Chapter 1
Introduction to Probability Theory

1.1 Summary of Basic Notions of Probability Theory

In this chapter we summarize the most important notions and facts of probability
theory that are necessary for an elaboration of our topic. In the present summary,
we will apply the more specific mathematical concepts and facts — mainly measure
theory and analysis — only to the necessary extent while, however, maintaining
mathematical precision.

Random Event We consider experiments whose outcomes are uncertain, where
the totality of the circumstances that are or can be considered does not determine
the outcome of the experiment. A set consisting of all possible outcomes is called
a sample space. We define random events (events for short) as certain sets of
outcomes (subsets of the sample space). It is assumed that the set of events is
closed under countable set operations, and we assign probability to events only;
they characterize the quantitative measure of the degree of uncertainty. Henceforth
countable means finite or countably infinite.

Denote the sample space by Q = {w}. If Q is countable, then the space Q2
is called discrete. In a mathematical approach, events can be defined as subsets
A C Q of the possible outcomes €2 having the properties (o-algebra properties)
defined subsequently.

A given event A occurs in the course of an experiment if the outcome of the
experiment belongs to the given event, that is, if an outcome w € A exists. An event
is called simple if it contains only one outcome w. It is always assumed that the
whole set 2 and the empty set & are events that are called a certain event and an
impossible event, respectively.

Operation with Events; Notion of o-Algebra Let A and B be two events. The
union A U B of 4 and B is defined as an event consisting of all elements w € 2
belonging to either event A or B,i.e., AUB ={w: w € Aorw € B}.

The intersection (product) AN B (AB) of events A and B is defined as an event
consisting of all elements w € 2 belonging to both 4 and B, i.e.,
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ANB={w: w € Aandw € B}.

The difference A\ B, which is not a symmetric operation, is defined as the set of
all elements @ € €2 belonging to event A but not to event B, i.e.,

A\B ={w: we Aandw ¢ B}.

A complementary event A of A is defined as a set of all elements @ € 2 that
does not belong to 4, i.e., _
A= Q\A.

If AN B = @, then sets A and B are said to be disjoint or mutually exclusive.
Note that the operations U and N satisfy the associative, commutative, and
distributive properties
(AUB)UC =AU(BUC), and (ANB)NC =A4N(BNC),
AUB=BUA, and ANB=BNA,
ANBUC)=(ANBUANC), and AUMBNC)=(AUB)N(AUC).

DeMorgan identities are valid also for the operations union, intersection, and
complementarity of events as follows:

AUB=ANB, ANB=AUB.
With the use of the preceding definitions introduced, we can define the notion of
o-algebra of events.

Definition 1.1. Let Q be a nonempty (abstract) set, and let A be a certain family of
subsets of the set €2 satisfying the following conditions:

(1) Qe A _
(2) If A€ A, then 4 € A.
(3) If Ay, A,, ... € Ais a countable sequence of elements, then

GA,‘ e A.

i=1
The family A of subsets of the set Q satisfying conditions (1)—(3) is called a
o-algebra. The elements of .4 are called random events, or simply events.

Comment 1.2. The pair (2, A) is usually called a measurable space, which forms
the general mathematical basis of the notion of probability.

Probability Space, Kolmogorov Axioms of Probability Theory Let 2 be a
nonempty sample set, and let A be a given o-algebra of subsets of 2, i.e., the pair



1.1 Summary of Basic Notions of Probability Theory 5

(2, A) is a measurable space. A nonnegative number P (A) is assigned to all events
A of o-algebra satisfying the axioms as follows.

Al. 0<PA) <1, 4€ A
A2. P(Q)=1.
A3. Iftheevents A; € A,i =1,2,..., aredisjoint (i.e., 4;4; = @, i # j), then

P (D A,) = ip (4:).
i=1 i=1

The number P (A) is called the probability of event 4, axioms Al, A2, and A3
are called the Kolmogorov axioms, and the triplet (€2, A, P) is called the probability
space. As usual, axiom A3 is called the o-additivity property of the probability. The
probability space characterizes completely a random experiment.

Comment 1.3. In the measure theory context of probability theory, the function P
defined on A is called a probability measure. Conditions AI-A3 ensure that P is
nonnegative and that o is an additive and normed [P (2) = 1] set function on A,
i.e., a normed measure on A. Our discussion basically does not require the direct
use of measure theory, but some assertions cited in this work essentially depend on
this theory.

Main Properties of Probability Let (€2, .4, P) be a probability space. The follow-
ing properties of probability are valid for all probability spaces.
Elementary properties:

(a) The probability of an impossible event is zero, i.e.,
P(@) =0.

(b) P(A)=1—P(A)forall 4 € A

(c) If the relationship A € B is satisfied for given events A, B € A, then
P(4) <P(B),
P(B—A) =P(B)—P(A).

Definition 1.4. A collection {A;, i € [} of a countable set of events is called a
complete system of events if A4;, i € I are disjoint (i.e., 4; N A; = @ ifi # J,
i,jeland |J A, = Q.

i€l

Comment 1.5. [f the collection of events {A;, i € I} forms a complete system of

events, then
P (U A,) =1.
iel

Probability of Sum of Events, Poincaré Formula For any events A and B it is
true that

P(AUB) =P (4) +P(B)—P(4B).
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Using this relation, a more general formula, called the Poincaré formula, can be
proved. Let n be a positive integer number; then, for any events A;, A,,..., A; € A,

P(A + ...+ A) =Y (D)5,
k=1

where S = Y P(Aj ... 4).

1<i|<..<ig<n

Subadditive Property of Probability For any countable set of events {A4;, i € [}
the inequality

P(UA,-) <) P(4)

iel iel
is true.

Continuity Properties of Probability Continuity properties of probability are
valid for monotonically sequences of events, each of which is equivalent to
axiom A3 of probability. A sequence of events A, A,, ... is called monotonically
increasing (resp. decreasing) if A} C A, C ... (resp. A D A2 D ...).

Theorem 1.6. If the sequence of events Ay, As, ... is monotonically decreasing,
then

P (ﬂ Ai) = lim P (4,).

i=1

If the sequence of events Ay, Aa, ... is monotonically increasing, then

P (U Ai) = lim P (4,).

i=1

Conditional Probability and Its Properties, Independence of Events In prac-
tice, the following obvious question arises: if we know that event B occurs (i.e.,
the outcome is in B € A), what is the probability that the outcome is in 4 € A?
In other words, how does the occurrence of an event B influence the occurrence of
another event A? This effect is characterized by the notion of conditional probability
P (A|B) as follows.

Definition 1.7. Let A and B be two events, and assume that P(B) > 0. The
quantity

P(A|B) =P (AB)/P(B)

is called the conditional probability of A given B.
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It is easy to verify that the conditional probability possesses the following
properties:

1. 0<P(A|B) <1.
2. P(B|B) =1.
3. If the events Ay, A,, ... are disjoint, then

P (i Ai|B) - iP(A,-|B).

i=1 i=1
4. The definition of conditional probability P (4|B) = P (AB)/P (B) is equiva-
lent to the so-called theorem of multiplication

P(AB) = P(A|B)P(B) and P (AB) = P (B|A)P (A).

Note that these equations are valid in the cases P (B) = 0 and P (4) = 0 as well.
One of the most important concepts of probability theory, the independence of
events, is defined as follows.

Definition 1.8. We say that events A and B are independent if the equation

P(AB) =P (A)P(B)
is satisfied.
Comment 1.9. If A and B are independent events and P (B) > 0, then the
conditional probability P (A|B) does not depend on event B since
P(AB) P(AP(B)
P(B)  P(B)

P(A|B) = =P (A).

This relation means that knowing that an event B occurs does not change the
probability of another event A.

The notion of independence of an arbitrary collection A;, i € I of events is
defined as follows.

Definition 1.10. A given collection of events A;, i € [ is said to be mutually
independent (independent for short) if, having chosen from among them any finite
number of events, the probability of the product of the chosen events equals the
product of the probabilities of the given events. In other words, if {iy, ..., it} is any
subcollection of 7, then one has

P(4;,N...NA4;) =P(A;)...P(4;).
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This notion of independence is stricter when pairs are concerned since it is easy
to create an example where pairwise independence occurs but mutual independence
does not.

Example 1.11. We roll two dice and denote the pair of results by
(w1, n) € Q=1{(i,j).1<i,j<6}.

The number of elements of the set €2 is |2| = 36, and we assume that the dice are
standard, that is, P {(w;, wz)} = 1/36 for every (w1, w,) € Q. Events A;, A, and
Aj are defined as follows:

A1 = {the result of the first die is even},
A, = {the result of the second die is odd},
A3 = {both the first and second dice are odd or both of them are even}.

We check that events A, A,, and Az are pairwise independent, but they are not
(mutually) independent. It is clear that

A ={2,1),...,(2,6),(4,1),...,(4,6),(6,1),...,(6,6)},
A, ={(1,1),...,(6,1),(1,3),...,(6,3),(1,5),...,(6,5)},
A; ={(1.1),(1.3).(1.5).(2.2).(2,4).(2,6). (3. 1). (3,3).
(3,5),...,(6,2),(6,4)(6,6)},
thus
[A1] =3-6=18, |[A2] =6-3=18, |[43] =6-3 =18.

We have, then, P (4;) = %, i = 1,2,3, and the relations
1
which means events A, A,, and A3 are pairwise independent. On the other hand,
1
P(A14243) =0 # 3= P (A4)P (A2)P (43);

consequently, the mutual independence of events A, A, and A3 does not follow
from their pairwise independence.

Formula of Total Probability, Bayes’ Rule Using the theorem of multiplication
for conditional probability we can easily derive the following two theorems. Despite
the fact that the two theorems are not complicated, they represent quite effective
tools in the course of the various considerations.
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Theorem 1.12 (Formula of total probability). Let the sequence {A;, i € I} be a
complete system of events with P (A; > 0), i € I; then for all events B

P(B) = ZP(B|A1‘)P (Ai)
iel
is true.

Theorem 1.13 (Bayes’ rule). Under the conditions of the preceding theorem, the
following relation holds for all indicesn € I:

P (B|A,)P (44)
> P(B|A)P(4;)

iel

P(4,|B) =

Concept of Random Variables Let (2, A, P) be a probability space that is to
be fixed later on. In the course of random experiments, the experiments usually
result in some kind of value. This means that the occurrence of a simple event @
results in a random X (w) value. Different values might belong to different simple
events; however, the function X (w), depending on the simple event w, will have
a specific property. We must answer such basic questions as, for example, what is
the probability that the result of the experiment will be smaller than a certain given
value x? We have only determined probabilities of events (only for elements of the
set A) in connection with the definition of probability space; therefore, it has the
immediate consequence that we may only consider the probability of the set if the
set {w : X(w) < x} is an event, which means that the set belongs to o-algebra A:

{w: X(w) <x}e A
This fact led to one of the most important notions of probability theory.

