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Preface

Over a period of 15 years, I taught a course titled Stochastic Processes and Queueing
Theory to classes mainly comprising communication engineers, and a few computer
scientists. The course (popularly called “SPQT” by the students), was aimed primarily
at providing material that prepares students for graduate thesis work in communication
networking, an area that draws heavily from the tools of stochastic modeling, optimisation,
and control. These notes are essentially a transcription of a part of the material I delivered
during my lectures. I have dropped “Queueing Theory” from the title, since I have included
here only the material on discrete event stochastic processes, with queues being given as
important and useful examples.

The emphasis of the course derives mainly from the textbook by Wolff [17]. It
is from this source that the course derives its essentially renewal theoretic emphasis,
which distinguishes it from most traditional courses in random processes and queueing
theory taught in electrical sciences curricula. The latter typically comprise discrete and
continuous time Markov chains (using a primarily matrix algebraic treatment), followed
by the analysis of standard queueing models, such as M/M/1, M/G/1, etc. We have found
the renewal theoretic approach very appropriate for two reasons:

1. The generality of the approach permits the student to understand and conceive of
stochastic models more general than those provided by standard text-book queueing
theory. Standard queueing models have been found to be of limited utility in
applications such as communication networking; see, for example, Kumar et al.
[12]. On the other hand semi-Markov models, regenerative models, and Markov
regenerative models have been found to be very useful, and are essentially developed
out of renewal theory.

2. A renewal theory training provides the student with technical ability that allows
him/her to be comfortable with the stochastic analysis that accompanies more
advanced techniques, such as sequential statistical analysis, and semi-Markov
decision theory.

In these notes, several technical details and proofs have been taken from Wolff [17]] and
from the texts by Cinlar [5]], and Karlin and Taylor [10]. Chapter [5]also depends heavily
on Kulkarni [[11]].
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viii PREFACE

Students who attended this course were also taking, or had taken, a first course on
probability, random variables, and random processes, from a book such as the classic by
Papoulis [15]. With this background, the material presented in these notes can be easily
covered in about 28 lectures, each of 1.5 hours duration. After a review of probability
theory in Chapter |1} Chapter [2] treats the topic of discrete time Markov chains (DTMCs)
in a mainly traditional manner, though some proofs are deferred to results in the following
chapter on renewal theory. The reason for taking this approach is that I have found that
engineering students develop a physical feel for DTMCs far more easily than for renewal
theory. Chapter [3] on renewal theory, always took a substantial amount of time, as it
presents somewhat abstract material that students take time to absorb. This is followed by
Chapter[don continuous time Markov chains, and Chapter[5|on Markov renewal processes.
Each chapter is accompanied by several class-tested problems. A solution manual is also
available.

Readers looking for other compact treatments of topics covered in this book might wish
to consider the books by Ross [[16] or Gallager [18]].

While this course takes the training of a student interested in stochastic modeling
beyond that of a first course in probability, random variables, and random processes, there
are several important advanced topics that are needed to round off the stochastic systems
training of an engineering researcher. These are martingale theory, weak convergence, and
diffusion processes, topics that could reasonably comprise the syllabus of a third course.

Acknowledgements: I lectured from these notes over one and a half decades before
deciding to typeset them as a book. Over this period, hundreds of Masters and PhD
students in IISc served as sounding boards, testing my presentation with their many
questions. Our lab secretary, Chandrika Sridhar, typed up a “raw” version from my
handwritten notes. After polishing up this raw version, I handed these notes out to
students, many of whom helped as proof-readers, marking up errors and typos on copies
of the printed notes. In the recent years, I began to use parts of these notes in our first
random processes course, for which I had several teaching assistants, namely, P.T. Akhil,
M. Ashok Kumar, K.P. Naveen, K. Premkumar, Chandramani K. Singh, and Vineeth B.S.
Chandramani K. Singh was particularly helpful in going through all the problem sets,
and checking the correctness of the problems and the solutions. When it was nearing
completion, the manuscript was read in its entirety by Arpan Chattopadhyay, who spotted
several errors. I am grateful to all these individuals who have helped bring these notes to
a wider audience. Finally, of course, the responsibility for their correctness rests with me,
and I welcome readers to report any errors to me by email.

