<e}=(x—¢g,x+e¢).
In particular, B(0,€) = (—¢,€). However, if X = [0, ), then
B0.e)={yeX:|yl<e}={y=0:|y| <e}=[0,¢).

A set U C X is said to be open if for every x € U, there is an € > 0 with B(x, &) C
U. To say that U is not open means that there exists an x € U such that for all £ > 0,
B(x,e) ¢ U.

Proposition 6.14. The whole space X and the empty set & are both open.

Proof. To see that X is open, observe that for any € > 0, B(x, €) is by definition a
subset of X.

To prove that the empty set is open, we give a proof by contradiction. That is, we
assume < is not open and then derive a contradiction.

Suppose that & is not open. Then there exists an x € & such that for every € > 0,
B(x,€) ¢ . The statement x € & contradicts the fact that for the empty set, x ¢ &
forallx € X. |

The next proposition shows that B(x,r) is an open set. Hence, B(x,r) is often
called the open ball of radius r centered at x.

Proposition 6.15. The set B(x,r) is open.

Proof. If r <0, then B(x,r) = &, which is open by Proposition[6.14] So assume
r> 0. Fix any x’ € B(x,r). We must show that there is an € > 0 with B(x', &) C B(x,r).
Consider the diagram in Figure which suggests that the distance from x to x’ plus
€ should be at most r. We claim that with & := r — p(x,x')[| B(x',€) C B(x,r). To
prove the claim, we fix an arbitrary y € B(x', €), and we show that y € B(x,r). Fix
any y € B(x',€). Then p(x',y) < €, and we can write

p(x.y) < plxx)+p(.y)
<pxx)+e
= p<x7x/) + r_p(x7x/)

=r

Hence, y € B(x,r). O

¢ Note that x’ € B(x, r) implies that r — p (x,x") > 0.
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———
-~ ~

7 / \\
7 /
/ X €\
!
/ \ y \
li N - \
! X r

Figure 6.1. Diagram for showing B(x, r) is open.

Definition 6.16 (Closed Set). A set F C X is closed if its complement, F°¢ :=
{xeX:x¢F},is open.

It follows that &, X, and B(x,r)* = {y € X : p(x,y) > r} are all closed sets. In
Problem you will show that {y € X : p(x,y) < r} is a closed set.

Example 6.17 (Dependence of Complement on Definition of X). We emphasize
that just as B(x, &) depends on how the whole space X is defined, the complement
of a set also depends on how X is defined. If X = IR and E = (0,1], then E¢ =
(—e0,0] U (1,00). However, if X = (0,00), then E€ = (1,c0). In the second case, E¢
is open, but in the first case it is neither open nor closed (using the absolute value
metric in both cases).

Proposition 6.18. Every union of open sets is an open set.

Proof. Given a collection of open sets Uy, we must show that |J, Uy is also
open. To do this, we must show that for every x € |, Uq, there is a positive € such
that B(x,€) C Uy Uqa. So, fix any x € |J, Uy. Then x must belong to at least one of
the Uy, say x € Uy. Since Uy is open, there is some positive € with B(x, &) C Uy.
Hence,

B(x,€) C Uy
C Ua/u( U Ua>
ata’
= JUa. U
o

Proposition 6.19. If U, and U, are open sets, then so is Uy NU,.
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Proof. Fix any x € U; NUj,. Since U; and U, are both open, there exist £ > 0 and
& > 0 such that B(x,&;) C U; and B(x,&) C U,. Take € := min(g, &). We claim
that B(x,€) C Uy NU,. Since € < g,

B(x,€) C B(x,&1) C Uy,

and since € < &,
B(x, 8) - B(x, 82) c U,.

Since B(x, €) is contained in both U; and U, we have B(x,€) C U; NU,. O

6.4. Closure, Boundary, and Interior

The closure of a set E is

E:= ﬂ C.

C:ECCand
C is closed

There are several observations to make about closures.

(i) The closure E is a closed set. By taking the complement of the definition, we
see that E is the union of open sets and therefore open.

(if) We always have E C E. Since E C C for every set C in the above intersection,
we have E C NC =: E.

(iii) If F is any closed set containing E, then E C F. Since E is a closed set, we sum-
marize this observation in words by saying that “the closure of E the smallest
closed set containing E.” The result follows by applying the relation ANF C F
to

E:= ﬂ = ﬂ NF CF.

C:ECC and C#F:ECC and
C is closed C is closed
(iv) A set E is closed < E = E. By our first observation, we see that < holds.
Conversely, suppose E is closed. Then we may take F' = E in the preced-
ing observation to obtain E C E. Combining this with the second observation
yields E =E.

Although the definition of closure is a bit abstract, it allows us to define the bound-
ary and interior of a set in a way that makes them easy to work with.

The boundary of E is dE := E N E°. Notice that since the boundary is the inter-
section of two closed sets, the boundary is a closed set. Also, the boundary of a set is
the same as the boundary of its complement; i.e., dE = J(E®).

The interior of E is E° := (E°)°. A point x is said to be an interior point of £
if x € E°. There are several observations to make about the interior.
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(i) The interior E° is an open set. This is immediate since it is defined as the
complement of a closed set.
(if) We always have E° C E. Since (E°)¢ = E€ D E¢, it follows that E° C E.

(iii) If U is an open set contained in E, then U C E°. Since E D E° is open, we sum-
marize this observation in words by saying that “the interior of E is the largest
open set contained in E.” The proof of the observation is left to Problem [6.15]

(iv) A set E is open < E = E°. By our first observation, we see that < holds.
Conversely, suppose E is open. Then E° is closed, which implies E = E°,
which implies E = (E€)° =: E°.

From our observations about the closure and the interior of a set, it follows that a
set is “sandwiched” between its interior and its closure; i.e.,

E°CECE.

We next show that the closure of a set is the disjoint union of its interior and its
boundary. Since E° C E,

E = E°UE\E®, which is a disjoint union,
=E°U(ENE®)
= E°UJE.
Since this holds for every set E, we can replace E by E€ and find that
E¢ = (E°)°UJE* =E°UJE,

where we have used the definition of interior and the fact mentioned above that the
boundary of a set is the same as the boundary of its complement.

6.5. Convergence

We say that a sequence x, € X converges to x € X in the metric p if given any
€ > 0, we have for all sufficiently large n that p(x,,x) < &. When the metric p is
understood, we denote the convergence of x, to x by x,, — x or by lim,,_,.c = x.

When you see expressions like x,, — x or lim, . = x, you always need to make
sure you know the metric under which the convergence is being considered.

Example 6.20. Let X denote the real numbers. Let p, denote the absolute-value
metric, and let p, denote the trivial metric. Given any € > 0, p,(1/n,0) =|1/n—0| =
1/n < € for n > 1/€. Hence x, = 1/n converges to zero under the absolute-value
metric. However, under the trivial metric, p;(1/n,0) = 1 < € fails for € < 1. Hence,
X, = 1/n does not converge to zero under the trivial metric.
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Another important aspect of the definition of convergence is the requirement that
the proposed limit lie in the set X under consideration.

Example 6.21. Let X = (0,1] and put x, := 1/n. Although |x, — 0| = 1/n tends
to zero, the element 0 ¢ X. Hence, the sequence x, = 1/n € X = (0, 1] does not have
a limit in X under the absolute-value metric.

Example 6.22 (Continuity of the Inner Product). Let x, be a sequence in an inner-
product space X. If x, — x, show that for any fixed y, (x,,y) — (x,y).

Solution. Did you notice that this question involves two metric spaces? First,
there is the inner-product space X with its norm induced by the inner product, and
the norm inducing a metric on X. Second, there is the space of scalars, either IR or
C, equipped with the absolute-value norm/metric.

We must show that the sequence of scalars (x,,y) converges to the scalar (x,y).
Given € > 0, we must show that for sufficiently large n,

| Con, ) = (ey)| <& (6.6)
Observe that by the Cauchy—Schwarz inequality,
|, y) = (e 3) | = [ = x,9) | < e — ][ [I31]-

Since the vectors x, converge to the vector x, we know that ||x, —x|| < &/]y|| for
large n. Hence, (6.6) holds for large n.

The importance of the result of Example [6.22]can be seen more clearly if we use
the notation x = lim,,_, X,. Then we can write

lim (v, y) = < lim x, y>. 6.7)
n—ro0 Nn—o0

In the definition of convergence, note that an equivalent way to write p (x,,x) < €
is to write x, € B(x,€). We use this to prove the following important result.

Theorem 6.23 (Characterization of Closed Sets). A set E in a metric space is
closed & every sequence of points in E that converges has its limit in E.
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Proof. (=): Let E be closed. We must show that if x,, — x with x,, € E, then
x € E. For a proof by contradiction, suppose otherwise that there is some sequence
X, € E that converges to a limit x ¢ E. Then x € E€ where E° is open. Hence, there
is an € > 0 with B(x,€) C E€. However, since x, — x, for large n, x, € B(x,€) C E°.
For these n, x,, € E€ and x,, € E, which is a contradiction.

(«<): Suppose that every converging sequence from E has its limit in E. We
must prove that E is closed. For a proof by contradiction, suppose otherwise that £
is not closed. Then E° is not open. Hence, there is an x € E€ such that there is no
open ball about x contained in E€. This implies that for each open ball of the form
B(x,1/n), B(x,1/n) ¢ E¢; i.e., there is an x, € B(x,1/n) NE. In other words, x,, € E
and p(x,,x) < 1/n; i.e., x, is a sequence in E that converges to a point x ¢ E. This
contradicts the original assumption that every converging sequence from E has its
limit it E. U

Example 6.24. In an inner-product space, show that the orthogonal complement
of any set is closed.

Solution. Let W be any subset. We must show that W is closed. By Theo-
rem we must show that an arbitrary sequence in W+ that converges must have
its limit in W-. So let x,, € W, and assume x,, — x € X. We must show that x € W+;
i.e., we must show that x L w for all w € W. Fix any w € W and write

< lim x;,, w>

n—soo

= r}g{}o<xnvw>7 by 7
= lim 0, since x, € W+,
n—soo

=0.

{x,w)

This says that x | w or that x € W+ as required.

Theorem 6.25 (Approximation). Let E be a subset of a metric space. Given x €
E, either x € E, or if x & E, we can approximate x by some y € E. More precisely,
given € > 0, there is a'y € E with p(x,y) < €. Hence, by taking € = 1/n, there is an
Xn € E with p(x,,x) < 1/n. In other words, there is a sequence from E that converges
to x.

Proof. Let x € E with x ¢ E. We need to show that for every € > 0, there is a
y € E with y € B(x,€). Suppose otherwise that this is not the case. Then for some
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€ >0, B(x,e) NE = J. Equivalently, E C B(x,€)¢, which is a closed set. Hence,
E C B(x,€)°. However, we now have x € E C B(x,€)¢, which is a contradiction. []

Example 6.26. Let X denote the space of finite-energy waveforms on [—7, 7],
equipped with the usual integral inner product. Let E denote the subset of all finite
Fourier series of the form

The fact that every finite-energy waveform on [—7, 7] is the limit in norm of its finite-
sum Fourier series can be expressed by the formula £ = X.

6.5.1. The Sampling Theorem

The sampling theorem says that if x is a finite-energy waveform bandlimited to
W, then

oo

x(t) =), x(k/fs)sinc(filt —k/£]),

k=—oo

where f; > 2W. To derive the sampling theorem, we start with the fact that the
assumptions on x imply

x(1) = / ZX(f)eﬂ”f’ df = / V:VX<f>ef2”f’ df,

where X is the Fourier transform of x. Since X is zero outside of [-W, W], we can
also view X as zero outside of [—f;/2, f;/2] for any f; > 2W. Since x has finite
energy, so does X, and we can view X as belonging to L?[—f;/2, f;/2]. From the
theory of Fourier series, we can write

X(= Y ce PRIE |1 < fi2,
k=—o0

where the Fourier-series coefficients ¢, are easily found to be ¢, = x(k/f5)/ fs. The
above equation is understood as saying ||X,, — X||» — 0, where X,, is the nth partial
sum,

n
Xa(f)i= Y, exe PRI f] < f/2.
k=—n
Now put ¥;(f) := e~ />®/*_ and observe that

x0)= [ x(e s
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_/ eﬂﬂfldf
fs/2

fy/2
_/ df

fs/2
= (X,%), since X, Y, € L*[~f,/2, /2],
= lim (X,,, Y,), by continuity of the inner product,
= lim Z ck/ e I2kS [ fso2mft g
n—reey fs/2

= Z (k/fs)/fs fsSinC(fs[t_k/fS])'

k=—o0

6.5.2. Bounded Sets and Bounded Sequences

A set E in a metric space (X, p) is bounded if E is contained in some open ball.
More precisely, E is bounded if for some x € X and some 0 < r < e, E C B(x,r).
Note that once this is true for some point x and some radius r, we can write for any
yand ' :==r+p(x,y), E C B(y,r). Hence, the center of the ball does not matter
for assessing boundedness. When X is a normed vector space, we usually restrict
attention to balls centered at the origin. Hence, a set E in a normed vector space is
bounded if for some 7, ||x|| < r forallx € E.

A sequence x, is bounded if it lies entirely in some open ball.

Proposition 6.27. In a metric space, a convergent sequence is bounded.

Proof. Suppose x, — x. For € = 1, there is some N such that for all n > N,
p (xn,x) < 1. Now put

r:=max{l,p(x1,x),...,p(xny—1,%)}.

Then p(x,,x) < r for n < N and for n > N. If we insist on strict inequality, we can
replace r by r+ 1. L]

Example 6.28. Prove that if two sequences of real numbers converge, then their
product converges to the product of the limits.

Solution. Suppose x, — x and y, — y. We must show that x,y, — xy. We give
two proofs.
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The first proof requires the following preliminary analysis. Write

Xy = Xy| = [Xnyn — X0 + X390 — x|
< |xnyn *xyn‘ + |xyn 7xy‘
= [otn — x| [yu] + [x| [y — ¥
< 1l — x|+ [x] [yn — 1,
where the last step uses the fact that since y, converges, y, is bounded by some r.
Proof. Since y, converges, we may assume |y,| < r for some finite r and all n.
Let € > 0 be given. Since x, — x, for large n we have |x, —x| < £/(2r). Since y, — y,
for large n we have |y, —y| < £/(2|x]). For large n,
[Xnyn = Xy| = [XnYn = Xyn + Xy — x|
< Pt = X[ [yl + [x[ [yn =¥
<7l — x|+ [x] |yn —
<e&. U

The second proof requires a different preliminary analysis. It easy to see that
|(xn —x)(yn —¥)| = % — x| [yn — y] — 0. Next, observe that

(Xn =) (Yn =) = XnYn — XYn — Xny + XY
Rearrange this as
Xn¥n = (Xn = X) (Vn =) + X0 + X0y — Xy.
It is easy to show that xy, — xy and x,y — xy. Hence,
lim 2.y, = 0+ xy +xy —xy = xy.

We leave it to the reader to write a complete proof.

6.6. Cauchy Sequences and Completeness

If x, — x, then given any € > 0, there is an N such that for all n > N, we have
p(xn,x) < €/2. Hence, if n and m are both greater than or equal to N, then

P (X xm) < P, x) +p(x,xm) < €/2+€/2=E¢.

A sequence with the property that given any € > 0, there exists an N such that for all
n,m > N, we have p(x,,x,) < € is said to be Cauchy. From the foregoing observa-
tion, every convergent sequence is Cauchy.
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If a metric space has the property that every Cauchy sequence converges to a point
in the space, then the metric space is said to be complete. The following lemma can
be combined with the Bolzano—Weierstrass Theorem to show that the real numbers
are complete.

Lemma 6.29. If a Cauchy sequence in a metric space has a subsequence that
converges to a point x, then the sequence itself converges to x.

Proof. Problem [6.24 L]

Theorem 6.30. The real numbers are complete under the absolute-value metric.

Proof. Problem |

Theorem 6.31. The spaces IR? and C? are complete under any of the three norms

[N, || ll2. or || - |l introduced in Example 6.6}

Proof. First consider IR?. Let x,, = X1, ,X»q]" be a Cauchy sequence in
R?. In other words, given € > 0, there is an N such that for n,m > N, we have
[|xn — xm|| < €, where || - || denotes any one of the three norms that were introduced

in Example[6.6] From (6.4), we see that the infinity-norm is the smallest of the three,
and so forany 1 <i<d,

€> ||xn _xm” > Hxn _meoo > ‘xn,i_xzn,i‘~

It now follows that for each i, the ith sequence {x,;}_; is Cauchy in IR and therefore
converges to a limit x, ; € IR. Putx, := [x*71 yene ,x*ﬁd]T. Since the 1-norm is the largest
in (6.
d
120 = xl| < Hpen = xelli = Y P = 2]
i=1
Since each absolute value on the right goes to zero, ||x, —x.|| — 0.

Now consider C¢. By identifying C under the usual absolute value for com-
plex numbers with IR? under the 2-norm, the preceding paragraph shows that C is
complete. Armed with this result, the argument of the preceding paragraph applies
essentially verbatim to show that C¢ is complete. |
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If a normed vector space is complete, it is called a Banach space. If an inner-
product space is complete, it is called a Hilbert space. The L? spaces discussed in
Section[6.2.T|are complete spaces. This fact, sometimes known as the Riesz—Fischer
Theorem, is proved, for example in [20].

Theorem 6.32. If wi,wy,... are orthonormal vectors in a Hilbert space X, then
forallx € X,

s

=)

. - 2
(x,wg)wy exists, and ||%]|*> = Z | (e, wi) |~ < [lx]|? < oo.
k=1

k=1

Furthermore, X is the projection of x onto span{wj,wy,...}. Also, given scalars
C1,C2,. - ., the infinite sum

Z Cpwy exists & Z |ck|2 < oo,
k=1 k=1

Proof. Let wi,w,... be an infinite sequence of orthonormal vectors in a Hilbert
space X. Put W, := span{wy,...,w,}. We know from the proof of the Finite-
Dimensional Projection Theorem that the projection of x € X onto W,, is given by

™=

Xni= Y (x,wp)wg.

k

1

We also point out that since
2 4 2
||-an = Z | <X,Wk>| )
k=1

and since ||x,|| < ||x]| (recall ), %,||% is nondecreasing and bounded above. By
Problem|6.1] ||, ||* converges, which implies ||x,|| is a Cauchy sequence in IR.

Let W := span{w{,wy,...}. In other words, W is the collection of all linear com-
binations involving finitely many of the wy. We now show that X,, converges to some
X € W and that X is the projection of x onto W. Since we are working in a Hilbert
space, it suffices to show that X, is Cauchy; it will then follow that X,, converges.
Since X, € W,, C W, which is closed, the limit, denoted by X, must lic in W. The
Orthogonality Principle can be used to show that X is the projection.
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For m > n,
2 - ? o 2 2 2
B =%l = 1| Y owwe|| = Y [owi)|” = 1%l = %1%
k=n+1 k=n+1

Hence, X;, is a Cauchy sequence of vectors if and only if ||%, || is a Cauchy sequence
of real numbers, which, as noted above, it is. Therefore X, is a Cauchy sequence of
vectors, and since X is a Hilbert space, X,, converges as required. We denote the limit
by x. It remains to show that X satisfies the Orthogonality Principle (Problem[6.29).

Since [[|%, || — [|%1|| < [|%: — %] — 0, and since [|%, || < [lx]], we have [|F] < [|x]].
Hence,

oo

n
o> |l 2 187 = Jim |5, = im 2 [Gewi)|* = r [ e, |

The results about the ¢, follow by repeating the appropriate parts of the foregoing
analysis with the necessary changes. L]

A collection of orthonormal vectors, wy,w», ... in a Hilbert space X is said to be
a complete orthonormal set if the closure of their span is equal to the whole space;
i.e., if span{w,wy,...} = X. In this case, every x € X is equal to its projection onto
span{wy,wy, ...}, and therefore

X =

s

owiwe and x> = Y | (xwi) |
k=1

k=1

The formula on the right is usually called Parseval’s equation. The best-known
example of a complete orthonormal set is the collection of complex exponentials
{e/M k=0,41,42,...}in L*[-7, 7).

6.6.1. The Projection Theorem for Hilbert Space

Theorem 6.33 (Projection Theorem for Hilbert Space). Let C be a nonempty,
closed, convex subset of a Hilbert space X. Then for every x € X, the unique pro-
Jjection of x onto C exists.
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Proof. If we can establish the existence of at least one projection, uniqueness
follows from Theorem Given x € X, we must show that there exists an x € C
with

[x =% < |lx—yll, forallyeC. (6.8)

Let h := infycc ||x — y||. From the definition of infimum, there is a sequence y, € C
with ||x — y,|| — h. We will show that y, is a Cauchy sequence. Since X is a Hilbert
space, y, converges to some limit in X. Since C is closed, the limit, which we call X,
must be in C by Theorem [6.23] We conclude the proof by showing that (6.8) holds.
To show y, is Cauchy, we proceed as follows. By the parallelogram law (Prob-

lem[3.3),

2]l =yl + = nl?) = 1126 = G +3m) P + 1y =30l
2
+
_4ny" 3|+ o=l

Note that the vector (y, +ym)/2 € C since C is convex. It now follows that
2(]x =yl + e = yml1?) = 45% + |1y — yul .

Since ||x —yu|| — &, given € > 0, there exists an N such that for all n > N, ||x — y,|| <
h—+ €. Thus, for m,n > N,

[ym = ynll* < 2((h+€)*+ (h+€)*) — 4h* = 4€(2h + €).
This shows that y, is Cauchy. To establish (6.§), first write

[l =% < [lx =yl + llyn — |-

Since ||x — yn|| — & and ||y, — X]| — 0, taking limits on both sides of the inequality
yields ||x — x| < h. Since by definition of 2, h < ||x—y|| forall y € C, holds. [

Remark. If W is a closed subspace of a Hilbert space X, then by the Orthog-
onality Principle, X = W @ W+. A similar remark was made following the Finite-
Dimensional Projection Theorem.

6.6.2. Fixed Points and Contraction Mappings

Consider a function f:X — X, where X is equipped with a metric p. We say that
x € X is a fixed point of f if f(x) = x. The mapping f is a contraction if there is a
constant 0 < ¢ < 1 such that for all x,y € X,

p(f(x),f() <cplx,y). (6.9)
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Theorem 6.34 (Contraction Mapping Theorem). A contraction f on a complete
metric space X has a unique fixed point x. Furthermore, the fixed point is the limit of
the sequence

X1 = f(xn), n=1,2,3,...,

where x| is any point in X. Also, if ¢ is the contraction constant,

p(x2’x]) cnfll

¢ (6.10)

p(x,xn) <
Example 6.35. Suppose we want to solve an equation of the form g(x) =y, where
g:X — X and X is a vector space. Notice that g(x) =y if and only if for any A # 0,

Alg(x) =y +x=x.

Setting f(x) := A[g(x) —y] +x, we have that g(x) =y is equivalent to f(x) = x. In
other words, we have converted the problem of solving g(x) =y into a fixed-point
problem for f. If we can choose A so that f is a contraction, and if X is complete,
then the contraction mapping theorem gives us an algorithm for finding the solution
x. The theorem even gives us a bound to use as a stopping criterion for the algorithm.

When X = IR, and f is differentiable, we can use the mean-value theorem to
find a constant ¢ in (6.9) that is less than one. Recall that for any x and y,

f@)=f) =f(0)(x—y),

where ¢ lies between x and y. Then

[f@) = fW=1F @) [x—yl.

Since f(r) depends on A, we can adjust A so that for some ¢ < 1, |f()| < ¢ for all
possible values of ¢.

