Chapter 2
Essentials of Probability Theory

2.1 Introduction

Many properties of physical systems and/or actions of these systems are uncertain,
so that the behavior of these systems cannot be forecasted in a precise deterministic
manner; it can only be described probabilistically. For example, the weather per-
son tells us the chance of rain tomorrow. Engineers calculate the likelihood that a
particular mechanical system will perform according to specified standards.

Suppose a relevant output of a physical system depends on a finite number
of uncertain parameters. For weather forecasting, these parameters relate to the
current meteorologic conditions and atmospheric processes. For aircraft design, these
parameters include material properties, state of electronic components, and flight
patterns. Our objective is to calculate the probability that an output of interest has
specified features, such as the chance of rain tomorrow for the weather person or
the adequate aircraft performance for the aircraft engineer. This chapter provides the
framework for calculating these types of probabilities.

2.2 Probability Space

A probability space (§2,.%, P) consists of a sample space £2, a o-field .%, and a
probability measure P. Sample spaces, o -fields, and probability measures are defined
and illustrated by examples.

2.2.1 Sample Space

Definition 2.1 A set £2 collecting the outcomes of a particular experiment is called
sample space.
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For example, §2 = {head, tail}, 2 = {1,2,3,4,5, 6}, and 2 = [a, b] C [0, c0)
are sample spaces for the experiments of tossing a coin, rolling a dice, and measuring
daily rainfall amounts in Ithaca, NY. The first two sample spaces and the last sample
space have, respectively, a finite and an uncountable number of elements. Sample
spaces can be finite, countable, or uncountable.

2.2.2 o-Field

Consider a game in which one wins $10 and looses $5 for outcomes of a die rolling
experiment in {1, 2} and {3, 4, 5, 6}, respectively. The particular outcome {w} is not
relevant. The relevant information is contained in .« = {{1, 2}, {3, 4, 5, 6}} since
one wins $10 if w € {1, 2} and looses $5 if w € {3, 4, 5, 6}. o-fields are subsets of
£2 that are relevant for a particular objective. The o-field for the game considered
here includes 7.

Definition 2.2 A collection .% of subsets of £2 is said to be a o-field on a sample
space L if (1) € F, (2) A € & implies A € .F,and (3) A; € %, i € I, implies
UjerA; € .7, where I is a countable set. The members of .% are called events, or
7 -measurable subsets of §2, or just measurable subsets of §2. The pair (£2, .%) is
said to be a measurable space.

The first and the third conditions in the previous definition can be replaced with
2 € Z andN;c; A € .Z by using condition (2) and De Morgan’s formula. Also note
that the last two conditions in the definition of .%# are consistent with our intuition,
which suggests that A€ is observed if A is not and that U;<j A; is observed if a subset
of {A;,i € I}is.

Example 2.1 The o-field .# associated with the game in which one wins $10
and looses $5 for outcomes of a die rolling experiment in {1, 2} and {3, 4, 5, 6}
is F = {0,{1,2},{3,4,5,6}, 22}, where 2 = {1,2,3,4,5,6}. If the game is
modified such that one wins $10 if @ € {1, 2} and looses $3, $4, $5, and $6 for
outcomes w = 3,4, 5, and 6, respectively, .% is too coarse to capture all relevant
events; it needs to be refined to include the events {1, 2}, {3}, {4}, {5}, and {6},
and complements and unions of these events. <

Example 2.2 Atoms are the finest members of a o-field .%, thatis, A € .% is an
atom of .% if any event B € .% included in A is either ¢ or A. The sets {1, 2} and
{3,4, 5, 6} are atoms of the first o-field and the sets {1, 2}, {3}, {4}, {5}, {6} are
atoms of the second o -field (Example 2.1). <>

Definition 2.3 The o-field generated by a collection of subsets .27 of §2 is

o() = ﬂ ¢, where {¢} are o-fields on £2. 2.1
G2

There is no o -field smaller than o (%) that includes 7.
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Example 2.3 Let S be a metric space and let .7 be the topology induced on S by
its metric (Sect.B.1.1). The Borel o-field on S is the o-field . = o () generated
by 7. The members of o(7) are called Borel sets. The Borel o-fields on S =
R, d > 1, and S = R are generated by the intervals in these spaces and are
denoted by Z(R?) = #¢ and B(R) = #B' = A, respectively. The Borel sets on
R can be generated by open, semi-open, finite, semi-finite, and other intervals of the
real line ([11], Sect. 1.7). <&

2.2.3 Probability Measure

We define measures and probability measures, review properties of probability mea-
sures useful for applications, and use conditional probabilities to introduce the law
of total probability and Bayes theorem.

Definition 2.4 Let (£2, %) be a measurable space. A set function u : % — [0, 00]
such that (1) u(¥) = 0 and (2) u( U, ) = > 2, n(A,) for mutually disjoints sets
A, € .7 is called a measure on (£2, .%). If (2, %) = (R, #7), then p is said to
be a Borel measure. The triple (§2, .%, w) is called a measure space.

Definition 2.5 If & has finite total mass, that is, (£ (§2) < oo, the measure y is said
to be finite. In this case, it can be normalized to take values in [0, 1]. Any measure
with unit total mass is called a probability measure and is denoted by P. The triple
(£2, %, P) is called a probability space.

Definition 2.6 A measure ;& on a measurable space (§2, %) is said to be o -finite

if there exists a countable, pairwise disjoint sequence of measurable sets {A,}, that

isA e ¥, n=12,. suchthatu(An)<oo n=12...,and u(A) =
no 1 m(A N Ay) for every A € % ([5], Proposition 13).

The Lebesgue measure A on (R, %) is o-finite since there exists a pairwise disjoint
sequence A, = [n,n + 1), n € Z, such that A(A,) < oo and
AA) = U2 | AM(ANA,) forevery A € . Similar arguments show that the Lebesgue
measure on (R?, Z(R?)) is o-finite. However, the Lebesgue measure is not finite.

Definition 2.7 Let (£2,.%, P) be a probability space. A set N € % such that
P(N)=0 is called a null set. A property valid on £2 ~ N is said to hold almost
everywhere (a.e.), almost surely (a.s.), for almost every w, or with probability one

(w.p.1.).
Definition 2.8 A probability space (§2,.%, P) is complete if A C B such that

B € % and P(B) = 0, then A € %, which implies P(A) = 0, by the second
condition in Definition 2.2.

It is assumed throughout the book that the probability spaces are complete. The
assumption is not restrictive since for any probability space (£2, 7, P) there exists
a complete space (§2,.%, P) such that # C .Z and P = P on.% ([4], Theorem
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2 2.5). The completion of measures is rather simple ([1], p. 4). For example, set
N ={(BCR:3INeZF w1thP(N)_OandBcN} F ={AUB : A e
F,B e N}, andP(AUB)—P(A) where A € % and B € .#". Then P is a
probability measure on (£2, .%) and .Z is a o-field.
The following properties of the probability measure P are useful for calculations,
and result directly from its definition.

P(A)=1— P(A°), forAeF
P(A)<P(B), forACB, A Be.Z,

o0
P(UR A) < D P(4)), for Aj e 7,
i=1
P(AUB) = P(A)+ P(B)— P(ANB), forA,B e .Z, and

n
P(B)= > P(BNA;), forA;,Be.FandA,...,A,apartition of £2.
i=1

(2.2)
The probability measure also satisfies the inclusion—exclusion formula
n i—1
Uit Ai) ZP(A)—ZZP(A,- NAj)
i=2 j=1
n i—1j-1
+ DD PANANAY — -+ (D" P(NI_ Ay).
i=3 j=2 k=1
(2.3)

Theorem 2.1 If ($2,.%, P) is a probability space and A,, € ., n =1,2, ..., are
events on this space, then

P(UZ, A ZP(A) (2.4)

n=1

Proof Set By = Ajand B,, = A, \ (U?:_l1 Ai), n > 1. The sets {B,} are disjoint
events with the properties B, C A,,andU>° | B, = U™ | A,. Hence, P(U,‘;ilAn) =
P(UOO_ Bn) = Zoil P(Bn) =< Zoozl P(An)‘ A
Definition 2.9 Let (£2,.7, P) be a probablhty space and B € .# an event such that
P(B) > 0. The probability of A € .# conditional on B is

P(ANB)

The definition is meaningful in the sense that P (- | B) is a probability measure.

Suppose an experiment is performed in which B either occurs or does not occur,
and that P(B), P(B¢) > 0. If B or B is observed, the conditional probability of A



2.2 Probability Space 13

is P(A | B) or P(A | B€), respectively. Hence, the conditional probability of A is
equalto P(ANB)/P(B) and P(AN B¢)/P(B¢) with probabilities P(B) and P (B¢).
This remark will be revisited later in this chapter (Example 2.56).

The following two formulas involving conditional probabilities are very useful
for applications. Let (£2,.%#, P) be a probability space, A; € %, i = 1,...,n, a
partition of §2, thatis, 2 =U!_;A; and A; N A; =@ fori # j. If P(A;) > 0, and
B € #, then

P(B)=> P(BNA;j)= > P(B|A)P(A;) (Law of total probability)
i=1 i=1
P(Aj)P(B | Aj) _ P(A;)P(B | Aj)
P(B) > P(ADP(B | A

P(A; | B) = (Bayes’ formula).

(2.6)

In the Bayesian framework, the probabilities P(A ;) and P(A; | B) are referred to
as the prior and the posterior probabilities of A ;.

Example 2.4 Let B denote the event that a system performs satisfactorily, and
let {A;,i=1,2} be events partitioning §2. Suppose P(A1)=0.8, P(A2)=0.2,
P(B | A1)=0.9, and P(B | A2)=0.7. The probability that the system performs
satisfactorily is P(B) =(0.9)(0.8) + (0.7)(0.2) =0.86. &

Theorem 2.2 The inequalities

P(U A) <Py _ZP(A)—Z max _ P(A;NA;) and
i=1 imp /T
i—1
P(U_ A) =P = P(A1)+Zmax 0.P(A)— > P(A;NA)|. @27
i=2 j=l1

hold for A; € F arbitrary.

Proof Set Bi = AS, i =1,...,n,and G = N'_ lB,, and note that P (N B,-) =
P(GN B, = P(G) — P(G N Ap). Repeated application of this formula gives
P(N'_, Bj) = P(B1) — >4, P(Bi N~ N By N Ay) so that

n
P(U_, A) = 1—P(N_, B) = P(A)+ > P(BiN---N Bi_y N Ap)
k=2

= P(AD)+ D P(BIN---N Bi_i | AP (AR).
k=2

Since P(B1N---NBx_1 | Ap) S P(Bj | Ap) =1—-P(A; | Ap), j=1,...,k—1,

and P(BiN---NBy_1 | Ax) = 1—P(A1U---UAp_; | Ap) > 1—2’;;} P(A; | Ap)
hold, we have the bounds in (2.7). A
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The bounds in (2.7) are relatively simple to calculate since they involve the prob-
abilities of the events A; and A; N A}, rather then probabilities of intersections of
multiple events as in (2.3). Note that P(U}'_; A;) can be interpreted as the probabil-
ity of failure for a physical system with failure modes Ay, ..., A, occurring with
probabilities P(A;), i = 1,...,n.

2.2.4 Construction of Probability Spaces

In most applications a random experiment rather than a probability space is specified,
so that we need to construct a probability space based on the available information.
We present three methods for constructing probability spaces and illustrate them by
examples.

2.2.4.1 Countable Sample Space

Let 2 = {w), wa, ...} be a countable sample space and let {p; > 0} such that
Zioil pi = 1. Take .Z to be the collection of all subsets of £2, that is, the power set
of §2. The set function P:.# — [0, 1] defined by

P(A)= > pi. AeZ, (2.8)

a)iGA

is a probability measure on (£2, .%) since it is countably additive and has the prop-
erties P(#) =0and P(£2) = 1.

Example 2.5 Suppose service life has been recorded for n nominally identical

devices. Let0 =19 < 11 < -+ < Tpy—1, let [0, 71), [T1, T2), ..., [T;m—1, 00) be a
partition of [0, 00), and denoted by n; < n the number of devices with measured
service life in the range [t;_1,7;), ¢ = 1,...,m, with the notation 7,, = oo.

The members of the probability space (§2,.%#, P) describing this experiment are
2 ={wi,...,on}, F =the power set of 2, and P({w;}) ~ n;/n. <&

2.2.4.2 Product Probability Space

Let (£2¢, Zk, Px), k = 1,2, be probability spaces. The elements of the product
probability space (£2, %, P) are

Q=021 x 82 ={(0w1,w2) 1w € 2, k=1,2}

F =F X FPr=0(#), where Z=1{A| x Ay : A| € F1, Ay € T}

P = P; x P, where P(A| x Ay) = Pi(A1)P(Ay), for A} € % and A, € %>,
(2.9)

and are called the product sample space, o-field, and probability measure.

The product sample space §2 contains the joint outcomes of, for example, two
experiments. The o-field .% can also be obtained from % = o(#) = 0(¥%, %)
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where 9 = {A| x 2, : A| € F1}and % = {2 x Ay : Ay € %} since 4 and %
are o -fields on §2 that are included in .% and every member of % is the intersection
of sets from ¢ and %. The construction of the product probability measure is less
simple. It can be shown that there exists a unique probability P on (£2,.%) that
satisfies (2.9) ([4], Theorem 3.3.5).

The formulas in (2.9) can be generalized to define product probability spaces of
n > 3 probability spaces. The definition extends directly to the case in which n
is infinity. If the probability spaces (£2x, F, Px) are identical, the product sample
space, o-field, and probability are denoted by £27, 9{“ and P;'.

Example 2.6 Let (2;, Fk, Pr), k = 1,2, be probability spaces associated with
the experiment of rolling two dice, so that £, = {1,2,3,4,5,6}, % = all
subsets of £, and Py ({i}) = 1/6, i = 1,...,6. The product sample space
=21 x$2={w=C(,}J),i,j=1,...,6} includes all outcomes of the experi-
ment. The product o -field .% consists of all subsets of §2 since the members of % are
i, j)s Yien(, j), Yjen(, j), Yien,jen(i, j), where I, I, € {1,2,3,4,5,6).
The product probability measure is P ({w}) = 1/36, w € 2, since the outcomes of
the experiment are equally likely. <

Example 2.7 Consider a facility that fails under wind speeds exceeding a critical
value ver. Let p = P(A), where A = {V > v} and V > 0 denotes the maxi-
mum yearly wind speed at the facility site. The members of the probability space
(£2, %, P) describing this problem are 2 = {A, A°}, % = all parts of 2, and
P(A) = p. To evaluate the probability that the facility performs satisfactorily during
its design life of n years, we need to construct a new probability space corresponding
to an “experiment” consisting of n independent repetitions of the yearly experiment.
The construction resembles the experiment of tossing a loaded coin n times with
sides {1} and {0} corresponding to events A and A€ ([11], p. 41).

The members of the product probability space corresponding to a n year time

horizon are 2" = {w = (w1, ..., wy) : w; = 0or 1}, F" = all subsets of £2”, and
P"(B) =3 ,cp P"q" ", where B € ", q=1—p,andn, = > w; gives
the numbers of I’s in w = (wy, ..., wy). <

2.2.4.3 Extension of Probability Measure

Let £2 be a sample space associated with an experiment and let %" be a collection
of subsets of £2. If ¢ is a field on £2 and R is a real-valued, positive, and countably
additive function defined on € such that R(§£2) = 1, then there exists a unique
probability P on .% = o (%) such that P(A) = R(A) for each A € €, that is, the
restriction of P to € is equal to R ([5], Theorem 14, p. 94). A field is a collection of
sets satisfying the conditions of Definition 2.2 with [/ finite.