Anurag Kumar
IISc, Bangalore



Chapter 1

A Review of Some Basics

1.1 Axioms of Probability

Probability provides a mathematical framework for reasoning under uncertainty. Although
there are several such frameworks, we will be exclusively concerned with the one
motivated by the relative frequency interpretation, and codified in Kolmogorov’s axioms
of probability.

In any situation of probabilistic inference we limit our domain of reasoning to a set of
possible basic/elementary outcomes, which we denote by (2, and usually call the sample
space.

For example if a coin is tossed once then Q = {Heads, T'ails}. Abbreviating Heads
to H and Tails to 7', if a coin is tossed twice then Q = {HH, HT,TH,TT}. Elements of
the set € are denoted by w, and the empty set is customarily denoted by ().

It should be noted that, in general, {2 may remain abstract, i.e., we do not necessarily
have to pin it down in every problem (for example, the sample space of a complex queueing
network may be very hard to describe, and we may proceed to analyse this queueing
network without stopping to identify the exact structure of €2).

Probability is assigned to events or subsets of 2. P is a real-valued set function on {2,
defined on a collection of subsets F of €.

Definition 1.1. The set function P : F — R, where F is a collection of subsets of €, is
said to be a probability measure on (X2, F) if the following hold.

l. Fisao—algebra, i.e., F is closed under complements, finite unions and countable
unions.

II. (a) P(Q) =1 (ie, P isnormalised),
(b) forevery A€ F, P(A) >0 (i.e., P is nonnegative), and

1



2 CHAPTER 1. A REVIEW OF SOME BASICS

(c) for every countable collection of sets {A; € F, i > 1}, such that, for all i #
g, AinAj =0, we have P (U2, A;) =Y 22, P(A;) (i.e., P is countably
additive).

We say that the 3-tuple (€2, F, P) is a probability space. In all probability models there
is an underlying probability space. In carrying out calculations, it is not always necessary
to explicitly describe the underlying probability space, but knowing how to do so often
proves useful.

Example 1.1. Real numbers (R) and the Borel sigma-algebra (3(R))

In applications, we will often deal with probability models on R, where the natural events
would be intervals of real numbers. For example, we could ask for the probability that
the output voltage of an electronic circuit is in the interval [4.5,5.5] volts, or the level
of the reservoir behind a dam, at the end of the rainy season, is at least 30 meters. To
specify a probability model over events that are intervals of real numbers, we need to build
a o-algebra of sets in R that include all the intervals. The smallest o-algebra of subsets
of R that contains all the intervals is the Borel o-algebra, denoted by B(R). Thus, many
probability models occuring in practice will be defined on the tuple (R, B(R)). When the
probability models are over (finite length) vectors of real numbers (e.g., the joint levels of
all the n reservoirs in a region, at the end of the rainy season), then the probability models
will be defined on (R™, B(R™)), where B(IR™) can be understood as the smallest o-algebra
containing the sets in R” of the form A; x Ag x -+ x Ap, with 4; € B(R),1 <i<n.H

Example 1.2. Bernoulli trials

Consider an infinite sequence of independent coin tosses in each of which the probability
of Heads (and Tails) is 0.5 (the concept of “independence” is formally introduced in
Section[I.2.2)). Let us denote the outcome of Heads by 1 and that of Tails by 0. The sample
space then becomes Q2 = {0, 1}°°, i.e., all countably infinite binary sequences. Note that
such a sample space will arise in any repeated experiment where we are interested only in
two outcomes. For example, die tossing where we only observe whether the toss is even
or odd, or packet transmission in a communication network where we are only interested
in whether the packet is received correctly or is not. We often call such an experiment
Bernoulli trials.

From independence and “continuity of probability” (see Section [I.I.T)), we can show
that the probability of any sequence of outcomes, w, is lim,, (%)n = 0. This is because,
due to independence, the probability of the first n outcomes in w = (w1, w2, ...,wWy,...)
is (%)n The limit is justified by continuity of probability.