Proof of the Contraction Mapping Theorem. First note that fixed points of con-
traction mappings are always unique. If x and y are both fixed points, then

p(x,y) =p(f(x),f(y) <cplx,y).

If x # y, then p(x,y) > 0 and we can divide through by p(x,y) and find 1 < ¢, which
is a contradiction. We conclude that x = y.

We now turn to the algorithm x,+1 = f(x,). We show that x, is a Cauchy se-
quence. Since X is complete, there must be a limit x with p(x,,x) — 0. To begin,
write

p(x3,%2) = p(f(x2), f(x1)) < ep(x,x1).
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Next,
P (x4,33) = p(f(x3), f(x2)) < ¢ p(x2,x1).
In general,
P (ng1,Xn) < 1 p (g, xy).

For m > n, use the triangle inequality to write

m—1 m—1
P (omxn) < Y pOr,) < Y & plxa,x).
k=n k=n

Since
m—1 m—1 n—1
Z - Z 1 Z k=
k=n k=1 k=1

we can use the finite geometric series formula to write

mil k1 176,m—1 B 176”1_1 B Cn—l 7Cm—1 - Cn—l
C = =
k=n

1—c 1—c l1—c ~1—-c

Thus,

n—1

P (tmsxn) < pla2,x1) 6.11)

1-c¢’
and we see that x, is a Cauchy sequence. Since X is complete, there is an x € X with
Xp —> X.

We next show that this limit x is a fixed point of f. By the triangle inequality,

p(xaf(x)) < p(xaxn—H) +P(xn+1,f(x))
= p (%X, Xn+1) +p(f(xn)af(x))
< p(x7x71+1) +Cp(xnax) —0.

Since p (x, f(x)) =0, f(x) = x.
To conclude the proof, we establish the bound (6.10). Let & > 0 be arbitrary. For
m > n, use (6.11) to write

P(Xaxn) < p(xaxm) +p(xm7xr1)
n—1

_cp(xzvxl)'

< p(x,xm)+]

If we now also assume m is large enough that p(x,x,,) < €, we have

n—1
1—c
Since ¢ is arbitrary, follows. |

p(x,xn) < €+

p(x2,x1).
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6.7. Sequential Compactness

The notion of sequential compactness of subsets of real numbers carries over
verbally unchanged to metric spaces. The only difference is that convergence is in
terms of the metric. Here is the precise definition. If p is a metric on X, then a subset
D is said to be sequentially compact if every sequence x,, € D has a subsequence x;,,
that converges to a point x € D; i.e., limy_,o p (X, Xx) = 0.

Proposition 6.36. In a metric space, sequentially compact sets are closed and
bounded.

Proof. Let p be a metric on a space X, and let D C X be sequentially compact.
To show D is closed, we use Theorem[6.23]on the characterization of closed sets. Let
X, € D converge to a point x € X. We must show that x € D. Since D is sequentially
compact, there is a subsequence x,, converging to a point y € D. However, since
X, — X, any subsequence x,,, must also converge to x (Problem@. Since limits are
unique, x =y € D (Problem [6.27).

To prove that D is bounded, we assume otherwise and obtain a contradictionE]
Suppose D is not bounded. Fix any point x € D. Then for every n = 1,2,..., the
set D is not contained in B(x,n). In other words, there is some point x, € D that is
outside B(x,n); i.e., p(x,,x) > n. However, since D is sequentially compact, there
is a converging subsequence x,, and a point y € D with p(x,,,y) — 0 as k — co.
Furthermore, by the definition of subsequence, n; — o as k — co. Hence,

e < P (X, %) < P (X, ) +p(3,%).
The right-hand side is bounded, but the left-hand side tends to infinity. ]

In IR? and C¢ we have the following converse result.

Theorem 6.37. Closed and bounded subsets of IR or C¢ are sequentially com-
pact under any of the three norms || - |1, || - ||2. or || - || introduced in Example[6.6]

Proof. First consider IR?. To keep the notation from getting out of hand, we
treat the case d = 2. Let [x,,y,]” be a sequence in a closed and bounded set D.

4 The reader may find it helpful to review the discussion of bounded sets in Sectionm
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6.7 Sequential Compactness 113

Since |x,| < ||[xn,¥n] ||~ is bounded, the Bolzano—Weierstrass Theorem tells us that

there is a subsequence x,, converging to a real number x. Similarly, since |y,, | <
| X s ym ) T || is bounded, there is a further subsequence Yoy, converging to a real
number y. At this point, it is important to observe that since x,, — x, we also have

Xy, — x. No matter which of the three norms we use, writing

N L L g P A

shows that as [ — oo, the sub-subsequence converges to [x,y], which must lie in D

on account of Theorem [6.23]

Now consider €. By identifying C under the usual absolute value for complex
numbers with IR? under the 2-norm, the preceding paragraph shows that closed and
bounded subsets of C are sequentially compact. This implies that a bounded se-
quence of complex numbers, which lies inside some closed and bounded disk, has a
converging subsequence; i.e., we have the “Bolzano—Weierstrass Theorem for com-
plex numbers.” Armed with this result, the argument of the preceding paragraph
applies essentially verbatim to show that C¢ is complete.

The foregoing proof makes essential use of the fact that IR? is finite dimensional.
To make the first term on the right in the above inequality less than €/2, we need
[ > L;. To make the second term less than €/2, we need / > L,. Then when [ >
max(L,L;), both terms will be less than €/2, and their sum will be less than €. This
extends to making d terms all less than €/d. However, if there were infinitely many
terms, with the kth one less than & /2%, we would need [ > sup(Ly, Ly, . ..), which may
be infinite.

Example 6.38. Consider the space of bounded elements in IR”. A typical x € IR™
has the form x = (x1,x2,...) with ||x|| := sup,, |x,| < e=. We show that the closed and
bounded ball {x: ||x|| < 1} is not sequentially compact. Put x; := (1,0,0,0,...),
x; := (0,1,0,0,...), x3 := (0,0, 1,0,...), and so on. For m # n, x,, — X,, has 1 in
position n, —1 in position m, and Os elsewhere. Hence, ||x, — X,,|| = 1. It follows that
no subsequence can be Cauchy[’|and hence, no subsequence can converge.

¢ A little more detail is required. Given € = 1/2, suppose there is a K such that for k,/ > K, ||x,, —
Xy, || < 1/2. In particular, |[X,, —X,,|| < 1/2. Since n; — oo as [ — oo, we know that for large enough
[ > K, n; > ng. For such [, we have 1 = [|X,, — X, || < 1/2.
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6.8. Continuous Functions

Consider a function f:X — Y, where X is equipped with metric p and Y is
equipped with metric m. We say that f is continuous at the point xo € X if

Ve > 0,36 > 0,Vx € X,
p(x,x0) < & = m(f(x),f(x0)) <E&.

Letting By and B, denote open balls in X and Y, respectively, we can rewrite the
above implication as

(6.12)

x € Bp(x0,6) = f(x) € Bu(f(x0),€).

In other words, f(x) is close to f(xo) whenever x is close enough to xp. “Close
enough” is determined by &, which depends on the point xj.

If a function is continuous at every point in a subset of the whole space, then we
say that the function is continuous on the subset.

As you will show in Problem the product of two continuous functions is
continuous. Since the function f(x) = x for x € IR is continuous, it follows that x,
x3, etc. are continuous. More generally, since the sum of two continuous functions is
continuous, polynomials are continuous functions.

Theorem 6.39 (Convergence Preservation). A function between metric spaces is
continuous if and only if the function is convergence preserving.

Proof. Let f:X — Y, where X is equipped with metric p and Y is equipped with
metric m. Before proving anything, we must be clear about what we mean when we
say f is convergence preserving at a point xo. We mean that for all sequences x,, that
converge to xo in the metric p, the image sequence f(x,) converges to f(xg) in the
metric m.

There are two things to prove. First, if f is continuous at a point xo € X, we must
show that if x, is any sequence converging to xo, then f(x,) — f(xo). We leave this
to the reader in Problem [6.33]

The second thing we must prove is that if f is convergence preserving at xo, then
f is continuous at xg. Suppose otherwise that f is not continuous at xy. Then there
is some & > 0 such that for every 6 = 1/n, there is an x, with p(x,,x0) < & =
1/n, but m(f(x,),f(x0)) > €. Since p(x,,x0) < 1/n, x, converges to xyo. However,
for this sequence, m(f(x,), f(x0)) > € shows that f(x,) cannot converge to f(xo).
This contradicts the assumption that f preserves convergence of all sequences that
converge to xo. |
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6.8 Continuous Functions 115

Theorem 6.40. A real-valued continuous function on a sequentially compact
subset of a metric space achieves its maximum and minimum values on that subset.

Proof. Let D denote the sequentially compact subset, and let f:D — IR be con-
tinuous. It is enough to prove that the maximum is achieved. We defer to later the
fact that f is bounded above. With this assumption, we have f := sup,.p, f(x) < oo.
By definition of supremum, there is a sequence x, € D with f(x,) — f. Since D
is sequentially compact, there is a subsequence x,, with x,, — xo € D. Since f is
continuous on D, f is convergence preserving at xo. Therefore, f(x,,) — f(xo0) as
k — co. However, since f(x,) — f, we have f(x,, ) — f as well. Since limits are
unique (Problem , we have f(xo) = f.

It remains to show that f is bounded above on D. Suppose otherwise that for
n=1,2,..., there is an x, € D with f(x,) > n. Since D is sequentially compact,
there is a converging subsequence x,, — xo € D as k — o. Since f is continuous,
f(xn,) = f(x0). Since convergent sequences are bounded (Proposition [6.27), this
contradicts f(xp, ) > ng — oo. O

A nice application of Theorem [6.40]is the following lemma, which we will then
use to prove that finite-dimensional subspaces of a normed vector space are complete
and therefore closed.

Lemma 6.41. Let wy,...,wy be linearly independent vectors in a normed vector
space, and for scalars cy,...,cq, put

d
wi= ZC,'W,'.
i=1

Let ¢ :=[c1,...,cq|". Then there exist positive finite constants K| and K> such that
Killelle < [[wll < Kaflc]]es
where || - || denotes the infinity norm on IR? or C¢ as appropriate.

Proof. First write

d d
ol = lerw &+ cawall < ¥ fedl il < ||cw( ||w,~||).
i=1 i=1

~——
:IKZ
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To obtain K is more difficult. Define the real-valued function

d
ZC,’W,’ .
i=1

It is easy to show that f is a continuous. Consider minimizing f over {c: ||¢|| = 1}.
Since this set is closed and bounded, it is sequentially compact. Hence, the minimum
of f on this set is achieved by some ¢* with ||c*|| = 1. Put

K= min f(c) = f(c).

cillc]le=1

Note that K cannot be zero. If it were, then we would have 0 = f(c*) =||cjwi+---+
cdeH = 0; then linear independence would force ¢* = 0, which would contradict
lc*]l = 1. To complete the proof, consider any w = cyw; + - -+ cqwg. Then w = 0 if
and only if ¢ = 0. For w # 0,

Z "

Iwll = llel

| =l (5) 2 leheste) =il O

Theorem 6.42. In a normed vector space, every finite-dimensional subspace is
complete and therefore closed.

Proof. Let W be a finite-dimensional subspace of a normed vector space X. Then
W has a basis, say wy,...,wg. If w is any sequence in W, then for each n,
w) = c§">w1 +--- +C£in)Wd
for a unique d-tuple of scalars, ¢(") := [c(ln), . ,cfin)]T. By Lemma , for any n
and m,
K[| — ¢ |, < W —wi || < K|l c™ — )]

Suppose w(™ is Cauchy. Then by the left-hand inequality, ¢ is Cauchy in IR?
or C¢ as appropriate. Hence, there is a ¢ with ||g(") —Cllo—= 0. Putw:=ciwy +---+
cgwg, and use Lemma [6.41]to write

Kille"™ = ¢l < W —w] < Kol — ]l

This shows that w(™) — w e W. Hence W is complete.

It is similarly easy to show that W is closed. If w() converges to some x € X,
then w") is Cauchy, and by the foregoing argument w(”) — w € W. By uniqueness
of limits x = w € W. Hence, W is closed. ]
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6.8.1. Uniform Continuity

Sometimes we have a stronger kind of continuity called uniform continuity. We
say that f is uniformly continuous if f(x) and f(xo) are close whenever x and x are
close enough, and “close enough” does not depend on either of the two points. More
precisely, we say f is uniformly continuous if

Ve > 0,36 > 0,Vx,xp € X,
p(x,x0) < & = m(f(x),f(x0)) <€.

Notice that both x and xy appear affer the existence of § is mentioned. This is in
contrast with (6.12)), where xy is fixed before the existence of § is mentioned.

Example 6.43. The function f defined in the proof of Lemma is actually
uniformly continuous, as you will show in Problem [6.40]

Notes

Note 6.1. We denote by IR the set consisting of IR together with the symbols oo
and —oo. We call IR the extended real numbers. The symbols oo interact with real
numbers as follows. If x is a real number, then —oo < x < o0 and x o0 = Foo, If x
is a positive real number, then x - (d=o0) = too. If x is a negative real number, then
X+ (oo) = Foo. We also use the convention 0 - (£e0) = 0.

Problems

6.1. A sequence of real numbers x,, is said to be monotonic increasing if x, <
X1 for all n. The sequence is said to be monotonic decreasing if x, > x|
for all n. If x, is monotonic increasing and bounded above, prove that the
sequence has a limit. Hint: Put x := sup,, x,,, and prove that x,, — x.

6.2. Geometric Series. Put Sy :=1+z+72+---+7¥ 1.

(a) If z # 1, show that Sy = (1 —2zV)/(1 —z). Hint: Write Sy in two
different ways. First, Sy, 1 = Sy +2". Second, Sy 1 = 1 +zSy.
(b) For |z] < 1, show that limy_,e Sy = 1/(1 —2).

6.3. Consider the sequence x, :==Y;_,1/kl.
(a) Show that

n—1
1\m
x,l§1+2(§) :

m=0
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(b) Show that x,, < 3.
(c) Prove that

i :
e:= lim —
pos |
n—es = k!
exists.

6.4. Given any function L(A,x), show thatﬂ

supinfL(A,x) < infsupL(A,x).
A oA

6.5. Suppose that in the previous problem, there exist Ay and xq such that (Ag,xo)

is a saddle point; i.e.,
L(A,x0) < L(Ao,x0) < L(Ag,x), forall A,x.
In this case, establish the reverse inequality,

supinfL(A,x) > infsupL(A,x).
A *oa

Remark. 1f a saddle point (Ag,xp) exists, then

supinfL(A,x) = infsupL(A,x) = L(Ao,x).
At )

For other conditions that allow the interchange of supremum and infimum,

see [[13].

6.6. Suppose that
supinfL(A,x) = infsupL(A,x).
At o

If Ay achieves the supremum on the left and xo achieves the infimum on the

right, show that (A9, xo) is a saddle point.

6.7. Show that |- ||1, || - ||2, and || - || defined in Section[6.2]satisfy the properties

of a norm.

/ The expression is more precisely understood as

sgp {ir}}fL(Lx)] < i&lf {sgpL(Lx)] .
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6.8.

6.9.

6.10.

6.11.
6.12.

6.13.

Problems 119

For 1 < p < oo, if x € L, put

ey = [ worar)”

Suppose x € LP and y € L9 for 1 < p,q < oo satisfying % + é = 1. Derive
Holder’s inequality,

[ty @lde < sl Iyl
Hints: Rewrite the inequality as

O], -
ERER

Since exp(-) is a convex function on IR,
1 1 1, 1,8
exp{pa—i-qﬁ} < et et
Set a = In(|x(¢)|/[|x[|)” and B = In(|y(z)[/lll¢)* and integrate.

Using the notation of the preceding problem, derive Minkowski’s inequal-
ity,
x4yl < [lxllp +[1¥llp»

where 1 < p < co. Hint: Observe that

Ix+yll5 = /Ix(t) +y (O] e(t) +y(0) [P de
< [ 5P ars [l +50r an
and apply Holder’s inequality.

Let p be a metric, and put d(x,y) := p(x,y)/[1 + p(x,y)]. Show that d is also
a metric.

Show that with the trivial metric, every subset of X is an open subset.

Show that p.., p1, and p, defined in Example |6.12] satisfy the properties of a
metric.

Show that forx € X and » > 0, {y € X : p(x,y) < r} is a closed set.
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6.14.

6.15.
6.16.

6.17.
6.18.

6.19.

6.20.

6.21.

6.22.
6.23.
6.24.
6.25.

6.26.

6 Sequences, Limits, Completeness, and Compactness

Let p be a metric on a space X. On X 4 consider the three metrics P1, P2, and
P defined in Example For x € X4, use (6.5) to show that

Bp..(x,€/d) C Bp, (x,€) C Bp,(x,€) C Bp_(x,€).

Hence, a set in X? is open under any one of the three metrics if and only if
the set is open under the other two metrics.

Let U be a subset of E, and suppose that U is open. Show that U C E°.

If E is a subset of a metric space, show that x € E° if and only if there exists
an € > 0 with B(x,€) C E.

Under the trivial metric, show that the boundary of every set is empty.

Give an example of a metric space in which for some 0 < r < oo, the closure
of the open ball, B(x,r), is not equal to the closed ball {y € X : p(x,y) < r}.

Let X denote the rational numbers, and for x,y € X, let p(x,y) := |x —y| be
the usual absolute-value metric. Let r be a positive, irrational number. Under
this assumption, show that the open ball B(0,r) is a closed set and that the
closed ball {x € X : |x| <r} is an open set.

Suppose that the real numbers, IR, is equipped with a metric such that every
subset is both open and closed. If x,, — x, determine whether or not x, = x
for all sufficiently large n. Caution: Do not assume that the metric is the
trivial metric!

Let U be a subset of a real inner-product space X. The polar of U is
U :={xeX:{xuy<OforalluecU}.

Determine whether or not U™ is a closed set.

Determine whether or not the closure of a convex set is convex.

Show that a Cauchy is sequence is bounded.

Prove Lemma

Use Lemma and the Bolzano—Weierstrass Theorem|[6.4]to prove that the
real numbers are complete (Theorem [6.30).

In a metric space, show that if lim, .. X, = x and x,, is any subsequence,
then limy 00 X, = X
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6.27.

6.28.

6.29.

6.30.

6.31.

6.32.

6.33.

6.34.

6.35.

Problems 121

Show that limits are unique in a metric space. Hint: Let x,, — x and x,, — y.
Show that p(x,y) = 0.

Continuity of the Inner Product. In an inner-product space, show that if
Xp — x and y, — y, then (x,,y,) = (x,y).

Prove that X in Theorem satisfies the Orthogonality Principle for W.
Hints: First use to show that (x — X, w,,) = 0 for each m. Second, use
this to show that (x —x,w) = 0 for w € W := span{w;,wa,...}. Third, for
y € W, use the Approximation Theorem to prove that (x —X,y) = 0.

MATLAB. Consider the task of developing an algorithm to compute ,/y for
0 <y <9. Observe that x = ,/y if and only if x € [0,3] solves x> = y. The
desired contraction is f(x) = A[x*> —y] +x.

(a) Determine all values of A that make f a contraction.

(b) What value of A do you expect to work best; i.e., make the algorithm
converge faster? Why?

(c) Write a MATLAB script to implement your algorithm. Use your algo-
rithm to compute the sequence x, to approximate ﬁ Your sequence
will depend on A, if you want your algorithm to converge faster, use a
good value of A. Your sequence will also depend on x;. Use x; = 1.5.
Print out the first few values of x, to see that it is converging to the
correct value.

Let f be a real-valued function defined on a metric space. If f is continuous
at a point, show that f is bounded in a neighborhood of that point. More
specifically, if f is continuous at xy, show that there is a positive constant
B < o and a é > 0 such that for all x with p(x,xp) < &, we have |f(x)| < B.

Let f and g be real-valued mappings defined on a metric space. If f and g are
both continuous at a point xo, show that their product f(x)g(x) is continuous
at xo.

Prove the first part of Theorem

Letx, :=[T{_, 3"/¥. Find lim,, ., by using the fact that ¥, 1/k* = 72/6.
Hint: Let y, := Inx,, and use the fact that exp(-) is a continuous function.

Let X and Y be metric spaces, and let D C X be sequentially compact. Let

f:D — Y be continuous, and put f(D) := {f(x) : x € D}. Show that f(D) is
sequentially compact.
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6.36. Let X be a space that is complete under the metric p, and let E C X be closed.
Let Y be another space with metric m, and let f:E — Y be continuous. Show
that if

m(f(x),f(z)) > p(x,z), forallx,z€E,
then f(E) := {f(e) : e € E} is closed.

6.37. Let f:IR — IR be continuous. Put B := {(x,y) € R? : y > f(x)}. Determine
whether or not B a closed subset of IR, Justify your answer.

6.38. Epigraph. If C is a subset of X and f:C — IR, the epigraph of f is
epi(f) :=={(x,7) :x € C,t € Rand f(x) <t}.
The epigraph is regarded as a subset of the Cartesian product,
XxR:={(x,¢):x€X andr € R}.

If X is a metric space with metric p, then we equip X x IR with the metric

m((x,1),(,5)) == /P (x,y)>+ |t — ]2

(a) Show thatif C is closed and f is continuous on C, then epi(f) is a closed
subset of X x IR.

(b) Show that if X is complete, then X x IR is complete.

(c) If X is a vector space and C is a convex subset of X, show that f is a
convex function if and only if epi(f) is a convex subset of X x IR.

6.39. Let a space X be equipped with a metric p. For any subset A C X, and any
x € X, define d(x,A) :=infycs p(x,y).

(a) Show thatd(x,A) =0 < x € A.

(b) Forany setA, define A, :={x € X :d(x,A) < 1/n}. Show that ;" A, =
A.

(c) Show that for any set A, d(x,A) is a continuous function of x.

(d) The indicator function of a set A is [4(x) := 1 forx € A and I4(x) :=0
otherwise. For a closed set F', show that

lim IFn (x) = Ip(x).

n—oo
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6.41.

6.42.

6.43.

6.44.

Problems 123

(e) In general, indicator functions are not continuous. However, for closed
subsets of a metric space, we can construct a continuous approximation
as follows. The construction begins with the continuous function

1, <0,
ot):=¢ 1—1t, 0<r <1,
0, r>1.

Next, given a closed set F, define the continuous function g,(x) :=
¢(nd(x,F)). Show that

I (x) < gn(x) < IF, (x).
Also show that limy,_,e g, (x) = Ir (x).

Prove that the function f introduced in the proof of Lemma is uniformly
continuous.

Consider the function f:(0,0) — IR defined by f(x) := Inx. Determine
whether or not f is uniformly continuous.

Consider the sets X := (0,00) and ¥ :=IR.

(a) If f:X — Y is one-to-one, show that the formula

pr(xi,x2) i=|f(x1) = f(x2)], x1,x2 €X,

defines a metric on X.

(b) If f(x) := Inx, determine whether or not the sequence x, := 1/n is
Cauchy under the metric p; defined in part (a).

(c) If f(x) := Inx, determine whether or not X is complete under the metric
py defined in part (a).

(d) If f(x) := e™*, determine whether or not X is complete under the metric
Py defined in part (a).

Let D be a nonempty, closed and bounded subset of a normed vector space
X. Show that if D is contained in a finite-dimensional subspace of X, then D
is sequentially compact.