Definition 1.14. The real-valued function X : Q — Ris called a random variable
if the relationship

{w:X(w)<x}eA

is valid for all real numbers x € R. A function satisfying this condition is called A
measurable.

A property of random variables should be mentioned here. Define by B = B
the o-algebra of Borel sets of R as the minimal o-algebra containing all intervals
of R; the elements of B are called the Borel sets of R. If X is A measurable, then
for all Borel sets D of R the set {w : X(w) € D} is also an element of A, i.e.,
{w : X(w) € D} is an event. Thus the probability Py [D] = P {w : X(w) € D}),
and so P ({w : X(w) < x}) are well defined. An important special case of random
variables are the so-called indicator variables defined as follows. Let A € A be an
event, and let us introduce the random variable Z; 43, A € A:
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Distribution Function Let X = X(w) be a random variable; then the probability

P (X < x), x € R, is well defined.

Definition 1.15. The function Fx(x) = P (X < x) for all real numbers x € R is
called a cumulative distribution function(CDF) of random variable X .

Note that the CDFs Fy and function Py determine each other mutually and
unambiguously. It is also clear that if the real line R is chosen as a new sample
space, and B is a o-algebra of Borel sets as the o-algebra of events, then the
triplet (R, B, Py) determines a new probability space, where Py is referred to as
a probability measure induced by the random variable X .

The CDF Fy has the following properties.

(1) In all points of a real line —oo < xp < oo the function Fy (x) is continuous
from the right, that is,

lim Fx(x) = Fx(X()).

x—>x0+0

(2) The function Fy(x), —oo < x < 0o is a monotonically increasing function of
the variable x, that is, for all —oco < x < y < oo the inequality Fy(x) < Fx(y)
holds.

(3) The limiting values of the function Fy (x) exist under the conditions x — —oo
and x — oo as follows:

lim Fy(x) =0 and lim Fyx(x) =1.
X—>—00 X—>00

(4) The set of discontinuity points of the function Fy (x), that is, the set of points
x € R for which Fy(x) # Fyx(x —0), is countable.

Comment 1.16. [t should be noted in connection with the definition of the CDF
that the literature is not consistent. The use of Fx (x) = P(X < x), —00 < x < 00
as a CDF is also widely applied. The only difference between the two definitions
lies within property (1) (see preceding discussion), which means that in the latter
case the CDF is continuous from the left and not from the right, but all the other
properties remain the same. It is also clear that if the CDF is continuous in all
x € R, then there is no difference between the two definitions.

Comment 1.17. From a practical point of view, it is sometimes useful to allow that
property (3) (see preceding discussion) does not satisfy the CDF Fx of random
variable X, which means that, instead, one or both of the following relations hold:
In this case P (| X| < 00) < 1, and the CDF of random variable X has a defective
distribution function.
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Let @ and b be two arbitrary real numbers for which —co < a < b < o00; then
we can determine the probability of some frequently occurring events with the use
of the CDF of X as follows:

P(X =a) = Fx(a) — Fx(a —0),
P(a < X <b) = Fx(b—-0)— Fx(a),
P(a<X <b)=Fx(b—0)— Fx(a —0),
P(a < X <b) = Fx(b) — Fx(a),

P(a <X <b) = Fx(b)— Fx(a—0).

These equations also determine the connection between the CDF Fy and the
distribution Py for special Borel sets of a real line.

Discrete and Continuous Distribution, Density Function We distinguish two
important types of distributions in practice, the so-called discrete and continuous
distributions. There is also a third type of distribution, the so-called singular
distribution, in which case the CDF is continuous everywhere and its derivative
(with respect to the Lebesgue measure) equals O almost everywhere; however, we
will not consider this type. This classification follows from the Jordan decomposi-
tion theorem of monotonically functions, that is, an arbitrary CDF F can always
be decomposed into the sum of three functions — the monotonically increasing
absolutely continuous function, the step function with finite or countably infinite sets
of jumps (this part corresponds to a discrete distribution), and the singular function.

Definition 1.18. Random variable X is discrete or has a discrete distribution if

there is a finite or countably infinite set of values {xx, k € I} suchthat ) py =1,
kel
where pr = P(X = x;), k € I. The associated function

pr, if x =xi, kel
- R,
=00 iy £ kel V€

is termed a probability density function (PDF) or probability mass function
(PMF).

It is easy to see that if random variable X is discrete with possible values
{xx,k =0,1,...} and with distribution {p;,k = 0,1,...}, then the relationship
between the CDF Fy and the PMF can be given as

Fy(x) = Zpk, —00 < X < 0.

X <X
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Definition 1.19. A random variable X is continuous or has a continuous distri-
bution if there exists a nonnegative integrable function fy(x), —oo < x < oo such
that for all real numbers ¢ and b, —0o <a < b < o0,

b
&@—m@=/ﬁmm

holds. The function fx(x) is called the PDF of random variable X, or just the
density function of X .

Comment 1.20. [t is clear that
X
Fy(x) = / fx (w)du, —oo < x < o0,
—00

and it is also true that the PDF is not uniquely defined since if we take instead of
fx (u) the function fx (u)+ g(u), where the function g(u) is nonnegative, integrable,
and f g(u)du = 0, then the function fx(u) + g(u) is also a PDF of random

—0o0
variable X, which can naturally differ from the original fx.

An arbitrary PDF fx (x) is nonnegative and integrable,

ffx(x)dx =1,

and almost everywhere in R (with respect to the Lebesgue measure) the equation
Fy(x) = fx(x)is true.

Distribution of a Function of a Random Variable Let X = X(w) be a random
variable. Let 4(x), x € R be a real-valued function, and let us define it as ¥ =
h(X). The equation Y = h(X) determines a random variable if for all y € R the
set {w : Y(w) = h(X(w)) < y}is an event that is an element of o-algebra A. If / is
a continuous function or, more generally, is a Borel-measurable function (4 is Borel
measurable if for all x the relationship {u : h(u) < x} € Bis true), then Y, which is
determined by the equation ¥ = h(X), is a random variable. The question is how
the CDF and the density function (if the latter exists) of random variable Y can be
determined. It is usually true that

Fy(y) =P¥ =y) =P(h(X) =y) =Py [{x:h(x) < y}]. —oo <y < o0.
If / is a strictly monotonically increasing function, then this formula can be given

in a simpler form. Let us denote by 4! the inverse function of /, which in this case
must exist. Then



1.1 Summary of Basic Notions of Probability Theory 13

Fx(y) =P(h(X) <y) =P(X <h™'(y)) = Fx(h"'()), —00 < y < oc.
If & is a strictly monotonically decreasing function, then
Fx(y) =P(h(X) < y) =P(X = h™'(y)) = 1=Fx(h'(y)~0). —00 < y < 0.

With these relations, a formula can be given for the PDF of Y in special cases.

Theorem 1.21. Let us suppose that random variable X has a PDF fx and h is a
strictly monotonically, differentiable real function. Then

FO) = fx(h™ () '%h—l(y)', 0 < y < o0,

Comment 1.22. [fh is a linear function, that is, h(y) = ay +b, a # 0, and X has
a PDF fx, then the random variable Y = h(X) also has a PDF and the formula

1 _
fY(Y)szX(yba),—OO<y<OO,

is true.

Joint Distribution and Density Function of Random Variables, Marginal
Distributions In the majority of problems arising in practice, we have not one but
several random variables, and we examine the probability of events where random
variables simultaneously satisfy certain conditions.

Let (2, A, P) be a probability space, and let there be two random variables X
and Y on that space. The joint statistical behavior of the two random variables can
be determined by a joint CDF. We should note that the joint analysis of the random
variables X and Y corresponds to the examination of two-dimensional random
vector variables such as (X, Y') that have random variable coordinates.

Definition 1.23. The function
FXY(st) :P(X vaY Sy)s —00<x7y < 00,

is called the joint CDF of random variables X and Y.

From a practical point of view, the two most important types of distributions are
the discrete and the continuous ones, as in the one-dimensional case.

Definition 1.24. The joint distribution function of random variables X and Y
is called discrete; in other words, the random vector (X,Y) has a discrete
distribution if random variables X and Y are discrete. If we denote the values



14 1 Introduction to Probability Theory

of random variables X and Y by {x;, i € I} and {y i J€J }, respectively, then
the function

Di.js ifxzxi,y:yj,iel,jeJ,

e R,
0, if x#x;,y#y;,iel, jel, .

fxr(x,y) =

is called a joint PMF or joint PDF.
It is clear that in the discrete case the joint distribution function is

Fyy(x,y) = Z Dij -

Xi<X, Yj<y

The case of a joint continuous distribution is analogous to the discrete one.

Definition 1.25. The joint distribution of random variables X and Y is called con-
tinuous; in other words, the random vector (X, Y') has a continuous distribution if
there exists a nonnegative, real-valued integrable function on the plane fyy (x, y),
—o0 < X,y < 00, for which the relation

X

y
FXY(X,y)=//ny(u,v)dudv

—00 —O0
holds for all —oco < x,y < oo.

Definition 1.26. If Fxy denotes the joint CDF of random variables X and Y, then
the CDFs

Fx(x) = lim Fxy(x,y),
y—)OO
Fy(y) = YILIIOIOI’:XY(X,y)

are called marginal distribution functions.

It is not difficult to see that marginal distribution functions do not determine the
joint CDF. It is also clear that if a joint PDF fyy (x, y) of random variables X and
Y exists, then marginal PDFs can be given in the form

fx(x) = / fxy(x,y)dy, —o0 < x < o0,

fr(y) = / Sxy(x,y)dx —oo <y < oo.

If there are more than two random variables X,...,X,, n > 3, i.e., in the
case of an n-dimensional random vector (X1, ..., X,), then the definitions of joint
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distribution function and density functions can be given analogously to the case
of two random variables, so there is no essential difference. We will return to this
question when we introduce the concept of stochastic processes.

Conditional Distributions Let A be an arbitrary event, with P(A4) > 0, and X an
arbitrary random variable. Using the notion of conditional probability, we can define
the conditional distribution of random variable X given event A as the function

Fx(x|A) =P (X <x|A4), x e R.

The function Fy (x|A) has all the properties of a distribution function mentioned
previously.

The function fx(x|A4;) is called a conditional density function of random
variable X given event A if a nonnegative integrable function fy (x|A) exists for
which the equation

Fy(x]A) = / fx(u|A)du, —oo < x < o0,

holds.