By placing a decimal point to the left any w € 2 we can think of each w as the
binary representation of a number in [0, 1]. In this viewpoint each rational number in
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[0, 1] will correspond to two w € €2, the recurring and the nonrecurring representation. For
example, 0.5 corresponds to 100000 - - -, and also to 011111 - - - . Let us take the recurring
representation in each such case. By doing this we can associate each number in [0, 1]
with all but countably many elements of ). The set we have left out will have probability
0 (why?). Thus Bernoulli trials can be viewed as yielding an outcome in [0, 1]. Now
consider the interval [0, 0.5]; this corresponds to all the outcomes in which the first trial
yields Tails. Hence the probability of this interval is 0.5. Consider the interval (0.5, 0.75];
this corresponds to all the outcomes with Heads in the first trial and Tails in the second
trial, and hence has probability 0.25. We see that the probability measure we obtain is
the uniform distribution on [0, 1]. From the above example intervals, the appropriate o-
algebra of events is the smallest o-algebra containing all the intervals in [0, 1], which can
be denoted by B[0, 1]. An important point that this example illustrates is that while each
elementary outcome has probability 0, sets of outcomes can have positive probability.
Obviously such positive probability sets must have an uncountable infinity of elements
(why?). |

The following theorem is easily proved by using the additivity and the nonnegativity
axioms.

Theorem 1.1. P is a monotone set function on F, i.e., if A, B € F, with A C B, then
P(A) < P(B). [ |

The second part of the following theorem is called the union bound.
Theorem 1.2. (i) Forevery A,B € F, P(AUB) = P(A)+ P(B) — P(AN B).

(ii) If A; € F, i > 1, then
P (U A) = Plan(uza)) < 3 Py

=1 =1

Exercise 1.1.

Prove Theorems [I.1] and Hint: Theorem [I.T] follows from the additivity and the
nonnegativity axioms, and the first part of Theorem [I.2]follows from finite additivity. The
second part of Theorem [1.2] follows from the countable additivity axiom after defining a
sequence of sets E,, = A, N (UyZ{ Ay)C, for n > 1, noticing that the sequence of sets
{Epn,n > 1} partitions Up® ; A, into disjoint sets, and then applying the monotonicity
property. Note that for n = 1, UZ;%Ak: is the union of an empty collection of sets, which
is the empty set. u
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1.1.1 Continuity of Probability

Consider A; € F, ¢ > 1, such that A} C Ay, C As--- (or, respectively, Ay D As D
Ag---) then lim A; := U52, A; (respectively, N2, A;) and we say that A; 1 U2, A;
(respectively, A; | N2, A;). Consider the sequence of numbers {P(A4;),i > 1}. By
Theorem [I.1]this is a nondecreasing sequence, and also the sequence is bounded above by
1. Hence lim;_,, P(A;) exists. Similarly, if A; | N2, A; then lim;_,, P(A;) exists.
The following theorem asserts that in either case the limit of the probabilities of A; is the
probability of the limit set; i.e., probability is a continuous set function.

Definition 1.2. A monotone set function ® is said to be continuous from above if for every
sequence {A;,i > 1}, such that A; | A,
lim ®(A4,) | ®(A4)
n—oo

and similarly for continuity from below. ®(-) is continuous if it is continuous from above
and from below. |

Theorem 1.3. A probability measure P is a continuous set function.

Proof: Continuity from below: Given that {A;,7 > 1} is such that 4; 1 A, define
FEi=A, E; = A; —A;_1, i > 2 (where A; — A;_1 means A; N Afﬁl). Notice that
P(E;) = P(A;)—P(A;_1). Itis easily seen that E;NE; = (), and that U°; A; = U2, E;.
The following sequence of equalities can then be written down

P(UZ A) = P(UZ E) =) P(E)= lm Y P(E)
i= =1

1
= lim (P(A1) + P(A2) — P(A1) + -+ P(An) — P(Ap-1))

n—oo
= lim P(A4,).
n—oo
In the above calculation, the first equality follows from set equality, the second from
countable additivity, and the third is just the meaning of > °>°, . For continuity from
above, consider A; | A. Define B; = () — A;. Then B; 1 B and we can use continuity
from below to reach the desired conclusion. u
The following example is a simple illustration of some of the above concepts of limits
of sets, continuity of P(-), and countable additivity.

Example 1.3.