Example 2.8 Let 2 = R and let ¥ consist of the empty set and the collection
of all finite unions of intervals of the type (a, b] for a < b, (—o0,a], (a,0),
and (—oo, 00). Let F:R — [0, 1] be a continuous increasing function such that
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limy o F(x) = 0 and limy_, F(x) = 1, and define R:¥ — [0, 1] by
R((a,b]) = F(b) — F(a), R((—o0,a]) = F(a), R((a,0)) = 1 — F(a), and
R((—o00, 00)) = 1. For example, R((a, 0c0)) may represent the probability that the
strength of a particular material exceeds a, so that it can be estimated from experi-
ments. Since % is a field, the set function R can be extended uniquely to a probability
measure on (R, Z = o (%)) ([5], Proposition 9, p. 90, and Theorem 14, p. 94). <&

2.3 Measurable Functions and Random Elements

Consider two measurable spaces (£2, .%) and (¥, ¢) and a mapping h:2 — .

Definition 2.10 The mapping /4:£2 — W is said to be measurable from (£2, .%) to
(¥, 9) or (Z,9)-measurable if h~1(¥4) C .Z, thatis, h ' (B) = {w € 2 : h(w) €
B} € .7 forall B € ¢. This property of h is denoted by h € .% /¥ or just h € F if
there is no confusion about ¢.

Example 2.9 LetA € &, (¥,9) = (R, #), and 14 the indicator function of A,
thatis, 14 (w) = 1 forw € A and 14(w) = 0 for w ¢ A. The function 14 : 2 — R
is .7 /| %-measurable since 1;1({0}) = A€ and 121({1}) = A, so that l;l(%) =
(0,2,A, A} C 7.

Example 2.10 Let {A;,}, i = 1,...,n, be events partitioning §2 and {c¢;}, i =
1, ..., n, real constants. The function 4 = Z;’: 1 cila, is (F, 9)-measurable, where
¥ ={cy,...,cy} and ¥ is the power set of ¥. The image of the members of ¥ in
£2 can be obtained simply, for example, h='{ci, ciHh=AUA; € Z.$

Theorem 2.3 Ifh:R? — RY is continuous, it is also (%%, ?)-measurable.

Proof Function & is measurable if and only if (79 c B ([11], Proposition
3.2.1), where .7 denotes the topology generated by the open balls in R”. Since
h is continuous, we have h=1(79) € 79 < 2%? (Sect.B.1.1), where the latter
inequality holds since ¢ is generated by .7¢. A

Definition 2.11 Let (£2, .%#, P) be a probability space and (S, .”) a measurable
space, where S is a metric space and . = o () denotes the o-field generated by
the topology .7 induced on S by its metric (Example 2.3 and Sect. B.1). The mapping
X : 2 — Sisarandom element if it is (%, .¥’)-measurable.

The element X in the above definition is a real-valued random variable, complex-
valued random variable, random vector or an R?-valued random variable, C¢-valued
random variable, real-valued stochastic process with continuous samples defined on
[0,1], or a real-valued random field with continuous samples defined on a subset D of
RYifS=R, S=C, S=R4, §=C4, §=CJ0, 1], orS = C(D), respectively.
The image X (w), w € §2, of X is a number, vector in R4, vector in C?, real-valued
continuous function defined on [0,1], or a real-valued continuous function defined
onDif S=R, §=R? §=C% §=CI[0,1], or § = C(D), respectively. For
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example, X (w) = (X1(w), ..., Xg(w)) € R is a d-dimensional vector for § = R4
and X (w)(¢), t € [0, 1], is a sample of a real-valued stochastic process defined on
[0,1] for § = CIO, 1]. It is common to denote X (w)(¢) by X (¢, w), as will be seen
in a subsequent section. For a fixed time ¢ € [0, 1], X (¢, ») is a random variable.

Definition 2.12 Let (£2,.%, P) be a probability space, (S, .”) a measurable space,
and X : 2 — S an (%, .)-measurable mapping. The probability measure induced
by X or the distribution of X is the probability measure

OB)=P(X '(B)=PoX '(B), BeY, (2.10)

on the measurable space (S, ).

Example 2.11 If S =Rand B = (—00,x], x € R, then Q(B) = P({w: X(w) <
x) = P(X < x) is called the probability distribution function or just the distribution
of random variable X, and is typically denoted by F(x) = P(X < x). If § =
R? and B = xflzl(—oo, xi], xi € R, then Q(B) = P({w:Xi(w) < x;,i =
1,...,d) = P (ﬁfl:l{Xi < x;i}) is called the joint distribution of random vector
X IfS =cClo,1], {#,...,t,} € [0,1], and B = Xzzl(—oo,xi], x; € R, then
Q(B) = P{o: X (tr, w) < xp, k=1,...,n) = P(M{_{X (&) < x¢}) is called the
finite dimensional distribution of order n of X. The finite dimensional distributions of
astochastic process X are the joint distributions of random vectors (X (¢1), ..., X (#;))
consisting of values of the process at times 1, ..., #;. <

Example 2.12  Let ($2,.%, P) be a probability space, A € %, S = {0, 1}, and
14:82 — S an indicator function. The function 14 is (%, .#)-measurable, where
< = {0, S, {0}, {1}}. The probability measure Q induced by 14 on (S,.¥) is
0({0h) = P(1,'({0})) = P(A°) and Q({1}) = P(1,'({1})) = P(A). The dis-
tribution of random variable 14 is F(x) = P(A9)1(x > 0) + P(A)1(x > 1). &

Example 2.13 Let(§2, .7, P)beaprobability space and let X : 2 — Rbe (F, £)-
measurable. Suppose the probability measure Q induced by P on (R, %) has the
expression Q((—00, x]) = P(X~!((—o0, x])) = @((x — pu)/o), where x, i, and
o > 0 are reals, ®(u) = ffootb(é)dé, and ¢ (&) = exp(—£2/2)/+/2m. Then X is
said to be Gaussian random variable with mean u, standard deviation o, and variance
o2, aproperty denoted by X ~ N (i, 02). <&

Theorem 2.4 Let (2, .7, P) be a probability space. A function X:22 — R? is an
RY-valued random variable on (82, %, P) ifits coordinates are real-valued random
variables on this probability space.

Proof If Xis arandom vector, its coordinates X; = m;joX,i = 1, ..., d, arerandom
variables because the projection map 7; (x) = x; is continuous.

Suppose now that X; are random variables. Let % be the collection of open
rectangles in RY with members R = I} x --- x I;, where I; are open intervals
in R. The o-field %< is generated by these rectangles, that is, ¢ = o (%) ([11],
Proposition 3.2.4), so that it is sufficient to show that X ~1(%) is in .Z. We have
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X Y(R) = ﬂfllelfl (I;) € .7 since X; are random variables. Hence, X is a random
vector if and only if {w € 2 : X;(w) < x;} € F forallx; eR, i=1,...,d. A

Example 2.14 Consider a series X = (X1, X3,...), where X; are measurable
functions from (£2,.%) to (¥,%). Let ¥ be the collection of all subsets of
7%t = {1,2,...}. The function (m, ) + X,,(w) depending on the arguments
m and o is measurable from (ZT x 2, # x %) to (¥, 9). Generally, this property
does not hold if the discrete index m in this example is allowed to take values in an
uncountable set. <

Proof LetA = {(m, w): X,,(w) € B}betheinverseimage of the function (m, ®)
X,u(w) in Z* x §2 corresponding to an arbitrary member B of ¢. Because X,, is
measurable, the set A can be expressed as the countable union U,, {w:X,,(w) € B}
of sets {w: X,,(w) € B} that are in .% for each m > 1. Hence, A is in ¢ x 7.
Note also that the function m — X, (w) is £ -measurable for a fixed w € §2 since
{m: X,,(w) € B}is asubset of Z* so that it is in % . A

Definition 2.13 Let (£2, .%) and (S, .¥’) be measurable spaces and let X : 2 — S
be arandom element, that is, an (%, .¥’)-measurable mapping. The o -field generated
by X, denoted by o (X) or ZFX iso(X) = X 1(¥) = {X"(B) : VB € .¥}.

Example 2.15 Let (£2, .%, P) be a probability spaceand 14 : 2 — R, A € .Z, an
indicator function. The o -field generated by 14 is o (14) = {0, £2, A, A°}. There is
no smaller field with respect to which 14 is measurable. <>

It is common in applications to be interested in functions of random variables.
For example, we may have to find the distribution of the deformation or any other
response Y of a physical system with random properties X that is subjected to a
random action X;. Suppose X and X, are random variables on a probability space
(£2, %, P). To achieve this objective, we first need to show that Y, which is a function
of (X1, X»), is arandom variable on (£2, %, P). The following theorem shows that
Y has this property if the mapping (X1, X») +> Y is measurable.

Theorem 2.5 Leth : (2,.F) > W, 9 and g : (W, 9) — (D, H) be measur-
able functions, where (2, F), (¥,9), (@, ) are measurable spaces. Then the
function g o h : (2, F) — (®, ) is measurable.

Proof We have g~ !(¢) C 4 and h_l(g_l(%)) c h™'(%9) c Z since g and h
are measurable functions. A

2.4 Independence

We define independent o -fields and show that this concept applies directly to char-
acterize independent events and random elements.

Definition 2.14 Let (£2, .%, P) be a probability space and .%;, i € I, a collection
of sub-o-fields of 7. If I is finite, the o-fields .%;, i € I, are independent if
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P(nics A) =[] PAn. VA € Z. (2.11)

iel

If I is infinite and (2.11) holds for all finite subsets of I, then the o-fields .%;, i € I,
are said to be independent.

The definition implies that (2.11) must hold for any subset of {A; € %;,i € I}
since some A; can be selected to coincide with £2. If the o-fields .%;, i € I, are on
different sample spaces, the above independence condition needs to be applied on
the corresponding product probability space.

Definition 2.15 A collection of events A; € .%, i € I, is said to be independent if
the o-fields o (A;) = {#, £2, A;, Af} are independent.

Example 2.16 Two events A and B on a probability space (§2, %, P) are independent
if P(AN B) = P(A)P(B). This is the classical definition for the independence
between two events. <>

Proof By definition, A and B are independent if the fields 0 (A) and o (B) are
independent, which implies P(A’ N B’) = P(A")P(B’) for all A’ € o(A) and
B’ € o(B). The stated condition of independence follows by considering all possi-
ble pairs of events (A’, B’). The converse also holds, thatis, P(ANB) = P(A)P(B)
implies the independence of the fields o (A) and o (B). For example, P(A° N B) =
P(B)— P(ANB)=P(B)— P(A)P(B) = P(A°)P(B).

Note also that, the classical definition of independence between two events follows
from that of the conditional probability. If A and B are independent and P (B) > 0, the
conditional probability P(A | B) = P(ANB)/P(B) is unaffected by the occurrence
of Bsothat P(A | B) = P(A) implying P(AN B) = P(A)P(B). A

Example 2.17 Consider two events A and B as in Example 2.16. If AN B = ¥ and
P(A), P(B) > 0, then A and B are not independent since P(AN B) = P(?#) =0
and P(A), P(B) > 0.

Definition 2.16 The events A;, i = 1,...,n, on a probability space (£2, .7, P)
are independent if

m
P(Ai N A, N -0 AL =[] PA) (2.12)
k=1

holds for any subset {i, ..., i,}of {1,...,n}.

Example 2.18 The requirement in (2.12) is essential for three or more events. It is
not sufficient to satisfy (2.12) for the entire collection of events. For example, set
Q2 = {1,2,3,4), .F = all parts of £, and P({1}) = +/2/2 — 1/4, P({2}) =
1/4, P({3)) = 3/4 —/2/2, and P({4)) = 1/4. Let A} = {1,3}, Ay = {2,3},
and A3z = {3, 4} be events in (£2, .%). The probability of A; N A, N Az = {3} is
P({3}) = 3/4—«/5/2 andisequalto P(A1)P(A2)P(A3z). However, P(A1NA2) #
P(A1)P(A2) (91, p. 2). &
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Definition 2.17 Let (£2,.%, P) be a probability space and let 6; C %, i € I, be
families of subsets of #.If I = {1, ..., n} is finite, %; are said to be independent
if any A} € 41,...,A, € %, are independent events. If I is not finite, 6; are
independent if 4;, i € J, are independent families for each finite J C 1.

This definition and the following criterion can be used to show that two or more
o-fields are independent. The criterion uses classes of events forming a 7 -system. A
collection % of subsets of £2 is said to be a w-system if it is closed to finite intersection,
that is, A, B € % implies AN B € %. If &; is a nonempty class of events in .%

foreachi =1, ..., n, such that (1) %; is a w-system and (2) 6;, i = 1,...,n, are
independent, then the o-fields 0 (%;), i = 1, ..., n, are independent ([11], Theorem
4.1.1).

Definition 2.18 Let (£2,.%#, P) be a probability space, S a metric space, .7 the
o-field induced on S by its metric, and X; : 2 — S, i € I, a collection of random
elements, that is, a collection of (%, .¥’)-measurable functions, where I may or may
not be finite. The random elements X; are independent if the o-fields o (X;) =
o(X; ! (&), i € I) generated by these elements are independent.

Example 2.19 Let X and Y be real-valued random variables defined on (£2, .%, P).
The independence of o (X) and o (Y) implies P (X ! ((—oo0, xDNY (=00, y]) =
P(X < x)P(Y <y) = Fx(x)Fy(y), x,y € R, where Fx and Fy denote the
distributions of X and Y. The converse also holds, that is, P(X < x,Y < y) =
Fx (x)Fy(y) implies the independence of o (X) and o (Y). For example, P({a; <
X<ajn{by <Y <bh)=PX=<a,Y<b)—-PX=<a,Y<b)-PX=
a2, Y < b)) + P(X < a1, Y < by) by properties of the probability measure,
or P{a1 < X < ax}N{by <Y < b)) = Fx(ax)Fy(b2) — Fx(a1)Fy(b2) —
Fx(a2) Fy(b1) + Fx(ap) Fy(by), so that P({a; < X < a}N{by <Y < by}) =
(Fx(a2) — Fx(a1))(Fy(b2) — Fy(b1)) = P(a1 < X < a)P(by <Y < by). The
latter relationship implies the independence of the o -fields o (X) and o (Y) since the
intervals (ap, az] and (b1, by] are arbitrary. <

Example 2.20 Let Xy, k = 1,2, ..., be independent, real-valued random variables
on a probability space (£2, .%, P) and ¢ : R — R Borel measurable functions. The
random variables ¢; o Xi, k = 1,2, ..., are independent.

Proof We have (pk_l((@) C % and Xk_l(gok_l(%)) C 7 because ¢y is a Borel
measurable function and Xy is a random variable. Since Xk_l (o ! (AB)) C Xk_1 (RB)

and the o -fields Xk_1 (#), k=1,2,...,areindependent by assumption, the random
variables ¢ o X are independent. <>

Example 2.21 LetX(f)and Y(?),t € [0, 1], be simple real-valued processes with con-
tinuous samples (x1(?), ..., x,(¢)) and (y1(¢), ..., y»(t)) occurring with probabili-
ties (p1, ..., pm)and (q1, ..., gn), respectively. It is assumed that both processes are
defined on the same probability space (§2, %, P), so that they are measurable func-
tions from (£2, %) to (C[0, 1], %), and A; = {w € 2 : X(w) =x;}, i =1,...,m,
andB; ={w € 2 : Y(w) =y;}, j=1,...,n, are measurable partitions of £2. The
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processes X and Y are independent if the o-fields generated by {A;,i = 1, ..., m}
and {B;, j = 1, ..., n} are independent. <>

2.5 Sequence of Events

Let {A,,n = 1,2, ...} be a sequence of events in a probability space (£2, %, P).
Properties of probability measures that involve increasing/decreasing, convergent,
and arbitrary sequences of events are discussed.