Let D be a nonempty, closed subset of a normed vector space X. Show that if
x € X, then there is an x € D with ||x—X]| < ||[x—y|| forall y € D. Hint: Asin
the proof of the Projection Theorem for Hilbert Space, put & := infyep ||x —
y||, and let y, € D satisfy ||x — yy|| — h. Show that y, is bounded and apply
the result of the previous problem appropriately.
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6.45. Let f be positive, strictly decreasing, and continuous on [0, ), with f(x) — 0
as x — oo. Put M := £(0) so that f maps [0,c0) onto (0,M]. Then f~! exists
and maps (0,M] to [0,). (a) Show that f~! is strictly decreasing. (b) Fix
any y € (0,M] and show that f~! is continuous at y. Hint: Theorem
Proposition[6.27] and sequential compactness.
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CHAPTER 7
Diagonalization and Singular-Value
Decomposition of Linear Operators

7.1. Bounded Linear Functionals

The simplest linear operators are scalar valued and are called linear functionals.
A linear functional defined on a normed vector space X is said to be bounded if there
is a finite constant B such that

|f(x)| <BJx||, forallxeX.
Observe that for any x,xp € X,
|f(x) = f(x0)| = | f(x—x0)| < Bl|lx—xol.

We thus see that a bounded linear functional is uniformly continuous.

Remark. 1t is important to realize that the term “bounded linear functional” does
not mean that |f(x)| is bounded by a finite constant. Instead, what is bounded by a
finite constant is the ratio | f(x)|/||x|| for nonzero x.

Proposition 7.1. If a linear functional on a normed vector space is continuous
at a point, then the linear functional is bounded (and thus uniformly continuous).

Proof. Suppose a linear functional f is continuous at a point xp. Fix any € > 0.
Let ||x —xo|| < 6 imply |f(x) — f(x0)| < €. Fix any 0 < 1 < 8. We claim that for any
z€X,|f(2)] < (¢/n)||z||- To prove this, put w := nz/||z||. Then

[[(w+x0) —xof| = [wll =n <6,

and so
[f(w+x0) — fxo)| = [f(w)] <e.
But, since
FI= | /@)
we have e
f(@)] < EHZIL u
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Example 7.2. Let C|0, 1] denote the set of all real-valued, continuous waveforms
on [0, 1]. If we equip CJ[0, 1] with the uniform norm

o = max Jx(o) |

show that the point-evaluation linear functional defined by f(x) := x(0) is contin-
uous.

Solution. First note that by Theorem the maximum in the definition of ||x||
is achieved by some ¢ € [0, 1]. Hence, ||x|| is well defined. Second, by Problem 7.1]
the formula for || - || satisfies the properties of a norm on CJ0, 1]. It is easy to show
that f is uniformly continuous. For x,y € C|0, 1], write

[f(x) = F ()] = [x(0) =¥(0)] < max |x(r) =y (r)| = [lx =]

0<r<1

We emphasize that whether or not a mapping f:X — Y between metric spaces
is continuous depends on the metric used on the space X and the metric used on the
space Y.

Example 7.3. In the preceding example, if we replace the uniform norm by

1
Il = [ 1xt0) .

then the point-evaluation linear functional is not continuous. See Problem[7.2]

Given any vector y in an inner-product space X, if we put f(x) := (x,y), then it
is easy to check that f is a bounded linear functional. The linearity follows from
the properties defining the inner product. To establish boundedness, use the Cauchy—
Schwarz inequality to write | f(x)| = | (x, y}f < ||x|| |ly||- Furthermore, the representing
vector y is unique. To see this, suppose f(x) = (x,z) as well. Then 0 = f(x) — f(x) =
(x,y) — (x,z) = {x,y — 2). Since this holds for all x € X, taking x = y — z shows that
ly —z||? = 0, which implies y = z.

It is easy to show that if X is a finite-dimensional inner-product space, then ev-
ery linear functional is given by an inner product (and is therefore bounded and
continuous). To see this, let wy,...,w, be an orthonormal basis for X. Since x =

ZZ:] <x7 Wk>Wk,

o= 1w = £ omson - (s § T
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Hence, the representing vector is Y7 _; f(wx)wg.

In the infinite-dimensional setting we have seen that not all linear functionals are
continuous. However, in a Hilbert space, every bounded linear functional can be
represented by an inner product. This result is known as the Riesz Representation
Theorem for Hilbert Space.

Theorem 7.4 (Riesz Representation for Hilbert Space). Every bounded linear
functional on a Hilbert space can be represented uniquely by an inner product.

Proof. Let X be a Hilbert space, and let f be a bounded linear functional on X.
We show there is a unique vector y € X such that f(x) = (x,y) for all x € X. Since
f is bounded, it is continuous, and it is easy to show that ker f is a closed subspace
(Problem[7.4). By the Projection Theorem for Hilbert Space,

X = (ker f) @ (ker f)*.

If f(x) = 0 for all x € X, take y = 0. Otherwise, there is a z € (ker f)* with f(z) # 0.
We claim that

/@)

EE

is the desired vector. To prove this, given any x € X, put

Then f(w) =0, and so w € ker f. Since z € (ker f)*, (w,z) = 0. Replacing w by its
definition yields

<x_ %Z’Z> 0, whichimplies (r,2) — L |12

f(2)
_/ 1@
)= < ||z||zz>

as claimed. Uniqueness of such a representation was established earlier in the section.

([

Solving for f(x) yields
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If f is a bounded linear functional defined on a normed vectors space, we define
the norm of f by[]

| f]| := sup UGl (7.1)
w40 Il

The assumption that f is bounded implies that the above supremum is finite. Also,
the definition of || f|| implies that for nonzero x,

)

I

11 =

which implies | f(x)| < ||f|| |lx||, which also holds when x = 0. (Why?)

One way to find the norm in (7.1)) is the following two-step procedure. First find
a finite constant B such that |f(x)| < B||x|| for all x; this shows that the supremum
is finite and upper bounded by B; thus, ||f|| < B. Second, find a nonzero vector xo
such that | f(xo)| > B||xo||. This shows that the supremum is lower bounded by B. We
conclude that the supremum is equal to B; i.e., || f|| = B. You may use this technique
in Problem|7.6]to show that in an inner-product space, if f(x) := (x,y) for some fixed
y, then ||f|| = ||v||; i-e., for such linear functionals, the norm of the functional f is
equal to the vector-space norm of the vector y used to define f.

It is easy to check that the definition of || f]| is equivalent to the formula || f|| =

sup|j =1 [/ ().

7.2. Bounded Linear Operators

A linear operator A:X — Y between normed vectors spaces is bounded if there
is a finite constant B such that

lAx|ly < B||x||x, forallxeX.

We included the subscripts on the norms to emphasize the different spaces involved.
In the sequel, we usually drop the subscripts.

It is easy to show that a linear operator is continuous at a point if and only if the
operator is bounded, in which case it is uniformly continuous.

¢ The reader should check that the collection of bounded linear functionals on X is a vector space
(called the dual of X and denoted by X*) and that satisfies the properties of a norm on this vector
space.
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If A is a bounded linear operator, we define the norm of A b

IIAXIIY

1A]] :=
o [xlix

(7.2)

Hence, ||Ax|ly < ||A]||||lx]|x-. It is easy to check that the definition of ||A|| is equivalent
to the formula [|A| = sup_; [|Ax].

The suggestions following (7.I) for determining the norm of a bounded linear
functional apply more generally to the determination of the norm of a bounded linear
operator.

Example 7.5. 1If de (ff |k(t,7)|>dT) dt < oo, then we can show that
b
1) = / ki, 0)x(t)dT, c<t<d,
a
defines a bounded operator from L?[a,b] into L?[c,d]. First write

@0 < [ k6Dl k(olar

Now apply Hélder’s inequality (Problem[6.8) to get

I(Ax)(1)| < </ahk(t,f)|2d’t)l/2</ab |x(’5)|2d’c>1/2.
It follows that

Mawpa < [( [ weopas) ([ epar)a
)

/d</ k(r,7)[>dt
~ ([ weopas)arime

Hence, x € [2[a,b] = Ax € L*[c,d). Since the right-hand side is finite, A is a bounded
d(rb 1/2
< (S (2 e, ) P d)ar) 2.

x| de

operator. Furthermore,

b The reader should verify that the set of bounded linear operators from X to Y is a vector space and
that (7.2)) satisfies the properties of a norm on this vector space.
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We have seen many examples of linear operators whose adjoint is easy to find.
However, if we want to talk about operators in general without a specific one in mind,
it would be nice to know that the adjoint exists.

Theorem 7.6. A bounded linear operator from a Hilbert space into an inner-
product space always has an adjoint.

Proof. Given y € Y, we must find a vector A*y that satisfies
(Ax,y)y = (x,A*y)x, forallxeX.

Put f(x) := (Ax,y)y, and observe that since

[F)] = [{Ax,y)y| < llAxlly Iylly < lAllxlx lylly = (Il ) .

f is a bounded linear functional on X. By the Riesz Representation Theorem for
Hilbert Space, there is a unique representing vector in X. This vector depends on
both the operator A and the point y € Y that we started with. Therefore, we denote
the representing vector by A*y. Thus, f(x) = (x,A*y)x for all x € X. O

Proposition 7.7. Let A be a linear operator between inner product spaces, and
assume the adjoint A* exists. Then either A and A* are both bounded or they are both
unbounded. If they are bounded, they have the same norm; i.e., |A*|| = ||A]|.

Proof. Suppose A is bounded. Then
1A*yI[? = (A%y,A%y) = [(AA"y, )| < Al Ayl [l

Dividing both sides by ||A*y|| shows that A* is bounded and satisfies ||A*|| < ||A]l.
Similarly, if A* is bounded, then

1Ax]|* = (Ax, Ax) = [(A"Ax,x)| < [|A"]| | Ax]| ||,

and so ||A]| < [|A*]]. O
We next have the following extension of Theorem {.12{e)(f).

Theorem 7.8. Let X and Y be inner-product spaces. If A:X — Y is a linear
operator whose adjoint A*:Y — X exists, then

(a) (kerA)* =rangeA*, if X is a Hilbert space.
(b) (kerA*): =rangeA, if Y is a Hilbert space.
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Proof. To prove part (a), use Theorem c) to write kerA = (rangeA*)~.
Hence,

(kerA)* = [(rangeA*)* ] = rangeA~,

where the last step follows by applying Problem to the Hilbert space X and its
subspace range A*.

To prove part (b), use Theorem a) to write kerA* = (rangeA)~. Hence,
(kerA*)* = [(rangeA)*]* = rangeA,

where the last step follows by applying Problem to the Hilbert space Y and its
subspace rangeA. |

7.2.1. Convolution Operators

We say that
(Ax)(1) = (h*x)(1) := / h(t — 1)x(t) dt

is a convolution operator or a linear, time-invariant system. But we have to be
more precise. First, we must specify the range of 7 over which x(7) is defined. Of
course, if x(7) is defined only over a finite interval, we can define x(7) to be zero
outside that interval. The second thing we must specify is the range of 7 that we
are interested in. In addition to specifying the ranges of 7 and ¢, we must specify
properties of x such as x € L! or x € L?>. And we must specify properties of /% x such
as hxx € L2, Tt is these different considerations that motivate the following results,
which at first glance all seem to say nearly the same things.

Let us begin by reviewing a few facts about Fourier transforms.

(i) Suppose x € L'(IR). Then X(f) := [~ x(t)e /**/"dt is well defined. Fur-
thermore, if X € L'(IR), then x(¢t) = [ X(f)e/™df. Tt is possible that
X ¢ L'(IR); a simple example is provided by x(t) = 1 on [~T,T] and x(¢) = 0
elsewhere. Then x € L' (IR), but X is a sinc function, which is not in L! (IR).

(ii) Ifx € L*(IR), then X,,(f) := [", x(t)e~/*"/" dt belongs to L*(IR) and is Cauchy.
Since L*(IR) is complete, there is a limit X € L?(IR). This limit X is the Fourier
transform of x. Furthermore, using this X, if we put x,,(t) := [" X (f)e/>™/ df,
then x, € L*(IR), and ||x, —x|| — 0. If we had started with x € L?>(IR)N L' (R),
then the Fourier transform X obtained by the foregoing procedure is equal to
the well-defined integral [~ x(t)e /2" dt.
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(iii) If x,y € L*(IR) have Fourier transforms X,Y € L?(IR), then Parseval’s equa-

tion tells us tha(‘]
| _xtov@ar= [ x(p¥par

Writing these integrals as inner products, we have

(xy) =X, 7).

Hence, the Fourier transform is an isometry from L?(IR) to L?(IR); further-
more, since the Fourier transform is invertible, it is onto and therefore unitary

(see Problem|[7.17).

Theorem 7.9. Suppose that a linear, time-invariant system has an impulse re-
sponse h with finite energy and whose transform H is bounded. Then the system is a
bounded linear operator from L>(IR) into L*(IR).

Proof. Let h and x belong to L?(IR) and have corresponding transforms H and X .
Then

(hxx)( / h(t—1 drf/jox(r)mdr

— <x h(t— )> <X H e]Zfrt / H efz”ftdf.

Since H and X are in L?(IR), their product is in L' (IR) by Holder’s inequality. Since
we have also assumed H is bounded, HX € L*(IR). Thus, HX € L'(IR) N L*(IR).
Since the above equation shows that % *x is the inverse Fourier transform of HX €
L*(IR), we have hxx € L>(R). To show that the operator is bounded, suppose
|H(f)| < B. Then

[h*x||* = (h*x,h+x) = (HX,HX) < B*|X||* = B*||x| %,
where the second and last equalities are Parseval’s. |

Example 7.10. Consider an ideal lowpass filter. Its transfer function has finite
energy and is bounded. Thus, Theorem applies; i.e., an ideal lowpass filter maps
L?>(IR) into L*(IR).

¢ Since both integrands are in L' (IR) by Holder’s inequality, both integrals are well defined.
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Example 7.11 (Stable Systems). Recall that a linear, time-invariant system is sta-
ble if its impulse response & satisfies [~ |i(¢)|dt < e. In other words, the system is
stable if its impulse response i € L' (IR). It is easy to see that the transfer function of
a stable system is bounded. Just write

f)|:‘/ h(t)e 2™t dr g/ |h(t)e*~"2”f’]dt:/ |h(t)|dt < oo.

We also note that a stable system maps L”(IR) into L”(IR) and ||h xx||, < ||A|1]|x]|,
by Young’s inequality [6].

Example 7.12. An ideal lowpass filter is not a stable system. If & were in L' (IR),
then as shown in the Notes,! H would be continuous. But the lowpass-filter transfer
function is not continuous at its cutoff frequency. Alternatively, since 4 is a sinc
function, write

oo oo k+1
/ |sinc(1)] di = Z/

=

k+1 )
Z k+l/ |sin(zt)|di

2 1
nzlcgg]lﬁ—l ’

sin(

where the last step follows by noting that Y'2_, (1/k) > 1 +n/2.

Corollary 7.13. Let the assumptions of Theorem hold. Then the system can
be viewed as a mapping from L*[a,b] into L*(IR). The system can also be viewed as
mapping L*[a,b] into L*[c,d).

Proof. To prove the first statement, treat L%[a,b] as a subspace of L?(IR) by
defining x(¢) := 0 for ¢ ¢ [a,b]. For the second statement, put y(¢) := (hx)(t) for
¢ <t <d. Then observe that

/Cd (1) di = /Cd|(h>c<x)(t)|2dt < /:o () (1) 2 di < oo, O

The conditions of Corollary [7.13| guarantee that /2 + x € L?(IR), even if we only
need h*x € L?[c,d]. Consider the transfer function H(f) := 1//1— f2 for [f| < 1
and H(f) := 0 for [f| > 0. Then H € L'(R), but H ¢ L>*(IR). If we put h(t) :=
2 H(f)e?™ ' df, thenh¢ L' (IR)E] Even though the preceding results do not apply,
the following theorem shows that convolution with % is a bounded linear operator
from L?[a,b] into L?[c,d].

4 Suppose otherwise that i € L! (IR). Then by the argument in Example- ") would be bounded,
which contradicts the fact that H(f) — o0 as |f] — 1.
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Theorem 7.14. A linear, time-invariant system whose transfer function H satis-
fies [* |H(f)|df < o is a bounded linear operator from L*|a,b] into L*[c,d].

Proof. The argument used in Example shows that h(t) := [~ H(f)e/*™ ' df
is bounded. Hence, k(,7) :=h(t —7) fort € |c,d] and T € [a, b] satisfies the condition
of Example[7.5 |

7.2.2. Some Nonsingular Convolution Operators

Theorem 7.15. Let the assumptions of Theorem([1.9|hold. If in addition H(f) > 0
for all f, then the linear, time-invariant system is a nonsingular mapping from L* (IR)
into L*(IR).

Proof. If hxx is the zero waveform, then its transform HX is the zero frequency
function. Since H(f) > 0 for all f, X must be the zero frequency function, which
implies x is the zero waveform. |

The preceding theorem does not apply to an ideal lowpass filter. However, the
next result implies that an ideal lowpass filter applied to time-limited waveforms is a
nonsingular mapping from L?[a, b] into L*>(IR).

Theorem 7.16. Let the conditions of Theorem hold. In addition, assume H
is nonnegative and that there is some open interval (f1,f>) on which H is strictly
positive and continuous. Then the linear, time-invariant system with impulse response
h is a nonsingular mapping from L?[a,b] into L>(IR).

Proof. All we need to show is that Ax = 0 implies x = 0. Instead we prove the
contrapositive statement that if x is not the zero waveform in L?[a, b], then Ax is not
the zero waveform in L?(IR). Suppose x is not the zero waveform in L*[a, b]. Since
Ax=hxx € L*(R) and x € L?[a,b] C L*(R),

oo 12
x) = (hex) = (1X.3) = [~ HOR(OPdy > [ (X )Par.

If we can show the right-hand side is positive, this will imply that Ax is not the zero
waveform in L?(IR). If we can show that there is a frequency fy € (f1, f2) at which
the integrand is continuous and strictly positive, then the integral will be positive.?
Since we have assumed H is strictly positive and continuous on (fj, f2), it suffices to
show that [X(fy)|> > 0 and that X is continuous at f. The continuity of X (f) for all
f is shown in Problem We claim that there must be a frequency fy € (f1,f2) at
which X (fy) is not zero. Otherwise, by Problem [7.20} we would have X (f) = 0 for
all f, which would contradict the assumption that x is not the zero waveform. ]
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Corollary 7.17. Under the assumptions of Theorem[1.16] the system is a nonsin-
gular mapping from L?[a,b] into L*[a,b].

Proof. Proceed as in the previous proof, except that (Ax,x) is viewed as an inner
product on L*[a, b], while (hx,x) is viewed as an inner product on L?(IR). Since the
two inner products are the same, the rest of the proof goes through as before. |

Here is the analogous result under the conditions of Theorem

Theorem 7.18. Let the conditions of Theorem[I.14| hold. In addition, assume H
is nonnegative and that there is some open interval (f1, f>) on which H is strictly pos-
itive and continuousf| Then the linear, time-invariant system with impulse response
h is a nonsingular mapping from L?[a,b] into L*[a, b).

Proof. The proof is nearly the same as that for Theorem and Corollary
The difference is that since we do not know if %x € L?>(IR), we cannot use Parseval’s
equation. Instead, we use the inner product on L?[a, b] to writeﬂ

(Ax,x) — / ’ () () X0V

= /ab {/ﬂbh(t —1)x(7) dr} x(t)dt

— /ab{/ab{/_o;H(f)eﬂ”f(’_f) df]x(r)dr]x(t)dt

~ [_H(X()Par.

If we can show that the right-hand side is positive, this will imply that Ax is not the
zero waveform in L2[a, b]. The rest of the proof is the same as that of Theorem m
U

7.3. Eigenvalues

Let X be a vector space, and let A: X — X be a linear operator. If for some nonzero
vector x and some scalar A, Ax = Ax, we say that A is an eigenvalue of A, and x is an
eigenvector of A. We say (A,x) is an eigenpair of A.

¢ The assumption that there is an open interval on which H is strictly positive and continuous can be
replaced by the assumption that [ H(f)df > 0 [31} Appendix A].

/Since H € L' and x € L?[a,b] C L'[a,b], changing the order of integration in the fourth equality is
justified by Tonelli’s Theorem and Fubini’s Theorem [2], [|6], [20]], [21].
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Example 7.19 (Eigenvalues and Operator Norms). If a bounded operator A has
an eigenvalue A, then |A| < ||A]|. If Ax = Ax, we can write

(ALl = [1Ax]} = flAx]} < [[A[[{lx]]-

Since eigenvectors are nonzero, we can divide by ||x|| to obtain |A| < ||A]|.

Example 7.20. Let P be the projection operator onto a subspace W of an inner-
product space X, and suppose P has an eigenvalue A with eigenvector x. Writing
x=X+Xwithx €W and ¥ € W, we have Px = X and Px = Ax = A (X +X). Hence,
(1 —A4)x= AX. Now, the left-hand side belongs to W, and the right-hand side belongs
to W+, This implies that each side is equal to the zero vector; i.e.,

(1-A)x=0 and Ax=0.

Since x is an eigenvector, at least one of X and X must be different from zero. If X # 0,
then 1 —A =0 and then A = 1, which forces X = 0. In this case x = X is an eigenvector
with eigenvalue one. If X = 0, then A = 0, which forces x = 0. In this case, x = X is
an eigenvector with eigenvalue zero.

Example 7.21. Here is another way to see that projection operators onto sub-
spaces have eigenvalues that must be zero or one. If Px = Ax, then P(Px) = APx =
A2x. However, by Problem projection operators are idempotent; i.e., P> = P.
Hence, P(Px) = Px = Ax. It now follows that 2x = Ax, or A(1 —A)x = 0. Since
eigenvectors are nonzero, either A =0 or A = 1.

Example 7.22. Let X = C", and let

.0
0 .

If we define Ax := ax for x € C", then each A; is an eigenvalue of A, and e; :=
[0,...,1,...,0]T, where the 1 is in the ith position, is a corresponding eigenvector.

Example 7.23. Let X be a Hilbert space, and let {¢y};_, be an orthonormal set
of vectors in X. Let {44 };2_, be any bounded sequence of nonzero scalars. Consider

December 23, 2010



7.3 Eigenvalues 137

the operatorf?|
Ax:=Y " Aelx, 0k) O (7.3)
k=1
Notice that Ag; = A;¢;; i.e., the (A;, ¢;) are eigenpairs of A. In fact, the A; are the
only possible nonzero eigenvalues of A. Suppose Ax = Ax for some nonzero A and
nonzero x. Then

] (=]
=7 Z (X, Qi) @
k=1

which implies x € span{ ¢y }. Hence, x is equal to its projection onto span{ ¢y}, and
SO

=

ZX(Pk

by Theorem [6.32] Since the coefﬁments of any expansion in the ¢ must be unique
(why?), it follows that for all k£ with (x, @) # 0, we have A = A;. There must be at
least one such k because x # 0. If there is more than one such , then A is a repeated
eigenvalue.

The action of the matrix operator of Example[7.22|can be put in the form in (7.3)
by observing that

M 0 . )
ax=| . |xi+-+| | xa= Z?kakek: Z),k<x,ek)ek
0 A, k=1 k=1
For this reason, we say that an operator of the form (7.3) is diagonalizable. In

other words, an operator A is diagonalizable if there is an orthonormal sequence of
eigenpairs such that (7.3) holds.

Example 7.24. Not every operator can be put into the form in (7.3). Consider
solving the eigenvalue problem

a2

where a # 0, b # 0 and [x,y]" # [0,0]T. To begin the analysis, we write the matrix-
vector equation as the two scalar equations

ax+by = Ax
ay = Ay.