The result for the distribution function Fy (x) can be easily proved in the same
way as the theorem of full events. If the sequence of events Aj, A, ... is a complete
system of events with the property P (4;) >0, i = 1,2,..., then

Fy(x) =) Fx(x|4;)P(4;), —00 < x < o0.

i=1

A similar relation holds for the conditional PDFs fx (x|A;), i > 1, if they exist:

Jx(x) = Z fx(x]|4)P (4;), —o0 < x < 0.

i=1

A different approach is required to define the conditional distribution function
Fx|y (x]y) of random variable X givenY = y, where Y is another random variable.
The difficulty is that if a random variable Y has a continuous distribution function,
then the probability of the event {Y = y} equals zero, and therefore the conditional
distribution function Fyy(x|y) cannot be defined with the help of the notion of
conditional probability. In this case the conditional distribution function Fyy (x|y)
is defined as follows:

Fyy(xly) = lim P(X <xly ¥ <y+Ay)

if the limit exists.
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Let us assume that the joint density function fyy(x,y) of random variables X
and Y exists. In such a case random variable X has the conditional CDF Fyy (x|y)
and conditional PDF fyy (x|y) given Y = y. If a joint PDF exists and fx(y) > 0,
then it is not difficult to see that the following relation holds:

Fyy(x]y) = A}iﬂop (X <xly<Y <y+Ay)
i P(X <x,y<Y <y+Ay)
1m

Ay—>+0  P(y <Y <y+ Ay)

Fxy (x,y+Ay)—Fxy (x,y)
Ay 1 0

lim = —
Fy (y+Ay)=Fy (»)
Ay>+o DUEENZI0) fr(y) dy

Fxy(x,y).

From this relation we get the conditional PDF fx|y (x|y) as follows:

2
Fyy(x,y) = M

7r(») dxdy moy D

0
Sy (xly) = anw(xD’) =

Independence of Random Variables Let X and Y be two random variables. Let
Fyxy(x,y) be the joint distribution function of X and Y, and let Fy(x) and Fy (y)
be the marginal distribution functions.

Definition 1.27. Random variables X and Y are called independent of each other,
or just independent, if the identity

Fxy(x,y) = Fx(x)Fy(y)

holds for any x, y, —oo < x,y < oco.

In other words, random variables X and Y are independent if and only if the joint
distribution function of X and Y equals the product of their marginal distribution
functions.

The definition of independence of two random variables can be easily generalized
to the case where an arbitrary collection of random variables {X;, i € I} is given,
analogously to the notion of the independence of events.

Definition 1.28. A collection of random variables {X;, i € I} is called mutually
independent (or just independent), if for any choice of a finite number of elements
Xi,, ..., X, the relation

x;, (X1, ..., x) = FX,.I(xl)-...-FX,.n(x,,), Xt,....,x, €R

holds.
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Note that from the pairwise independence of random variables {X;, i € I},
which means that the condition

Fx, x, (x1,x2) = Fx, (x1) Fx,, (x2), x1,x2 € R, i1,ip € I,

is satisfied, mutual independence does not follow.

Example 1.29. Consider Example 1.11 given earlier and preserve the notation.
Denote by X; = Zy4,y the indicator variables of the events A;, i = 1,2, 3. Then
we can verify that random variables X;, X5, and X3 are pairwise independent, but
they do not satisfy mutual independence. The pairwise independence of random
variables X; can be easily proved. Since the events A, A,, A3 are independent and

(X, =1}=A4; and {X; =0}=4;,

then, using the relation proved in Example 1.11, we obtain fori # j

P(X,=1.X, = 1) =P(4:4,) = P(A)P (4)) =

9

N NN

while, for example,

P(Xi=1,X =1,X; = 1) = P (4, 4:43) = 0 # %
=P (AP (A2)P (43) =P (X, = DP (X2 = DP(X; = 1).

Consider how we can characterize the notion of independence for two random
variables in the discrete and continuous cases (if more than two random variables
are given, then we may proceed in a similar manner).

Firstly, let us assume that the sets of values of discrete random variables X and
Y are {x;,i > 0} and { YinJ = O}, respectively. If we denote the joint and marginal
distributions of X and Y by

{Pij =P(X=X,,Y=yj), l,] 20},{% =P(X=.X,), i 20},
and{rj =P(Y =yj),J 20},

then the following assertion holds. Random variables X and Y are independent if
and only if
pij =¢qirj, i,j =0.
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Now assume that random variables X and Y have joint density fxy(x,y) and
marginal densities fx(x) and fy (y). Thus, in this case, random variables X and Y
are independent if and only if the joint PDF takes a product form, that is,

Sxr(x,y) = fx(x) fr(y), =00 < x,y < o0.

Convolution of Distributions Let X and Y be independent random variables
with distribution functions Fy (x) and Fy(y), respectively, and let us consider the
distribution of the random variable Z = X 4 Y.

Definition 1.30. The distribution (CDF, PDF) of the random variable Z = X +7Y is
called the convolution of the distribution (CDF, PDF), and the equations expressing
the relation among them are called convolution formulas.

Definition 1.31. Let X, X»,... be independent identically distributed random
variables with the common CDF Fy. The CDF F§" of the sum Z, = X, +...+ X,
(n > 1) is uniquely determined by Fyx and is called the n-fold convolution of the
CDF of Fy.

Note that the CDF F(z) of the random variable Z = X + Y, which is called
the convolution of CDFs Fy (x) and Fy (y), can be given in the general form

Fr@)=P(Z<)=P(X+Y <2)= / Fy(z—y) dFy ().

—00

This formula gets a simpler form in cases where the discrete random variables X
and Y take only integer numbers, or if the PDFs fx(x) and fy(y) of X and Y exist.

Let X and Y be independent discrete random variables taking values in
{0, +1,+£2,...} with probabilities {¢g; = P (X = x;)} and {rj =P (Y = yj)},
respectively. Then the random variable Z = X +7Y takes valuesin {0, 1, £2, ...},
and its distribution satisfies the identity

o0
Sk = Z Gk—nTns K =0,£1,£2,....

n=—0oo

If the independent random variables X and Y have a continuous distribution with
the PDFs fy (x) and fy(y), respectively, then random variable Z is continuous and
its PDF f7(z) can be given in the integral form

f20) = / Fr— ) fr ()dy.

Mixture of Distributions Let F|(x), ..., F,(x) be a given collection of CDFs, and
letay,...,a, be nonnegative numbers with the sum a; +...+a, = 1. The function
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F(x)=a1Fi(x)+...+a,F,(x), —00 < x < 00,

is called a mixture of CDFs Fj(x), ..., F,(x) with weights ay, ..., a,.

Comment 1.32. Any CDF can be given as a mixture of discrete, continuous, and
singular CDFs, where the weights can also take a value of 0.

Clearly, the function F(x) possesses all the properties of CDFs; therefore it is
also a CDF. In practice, the modeling of mixture distributions plays a basic role in
stochastic simulation methods. A simple way to model mixture distributions is as
follows.

Let us assume that the random variables X1, ..., X,, with distribution functions
Fi(x),..., Fy(x) can be modeled. Let ¥ be a random variable taking values in
{1,...,n} and independent of X1, ..., X,. Assume that Y has a distribution P(Y =
i)=a;, 1 <i<n(a =0, a +...4+a, =1). Let us define random variable Z
as follows: )

Z = ZI{Y=i}Xi,
i=1
where Zg, denotes the indicator variable. Then the CDF of random variable Z equals
F(z).

Proof. Using the formula of total probability, we have the relation

P(Z<)=) P(Z<Y =P =i)=) P(X; <2a; = F(2).

i=1 i=1
O

Concept and Properties of Expectation A random variable can be completely
characterized in a statistical sense by its CDF. To define a distribution function F(x),
one needs to determine its values for all x € R, but this is not possible in many cases.
Fortunately, there is no need to do so because in many cases it suffices to give some
values that characterize the CDF in a certain sense depending on concrete practical
considerations. One of the most important concepts is expectation, which we define
in general form, and we give the definition for discrete and continuous distributions
as special cases.

Definition 1.33. Let X be a random variable, and let Fy(x) be its CDFE. The
expected value (or mean value) of random variable X is defined as

o

E(X) = / xdFyx(x)

—00

if the expectation exists.
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Note that the finite expected value E (X) exists if and only if ffzo [x|dFy(x) <
oo. It is conventional to denote the expected value of the random variable X by px.

Expected Value of Discrete and Continuous Random Variables Let X be
a discrete valued random variable with countable values {x;,i € I} and with
probabilities { p; = P (X = x;),i € I}. The finite expected value E (X) of random
variable X exists and equals

E(X)=) pix

i€l

if and only if the sum is absolutely convergent, that is, Y ., pi [xi| < oo. In
the case of continuous random variables, the expected value can also be given in
a simple form. Let fy(x) be the PDF of a random variable X. If the condition
ffzo |x| fx(x)dx < oo holds (i.e., the integral is absolutely convergent), then the
finite expected value of X exists and can be given as

o

E(X) = /xfx(x)dx.

—0o0

From a practical point of view, it is generally enough to give two special,
discrete, and continuous cases. Let X be a random variable that has a mixed CDF
with discrete and continuous components Fj(x) and F,(x), respectively, and with
weights a; and a,, that is,

F(x) =a1Fi(x) +axF(x), ai,ax >0, a; +a, = 1.

Assume that the set of discontinuities of Fj(x) is {x;, i € I} and denote p; =
Fi(x;) — Fi(x;—),i € I.In addition, we assume that the continuous CDF F;(x)
has the PDF f(x). Then the expected value of random variable X is determined as
follows:

E(X) =a, Zp,-xi + a> / xf(x)dx
iel %

if the series and the integral on the right-hand side of the last formula are absolutely
convergent. The expected values related to special and different CDFs will be given
later in this chapter.

The operation of expectation can be interpreted as a functional

E:X > E(X)

that assigns a real value to the given random variable. We enumerate the basic
properties of this functional as follows.
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1. If random variable X is finite, i.e., if there are constants x; and x, for which the
inequality x; < X < x; holds, then

x; <E(X) < x.
If random variable X is nonnegative and the expected value E (X) exists, then
E(X) > 0.

2. Let us assume that the expected value E (X) exists; then the expected value of
random variable ¢ X exists for an arbitrary given constant ¢, and the identity

E(cX) = cE(X)

is true.
3. If random variable X satisfies the condition P (X = ¢) = 1, then

E(X) =c.

4. If the expected values of random variables X and Y exist, then the sum X + Y
has an expected value, and the equality

E(X +Y)=E(X)+E(Y)

holds. This relation can usually be interpreted in such a way that the operation
of expectation on the space of random variables is an additive functional.