Definition 2.19 The sequence {A,,n = 1,2, ...} is said to be increasing if A,, C
Ay4q foralln. If A, O A,y for all n, the sequence is decreasing. The sequence is
convergentiflimsup, , ., A, = N72 U2 Agandliminf, oo Ay = Up2 | NZ2, Ag
coincide, and we use the notation lim, o A, = limsup,_, , A, = liminf, - A,
for the limit of {A,}. Note that lim sup,,_, ., A,, liminf,_~ A,, and lim,—.« A,
are events in (2, %, P).

Theorem 2.6 (Continuity of probability measure) Let {A,,n = 1,2,...} be an
increasing or decreasing sequence of events. The numerical sequence {P(Ay),n =
1, 2, ...} isincreasing or decreasing and converges to P(A), where A = lim, .0 Aj.

Proof Suppose {A,} is increasing, so that it converges to A = lim, o0 A, = U2 |
An. Set By=Ay and B, =A\A,—1, n=2,3,..., so that A, = Uj_,| By,
A= U, By, P(A) =P By) =27, P(By) = limy o D4 P(Bp) =
lim,,— oo P(UZ:1 By) = lim,,_. o P(A;) since { B, } are disjoint events. Similar argu-
ments hold for decreasing sequences. A

A direct consequence of Theorem 2.6 is that, for a sequence {A,,n = 1,2,...}
of convergent events, probability and limit can be interchanged, that is,

lim P(A,) = P(lim A,) = P(A), (2.13)
n—00 n— 00

where A = limsup,,_, ., Ay = liminf,_, A, (Exercise 2.9 and [11], Sect.2.1).

Let{A,,n =1, 2,...} beasequence of events in a probability space (£2, .7, P),
and let A = limsup,_, ., A, = N2, UZ2, Ag be an event in this space. It can be
seen that w € A if and only if w € A, for infinitely many indices n. We use the
notation

{A, i.0.} = {A, infinitely often} = N2, URZ, Ay = limsup A, (2.14)

n— o0
to indicate this property.

Theorem 2.7 (Borel-Cantelli lemma) If {A,,n = 1, 2, ...} is a sequence of events
such that 3 7> | P(A,) < o0, then P(A, i.0.) = 0.

If {A,,n = 1,2,...} is a sequence of independent events, then P(A, i.0.) = 0
and P(A, i.0.) = 1 ifand only if > 02| P(A;) < oo and > o2 P(A,;) = oo,
respectively.
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Proof We have P(A, i.0.) = lim,—oc P(U2, Ap) < limy—o0 > po, P(Ar) =0,
where the first and the last equalities hold since {Up2 A} is an increasing sequence
of events and > "2, P(A,) is convergent by assumption.

The proof of the second part of the Borel-Cantelli lemma can be found in [11]
(Proposition 4.5.2). A

Example 2.22 Let {X,,n = 1,2, ...} be a sequence of Bernoulli random variables
taking the values 1 and O with probabilities P(X,, = 1) = p, = 1 — P(X;,, =
0), n>1.1If 22‘;1 pn < 00, then P({X,, = 1} i.0.) = 0 by the Borel-Cantelli
lemma, so that X, is equal to 1, a finite number of times. Other illustrations of the
use of the Borel-Cantelli lemma can be found in [11] (Sect.4.5). <

Example 2.23 Let pg = P(V < v.r) denote the probability that yearly wind speed
maximum does not exceed a critical value v¢; at a site. The event {V < v} occurs
infinitely often with probability one since > o | po = oo for pg > 0 and the events
{V < v} in distinct years are independent. The statement follows from the second
part of the Borel-Cantelli lemma. <

2.6 Expectation

The expectation operator is first defined for simple random variables. The definition
is then extended to positive and arbitrary random variables, random vectors, and
random functions. The expectation operator is used to define moments of random
elements. Fubini’s theorem and applications of this theorem conclude the section.

Definition 2.20 Let (£2,.%, P) be a probability space, {A; € .%,i € I} a partition
of 2, I a finite index set, and a; € R¥ such that ||a;|| < co. Then

X=> ala, a R, (2.15)
iel
is called a finite, simple R?-valued random variable. The collection of simple random
variable is a vector space (Exercise 2.11).

Definition 2.21 The expectation of X in (2.15), denoted by E[X], f o XdP, or
fg X (w) dP(w), is

E[X]:/ XdP:/ X(w)dP(w):ZaiP(Ai). (2.16)
2 2

iel

Consider a mapping g : RY — R? such that ||g(a;)|| < 00, i € I. Then, g(X) is
a simple R? -valued random variable with expectation

E[g(X)] =D g(ai) P(A). 2.17)

iel
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The definition is meaningful since ||g(a;)|| < oo, i € I.

Following are the properties of the expectation for simple random variables.
Except for Jensen’s inequality (Exercise 2.12), all the other properties result directly
from (2.16) and (2.17). The random variables in the first three properties given by
(2.18) are real-valued.

If a; > 0in (2.15), then E[X] > 0,

If X < Ya.s., then E[X] < E[Y],

If g : R — R is convex, then g(E[X]) < E[g(X)] (Jensen’s inequality),
E[aX + BY] = «E[X] + BE[Y], « B <R, and

/ XdpP = Z/ X dP, where {B; € .7} is a measurable partition of £2.
U; Bi ; B;

(2.18)

The second and the fourth properties show that E[-] is a monotone and a linear
operator. Jensen’s inequality implies | E[X]| < E[|X|] since the absolute value is a
convex function. The inequality also follows from the definition of the expectation,
which gives | E[X]| = | Y, a;i P(AD] < X lail P(A7) = E[|X|].

We now extend the definition of expectation in (2.16) to positive real-valued
random variables and, subsequently, arbitrary random variables.

Definition 2.22 Let X be a real-valued, positive random variable defined on a proba-
bility space (£2,.%, P), thatis, P(X > 0) = 1. If P(X = o0) > 0, set E[X] = oo.
Otherwise,

E[X]= lim E[X,], (2.19)

where X, is an approximating sequence of finite-valued simple random variables
such that X, 1 X and E[X,] is finite for each n.

The definition is meaningful since (1) there exists an increasing sequence of simple
random variables X,, > 0, n = 1,2, ..., referred to as an approximating sequence
of X, such that lim,,_, . X,,(®w) = X (w) for almost all w’s ([11], Theorem 5.1.1) and
(2) the expectation in (2.19) is well-defined since the value of E[X] does not change
if {X,} is replaces with another approximating sequence Y, 1 X ([11], Proposition
5.2.1).

Definition 2.23 Let X be a real-valued random variable defined on a probability
space (£2,.%, P), and set XT = X v 0 = max(X,0) and X~ = (-X) V0 =
max(—X, 0). The expectation of X is

E[X] = [ E[X]= E[XT]— E[X"], if E[X*] < oo and/or E[X"] < 0o
Does not exist, if E[XT]= E[X"] = oo.
(2.20)
If both expectations E[X ] and E[X ~] are finite, then E[X] exists, is finite, and has

the expression E[X] = E[X ] — E[X ). If only one of the expectations E[X1]and
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E[X ] is finite, then E[X] exists but is unbounded. As for simple random variables,
we have

E[Xlg]z/ lg(a))X(cu)dP(a))z/XdP, Be 7, 2.21)
2 B

and, if E[X1p] is finite, we say that X is integrable with respect to P over B or just
P-integrable over B. The definitions in (2.20) and (2.21) extend directly to random
vectors and complex-valued random variables by applying them to the coordinates
and real/imaginary parts of these variables, respectively.

Example 2.24 Let X(w) = P2+ j2 be a random variable defined on (£2, .%, P),
where 2 ={w=(,j):i,j =1,2,...,6}is the sample space for the experiment
of rolling two dice, .# consists of all subsets of £2, and P({w}) = 1/36. Then
X is a positive, simple random variable and E[X1p] = Z:weB(i2 + jz)(1/36) =
[(2)40) + (2)(34) +32]/36 =5for B={w = (i, j): i+ j=8}.<

The second and the third properties in (2.18) are also valid for the expectation in
(2.20) (Exercises 2.12-2.14 and [4], Sect. 3.2). Following are the properties specific
to the expectation in (2.20).

Theorem 2.8 Let X be a real-valued random variable defined on a probability space
(82, 7, P). Then ([4], Sect.3.2)

E[XIA]=/XdP, AeF, isﬁniteifandonlyif/|X|dP<oo,
A A

IfX > 0a.s., then/ XdP > 0, and
A

If X is P — integrable, then X is finite a.s., that is,
N = {w:X(w) = £o0} € FandP(N) = 0. (2.22)

Definition 2.24 Let X be a real-valued random variable defined on a probability
space (£2, .%, P) and let ¢ > 1 be an integer. If u(q) = E[X] exists and is finite,
it is called the moment of order ¢ of X. The mean of X is u = u(1). If E[(X — u)?]
exists and is finite, it is called the central moment of order ¢ of X. The central moment
o2 =E[(X — u)z] is the variance of X. The square root o of the variance o2 is the
standard deviation of X. The scaled versions of the third and fourth central moments
3 = E[(X — n)31/o3 and y4 = E[(X — n)*]/o* are the skewness and kurtosis
coefficients of X. The ratio v = o/u defined for u # 0 is called coefficient of
variation.

The definition of moments of X is meaningful since the mappings X +— X9,
(X — w)? are continuous and, therefore, measurable. Hence, X7, (X — w)9 are
random variables on (£2, .7, P).

Definition 2.25 Let X = (X1, ..., Xz) be an R?-valued random variable defined
on a probability space (£2, %, P) and let ¢ > 1 be an integer. The moments of order
q of X are
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d

g1, - qa) = E[HX?‘} (2.23)
i=1

provided the expectations in (2.23) exist and are finite, where g; > 0 are integers
such that Zflzl qi = q. The mean or the expectation of X is the vector E[X] =
(E[X1] = n(1,0,...,0),..., E[Xq] = p(0,...,0,1)). The (d, d)-matrix r =

{rij = E[X;X,]l,i,j = 1,...,d} whose entries are moments of order g =2 is
called the correlation matrix of X. The formula in (2.23) with X; — E[X;] in place
of X;, i =1,...,d, give the central moments of order g of X. The (d, d)-matrix

c={cj = E[(X;—E[X;D(X;—E[X;D],i,j=1,...,d}is called the covariance
matrix of X. The scaled version of the covariance matrix p = {p;; = E[(X; —
E[X;)(X; —E[X;]/(0;0))],i, j =1,...,d} is the correlation coefficient matrix,
where al.z =cii, 1 =1,...,d.

The definition in (2.23) is meaningful since the mapping X +> Hle X?i is
continuous so that it is measurable implying that H?:l X?i is a random variable
defined on the same probability space as X. Similar considerations hold for the
mapping X — ]_[?Zl(Xi — E[X;])%.

Definition 2.26 Let X be an R?-valued random variable with finite moments of
order 2. Two distinct coordinates X; and X ; of X are said to be orthogonal if r;; =
E[X,'Xj] =0.1If Cij = (X,' — E[X,'])(Xj — E[Xj]) = O, then X,’ and Xj are said
to be uncorrelated. The correlations and covariances of X coincide if E[X;] = O for
alli=1,...,d.

Example 2.25 Let X = U +iV be a complex-valued random variable, where U and
V are real-valued random variables. If E[|U|] < oo and E[|V|] < o0, then E[X]
exists and is equal to E[X] = E[U] + i E[V], that is, the real and imaginary parts
of X are viewed as the coordinates of a two-dimensional vector. <

The coordinate by coordinate definition of the expectation for random vectors
extends directly to random functions by viewing their values at various arguments
as coordinates of a random vector with finite, countable, or uncountable number of
coordinates.

Definition 2.27 Let X (1) = (X,(¢), ..., Xq(t)), t € D € R?, be an R¥-valued
random function defined on a probability space (£2, .7, P). The expectation of X (¢)
exists if and only if the expectation of all its coordinates {X;(¢),t € D,i =1, ...,d}
exist. In this case, we have E[X (1)] = (E[X{(1)], ..., E[X4(1)]), t € D.

Example 2.26 Let Y| and Y, be random variables on a probability space (§2, .%, P)
such that E[|Yx|] < oo, k=1, 2. The R2-valued random function X () = (X;(t) =
Yy cos(t), Xo(t) = Yasin(t)), t € [0, 2], is defined on (§2, %, P) and has expec-
tation (E[X(¢)] = E[Y1]cos(?), E[X2(t)] = E[Y>]sin(?)), t € [0, 27]. &

We conclude this section with the statement of Fubini’s theorem specifying con-
ditions under which integrals of measurable functions defined on product probability
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spaces can be performed sequentially. The theorem is used extensively in calcula-
tions, as illustrated by two examples.

Theorem 2.9 (Fubini’s theorem) Let ($2k, %, Pr), k = 1,2, be two complete
probability spaces and denote by 2 = 21 x §22, F = F| x Fp, and P =
P1 x Py the product sample space, o -field, and probability measure. If (w1, w2)
X (w1, w) is .F -measurable and P-integrable, then

X (wy, +) is .#,—measurable and P,—integrable for each w; € £2;,

/ X (-, ) Py (dwy) is .#1—measurable and Pj—integrable, and
§2

/ X(w)P (dw) =/ |:/ X(wi, a)z)Pz(da)z)i| Pi(dwy). (2.24)
Q2 21 L/

If in addition X is positive and either side of (2.24) exists and is finite or infinite, so
is the other side of the equality, and the equality is valid ([4], p. 59).