8 Since the A; are bounded, we have by Theorem that the sum in (7.3) converges; i.e., A is well
defined.
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We claim that the only possible solution requires y = 0. Suppose otherwise that
y # 0. Then the second equation implies A = a. Using this in the first equation yields
ax+ by = ax. This implies by = 0. Since b # 0, we must have y = 0, contradicting
our assumption that y # 0. Now, if y = 0 in the two equations, we find in the first
one that ax = Ax. Since y = 0 forces x # 0 to get an eigenvector, we conclude that
A = a. Also, every eigenvector is of the form [x,0]" = x¢, where ¢ :=[1,0]T is a unit
vector. Now, an operator of the form Ax = A(x, )¢ has a one-dimensional range.
However, the matrix operator of this example is clearly invertible and therefore has a
two-dimensional range.

Proposition 7.25. A self-adjoint linear operator A on an inner-product space has
the following properties.

(a) The inner product (Ax,x) is real.

(b) If A has any eigenvalues, they must be real.

(c) IfAis positive semidefinite and has any eigenvalues, they must be nonnegative.

(d) If A has two distinct eigenvalues, then their corresponding eigenvectors must
be orthogonal.

Proof. See Problem L]

7.4. Diagonalization (The Spectral Theorem)

The Spectral Theorem says that linear operators on a Hilbert space that are com-
pact (to be defined later) and self adjoint (A* = A) can always be diagonalized. As
shown in Problem b), finite-rank operators are compact. Hence, all n x n real
or complex matrix operators are compact. It follows that any real symmetric matrix
or any complex Hermitian matrix is diagonalizable. In a later section, we derive the
singular-value decomposition (SVD) (to be defined later) by diagonalizing A*A.

The key to the proof of the Spectral Theorem is the existence of an eigenpair. In
particular, we show that either ||A|| or —||A]| is an eigenvalue if A is self adjoint and
compact on a Hilbert space.

Recall that for a bounded linear operator, [|A[| = sup_; [|Ax||. Thus, there exists
a sequence {x,} with ||x,|| = 1 and ||Ax,|| — ||A||. In other words, the x, lie on
the unit sphere in X, and the real numbers ||Ax,|| converge to the real number ||A||.
Now, in general, we cannot conclude that the vectors Ax, converge. However, if the
vector space X is finite dimensional, the unit sphere is sequentially compact, and
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therefore there is a subsequence {x,, } and a point xo on the unit sphere such that
Xn, — Xo. Since A is bounded, it is continuous and therefore convergence preserving.
Hence, Ax,, — Axo, from which it follows via the triangle inequality that ||Ax,, || —
|Axol|. Since ||Ax,, || — [|A]|, we see that ||Axo|| = [|A]|. To prove the existence of an
eigenvalue in the Spectral Theorem, we only need that for some subsequence {x,, },
Axy,, converge to some yg € X; we do not need that x;, itself converge. This leads to
the following definition of a compact linear operator.

Let X and Y be normed vector spaces. Let A:X — Y be a linear operator. Then A
is a compact operator if:

Whenever {x,} is a sequence in X with ||x,|| = 1, then there is a subse-
quence {x,, } and there is a vector yo € ¥ with Ax,, — yo.

There are several equivalent ways to say this. For example, a linear operator is com-
pact if the image of every unit-norm sequence has a converging subsequence. A
linear operator is compact if the image of every sequence on the unit sphere has a
converging subsequence. For another equivalent statement, see Problem@

Proposition 7.26.
(a) A compact linear operator is bounded.
(b) A bounded linear operator of finite rank (finite-dimensional range) is compact.
Hence, every matrix operator is compact.

Proof. Problem[7.37] O

It can be proved that the integral operator of Example[7.3]is compact [9].

Lemma 7.27 (Characterization of ||A|). If A is bounded and self-adjoint, then

Proof. Let m := SUP)|x||=1 |<Ax,x> | Using the Cauchy—Schwarz inequality with
x| = 1 yields |(Ax,x)| < ||A[|. Hence, m < ||A||. We must show that m > [|A|.
Observe that A* = A implies that for all x,y € X,

(A(x+y),x+y) = (Ax,x) = 2Re(Ax,y) + (Ay,y).
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Hence,
4Re(Ax,y) = (A(x+y),x+y) — (A(x—y),x—y)).

Using the definition of m and the parallelogram law,
4[Re(Ax,y)| < m([be+y[* + e =y]1%) = 2m(|lx]> + I¥]*)-

— I

Taking y — 2 A, (4x,y) = [Ax] |l and ]| = []: hence,
A Ax]| [lxl] < 2m ([lx]> + lx]1?) = dm|x||*.
Therefore, ||Ax||/||x|| < m for x # 0, and ||A|| < m. U]

Corollary 7.28. Let A be bounded and self-adjoint. If (Ax,x) =0 for all x € X,
then A = 0.

Lemma 7.29 (Existence of Eigenpairs). Let A be a compact, self-adjoint opera-
tor with ||A|| > 0. Then either ||A| or —||A|| is an eigenvalue of A.

Proof. On account of Lemma we may assume the existence of a sequence
{xa} with [x,]| =1 and |(Ax,,x,)| — [|A]l. Now, A* =A = (Ax,x) € R. Thus
(Axy,x,) } is a bounded sequence of real numbers, and by the Bolzano—Weierstrass
Theorem contains a converging subsequence. To simplify the notation, we assume,
without loss of generality, that the sequence itself converges to some real number A.
Of course, |[A| = ||A||; i.e., A = £||A]|. Next, write

0 < ||Ax, — Axy||? = [|Ax, || — 2A (Axy, x,) 4+ A2
< A% =2 (Axp, x,) + A2

It follows that [|Ax, — Ax,||> — 0. Since A is compact, there is a subsequence such
that Ax,, converges to some y € X. So,

[y = Axn, || < |ly — Axn, || + [|Axn, — A, || = 0.
So, limg_ex,, =y/A. Then
yi= Jim Ay, = A(Jim x,, ) = AQ/A),

and Ay = Ay. It remains to prove that y # 0. This follows by noting that since
Y/ A =1limy e Xy, [[y]] = limg e [|AX, || = |A| = [|A]| > 0. U]

Lemma 7.30 (Invariant Subspaces). If W is a subspace of X, and has the prop-
erty that A:-W — W, then AWt 5wt
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Proof. Fix any v € W, Set y = A*v. Then y € W+ if and only if (w,y) = 0 for
allw € W. But (w,y) = (w,A*v) = (Aw,v) = 0 since Aw € W and v € W+, O

Theorem 7.31 (Spectral Theorem). Let X be a Hilbert space, and let A:X — X
be a linear, compact, self-adjoint operator with ||A|| > 0. Then there is a family

of eigenpairs { (A, o)}, = ||A|l, & # O, the {@y} are
orthonormal, and if the family {(A, ©x)} is infinite,

Ax =Y A(x, @), forallxeX, (7.4)

k=1
span{ ¢y} = rangeA = (kerA)=, (7.5)
X =kerA @ span{ ¢y }. (7.6)

Remark. When considering an operator to which the Spectral Theorem does not
apply, the operator may have no eigenvalues at all. Or, if the operator has eigenvalues,
it may happen that sup, |A¢| < ||A]|. See Problem

Remark. When A is nonsingular, ll implies that X = span{ ¢ }; i.e., the eigen-
vectors @ form a complete orthonormal set. Hence, every x € X is equal to its
projection onto span{ @y } and therefore has satisfies

Mz

(o) and [|x|* = Z\ X o))

k=1

This would be the case for any positive-definite operator like ones in Corollary
and Theorem

Proof. We first show that (7.4) = (7.5) = (7.6). We then establish the represen-

tation (7.4)).
(7.4) = (7.5): Clearly (7.4) implies rangeA C span{g }, which implies

rangeA C span{ @y }.

Also, since A(@r/A) = @, span{ @} C range A, which implies

span{ @y} C rangeA.

" Once it is shown that the A; are bounded the sum in ll converges by Theorem
i and .

If { (A, @x)} is a finite family, the sum in is finite, and no closures appear in (
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Thus, the first equality in (7.5)) holds. To prove the second equality, observe that

(kerA)* = rangeA*, by Theorem[7.8[a),
=rangeA, since A*¥ = A.

(7.3) = (7.6): Since A is compact, it is bounded and therefore continuous. Hence,
kerA is a closed subspace of the Hilbert space X, and the Projection Theorem applies.
Combining this with the Orthogonality Principle and (7.5)) permits us to write

X =kerA® (kerA)" = kerA @ span{ ¢y }.

We now prove the existence of the eigenpairs and the representation (7.4). Let
X; :=X. By Lemmal[7.29] A has an eigenvalue A; with |4;| = ||A]|. Let ¢; be a corre-
sponding eigenvector with ||@;|| = 1. Let X, := (span{¢; })*. Since A:span{¢@;} —
span{@; }, Lemma(7.30]implies A: X» — X>. By Lemma(7.29]applied to the restriction
of A to Xp, there exists an eigenpair (A2, ¢2) with ||@2|| = 1 and

lAx| _ JAx]

|[A2| = sup < sup ——— = || = ||A]],
x€Xp [l x]l xeX| B4
x#£0 x#£0

where the inequality follows because X, C X;. Now suppose that the eigenpairs
(A1, 01),. .., (An—1, @q—1) have been found with |A;]| > - > |A,—1| > 0. Set

X, := (span{@,..., n,l})L.

Note that X,, C X,,_; and that A:X,, — X,,. If the restriction of A to X,, is the zero
operator, i.e., if
Jaxl _
xex, [l
x#£0
then we stop. Otherwise, there exists an eigenpair (A4,,¢,) such that @, € X, =
(span{@y,...,@,_1})*, and with |A,| equal to the norm of the restriction of A to X,
and 0 < |A,] < A1)

If this procedure never terminates, we claim that |4,| \, 0. Suppose otherwise.
Then there is some & > 0 such that for every k, there is some n; > k with |A,, | > &.
Since A is a compact operator, and since ||@,, || = 1, there is a further subsequence
for which {A(pnk,-} is convergent, and therefore Cauchy. Since AQ, = /'Lnki Ony»

7

{An, @n, } is Cauchy. However, this contradicts the fact that for all i and j with
Nk, 7 Nk;s
2 2 2 2
Hlnki Py, — )Lnkj P, II-= )L”k,- + lnkj >2¢gy > 0.

Thus, |A,] \ 0.
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We now derive the representation (7.4). Fix any x € X. Set

k=1
It is easy to see that X, := x — X, is orthogonal to @i,...,¢0,_1; ie., X, € X, =
(span{@y,...,@,_1})*. By the Orthogonality Principle, it follows that %, is the pro-
jection of x onto span{¢,...,®,_1}. Also, since x = X, + X,,, we can write

el = 1%l + 1%l > 1712,

Since X, € X,,,
[A% || < [Anl [IXall < |20 ][lx]] — O.

Now,

n—1

n—1
A%, = A(x—X,) = Ax — A%, :Ax—A< Y (x, (pk>(pk) =Ax— ) Mlx, Qe k.
k=1 k=1

Since [|AX,|| — 0,

Ax =

A, ) @
k=1
If the procedure for obtaining nonzero A; terminates with the last one being A,_1,
say, then Ax,, = 0, and
n—1
Ax =Y N(x, o) Ok O
k=1

Example 7.32. Let A:C" — C" (or A:IR" — IR"), where Ax = ax for some n X n

matrix a. Assume a” = a so that A is self-adjoint. Then by the Spectral Theorem,
) [ x, 1)
ax=Ax= ) (x5, o) =[o1 ]| ¢r] :
= L A <x, (Pr>
[ ll 1 _<x>¢l>_
=[]l o] ' :
L A ] Lx o) ]
= .| of
=lo]--|o] Do
L Ar ] of
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If r <mn, let {@41,...,¢,} be an orthonormal basis for kerA. Then {@j,...,@,} is
an orthonormal basis for the whole space. By defining 4,1 = --- = 4, = 0, we can
repeat the foregoing calculation with r replaced by n to arrive at

M
of
Y Ar )
ax:21k<x,(pk>(pk:[(pl‘...|(pn] 0 : .
k=1
(o
. 0 -

If we put P := [@1]---|@,], and if we let A denote the above diagonal matrix, then
the preceding equation can be written as ax = PAP"x. Since x is arbitrary, we con-
clude that a = PAPH. Since P"P = I, it follows that P"aP = A. Note that although
[@1]---|,] is nonsingular, it maps r-dimensional space into n-dimensional space and
is therefore not onto. However, P is nonsingular and 7 X n; hence, by Problem @c),
PP" =1.

To obtain the eigenvalues (but not the eigenvectors) of a in MATLAB, use the
statement 1ambda=eig (a), where lambda is an n-dimensional column vector

containing both Ai,...,A, and the zero eigenvalues in some order, not necessarily
ordered by absolute value. To obtain both the eigenvalues and the eigenvectors of a,
use [P, Lambda] = eig(a), where Lambda is the n X n diagonal matrix with

lambda along the main diagonal. To extract the diagonal elements of Lambda
as a column vector, use the command lambda = diag (Lambda). Note that
the columns of P are ordered to correspond with the ordering of the eigenvalues
in lambda.

Once we have found P and 1ambda, we can use the fact that a = PAP" to com-
pute y = ax in MATLAB with the statement y = P (lambda.x (P’ xx) ). Recall
that in MATLAB, P’ returns P, while P. " returns PT.

Example 7.33 (Square Root of an Operator). Let A satisfy the hypotheses of the
Spectral Theorem. In addition, assume that A is positive semidefinite. Then by Propo-
sition[7.25] all eigenvalues of A are nonnegative, and thus A; \, 0. The square root of
A is the operator defined by

VAx:= i V(X 00) 01
k=1
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It is easy to verify that /A is self adjoint, and

x) = i \/Tk<\/f7x, <pk><pk
<Z \/)T(’ (x, o0 (P/,(Pk>(P
(Z VA, 9o (1, i )(Pk

T T
g

)L <x7 (Pk>(pk

I
o N
= L

When A is the matrix operator of Example|/.32|and A and P are as defined there, we
define /A to be the n x n matrix diag(v/A1,...,v/A,0,...,0). Then

a=PAP" = PVAVAPY = PVAPTPVAPH = (PVAP™(PVAPY).
We therefore define \/a := Pv/APH. Note that (y/a)" = \/a.

Example 7.34 (Fredholm Equations of the Second Kind). If X is a Hilbert space
and A:X — X is a compact linear operator, then an equation of the form (I+A)x =y
is called a Fredholm equation of the second kind. Note that the operator / + A is
one-to-one if and only if —1 is not an eigenvalue of A; in this case, any solution of
the second-kind equation must be unique. When A is self-adjoint, we can use the
Spectral Theorem to find the solution. Before doing so, we make a few preliminary
observations. By the Spectral Theorem,

Ax =Y Llx, 00) .

where | 4| \ 0. Assuming A; # —1 for all kK implies the ratio A /(1+ 4;) is bounded,
which implies

2
< oo, (7.7)

since Y5, |(y, x)|> < o by Theorem
Suppose there is an x € X with x+Ax =y. Then y —x = Ax, where Ax has the
expansion above, which implies y —x = Ax € span{ ¢y }. Hence,

vor=Y oo

December 23, 2010



146 7 Diagonalization and the SVD

We thus have two expansions of Ax in terms of the ¢. Therefore, the corresponding
coefficients must be equal; i.e., (y — x, @x) = A (x, @), or

<y7(P/<>
1+ A

(X, 1) =

Now write

y—x=Ax=Y A(x, )0
=1

=)

_ <%‘Pk>
N ;A 1+ A [EY G

> A
c=yo Y b0, (7.8)

Conversely, given any y € X, the sum in (7.8) converges on account of (7.7), which
means that the right-hand side of is well defined. If we now define x by (7.§),
it is easy to check that (x, @) = (y,¢r)/(1 + A¢). Making this substitution in (7.8)
yields

x = y—Y Ax, 00) o

k=1

= y—Ax, by the Spectral Theorem,
thus showing that solves x +Ax = y.

If dimX = n and there are r < n nonzero eigenvalues of A, let @,y1,..., ¢, be an
orthonormal basis for kerA so that ¢,..., @, is an orthonormal basis for X. Then
Y=Yi 1 (@)@ If we also put A,| = --- =4, =0, then (7.8) can be written as

I o'
o (0 9x) s
xzkglﬂk@k:[@l | o] 1 y
42, o

7.5. The Singular-Value Decomposition (SVD)
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Theorem 7.35 (Singular-Value Decomposition (SVD)). Let X and Y be Hilbert
spaces. Let A:X — Y be a compact linear operator with ||A|| > 0. Then there exist
A \( 0 and corresponding orthonormal sequences { @i} in X and {y} in Y such
that Y = (l/lk)A(Pk, and

(A" A) i = A o, (7.9)

Ax=Y M(x, @)y, forallx € X, (7.10)
k

span{y;} = rangeA = (kerA*)*, (7.11)

X =kerA @ span{ ¢}, (7.12)

(AA )y = A2 W, (7.13)

ATy =Y My, Vi) 9, forally €y, (7.14)
k

span{ @} = rangeA* = (kerA)™, (7.15)

Y = kerA* & span{y;}. (7.16)

The positive numbers { A} are called the singular values of the operator, and A, =
Al

Proof. We begin with a few observations. Since A is compact, it is bounded;
then since X is a Hilbert space, A* exists. Also we have shown in Proposition
that ||A]| = ||A*||, and so A* is bounded. Since A is compact and A* is bounded,
A*A is compact by Problem [7.37]c). Hence, we can apply the Spectral Theorem to
obtain a family of eigenpairs of A*A. Since (A*Ax,x) = (Ax,Ax) > 0, A*A is positive
semidefinite; hence, its nonzero eigenvalues must be positive. Let A; denote the
positive square root of the kth nonzero eigenvalue of A*A so that we can write the
eigenpairs of A*A as {(A2, @)} with A2\, 0. Then follows as does A; \, 0.

Now put W := (1/A)A@y. It is easy to see that (7.9) implies (7.13), and that the
{yy} are orthonormal because the { ¢y} are orthonormal.

To prove (7.12), note that by the Spectral Theorem,

X =kerA*A @ span{ ¢ }.

Since kerA*A = kerA, (7.12) follows.

December 23, 2010



148 7 Diagonalization and the SVD

We now derive the representation (7.10). By (7.12)), every x € X can be written
in the form

X =X +Z<X7 Ox) Px
k

where xp € kerA. Applying A to this equation and recalling that y; := (1/2;)A¢y

yields (7.10).

Equation (7.11) is now derived. From (7.10), range A C span{y; }, which implies

rangeA C span{y;}.

To obtain the reverse inclusion as well as the right-hand equality in (7.11)), we proceed
as follows. On account of (7.13), span{y; } C rangeAA*, and so

span{y;} C rangeAA*
= (kerAA*)*, by Theorem[7.8]a),
= (kerA*), by Theorem[.12(d),
= rangeA, by Theorem [7.8]b),

and (7.11) follows.

We now prove ((7.16)). Since A* is bounded, kerA* is closed. Since Y is a Hilbert
space, we can apply the Projection Theorem. Combining this with the Orthogonality

Principle and (7.TT)) yields
Y =kerA* @& (kerA*)* =kerA* @ span{y;}.
Using the above decomposition of Y, for any y € Y, we can write

Y=o +Z<y7 Vi) Vi,
3

where yg € kerA*. Now apply A* to this equation, and note that

1
A

)LZ
A(Pk) = AP A .

Ap=a( ph

Hence, (7.14) follows.
Equation (7.3 can be obtained in a manner analogous to that used to obtain

@10).
Finally, we show that A; = ||A|| = [|A*||. First, from (7.9), A? = [|(A*A) ¢ <
lA||%; hence, A < ||A]|. Since Ay < A, we can use (7.10) to write

2 2 2
Ax]> = Y A2 | (e 00" < Y AT (e )| = AT Y (oo |” < A7 I,
% X %
where the last step follows by Theorem|[6.32] Thus, [|A|| < A;. O
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Example 7.36. Let A:C" — C™ (or A:IR" — IR™), where Ax = ax for some m X n
matrix a. By the SVD, we can write

H

ﬂvl (pl
Al owve =i || v | : x,
k=1 )br

r
ax =

(PH

where r < min{m,n}. If r < n, let @,11,..., @, be an orthonormal basis for kerA. If
r<m,let Y,11,..., ¥, be an orthonormal basis for kerA*. Put P := [ |- --|¢,] and
Q := [w1|---|Wn]. We can then write ax = QSP"x, where S is the m x n matrix

_ | diag(A1,...,4,) 0

S: 0 0

Since x is arbitrary, we have a = QSPH. Since PHP =1 and Q"Q = I, we see that
QHaP = S. Since Q is nonsingular and m x m, we have QQ" = I. Since P is nonsin-
gular and n x n, we have PPH = 1.

To obtain the SVD in MATLAB, use the command [Q, S,P] = svd(a). The
diagonal elements of S are nonincreasing. To obtain only the diagonal of S as a
column vector, use instead the command s = svd(a).

Example 7.37 (Fredholm Equations of the First Kind). Let A:X — Y be a com-
pact linear operator between Hilbert spaces X and Y. Then an equation of the form
Ax =y is called a Fredholm equation of the first kind. There is a solution if and
only if y € rangeA. If y ¢ range A, let y denote the projection of y onto

rangeA = span{y; }.

Then
y=Y v (7.17)
k

by Theorem[6.32] By the SVD we can write
Ax =) Ae(x, ) i
k

Comparing these two equations shows that if there is a solution of Ax =y, then the
corresponding coefficients must be equal, which implies
<y ) Wk >
(X, o) = B
k
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Recall also (Section [4.5.3) that since X = kerA @ (kerA)L, if x is any solution of
Ax =y, then the minimum-norm solution, X, is the projection of x onto (kerA)*.
Since the SVD tells us that (kerA)* = span{ ¢y},

=Y (xodo=Y, <y’;LWk>¢ (7.18)

k k

We now see that if there is any solution of Ax =y, then the minimum-norm solution
is given by the above formula. Furthermore,

2
o > ||7 =z|<x,¢k>|2:2W.
k k

k

Hence, the condition

Z' >V | (7.19)

necessary in order for there to be a solution of Ax =y. Conversely, if (7.19) holds,
then the sum on the right in converges by Theorem [6.32] Denoting this sum
by x, we find that

~ : : A ~
AT—A Z@ llfk>(pk :Z@ Wk>A(Pk:Z<y,lllk> (pk:Z@,llfk)llfk:%
ra ra k M k

where the last equality follows from and the second one because A is conver-
gence preserving. The fact that is necessary and sufficient for the existence of
a solution to Ax = y is known as Picard’s criterion.

When X and Y are finite-dimensional Euclidean spaces, Ax = ax for some m X n
matrix x, and a has r singular values. In this case, can be expressed as

1 74
A
=[o1 ][ o] B (7.20)
1
2 !
To do this in MATLAB, use the commands
[Q,S,P] = svd(a);
s = diag(S);
i find (s>0) ;
s = s(i);
r = length(s);
xtilde = P(:,l:r)*((1./s).x(Q(:,1l:r)"*y));
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Remark. Comparing the preceding discussion with that in Section we see
that the pseudoinverse A" is defined for all y satisfying Picard’s criterion; i.e.,

Afy= y’):pk @i, for y satisfying (7.19).

When Ax = ax and a is an m x n matrix, a' is the product of the three matrices
multiplying y in (7.20). To compute a' in MATLAB, you can use the pseudoinverse
command pinv (a).