A close study of this example will help the reader to understand the basic concepts
behind countable additivity and continuity. Consider the sample space generated by an
infinite sequence of coin tosses, where we denote Heads by 1 and Tails by 0; i.e., 2 =
{0, 1}°°. Denote by w an element of 2, with wy, denoting the kth element of w, i.e., the
kth outcome in the sequence of outcomes denoted by w.
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Let, forz > 1,

Ei = {w:w=0,w2=0,- ,wi—1 =0,w; =1}
= {w:wp=0foralk <i, w =1}

Thus, for each ¢ > 1, Ej; is the set of outcomes in which the first 1 occurs at the ¢th trial.
Define

A = {w:thereexistsis.t.w; =1}

It is evident that the E; are disjoint. Also, A = U;>1E}, since for each w € A there is
some 7 such that the first 1 in w occurs at that i. Hence P(A) = > .., P(E;) by countable
additivity. Let us obtain this conclusion in an alternate way. To this end, define

A, ={w: thereexistsi <n s.t.w; =1}

Now, clearly Ay C Ay C A3---, A, = U E;, and also A = U)2; A,. Using the
continuity of P(-) from below, we obtain

P(4) = lim P(A,) (L.1)
= lim Y P(E) (1.2)
=1
- P(E)) (1.3)
=1

where the second equality is obtained by finite additivity of P(-).

1.2 Random Variables

Definition 1.3. A (real valued) random variable X on (2, F) is a function X : Q — R
such that, for every v € R, {w: X(w) <z} € F. [ |

Remark: {w : X(w) < x} can be read as “the set of all w € (2 that are mapped
by X into the semi-infinite interval (—oo, x]”. This subset of {2 can also be written as
the inverse image of X, or X !((—oo,x]). The requirement that, for every z € R,
X~Y((—o0,z]) € Fis also called the measurability condition, and a random variable is
said to be a measurable function from the sample space to R. The following example
illustrates why this condition is imposed.

Example 1.4.
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Consider a single toss of a die. Then Q = {1,2,3,4,5,6}. When forming the
probability space we are only told whether the die fell even or odd. Hence we are only
able to assign probabilities to events in

F =10,{2,4,6}, {1,3,5}, Q}
Now consider the following mapping from {2 to R.

_ 1 if wis divisible by 3
Xlw) = { 0 otherwise
X is not a random variable, as defined above, since {w : X(w) € (—o00,0]} =
{1,2,4,5} ¢ F. m

Remark: Thus, in this example, X is basically a question that we ask about the experiment
(here, X asks: “Was the die toss outcome divisible by 37”) and should be answerable based
on the available information. In the above example, the available information permitted
us to only assign probabilities to the events in F. X does not satisfy the measurability
condition, hence, we cannot assign probabilities to the various possible answers to the
question.

Exercise 1.2.

If X is a real-valued random variable, and {A;,7 > 1}, a countable collection of sets
such that, for i > 1, A; € B(R). Show that, for any i > 1, (X 1(4;))¢ = X 1(49),
and that U, X ~1(A;) = X 1(U2, A;). Thus, argue that {X*(B) : B € B(R)}isa
o-algebra. |

Remark: It can be shown that, as defined in Definition [I.3] X is a random variable on
{Q, F}ifand only if {X~1(B) : B € B(R)} C F.

Definition 1.4. {X(B) : B € B(R)} is called the o-algebra induced in F by the
random variable X. This o-algebra is denoted by F(X). [ ]

Remark: Given a real valued random variable X on (2, F), F(X) is the collection of
events “induced” in F by all the questions that can be framed based on X, e.g., for given
real numbers z and y, “Is X < 2?” or “Is x < X < y?,” etc. Since F(X) C F, once
there is a probability P on (2, F), every F' € F(X) can be assigned a probability.

If X is a constant function, say X = ¢, then X is a random variable. Indeed, { X < x}
is either () or © depending on whether x < c or x > ¢, and () and (2 are both events. Many
familiar operations on random variables lead to random variables, as can be seen in the
following exercise.

Exercise 1.3.
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Let X, Y, X,,,n > 1 be given random variables. Let a € R.
(a) Show aX, X + a, and X? are random variables.
(b) Show {X < Y} is an event.
(c) Show X +Y, X — Y, max{X,Y}, and min{X, Y} are random variables.

(d) Show X, := max{X,0}, X_ := —min{X,0}, and |X| are random variables.
These are the positive part, the negative part, and the absolute values of X.

(e) Show sup,, X, inf, X, limsup,, X, := inf;, sup,,,>,, Xm, liminf,, X, := sup,, inf;,>n X
are random variables.