Example 2.27 Let (2, %, P) and ([0, 1], ([0, 1]), A) be measure spaces, where
A denotes the Lebesgue measure. Let X : ([0, 1] x £2, Z([0, 1]) x #) — (R, B)
be a measurable function defined on the product of these spaces endowed with the
product measure A x P. It is common to interpret the first argument of X as time.
The integral /1 (A, w) = fA 1p(X(s,w))ds, A € A([0,1]), B € A, represents the
time X (-, w), o € §2, spends in B during a time interval A. The expectation of this
occupation time is E[/ (A, w)] = [, P(X(s) € B)ds. <

Proof The measurable mapping (s, w) +— X(s,w) is said to be a stochastic
process, and s — X(s, w) is sample w of X. For 2 = {#, {0, 1}, {0}, {1}}, the
indicator function, 15:(R, 4) — ({0,1}, %), B € 4%, is measurable so that
10 X:([0, 1] x £2, A([0, 1]) x F) — ({0, 1}, %) is also measurable. The expec-
tation of the occupation time is

E[I(A,w)]:/ IB(X(s,a)))dsP(dw)z/ |:/ IB(X(s,w))dS]P(da))
N2%xA 2 A

=/ [/ 1B(X(s,a)))P(da))i|ds=/ P(X(s) € B)ds,
A 2 A

by Fubini’s theorem ([11], Example 5.9.1). A

Example 2.28 Consider a cantilever beam with unit length and stiffness that is fixed
atits left end and subjected to a distributed random load X(x), x € [0, 1]. Itis assumed
that the mapping (x, @) — X (x, w) is measurable from ([0, 1] x §2, Z[0, 1] x .%)
to (R, #) and A x P-integrable, where A denotes the Lebesgue measure on the real
line. The beam displacement U(1) at its free end and its expectations are
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U(l):/ Xx4+wul0<u<1l—y,0<y<z)dudyd; and
[0,113

E[U)] =/ E[X(x+wlul(0<u<1-y,0<y<z)dudyd:.
[0,113

If E[X (x)] = q is space invariant, then E[U (1)] = ¢/8. <

Proof The beam displacement satisfies the equation U” (x) = —M (x) with bound-
ary conditions U(0) = 0 and U’(0) = 0, where M(x) = — Ol_x X(x + u)udu
denotes the bending moment in the beam. The solution of this equation is U (x) =
Jdz [Edy f37) X (x 4 u) udu, so that

E[U1)] =/ Xx+u,oul(0<u<l-y,0<y<z)dudydzP(dw),
2x[0,11?

where du dy dz is the Lebesgue measure on [0, 1]3. Since (u, v, z, w) —X(u, y, z, )
is measurable, we have

E[U()] :/ |:/ X(x+u,y,z, a))P(da))i|ul(O <u<l-y,0<y<2z)dudydz,
o1p3 L/

by Fubini’s theorem, which gives the stated formula of E[U (1)]. A

Example 2.29 Let X (t, w) and Y (¢, w) be real-valued random variables defined on a
probability space ([0, t] x £2, B[0, 1] x F, A x P), 0 < T < 00. Suppose X is the
solution of the differeqtial equation X, w) + 2{v05((t, w) + V(Z)X(l, w) =Y(t, w)
with X(0,w) = 0, X(t,w) = 0, where ¢ € (0,1) and vg > O are constants,
and the dots denote time derivatives. We will see that the solution of this equation
is a stochastic process, that is, a family of random variables indexed by ¢ € [0, 7],
defined by X (¢, w) = fot h(t—s)Y (s, w)ds, where h(u) = exp(—¢vou) sin(vgu)/vgq
and vy = voy/1 — ¢2. The expectation of this process at an arbitrary time ¢ is the
double integral E[X (¢, w)] = fg [fot ht—5)Y (s, ) ds]P(da)). Ifh(t—s5)Y (s, w)
is A[0, 1] x .# -measurable and A x P-integrable, Fubini’s theorem applies and gives

t
E[X(t, w)] =/ h(t —s)E[Y (s, w)] ds (2.25)
0

so that E[X (t, w)] = uy fé h(t —s)ds if E[Y (s, w)] = u, is time invariant. <

2.7 Convergence of Sequences of Random Variables

Let X and X,,, n = 1,2, ..., be real-valued random variables defined on a proba-
bility space (£2, %, P). There are various definitions for the convergence X,, — X
depending on the manner in which the discrepancy between X,, and X is measured.
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Definition 2.28 The sequence {X,} converges to X almost surely (X, 2% X ), in

probability (X, —% X), in distribution (X, — X), and in L? (X, =% X),
where p > 1 is an integer, if

lim X, (w) = X(w), Vo € 2~ N with P(N) =0,
n—0oo

lim P(]X, — X|>¢) =0, Ve>0,

n—oo

lim F,(x) = F(x) at continuity points x € R, and
n—oo

lim E[|X, — X|”] =0, (2.26)
n—0oo

respectively. The convergence X, o8 X for p = 2 is called mean square (m.s.)
convergence and is denoted by X, 2% X orLim. n—ooXn = X.

Figure 2.1 adapted from [7] (Sect.2.13) gives essential relations between various
types of convergence. An extensive discussion on relationships between convergence
types can be found, for example, in [4] (Chap.4) and [11] (Sects. 6.3 and 8.5). We only
discuss some of the arrows in Fig. 2.1. That m.s. convergence implies convergence
in probability follows from the Chebyshev inequality.

The convergence X, 2% X means P(|X,—X| > ¢ i0.) = 0fore > 0 arbitrary,
since it requires that | X, (w) — X ()| gets small and remains small for almost all
o € 2. Wehave 0 = P(limsup,_, o, | X, — X| > ¢) = limy— 00 P(Up>p| X —
X| > &) > limy_oo P(|Xn — X| > ), that is, X, — X.

To show that the convergence in distribution is implied by that in probability, note
that for ¢ > 0 arbitrary, we have

PX,<x)=PX, =x,|X;, —X|<e)+ P(X;, =x,|X;, — X| > ¢)
SPXy <x, | Xy —X|<e)+ P(Xy, — X| > ¢)
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and P(X, <x,|X, — X|<e)<PX,<x,X<X,+¢e)<P(X<x + &), which
gives P(X;, <x)<P(X<x+¢)+ P(|X, — X| > ¢). This inequality and a sim-
ilar inequality obtained by interchanging X with X, yield P(X<x — ¢) —
P(X, —X|>¢) < PX, <x) < PX<x+e)+ P(X, — X| > ¢), sothat
lim,~ P(X, <x)= P(X < x) provided the distribution of X is continuous at x.

Example 2.30 Let{X,}be asequence of random variables converging in probability
to X. Then {X,} is a Cauchy sequence in probability, that is, for arbitrary ¢ > 0 and
n > 0 there exists n(g, n) such that P(|1X,, — X, | > &) < nform,n > n(e, n). <>

Proof Since P(|1X,;, — X| + | X, — X| > &) < P(| X,y — X| > ¢/2) + P(|X,, —
X|>¢/2)and P (|X,, — X| > ¢/2, P(| X, — X| > €¢/2) - 0asm,n — oo, the
sequence {X,} is Cauchy in probability. A

Example 2.31 If {X;} are uncorrelated random variables with finite mean p and

variance o2, then ZZ:] Xy —wn)/n L 0asn — oco. The convergence is referred
to as the weak law of large numbers ([9], p. 36). <

Example 2.32 1f { X} are independent identically distributed (iid) random variables

with finite expectation, then > ;_, Xi/n 2% E[Xilasn — oco.The convergence is
referred to as the strong law of large numbers [11] (Sects. 7.4 and 7.5). It shows that
averages along almost all infinite samples of the sequence (X1, X», ...) are equal to
E[X1]. ¢

Example 2.33 1If {X} are iid random variables with finite mean u© = E[X|]

and variance 0> = E[(X; — p)?], then (1/y/n) Y}_(Xx — w)/o < No. 1
as n — oo. The convergence is referred to as the central limit theorem ([11],
Sects.8.2). &

Theorem 2.10 (Dominated, bounded, and monotone convergence theorems) Let
Xn, n = 1,2,..., be real-valued random variables defined a probability space
(2, F, P) such that lim, o0 X,, = X a.s., A € %, and Y a random variable
defined on the same probability space. If

(1) | Xy <Yas,Y >0, and/ YdP < oo,

A
(2) |Xul < ca.s. for a positive constant ¢, or

(3) X» = 0a.s. is an increasing sequence that can take on the value 400, then

lim [ X,dP = / (lim X,)dP = / X dpP, (2.27)
n—>o0 A A n—o0 A

an equality referred to as the dominated convergence, the bounded convergence,
or the monotone convergence under condition (1), condition (2), or condition (3),
respectively ([4], Sect.3.2).

The interchange of limit and integral operators in (2.27) resembles a property of
Riemann integrals. For example, if the sequence of real-valued functions {4, (x)}
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converges uniformly to A(x) on [a, b], we have fab h(x)dx = fab lim,,_, o0 1y (x) dx =

lim,— oo fab hy,(x) dx, where fab(~)dx denotes a Riemann integral ([2], Theorem
30.3).

Theorem 2.11 (Integration term by term, Fatou’s lemma, Lebesgue’s theorem) If
{X,} and Y are random variables on a probability space (2, %, P) and A € F,
the following three statements hold.

IfZ/ |X,| dP < oo, then/ZXndP=Z/XndP;
n A A n n A

If X, >0a.s.0onA, then/(liminf X,)dP < liminf/ X, dP; and
A n n A
If | X,,| <Y whereY > 0 a.s. and P — integrable over A, then
/(limian,,) dP < liminf/ X,dP < limsup/ X, dP < /(limsupX,,) dP.
A n n A n A A n
(2.28)

Proof The proof of the first two statements in (2.28), that is, integration term by
term and Fatou’s lemma, can be found in [4] (Sect.3.2). We only prove the last
statement, that is, Lebesgue’s theorem. Recall that Ag>, Xy and V>, X are increas-

ing and decreasing sequences and that liminf, . X, = Sup,> infrsy Xp =
limy— 0o Ak=n Xk and limsup,_, o, X, = inf,>1supgs, X = lim,—c0 Vizn Xk.
Notethat Vi>, Xk = —Ak>n(—Xi) sothatlim sup,,_, ., X, = —liminf, o (—X,).

We also have {V, X, < x} = N, {X, < x} € ¥ and (A, X, > x} = Np{X, > x}
eZ.
The Fatou lemma applied to sequence {X,, + Y}, X, +Y > 0 a.s., gives

/(limian,,)dP+/Ydeliminf/ XndP~|—/ Y dP
A A A A

so that [, (liminf X,,) dP < liminf [, X,, dP. The last inequality in (2.28) results
from sup{X,, X,+1,...} = —inf{—X,, —X,41,...}. The middle inequality in
Lebesgue’s theorem is valid since [, X, dP is a numerical sequence. A

Example 2.34 1If {X,} is a sequence of real-valued random variables converging
a.s. to X and there exists a random variable Z >0 a.s. such that | X, | < Z, then
lim,— o E[X,] = E[lim,_, o X,] = E[X]. This convergence results by Lebesgue’s
theorem with A = 2. &

‘We conclude this section by noting that the family of random variables { X } defined
on a probability space (§2, .7, P) with the property E[| X |”] < oo constitute a vector
space that, with the norm || X|| = (E [xr ]) P becomes a Hilbert space denoted by
LP(2, 7, P), where p > 1 is an integer. Properties of L”(£2, .%, P) relevant to
our discussion are in Sect. B.5.
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2.8 Radon—-Nikodym Derivative

A direct application of Radon—-Nikodym derivatives is the construction of improved
Monte Carlo simulation algorithms for estimating properties of random elements.

Definition 2.29 Let (£2,.%) be a measurable space and let u, v:2 — [0, oo] be
measures on this space. If u(A) =0, A € %, implies v(A) = 0, we say that v is
absolutely continuous with respect to x and indicate this property by the notation
v u Ifv < pand p < v, then v and p are said to be equivalent measures.

Example 2.35 Consider a measure space (£2,.%, u) and a measurable function
h:(2,.7) — ([0,00), ([0, 00))). Then

V(A) =/ hdu, AeF (2.29)
A

is a measure that is absolutely continuous with respect to . <

Proof The set function v is positive by definition. It is countably additive since for
A, e ¥, n=1,2,..., disjoint sets, we have

[o)e]
v(uff;lAn)=/ hdp,z/ZhlAndy,
Ux® A n=1

OO”=] ' o0 o
- Z/hun du = Z/ hduw =" v(Ay).
n=1 n=1 An n=1

The term by term integration is valid whether > > | [ h14, du is or is not finite since
h is positive. The measure v is absolutely continuous with respect to p since

v(A) = / hdi = / B du < sup(h(@))(A)
A 2

w€eA

so that ;£ (A) = 0 implies v(A) = 0 with the convention 0 - co = 0. A

A converse of this example is provided by following theorem, referred to as the
Radon—Nikodym theorem, that guarantees the existence of a measurable function h
satisfying (2.29) for given measures i and v under some conditions.

Theorem 2.12 [f i and v are o-finite measures on a measurable space (2, F)
such that v < [, then there exists a measurable function

dv
h = % (82, %) — ([0, 00), B([0, 0))), (2.30)

called the Radon—Nikodym derivative of v with respect to ., such that (2.29) holds
([5], Theorem 18, p. 116).
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Example 2.36 Let X be areal-valued random variable defined on a probability space
(2, %, P). The measure Q induced on (R, %) by P, that is, the distribution of X, is
Q(B) = P(X~(B)), B € A.Set F(x) = Q((—00, x]) for B = (—o00, x], x € R.

Suppose Q is absolutely continuous with respect to the Lebesgue measure A on the
real line, that is, A(B) = 0 implies Q(B) =0 for all B € 4. Since Q is a probability
measure, it is finite and, hence, o-finite. Theorem 2.12 shows that there exists a
Randon-Nikodym derivative 2 = dQ/dr : (R, ) — ([0, 00), A([0, o0))) such
that Q(B) = fB hd) for all B € . For B = (—o0, x] we have F(x) = Q(B) =
ffoo f () dr(u) with the notation # = f. The function f(x) = dF (x)/dx is called
the probability density function or the density of X. <>

2.9 Distribution and Density Functions

Let X be an R?-valued random variable defined on a probability space (£2, .%, P).
For u,v € R¢, we use the notation u < v(u < v) to mean u; < v;(u; < v;) for
alli =1,...,d. Similarly, (—oo, u] denotes the rectangle xle(—oo, u;]. We have
seen that the distribution Q of X is the probability measure induced on (R4, ),
that is, Q(B) = P(X'(B)), B € %% (Definition 2.12). It is common to view
distributions of random variables as probability measures Q defined for intervals
B = xle (—00, x;i]. This definition of Q is not restrictive ([11], Corollary 3.2.1 and
Proposition 3.2.4).

Definition 2.30 The distribution function of X is

F(x) = P(X~'((—00,x])) = P o X~ '((—00,x]) = Q((—00,x]), xR,
(2.31)
where Q = P o X! is the probability measure induced by P on (R?, B(R?)).

Definition 2.31 Let F be the distribution of an R?-valued random variable that is
absolutely continuous with respect to the Lebesgue measure A on R¢. The Radon—
Nikodym derivative of F with respect to A, referred to the density of X, exists and is
given by

, xeRe (2.32)
X,

Since P (ﬂ?zl {X; e (xj, x; + dx,-]}) >~ f(x) dx, the volume of fover an infinitesimal
rectangle x le (xi, x; +dx;] gives the probability that X takes values in this rectangle.

Definition 2.32 The distribution of one or more coordinates of X can be obtained
from the distribution or the density of X. For example, the distribution and the density
of X are Fi(x1) = F(x1,00,...,00) and fj(x1) = fRd—l f(x)dxy---dxg or
fi1(x1) = dFy(x1)/dx1, respectively.
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Let X be a real-valued random variable. Following is a list of properties of the
distribution function F of X that are useful for calculations. F is a right continuous,
increasing function with range [0,1]; F' can have only jump discontinuities and the
set of these jumps is countable; F is continuous at x € R if and only if P(X = x) =
0; limysoo F(x) =15 limys oo F(x) =0; Pla<X <b)=F(®)—F(a)>0
fora <b;and P(a < X <b)=F(b)—F(a)+ P(X =a)— P(X =b) fora <b.
These facts follow the properties of probability measures and real-valued functions
(Exercise 2.17, [7], Sect. 2.10.1, [11], Sect.2.1).

If the distribution F of a real-valued random variable X is absolutely con-
tinuous with respect to the Lebesgue measure on the real line, it has a density
f(x) = dF(x)/dx with the following properties: F(b) — F(a) = fab f(x)dx for
a <b, f(x)= F'(x) so that ffoo f(&)dE = F(x), f = Osince Fis an increasing
function, and ffooo f(x)dx = 1. Note that fis not a probability measure.