5. The preceding properties can be expressed in a more general form. If there
are finite expected values of random variables X;,..., X, and ¢y,...,c, are
constants, then the equality

E @ Xi+...+ X)) =caEX)+...+,E(X))

holds. This property means that the functional E () is a linear one.

6. Let X and Y be independent random variables with finite expected value. Then
the expected value of the product of random variables X - Y exists and equals
the product of expected values, i.e., the equality

E(XY)=EX)-E(Y)

is true.

Expectation of Functions of Random Variables, Moments and Properties Let
X be a discrete random variable with finite or countable values {x;,i € I} and with
distribution {p;,i € I'}. Let h(x), x € R be a real-valued function for which the
expected value of the random variable Y = h(X) exists; then the equality
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E(Y) =EHhX)) =) pih(x)

iel

holds.
If the continuous random variable X has a PDF fx (x) and the expected value of
the random variable Y = h(X) exists, then the expected value of Y can be given in

the form
o0

EY) = / h(x) fx(x)dx.
—00

In cases where the expected value of functions of random variables (functions of
random vectors) are investigated, analogous results to the one-dimensional case can
be obtained. We give the formulas in connection with the two-dimensional case only.
Let X and Y be two random variables, and let us assume that the expected value of
the random variable Z = h(X, Y) exists. With the appropriate notation, used earlier,
for the cases of discrete and continuous distributions, the expected value of random
variable Z can be given in the forms

E(Z) =) Y h(x,y)P(X =x.Y =),

iel jeJ

E(Z) = / / h(x ) fry (x, y)dxdy.

—00 —00

Consider the important case where / is a power function, i.e., for a given positive
integer number k, h(x) = x*. Assume that the expected value of X¥ exists. Then
the quantity

we=E(X*), k=1.2,...,

is called the kth moment of random variable X. It stands to reason that the first
moment ;. = p; = E(X') is the expected value of X and the frequently used
second moment is ;, = E (X?).

Theorem 1.34. Let j and k be integer numbers for which 1 < j < k. If the kth
moment of random variable X exists, then the jth moment also exists.

Proof. From the existence of the kth moment it follows that E (|X |k) < 0. Since
k/j > 1, the function Xk x >0, is convex, and by the use of Jensen’s inequality
we get the relation

[E(x]1)]" <E ((|X|f)k/j) = E (X ) < .
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The kth central moment E ((X —E(X))* ) is also used in practice; it is defined
as the kth moment of the random variable centered at the first moment (expected
value). The kth central moment E ((X — E (X))¥) can be expressed by the noncen-
tral moments w;, 1 <i < k of random variable X as follows:

k
E((X —E(X))") =E (Z (l:)X"(—E (X))k"')

i=0
k

k 4 4
(i )E (X)(=E (X))F.

i=0

In the course of a random experiment, the observed values fluctuate around
the expected value. One of the most significant characteristics of the quantity of
fluctuations is the variance. Assume that the second moment of random variable X
is finite. Then the quantities

Var (X) = E (X —E(X))?)

are called the variance of random variable X . The standard deviation of a random
variable X is the square root of its variance:

D(X) = VE((X —E(X))?).

It is clear that the variance of X can be given with the help of the first and second
moments as follows:

D’ (X) = Var (X) = E((X —E(X))?) = E(X?) —2E(X) -E(X) + (E(X)?)
=E (X?) — (E(X))* = jua — i°.

It is conventional to denote the variance of the random variable X by 0}2( =D?(X).

It should be noted that the variance of a random variable exists if and only if its

second moment is finite. In addition, from the last inequality it follows that an upper
estimation can be given for the variance as

D’ (X) <E(X?).
It can also be seen that for every constant ¢ the relation
E((X =) =E ([(X — E(X)) + B (X) = )]") = D* (X) + (E(X) — )’

holds, which is analogous to the Steiner formula, well known in the field of
mechanics.
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As an important consequence of this identity, we have the following result: the
second moment E ((X — c)2) takes the minimal value for the constant ¢ = E (X).
We will now mention some frequently used properties of variance.

1. If the variance of random variable X exists, then for all constants a and b the
identity
D’ (aX + b) = a’°D* (X)

is true.
2. Let Xj,..., X,, be independent random variables with finite variance; then

D> (X, + ...+ X,) =D>(X)) + ... + D*(X,). (1.2)

The independence of random variables that play a role in formula (1.2) is
not required for the last identity, and it is also true if instead of assuming
the independence of the random variables Xji,..., X, we assume that they are
uncorrelated. The notion of correlation is to be defined later. If Xy,..., X,, are
independent and identically distributed random variables with finite variance o, then

D’ (X, +...+ X,) =D*(X)) + ... + D*(X,) = no?,

from which
D(Xi+...+X,) =0+/n

follows.
In the literature on queueing theory, the notion of relative variance CV (X )2 is
applied, which is defined as

D* (X)
CV(X)?= ——Z2 |
0 E(1X])’

Its square root CV (X) = D (X)/E (]X]) is called the coefficient of variation,
which serves as a normalized measure of variance of a distribution. The following
inequalities hold:

Exponential distribution: CV =1,
Hyperexponential distribution: CV >1,
Erlang distribution: CV < 1.

Markov and Chebyshev Inequalities The role of the Markov and Chebyshev
inequalities is significant, not only because they provide information concerning
distributions with the help of expected value and variance but because they are also
effective tools for proving certain results.

Theorem 1.35 (Markov inequality). If the expected value of a nonnegative random
variable X exists, then the following inequality is true for any constant € > 0,:
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P(X >¢) < E(X).
€

Proof. For an arbitrary positive constant £ > 0 we have the relation
E (X) >E (XI{Xze}) > ¢E (I{Xzs}) =¢ P(X > E),

from which the Markov inequality immediately follows. O
Theorem 1.36 (Chebyshev inequality). If the variance of random variable X is

finite, then for any constant ¢ > O the inequality

D’ (X)
82

P(X-E(X)|=¢) =<
holds.

Proof. Using the Markov inequality for a constant ¢ > 0 and for the random variable
(X —E(X))? we find that

_EX —E(X))’ _D*(X)

P(X —E(X)| =) =P((X-E(X) = ¢) > ~

)

from which the assertion of the theorem follows. O

Comment 1.37. Let X be a random variable. If h(x) is a convex function and
E (h(X)) exists, then the Jensen inequality E (h(X)) > h(E (X)) is true. Using
this inequality we can obtain some other relations, similar to the case of the Markov
inequality.

Example 1.38. As a simple application of the Chebyshev inequality, let us consider
the average (X; + ... + X,)/n, where the random variables X,..., X, are
independent identically distributed with finite second moment. Let us denote the
joint expected value and variance by pu and o2, respectively. Using the property
(1.2) of variance and the Chebyshev inequality and applying (n¢) instead of e, we
get the inequality

P(|X1+...+Xn—n,u|zns):P<(X1+...+Xn—nu)22n282)

A
Il

then
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As a consequence of the last inequality, for every fixed positive constant ¢ the
probability P (| M — ,u| > e) tends to 0 as n goes to infinity. This assertion is
known as the weak law of large numbers.

Generating and Characteristic Functions So far, certain quantities characteriz-
ing the distribution of random variables have been provided. Now such transfor-
mations of distributions will be given where the distributions and the functions
obtained by the transformations uniquely determine each other. The investigated
transformations provide effective tools for determining, for instance, distributions
and moments and for proving limit theorems.

Definition 1.39. Let X be a random variable taking values in {0, 1,...}, with
probabilities pg, pi, . ... Then the power series

Gx() =E(X) =) p?
i=0

is convergent for all z € [—1, 1], and the function Gx(z) is called the probability
generating function (or just generating function) of the discrete random vari-
able X.

In engineering practice, the power series defining the generating function is
applied in a more general approach instead of in the interval [—1, 1], and the
generating function is defined on the closed complex unit circle z € C, |z] < 1,
which is usually called a z-transform of the distribution {p;,i = 0, 1,...}. This
notion is also applied if, instead of a distribution, a transformation is made to an
arbitrary sequence of real numbers.

It should be noted that |Gx(z)] < 1 if z € C and the function Gy (z) is
differentiable on the open unit circle of the complex plane z € C, |z| < 1 infinitely
many times and the kth derivative of Gy (z) equals the sum of the kth derivative of
the members of the series.

It is clear that

=GP0k, k=0.1,....

This formula makes it possible to compute the distribution if the generating function
is given. It is also true that if the first and second derivatives G (1—) and G% (1—)
exist on the left-hand side at z = 1, then the first and second moments of random
variable X can be computed as follows:

E(X) = Gy(1-) and E(X?) = (:G}(2))’

| = GR(1-) + G (1),

7=

From this we can obtain the variance of X as follows:

D’ (X) = Gy(1-) + Gy (1-) — (G (1-)*.
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It can also be verified that if the nth derivative of the generating function Gy (z)
exists on the left-hand side at z = 1, then

EXX-1D...(X=m+1)=Y k(k—1)...(k—m+1)ps

k=m
- G;m)(l—), 1 <m<n.
Computing the expected values on the left-hand side of these identities, we can
obtain linear equations between the moments p; = E(X k ), 1 <k < m, and the

derivatives Gg(m)(l—) forall 1 <m < n. The moments w,,, m = 1,2,...,n can be

determined in succession with the help of the derivatives Gg‘) (1-), 1 <k <m.
The special cases of k = 1,2 give the preceding formulas for the first and second
moments.

Characteristic Function

Definition 1.40. The complex valued function
ox(s) =E (eiSX) = E (cos(sX)) + iE (sin(sX)), s € R,

is called the characteristic function of random variable X, where i = +/—1.
Note that a characteristic function can be rewritten in the form

o0

ox(s) = / & d Py (x),

—0Q

which is the well-known Fourier—Stieltjes transform of the CDF Fx (x).
Using conventional notation, in discrete and continuous cases we have

o]

oo
px(s) = Zpkem‘", and @y (s) = / e fy (x)dx.
k=0 S

The characteristic function and the CDFs determine each other uniquely. Now
some important properties of characteristic functions will be enumerated.

1. The characteristic function is real valued if and only if the distribution is
symmetric.
2. If the kth moment E (X*) exists at point 0, then

k
0% (0)
ik

E(X") =
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3. If the derivative gofk)(O) is finite for a positive integer k, then the moment
E (X 2k ) exists. Note that from the existence of the finite derivative <p§(2k+l)(0)
only the existence of the finite moment E (X ) follows.