(f) If, for each w € €, the limit lim,, X, (w) exists, we write lim,, X, for the (point-
wise) limit function. Show that lim,, X, is a random variable.

(g) Suppose f : R — R is measurable, i.e., f~1(B) € B(R) for every B € B(R) which
in words is to say f~!(B) is also a Borel set for every Borel set B. Show that f(X)
is also a random variable.

Hints: Some times checking { X < z} is an event is useful, but some times the equivalent
condition of checking {X < z}, or the complements {X > =z} and {X > =z},
respectively, are events, may be more helpful. Each of the following set equalities needs
to be proved before it is used. For (b), use {X < Y} = UcofX < r < Y}
To show X — Y is a random variable, use {X — Y < z} = {X < Y + z}. For
XY, consider the identity 2XY = (X + Y)2 — X2 — Y2, For max{X,Y}, use
{max{X,Y} <z} ={X <z} n{Y < z}. Extend this idea for sup,, X. ]

1.2.1 Cumulative Distribution Function

Definition 1.5. If X is a random variable on (2, F) then the function F' : R — [0,1]
defined by, for x € R, F(z) = P(X < x), i.e., F(x) = P{w : X(w) < z}, is called the
distribution function of X or the caumulative distribution function (c.d.f.) of X. |

Theorem 1.4. For a random variable X, its c.d.f. F(-) satisfies the following:
1. Forallx € R, F(x) >0, i.e., F(-) is a nonnegative function.

2. Ifx1,29 € R, 1 < x9, then F(x1) < F(x3), i.e., F(-) is a monotone increasing
function.

3. Forall z € R, lim¢g F'(z + €) = F(x), i.e., F(-) is continuous from the right.

4. If P(—oo0 < X < 400) = 1, then limy_,_o F(x) =0, and lim,_,; », F'(x) = 1.
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5. Let D := {x € R : x is a point of discontinuity of F(-)}, then D is countable, i.e.,
D = {x1,x9,x3,- -, } under some indexing of the points of discontinuity (“jump”
points) of F(+).

Remarks 1.1.

1. The proofs of the first four parts of Theorem are easy exercises, the third part
following from the continuity from above of P(-).

2. Forany z € R, let us define F'(z+) = lim¢)o F'(x+¢€) and F(z—) = lim¢o F'(x —
€). By the third part of Theorem 1.4} we see that F'(x) = F'(x+). By the monotone
increasing property, it is clear that, F'(x—) < F'(x). At a discontinuity x; of F(-),
define p; := F(x;) — F(z;—) > 0. We call p; the point mass at x;. It can shown
that the set of discontinuities of a c.d.f. F'(+) is countable; hence, the point masses
can be indexed p;,7 = 1,2,---. Ingeneral, > .2, p; < 1.If > >°, p; = 1 then X is
called a discrete random variable.

3. While the general theory is abstract, in this book, we restrict ourselves to the
following situation. Given a c.d.f. F(-), it can essentially (in the sense of
computation of probabilities, expectations, etc.) be decomposed as followﬂ There
is a function f : R — [0,00) such that, for all x € R, F(z) = > ;. . pi +
J* f(u)du. Clearly, [*_ f(u)du < 1. This function f(-) is called the density of
the continuous part of the distribution. In general f(-) need not be less than 1; as an
example, consider the uniform distribution over [0, 0.5]. Also, observe that f(u)du
can be interpreted as P(X € (u,u + du)).

1.2.2 Independence

Given a collection of random variables X1, Xo, - -- , X, on {Q, 7} we would be interested
in the probabilities of “simultaneous questions,” e.g., {X; < x} and {y < Xy < z}, for
some real numbers x, , z. To assign probabilities to such questions, we need to define joint
probabilities, and the simplest situation arises when the random variables X1, Xo, - , X,
are independent. The concept of independence of random variables is built from that of
independent events and independent event classes, as in the following definitions.

Definition 1.6. Let (2, F, P) be a probability space. Fixn > 1.