Example 2.37 Let X be a real-valued random variable defined on a probability space
(22, %,P)andlet g: (R, ) — (R, P) be a measurable function. If ¥ = go X, a
random variable on (£2, .%, P), has finite expectation, then

E[¥]= / Y () P(dw) = / ¢(X(@) P(dw)
2 2
_ / (0 0(dx) = / g () dF (x) = / e fmds, (233
R R R

where Q(B) = P(X~!(B)), B € 4, is the distribution of X. &

Proof If g = 1p, B € %, then E[Y] = P(X € B) = Q(B).If g = >, bilp,,
the subsets B; € Z partition R, I is a finite index set, and b; are real constants,
then E[Y] = > ,.;biP(X € B;) = > ,.; biQ(B;) since integration is a linear
operator. If g is an arbitrary positive Borel function, there exists a sequence of simple,
increasing, and measurable functions g,, n = 1, 2, ..., converging to g asn — 0.
The expectations of g, (X) calculated by all formulas in (2.33) coincide, so that
(2.33) holds also for g(X) by the monotone convergence theorem. If g is an arbitrary
Borel function, (2.33) holds since g = g7 — ¢~ and [ g(X)dP = [gT(X)dP —
[ & (X)dP. A

Example 2.38 A real-valued random variable X with density

2
o= e o5 cen oo
(2.34)
is said to be Gaussian with mean u, variance o2, and standard deviation o, a property
denoted by X ~ N (u, 0'2). The function ¢ (1) = exp(—u?/2)//27, u € R, is the
density of the standard Gaussian variable N (0, 1). <

Example 2.39 Consider aCauchy random variable X with density f(x) = a /[ (a’>+
xz)], x € R, where a > 0 is a constant. The expectation of X does not exist since
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E[XT] = E[lx=0X] = [; xf(x)dx = alog(a® + x?)/(27) |F= +oo and
E[X7]=+00.<

Example 2.40 The distribution of X = F~! o ®(G) is F, where F is a continuous
distribution, @ denotes the distribution of N(0,1), that is, @ (x) = ff oo P (u) du, and
G~N@O1D.¢

Proof Since X is a continuous function of G, it is a random variable. We have
P(X <x)=P(F od®(G) <x)=P(G < ® (F(x))) = F(x), x € R.Similar
arguments show that @ (G) ~ U (0, 1) is a random variable uniformly distributed in
(0,1), that is, P(®@(G) < x) = x, x € [0, 1]. The representation X = Flo®(G)
is used to generate samples of random variables following arbitrary distributions. A

Suppose now that X is an R¢-valued random variable and d > 1. As for the case
d =1, we list the properties of the distribution function F of X: lim,, o0 F(x), 1 <

k < disthejointdistributionof (X1, ..., Xx—1, X1, ..., Xg), limy o F(x) =
Ofork € {1,...,d}, function x;y +— F(x) isincreasing foreachk € {1, ...,d}, and
function x; — F(x) is right continuous for each k € {1, ..., d}.

Definition 2.33 Let X be an R¢-valued random variable with density f. Denote by
XM and X@ | the first d; < d and the last d» = d — d; coordinates of X ford > 2.
The conditional density f11? of X1 given X® = 7 is

a2 S@.2)
R0y = L,

where f(k) denotes the density of X(k), k= 1,2, and xV = X1, ..., xgq). If
FARD D 2y = FD D), then XD and X@ are independent.

(2.35)

The conditional probability P(A | B) in (2.5) provides a heuristic interpretation
for the conditional density in (2.35). Since P(A | B) ~ fUP M | ) ax™ for
A={X1 e (x,x1+dx1], ..., Xg € (xq, Xg, +dxg 1} and B = {X 4,11 € (21, 21+
dz1l, ..., Xa € @2ay, 2dy + dzgy 1}, f(1|2)(x(1) | z) dx® represents the probability
that XV is in the infinitesimal rectangle (x1, x1 4+ dx1] X -+ X (Xgy, X, + dxq, ]
under the condition X® = z. A rigorous discussion on this topic can be found in
[5] (Sect.21.3, pp. 416-417).

Definition 2.34 An R?-valued random variable X is said to be Gaussian with mean
vector p and covariance matrix y if it has the density

fx)= [(h)"det(y)r”zexp[ - %(x — )y Nx - m] xeRY, (2.36)

where (-)’ denotes matrix transposition. We use the notation X ~ N (u, ) to indicate
that X has this property. If d = 2, w1 = pu2 =0, y1,1 = o2 =1, and y12 =
2.1 = p, p € (—1, 1), the density fis denoted by ¢ (-, -; p) and has the expression

x12 —2px1x2 + x%
2(1 — p?)

1
@ (x1,x2; p) = —eXP[ - } (x1, x2) € R?, (2.37)
2my/1 — p?
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and is referred to as the density of the standard bivariante Gaussian vector. The
parameter p is the correlation coefficient between the coordinates of X.

Example 2.41 Let X be a bivariate random vector with the density in (2.37). The
conditional density of X | (X2 = z) is

FAD (x| o) = p(x1.z:p) 1 exp[_ X —2pxiz+ 7 i}
#(2) m 2(1 — p2) 5
(2.38)

This density becomes FI2 (x| 2) =p(x)) forp=0 showing that X| and X are
independent for this value of p. <

Example 2.42 Let X be an R?-valued random variable with density f,.LetY = g(X)
where g : RY — R is a measurable function defining a one-to-one mapping between
X and Y. The density fy of Yis given by

HO) = fi x,y e RY, (2.39)

where J = {0x;/dyj,i, j = 1,..., d} denotes the Jacobian matrix.

Proof Sincex — y = g(x) is aone-to-one mapping, J is nonzero everywhere and so
is the Jacobian of the inverse mapping y — x = g~!(y). Let D, be a neighborhood
of x € R4 and Dy, ={ne R?:n = g(&), & € Dy} denote the image of D, by the
transformation x +— y = g(x). The equality P(X € Dyx) = P(Y € Dy) can be

written as [}, fx(§) & = ny fy(n) dn, or

(&1, ..., &)

dn = d
O 0) n Sy dn

Dy

JACE() ‘
Dy

by a change of variables. The last equality gives (2.39).

If the mapping y — x = g~!(y) has multiple solutions, we can construct a
partition {A,} of the x-space such that the mapping y — x is one-to-one in each
A,. The probability mass of D, is equal to the sum >, f,|J,| of the corresponding
contributions of the subsets A,, where each term f;|J,| is equal to the right side of
(2.39) for the restriction of y — x = g1 (y) to A,. A

Example 2.43 Let X ~ N(0, 1) and Y = cos(X). The distribution of Yis P(Y <y)
= > ez (P Qkm 4 cos™!(y)) — ®(2km — cos™!(y))) for |y| < 1 since {Y < y} if
X belongs to Ukez[2kn — cos~1(y), 2km + cos™! (y)]. &

Example 2.44 Let X ~ N(0, p) be an R¢-valued standard Gaussian variable with

pii = 1, and set ¥; = Ff] o @(X;), where F; are continuous distributions with

densities f;, i = 1,...,d. The density of Y = (Y1, ..., Yg) € R? is

i)
¢ (xi)

d
1
FiG1s - va) = (@) det(p)] ™ Pexp( = 5307 'x) H . (2.40)
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where x; = @' o F;(y;), i =1, ...,d. The non-Gaussian vector Y is said to be a
translation random vector ([6], Sect.3.1.1). <

Proof The equality P(ﬂl‘.lzlYi <y)= P(ﬂf.lle,' < x;) holds since the mappings
yi — x; = @1 o F;(x;) are invertible. This gives (2.40) by differentiation. Note
that (2.40) follows directly from (2.39) since |J| = H?:l fiOi)/o(xi). A

2.10 Characteristic Function

The characteristic function defines completely the probability law of random vari-
ables. We describe random variables by their distributions or characteristic functions
depending on the objective of the analysis.

Definition 2.35 Let X be an R?-valued random variable with distribution F. The
characteristic function of X is

o) = E[e™X] =/ ei"’XdF(x)z/ Y F(x)yde, ueR,  (2.41)
R4 R4

where fis the density of X, provided it exists and u’ denotes the transpose of u € R?.
The expectation of the complex-valued random variable exp(iu’X) is obtained
from the expectations of its real and imaginary parts, that is, E [exp(i u' X)] =
E[ cos(u’'X )] +iE [ sin(u’ X )]. The characteristic function is always defined.

Suppose first that X is a real-valued random variable. Following is a list of prop-
erties of the characteristic function of X that are useful for calculations: | (u)| <
9(0) = 1forallu € R; ¢(—u) = ¢(u)*, where z* denotes the complex conjugate
of z € C, ¢ is positive definite (Exercise 2.23); the characteristic and the density
functions are Fourier pairs, that is,

. 1 .
<p(u)=/e””f(X)dx and f(X)=2—/€_’"x<p(u)du:
R T JR

¢ is uniformly continuous in R; and, if X € LY, then ¢ € C4(R) and ¢¥)(0) =
iKE[X¥] fork = 1,...,q. Most of these properties result from the definition of ¢
but the proof of some properties requires technical arguments ([7], Sect. 2.10.3, [11],
Sects. 9.2-9.5).

Example 2.45 Consider a Cauchy random variable X with density f (x) = a /[ (a*+
], a>0 xeRrR (Example 2.39). The characteristic function of X exists and is
@(u) = exp(—alul), u € R. However, X has no mean since ¢ (u) is not differentiable
atu=0.<

Example 2.46 Let F(x) = > ,.; pk1(xx < x) be the distribution of a real-valued
random variable X, where I is a finite index set, p; > 0 such that Zke ; Pk =1, and
{xx} is an increasing sequence of real numbers. The characteristic function of X is
o) = Zkel prlcos(uxy) + i sin(uxy)] so that it does not vanish as |u| — oco. <&
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Example 2.47 Let X = 21](\/:1 Y be a compound Poisson random variable, where
N is a Poisson variable with intensity A > 0 and Y7, Y3, ... are iid random variables
that are independent of N. The characteristic function of X is

pu) = eXp( - X/R(l - e"”y)dFY(y)) =exp[—A(1 —gy))], u€eR, (242)

where Fy and ¢y denote the distribution and the characteristic functions of Y;. &

Proof We have p(u) = E[¢"“X1(N = 1)+ “*1(N =0)] = E[eiuszil (N >
D] + P(N = 0) and E[¢iZi=t FlWV=D] = $°% (o))  P(N = k). This

gives () = ¢+ 322 (hoy )"/ k! = expl—A(1 — gy ()] since P(N = n) =
e_’\)»”/n!, n=0,1,..., is the probability of the Poisson variable N. A

Suppose now that X is an R¢-valued random variable and d > 1. Following is a
list of relevant properties of the characteristic function ¢ of X: |p(u)| < ¢(0) =1
for all u € R?; the characteristic function and the density of X are Fourier pairs, that
is,

iu'x _ 1 —iu'x .
o) = /Rd e f(x)de and f(x) = —(Zn)d /]Rde o(u) du;

¢ is uniformly continuous; and ¢(u) = Hle ok (ug) if X has independent coordi-
nates, where ¢ (ur) = Elexp(iuiXi)].

Example 2.48 Let X ~ N(u, y) be an R?-valued Gaussian variable with density
given by (2.36). The characteristic function of X is

1
ou) = exp(iu’p, — Eu’yu), ueR?, (2.43)

If y is a diagonal matrix, that is, the coordinates of X are uncorrelated, they are
also independent since ¢(u) = szl ok (uy), where or(uy) = Elexp(iugXy)] =
exp(iuk ik — Vik u%/Z) and X ~ N (uk, ykx). Generally, lack of correlation does not
imply independence. However, independence and lack of correlation are equivalent
for Gaussian variables. <>

Example 2.49 Let X ~ N(u, y) be an R%-valued Gaussian variable and set ¥ =
aX + b, where a and b are (d’, d) and (d’, 1) matrices with constant entries. Then Y
is an R? -valued Gaussian variable with mean a w + b and covariance matrix aya’,
that is, linear transformations of Gaussian vectors are Gaussian vectors. <>

Proof The mean vector and the covariance matrix of Y can be obtained by direct
calculations using the definition of Y and the linearity of the expectation operator.
The characteristic function of Y is

.7 P - 1 . /
E[¢"VY] = E[¢!V X1V = exp(iu’u— Eu’yu)e”b, veRY, u=udveR?
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so that Y is an R? -valued Gaussian variable with the stated properties. A

Example 2.50 Let X ~ N(u, y) be an R?-valued random variable and denote the
firstd; < d and the last dy = d — d; coordinates of X by X1 and X respectively.
The conditional vector X = X | (X @ = z) is Gaussian with mean vector & and
covariance matrix y given by

p=n+y 2N - u®) and
p =yt -y 2@~y eDh, (2.44)

where 1) = E[X®P]and y 9 = E[(X") — uO) (X — 1Y, r,s =1,2.

Example 2.51 Let X ~ N(u, y) be a bivariate Gaussian vector. The random vari-
able,

N PO
X=p+ 0_2(X2 — U2)s (2.45)

is the optimal, mean square, linear estimator for X| given X», where 012 =¥1.1
2
05 =22, and po102 = y1 2. <

Proof Let Z = aX> + b, a,b € R, be a linear estimator for X1, and impose the
conditions that Z is unbiased and minimizes the mean square error E[(Z — X1)?]. The
first condition implies E[Z] = uj sothatapus +b = w1 and Z = a(Xy — o) + 1.
The mean square error

E[(Z — X1)*] = E[(a(X2 — jt2) — (X1 — u1))?] = a3 + o} — 2apor0n

of the estimator Z takes its minimum value at a = po/0o>. A

2.11 Conditional Expectation

Consider a real-valued random variable X defined on a probability space (§2, .7, P)
such that E[|X|] < oo, that is, the mean of X exists and is finite. Our objective is
to define the conditional expectation E[X | ¢] of X with respect to a sub-o-field ¢
of .#. The expectation E[X | ¢] can be viewed as a local average of X since ¢ is
coarser than .% .

Example 2.52 Let X be an R?-valued Gaussian variable with mean zero and covari-
ances E[Xl.z] =1, i =1,2,and E[X1X32] = p, |p| < 1. The joint density of X
and the density of X | (X, = z) are given by (2.37) and (2.38). These densities
show that X | (X2 = z) ~ N(pz, 1 — p?) so that E[X| | X» = z] = pz, a result
that can also be obtained from (2.44). &

Example 2.53 The sample space, the o-field .%, and the probability measure for
the experiment of rolling two dice are 2 = {w = (i,j) : i,j = 1,...,6}, the



2.11 Conditional Expectation 39

collection of all parts of §2, and P({w}) = 1/36, respectively. Let X be a random
variable defined on this space by X (w) = i+ j. The expectationof Xis E[X] = 7. Let
Ay ={w=(,j):inj=n}, n=1,...,6, be measurable sets partitioning §2, for
example, A4 = {(4,4), 4,5), (5,4), (4, 6), (6,4)}. The probability that an outcome
(i, j)isin A, is equal to the cardinality of A, dividedby 36.Let¥ = o (A4, ..., Ag)
denote the o-field generated by {A,,n = 1,..., 6}, so that the members of & are
unions of members of {A,,,n =1, ..., 6}.

The local averages E[X | A,]of X over A, canbe calculated simply. For example,
E[X|Al=(G4+DH+@+5+G+4)+@+6)+ (6+4)(1/5 =46/5 by
the definition of X and the fact that the members of A, are equally likely. Similar
calculations give the other local averages, for example, E[X | Ag] = 12. In general,
we have

1 1 1 1
= > X(w)—zi/ X dP.
card(A,)  card(A,)/36 o 36 P(Ap) Ja,

E[X| Ayl = D X()

weA,

Hence, the conditional expectation of X with respect to ¢ is a simple random variable
denoted by E[X | ¢], that takes the values { E[X | A,]} with probabilities { P (A,)},
that is, the random variable

6
E[X |9]=) E[X | Anla,.

n=1

This random variable is ¢-measurable and has the properties | A EIX | 9]dP =
Jy X dP forall A € 4 and E{E[X | 4]} = E[X]. <

Proof 1Ttisobvious that E[X | 4] is arandom variable on (§2, ¥, P). The members
of & are union of A,;, so thatif, forexample, A = A UA;, k # [, we have fA E[X |
G1dP = 35_ EIX | Anl [0, 14, dP = EIX | AJP(AQ)+ELX | AIP(A).
Direct calculations give [, XdP = [, E[X | 4]dP for A € ¢ arbitrary. We also
have E{E[X | 91} = 30_, E[X | A)lP(An) = 30_, [, XdP = [, XdP =
E[X]. <&

Example 2.54 Let X and Y be real-valued random variables defined on a probability
space (§2,.%, P). Suppose Y is discrete taking distinct values y;, i = 1,2,...,
so that the sets B; = {Y = y;} partition 2. If P(B;) > 0, the expectation of X
conditional on Y'is a discrete random variable denoted by E[X | Y] taking the values
E[X | Yl(w) = E[X | B;]forw € B;, where E[X | Bi] = E[X | Y = yi] =
f B * dF (x)/P(B;) and F denotes the distribution of X. <>

Proof The distribution of X conditional on B; is F(x | Bj) = P(X < x, B;)/P(B;)
so that the conditional expectation of X given B; can be calculated from E[X | B;] =
[xdF(x| B;) = fBi xdF (x)/P(B;).