4. Let Xi,..., X, be independent random variables; then the characteristic func-
tion of the sum X; + ... 4 X, equals the product of the characteristic functions
of the random variables X;, that is,

OX 1+t X, (S) —E (eiS(X1+~~~+Xn)) = E (eile L eiSX,,)

=E (") ... E (") = @x,(5) ... 0x, (5).

Note that property 4 plays an important role in the limit theorems of probability
theory.

Laplace-Stieltjes and Laplace Transforms If, instead of the CDFs, the Laplace—
Stieltjes and Laplace transforms were used, the problem could be solved much
easier in many practical cases and the results could additionally often be given
in more compact form. Let X be a nonnegative random variable with the CDF
F(x) (F(0) = 0). Then the real or, in general, complex varying function

F~(s) =E(e¥) = /e_”dF(x), Res >0, F~(0) =1
0

is called the Laplace-Stieltjes transform of the CDF F. Since |e_SX | < lifRes >
0, then the function F~(s) is well defined. If f is a PDF, then the function

oo

f*(@s) = /e_“'xf(x)dx, Res > 0,

0

is called the Laplace transform of the function f. These notations will be used
even if the functions F' and f do not possess the necessary properties of distribution
and PDFs but F~(s) and f*(s) are well defined. If f is a PDF related to the CDF
F, then the equality

F~(s) = f*(s) = sF™(s) (1.3)
holds.
Proof. It is clear that
F~(s)= [ e™dF(x) = [ e f(x)dx = f*(s),
[rero-]

and integrating by parts we have
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F~(s)= | e™dF(x) = | se " F(x)dx = sF*(s).
[roro=]

0

Since the preceding equation is true between the two introduced transforms, it is
enough to consider the Laplace—Stieltjes transform only and to enumerate its main
properties.

(a) F~(s), Res > 0 is a continuous function and 0 < |F~(s)| < 1, Res > 0.
(®) Fx,,(s)= e " F~(as).
(c) For all positive integers k

o0
(—D)F~®(5) = /xke_”dF(x), Res > 0.
0

If the kth moment i = E (X*) exists, then px = (=1)* F~®)(0).
(d) If the nonnegative random variables X and Y are independent, then

Fyiy(s) = Fy (s)Fy (s).
(e) For all continuity points of the CDF F' the inversion formula
: negp~ () a’
F(x) = lim ,,;Y(_l) (F~ (@)™ —

is true.
Covariance and Correlation Let X and Y be two random variables with finite
variances 0)2( and 012,, respectively. The covariance between the pair of random
variables (X, Y) is defined as
cov(X.Y) = E((X —E(X))(Y —E(Y))).
The covariance can be rewritten in the simple computational form

cov(X,Y) = E(XY) —E(X)E(Y).

If the variances 0% and o} satisfy the conditions D (X) > 0, D (Y) > 0, then
the quantity

corr(X,Y):cov(X_E(X) Y—E(Y)) _ cov(X.,Y)

D(X) ' D) J D(X)D(Y)

is called the correlation between the pair of random variables (X, Y).
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Correlation can be used as a measure of the dependence between random
variables. It is always true that

—1 <corr(X,Y) <1,

provided that the variances of random variables X and Y are finite and nonzero.

Proof. Since by the Cauchy—Schwartz inequality for all random variables U and V'
with finite second moments

(E(UV))* <E(U*E(V?),
therefore
(cov(X,Y))> <E((X —E(X))’)E((Y —E(Y))*) =D*(X)D*(Y),

from which the inequality |corr(X, Y)| < 1 immediately follows. O

It can also be proved that the equality |corr(X, Y)| = 1 holds if and only if a
linear relation exists between random variables X and Y with probability 1, that is,
there are two constants ¢ and b for whichP (Y =aX +b) = 1.

Both covariance and correlation play essential roles in multivariate statistical
analysis. Let X = (X1, ..., X,,)T be a column vector whose n elements X1, ..., X,
are random variables. Here it should be noted that in probability theory and statistics
usually column vectors are applied, but in queueing theory row vectors are used if
Markov processes are considered. We define

E(X) = (EX),....EX,)",

provided that the expected values of components exist. The upper index 7 denotes
the transpose of vectors or matrices. Similarly, if a matrix W = (W, j) € R js
given whose elements W;; are random variables of finite expected values, then we
define

EW)=(EW;)).1<i<k,1<j=<m).

If the variances of components of a random vector X = (X,..., X k)T are finite,
then the matrix
R=E(X -EX)) (X -EX))") (1.4)

is called a covariance matrix of X . It can be seen that the (7, j) entries of matrix R
are R;; = cov(X;, X;), which are the covariances between the random variables X;
and X ;.

The covariance matrix can be defined in cases where the components of X are
complex valued random variables replacing in definition (1.4) (X — E (X ))T by
(X —E (X))*" the complex composed of transpose.
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An important property of a covariance matrix R is that it is nonnegative definite,

i.e., for all real or complex k-dimensional column vectors z = (zj, ... ,zx)T the
inequality

ZRZ" >0
holds.

The matrix r = (r; ;) with components r; ; = corr(X;, X;), 1 <i <k, 1 <
j < m is called a correlation matrix of random vector X.

Conditional Expectation and Its Properties The notion of conditional expecta-
tion is defined with the help of results of set and measure theories. We present the
general concept and important properties and illustrate the important special cases.
Let (2, A, P) be a fixed probability space, and let X be a random variable whose
expected value exists. Let C be an arbitrary sub-c-algebra of .A. We wish to define
the conditional expectation Z = E (X |C) of X given C as a C-measurable random
variable for which the random variable satisfies the condition E (E (X |C)I{c}) =
E (XZcy) for all C € C. As a consequence of the Radon-Nikodym theorem, a
random variable Z exists with probability 1 that satisfies the required conditions.

Definition 1.41. Random variable Z is called the conditional expectation of X
given o-algebra C if the following conditions hold:

(a) Z is a C-measurable random variable.
(b)) E (E (X|C)I{C}) =E (XI{C}) forall C €C.

Definition 1.42. Let A € A be an event. The random variable P (A|C) =
E (Z;4|C) is called the conditional expectation of event 4 given o-algebra C.

Important Properties of Conditional Expectation Let C, C;, and C, be sub-o-
algebras of A, and let X, X, and X, be random variables with finite expected
values. Then the following relations hold with probability 1:

E(E(X|C)) = E(X).

E (cX|C) = cE (X|C) for all constant c.

If Cop = {@, 2} is the trivial o-algebra, then E (X |Cy) = E (X).

If C;C C,, then E (E (X|C))|C2) = E (E(X]C)|C1) = E(X|Cy).

If random variable X does not depend on the o-algebra C, i.e., if for all
Borel sets D € B and for all events A € C the equality P(X € D, A) =
P (X € D)P(A) holds, then E (X|C) = E (X).

6. E(X; + X2/C) = E(X1|C) + E(X2]|0).

7. If the random variable X is C-measurable, then E (X X»|C) = X E (X;|C).

Nk W=

Definition 1.43. Let Y be a random variable, and denote by Ay the o-algebra
generated by random variable Y, i.e., let Ay be the minimal sub-o-algebra of A for
which Y is Ay-measurable. The random variable E (X|Y) = E (X|Cy) is called
the conditional expectation of X given random variable Y.

Main Properties of Conditional Expectation Firstly, consider the case where
random variable Y is discrete and takes values in the set Y = {yi,..., y,} and
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P(Y =y;) >0, 1 <i < n.We then define the events C; = {Y = y;}, 1 <
i < n.Itis clear that the collection of events {Ci,...,C,} forms a complete
system of events, i.e., they are mutually exclusive, P(C;) > 0, < i < n and
P(C)) + ...+ P(C,) = 1. The g-algebra Cy = o(Cy,...,C,) C A, which is
generated by random variable Y, is the set of events consisting of all subsets of
{Cy,...,C,}. Note that here we can write “algebra” instead of “o-algebra” because
the set {Cy,...,C,} is finite. Since the events C; have positive probability, the
conditional probabilities

E (XI{C:'})

E(XIC) = ~pc)

are well defined.

Theorem 1.44. The conditional expectation E (X |Cy) satisfies the relation

E(X|Cy) = E(X|Cy)(w) = Y _E(X|Ci)Iic,y with probability 1. (1.5)
k=1

Note that Eq. (1.5) can also be rewritten in the form

E(X|Y)=EX|Y)(w) = ZE(X|Y = i) Ly =y} (1.6)
k=1

Proof. Since the relation
{E(X|Cy) =x} =U{C: E(X|C) =x}ely

holds for all x € R, then E (X|Cy) is a Cy-measurable random variable. On the
other hand, if C € Cy, C # {@},then C = U{C; : i € K} stands with an
appropriately chosen set of indices K C {1, ...,n}, and we obtain

E (E(X|Cy)Tic)) = E (ZE (X|Ck>1{ck})

keK

=Y EX|COP(C) = Y E(XIi,y) = E(XIy).
keK keK

If C = {©}, then E (E (X|Cy)Z(c}) = E (XZicy) = 0. Thus we have proved that
random variable (1.5) satisfies all the required properties of conditional expectation.
O

Comment 1.45. From expression (1.6) the following relation can be obtained:



1.1 Summary of Basic Notions of Probability Theory 33

o

E() =EEXI) = [ EXIY =»dry o) (a7
—0o0
This relation remains valid if, instead of the finite set Y = {y1,..., yn}, we choose

the countable infinite set Y = {y;, i € I} forwhichP(Y = y;) >0,i € 1.
Comment 1.46. Denote the function g by the relation

E(X|Y = y), if y = yi for an index k,

0, otherwise.

gy) = (1.8)

Then, using formula (1.6), the conditional expectation of X given Y can be obtained
with the help of the function g as follows:

E(X[Y) =g(Y) (1.9)

with probability 1.

Continuous Random Variables (X,Y) Consider a pair of random variables
(X, Y) having joint density fyy(x,y) and marginal densities fx(x) and fy(y),
respectively. Then the conditional density fyy (x|y) exists and, according to (1.1),
can be defined as

fxy(x,y) .
frr&mn =42 Ao if fy(y) >0,

0, otherwise .

oo

Define g(y) = E(X|Y = y) = [ xfyy(x|y)dx. Then the conditional expecta-

—00
tion of X given Y can be determined with probability 1 as follows:
E(X|Y) = g(Y),

and so we can define
EX[Y =y)=gV).