7.5.1. lll-Posed and Well-Posed Problems

First-Kind Equations

We now show that when a compact operator A has an infinite number of positive
singular values, solving Ax =y is an ill-posed problem in the following sense. Sup-
pose that y € range A. Then there is a solution of Ax =y, y = y'is given by (7.17), and
holds. Fix any § > 0, and let

yi=y+oy.
Then |ly; —y|| = 6, and
yla‘l’k yallll +6 <yalllk> :
plonl’ lewadf g lopl
i ki k

which is clearly finite on account of (7.19). So the minimum-norm solution of Ax =y
is given by the right-hand side of (7.I8). Similarly, the minimum-norm solution of
Ax = y; is given by

~ . <yi7ll/k> _ = 6 .
Xj = ;Tk(pk =x+ Z(Pl
Hence,
%~ =

We can now see that the mapping that takes y € rangeA into the minimum-norm
solution of Ax =y is not continuous. Fix any y € rangeA. Given any € > 0, one
would like to find a § > 0 such that for all y’ € rangeA,

' —yl<é = |¥F-3<e
However, suppose such a § exists. Choose i such that §/4; > €. Then ||y; —y|| = 0
but ||X; —X|| = 6/A; > €.
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Second-Kind Equations

Second-kind Fredholm equations are well posed. This is easy to see when A is
self-adjoint. Let x be given by (7.8), and let x’ denote the right-hand side of (7.8)) with
y replaced by y' (recall that in (7.8)), { (A, @x)} are the eigenpairs of A). Then

lx—=xl| < [ly=y'll+

i My —, (Pk>(p
=1 14+ A ke

Next, write
2

Ay =y, o) Hz_ S
;71+7Lk Pr Z O =y o)

Assuming that A; # —1 for all , and using the fact that |A;| — 0, it is easy to see that

1+/1

< oo,

k
B :=sup|——
kp 1+ A

Hence, we can write

)‘ <y yv(Pk - 2'k ! >
S Z y yv(Pk
< BzHy —sz-

Hence, |[x—¥'|| < (1+B)|y—Y||.

7.6. Regularization

The method of regularization was developed in order to address the ill-posedness
of first-kind Fredholm equations. The method replaces the first-kind equation with a
family of related second-kind equations, which are well posed.

For fixed o > 0, consider the minimization problem

inf [y — Ax(|* + e[l >

If ¢ = 0, the infimum is ||y — 3|, where y is the projection of y onto rangeA. When
a > 0, the solution must have the property that ||x||? cannot be too large. By adjusting
the value of &, one can trade off fidelity to the data (making Ax ~ y) and making the
energy of the solution, ||x||?, small.
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From our earlier work on convex functions, we see that for fixed «, the quantity
we want to minimize is convex in x. Hence, it suffices to have the Gateaux derivative
equal to zero in all directions. From the calculations in Example[5.20] the solution of
the minimization problem (for fixed ) is equivalent to the solution of

(al+A%A)x = A%y. (7.21)

Note that A*A is self adjoint and positive semidefinite. Assuming A is compact, if
a > 0, this is a second-kind Fredholm equation whose solution, denoted by xg;, is

(cf. (7-8)) Ay
A <A ,(Pk>

Z L e Lo,

k=1 1+—
(04

where {(A?, )} are the eigenpairs for A*A. By the SVD (recall (7.14) and y; :=
(1/ ) A@p).

oo 3

1 [ & A
(V2 _ k
Xo = (kzl k(Ys Vi) Ok k;l Py, (y, wk>(pk)

=

Ak
=¥ b (1.22)
=1

It is shown in the next paragraph that if Picard’s criterion holds, then

which is exactly the minimum-norm solution of Ax = yin (7.18). Hence,
Ty =1lim (ol +A*A) 'A%y,
ol0

Write
2

o —]* = (0 W) 9

Mo +27)
o « v |
kz’l(a+/lk2> A

Taking limits as & | 0 on both sides, and taking the limit on the right inside the sum,
we have ||xq —X]| — 0. Taking the limit inside the sum is justified because the series
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converges uniformly in ¢; to see this, observe that the terms of the sum are uniformly
dominated by ‘(y, u/k>‘ /AZ, which is summable on account of Picard’s criterion.

For future reference, note that (7.22)) implies

5 Aelonvol”

el =
=Rk

This is a real-valued, nonnegative, nonincreasing function of the nonnegative, real
is a continuous function of & > 0. Hence, if a certain value
of ||x||? is desired, the appropriate value of o can be determined by a root-finding
algorithm.

In the finite-dimensional case when Ax = ax for some m X n matrix a, (7.22)) can
be expressed as

A H
a+A? i
Xa =[] o] S 2
Ar
A7 v

Notice that when & = 0, this formula reduces to (7.20). For & > 0, this formula can
be evaluated in MATLAB with the commands

[Q,S,P] = svd(A);

5 = dlag()

i = find (s

s = s(i);

r = length(s);

Qry = Q(:,1:r)"*y;

w = s./(alpha+(s."2));
v = w.*xQry;

xalpha = P(:,1:r)*v;

Since the columns of P are orthonormal, ||x¢||? can be computed by v’ »v. This is
an important observation because in order to select a satisfactory value of ¢, it may
be necessary to compute ||xq ||* for several values of «. Computation of the length-r
vector Qry, which requires O(m) operators since the columns of O have length m,
only has to be done once. Then the length-r vectors w and v can be computed for
different values of alpha using only O(r) operations, while xalpha would require
O(n) operations since the columns of P have length n. Notice also that when we do
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compute xalpha, we do it as efficiently as possible. We use only the first 7 columns
of P and Q. We never apply the diagonal matrix S to a length-n vector. Instead we
use . to multiply the row vector s by a length-r vector.

Example 7.38. To illustrate the benefits of regularization, we return to Exam-
ple and make a few minor changes. Instead of using 31 exact samples of
x(t) = cos(2mt/5), we use 31 noisy samples. Also, instead of using only 21 shifts
7;, we use 401 equally spaced shifts. To be precise, we replace the second, third, and
last lines of the script in Example|3.10| with

xvec = (cos(2+pixtvec/5) + randn(size(tvec))x.2).’;
tau = [-10:.05:107;
plot (t,w)

Leaving the other lines of that script unchanged, we obtained the approximation of x
shown at the top in Figure|7.1

-10 -5 0 5 10

Figure 7.1. Least-squares approximation of sinusoid (top) and regularized approximation (bottom).

To obtain the regularized approximation shown at the bottom in Figure in-
stead of using ¢ = A\xvec, we chose c to be the minimizer of

|xvec — Axc||® +allc||?.

with o = 1.
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7.7. Numerical Methods

7.7.1. Gaussian Quadrature

If w is a nonnegative function defined on a given time interval and 0 < [w(r)dt <
oo, then we call w a weight function. Typical weight functions include

w(t) =1 on [—1,1] oron [0,1],
w(t) = 1/\/1—t on[ 1],

w(t) = ’2 on [0, )

w(t) = e’ on (—oo,00).

To approximate an integral of the form [ x(¢)w(t)dt, we often use numerical inte-
gration or quadrature formulas having the structure

/ X(E)w(t)dt ~ i:lwix(ti),

where the coefficients w; are called weights, and the evaluation points #; are called
nodes. The trapezoidal rule and Simpson’s rule fall in to this category on any
interval [a,b] with w(z) = 1. More generally, if the nodes are fixed, then it is easy to
choose the weights so that the integral on the left and the sum on the right are exactly
equal whenever x is a polynomial of degree less than n. However, if the nodes are
chosen carefully, then we can achieve equality for all polynomials of degree less than
2n; this is called Gaussian quadrature.

The theory of orthogonal polynomials says that if we apply the Gram—Schmidt
procedure to the power functions 1,7,72,. .. using the inner product

() i= [xO¥Owo)ar

then the resulting orthonormal polynomials, which we call yp, 1, ..., are such that
y; has degree i and has i real roots. It is not hard to show that because we are dealing
with polynomials, the Gram—Schmidt procedure simplifies to a three-term recursion
of orthogonal polynomials, which we denote by ¢;. Of course, ¥; = @;/||¢;||.

The theory of Gaussian quadrature says that the required nodes are the n real roots
of y,,. However, rather than using the recursion to generate the required polynomial
and then finding its roots, the following theorem allows us to obtain both the nodes
and the weights directly from the diagonalization of a simple matrix.

Theorem 7.39. The nodes t; and weights w; of a Gaussian quadrature formula,
based on orthogonal polynomials relative to a weight function w and generated by a
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three-term recursion with coefficients a, and by, can be obtained from the eigenvalue
decomposition of the symmetric, tridiagonal Jacobi matrix

Jp =

IfPHJ,P = A = diag(Ay,...

ap bi
Vb1 ai by

Vb,

an-2 bu_1
by_1 ap—

,An), where PP =1, then t; = A; and w; = p? [ w(t) dt,ﬂ

pi is the first component of the ith column of P.

Proof. See the Notes® at the end of the chapter. |

Example 7.40. The a, and b, can be found in tables, e.g., [8, p. 29]ﬂ For the
weight function w(z) = 1 on [0, 1], the three-term recursion with a; = 1/2, by = 1, and
by = 1/(4(4 —k?)) for k > 2 generates the shifted Legendre polynomials and leads
to Legendre-Gauss quadrature on [0, 1]. This suggests that we write the following
MATLAB function to generate the nodes #; and the weights w; for the approximation

function [t,w]

Generate nodes
Legendre—-Gauss
Note that t is
and w is a row

o0 o o° o0 od° o

1 n
/0 x(t)dr = Y wix().

i=1

= legendrequadOl (n)

and weights for
quadrature on [0,1].
a column vector
vector.

a = repmat (1/2,1,n); % diagonal of J

u = sqrt(l./(4%(4-1./[1:n-1]1.72))); % upper diag of J
[P, Lambda] = eig(diag(u,l)+diag(a)+diag(u,-1));

[t,1] = sort(diag(Lambda));%sort roots in incr order

Ptop = P(1,:);
Ptop = Ptop(i);
w = Ptop."2;

extract top row of P and
reorder to go with roots

o
)
o
°

Suppose you have a MATLAB function x, and for a suitable value of n, you use the
statement [t, w]=legendrequadO01l (n). Since t is a column vector, xvec =

’: Following Gautschi [8} p. 111, we put by := [w(r)dr.
J Gautschi [8] writes oy and S for our a; and by.
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x (t) is also a column vector. Then w*xvec multiplies the row vector [wy,. .., w]
and the column vector [x(t;),...,x(t,)]" to produce the scalar value ¥, wix(t;) ~
Jo x(t)dr. Of course, many times we are interested in computing a whole family of
integrals such as

y(s) = /le(t,s)dt.

To compute y(s;) for j = 1,...,k, we use the approximation

n
~ Zwix(ti,Sj),
i=1

where n is chosen large enough for the approximation to work well for all values of
s;j. To calculate the above sum efficiently in MATLAB, it is convenient to observe
that it corresponds to multiplying the row vector [wy,...,wy]| by the n x k matrix
whose i j entry is x(#;,s;). Denoting this matrix by X, we can compute the row vector
y = [y(s1),...,y(s¢)] with the one-line statement y=wx*X.

7.7.2. Eigenvalues and Eigenvectors of Integral Operators

Consider an integral operator of the form

(Ax)(1) = / a(t,7)x(7)d.

Given x, it is natural to approximate (Ax)(z) with a numerical integration formula.
For example, we could write

)~ ilw,»aa,mx(r )

where the w; and the ¢; depend on the numerical integration technique, e.g., the
trapezoidal rule, Simpson’s rule, or Gaussian quadrature.

Now suppose that in the above integral ¢ and 7 belong to a common interval,
and we want to solve the eigenvalue problem AQ = A¢@. We consider instead the
problem [1} eq. (3.4)]

ij (t,t)Q(t;)) = 19(2). (7.23)

Upon taking r =t;, we obtam

ZW] l‘,,t] ) A‘(p(tl)

=: M;j
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This suggests that we solve the finite-dimensional matrix-vector eigenvalue problem
Mz = Az and use the elements of z as values of the eigenfunction @(;). There are
many ways to define @() for t # #;; e.g., linear interpolation. However, (7.23) itself
suggests the so-called Nystrom extension [1, p. 170]

n
Z a(t,t)zj, (7.24)

>’ \

where z; is the jth component of z.

Proposition 7.41. If (A,z) is an eigenpair of M, and if @ is defined by (7.24),
then @ satisfies (7.23).

Proof. Assume Mz = Az for nonzero z. Then (7.24) implies (p( i) = (Mz);/A =
(Az);/A = z;. Since i is arbitrary, we may replace z; in - by ¢(z;); multiplying
the result by A shows that (7.23)) holds. |

To make ||@|| = 1, observe that

[ 8@ as Lwilg) = X v

Dividing z by the square root of the right-hand side makes @ have energy one.

When a(t,7) is real and symmetric; i.e., a(t,7) = a( then the eigenvalue
problem Mz = Az has real eigenvalues and real elgenvectorsﬁ In this case, @ is also
real. After forcing ¢ to have unit energy, we can replace @ with — @ if we want to.
For example, if are working on the interval [0, 1] we may want to require ¢(0) > 0.
However, it may happen that ¢(0) = 0. Instead we may choose the sign of @ to be
such that when plotting @(t;), we have @(t;) — @(t;) > 0; i.e., we make @ increasing
at the origin.

To write a program in MATLAB that approximates the eigenvalues and eigen-
functions of an integral operator requires a little more attention to various details. If
Mz, = A4z, then we can obtain the A and Z = [z; |- - -|z,] using the MATLAB com-
mand eig (M) . To use to evaluate the kth eigenfunction at m points ¢ = T; (not
related to the quadrature nodes ¢;) requires

o(T) = i Zw a(Ti,t))Z k.

¥ This can be seen as follows [ 1} p. 173]. The matrix A;; = a(t;, ;) is symmetric, but M is not. However,
if we put D = diag(wy,...,w,), then M = AD, and Mz = Az if and only if AD'/2(D'/?z) = Az. If we
multiply this equation by Dl/2 and putv= D'/2g, then we obtain D'/2AD'/2y = Av.
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If we let @ denote the matrix whose ik entry is @(7;), then

1
a(’L'],tl) a(Tm,tn) w1 n
D= : : Z
1

a(Ty,t1) - a(T,tn) Wy, T

The formula for @ (7;) shows that the columns of P correspond to the columns
of Z. In other words, by deleting columns of Z and the corresponding rows of
diag(1/Ay,...,1/4,), we can compute only some of the eigenfunctions. The point
here is that once the eigenvalues and the Z matrix are computed, we can evaluate any
of the eigenfunctions at any time points with a simple matrix equation.

Example 7.42. The function min(¢,7) is the correlation function of the Wiener
process. To employ the Karhunen-Loéve expansion of the Wiener process on [0, 1]
requires the solution of the eigenvalue problem

1
/ min(t, 7)g(7)dt = A9(1), 0<r<1.
0

We can generate the nodes and weights for Legendre quadrature on [0, 1] using our
MATLAB function given in Example Using n = 16 and applying the Nystrém
method (see scripts in the Notes#), we obtained the results shown in Figures and
The exact eigenvalues and eigenfunctions can be found in closed form (Prob-
lem|7.30).

10

-2 @
10 Tegy :
P Q Q 9 0
? e
» b g +
10 Lo . O,
1 4 8 12 16

Figure 7.2. Exact eigenvalues (+) and approximate eigenvalues (o) for Example[7.42]

Example 7.43 (Prolate Spheroidal Wave Functions). We begin with the eigenval-
ue problem on L?[—1, 1],

/11 WT sinc(WT (1 — 7)) o(t)dt = A9(1), —1<i<1. (7.25)
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0 0.25 0.50 0.75 1

Figure 7.3. Exact eigenfunctions (solid lines), approximate eigenfunctions (dashed lines) for Exam-

ple[7.42}

The left-hand side defines a compact, self-adjoint linear operator. From the discus-
sion in Section [7.2.2] the operator is positive definite, which implies all of its eigen-
values are positive. Once an eigenpair (A, ;) has been found, we put

1
TAGES %kﬁl WTsinec(WT (t—17))@e(T)dT, —o0 <1t < oo (7.26)

Of course, when |f| < 1, the right-hand side is just (7). In other words, we have
extended the definition of ¢ to the whole real line. Hence, we can also write

1
(1) = % / WTsine(WT (t — 2))yi(t) de, —oo<t< .
kJ-1

The functions y; are called angular prolate spheroidal wave functions. They de-
pend on the bandwidth parameter W and the time-duration parameter 7' only through
their product WT. Traditionally, however, these functions are parameterized by
c:=nWT, and the eigenvalues and eigenfunctions are indexed starting from O rather
than 1. In addition, the ¢ are normalized so that [ @ (¢)|? dt = As.

When ¢ = 1, we used 8-point Legendre-Gauss quadrature on [—1, 1] (see Prob-
lem|7.49) and found

Ao =5.7258178 x 10~} Ay =3.717929 x 108
A =6.2791274 x 1072 A5 =9.4914 x 10~ 1
A =1.2374793 x 1073 A =1.67x 10713

A3 =9.200977 x 107¢ A; =2.x 10716

which agrees with [25] to when rounded to the number of digits shown. To obtain
similar accuracy for ¢ = 8 requires 12-point quadrature. Examples of the y; are
shown in Figure (/.4

It is also interesting to plot the eigenvalues A; corresponding to different values
of 2WT = 2¢/x as shown in Figure We see that for all k sufficiently less than
2WT, the A are nearly one, and for all k sufficiently larger than 2WT, the A; are
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Figure 7.4. Prolate spheroidal wave functions for ¢ = 1 (top) and ¢ = 8 (bottom).

negligible. This property has been proved mathematically [[15].

7.7.3. Solving Second-Kind Integral Equations

A trivial modification to the foregoing allows us to approximately solve (I +
A)x =y using the Nystrom or quadrature method. The approximate equation is

x(t) + i wia(t,t)x(t;) = y(t). (7.27)

j=1
Taking t =1t; yields
n
x(6)+ Y wialtistj)x(tj) = y ().

Jj=1

This suggests that we solve the finite-dimensional matrix-vector problem (I, + M)z =
y, where I, is the n x n identity matrix and y := [y(#1),...,y(f,)]’. Once z is obtained,
define the continuous-time Nystrom extension [[1} p. 357]

5(0) = y(0)— ¥ wiale.)z;.
=1

When ¢ = 1;, this says that the column vector of samples of ¥ is equal to y — Mz = z;
i.e., #(#;) = z;. Hence, we may replace z; by %(¢;) in the definition of . This shows
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Ir W [ [ QWT=5 |
0 Q

0 5 10 15 20 25 30
Ir I [ [ [ 2WT=10|
. ls

0 5 10 15 20 25 30
I I [ [ [ 2WT=15|
) e,

0 5 10 15 20 25 30
Ir 2WT=25|
0 ‘ ‘ ‘ ‘ T 1

0 5 10 15 20 25 30

Figure 7.5. Eigenvalues A; corresponding to prolate spheroidal wave functions y;, for different values of
2WT =2c¢/m.
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that continuous-time Nystrom extension ¥ solves (7.27)). It can be shown that if one
considers a sequence of improving numerical integration schemes, then the solutions
of (7.27) converge to the solution of (I +A)x =y [14, Ch. 12].

Remark. The Nystrom or quadrature methods used in this section and the preced-
ing one are the easiest to implement. There are several other approaches discussed in
the references [1]], [5], [[14]], [30].

Notes

Note 7.1. The following result shows that Fourier transforms of L' time func-
tions are uniformly continuous functions of frequency.

Theorem 7.44. If [~ _|h(t)|dt < oo, then H(f) := [~ h(t)e 7*™'dt is a uni-
Sformly continuous function of f.

Proof. Write

00 =| e

_ ‘/ h(t)e 7270t [~ 727 1] gy

s/ Ih(e)| 2™ — 1] dr.
Since this last integrand is bounded by 2|A(z)|, the integral tends to zero as v — 0 by
the dominated convergence theorem [2]], [6], [20], [21]]. ]

Note 7.2. The following result is often useful in showing an integral is positive.

Theorem 7.45. Let x be a nonnegative waveform on an interval [a,b]. If there is
a point ty € |a,b] at which x is continuous and strictly positive, then | ab x(r)dt > 0.

Proof. Since x is continuous at ty, we know that for every € > 0, thereisa é >0
such that for all # € [a,b] with |t —fo| < 8, |x(¢) — x(f9)| < €. Rewrite this as

—e <x(t) —x(t) < €,

and rearrange the left-hand inequality as x(t) > x(f9) — €. Since x(tp) > 0, we can
take € = x(19) /2 to get x(¢) > x(t) /2 for all # within & of fy. We can now write

b 10+0 10+0
/ x(t)dtz/o x(t)dtZ/O )%O)dt:5x(to)>0.
a 1 1

0—0 0—0

If #p is an endpoint, the reader can modify the above inequality accordingly. |
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Note 7.3. Proof of Theorem (Sketch). The first step is to rewrite the three-
term recursion ¢y(t) = 1, @;(t) = (t —ao)@o(t) =t — aop, and

O(t) = (t —ar1) Q1 (t) = b1 i 2(t), k=2,

in terms of the orthonormal polynomials W := @ /||@||. This leads to

o[ wi(t) = (t = 1) | Qo1 [ W1 (1) = bi1 | Qo2 W2 (7).
Divide this equation by ||@_1|| and use the fact that v/b; = ||@x||/||@x_1]| to obtain

Voiwi(t) = (t — ar—1) W1 (1) — /Dro 1 Yo (t

Rearrange this as

W1 (t) = Vv (t) + a1 Wi 1 (1) + /b1 Wi (t)

If we write out this formula for k = 1,...,n, we get a system of n linear equations.
To express this in matrix-vector notation, put

W(1) = [Yo(t),., Yur ()]
Then the system of linear equations can be written as

0
() =J1,P() + O
Vba (1)

Now, if # = 1; is the ith root of ¢,, which is also the ith root of W, = @,/| @x||, then
the matrix-vector equation reduces to

t,'ly(li) = anj(li%

which says that #; is an eigenvalue of J,, with eigenvector ¥(¢;). Since by definition
eigenvectors cannot be the zero vector, we should check this condition. It can be
shown that (we omit the proof) (y/w;'¥(#;)) T (y/w:¥P(#;)) = 1. Hence, \/w; ¥(1;) is a
unit-norm eigenvector of J,. Since we are working in a real vector space, \/w; ¥(t;)
must be equal to plus or minus the ith column vector of P. Since \/w; ¥(#;) = =+ the
ith column of P, their first components must obey this relation too. Since the first
component of ¥(#;) is Wo(t;) = 1/| o], the theorem is proved. U

Remark. An easy corollary of Theorem is that

(1) =det(el — Jy). (7.28)
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The right-hand side is a polynomial of degree n with leading coefficient one and
whose roots are the eigenvalues of J,. Hence, the right-hand side is exactly (r —
t1)---(t —t,) = @,(¢). An alternative way to prove is the expand the deter-
minant along the last column of ¢I — J, to show that det(¢] — J,,) satisfies the same
three-term recurrence as @,; hence, det(t/ —J,) = @,(¢).

According to Gautschi [[7]], the fact that the roots of @, are the eigenvalues of J,
was known prior to the 1960s. The relationship of the weights to the orthonormal
eigenvectors of J,, is found in Wilf [29] Ch. 2, Ex. 9]. Gautschi also says that this fact
was known to Goertzel around 1954 and appeared in Gordon [11] in 1968. It was
Golub and Welsch [[10] who provided an efficient algorithm for solving the eigenvalue
problem for J, to obtain the eigenvalues #; and the weights w;.

Note 7.4. Here is the MATLAB script for Example[7.42]along with the associated
functions eigNystromand eigfcnNystrom.