The conditional expectation E[X | Y] is equal to the local average of X over
B;. It constitutes a coarser version of X that can be viewed as an approximation
of this random variable. Since the measurable partition {B;} of £2 generates the
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o-field o (Y), we may write E[X | o(Y)] for E[X | Y]. The conditional expectation
E[X | o(Y)] has the same properties as E[X | ¢] in the previous example. A

It is not possible to extend the definition of E[X | Y] in Example 2.54 to con-
tinuous random variables Y since, for example, {w € 2 : a < Y(w) < b}, a < b,
does not belong to the o -field generated by the sets {w € 2 : Y(w) =y}, y e R. In
agreement with an observation in this example, we set E[X | Y] to be the conditional
expectation E[X | o (Y)].

Definition 2.36 Let X be a real-valued integrable random variable defined on a
probability space (£2,.%, P), and let ¢4 be a sub-o-field of .%. The conditional
expectation E[X | 4] of X with respect to ¢ is the class of ¢-measurable functions
satisfying the defining relation

/XdP:/ E[X |¥41dP, VA ec%. (2.46)
A A

Note that E[X | ¢]exists ([4], Theorem 9.1.1) and is such that E[X | 4] = E[X]for
G ={0, 2}, E[X|¥9] = Xfor¥ = .% (Exercise 2.32),and E{E[X | 4]} = E[X]
by (2.46) with A = £2.

Theorem 2.13 Let X be a real-valued integrable random variable defined on a prob-
ability space (2, %, P), 9 a sub-o-field of %, and Z a real-valued ¢-measurable
function. Then

E[(X —E[X |9)Z] =0, YZe¥
E[XZ|¥] = ZE[X |¥] as., YZ 4. (2.47)

Proof The first equality in (2.47) holds for Z = 14, A € ¥, by the defining
relation. It also holds for simple random variables Z = Zn bulyp,, Ay €9, since
expectation is a linear operator.

The random variables E[XZ | 4] and ZE[X | ¢] in the second equality of (2.47)
are ¥-measurable. If Z = 14, A € ¢, (2.47) holds a.s., because for A € 4 the
left and the right sides of this equation are [, E[X1a | 4]1dP = [, X1,dP =
Jana XdP and [, 10E[X | 91dP = [,~, E[X | 91dP = [, X dP, respec-
tively, by the defining relation. This equality also holds for simple random variables
Z by the linearity of conditional expectation.

The extension of (2.47) to an arbitrary random variable Z results from the repre-
sentation of Z by a difference of two positive random variables, which can be defined
as limits of simple random variables ([4], Sect.9.1). A

Corollary 2.1 The conditional expectation E[X | ¥] is the projection of X on 4
and X — E[X | 9] is orthogonal to 4. Moreover, E[X | 4] represents the best mean
square (m.s.) estimator for X given the information content of 4.

Proof That X — E[X | ¢]is orthogonal to ¢ follows from the first equality in (2.47).
Since E[X | ¢] is the orthogonal projection of X on {Z : Z € ¢}, it is the best m.s.
estimator for X given ¢ ([8], Sects. 4.3 and 4.4). A
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Example 2.55 The conditional expectation E[X | 0(Z)] = E[X | Z] is the best
m.s. estimator of X with respect to the information content of o (Z), where X, Z €
L? (82, .%, P). The best m.s. linear estimator of X is

E[XZ] - E[X]E[Z]

X=X T Ezp

(Z - E[Z)). (2.48)

The estimator represents the linear regression of X with respect to Z, and becomes
X = E[X]if X and Z are uncorrelated. <

Proof The function X =aZ+bis o (Z)-measurable for any constants a, b. It is
the conditional expectation of X with respectto o (Z) if E[X14] = E[(aZ + b)1 4]
for all A € o(Z) by (2.46), which gives E[X] = E[)A(] =aE[Z]+ bfor A = 2.
The orthogonality condition in (2.47) implies E[(X — X )Z] = 0or E[XZ] =
aE[Z?] + bE[Z]. The solutions a, b of these equations introduce in X=aZ+b
give the expression of X in (2.48). The resulting estimator has the property that its
m.s. error E[(X — X)?] is smaller than the error E[(aZ + b — X)?] for all the other
values of @ and b. A

The following three theorems give properties of the conditional expectations that
are useful for calculations. The properties listed below are similar to those of expecta-
tion and hold a.s. As indicated at the beginning of this section, we consider real-valued
random variables defined on the same probability space (£2, %, P) and a sub-o -field

& of F.
Theorem 2.14 [f X and X,, are integrable random variables, then ([11], Sect. 10.3)

X € 4 implies E[X | 9] = X,

ElaX1+bX2 |9 =aE[X||9]+bE[X;]|¥] (linearity),

X| < X, implies E[X | 9] < E[X2 | ¥] (monotonicity),

|E[X | ¥4]| < E[|X] | ¥] (modulus inequality),

X, 1t ()X implies E[X,, | 911 (V)E[X | ¥9] (monotone convergence),

X, <Y as., E[Y] < o0 as., and X, > X imply E[X, | 4] — E[X | 9]
(dominated convergence).

(2.49)

Theorem 2.15 The Cauchy-Schwarz and Jensen inequalities are, respectively, ([4],
Sect.9.1)

(E[XY | 9))? < E[X? | 9]E[Y? | ¥] and (2.50)
g(E[X |¥]) <E[g(X)|¥], where g:R — R isaconvex function. (2.51)

Theorem 2.16 If 4 and %, are sub-o-fields of F such that 4 C %, then ([4],
Sect.9.1)
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E[X | %] =E[X | %] < E[X | %] % and (2.52)
E{E[X | ]| %} = EIX | %] = E{E[X | %] | %}. (2.53)

Definition 2.37 Let (£2, .%#, P) be a probability space and ¢ a sub-o-field of .#.
The conditional probability with respect to ¢ is

PA|9)=E[14|9], AecZ. (2.54)

The definition is meaningful since 14 is .#-measurable. The random variable
P(A | ¢) is integrable, ¢-measurable, and satisfies fA P(A|9)dP = P(AN A)
forall A € ¢.The latter equality holds since [, P(A | 9)dP = [, E[14 | 4]dP =
f 4 1a dP Dby the defining relation in (2.46).

Example 2.56 Let A and B be events on a probability space (§2, .%#, P) such that
P(B) > 0 and P(B¢) > 0, and consider the sub-o-field 4 = {#, 2, B, B¢} of ..
The conditional probability in (2.54) is

P(A|9)=E[la|9]=E[la|Bllp+ E[la | Bl
. P(AﬁB)1 P(AN B
P " PBY
where that latter equality holds by Example 2.53. This shows that P(A | ¥) is
a random variable taking the values P(A N B)/P(B) and P(A N B€)/P(B¢) with

probabilities P(B) and P (B¢), respectively. Note that P (A | ¢) extends the definition
of the conditional probability in (2.5).$

1pe, (2.55)

Example 2.57 Let X > 0 a.s. be a random variable defined on a probability
space (£2,.%, P) and ¢4 a sub-o-field of .%#. If E[X] < oo, the set function
Q(A) = E[X14], A € ¥, is a finite measure on the measurable space (£2,%).
The conditional expectation of X with respect to ¢ is the Radon—-Nikodym derivative
E[X |¥4]=dQ/dP.

This definition becomes E[X | ¢¥] = E[XT | 4] — E[X~ | ¢] for random
variables with E[|X|] < oo and E[X | 4] = (E[X1 | 9], ..., E[Xq | ¥4]) for
R?-valued random variables with finite mean. <>

Proof The defining relation for conditional expectation gives Q(A) = | 4 XdP =
fA E[X | 9]1dP, A € ¢. Since Q and P are finite measures and Q is absolutely
continuous with respect to P, the equality Q(A) = [, E[X | 4]dP, A € ¢, implies
E[X | 9] = dQ/dP by Theorem 2.12. A

2.12 Discrete Time Martingales

Martingales are essentials for constructing stochastic integrals. This section provides
a primer on discrete time martingales. An example is used to introduce an elementary
version of stochastic integrals.
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Definition 2.38 Let (£2, .%) be a measurable space. An increasing collection %y C
F1C - Fy C .- C.F of sub-o-fields of .7 is said to be a filtration in (£2, .%). A
probability space (£2, .%, P) endowed with a filtration (.%#,),>0 is called a filtered
probability space and is denoted by (£2, %, (%,)n>0, P). It is assumed that .%g
contains all the P-null sets of .%.

Example 2.58 Suppose the sequence X = (X1, X3, ...) gives outcomes of coin
tosses. The information content of the o-field .%, = o (X1, ..., X,,) is sufficient
to decide whether an event related to the first n tosses has or has not occurred. For
example, the event A = {at least 2 heads in the first five tosses} is .%#5-measurable
because we can decide after five tosses whether A has or has not occurred. If
{tail, tail, head, tail} is a sample of the first four tosses, the event A remains undecided
sothat A ¢ F4. &

Definition 2.39 Let (£2, %) and (¥, %) be measurable spaces, (%,),>0 a filtra-
tion on (§2, .%), and X = (Xo, X1, ...) a sequence of measurable functions from
(2, F) to (¥, ¥9). The sequence X is said to be adapted to the filtration (.-%,),>¢ or
F,- adapted if X, is .%#,-measurable for each n > 0. The minimal or natural filtra-
tion of X = (Xp, X1, ...), that is, the smallest o-field with respect to which X is
adapted, is the filtration o (X, X1, ..., X,), n > 0.

Example 2.59 Let X = (Xo, X1,...) be a real-valued sequence defined on a
probability space (£2,.%#, P) and set %, = o(Xy, X1, ..., X,). The sequences
Y, = g(X,) and ¥,, = maxo<;<,{X;} are .%,-adapted, where g : R — R is a Borel
measurable function. <

Definition 2.40 Let X = (Xo, X1, X2,...) be a sequence of real-valued ran-
dom variables defined on a probability space (£2,.%#, P) endowed with a filtra-
tion (.%,)n>0. The sequence Xo, X1, X2, ... is said to be an .%,-martingale if (1)
E[1X,]] < o0, n > 0, (2) X is F,-adapted, and (3) E[X, | Fn] = X, for
0<m<n.

If the equality in the third condition is replaced by > and <, then X is said to
be an .%,-submartingale and .%,-supermartingale, respectively. If the random vari-
ables X, are in L”($2,.%, P), X is called a p-integrable martingale, submartingale,
or supermartingale. If p =2, then X is said to be a square integrable martingale,
submartingale, or supermartingale.

Example 2.60 Let R, = Z?:l X;, n > 1, and Ry = 0 be a random walk, where
{X;} are iid random variables. If the random variables X; have finite mean, R =
(Ro, R1, Rz, ...) is an .%,-supermartingale, martingale, or submartingale depending

on the sign of expectation E[X], where %, = o(X1,..., X,), n=1,2,..., and
Fo=1{0,2}.¢
Proof Note that (Rg, Ry, ..., R,) and (Ry, ..., Ry,) are .%,-measurable for n > 1

so that R = (R, Ry, R2, ...) is Z,-adapted. Also, for n > m > 0, we have
E[R, | Z#n) = Ru~+ 2,41 E[Xi] = Ry + (n — m)E[X1] so that R is a super-
martingale, martingale, or submartingale if E[X] is negative, zero, or positive. A
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Example 2.61 Let R = (R, Ry, ...) be as in Example 2.60. If the random variables
X; have finite variance and mean zero, the sequence S, = Rﬁ = Z:’ =1 XiXj, n>
1, with Sop = 0 is an .%,,-submartingale and S,, — nE[X %] is an .%,-martingale. <

Proof The sequences S, and S, —nE[X %] have the first two defining properties for
martingales. For the third property, note that

ElSus1 | Ful = El(Ry + Xus0)* | Ful = E[R} + 2R Xos1 + Xi iy | o
= R+ 2Ry E[Xys1]+ E[X2 ] = S, + E[X}] = S,

since R, is .%,-measurable, X4 is independent of .%,,, and E[X,+1] = 0. Hence,
S = (S0, S1,...) is a submartingale. Since E[S,+1 — (n + DE[X?] | %] =
(Sy + E[X3]) — (n + DE[X}] = Sy — nE[X7], S, —nE[X?]is a martingale. A

Following are martingale properties resulting from their definition, Doob’s decom-
position, an elementary construction of stochastic integrals, two martingale inequal-
ities, and a brief discussion on stopped martingales.

Let X = (Xo, X1, ...) be asequence of random variables defined on a probability
space (£2, .#, P) with a filtration (.%,),>0. Then (1) if X is a submartingale, martin-
gale, and supermartingale, its expectation is an increasing, constant, and decreasing
function of time, (2) X is a martingale if it is both a submartingale and a supermartin-
gale, (3) if X is a submartingale, then — X is a supermartingale, and (4) the third defin-
ing condition for martingales can be replaced with E[ X, | -%#,] = X,,, n > 0.

Theorem 2.17 Let X = (X0, X1, . ..) be amartingale on afiltered probability space
(82, 7, (Fn)n>0, P). The series Y = (Yo, Y1, ...) defined by Yo = Xo — E[Xo]
and Y, = X,, — X,,—1, n > 1, is orthogonal, that is, E[Y,,Y,,] = 0 for m # n.

Proof The properties of X imply that Y, is integrable, .%,-measurable, and satisfies
ElY,| %,]1 =0, n > m.Forn > m, we have E[Y,Y,,] = E{E[Y,Y\u | ]} =
E{Y, E[Y, | %]} = 0since Y, is .%,,-measurable and E[Y, | .%,,] =0. A

Theorem 2.18 (Doobdecomposition) If X = (Xg, X1, ...) isan % ,-submartingale,
then there is an %, -martingale M, and an increasing process A, with the properties
Ag=0and A, € %,_1, n > 1, such that the representation

X, =A,+M,, n>0, (2.56)

holds and is unique. The representation shows that submartingales have a predictable
part A, that can be told ahead of time and an unpredictable part M,,.

Proof We first show that (2.56) is unique provided it exists. Note that E[X, |
Fn—1l = E[A, | Fu_1]l+ EM, | %—1] = Ay, + M, for n > 1. Substitut-
ing M, _ in this equation with its expression from (2.56), we obtain the recurrence
formula A, = A,—1 + E[X,, | #n—1] — Xu—1, which defines A uniquely since
Ag = 0.