Proof. 1t is clear that g(Y) is a Cy-measurable random variable; therefore, it is
enough to prove that the equality

E (E(X|Y)Zyyepy) = E(XZiyeny)
holds for all Borel sets D of a real line. It is not difficult to see that

E (E(X|Y)Tyepy) = E(2(Y)Lyepy)
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/

Sxv(x,y)
T Sy (y)dxdy

X fxy(x,y)dxdy

Il
Se—
é\g é\g

and, on other hand,

E (XZyyeny) / / xfiy (x. y)dxdy.

|

Comment 1.47. [n the case where a pair of random variables has a joint normal
distribution, the conditional expectation E (X|Y) is a linear function of random
variable Y with probability 1, that is, the regression function g is a linear function
and the relation

cov(X,Y)

E(X|Y)=E(X) + D&

(X —E(X))

holds.

General Case By the definition of conditional expectation, E (X|Y) is Cy-
measurable; therefore, there is a Borel-measurable function g such that E (X|Y)
can be given with probability 1 in the form

E(X|Y) = g(Y). (1.10)

This relation makes it possible to give the conditional expectation E (X|Y = y) as
the function

EX|Y =y) =g,

which is called a regression function. It is clear that the regression function is not
necessarily unique and is determined on a Borel set of the real line D satisfying the
conditionP (Y € D) = 1.

Comment 1.48. Let X and Y be two random variables. Assume that X has finite
variation. Consider the quadratic distance E ([X —h(Y )]2) for the set Hy of

all Borel-measurable functions h, for which h(Y') has finite variation. Then the
assertion

min {E ([X — h(Y)]z) ‘he HY} —E ([X - g(Y)]z)



1.2 Frequently Used Discrete and Continuous Distributions 35

holds. This relation implies that the best approximation of X by Borel-measurable
functions of Y in a quadratic mean is the regression E (X|Y) = g(Y).

Formula of Total Expected Value A useful formula can be given to compute the
expected value of random variable X if the regression function E (X |Y = y) can
be determined.

Making use of relation 1 given as a general property of conditional expectation
and Eq. (1.10), it is clear that

E(X) =E(EX]|Y)) =E ()

oo oo

- / ¢(dFy () = / E(X|Y = »)dFy (7).

—00 —0o0

From this relation we have the so-called formula of total expected value. If random
variable Y has discrete or continuous distributions, then we have the formulas

E(X) =) EX[Y = y)P(Y =y)
iel

and
o0

E(X) = /E(X|Y — ) £y (n)dy.

—00

1.2 Frequently Used Discrete and Continuous Distributions

In this part we consider some frequently used distributions and give their defini-
tions and important characteristics. In addition to the formal description of the
distributions, we will give appropriate mathematical models that lead to a given
distribution. If the distribution function of a random variable is given as a function
Fx(x;ay,...,a,) depending on a positive integer n and constants ay, ..., a,, then
ai,...,ay are called the parameters of the density function Fy.

1.2.1 Discrete Distributions

Bernoulli Distribution Be(p), 0 < p < 1. The PDF of random variable X with
values {0, 1} is called a Bernoulli distribution if

p, ifk=1,

e =P( )= V1= p. itk =o.
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Expected value and variance: E(X)=p, D*(X)=p(-p);
Generating function: l—p+ pz;
Characteristic function: 1—p+ pe'.

Example. Let X be the number of heads appearing in one toss of a coin, where
p = P (head appearing in a toss).

Then X has a Be(p) distribution.

Binomial Distribution B(n, p). The distribution of a discrete random variable X

with values {0, 1, ..., n} is called binomial with the parametersn and p, 0 < p < 1,
if its PDF is
=P(X =k) = (Z)pk(l )"k k=0,1,....n.
Expected value and variance: ~ E (X) =np, D?(X) =np(l — p);
Generating function: G@@) =(pz+ 1 —-p):
Characteristic function: o) = (1 + pEe’ —1)".

Example. Consider an experiment in which we observe that an event A with
probability p = P(A4), 0 < p < 1, occurs (success) or not (failure). Repeating
the experiment n times independently, define random variable X by the frequency
of event A. Then the random variable has a B(n, p) PDE.

Note that if the Be(n, p) random variables X1, ..., X, are independent, then the
random variable X = X; 4+ ... + X, has a B(n, p) distribution.

Polynomial Distribution The PDF of a random vector X = (X1,..., X )T taking
values in the set {(ny,...,nr) : n; >0, n; + ...+ nx = n} is called polynomial
with the parameters n and py, ..., pr (pi. >0, p1+ ...+ pr = 1) if X has a PDF

n! ,
P =P (X =mi o X = m) = ————pi
nyi...Ng:
Note that each coordinate variable X; of random vector X has a B(p;,n) binomial
distribution whose expected value and variance are np; and np; (1 — p;).

Expected value E(X) = (np1,... ,npn)T;

Covariance matrix R = (Rij)i<i j <k Where R;; = npi(l = pi), _lf L=
o ‘ npipj, it i F#J;

Characteristic function: o(t, ... 1) = (p1e’ + ... + pre'e)r,

Example. Let Ay, ..., Ax be k disjoint events for which p; = P(4;) > 0, p; +
...+ pr = 1. Consider an experiment with possible outcomes Ay, ..., A; and repeat
it n times independently. Denote by X; the frequency of event A4; in the series of n
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observations. Then the distribution of X is polynomial with the parameters n and
pl 90 pk‘

Geometric Distribution The PDF of random variable X taking valuesin {1, 2, ...}
is called a geometric distribution with the parameter p, 0 < p < 1, if its PDF is

w=PX=k=0-p)'p k=12,....
Expected value and variance: E(X) = %, D’ (X) = 1;—2”;
Generating function: G(z) = #ﬁmz;
Characteristic function: o(t) = l_ﬂﬁw.
Theorem 1.49. If X has a geometric distribution, then X has a so-called
memoryless property, that is, for all nonnegative integer numbers i, j the following
relation holds:

PXzi+jlXzi)=P(X =)).

Proof. 1t is easy to verify that for k > 1

P(X=k)=) PX=0=) (1-p"'p
=k =k

=(1-p'pY -p'=0-ph

£=0
therefore,
PX=>i+jX=>i)
P(X >1i)
_PX=i+))
- P(X =)

(1L—py i
(I—p)y-t

PX =i+ jlX=i)=

(1-=p), j=0,1,....

O

Note that a geometric distribution is sometimes defined on the set {0,1,2,...}
instead of {1,2, ..., }; in this case, the PDF is determined by

pe=>0-pkp, k=0,1,2,....

Example. Consider a sequence of experiments and observe whether an event A4,
p = P(A) > 0, occurs (success) or does not (failure) in each step. If the event
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occurs in the kth step first, then define the random variable as X = k. In other
words, let X be the number of Bernoulli trials of the first success. Then random
variable X has a geometric distribution with the parameter p.

Negative Binomial Distribution The distribution of random variable X taking
values in {0, 1,...} is called a negative binomial distribution with the parameter
p,0<p<l1,if

k—1
pk:P(X:k+r):<r+k )(I—p)kp’,kzo,l,....
Expected value and variance: EX)=r %, D’ (X) = rl;—zp;
r
: fon- — P .
Generating function: G(z) = (ﬁ) ;
Characteristic function: ot)=7p" (1 -(1- p)e”)_r .

Example. Let p, 0 < p < 1, and the positive integer r be two given constants.
Suppose that we are given a coin that has a probability p of coming up heads. Toss
the coin repeatedly until the rth head appears and define by X the number of tosses.
Then random variable X has a negative binomial distribution with parameters (p, ).

Note that from this example it immediately follows that X has a geometric
distribution with the parameter p when r = 1.

Poisson Distribution The PDF of a random variable X is called a Poisson
distribution with the parameter A (1 > 0) if X takes valuesin {0, 1, ...} and

/\k
pkzP(sz):Fe_A, k=01,....

Expected value and variance: E(X)=1, D*(X)=A;
Generating function: G(z) = e’\(f_l);
Characteristic function: @(r) = M=),
The following theorem establishes that a binomial distribution can be approxi-

mated with a Poisson distribution with the parameter A when the parameters (p, n)
of the binomial distribution satisfy the conditionnp — A, n — oo.

Theorem 1.50. Consider a binomial distribution with the parameter (p,n). As-
sume that for a fixed constant A, A > 0, the convergence np — A, n — o0, holds;
then the limit of probabilities satisfies the relation

k
ny i n—k - _
(k)p (1-p) > ¢ , k=0,1,....

Proof. For any fixed k > 0 integer number we have
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(k) (L= pyk = (= Dp) = (1 =k +DP) iz

Since np — A, n — oo, therefore p — 0, and we obtain

(np)(n —Dp)...(n—k+1)p) A* 5
1 2.k TR S

On the other hand, if p — 0, then we get the asymptotic relation log(1 — p) =
—p + o(p). Consequently,

(n—k)log(l—p)=—m—k)(p+o(p) —>—A, np—> A, n — o0;

therefore, using the last two asymptotic relations, the assertion of the theorem
immediately follows. O

1.2.2 Continuous Distributions

Uniform Distribution Leta,b (a < b) be two real numbers. The distribution of
random variable X is called uniform on the interval (a, b) if its PDF is given by

_ %a, ha x € (a,b),
S = bO, ha x ¢ (a,b).

Expected value and variance: E((X) = ”er” . D? ,(,5( )ij %;

Characteristic function: o) = hiu TS

Note that if X has a uniform distribution on the interval (a, b), then the random

variable Y = if__: is distributed uniformly on the interval (0, 1).

Exponential Distribution Exp(A), A > 0. The distribution of a random variable
X is called exponential with the parameter A, A > 0, if its PDF

de ™ if x >0,

TO=1"0 irx<o
Expected value and variance: E(X) = %, D’ (X) = ,\Lz;
Characteristic function: pt) = ﬁ

The Laplace and Laplace—Stieltjes transforms of the density and distribution
function of an Exp(A) distribution are determined as
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E(e™)=f"(s) = F(s) = .
s+ A

The exponential distribution, similarly to the geometric distribution, has the
memoryless property.

Theorem 1.51. For arbitrary constants t,s > 0 the relation
P(X>t+s|X>t)=P(X >5)

holds.

Proof. It is clear that

P(X>t+s,X>t)_

PX>t+s|X>1)=

P(X >1)
_ P(X>1t+5) _ e A+ _ s
P(X >1) e—M

|

Hyperexponential Distribution Let the PDF of random variable X be a mixture
of exponential distributions with the parameters A,...,A, and with weights
ai,...,a, (ag >0,a; + ...+ a, = 1). Then the PDF

Z akkke_’\“ if x>0,
fx) = 9=
0, if x <0,

of random variable X is called hyperexponential.

n n n 2
Expected value and variance: ~ E (X)= }_ &, D’ (X)=2) Z—% - (Z “—k) ;
k=1 k=1 k=1
Ak
Ak—it”

n
Characteristic function: o) =Y a
k=1

o0
Denote by I'(x) = [ y*~'e7”dy, x > —1 the well-known gamma function T’
0
in analysis, which is necessary for the definition of the gamma distribution.
Gamma Distribution Gamma(a, 1), o, A > 0.