%% Nystrom method for finding eigenvalues and eigenvectors
T =1; Functions live on [0, T]

n = 16; number of quadrature points

fprintf (' $g-pt Legendre quadrature requested on [0,1]\n’,n)
a = @(t,s)min(t,s); % kernel of operator

%% Get eigenvalues and auxiliary data

[lambda, Z,s,w] = eigNystrom(a,T,n);

%% Print eigenvalues

fprintf (Eigenvalues:\nindex eigenvalue\n’)

k = l:length(lambda); % indexes of eigenvalues to print
emat = [ k ; lambda(k).’” 1;

fprintf (%21 %13.7e\n’,emat)

%% Plot eigenvalues

subplot (2,1,1)

semilogy (k, lambda (k),’o’,’MarkerSize’, 8)

set (gca, 'FontName’,’ Times’,’'FontSize’,20)

%% Now compute and plot a few eigenfunctions

S d° oo

t = linspace(0,T,200); % range to plot eigenfunctions
k = 1:3; % indexes of eigenfunctions to be plotted
fmat = eigfcnNystrom(k,t,a,T,lambda,Z,s,w);

subplot (2,1,2)
plot (t, fmat,’LineWidth’,1.15); grid on
set (gca,’FontName’ , ' Times’,’'FontSize’, 20)

function [lambda,Z,s,w] = eigNystrom(kernel,T,n)

kernel = either a string with the name of the kernel fcn
or the handle of an anonymous kernel function.

o o° o
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[s,wW]
simat
sjmat
wmat =

r

Notes 167

functions live on [0,T].

= number of requested quadrature points.

Consider the eigenvalue problem on [0, T]

int_0"T a(t,s) x(s) ds = lambda x(t), 0 <t < T,

which is equivalent to (let s’=s/T; ds’=ds/T)

int_0"1 T a(Tt’,Ts’) y(s’) ds’ = lambda y(t’), 0 < t’ <1
where y(s’) := x(Ts’) or x(s)=y(s/T) and t’ := t/T.

Using Legendre-Gauss quadrature on [0,1],
we have the approximate problem

sum_7J w_Jj Ta(Ts_i,Ts_j) y(s_j)=lambda y(s_i), i,3=1,...,n

Let M denote the matrix with entries T a(Ts_i,Ts_3j) w_7j,
and solve M z = lambda z. Put eigenvectors (columns)
into Z and corresponding eigenvalues into lambda, sorted
largest to smallest.

legendrequadOl (n) ;
repmat (Txs, 1,n);
simat.’;

epmat (T*w,n,1);

M = feval (kernel, simat, sjmat) .xwmat;

[Z,Lambdal = eig(M);
lambda = real (diag(Lambda)); % Assume self-adjoint operator
[lambda, k] = sort (lambda,’descend’); % Sort eigenvalues
Z = 2(:,%k); % from largest to smallest; correspondingly
% rearrange eigenvectors.

o

% Normalize so that eigenfunctions will have unit energy

E2vec = wx (Z.xconj(Z));
nmat = repmat (1./sqrt (E2vec*T),n,1);
Z = Z.*xnmat;

% If necessary, multiply eigenfunctions by -1 to make them
% increasing at the origin.

factor

sign(Z(2,k)-Z(1,k));
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facmat = repmat (factor,n,1);
7 = facmat.x7;
function fmat = eigfcnNystrom(k,t,kernel,T,lambda,?Z,s,w)

k = vector of indexes of eigenfunctions that you
want to evaluate.

t = array of times at which you want to evaluate selected
eigenfunctions.
kernel = either a string with the name of the kernel fcn

or the handle of an anonymous kernel function.

H
Il

functions live on [0,T].
[lambda, Z,s,w] = eigNystrom(kernel,T,n).

Then the kth column of fmat contains the values of
the kth eigenfunction evaluated at the times in t:

o° o° o o d° o A° A O A O° A° o Jd° o o° o° o

phi_k(t_i)/lambda_k = sum_3j T w_3j a(t_1i,T s_3j) Z_{3J,k}

sizt = size(t); % Convert t to column vector
ltt = prod(sizt);

tt = reshape(t,1ltt,1);

722 = Z(:,k); % extract needed columns from Z
slen = length(s); % = num rows of ZZ

% extract corresponding eigenvalues and make matrix
lamlami = repmat (1./(lambda(k).’),1ltt,1); % for later
timat = repmat (tt,1l,slen);

sjmat = repmat (Txs.’,1ltt,1);

wmat = repmat (T*w,1ltt,1);

Mmat = feval (kernel,timat, sjmat) .*wmat;
fmat = (Mmat+ZZ) .xlamlami;
Problems
7.1. For x € C[0, 1], the formula for the uniform norm is ||x|| := maxo<,< [x(¢)].

Show that this formula satisfies the properties of a norm given in Section[6.2}

7.2. Recall the point-evaluation linear functional f defined for x € C[0,1] by
f(x) :=x(0). Show that f is not continuous when C[0, 1] is equipped with
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7.4.

7.5.

7.6.
7.7.

7.8.

Problems 169

the integral norm
1
Il = [ fx(o)] .
0
Hint: Consider the sequence f(x,), where

() = l—nt, 0<t<1/n,
W= 0, 1m<e<t.

You may find it helpful to sketch x,(¢). Show that if x(¢) := 0 for all 7 € [0, 1],
then ||x, —x|| — 0.

Let CJ0, 1] be equipped with the same integral norm as in the previous prob-
lem. For n =1,2,..., define the linear functional

/n
fuld)=n /0 e dr.

(a) For fixed n, is f,, a bounded linear functional?
(b) Define a new linear functional

f(x) = lim £, (x).

n—oo
Determine whether or not f is a bounded linear functional.

Show that the kernel of a continuous linear functional defined on a normed
vector space is closed.

Let f and g be linear functionals on an arbitrary vector space X over C.
Assume that ker g C ker f. Prove that there exists a scalar A such that f(x) =
Ag(x) for all x € X. Do not assume X is an inner product space. Hint: If
kerg # X, there exists a z € X with g(z) # 0. Now fix any x € X and consider

the vector

8w
X g(Z)Z.

If f(x) = {x,y), show that || f[| = [|y]|.

Show that every linear functional on a finite-dimensional normed vector space
is bounded. Hint: Lemma[6.41 may be helpful.

Let X denote the set of bounded sequences of real numbers. For vectors
x = (x1,x2,...) € X, define the norm

[[x[| = sup [x;] < ee.
J
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7.9.
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Define the operator A on X as follows. Fori,j=1,2,..., let a;; be nonneg-
ative, and assume that for each i, ):;-C':l a;j = 1. For x € X, define Ax by the
formula

(Ax),-:: Zaijxj, i:1,2,....
j=1

Show that A:X — X, and find [|A| := sup,_4 [|Ax]|/||x]|.

Matrix Norms, Part 1. This problem illustrates how the operator norm of
A:X — Y depends on the norms chosen for X and Y. Hint: The suggestions
in the gray box following for determining the norm of a bounded lin-
ear functional apply more generally to finding the norms of bounded linear
operators.

(a) Using the 1-norm on m- and n-dimensional space, show that the opera-
tor norm of an m X n matrix a is

lla|l = max Z|a,]\

Hint: If the above maximum is achieved by j = k, consider the value of
||eek||1, where ey is the kth standard unit vector in n-dimensional space.
To compute this norm in MATLAB, use the command norm (a, 1).

(b) Using the infinity norm on m- and n-dimensional space, show that the
operator norm of an m X n matrix a is

lafl = max Z laijl-

Hint: If the above maximum is achieved by i = k, consider the value of
|lax||-, where x; = @ /|ay|, provided the denominator is nonzero; if it
is, then x; can be arbitrary, but take x; = 1 to maintain ||x|[. = 1. To
compute this norm in MATLAB, use the command norm (a, inf).

(c) Using the infinity norm on m-dimensional space and the 1-norm on n-
dimensional space, show that

lalf = _ max _ |ai-
<i<m,1<j<n

The command max (max (abs (a))) computes this norm in MAT-
LAB.
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7.10. Matrix Norms, Part 2. Let a be an m x n matrix. If x is an n-dimensional

7.11.

vector, show that
2 2 2
ol < (33 ool ) el
i=1j
where || - || denotes the usual Euclidean 2-norm on m-dimensional and n-di-
mensional space as appropriate.

Remark. By identifying m x n matices with column vectors of length mn, it

is clear that
Mh(ZZMJ)

i=1j

defines on norm on the space of m x n matrices. This norm is called the
Frobenius norm. Alternatively, since ||a||p = \/tr(aa"), it is clear that the
Frobenius norm is induced by the usual inner product on m x n matrices,
{a,b) := tr(ab"'). To compute the Frobenius norm in MATLAB, use the com-
mand norm (a, ' fro’ ). Note also that since ||ax|| < ||a||¢ ||x||, the operator
norm

[l ax]]

laf| := sup T—=F < la][F-
x£0 [l

As we know from the SVD, the left-hand side is the largest singular value
of a. To compute this norm in MATLAB, use the command norm (a) or
norm(a, 2).

Let ¢% denote the Hilbert space of square summable sequences of complex
numbers. For x = (x1,x,...) and y = (y1,y2,...) € £2,

(ry) =Y wdk, and |af® = (xx) = Y [ul.

k=1 k=1

Define a mapping A: (> — (2 by Ax := (x1,x2/2,x3/3,...). In other words,
(Ax)k = xk/k.

(a) Prove that A is a bounded operator, and find ||A]|.

(b) Fory €rangeA, define By := (y1,2y2,3y3,...);1.e., (By)r = kyx. Clearly,
B(Ax) = x for all x € /2. Hence, B:range A — (2. Show that B is an un-
bounded operator.

(c) Show that B does not have an adjoint. Hint: Suppose otherwise that for
all x € £2, there exists a unique vector B*x € range A with

(By,x) = (y,B*x), forally € rangeA.
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7.12.
7.13.

7.14.

7.15.

7.16.

717.

7 Diagonalization and the SVD

If y(”) converges, then so does <y<”) ,B*x). However, you can construct a
sequence y e rangeA that converges to zero and for which (By(") ,X)
diverges for a particular choice of x € £2.

If f is a bounded linear functional on a Hilbert space, find the adjoint of f.

Show that if W is a subspace of a Hilbert space X, then (W)L = W. Hint:
By the Projection Theorem for Hilbert Space, X = W & (W)*, and so by
Problem we have [(W)*]+ = W. Now show that (W)* =W+,

Let f # 0 be a bounded linear functional on a Hilbert space X. Prove that
dim(ker f)* = 1.

Let A:X — Y, and assume A* exists.

(a) If A is onto, show that A* is nonsingular.

(b) If X is a Hilbert space, A is nonsingular, and rangeA* is closed, show
that A* is onto.

Let A:X — Y, where dimX < oo, If A is nonsingular, show that A* is onto.
Hint: Rather than modify your solution of the preceding problem (which can
be done), it is more instructive to solve A*y = x explicitly for arbitrary x as
follows. First argue that A*A is invertible. Then observe that y = A(A*A)~!x
solves the equation.

A mapping between metric spaces that preserves distance is called an isom-
etry. Hence, a mapping between normed vector spaces that preserves norms
is an isometry. Let X and Y be inner-product spaces, and assume A: X — Y
has an adjoint. Then by Problem[d.T1] A is an isometry if and only if A*A = I.
The operator A is called unitary if A*A = and AA* = I.

(a) Show that A is unitary if and only if A is an isometry and A is onto.
(b) Show that A is unitary if and only if A* = A~
(c) Let X denote the space of all finite-energy time functions, and let Y

denote the space of all finite-energy frequency functions. Using the
formulas

o= [

—o0

oo

x(t)e_jznﬂdt and (A_IX)(I) — /Oo X(f)ejantdf

show that the Fourier transform A is a unitary operator; i.e., show that
AT =A"1

(d) Let A be the matrix of the Remark in Problem [4.4] Show that A is an
isometry, but A is not unitary.
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Let X be a real or complex inner-product space, and let A: X — X be a linear
operator whose adjoint A* exists. If A*A =1 and A is an eigenvalue of A,
determine whether or not [A| < 1.

Suppose x € L*[a,b]. By Holder’s inequality, x € L![a,b], and by Theo-
rem in the Notes, X (f) is continuous. However, because x € L%[a, b],
here is an alternative proof of the continuity of X(f). The proof of Theo-
remused the inequality |¢/® — 1| < 2. Instead, use the inequality

. I
e191‘j9/ 9 qz| < |6
0

and apply Holder’s inequality.
Suppose X (f) = [ x(t)e~ 12/ dt for some x € L'[a, b]. Show that if X (f) =

a
0 on an interval, say (fo — 0, fo+ 0), then X(f) =0 for all f. Hint: The
assumptions on X imply all its derivatives at fy are zero; i.e., X (®) (fo) =0 for

k=0,1,.... In the definition of X (f), make the substitution

e I2EIT _ p=i2Rfot p— 2R (f—fo)t

and then expand the second factor on the right using the power series e* =
Yo /kL.

Remark. An obvious consequence of this problem is that if a time-limited
waveform is bandlimited, then its transform is identically zero, and therefore
the waveform itself is zero. The dual result is that if a bandlimited waveform
is time limited, then it is the zero waveform. Putting this all together shows
that the only finite-energy waveform that is both time limited and bandlimited
is the zero waveform.

Let X be a Hilbert space, and let W be a closed subspace. For x € X, let Px
denote the projection of x onto W. We can regard P as a mapping from X into
X. Show that P is self adjoint.

Let X denote the set of infinitely differentiable functions on IR, and for x €
X, let D:X — X be the derivative operator defined by (Dx)(¢) := x(¢), the
ordinary derivative of x. Show that every real number A is an eigenvalue of
D, and find the corresponding eigenfunction.

Let X denote the set of all finite-energy waveforms on [—, 7], and consider
the operator A: X — X defined by
T

A0 () = | h(t—1)x(t)dr,

-7
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7.24.

7.25.

7.26.

7.27.
7.28.

7.29.

7 Diagonalization and the SVD

where £ is a 27-periodic function whose energy over one period is finite. Find
the eigenvalues and eigenvectors of this operator, and find the representation
analogous to (7.3).

Let X denote the set of all bounded functions on (—oo,0), and consider the
operator A: X — X defined by

(Ax)() = /_ Zh(z —0)x(1)dr,

where i € L'(IR). Find an i € L'(IR) such that A has a continuum of eigen-
values, and for these eigenvalues, find corresponding eigenfunctions.

Show that the convolution operators of Theorems[7.9]and are self adjoint
if H is real. Show they are positive semidefinite if H is nonnegative.

Consider the convolution operator of Theorem

(a) Show that if H is real valued, then the operator is self adjoint.

(b) Give an example for which no eigenvalues exist.

(c) Give an example for which the only nonzero eigenvalue is one and such
that the norm of the operator is greater than one.

(d) Give an example for which there is a positive eigenvalue with infinitely
many orthogonal eigenfunctions.

Prove Proposition [7.25]

Let X be a real or complex inner-product space, and let A:X — X be a self-
adjoint linear operator. Suppose A has eigenvalues A, ;, ... with the prop-
erty that A, — oo. Determine whether or not A is a bounded operator.

On finite-energy functions on [0, 7], consider the operator A defined by
T
(Ax)(1) := / min(t, 1)x(t)dr, 0<t<T,
0

where min(¢, T) denotes the smaller of 7 and 7; i.e.,

. { T, T<t,
min(z, 7) :=
t, T>t.
Show that A is positive semidefinite. Hints: Evaluate (Ax,x) using integration
by parts; it is convenient to put u(r) := (Ax)(r) and v(r) := — [ x(8)d®.

Clearly, v/ (¢) = x(¢), while expanding
t T
u(t) = / Tx(t)dT 41 / x(t)de
0 t
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implies

W () = /rTx(‘L') 4t = —v(1).

Find the eigenvalues and eigenfunctions of the operator A of the preceding
problem. Hints:

(i) By Problem|[7.29] A is positive semidefinite, and so any of its eigenval-
ues must be nonnegative.

(ii) Show that (A@)(¢) = A@(¢) expands to

t T
/OT(p(T)dT+t/t o(1)dt=2L0(1). (7.29)

(iii) Differentiate (7.29) with respect to 7.

(iv) Differentiate your result in and obtain a differential equation for
¢. Use to solve for ¢(0). Use your result in (iif) to solve for
¢(T). Now solve the differential equation for ¢. What values of A are
permissible? Find all solutions A,, and @,.

Levy-Desplanques Theorem. A square matrix A with entries a;; is diago-
nally dominant if for each row i, |a;;| > ¥j4; |a;j|. If the inequality is strict,
then A is strictly diagonally dominant. Show that a strictly diagonally dom-
inant matrix is nonsingular. Hints: Suppose Ax = 0 for some vector x. For
this x, we must have for some i that |x;| > |x;| for all j. The ith row of Ax=10
says that 0 = ¥ a;;x;. The inequality |u+v[ > |u| — |v| may be helpful.

Gershgorin Circle Theorem. Show that if a square matrix B has an eigen-
value A, then for some i,

A —biil <Y |bijl.
J#i

In other words, A lies in the Gershgorin disc centered at b; and having
radius Y ; |b;j|. The usefulness of the theorem is that it gives bounds on the
locations of eigenvalues in the complex plane. Hint: If Bx = Ax for some
nonzero x, then A := (Al — B) is singular and therefore cannot be strictly
diagonally dominant.

Let A:X — Y be a compact operator, and suppose that z, is a bounded se-
quence of nonzero vectors. Prove that there exists a sub-subsequence z,_
and a point w € Y such that Az,, — wasi— oo,
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7.34.

7.35.

7.36.

7.37.

7.38.

7.39.

7.40.

7.41.

7 Diagonalization and the SVD

Show that A is a compact operator if and only if the closure of the image of
the unit sphere, {Ax : ||x|| = 1}, is a sequentially compact set in Y.

Let X be an infinite-dimensional inner product space. Show that the identity
operator is not compact.

Show that if W is a closed, infinite-dimensional subspace of a Hilbert space,
and P is the projection operator onto W, then P is not compact.

In each of the following parts, assume the operators are defined on appropri-
ate normed vector spaces.

(a) Show that a compact linear operator is bounded.

(b) Show that a bounded linear operator of finite rank (finite-dimensional
range) is compact. Hint: Problem[6.43]

(c) If A is compact and B is bounded, show that BA is compact.

(d) Show that if A and B are compact, then A + B is also compact.

(e) If A is compact and B is bounded, show that AB is compact. Hint:
Problem[7.33]

If A:X — X, then A"x := A(A"'x), where A'x := Ax. In other words, A%x =
A(Ax), A’x = A(A(Ax)), and so on. Assume X is a Hilbert space and that
A # 0 is a compact, self-adjoint linear operator. If the largest-magnitude
eigenvalue of A has magnitude less than one, determine whether or not A”x —
0 holds for all x € X.

Let (X,{-,-)) and (Y,(-,-)) be inner-product spaces. Let A:X — Y, and as-
sume A*:Y — X exists. If A > 0, show that A is an eigenvalue of A*A < A4
is an eigenvalue of AA™.

Let A be a compact, self-adjoint operator with eigenpairs (4, ¢,). Determine
how (7.8)) changes if we try to solve (c¢/ +A)x =y for some nonzero constant
c¢. Specify all nonzero values of ¢ for which this can be done.

In Example [7.33| we defined the square root of a compact, self-adjoint, posi-
tive-semidefinite, linear operator A. In this problem, we find the square root
of R:=1+A. Let A have eigenpairs (A, @) from the Spectral Theorem.
Assume A; > —1 for all k, and put

=

Mx .= Z vV 1+ (X, o) @

k=1

Let P denote the projection onto kerA. Show that

R/?:=pP+M
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is self adjoint and satisfies R'/2(R'/2x) = Rx.

7.42. Suppose A is as in the SVD and suppose that Y = X and that A is self adjoint.
Then we can also apply the Spectral Theorem to A. How are the eigenvalues
of A related to the eigenvalues of A*A = A2? It is easy to see that if (A, @)
is an eigenpair of A, then (A2, @) is an eigenpair of A*A = A%, Show that
if (A%, x) is an eigenpair of A*A = A%, where A has the representation of the
Spectral Theorem, then there is at least one value of k such that A= lkz.

7.43. Let X and Y be inner product spaces. Let A : X — Y be a bounded linear
operator. Assume that A* : Y — X exists.

(a) Show that if xg and yg are unit vectors in X and Y, respectively, such
that Axo = ||A||yo, then A*Axg = ||A||?x0. Hint: Show that [|A*Axo —
[A[Px0]|* < 0.

Remark. 1t is easy to show that

e If xp is a unit vector in X such that A*Axo = ||A||>xo and if yg :=
Axo/||All, then AA*yo = [|A]]*yo.
e If yg is a unit vector in ¥ such that AA*yy = ||A||?yo and if xq :=
A*yo/||A]|, then A*Axy = ||A[|*xo.

(b) Assume A is nonsingular. Show that zero cannot be an eigenvalue of
A*A.

(c) Now take X = C". Assume that A is nonsingular. Recalling the deriva-
tion of the singular-value decomposition of A, we find that

Ax =Y (X, 0) Vi
k=1

and

ATAx = Z Akz<x7 (Pk>(Pk-
k=1

(i) Show that

A’i_2<zv (Pi>(Pi7 F S c".

-

Il
-

(4"A)"(z) =

Hint: You may use the fact that {¢@y,...,¢,} is an orthonormal
basis for C".
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(i) Let M denote the range of A. Then M is finite-dimensional, and
therefore a closed subspace of Y. As shown in Theorem the
projection operator for M is given by A(A*A)~'A*. Show that

n

AATA) Ay =Y (i) vk
=1

where Y := lk_lA(pk.

7.44. Show that ||x4||*> is a continuous function of @ > 0. Hint: The fact that
[|xe, — X]|> — 0 may be helpful in proving ||x||? is continuous at & = 0.

7.45. MATLAB. Consider the equation Ax = y, where

12 2
A_{ZS} and y—[l}.
(a) Since A is invertible, use the command A\y to find the solution. What

is your solution, and what is the norm of your solution?

(b) With a = 0.005, find the regularized solution and its norm.

12
A= [ )2 ] |
With y as before, compare the solutions using (i) A\y, (i) the regular-

ized solutions with & = 0.1, ¢ = 0.01, and o = 0.001, (iii) the solution
using pinv (&) *y.

(c) Now suppose

7.46. MATLAB. In the text we discussed how to approximate fol x(t)dt. Use the

following script to compute y(s) := [, cos(wts)dr numerically with 9-point
Legendre-Gauss quadrature and plot y(s) for 200 equally-spaced values of
s € [0, 10]. For comparison, the exact value of the integral is sin(7s)/(7s) =
sinc(s). The M-file legendrequad01 was given in Example

oe

[t,w] = legendrequad01l(9);

s = linspace(0,10,200);
yapprox = wxCoOs (pixtxs);
yexact = sinc(s);

plot (s, yexact, s, yapprox,’ —=")

9-pt quadrature
200 values of s
approx. integral
exact integral

o oo

oe

7.47. MATLAB. Modify the script of the preceding problem to handle the function

y(s) = fo] cos(ts +s+1)dr using 4-point Legendre-Gauss quadrature. Hint:
In the preceding problem, t is a column vector and s is a row vector. Hence,
t s is a matrix with i j entry #;5;. In this problem we need a matrix t smat
whose i j entry is #; +s;. This can be created with the statements
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tmat = repmat (t,1l,length(s));
repmat (s, length(t),1);
tsmat = tmat + smat;

smat

MATLAB. The weight function w(t) = e~ for r > 0 leads to the Laguerre
polynomials and Laguerre-Gauss quadrature, that is, approximation of
integrals of the form [, x(t)e " dt. Here is a MATLAB function to generate
the nodes and weights to approximate such an integral.

function [t,w] = laguerrequad(n)

o

o

Generate nodes and weights for
Laguerre—-Gauss quadrature.
Note that t is a column vector

o° o

o

and w is a row vector.

oe

a = 2%x[0:n-1]+1; % diagonal of J

u = [1l:n-1]; % upper diagonal of J

[P, Lambda] = eig(diag(u,l)+diag(a)+diag(u,-1));
[t,1i] = sort(diag(Lambda));

Ptop = P(1,:);

Ptop = Ptop(i);

w = Ptop."2;

Use Laguerre—Gauss quadrature to approximate and plot the function y(s) :=
Jo cos(ts)e" dt for 200 values of s € [0,6]. What value of n did you need to
give a satisfactory plot?