We now show that the decomposition in (2.56) exists, that is, that there are
processes A and M with the stated properties. Let A,, n =0, 1, ..., be defined by
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the above recurrence formula with Ag = 0. Note that A, € .%,,_1 and A,, > A,
since X, is a submartingale, so that A,, n =0, 1, ..., has the stated properties. We
also have

E[Mn | <g\n—l] = E[Xn - An | <g\n—l] = E[Xn | yn—l]

- E[An—l + E[X, | Fn-1] = Xn—1 | fg.n—l] =—Apn—1 + Xn—1 = My

so that M is an .%,-martingale. A

Example 2.62 Let X,, n > 0, be a square integrable martingale. Then X% is a
submartingale that admits the Doob decomposition in (2.56) with M,, = X,zl — A,
and A, = > E[X? — X2, | Zin]. ¢

Proof The process X ,zl satisfies the first two defining conditions for martingales, and

E[X2 1 Fat ] = E [ (X0 = Xamt)? 42X X = X2y | T

n

= E[(X0 = X0 | Tt | + X2, 2 X

n—1 n—1
since E [(Xn — X—1)? | ,%1,1] > 0, X,_1is .%#,_i-measurable, and X, is a
martingale. Hence, X,zl is a submartingale, so that (2.56) holds with {A,} given
by Ay =An—1 + E[X2| Fuoi] — X2, n>1,and Ag=0. A
Example 2.63 Let X,, denote our fortune after n rounds of a game with unit stake.
Suppose m > 1 rounds have been completed in this game, so that X,, — X,,,, n > m,

gives our net total winnings/losses in the future m + 1, ..., n rounds. The best m.s.
estimator of X, — X,,, n > m, given our knowledge .%,, after m rounds is the
conditional expectation E[X, — X, | Zm], where 7, = o (X1, ..., Xpm), m > 1,

and %y = {0, 2}. If Xo, X1, ... is a martingale, then E[X,, — X, | %] = 0, that
is, our average fortune E[X,, | .%,] at time n > m is equal to our current fortune
Xn.

Suppose now that stakes A;, i = 0, 1, ..., other than one are allowed, where
Ag = 0. Since stakes for round m + 1 are decided based on knowledge .%,, accu-
mulated after m rounds, A, is .%,,-measurable. Processes with this property are
said to be predictable processes. The sequence M = (Mg, M, M>, . ..) defined by

n
M, :ZAi(X,- X)), n=1,2,..., (2.57)
i=1
with My = 0 and X¢ = 0 gives our total fortune after n > 1 rounds and constitutes
a discrete version of the stochastic integral studied later in the book (Chap.4). The
integrand {A;} is a predictable process and the integrator is defined by increments
{X; — X;_1} of a martingale. <

Theorem 2.19 Let X = (Xo, X1, ...) be a square integrable .%,-martingale and
A = (Ag, Ay, ...) bean F,-predictable process such that Ay = 0 and E[A,%] < 0.
Then M,, in (2.57) is an ,-martingale.
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i
Xi— 1)2]) 172 by the Cauchy—Schwarz inequality, so that E[|M}|] < oo since A; and
X; have finite second moments. That M,, € .%,, follows from its definition and the
properties of A, and X,,. For n > m, we have

Proof Note that E[|M,|] < X1, E[|Ail1X; — Xi—1l] <= X7, (E[AFE[(X; —

n
EMy | Fnl = E[My+ D Ai(Xi = Xi1) | T
i=m+1

n
=Mu+ D E[A(Xi — Xi1) | T
i=m+1

n
=My + > E{E[A(X; — Xi)) | Fict] | T} = My
i=m+1

since A; € %;_1 and X; is a martingale so that E[A;(X; — X;—1) | ZFi—1] =
AE[X; — Xi—1 | Fi-1]1=0. A

Definition 2.41 An {0, 1, .. .}-valued random variable T defined on a filtered prob-
ability space (£2,.%, (F,)n>1, P) is a stopping time with respect to .%,, n =
0,1,..., oran .%,-stopping time if {T < n} € .%, foreachn > 0.

Stopping times are useful for both applications and theoretical considerations. For
example, suppose {X,} is the state of a physical system that performs according to
specifications as long as its state does not exceed a critical value x,. The failure time
T = min{n : X, > X} 1S a stopping time. Stopping times are also useful tools for
constructing stochastic integrals (Sect.4.4.3). Useful information on stopping times
can be found in [1] (Sect.2.2), [7] (Sect.2.16), [10] (Sect. 1.5), and [13] (Sect.2.2).

Theorem 2.20 T is a stopping time if and only if {T = n} € %, foralln > 0.

Proof 1f Tis a stopping time, then {T < n} € %, and{T <n—1}° € F,_| C F,
sothat {T =n} ={T <n}N{T <n-—-1} € %, . If{T =n} € %, foreachn > 0,
then {T =m} € %, € .F,form <nand {T <n}=U), (T =m}ec .F,. A

Definition 2.42 Let X = (Xj, X1, ...) be an .#,-submartingale, martingale, or
supermartingale and let 7 denote an .7, -stopping time. Then X! (0) = X, 17 (w) (@),
n=0,1,...,is called the sequence X stopped at T. Note that the samples of {X['}
are constant at times exceeding 7.

Theorem 2.21 If T is an .%,-stopping time and X, is an F,-submartingale,
martingale, and supermartingale so is X ,{ .

Proof Since

n
ElXorll =Y [ ixeddp+ [ ix e
= Jir=x (T>n)
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E[X,ll < 00, [y |1Xx|dP < E[IXi]), and fip_, 1XaldP < E[IX,]], X[ is

integrable. X, 7 is .-%,-measurable for all n > 0 since X, 7 = ZZ;(I) X (T =
kK + X, 1(T >n), X € P C F,fork <n, (T =k) e %, C %,, and
(T > n) € %,. The representation X,,7 = Z;(l) X (T =k)+ X, (T > n)
implies X(n+1)AT — Xurr = Xn+1 — X)) I(T > n) so that E[X(n+l)AT — Xunr |
FIn]l = (T > n)E[X,+1 — Xpn | %] since (T > n) is .%,-measurable. If X is
a submartingale, martingale, or supermartingale, E[X,+1 — X, | -%#,] is positive,
zero, or negative, that is, XnT is a submartingale, martingale, or supermartingale,
respectively. A

Theorem 2.22 (Optional stopping theorem) If (1) X is an #,,-martingale, (2) T is
a stopping time with respect to %, such that T < oo a.s., (3) X is integrable, and
@ EIX, (T >n)]— 0asn — oo, then E[X7] = u, where u = E[X,].

Proof Since X7 = X,ar + (X7 — X)) (T > n) and X is a martingale, we
have E[(Xr] = w + E[X7I(T > n)] — E[X,1(T > n)]. The expectation
E[X, (T > n)] converges to zero as n — 0o by hypothesis. The expectation
EX7 (T > n)] = thim—l E[X;1(T = k)] also converges to zero as n — 00
since |E[X71(T > n)]| < E[|Xr]|] and X7 is integrable by assumption so that the
series Z,fio E[ X 1(T = k)] is convergent. Hence, the expectation of X7 is (. A

We conclude with two inequalities that are useful in applications. The proof of
these and other inequalities can be found in, for example, [5] (Chap 24) and [11]
(Chap. 10).

Theorem 2.23 (Doob maximal inequality) If X = (Xo, X1,...) is a positive
Fn-submartingale and ) > 0 is an arbitrary constant, then

1
P( max Xj > A) < XE[X"I( max Xj > A):| (2.58)

0<k<n 0<k<n

Theorem 2.24 (Doob maximal L2 inequality) If X = (Xo, X1, ...) is a square
integrable positive F,-submartingale, then

2
E[ ( max Xk) } < 4E[X2. (2.59)

0<k<n

2.13 Monte Carlo Simulation

Let X be an RY-valued random variable with distribution F that is defined on a
probability space (§2, %, P). Our objectives are to generate independent samples of
X and estimate properties of X from its samples.
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2.13.1 Gaussian Variables

Let X ~ N (i, y) be an R%-valued Gaussian variable with mean p and covariance
matrix y. A useful representation of X is provided by the Cholesky decomposition
showing that

XL+ BG~Nuy), (2.60)

where G is an R?-valued random variable with independent N(0,1) coordinates and
B is a lower triangular matrix whose non-zero entries are

i—1

vii — >0_1 BirBijr
; 72
J=1 p2

[ij — 2= ﬂjr]

Bij = 1<j<i<d, (2.61)

with the convention 29:1 BirBjr = 0.

Samples of X can be calculated from (2.60) in which G is replaced with sam-
ples of this vector generated by, for example, the MATLAB function randn. Alter-
natively, algorithms using memoryless transformations of some random variables
can be used to generate independent samples of N (0, 1) variables. For example,
Z1 = /—2In(U) cos2nU,) and Z, = /—2In(U)) sin(2r U,) are independent
N(0,1) variables, where Uy, Uy ~ U (0, 1) are independent random variables distrib-
uted uniformly in (0,1) [3, 6, 12].

2.13.2 Non-Gaussian Variables

Let X be a real-valued, non-Gaussian random variable with distribution F that is
continuous. Samples of X can be calculated from samples of U(0,1) by the following
transformation.

Theorem 2.25 If X is a real-valued random variable with continuous distribution
FE then

x <L Flwo.1)). (2.62)

Proof Since P(F~'(U(0,1)) <z) = P(U(0, 1) < F(z)) = F(z), (2.62) holds,
so that samples of X can be calculated from samples of U(0,1) and the representa-
tion of X in (2.62). For example, n independent samples of an exponential random

variable with mean 1/A, A > 0, can be obtained from — In(1 — rand(n, 1))/A 4

—In(rand(n, 1))/A, where rand is a MATLAB function generating samples of
U(0,1). A
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Suppose now that X is an R?-valued random variable with continuous distribution
F.Let Fy and Fyk—1,....1, kK = 2,...,d denote the distributions of the coordinate
X1 of X and of the conditional random variable X3 | (Xk—1, ..., X1), respectively.

Theorem 2.26 Let Z = (Zy, ..., Zg) be an R9 valued random variable defined by

Fi(Zy) = Uy,

(2.63)
Fepe-1,.10Zk | Zk—1, ..., Z1) =Ux, k=2,....,d,

where {Ur, k = 1, ..., d} are independent U(0,1) random variables. Then, X and Z
have the same distribution.

Proof That P(Z; < z1) = Fi(z1) follows from Theorem 2.25. Since Z; | Z; 4
F2_|11(U2 | Z1), we have
P(Zy <2 | Zi=2)=P(F;l (U2 ] 21) < 22)
= P(Uz < Faj1(z2 1 21)) = Faji(z2 | 21),

and so on. A

Let (u1,...,uq) be a sample of (Uj,...,Uy). The corresponding sample
(z1,...,2q4) of Z can be calculated from (2.63) sequentially beginning with z; =
Fl_l(u1) and continuing with Fyg—1,..1(zk | 2k—1,...,21) = ug for increasing

values of k > 2.

Example 2.64 Let X = (X1, X») be a non-Gaussian vector with X| ~ N(u, 02)
and X, | (X1 = x1) ~ N(x1, 8%). The density of X is

1 — —_
fx1.x0) = ﬁ"’(xla “)¢(x2ﬂx‘).

The mapping in (2.63) becomes Z; = u + o® WUy and Z, | (Z) = z1) =
71 + ﬂ@‘l(Uz), where U] and U; are independent copies of U(0,1). <

Example 2.65 Let X € R? be a translation vector, that is, X = g(¥), where Y is an
R¥-valued Gaussian vector with mean zero, covariance matrix p = {p;,; = E[Y;Y;]}
suchthat p;; =1, i=1,...,d,and g : RY — R4 is Borel measurable. Samples
of X can be generated from samples of Y and the definition of X or from samples
of U(0, 1), the distribution of X, and the algorithm in (2.63). The latter approach
is less efficient for translation random vectors. If the mapping ¥ +— X is given by
X, = F;%@(YQ) =g (Y)), i =1,...,d, where F; are continuous distributions,
then the coordinates of X have the distributions F;. <&

Proof Lety; = gfl(xi) and y = (y1, ..., ¥q). The distribution,

PX1=<x1,....,Xq <xqg) =PY1 Zy1,...,Yqg < ya) = Pa(y; p),
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called multivariate translation distribution, can be used as input to the Monte Carlo
simulation algorithm based on (2.63), where @, (-; p) denotes the joint distribution
function of the Gaussian vector Y ~ N (0, p). If X; = Fl._1 ((Z)(Yi)), then P(X; <
xj)=P; < @’I(F,'(xi))) = Fi(x;), i =1, ...,d.Details on translation random
variables can be found in [6] (Sect.3.1.1). A

2.13.3 Estimators

Let X be a real-valued random variable with distribution F and 7 : R — R be a
measurable function. Our objective is to estimate the expectation E[h(X)] from n
independent samples of X. The expectation E[h(X)] is of interest in applications
since it provides useful information on X. For example, if #(X) = X" and r > 1 is
an integer, then E[h(X)]is the moment of order r of X. If 1(X) = 1(X > a), a € R,
then E[h(X)] = E[1(X > a)] = P(X > a).

Theorem 2.27 Let h : R — R be a measurable function and let X1, ..., X, be n
independent copies of X such that E[h(X)*] < oco. The estimator,

I
V= - ;h(X,-), (2.64)

is unbiased, that is, E[)A’] = E[Y], and Var[f’] — 0asn — o0, where Y = h(X).

Proof We have E[I?] = (1/n) Z?:l E[h(X;)] = E[Y] since X; have the same
distribution. Also,

~ 1
E[¥?] = n—Q[nEWXl)z] +(n?— n>(E[h<X1>])2}

so that Var[)?] = Var[Y]/n = Var[h(X1)]/n. The coefficient of variation of estima-
tor ¥ is cov[¥] = (Var[¥1)"/*/E[Y] = cov[h(X)]//n. A

The estimator ¥ is guaranteed to approximate E[Y] = E[h(X)] accurately for
a sufficiently large n. Yet, the required sample size n may be so large that the use
of ¥ becomes impractical. For example, suppose our objective is to estimate the
probability P(X > a), X ~ N(O, 1), that is, the expectation E[1(X > a)]. The
mean and varlance of ¥ are P(X >a)and P(X > a)P(X < a)/n respectively,
so that COV[Y] VP(X <a)/(nP(X > a)). Fora =5 we have E[Y] E[1(X >
a)] = ®(—5) = 2.8665 x 1077, Var[¥] >~ &(— 5)/n, and cov|[ (Y]~ 1/4/n®(=5).
To have a coefficient of variation of 0.1 we need at least 10° samples. A much larger
sample size would be needed for a threshold a > 5.

More efficient Monte Carlo algorithms, referred here to as improved Monte Carlo
algorithms, can be constructed by measure change. Let P and Q be two probabilities
on a measurable space (£2, .%) such that P < Q, that is, P is absolutely continuous
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with respect to Q (Definition 2.29). Then, there exists a positive measurable func-
tion g = dP/dQ : (£2,.%) — ([0, 00), A([0, 00))), called the Radon—Nikodym
derivative, such that P(A) = fA gw)Q(dw), A € F (Sect.2.8). Following are
examples illustrating the construction of Monte Carlo simulation algorithms based
on the Radon—Nikodym derivative.

Example 2.66 Let X = > ", axla, be a simple random variable defined on a
probability space (£2,.%#, P), where {A;y € F,k = 1,...,m} is a measurable
partition of §2 such that P(Ay) > Oand |ax| < oo, k=1,...,m.Leth: R —- R
be a measurable function. The expectation of A(X) with respect to the probability
measure Pis Ep[h(X)] = ZZ;I h(ar)P(Ay), forexample, Ep[h(X)] = P(X > a)
forh(x) = 1(x > a).