The distribution of a random variable X is called a gamma distribution with the
parameters o, A > 0, if its PDF is
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A%

)= 1@

xele=2 if x > 0,
0, if x <0.

Expected value and variance: E(X) = % D? X)=%;
Characteristic function: o) = (ﬁ)a .

>

Comment 1.52. A gamma distribution with the parameters « = n, A = np is
called an Erlang distribution.

Comment 1.53. [f the independent identically distributed random variables
X1, X5, ... have an exponential distribution with the parameter A, then the
distribution of the sum Z = X, + ... + X, is a gamma distribution with the
parameter (n, A). This relation is easy to see because the characteristic function
of an exponential distribution with the parameter A is (1 — it/A)"'; then the
characteristic function of its nth convolution power is (1 — it /A)™", which equals
the characteristic function of a Gamma(n, A) distribution.

Beta Distribution Beta(a,b), a,b > 0. The distribution of random variable X is
called a beta distribution if its PDF is

oy = | gy =0 i e 0.1),
0, if x ¢ (0,1).

Expected value and variance:  E (X) = 45, D’ (X) = m;
Characteristic function in the

o0
_ T@+p) (inF  T(a+k)
() = T 2 @ [NCET:ESSR

form of power series:
Gaussian (Also Called Normal) Distribution N(u,A), —co < u <00, 0 <o <
oo. The distribution of random variable X is called Gaussian with the parameters
(u,0) if it has a PDF

e (v—1\2 2
e (W20 5o < x < 00,

1
fx) = Ner

o
Expected value and variance: w=E(X) and o?=D*(X);
Characteristic function: @(t) = exp {i ut — "7212} .

The N (0, 1) distribution is usually called a standard Gaussian or standard normal
distribution, and its PDF is equal to

—+2
e /2 —00 < x < o0.

f(x) = N
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It is easy to verify that if a random variable has an N(u, o) distribution, then the
centered and linearly normed random variable ¥ = (X — w)/o has a standard
Gaussian distribution.

Multidimensional Gaussian (Normal) Distribution N(u,R) Let Z = (Z,,
..., Zy) be an n-dimensional random vector whose coordinates Z, ..., Z, are
independent and have a standard N(0, 1) Gaussian distribution. Let V €R"™*" be
an (m x n) matrix and & = (W1, ..., Mun)" € R™ an m-dimensional vector. Then
the distribution of the m-dimensional random vector X defined by the equation
X = VZ + p is called an m-dimensional Gaussian distribution.

Expected value and variance matrix:
EX)=pux =u and D’X)=Rx =E(X-pwX-21)") =VVh;
Characteristic function:

1
(t) = exp % itTM—thRXt} ,wheret = (1,....t,)" € R™.

If V is a nonsingular quadratic matrix (m = n and detV # 0), then the random
vector X has a density in the form

fx®) = —%(x—mTRgl(x—m} Cx= ()T € R

1
(27 detRy)"/2 P {

Example. If the random vector X = (X, Xz)T has a two-dimensional Gaussian
distribution with expected value pt = (p1, pt2)T and covariance matrix

ab
RX_[bci|’

then its PDF has the form
vac —b? 1
Jx(x) = e exp{—z[a(xl —j1)? + 2b(x1 — 1) (2 — ) + (2 — pa)’¢

where a, b, c, ju1, Lo are constants satisfying the conditions ¢ > 0, ¢ > 0, and
b? < ac.

Note that the marginal distributions of random variables X and X, are N (i1, 01)
and N (2, 02) Gaussian, respectively, where

/ a / c
o] = m, 0y = m and b = COV(Xl,Xz).
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Distribution Functions Associated with Gaussian Distributions Let Z, Z,,
Z,, ... beindependent random variables whose distributions are standard Gaussian,
i.e., with the parameters (0, 1). There are many distributions, for example the )(2
and the logarithmically normal distributions defined subsequently (further examples
are the frequently used 7, F, and Wishart distributions in statistics [46]), that can
be given as distributions of appropriately chosen functions of random variables
2,2,,Z,5,....

x* Distribution The distribution of the random variable X = Z? + ... + Z2 is
called a y? distribution with parameter n. The PDF is

1 n/2—=1,—x/2
fox) = d PTGt ¢ if x >0,
0, if x <0.
Expected value and variance: E(X)=n, D*(X)=2n;
Characteristic function: e(t) = (1 =2it)™"/2.

Logarithmic Gaussian (Normal) Distribution If random variable Z has an
N (i, o) Gaussian distribution, then the distribution of the random variable X = e*
is called a logarithmic Gaussian (normal) distribution. The PDF is

oo x—u)2 .
f(x) = ZJlrox eXp { t gz(,zm } , if x>0,
0, if x <0.

Expected value and variance: ~ E (X) = ¢?/2t1, D2 (X) = eo/2tn (e62 - 1) .

Weibull Distribution The Weibull distribution is a generalization of the expo-
nential distribution for which the behavior of the tail distribution is modified by
a positive constant k as follows:

Fla) = 1—e /M if x >0,
0, if x <0;
k VK= _—(x/)k .

fx) = (1) G) e it x>0,
0, if x <O.

Expected value and variance:

E(X)=Al'(0+1/k), D*(X)=2>(C(A+2/k)—T*(1 +1/k)).
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Pareto Distribution Let ¢ and A be positive numbers. The density function and the
PDF of a Pareto distribution are defined as follows:

=) if x>,
F(x)_%o, if x < 0;
() ()" it x>
ﬂx)‘{o, if x<ec.

Since the PDF of the Pareto distribution is a simple power function in consequence
of this property, it tends to zero with polynomial order as x goes to infinity and the
nth moment exists if and only if n < A.

Expected value (if k > 1) and variance (if k > 2):

2k

ck
EO =T k= 1Pk =)

— D)=

1.3 Limit Theorems

1.3.1 Convergence Notions

There are many convergence notions in the theory of analysis, for example,
pointwise convergence, uniform convergence, and convergences defined by various
metrics. In the theory of probability, several kinds of convergences are also used that
are related to the sequences of random variables or to their sequence of distribution
functions. The following notion is the so-called weak convergence of distribution
functions.

Definition 1.54. The sequence of distribution functions F,,, n = 1,2, ... weakly

converges to the distribution function F (abbreviated F, S F , n — 00) if the
convergence F,(x) — F(x), n — 00, holds in all continuity points of F.

If the distribution function F is continuous, then the convergence F, 2F . n—
oo holds if and only if F,(x) — F(x), n — oo for all x € R. The weak
convergence of the sequence F,,, n = 1,2,... is equivalent to the condition that

the convergence
o0

o0
[ o [ seoare
—00 —00
is true for all bounded and continuous functions g.

In addition, the weak convergence of a distribution function can be given with
the help of an appropriate metric in the space F = {F'} of all distribution functions.
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Let G and H be two distribution functions (i.e., G, H € ), and define the Levy
metric [96] as follows:

L(G,H)=inf{e: G(x) <H(x+¢)+e H(x) <G(x+e¢e)+e, forall x € R}.

Then it can be proved that the weak convergence F), 5 Fon > oo, of the
distribution functions F, F,, n = 1,2, ..., holds if and only if lim L(F,, F) = 0.
n—>oo

The most frequently used convergence notions in probability theory for a
sequence of random variables are the convergence in distribution, convergence in
probability, convergence with probability 1, or almost surely (a.s.), and convergence
in mean square (convergence in L;), which will be introduced subsequently. In cases
of the last three convergences, it is assumed that the random variables are defined
on a common probability space (2, A, P ()).

Definition 1.55. The sequence of random variables X, X», . .. converges in distri-

bution to a random variable X (abbreviated X, — X, n — 00) if their distribution
functions satisfy the weak convergence

Fx, > Fx.n=12,....

Definition 1.56. The sequence of random variables X, X5, ... converges in prob-

ability to a random variable X (X, i) X, n — oo) if the convergence
lIimP(|X,—X|>¢) =0
n—oo

holds for all positive constants &.

Definition 1.57. The random variables X, X, ... converge with probability 1

(or almost surely) to a random variable X (abbreviated X, B x , n — o0) if the
condition

P(lian:X)zl

n—o0

holds.

The limit lim X, = X exists if there are defined random variables with
n—00

probability 1 X’ = limsupX, and X”(w) = liminfX, for which the relation
n—>oo

n—00
P(X'(0) = X"(w) = X(w)) =1
is true. This means that there is an event A € A, P (4) = 0, such that the equality
X'(0)=X"(0) =Xw), 0o ecQ\A

holds.
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Theorem 1.58 (/84]). The convergence lim,_.~, X, = X with probability I is true
if and only if for all € > 0

P |sup| Xy — X|>¢] =0.
k>n

Definition 1.59. Let X,,, n > 1 and X be random variables with finite variance.
The sequence X, X»,... converges in mean square to random variable X

L
(abbreviated X, = X, n — 00) if

E<|Xn —X|2) S0, 1 — 0.

This type of convergence is often called an L, convergence of random variables.

The enumerated convergence notions are not equivalent to each other, but we can
mention several connections between them. The convergence in distribution follows
from all the others. The convergence in probability follows from the convergence
with probability 1 and from the convergence in mean square. It can be proved that if
the sequence X, X», ... is convergent in probability to the random variable X, then
there exists a subsequence X,,,, X,,, ... such that it converges with probability 1 to
random variable X .

1.3.2 Laws of Large Numbers

The intuitive introduction of probability implicitly uses the limit behavior of the

average

- _Xit+..+X,
S, = A
n

of independent identically distributed random variables X, X»,.... The main
question is: under what condition does the sequence S, converge to a constant f
in probability (weak law of large numbers) or with probability 1 (strong law of large
numbers) as n goes to infinity?

Consider an experiment in which we observe that an event A occurs or not.
Repeating the experiment n times independently, define the frequency of event A
by S, (A) and the relative frequency by S, (A).

Theorem 1.60 (Bernoulli). The relative frequency of an event A tends in probabil-
ity to the probability of the event p = P(A), that is, for all ¢ > 0 the relation

lim P (|S,(4)— p|>¢) =0
n—o0

holds.
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If we introduce the notation

1, if the i-th outcome in A4,

X; = .
! 0, otherwise,

then the assertion of the last theorem can be formulated as follows:

— Xi+...+X, »
Sy =—— > p, n— 00,

n
which is a simple consequence of the Chebyshev inequality because the X; are
independent and identically distributed and E (X;) = p = P (4), D*(X;) = p(1—
p), i =1,2,.... This result can be generalized without any difficulties as follows.