Modify the function legendrequad01 in Example to produce the
nodes and weights for Legendre—Gauss quadrature on [—1,1]. You may use
the fact that Legendre polynomials on [—1, 1] are generated by the three-term
recursion with a; = 0, by = 2, and by = 1/(4 —k~2). Call your new function
legendrequad.

Orthonormality of the Prolate Spheroidal Wave Functions. Show that the
prolate spheroidal wave functions y; € L?(IR) defined in Example are
satisfy (W, W;) = &;. Hint: I, regard ¢ (7) as being zero for | 7| > 1.
With h(r) := WT sinc(WTr), (7.26) says that W, = (h* @)/ A. Since h is the
impulse response of the ideal lowpass filter with bandwidth WT /2, the y; are
bandlimited, which implies /% y; = y;. Use the fact that (@, @;) = A;0;.
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CHAPTER 8
Applications

8.1. Finite-Duration Pulses of Maximum In-Band Energy

In many communication systems, we need waveformsf that are both time limited
and bandlimited. Unfortunately, Problem implies that the zero function is the
only finite-energy waveform that is both strictly time limited and strictly bandlim-
ited. Therefore, we try to find strictly time-limited waveforms that are approximately
bandlimited. For convenience, we take the time interval to be [T /2,7 /2], and we
take the frequency band to be [-W, W].

In order to set up the problem mathematically, we need a few preliminary obser-
vations. For any finite-energy waveform x € L?(IR), let X denote its Fourier trans-
form. By Parseval’s equation, the total energy in the waveform satisfies

= [ oPdr= [ x(Pas = xR

The in-band energy is

w
[, xrar.
w

If we let H denote the transfer function of the ideal lowpass filter

(L fl<w,
H(f) '—{o, > W,

then the in-band energy is

w 00 oo
[ x(Par= [ HPX(DPar= [ HEXXf = (HX.X).
—-W —oo —o0

Since the inverse Fourier transform of H is h(r) = 2W sinc(2Wt), we have by Par-
seval’s equation that the in-band energy is (HX,X) = (hx,x), where the x denotes
convolution.

If we define the operator A: L?[~T/2,T /2] — L*|~T/2,T /2] by

T2
(Ax)(1) = /_ =TT ST/ @®.1)

180
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then for any x € L?>(IR) that satisfies x(¢) = 0 for |t| > T /2, we can write its in-band
energy as

/2

(h*x7x>:[i(h*x)(t)mdt:/ (hx)(£) X(0) di = (Ax,x),

)

where the inner product on the left is on L?(IR), and the inner product on the right is
on L?[-T/2,T/2]. Since A is a compact, self-adjoint, positive-definite linear opera-
tor, it has a complete orthonormal set of eigenfunctions {f};>, and corresponding
positive eigenvalues A; \, 0, and we have the representationﬂ

Ax= Zlk (X, Bre) B

Hence, the in-band energy is

(Ax,x) Z/lk +Bi) (B x) Z)»k|

Since the A; are nonincreasing,

{Ax,x) < Z|< B = 2ollxI1?,

where the last step follows because the f; form a complete orthonormal set for
L*[—T/2,T/2]. Furthermore, the above inequality holds with equality if x is propor-
tional to fBy. Thus, waveforms proportional to the eigenfunction 3y have the greatest
poiﬂsible fraction of their energy confined to the passband [—W,W]. That fraction is
Ao

To determine the eigenfunctions and eigenvalues of the operator A in (8.I)), con-
sider the eigenvalue problem

2
/ T//2 QW sinc(2W |1 — ))x(v)d = Ax(t), || <T/2. 8.2)
-T

Make the change of variable 6 = 2t/T, d0 =2dt/T to get

/;11 WT sinc(2W[r — T6/2))x(T9/2)d6 = Ax(r), |t <T/2.

“ Recall Theoremm Problem _ and the Spectral Theorem.
b We note that Ay < 1. This can be seen as follows. The ideal lowpass filter is a projection; hence,
for x € L*>(IR), ||k *x|| < ||x|| by (3.8), with equality if and only if x is bandlimited. Also, for x with
x(1) =0for [t| > T/2, [|Ax] ;2 /2,12 < 74 x]| 2wy < ||| implies all eigenvalues of A satisfy |/lk| <l
Furthermore, since a nonzero, time-limited x cannot be bandlimited (by the remark in Problem[7.20), we
must have ||Ax[| 2(_7 /5 7/2) < [l *x]2(gy < [[x]|. Hence, the eigenvalues of A are strictly less than one.
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Now make the identification 7 = T's /2 to get
/7 11 WT sinc(WT[s — 0])x(T6/2)d0 = Ax(Ts/2), |s| <1.
If we put @(0) :=x(T0/2), then our equation becomes
/11 WT sinc(WT[s— 0])9(0)d0 = Ag(s), |s| <1.

From Example[7.43] we know that the solutions ¢y of this equation are the restrictions
o [—1, 1] of the prolate spheroidal wave functions . Henceﬂ

Vi(2t/T) /N s 1] < T/2
8.1.1. A2WT Theorem
We saw above that the in-band energy of a time-limited signal X is
(h*x,x) = (Ax,x) Z Akl (x
Now recall from Figure[7.5in Example that for k sufficiently less than 2W T, the
Ay are approximately 1, and for k sufficiently larger than 2WT, the A; are very close

to zero. Hence, with n sufficiently less than 2WT, and x € span{fy,...,B,—1}, the
in-band energy is

n—1
Y Al (6 B P =Y, Al (v B Z |(x = [l
k k=0

In other words, for these signals, essentially all of the energy lies in-band. More
precisely,

ZM B = A 1Z| = At |11,

and so the ratio of the in-band energy to the total energy satisfies

n—1

Y Al(x, Be)

= >
Xz ="

For example, if 2WT = 10 and we take n =9, then 4,_; = Ag = 0.93. In other words,
signals in the 9-dimensional subspace span{fy,...,Bs} have 93% of their energy in
the passband.

¢ Recall from Example that || @ ||?> = Ar, and we require || B¢|| = 1.
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8.2. Matched Filters for Known Signals

In radar systems, a known pulse v is transmitted, reflected by an object, and
returned to a receiver in the presence of additive noise z. In an attempt to enhance the
signal and attenuate the noise, the receiver applies the measurement waveform v+ z
to a filter; i.e., a linear, time-invariant system with impulse response 4. The filter

response to v is
- / h(t — t)v(z) dx,

2,(t) == /h(t—f

We assume z is a zero-mean, random noise waveform with known correlation
function

and the response to z is

r(t,12) == E[z(11)z(r2) ].

The correlation function of z, is easily shown to be

Elzo(11)2 (0 /htlft [/ (t,0)h(tr — 7)dt | di.

Our goal is to design the system defined by /4 so as to maximize the output signal-
to-noise ratio at time g
[vo(to) |2

Ellzo(10) P

To analyze this expression, it is convenient to introduce the following notation.
Put

SNR =

§(1) :=h(to—1)

so that v, (f9) = (v,&). Since r(tz,11) = r(t1,12),

(Rx)(1) := / (1, 7)x(7) d,
is a self-adjoint linear operator. Then

Ellz(0) %] = (RE.£).

4 More precisely, we seek to maximize the ratio of the instantaneous output signal power at time # to
the expected instantaneous noise power at time 7.
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Under suitable assumptions (cf. Problem , RY/ 2 R7! and R~1/2 exist. Hence,

ar  [OP _[RPRIPLEPR R RE)P
TREE) T RVPRPEE) | (RIPER)

[(R72v,R'2E)

IRY/2E] 2
IR 2v]* IRV 2E|
- IR2E ]
=[R2,

where the inequality holds by the Cauchy—Schwarz inequality. This upper bound
does not depend on &, which we are trying to optimize. Furthermore, equality holds
if R~1/2y = ARY/2& for any complex scalar A. Taking A = 1 for convenience, we
should choose & = R~!v. More explicitly, for fixed ¢, we should take A(fg — - ) as the
complex conjugate of the solution of

/r(t,c)g(r) dt = (1)

for the given waveform v. Since &, and therefore h(fp — - ) depend on v, we say that
h(ty —-) is “matched” to the signal v.

Example 8.1. 1f the noise is wide-sense stationary; i.e., r(¢,7) = ¢(t — 1) for
some function c. If all signals live on (—oo,00), then the above integral equation says
cx& =v. In terms of Fourier transforms, C(f)E(f) =V (f) or E(f) = V(f)/C(f).
If z is white noise, then C(f) = o2 is a positive constant, and so & (7) = v(7)/0?, and
then

h(ty — 1) = v(1)/0>.

Since T can be any real number, put T =g — to get h(t) = v(tg —t)/ .

8.3. Matched Filters for Random Signals

In a multipath radio channel, the receiver input is again of the form v+ z, but this
time both v and z are random. Let z be as in the preceding section. We assume that v
is zero mean and has known correlation function

k(l‘l,lz) = E[V(ll)v(tz) }
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As before, we propose to pass the input though a linear, time-invariant system. How-
ever, to design the linear system, we use the signal-to-noise ratio

E[[vo(t0)|]
El|zo(t0)[*]
Notice that this definition differs from the previous one by that addition of the expec-

tation in the numerator.
Setting

SNR :=

(Kx)(1) = / k(t, 7)x(t) dx,
it follows from the analysis in the preceding section that, with & as defined there

(KE.8) _ (KER'PRV?E)  (RT'PKER'ZE)

SNR = = —
REE)~  [RPE] IRI2ER
B <(R_1/2KR_1/2)R1/2§7R1/2§>
IRIZER
R1/2§ R1/2§
_ ((r12kR12 , >
<( VTREN TRE]

< ||[R"'?KR™2||, by Lemma[7.27

This upper bound does not depend on &, which we are trying to optimize. Assum-
ing R™'2KR~'/2 is compact, the Spectral Theorem implies that the upper bound is
achieved if R'/2¢ /||R'/2&|| is a unit-norm eigenvector corresponding to the largest
eigenvalue of the R~1/2KR~1/2.

If K is compact and R 12 g bounded, then Problem can be used to show
that R~'/2KR~1/2 is compact. If (A, @) is the desired eigenpair, then it remains to
solve R'/2& = po for any scalar . If z is white noise so that r(z,7) = 628(r — 1),
then & = u@/o. In other words, we need the first eigenpair of the operator K.

8.4. Alternative Inner Products

Suppose that Q is a self-adjoint, positive-definite linear operator on an inner-
product space X. For xj,x € X, put (x1,x2)0 := (Qx1,x2). It is easy to check that
(-, ) satisfies the properties of an inner product. Hence, we also have a correspond-

ing Q-norm, ||x||p == <x,x>1Q/2 = (Ox,x)'/2.

“The SNR analysis in this paragraph was suggested by B. N. Bhaskar.
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Example 8.2. Recall that the equation of an ellipse is x> /a®> +y?/b*> = 1. This
can be rewritten in matrix-vector form as

1

0 1/* ||y

If we denote the above 2 x 2 positive-definite matrix by Q, and we let (-, -) denote the
standard inner product on IR?, then this equation can also be written as

Wi =

It follows that under this Q-norm on IR?, balls are ellipse shaped.

Example 8.3. Recall that the definition of projection of a point onto a set depends
on the norm being used to measure the distance from the point to the set. Consider
the ellipse-shaped ball,

Go = {x: [lxllo <1}.

Now fix a point y ¢ Gg. If we measure the distance from y to G¢ using the Q-norm,
then the projection of y onto Gy is easily seen to be y/||y||o. However, if we measure
the distance from y to Gy using the original norm corresponding to (-,-), then the
projection can be found in a manner similar to Example [5.20]

Let A be a linear operator mapping X into another inner-product space Y. Recall-
ing that the adjoint depends on the inner product, let A denote the adjoint of A when
the Q-inner product is used on X. In other words, A should satisfy

<Ax7y> = <X,A~y>Q,

where the inner product on the left is the inner product on Y. It is easy to show that
A = Q7 'A*; it is convenient to assume X is finite dimensional to guarantee that A*
and 0! exist.

To generalize the foregoing, let R be a self-adjoint, positive-definite linear oper-
ator on Y, and define a new inner product on Y by (y1,y2)g := (Ry1,y2). Now let A
solve

<Ax>y>R = <X7Ay>Q'

It is easy to check that A = Q~!A*R.

Let A be a nonsingular linear operator from a finite-dimensional inner-product
space X into an inner-product space Y. By Theorem the projection operator
onto the range of A is given by A(A*A)~'A*. Now suppose that we measure distance
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in Y with the R-norm. If we also use the Q-inner product on X, the projection operator
is
A(AA)'A = A(A*RA)'A*R,

which does not depend on Q.

8.4.1. Inner Products of Matrices

If X and Y are matrices of the same size, then the standard inner product of X and

Yis

(X,v) :=t(xy"),
where tr denotes the trace. Recall that if S is a square matrix, then tr(S) :=Y;S;; is
the sum if its diagonal elements. An important property of the trace is that if A and B
are such that AB is defined, then tr(AB) = tr(BA).

Now suppose that Q is a square matrix satisfying Q" = Q. Then (QX,Y) =
tr(QXYH) = tr(X (QY)") = (X,QY). Hence, the mapping X — QX is self adjoint
with respect to the standard inner product on matrices. If we also have x"Qx > 0 for
all nonzero column vectors x, then we can show that (QX,X) = tr(QXX") > 0 for all
nonzero matrices X. To see this, let X}, denote the kth column of X. Then for m x n
matrices X, if Q is m x m, we have tr(QXX") = tr(X"QX), which is equal to

XH
! xt'ox, --- x'ox,

tr . OXi|--|Xu] [ =tr e =
xtox, --- xHox, =

n

H

Xy

It can similarly be shown that if Q is n X n, then (XQ,X) > 0 for all nonzero
matrices X.

Consider a mapping A: C"*" — CP*4 of the form AX := FXG for suitably sized
matrices F' and G. Since

(AX,Y) = ue(FXGY™) = u(XGYHF) = w(X[F"YGH)),

it is easy to show that that A*Y = FHYG" with respect to the standard matrix inner
products. However, if Q = Q" and x"Qx > 0 for all nonzero column vectors x, then
with respect to the Q-inner product on C"*", (X1,X2)0 := (X10,X1) = tr(X; 0X}'),
it is easy to show that

A*Z =FHzG"o~ 1.

Now, given a matrix ¥, consider the problem of finding the minimum Q-norm solu-
tion of FXG = Y. With our definition of A, we know from Theorem [#.20] that the
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optimal solution is X = A*Z, where Z solves AA*Z = Y;. So, we must solve
F(FRzGHo "G =Y.
Assuming F™ and G are nonsingular, we have (cf. Theorems [4.12(d) and [4.7)
z=(FF") 'vy(GMo '),
and then
X =A*Z=FYFFY yy(G"o~'6)"'GHo .
8.5. Hermite Functions

We show that the Hermite functions, defined below, are eigenfunctions of the
Fourier transform. Consider the function so-called “generating function,”

g(t,2) 1= ¥ = 17 = (1 —2),

where w(%f = e=% Let us regard g as a function of z and expand g in a Taylor

series; i.e.
z=0 >

Note that (d/dz)w(t —z) = —w'(t — ), and in general, the nth partial derivative with
respect to z is (—1)"w(") (¢ — z). It now follows that

=

n an
gty =Y = (azf

nl
= n!

J"g

S| = (= 1) W (1),

z=0

Using the definition of w yields the more common presentation of this expression as

J"g
7"

da’ _o»
—(—1)" R
7z=0 ( )e dtne

It is easy to see that this formula is a polynomial in 7. Just observe that if p(¢) is a
polynomial in 7, then (d/dt)[p(t)e”z] has the form g(t)e™"" where q(t) is another
polynomial in ¢. For this reason,

n al‘ —?

H,(t) :=(=1)"¢ P

TIf z is regarded as a complex variable, then it is easy to see that g(#,z) is an entire function of z and
therefore the Taylor expansion exists and is valid for all complex z [3].
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is called the nth Hermite polynomial. With this notation,
o 2
g(t,2) = Y Ha(t) .
n=0 :
We now define the Hermite functions?]
H(t) = e 2 H, (1),

. . . . 2 .
For fixed z, consider the Fourier transform of the time function ¢~*/? g(t,2). ert

© 2, . B © 2 [ 7.
[Lrataeia= [P moT]ema

=) Z—‘ “CR2H,(1)e T di
=l
Zn 00
= Z = | Halt)e 1O gy
! )
o
= Z E ,1(60),
n=0"""

where jg’; is the Fourier transform of #,. On the other hand, by direct calculationﬂ
/w e_t2/2g(l,z)e_jw dt — /m o 1212222 p—jor gy
_ & / T 2022 ot gy
= .;—/w<2z) e/

20— =(=i2 .\ o o=@ /2
= g(0,—jz) - Vame @2

Hy(0)V2me @'/

= n!
= Y S Van o).
n=0""

Comparing the two expansions, we see that

H(0) = (=)' V215 (@).

¢ Many authors use the phrase “Hermite functions” to refer to the Hermite polynomials, so it is impor-
tant to pay careful attention to terminology.

h The interchange of integral and infinite sum can be justified 17, p. 64].

i Recall that the Fourier transform of e /2 is v/27re~®"/2, and the transform of x(r — 8) is X (w)e /@9,
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If we let #:L*(IR) — L?(IR) denote the Fourier transform, then the above equation
says

F Ay = (~ )"V 27 A

Thus, the Hermite functions are eigenfunctions of the Fourier transform operator
regarded as a mapping from L?(IR) to L?(IR). The eigenvalue of the nth eigenfunc-
tion is (—j)"v/27m. The eigenvalues change slightly if a different definition of the
transform is used; e.g., if j is replaced by —j or o is replaced by 2z f. In any case,
the eigenvalues have constant absolute value and do not decay to zero. Hence, the
Fourier transform is not a compact operator.

It remains to show that the Hermite functions are orthogonal. Since

2

[ A= [ H@HL 0 dr,

the result will follow if we can show that the Hermite polynomials are orthogonal

with respect to the weight function w(z) = e~"*. However, this fact is well known
(17, [p. 63].

Problems

8.1. Discuss how you would formulate and try to solve the discrete-time version
of the problem in Section[8.1]

8.2. Under the assumptions of Section show that (x1,x2)¢ satisfies the prop-
erties of an inner product.

8.3. In a normed vector space, let B:= {x: ||x|| < 1}. For y ¢ B, show that no
point in B is closer to y than y/||y||.

8.4. Derive the formula A = Q~!A*R given in Section

8.5. Let A be nonsingular, and let R be self adjoint and positive definite. Show
that A*RA is nonsingular.

8.6. Let X be a Hilbert space, and let Q: X — X be an invertible linear operator.
Let W be a closed subspace of X, and put V := Q(W) := {Qw : w € W}.
Show that if Q’1 is bounded, then V is closed.

8.7. If G is nonsingular and S is self adjoint and positive definite, show that G*SG
is positive definite.
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Problems 191

8.8. Establish the three-term recursion for the Hermite polynomials,
Hyi1 () = 2tHy, (1) —2mHp—1(t), m=0,1,2,...,
where it is understood that H_;(t) = 0. Hint: Observe that
7 e(t.2) = (21— 22)g(0.9
azg »2) = 2)8\1,2).
On the right-hand side substitute the power series for g and do a little alge-
bra. On the left-hand side differentiate the power series for g term by term.

Changing the index of summation and equating coefficients of like powers of
z yields the recursion.
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APPENDIX A
How Proofs Work

We introduce basic concepts of logic and how they are applied to proofs. In the
first section, we present the sentential calculus, which involves implication (=, con-
ditional), negation (—), conjunction (A, logical and), and disjunction (V, inclusive
or). In the second section, we present the quantifier calculus, which involves the no-
tions of “for all” (V) and “there exists” (3). In the concluding section, we illustrate
the apparatus we have developed with applications in mathematics.

A.1. Sentential Calculus

A.1.1. Basic Notation

To see logical structure more clearly, it is convenient to use symbolic notation for
sentences. For example, let

P :=Bob studies and Q := Bob does well on the exam.

Then we read
P=0

as, “If Bob studies, then Bob does well on the exam.”
To negate the sentence P, we write — P. For example, if we let

P := Betty brings a second pen and Q := Betty runs out of ink,

then we read
P= =0

as, “If Betty brings a second pen, then it is not the case that Betty runs out of ink.”
More informally, we would say, “If Betty brings a second pen, then Betty does not
run out of ink.”

A.1.2. Basic Inference Rules and Methods of Proof

Suppose we believe the statement, “If Bob studies, then Bob does well on the
exam.” Suppose also that we believe, “Bob studies.” Then we must also believe,
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A.1 Sentential Calculus 193

ER)

“Bob does well on the exam.” This general rule of inference is known as modus
ponens (MP). We express it symbolically af’|

P=0
P

0

Another rule of inference is double negation

~(=P)
P

An important technique for establishing many results is proof by contradiction.
In this technique, if you want to prove P, you begin by assuming —=P. Then you
carry out a sequence of steps in which at some point you obtain a statement Q and at
another point you obtain = Q. Then the proof of P is complete.

Example A.1. We can use the foregoing ideas to establish the derived inference
rule modus tollens, which says

P =0
-0
-P
Solution.
1. P=0 premise
2. -0 premise
3. Show —~P  assertion
4. —(=P) assumption for proof by contradiction
5. p apply DN to line 4
6. 0 apply MP to lines 1 and 5
7. -Q repeat line 2
8. End Show 3 proof by contradiction

The foregoing solution is an example of a formal line-by-line proof or derivation.
Notice that each line is numbered, and each line is explained or justified by citing a
rule of inference, with reference to any relevant line numbers.

Important Rules. Once a “Show” has a matching “End Show,” no lines in be-
tween can be referenced elsewhere. In the preceding example, if the derivation con-
tinued beyond line 8, none of the lines 3—7 could be used or referenced after line 8.

¢ The statements above the horizontal line are called premises. The statement below the line is called
the conclusion.
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You may use or reference a “Show” line only after its matching “End Show” line has
been obtained. Notice also we have introduced a new inference rule called repeti-
tion (R). This allowed us to have both Q and — Q between the “Show” and the “End
Show,” which we need for a proof by contradiction.

To prove a conditional of the form P = Q, the first step (if necessary) is to assume
P and then proceed to derive Q. We call this method proof of a conditional.

Example A.2. Prove the alternative double negation rule P = — (= P).

Solution.

1. Show P = —(—P) assertion

2. P assumption for conditional derivation
3. Show —(—P) assertion

4. —[=(=P)] assumption for proof by contradiction
5. -P DN 4

6. P R2

7. End Show 3 proof by contradiction

8. End Show 1 proof of conditional

Example A.3. Prove that Q = (P = Q).