Consider another probability measure Q on the measurable space (§2, %) such
that Q(Ay) >0, k=1, ..., m. We have

P(Ag)
O(Ay)

m m
Eplh(X)] =D h(@)P(A) =D [h(aw ]Q(Ak), (2.65)
k=1 k=1
that is, Ep[h(X)] can be calculated as the expectation of random variable X =
Dy h(ar) (P(Ax)/ Q(Ak))14, with respect to the probability measure Q. <>

Example 2.67 Suppose our objective is to estimate the probability P(X > a) by
Monte Carlo simulation, where X is a real-valued random variable defined on a
probability space (§2, %, P). Let

Pumc(a) = %; I(xi > a) and pruc(a) = %; 1(zi > a) Z;((Z))

be estimates of P(X > a) by direct and improved Monte Carlo simulation, where
x; and z; are independent samples generated from the densities f and g, respectively,
where f(§) = dP(X < &)/d&, q(§) = dO(X < &)/dE, and Q is a measure on
(82, ) suchthat P < Q.

If X =exp(Y), Y ~ N(1, (0.2)%), then P(X > x)is 0.3712,0.0211, 0.1603 x
1073, 0.3293 x 107#, and 0.7061 x 107> fora=3, 5, 8,9, and 10, respectively.
The corresponding estimates pysc(x) based on 10000 samples are 0.3766, 0.0235,
0.2x1073, 0, and 0. The estimates Pr1mc (x)based on the same number of samples are
0.3733,0.0212,0.1668 x 1073, 0.3304x 10~%, and 0.7084 x 107> fora =3, 5, 8, 9,
and 10, where g(z) = ¢((z — a)/o)/o is the density of a Gaussian variable with
mean a and variance o2. While the estimators pryc(a) are satisfactory up toa = 10,
the estimates pyc(a) are inaccurate fora > 8. <

Proof The required probability is P(X > a) = fR 1¢>a)f(€)d =Ep[l(X >
a)], where Ep denotes the expectation operator under P. We also have

&) £O0
P(X = 1 — =Ep| 1(X — .
X >a) /R[ N >")q(s>}q®dé Q[ ( >“)q(X>}
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The density g has been selected such that 50% of its samples exceed a and the ratio
f/q is bounded in R. A

Example 2.68 Suppose our objective is to estimate the probability P(X > a), where
X ~ N(0, 1). The coefficient of variation of the Monte Carlo estimator IA/MC in (2.64)
with 2(X) = 1(X > a) is 2.30/+/n, 6.55/4/n, and 1870/ /n fora = 1, 2, and 5,
respectively. Consider also an improved estimator for P(X > a) defined by

o (X;)
¢*(Xi)

R 1<
Yime = ;Zl 1(X; > a)
=

where ¢ (1) = exp(—u?/2)/v/27, ¢*(u) = exp(—(u—a)?/(20%))/(v/270), 0 >
0, and {X;} denote independent copies of X. The coefficient of variation of ?IMC is
approximately 91.97/4/n, 97.21/4/n, and 67.06//n for a=1,2, and5ifo = 0.1
and 1.21/+/n, 1.59//n,and2.41//nfor a=1, 2,and 5if o = 1.0. Note that Ymc
deteriorates rapidly as a increases and that the efficiency of Yimc depends strongly
on the selection of sampling distribution ¢*. <>

Example 2.68 shows that the efficiency of improved Monte Carlo simulation
depends essentially on the measure proposed for calculations. Since the coefficient
of variation of Ypyic is not available analytically, the selection of an optimal density
¢*(-) requires extensive calculations. The coefficients of variation reported for I?IMC
have been estimated from Monte Carlo experiments performed for various o.

There is no efficient procedure for selecting measures yielding accurate and effi-
cient estimators even for one-dimensional problems, as considered in Example 2.68.
The construction of improved estimators encounters additional difficulties when
dealing with multidimensional problems. For example, consider the estimation of
the expectation E[1(X € D)], where X is an R?-valued random variable and D is a
subset of R?. The selection of a new measure for X such that its samples under this
measure fall in equal proportion in D and D¢ is a rather complex task. The following
example presents a multidimensional problem for which an improved Monte Carlo
algorithm can be constructed simply.

Example 2.69 Let p; = P(X € D) and py = P(X € D), where D = {x €
RY: x| < r}isa sphere of radius » > 0 centered at the origin of R? and X is
an R?-valued random variable with independent N (0, 1) coordinates defined on a
probability space (§2, .7, P). The probability p s can be calculated from

pf =/d 1(x € D) f(x)dx = Ep[1(X € D)] or
R

@ )
= 1 D°) dx = Eg|1(X € DY , 2.66
rr= o |1 € DG oo ae = Eosx e 09055 oo

where Q is a measure on (§2, .%) such that P < Q. The densities f and g of the
distributions induced by probability measures P and Q are
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d
fx) = Q)" %exp [_% le?} and

i=1

d
q(2) = [2m)o?]"exp I‘ % [(Zl —r? Zz?“ '

i=2

Monte Carlo estimators based on the first and the second expressions of p 7 in (2.66)
are denoted by pryc and psrumc, respectively. The exact probability p s can be
calculated from

d 2 2 1 2 dj2—1 &
1-P;=P X2 <) = et
r=r{2xisr Fam ), S

and is equal to 0.0053, 0.8414 x 107, and 0.4073 x 106 for » =5, 6, and 7, where
I'(-) denotes the gamma function. Monte Carlo estimates p ¢ pc of py based on
10000 independent samples of X are 0.0053, 0.0, 0.0 for r =5, 6, and 7. Improved
Monte Carlo estimates p 7 1y c of p; based on the same number of samples for r =5
are 0.0, 0.0009, 0.0053, and 0.0050 if 0 = 0.5, 1.0, 2.0, and 3.0. For r = 6, the esti-
mates p 7.7y are 0.0001 x 1074, 0.1028 x 107, 0.5697 x 1074, 1.1580 x 1074,
and 1.1350 x 10~%if o = 0.5, 1.0, 2.0, 3.0, and 4.0. For r = 7, the estimates ﬁf,[Mc
are 0.0, 0.0016 x 1076, 0.1223 x 107%, 0.6035 x 107°, and 0.4042 x 107° if
o = 0.5, 1.0, 2.0, 3.0, and 4.0. Note that the density g corresponds to an RY_valued
variable with independent Gaussian coordinates with variance o> and mean 0, except
for a coordinate that has mean r. Monte Carlo estimates are unsatisfactory for rela-
tively large values of r. The accuracy of the estimators p r, 7y c depends essentially
on ¢, for example, they are unsatisfactory for o = 0.5 and accurate for o in the range
[3,4]. &

2.14 Exercises

Exercise 2.1 Show that o (<) defined by (2.1) is a o-field, and that o (/) is the
smallest o -field including 7.

Exercise 2.2 Prove the properties of the probability measure P in (2.2).

Exercise 2.3 Show that the inclusion—exclusion formula in (2.3) is valid.
Hint: Use the fourth formulain (2.2) to calculate the probability of U | A; by viewing
this event as the union of U:”:_ll A; and A,, form < n.

Exercise 2.4 Show that the conditional probability P(A | B) in(2.5) is a probability
measure on (£2, .%, P).

Exercise 2.5 Prove the law of total probability and the Bayes formula in (2.6).
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Exercise 2.6 Consider the events A} = {(6,2)}, Ay = {(6,2), 4,4), (1, 6)}, and
B ={w=(»,j) e $2:i+ j =8} in the experiment of rolling two dice. Calculate
the conditional probabilities P(A; | B) and P(A; | B) by using the definition in
(2.5) and by direct arguments.

Exercise 2.7 Let X be a random element. Show that the o (X) in Definition 2.13 is
a o-field and that this field is the smallest with respect to which X is measurable.

Exercise 2.8 Suppose arandom variable X defined on a probability space (£2, %, P)
takes a finite number of values ay, . . ., a, € R. Construct the o-field o (X) generated
by this variable.

Exercise 2.9 Prove Fatou’s lemma for sequences of events, that is, show

P(liminf A,) < liminf P(A,) <limsup P(A,) < P(limsup A,),
n—oo n—oo

n—0o0 n— 00

where {A,} are events on a probability space (§2, .7, P).

Hint Note that P(liminf, o A,) = P(lim,— 00 Nk=n Ak) = limy,— 00 P(Mk=nAk),
where the latter equality holds by Theorem 2.6 since Mg>,Ax is an increasing
sequence of events. Since P(Ng>,Ax) < P(A,), we have P(liminf, . A,;) <
liminf, o P(A,). Similar arguments can be used to show lim sup,,_, ., P(A,) <
P(limsup,_, ., A»). The inequality liminf, o P(A,) < limsup,_ o, P(A,) is
valid since {P(A;)} is a numerical sequence.

Exercise 2.10 Consider two R?-valued random variables X and Y defined on a prob-
ability space (2, .%, P). Show that P{(X <x} N{Y <y}) = P(X<x)P(Y <y)
implies the independence of X and Y, where the notation X < x means (X| <
X1y ooos Xqd < Xq).

Exercise 2.11 Show that X defined by (2.15) is an R4-value random variable and
that the collection of simple random variables constitutes a vector space.

Exercise 2.12 Prove Jensen’s inequality in (2.18) for finite-valued simple random
variables.

Hint Use the following fact. If g : R — R is convex, then g is continuous and
g(x) =sup{l(x) : I(u) < g(u), Vu € R}, where 1 denotes a linear function.
Exercise 2.13 Prove Fatou’s lemma given by (2.28).

Exercise 2.14 Show that X < Y a.s. and E[|X]|], E[|Y|] < oo imply E[X14] <
E[Y14], Ae Z.

Exercise 2.15 Show that the expectation of a positive random variable X is given
by E[X] = f[o,oo) P(X > x)dx.

Hint The mapping (x,®) — 1(X(w) > x) is measurable from ([0, co) X
2, AB([0, 0)) x ZF) to ({0, 1}, %), where # = {@, {0}, {1}, {0, 1}}. Fubini’s the-
orem and the equality f[o’ ooy L(X (@) > x)dx = f[o’ Xy & = X () give
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/ P(X > x)dx = [/ 1(X(a))>x)P(da))i| dx
[0,00) [0,00) LJ £2

=/ [/ 1(X(a))>x)dxi| P(dw):/ X (w)P(dw) = E[X].
2 LJ10,00) Q

Exercise 2.16 Show that the correlation and covariance matrices of a random vector
with finite variance are positive definite.

Exercise 2.17 Prove the properties of the distribution function stated following
Definition 2.32.

Hint Set B, = {w : X(w) < x3}, and B = {w : X(w) < x}, where {x,} is a
decreasing numerical series converging to X. The sequence of events B, is decreasing
so that lim, o By, = NS2 | B, = B implying lim,,_, o F(x,;) = lim, o P(B,) =
P(lim,— o By) = P(B) = F(x).

Since F'is a bounded, increasing, and right continuous function, it can only have
jump discontinuities. Recall that F has a jump discontinuity at c if the left and right
limits of F at c are finite but not equal. To show that F has at most a countable
number of jump discontinuities, consider two distinct jump points § < & of F and
the open intervals /¢ = (F(§—), F(§)) and Iy = (F(&§'—), F(§')) associated with
these jumps. Since £ # &', there exists £ € (£,&') such that F(§) < F(€) <
F(&'—), showing that I¢ and I are disjoint intervals. The collection of intervals
It is countable since each /: contains a rational number and the set of rational
number is countable. The sum of all jumps of F is dej[F(é—i-) — FE-)] =
ZEEJ[F@) — F(€—)] < 1, where J denotes the collection of jump points of F.
Hence, en, < 1 sothatn, < 1/e, where n, denotes the number of jumps of F larger
than ¢ > 0.

Exercise 2.18 Show that the central moments E[(X — u)?] of X ~ N(u, 02) are
zero if g is odd and equal to glo?/(29/%(¢/2)") if g is even.

Exercise 2.19 Let X ~ N(0, 1) and set Y = X2. Find the covariance matrix of
(X,Y). Are X and Y correlated? Are X and Y independent?

Exercise 2.20 Find the characteristic function of X = a + bN, where a,b € R
are constants and N is a Poisson random variable with intensity A > 0, that is, an
{0, 1, .. .}-valued variable with probability P(N = n) = A"e™*/n!, n > 0.

Exercise 2.21 Let X and Y be random variables defined on the same probability
space. Show that (1) if X and Y are independent, they are uncorrelated, (2) uncorrelated
random variables can be dependent, and (3) uncorrelated Gaussian variables are
independent.

Exercise 2.22 Calculate the expectation of random variable X, | (X; = z) with
density in (2.38).
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Exercise 2.23 Show that the characteristic function ¢ of a real-valued random vari-
able X is positive definite.

Hint The function ¢ : R — C is positive definite if the matrix {¢@(ur — u;), k,l =
1,...,n}ispositive semi-definite foralln > 1 anduy € R.Notethat) < E[ZZ*] =
ZZ’ZZI 2z ug —up) for Z = 377, zk exp (iugX) and z; € C arbitrary.

Exercise 2.24 Find the expression of the characteristic function for X ~ N (u, y)
given by (2.43).

Exercise 2.25 Calculate the moment generating function m(u) = E[exp(uX)],
ueR, for X ~ N(u, o2).

Exercise 2.26 Find the properties of the conditional Gaussian vector in (2.44).

Exercise 2.27 Let X (w) = 2+sin(27w) be arandom variable defined on a probabil-
ity space (2 = [0, 1], # = A[0, 1], P(dw) = dw) and let A} = [0, 1/4), Ay =
[1/4,3/4), Az = [3/4,1), and A4 = {1} be a measurable partition of §2. Calcu-
late the conditional expectation E[X | 4], where 4 = o(A;,i = 1,...,4). Plot
E[X | 4] and E[X] against w € £2 = [0, 1].

Exercise 2.28 Prove Theorem 2.15.
Exercise 2.29 Prove the relationships (2.52) and (2.53) in Theorem 2.16.

Hint The defining relation gives [, X dP = [, E[X | 411dP forall A € ¢, so that
A EIX | 11dP = [, E[X | %] dP under the assumption E[X | 4] = E[X | 4,].
We have [, XdP = [, E[X | %]dP for all A € 4 so that E[X | %] is % -
measurable. Conversely, if E[X | 4] is ¢|-measurable, then E{E[X | %] | %} =
E[X | 4]. The proof is completed by using (2.53).

Note that [, E{E[X | %] | %}dP = [, E[X | %]dP = [, XdP = [, E[X |
“11dP holds for all A € ¥ C % by the defining relation, which gives the first
equality in (2.53). The second equality in this formula results since E[X | ¢] is
¢, -measurable so that %,-measurable, which gives E{E[X | 4] | %} = E[X | %].

Exercise 2.30 Prove (2.55) by noting that ¢ is generated by the partition {B, B¢}
of £2.

Exercise 2.31 Show that if X and Z are random variables on the same probability
space, then E[X | Z] = E[X | 0(Z)], where E[X | Z] = [ufx)z(u | z) du and
fx|z is the density of X conditional on Z.

Exercise 2.32 Let X be a real-valued random variable defined on a probability
space (£2,.%#, P) and ¢ be a sub-o-field of .%. Show that E[X | 4] = E[X]
for9 = {0, 2}and E[X | 4] = X for Y = .F.

HintIf 9 = %, then E[X | 4] is .% -measurable and fA (X—E[X|Z])dP =0
for all A € . by the defining relation, so that X = E[X | #] a.s.

Exercise 2.33 Let X be a random variable with distribution F and a € R such that
F(a) € (0, 1). Show that
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¢ o xdF *xdF
E[X | 9] = IOOFX(a) SR f“l _XF(S) Lac,

where @ = {#, 2, A, A} and A = X! ((—00, a)).

Exercise 2.34 Suppose A; and X; in (2.57) have finite variance. Calculate the mean
and variance of M, in this equation.

Iilxercise 2.35 Calculate the mean and the coefficient of variation of the estimator
Y7 mc in Example 2.68.
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