Theorem 1.61. Ler X, X», ... be independent and identically distributed random
variables with common expected value . and finite variance o>. Then the conver-
gence in probability

— Xi+...+X, »
Sn:——>p,,n—>oo,
n

is true.

Proof. Example 1.38, which is given after the proof of the Chebyshev inequality,
shows that for all ¢ > 0 the inequality

X o+ X,
P('L_
n

is valid. From this the convergence in probability S, KA u, n — oo follows. It is

. . . . = L
not difficult to see that the convergence in L, is also true, i.e., S, = W, n — oo.
O

It should be noted that the inequality P (|w - ,u| > 5) < %, which
guarantees the convergence in probability, gives an upper bound for the probability
P(\w - p,\ > 8) also.

The Kolmogorov strong law of large numbers gives a necessary and sufficient

condition for convergence with probability 1.

Theorem 1.62 (Kolmogorov). If the sequence of random variables X1, X», ... is
independent and identically distributed, then the convergence

Xi+...+ X, as.
—_—— S U, n—>x
n
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holds for a constant u if and only if the random variables X; have finite expected
value and E (X;) = |L.

Corollary 1.63. If S, (A) defines the relative frequency of an event A occurring in
n independent experiments, then the Bernoulli law of large numbers

En(A) L p=P(A), n > oo,

is valid. By the Kolmogorov law of large numbers, this convergence is true with
probability 1 also, that is,

S.(A) S p=P(4), n — oo.

1.3.3 Central Limit Theorem, Lindeberg—Feller Theorem

The basic problem of central limit theorems is as follows. Let X, X5, ... be in-
dependent and identically distributed random variables with a common distribution
function Fy (x). The question is, under what conditions does a sequence of constants
Wy and 0,, 0, # 0, n = 1,2,... exist such that the sequence of centered and
linearly normed sums

X 44X, —
[ B i Bt N I S (1.11)
Op

converges in the distributions
w
Fs — F, n— o0

and have a nondegenerate limit distribution function F'? A distribution function
F(x) is nondegenerate if there is no point x, € R satisfying the condition F(xo) —
F(xo—) = 1, that is, the distribution does not concentrate at one point.

Theorem 1.64. [fthe random variables X, X, . . . are independent and identically
distributed with finite expected value |1 = E (X) and variance 0> = D*(X}), then

X

Xi+...+ X, — 1

P( B e < x) — d(x) = / — ey
Jno V21

—00

holds for all x € R, where the function ®@(x) denotes the distribution function of
standard normal random variables.

If the random variables X, X», .. . are independent but not necessarily identically
distributed, then a general, so-called Lindeberg—Feller theorem is valid.
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Theorem 1.65. Let X, X», ... be independent random variables whose variances
are finite. Denote

= E(X) + . +E(X,), 0, = JD*(X) +...+D*(X,), n=12,....

The limit

P(X1+...+Xn—,un

< x) — d(x), n — o0,
Op

is true for all x € R if and only if the Lindeberg—Feller condition holds:

. 1 2
lim max —E (XjI{|Xj|>£an}) =0,xeR, >0,

n—>ool<j=<n Oj

where Iy denotes the indicator variable.

1.3.4 Infinitely Divisible Distributions and Convergence to the
Poisson Distribution

There are many practical problems for which model (1.11) and results related to
it are not satisfactory. The reason is that the class of possible limit distributions is
insufficiently large; for instance, it does not consist of discrete distributions. An
example of this is a Poisson distribution, which is an often-used distribution in
queueing theory.

As a generalization of model (1.11), consider the sequence of series of random
variables (sometimes called a sequence of random variables of triangular arrays)

{Xn.1,...,X,,,kn}, n = 1,2,..., kn — OQ,

satisfying the following conditions for all fixed positive integers n:

1. The random variables X,, 1, ..., X, x, are independent.
2. The random variables X, 1, ..., X, k, are infinitesimal (in other words, asymp-
totically negligible) if the limit for all ¢ > 0

lim max P(|X,;|>¢) =0

n—>001<j <k,

holds.

Considering the sums of series of random variables

Sy =Xpi+ ...+ Xpp. n=12...,
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the class of possible limit distributions (so-called infinitely divisible distributions)
is already a sufficiently large class containing, for example, a Poisson distribution.

Definition 1.66. A random variable X is called infinitely divisible if it can be given
in the form

XL X 4.0+ X

foreveryn = 1,2,..., where the random variables X, 1, ..., X,,, are independent
and identically distributed.

Infinitely divisible distributions (to which, for example, the normal and Poisson
distributions belong) can be given with the help of their characteristic functions.

Theorem 1.67. If random variable X is infinitely divisible, then its characteristic
function has the form (Lévy—Khinchin canonical form)

0
2 .
. o, it 1tx
10g f([) = l,bLl — 7[ + / (e”"C — 1 — W) dL(X)

—0Q

00 .
it 1tx
+/(ezx_1_ 1+x2)dR(X),
0

where the functions L and R satisfy the following conditions:

(a) pand o (0 > 0) are real constants.

(b) L(x), x € (—00,0) and R(x), x € (0,00) are monotonically increasing
functions on the intervals (—oo, 0) and (0, 00), respectively.

(¢) L(—o0) = R(00) = 0 and the inequality condition

0 00
/ x2dL(x) + /xzdR(x) < 00
—00 0

holds.

If an infinitely divisible distribution has finite variation, then its characteristic
function can be given in a more simple form (Kolmogorov formula):

o0
: 1
log f(t) = iut + / (e —1—itx) ZdK(x),
X
—0o0

where p is a constant and K(x) (K(—oo) = 0) is a monotonically nondecreasing
function.
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As special cases of the Kolmogorov formula, we get the normal and Poisson
distributions.

(a) An infinitely divisible distribution is normal with the parameters (u,0) if the
function K(x) is defined as

0, if x <0,

K =
(%) o2, if x > 0.

Then the characteristic function is

2
ft) =int — %tz.

(b) An infinitely divisible distribution is Poisson with the parameter A (A > 0) if
i = A and the function K(x) is defined as

0,if x <1
K — 9 J— 9
x) %A,ifx>1.

In this case the characteristic function can be given as follows:
i 1
f@) =ipt + / (€ —1—itx) =dK(x) = A" —1).
X
—00

The following theorem gives an answer to the question of the conditions under
which the limit distribution of sums of independent infinitesimal random variables is
Poisson. This result will be used later when considering sums of independent arrival
processes of queues.

Theorem 1.68 (Gnedenko, Marczinkiewicz). Let {Xi,,..., Xk, n}, n = 1,2,..,,
be a sequence of series of independent infinitesimal random variables. The sequence
of distributions of sums

X,,=Xn1+...+Xn.k”, n>1,

converges weakly to a Poisson distribution with the parameter A (A > 0) as n — 00
if and only if the following conditions hold for all ¢ (0 < & < 1):
k

(A) S [dF,;(x) — 0.

J=1R,

kn
(B) Y [ dFy,(x) = A

J=1|x—1|<e
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kn
(€)Y [ dF,(x)—0.

J=1|x|<e

2
(D) % / xzanj(x)—( / xdF,,j(x)> — 0,

J=1||x|<e |x|<e
where Fy;(x) = P(X,,j < x) and R, =R\ ({|x| <e}U{|x —1| <¢&}).

Note that conditions (A) and (B) guarantee the convergence of the Poisson part
to the appropriate Poisson distribution of the limit, (C) means that there is no
centralization, and from (D) it follows that the limit distribution does not contain
a Gaussian part.

1.4 Exercises

Exercise 1.1. Let X be a nonnegative random variable with CDF Fy. Given 0 <
t < X [P(X > 1) # 0], find the CDF of residual lifetime X .

Exercise 1.2. Let X and Y be independent random variables with a Poisson
distribution of parameters A and p, respectively. Verify that

(a) The sum X + Y has a Poisson distribution with the parameter A + u;
(b) For any nonnegative integers m < n the conditional distribution P(X = m

X + Y = n) is binomial with the parameter (7, ﬁ), i.e.,

m A, m A, n—m

Exercise 1.3. Let X and Y be independent random variables having a uniform
distribution on the interval (0, 1) and an exponential distribution with the parameter
1, respectively. Find the probability (concrete number) that X < Y.

Exercise 1.4. Divide the interval (0, 1) into three parts with two independently and
randomly chosen points U; and U, of the interval (0, 1). Find the probability of
event A that the three parts can determine a triangle.

Exercise 1.5. Show that for a nonnegative random variable X with a finite nth (n >
o0
1) moment it is true that E (X") = [P (x < X)nx""'dx.
0
Exercise 1.6. Let X and Y be independent random variables with a uniform
distribution on the interval (0, 1). Find the quantities

(@ E(1X —Y)), D*(1X —Y)),
(b) P(X —Y]) > 1.
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Exercise 1.7. Let X and Y be independent random variables having an exponential
distribution with the parameters A and u, respectively.

(a) Determine the density function of the random variable Z = X + Y.
(b) Find the density function of the random variable W = min(X, Y).

Exercise 1.8. Let X1, ..., X, be independent random variables having an exponen-
tial distribution with the parameter A.
Find the expected values of the random variables V,, = max(Xy,...,X,), and

W, = min(Xy,..., X,).

Exercise 1.9. Let X and Y be independent random variables with density func-
tions fy(x) and fy(x), respectively. Determine the conditional expected value
EX|X<Y).

Exercise 1.10. Determine the conditional expectations E (X |Y = y) and
E (X |Y) if the joint PDF of the random variables X and Y has the form

2,if 0<x,yand x +y <1,

0, otherwise;

3x+y),if 0<x,yand x +y < 1,
0, otherwise.

(@ fyr(x,y) = %

b) fxy(x,y) = %

Exercise 1.11. Let X, X, ... be independent random variables with an exponen-
tial distribution of the parameter A. Let N be a geometrically distributed random
variable with the parameter p [py = P(N =k) = p(1 — p)*, k = 1,2,...],
which does not depend on random variables (Xi, X»,...). Prove that the sum
Y = X + ... + Xy has an exponential distribution with the parameter pA.

Exercise 1.12. Consider the distribution function of the sum Ysy of independent
random variables X1, ..., X40 having an exponential distribution with the parame-

ter 1. Give an estimate for the probability p = P (J%:(S“O)L > 0.05) calculated

with the help of the central limit theorem. We can numerically calculate this
probability because the random variable Y4 has a gamma distribution with the
parameter (40, 1). Using this fact, what result can we obtain for the considered
probability? (On the numerical calculation of the gamma distribution see, for
example, [72] or [63].)
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