Solution.
1. Show Q = (P = Q) assertion
2 0 assumption for conditional derivation
3 Show P = Q assertion
4. 0 R2
5 End Show 3 proof of conditional
6. End Show 1 proof of conditional

Notice that in the inner proof, we did not need to assume P in order to prove P = Q.

A.1.3. More Notation, Inference Rules, and Methods

If two statements P and Q are both true, we write P A Q. The two simplification
(S) rules are
PAQ PAQ
P and 0

In other words, if P and Q are both true, then each of them is true by itself.
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To prove P A Q, we use the adjunction (Adj) inference rule

PAO

As our first application of A, we write P < Q to mean (P = Q) A (P < Q)E
We call < a biconditional. By the simplification inference rule, we obtain the
biconditional-conditional (BC) inference rules

P& Q0 P& Q0
o ™ o0

By the adjunction rule, we obtain the conditional-biconditional (CB) inference rule

P=0
P<=0Q
P& Q0

Example A.4. Show that (P < Q) < (-P < —Q).
Solution. By CB, it suffices to prove
(PeQ)= (P& —-0) and (P& Q)< (-P&—0).

We prove the first and leave the second to the reader. We also omit the more obvious
justifications.

1. Show (P< Q)= (-P< Q)

2. P&Q assumption
3. P=0Q BC2
4. P<=Q BC2
5. Show =P <= -0
6. -Q assumption
7. -P MT 3
8. End Show 5
9. Show - P = —Q
10. -P assumption
11. -0 MT 4
12. End Show 9
13. P& -0 CB5,9

14. End Show 1

b We often write P < Q instead of Q = P.
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Example A.5. Prove that (P = Q) < = (PA—Q).

Solution.
1. Show (P= Q)< ~(PA-Q)
2. Show = note the abreviated form
3. P=0 assumption
4, Show = (PA—-Q)
5. PA-Q assumption followed by DN
6. P S5
7. -0 S5
8. 0 MP 3,6
9. End Show 4
10. End Show 2
11. Show < note the abreviated form
12. - (PA-Q) assumption
13. Show P = Q
14. P assumption
15. Show Q
16. -0 assumption
17. P R 14
18. PA—-Q Adj. 16, 17
19. - (PA=Q) R 12
20. End Show 15
21. End Show 13
22. End Show 11
23. End Show 1 CB2,11

If either P or Q is true or if both are true, we write PV Q. To prove PV Q, we use
the addition (Add) inference rules

p Q
Pvo ™ Buo

In other words, if P is true, then either P or Q is true. Similarly, if Q is true, then either
P or Q is true. Finally, to make inferences from disjunctions, we use the inference
rules modus tollendo ponens (MTP)

PVvQ PVvQ
-P and -Q
0] P
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In other words, if either P or Q is true and P is not true, then Q must be true. Similarly,
if Q is not true, then P must be true.

Example A.6. Prove that (PV Q) < (-P = Q).

Solution.
1. Show (PVQ) < (-P= Q)
2 Show =
3 PVQ assumption
4 Show =P = Q
5. -P assumption
6 Show Q
7 -0 assumption
8. P MTP 3,7
9. -P RS
10. End Show 6
11. End Show 4
12. End Show 2
13. Show <
14. -P=Q assumption
15. Show PV Q
16. - (PVQ) assumption
17. Show P
18. - P assumption
19. 0 MP 14, 18
20. PVvVQ Add. 19
21. - (PVQ) R 16
22. End Show 17
23. PVvQ Add. 17
24. End Show 15 contradiction 16, 23
25. End Show 13
26. End Show 1 CB 2,13

As an exercise, the reader should try to prove De Morgan’s laws
—~(PAQ) & (-PV-0)

and
~(PVQ) & (-PA=Q).
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A.2. Quantifier Calculus

A.2.1. Variables

We denote logical variables by x, y, and z. By Mx we mean a statement about x.
For example, we may denote by Mx the statement “x is a martian.” Or we may let Tx
denote the statement “x has three legs.”

A.2.2. Quantifiers

The universal quantifier is denoted by V. It can be read as “for all,” “for every,”
or “for any.” The existential quantifier is denoted by 3. It can be read as “there
exists (at least one, and maybe more),” or “there is (at least one, and maybe more).”

For example, to denote the statement that martians exist, we write 3xMx, which
means there exists at least one x such that x is a martian. To denote the statement,
“All martians have three legs,” we write Vx(Mx = Tx). We read these symbols as,
“For all x, if x is a martian, then x has three legs.”

A.2.3. Inference Rules

Suppose Fx is a statement about x. The inference rule of universal instantiation
(UD) is
VxFx
Fy

where y is any variable we find useful, even x.

To prove VxFx, we start with an arbitrary variable, say x, or any other variable
that will not be confused with earlier uses, and then show that Fx is true. At this
point we end the proof of VxFx with the citation universal derivation. Hence, the
proof has the structure

Show VxFx
Show Fx

End Show
End Show universal derivation

To prove IxFx, we must show that some variable has the property F'. We may
then conclude that IxFx, with the inference rule cited being existential generaliza-
tion (EG).

In the following example, we show that if there are no martians, then all martians
have three legs.
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Example A.7. Show that -~ IxMx = Vx(Mx = Tx).

Solution.
1. Show —IxMx = Vx(Mx = Tx)
2 —IxMx assumption for conditional derivation
3 Show Vx(Mx = Tx)
4 Show Mx = Tx
5. Mx assumption for conditional derivation
6. IxMx EG 5
7 —3dxMx R2
8 End Show 4 contradiction 6, 7
9 End Show 3 universal dervation
10. End Show 1

The inference rule of existential instantiation (EI) is

dxFx
Fy

where y is a variable that has not been used earlier in the proof. As you become more
adept at proofs, you may re-use variables as long as you do not confuse the new use
with an old one.

In the following example, we show that if all martians have three legs, and if there
is at least one martian, then there is a martian with three legs.

Example A.8. Show that [Vx(Mx = Tx) A IxMx] = Ix(Mx A Tx).

Solution.
1. Show [Vx(Mx = Tx) A 3xMx] = Ix(Mx A Tx)
2. Vx(Mx = Tx) A3xMx assumption
3. IxMx S2
4. Mz EI 3
5. Vx(Mx = Tx) S2
6. Mz=Tz UI'5
7. Tz MP 4,6
8. MzNTz Adj. 4,7
9. Ix(MxATx) EG 8

10. End Show 1

Notice that in line 4 we introduced a new variable as required for EI.
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The derived inference rules known as quantifier negation (QN) are
-VxFx < 3x(—Fx) and —3xFx < Vx(—Fx).

We prove the first and leave the proof of the second to the reader as an exercise.

1. Show —VxFx < 3x(—Fx)

2 Show =

3 -~ VxFx assumption

4 Show Jx(—Fx)

5. —dx(—Fx) assumption

6 Show VxFx

7 Show Fx

8. - Fx assumption

9. Ix(—~Fx) EG38
10. —Ix(—-Fx) R5
11. End Show 7  contradiction 9, 10
12. End Show 6
13. - VxFx R3
14. End Show 4 contradiction 6, 13
15. End Show 2
16. Show <
17. Ix(—Fx) assumption
18. Show = VxFx
19. VxFx assumption followed by DN
20. -Fz EI 17 — note new variable!
21. Fz Ul 19
22. End Show 18 contradiction 20, 21
23. End Show 16
24. End Show 1 CB 2,16

A.3. Applications to Mathematics

‘We now use symbolic logic to do some basic mathematics. Recall that a sequence
of real numbers x, converges to a limit x if for every € > 0, there is an integer N such
that for all n > N, |x,, — x| < €. We can write this symbolically as

Ve > 0,INVn > N, |x, —x| < €. (A.1)
However, this is not as explicit as we need to use our methods. We write instead

Vele > 0= 3INVn(n >N = |x, —x| < €)]. (A.2)
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Example A.9. How can we express the statement that x,, does not converge to x?

Solution. We apply QN to (A.2) and use Example [A.5]and DN to get
Jele > 0A-3INVr(n > N = |x, — x| < €)].
With two more applications of QN and then Example[A.5]and DN, we get

Jele > 0AVNIn(n > N A |x, — x| > €)].

From this last expression in the example, by EI, we know that there is an & such
that &g > 0 and
VN3n(n > N A |x, —x| > &).

Now apply Ul with N = 1,2,.... When N =k, we have
In(n > kA l|x, —x| > &).
By EI with n replaced by ny, we can write
ni > kA lx,, —x| > &.

This shows that if x,, does not converge to x, then there is some & > 0 and there is a
subsequencx,,k with |x,, —x| > & holding forallk=1,2,....

Continue on the next page.

¢ The definition of a subsequence requires that n; — oo; this is guaranteed by the condition ny > k.
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Example A.10. We now show that if x,, converges to x and if y, converges to y,
then x, + y, converges to x+y.

1. Ve[e>0=3INVa(n>N = |x, —x| < €)] premise
2. Ve[e>0=3INVa(n >N = |y, —y| < €)] premise
3. Show Vel[e > 0= INVn(n > N = |(x, +yn) — (x+y)| < €)] assertion
4 Show € > 0= INVn(n >N = |(xy,+y,) — (x+y)| <€)
5. >0
6 €/2>0=3INVn(n>N = |x, —x| < €/2) Ul
7 £/2>0 by 5
8. ANVa(n > N = |x, —x| < €/2) MP 6,7
9. VYn(n > Ny = |x, — x| < €/2) EG 8
10. €/2>0= INVn(n >N = |y, —y| < £/2) Ul 2
11. INVn(n > N = |y, —y| < €/2) MP 7, 10
12. Vn(n> Ny = |y, —y| < €/2) EG 12
13. Show Vn(n > max(Nj,Nz) = |(x, +yn) — (x+y)| < €)
14. Show n > max(N1,N) = |(x, +ya) — (x+y)| < €
15. n > max(Ny,N,)
16. n>N by 15
17. n>Ny=|x,—x|<¢g/2 UI9
18. n>N, by 15
19. n>Ny= |y, —y| <€/2 Ul 12
20. b —x| < £/2 MP 16, 17
21. yn—y| < £/2 MP 18, 19
22. |(tn +yn) = (x4+y)| = |(xn —x) + (v — y)| math
23. [(xXn +yn) — (x4+y)| < Jxn — x|+ [yn — ] tri. ineq.
24, |(Xn+yn) — (x+y)| <€/2+€/2=¢ 20,21, 23
25. End Show 14
26. End Show 13
27. ANVr(n > N = |(x,+yn) — (x+y)| <€) EG 13

28. End Show 4
29. End Show 3

Mathematicians do not write proofs as in the preceding example. Here is how
that proof would normally look (keep in mind that x,, — x is defined by (A.T)).

Theorem. If x, — x and y, — y, then (x, +y,) — (x+).

Proof. Let € > 0 be given. Since x,, — x, there is an N; such that for all n > Ny,

|x, —x| < €/2. (A3)
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Similarly, since y,, — y, there is an N, such that for all n > N,
lyn —y| < €/2. (A4)

Then for n > max(N,N2), (A.3) and (A.4) both hold, and we have by the triangle
inequality that

|(n+yn) = (49| =[G =%) + O =W < P — x|+ ya =y <€/2+€/2=¢.

(A.5)
Starting with an arbitrary € > 0, we showed that there exists an integer N, namely
max(Ny,N,), such that for all n > N, (A.5)) holds. U

When confronted with an assertion such as that in the above theorem, the proof
does not magically construct itself. We start with some analysis. In this case, we start
with the definition of the limit of a sequence and apply it to x,, +y, and x+y. We
then see that we need to end up with

|(on +yn) = (x+y)| <&

If we know the triangle inequality, we proceed as in (A.5). This shows that we can
get a bound of € if we can get a bound of £/2 as in and . We know we can
do this because we are assuming that x, — x and y,, — y. We are now in a position to
write down a careful proof.
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addition (in a vector space), @
addition (logical inference mle),@
additive identity, [21]
additive inverse, [21]
adjoint, 3| [52]
adjunction, [T93]
affine combination,
affine hull, [T§]
affine set, [[7]
dimension, [T7]

associative law, 21 22

Banach space, [T07]
bang-bang control, 4]

basis,[T3 23]
Bessel’s inequality, 3]
biconditional,[T93]
biconditional-conditional,[T93]
Bolzano—Weierstrass theorem,
for complex numbers, [T13)]
boundary,[99]
bounded
linear functional,[T23)]
uniform continuity, @
linear operator, [T28]
sequence, [T04]
set,[T04]

clo,1],

capacity region, 20}
Carathéodory’s theorem, 20]
Cartesian product,[T22]

Cauchy sequence, [I03]
Cauchy-Schwarz inequality, @

closed, 98]

closure

of a convex set under convex combinations, [T9]

of a set in a metric space, [09]

of a subspace under linear combinations, [T3]

of a vector space under addition, 21]

of a vector space under scalar multiplication,@
of an affine set under affine combinations,[T7]

commutative law, 21]

compact operator, @
complement of a set,[9§]
complete metric space, @
complete orthonormal set,m

of eigenvectors, [T41]
complex conjugate,@
complex-conjugate transpose, @
in MATLAB,[36]
complex vector space, [3]
concave function, [66]
conclusion,[T93]
conditional,[T92]

proof of, [T94]

conditional-biconditional, [T93]

conjunction, [T92]
continuity
at a point,[TT4]
Lipschitz,
of bounded linear functionals, [T23]
of convex functions on IR, [70]
of the inner product, [T0T]

on a set,[T14]
uniform,[TT7]
continuity of the inner product, [T21]
continuous function
convergence preservation, [[T4]
contraction, [I09)]
contraction mapping theorem,m
contradiction
proof by,[T93|
convergence
in a metric space, [T00]
of real numbers, [89]
convex
combination, [T9]
function, [66]
continuity, [70]
differentiability, [69]
epigraph,[T22]
hull, [20]
set,[T9]
convolution operator, [T31]
correlation function, [[83] [T84]

cutoff frequency, [133]

demodulation operator, [53] 53]
derivative
one-sided Géteaux, [67]
two-sided Gateaux, [80]
diagonal dominance, [T73)
strict, [[73]
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diagonalization, 3} [T37]

dimension

of a linear variety, [T6]

of a subspace, [T3]

of an affine set,[7]
direct sum, [T3]

and the projection theorem,@
disjunction,
distance between vectors,m
distributive law

scalar multiplication (first law),@

scalar multiplication (second law),
dominated convergence theorem, @
dot product, 28]
double negation, [T93]

dual space, [T2§]

eigenpair, [T33]
eigenvalue, [T33]
eigenvector, [133]
ellipse, [186]
energy of a Waveform,
in-band, [T80]
entire function, [T38]
entropy, [87]
epigraph,[122]
existential generalization, @
existential instantiation,[T99]
existential quantifier, [T98]
exponential functions
linear independence, 23]
extended real numbers, m

fixed point,[T09]
for all,[T92]
Fourier transform
as a unitary operator, [132]
as an isometry, [132]
eigenfunctions, [I88]
properties, [T31]
Fredholm equation
first kind, [T49]
ill-posedness, [T31]
regularization of, [I52]

second kind
arising in regularization, [T52] [T33]
solution, [T43]
well-posedness, [[52]
Frobenius norm, [T71]
Fubini’s theorem, [T33]

Index

Gateaux derivative
one-sided,
homogeneity, [84]
may not be linear, [84]
of a convex function,@
two-sided,
Gaussian quadrature, [T36HT58]
geometric series, [TT]]
Gershgorin
circle theorem, [T73]
disc,[T73]
global minimizer,
Gram matrix, 37 43
Gram—Schmidt procedure, [33] [36] 3] E4]

and orthogonal polynomials,[I56]
greatest lower bound, [89]

H, see complex-conjugate transpose
Hermite
functions, [T88} [T89]
polynomials, [T89]

Hermitian, see complex-conjugate transpose

Hilbert space, [T07]

Holder inequality, [43] [04] [TT9]

ideal lowpass filter, [T32]
idempotent,
ill-posed problem, [T51]
regularization of, [T52]
image, see range
in-band energy, [T30]
indicator function, [122]
inference rules
addition, [T96]
adjunction, [T93]

conditional-biconditional, [T93]
double negation,[T93|
existential generalization, @
existential instantiation, m
modus ponens, [T93]
modus tollendo ponens, m
modus tollens, [[93]
quantifier negation, 200]
repetition, [T94]
simplification,[T94]
universal instantiation, [T98]
infimum, [89]
information theory, [20]
inner product, [28]

continuity, [T0T] [T21]

inner-product preserving operator, [63)]
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inner-product space, 2} 29]
interior,[99]
interior point,@
intermediate-value property, m
interpolation

Lagrange form,[J]
invertibility theorem

finite dimensional,[51]

invertible
function, [50]
linear operator,

isometry, [T32]

Jacobi matrix, [157]
Jensen’s inequality, [70] 83

Karhunen-Logve expansion,

kernel, [A9]
L? spaces,[12]04]

(P spaces, [26]
Lagrange
interpolation, 9]
polynomials,
linear independence, [J]
Lagrangian, [64]
Laguerre—Gauss quadrature, m
Laguerre polynomials,m
least squares, [73)]
polynomial approximation, @
waveform approximation, @
least upper bound, [89]
axiom, [89)]
Lebesgue integral, 43|
left-shift operator, [31]
Legendre-Gauss quadrature, [T57] [[78} [T79]
Legendre polynomials, [T79]
shifted, [T57]
length,02)
length of a vector, [30]
Levy-Desplanques theorem, m
limit
of a sequence in a metric space, [T00]
of a sequence of real numbers,@
limit inferior, PT]
limit superior, 0]
linear combination,
linear dependence,
linear functional, [T0} [T23]
bounded, [123]
point evaluation, [T26] [T68]

Index

linear independence, 3]
of exponentials, 23]
of Lagrange polynomials,
of power functions, [T0]
of sinc functions, [26]
linear operator, 2] 8]
bounded, [128]
positive definite, [56]
positive semidefinite,[56]
self adjoint, [56]
linear system
time-invariant, 3} [T31]
stable, [T33]
time-varying, 8]
linear transformation,
linear variety, [T6]
dimension, [T6]
Lipschitz continuity, [70]
lowpass filter
ideal,[T32]
instability,[T33]

matched filter,[T83)]
Matlab commands
@ (anonymous function),[T66]

length, 23]
linspace,
max,
norm, |170
pin IS8
plot,
polyfit, FT]
polyval, 1]
prod, 23]
repmat, 23]
reshape, [23]
sinc, [T78)
size,
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sort,[T66]
sqrt, [T57]
subplot, [6]
svd,[149]
varargin, 23]
zeros, [7]

Matlab M-files
eigfenNystrom, [T68]
eigNystrom,
laguerrequad, [T79]
legendrequad, [T79]
legendrequad01,[157]
lincmb, 2]

matrix
nonsingular,
singular, [50]

matrix norms, [[70} [T71]

mean-value theorem, [79] [83} [TT0]

measurable function, [{3]

metric, 03]
trivial,

metric space,
complete, [106]

minimizer
global, [67]

Minkowski inequality, [04] [TT9]

modulation operator, #9} 51} [53]

modus ponens, [[93]
modus tollendo ponens, [T96]

modus tollens, [193]
monotonic sequence, [TT7]
multiuser channel,

negation, [T92]
nodes, [136]

nonnegative orthant,
nonsingular
matrix, [50]
and diagonal dominance,m
operator,
norm, 2, 30
Frobenius, [T71]
of a linear functional, [T28§]
of a linear operator, [T29]
of a matrix, [T70} [T71]
uniform, [126} [T68]

norm-preserving operator,
normed vector space,

not open,[97]

null space, see kernel

nullity,

Index

numerical integration, m
Nystrom

extension, [[59]

method,

OFDM, 53]

one-to-one,

onto,[5057]

open,

open ball,

operator square root, [T44}[T76]
orthogonal, 2} 30]

orthogonal complement, @
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orthogonal frequency division multiplexing,@

orthogonal polynomials, [T56]
orthogonal projection, m
orthogonality principle

for convex sets, 1]

for subspaces, 31]
orthonormal,
orthonormal set

complete, [T08]

parallelogram law, [43] [04]
in proof of projection theorem, [T09]

Parseval’s equation

for Fourier transforms,

for orthonormal expansions, m
Picard’s criterion, [[30] [[31]
Plancherel theorem, [F]
point-evaluation linear functional, [168]
polar,[T20]
polarization identity, B3] [63]
polynomial approximation

least-squares, [41]
polynomials

Laguerre, [T79]

Legendre, [T79]

shifted, [T57]

positive-definite linear operator, @
positive-semidefinite linear operator,E
power functions, [T36]

linear independence,m
premise,[T93]
probability mass function,lgjl
projection

idempotent, [46]

orthogonal, [33]
projection problem, 2] [31]
projection theorem

for finite-dimensional subspaces, |3§|
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prolate spheroidal wave functions, [T60} [T6T] [T82]
orthonormality,

proof by contradiction, [T93]

proof of a conditional, [T94]

pseudoinverse, [60} [T51]

quadratically constrained least squares,@
quadrature, [T56]
Gaussian, [156]
Laguerre-Gauss, [T79]
Legendre—Gauss,
quadrature method, [162]
quantifier
existential,[T9]
universal, [T98]
quantifier calculus, [T92]
quantifier negation, 200]

range, 9]
rank, [50]
rank-nullity theorem, [50]
real numbers

extended, [TT7]
real vector space, [3]
regularization, [T52]
repetition,[T94]
restriction,
Riesz representation theorem,@l
Riesz—Fischer theorem,[T07]
right-shift operator, [5T]

saddle point,[84] [TT8]

sampling theorem, [T03)]
scalar, [j]
scalar multiplication, [5] 21]
self-adjoint linear operator, [56]
sentential calculus,
sequential compactness
in IR, [00]
in a metric space, [T12]
signal recovery problem, [T} F]
signal synthesis problem, [T} 4]
signal-to-noise ratio (SNR),[T83] [T83]
signaling waveforms, [38] 9]
simplification, [T94]
Simpson’s rule, [T56] [T58]
sinc function, 26]
and prolate spheroidal wave functions,@
linear independence, [26]
singular

matrix,

Index

operator, [50]
singular values, [T47]
singular-value decomposition, 3] [T47]
SNR, see signal-to-noise ratio
span, [T4]
spectral theorem, [T47]
square root of an operator, [T44}[T76]

stable system, @
strict convexity,

subsequence,
subspace, [TT]
dimension, [T3]
finite dimensional, [[3]
infinite dimensional, [[3]
trivial, [TT]
zero, [T1]
sum of subspaces, [3]
supremum, [39]

SVD,[[77]

T, see transpose

there exists,[192]

three-term recursion,
three-term recursion, [[63} [T91]
time-invariant system, [3] [T31]
time-varying system, 48]
Tonelli’s theorem, [[33]

trace, [T87]

translated subspace, see linear variety

transpose, [28]
in MATLAB,[36

trapezoidal rule, [T56} [T58]
triangle inequality
for inner-product spaces,
for metric spaces, 93]
for normed spaces,@
for real or complex numbers,@
trivial metric,
trivial subspace, [TT]

uniform continuity, [TT7]
of bounded linear functionals,[T23]

uniform norm, [[26] [T68]
unit vector, [30}[02]

unitary, [T32]

unitary operator,[T72]
universal derivation, [[98]
universal instamiation,m
universal quantifier, m

upper bound, [89]
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vector space, [2]
complex, 5]
inner product, 29]
normed, 2
real,[5]

water-filling, [73]

waveform approximation
least-squares, [39]

weight function,[T56] [T90]

weights,[T56]

well-posed problem,

Wiener process, [T60]

Young’s inequality, [T33]

zero subspace, [TT]
zero waveform, [43]
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