'In general, a c.d.f. has a third part, called the singular part, an example of such a part being the Cantor
function. See [13| Chapter IV, Section 11.1]
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(a) The collection of events {A; € F,1 < i < n} is mutually independent if for every
I c{1,2,...,n}, we have

P (MierAs) = [ P(4i).

il

(b) The event classes (or collections) C1,Ca, ...,Cn, where, for 1 < i <mn, C; C F,
are said to be independent event classes if for each m,1 < m < n, for each set of
distinct indices 1 < iy # i # ... # iy < n, and with A;; € Ci;, 1 < j < m,
we have that A;,, Ai,, ..., A;,, are mutually independent; i.e., if any one event is
taken from each of up to m < n of the event classes, then this collection of events is
mutually independent.

(c) The real valued random variables X1, Xo,..., X, are said to be independent
random variables if F(X1), F(X2), ..., F(X,) are independent event classes.

|
Example 1.5. Uniform probability measure on [0, 1]

Let us consider (2, F,P) = ([0,1],5([0,1]),U]0,1]), the uniform probability
measure on [0, 1]. We recall from Example how Bernoulli trials are related to this

probability measure. Let, for w € [0,1], w = (wi,w2,...), the (recurring) binary
expansion of the real number w.
Define the random variable X;(w) := w; for ¢ > 1. For the obvious reason, X is

called a coordinate random variable, as it “reads off” the i*" coordinate of the vector
representation of w; in our “asking-a-question” metaphor, X; provides the answer to the
question: “What was the outcome of the i* toss?”

(a.) The following are easy observations from the binary representation of each w € 2.

() F(X1) = {0,[0,0.5],(0.5,1],[0,1]}, where we have used the fact that the
recurring binary representation of 0.5 is 0.0111111. .., hence X;(0.5) = 0.
(ii.) F(X2)={0,([0,0.25] U (0.5,0.75]), ((0.25,0.5] U (0.75,1]), [0, 1]}.
(iii.) Similary, it is clear how to obtain F(X;),7 > 3.

(iv.) Since, for any w € Q, every X;(w) € {0,1}, F(X;) has just four elements
{@, Xiil(o)’ Xz‘il(l)v [07 1]}

(b.) Notice that P(X; *(0)) = P(X; *(1)) = 1/2, because the interval sizes are always
1/2, so that we can say P(X; = 0) = P(X; = 1) = 1/2, i.e., each Xj is identically
distributed and Bernoulli(1/2). We recover the ith Bernoulli trial that went into
generating w.
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(c.) Tt is then easily seen that, for any n > 2, and any 47 # i9 #* ... #
ins F(Xiy), F(Xiy),...,F(X;,) are independent classes of events, indeed, o-
algebras. To see this, take any one event from each event class that is neither ()
nor 2. Then, for example,

P(X; M wiy), X wiy) - X Hwiy)) = P(Xay = wiy, Xiy = Wiy, -, Xiyy = w5,
which equals (1/2)™ because the event involves w = (w1, wy, .. .) falling in a union

of intervals of size exactly (1/2)", and the uniform distribution gives the size of
the set (1/2)" as also its probability. Now, [[7_; P(X;; = w;;) = (1/2)", and so
the probability on the left can be written as the product of the probabilities of the
individual terms. This will hold for any other selection of events from a subset of
F(Xi,), F(Xiy), - .., F(Xi,), one event from each o-algebra.

(d.) It follows, from Definition that for any n > 2, and any iy # s # ... #

in, Xip,Xiy,-..,X4, are independent random variables. In addition, they are
identically distributed.

Exercise 1.4.

Recalling Example consider the random variables X;, X5, and Z = X; & X,
where @ denotes the XOR binary operator or the modulo-2 sum. Show that any two of
these three random variables are independent, but the three taken together are not mutually
independent. n

Exercise 1.5.

If X and Y are independent random variables, then so are the compositions g(X) and
h(Y'), where g and h are measurable functions on (R, B(R)). [ |
1.2.3 Expectation

A random variable X such that X (w) > 0 for all w € €, is called a nonnegative random
variable.

Definition 1.7. For a nonnegative random variable X, with distribution F(-), with point
mass p; at x;, i > 1, and density f(-), we define the expectation E(X) by

E(X) = inpi —|—/Ooox f(x)dx
i=1
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The above general expression for E(X) can be written compactly in terms of the
Riemann-Stieltjes integralE] as follows

E(X) = /Ooo z dF(z) (1.4)

Expectations of continuous functions of random variables can be treated in an analogous
mannerﬂ Thus, the Laplace-Stieltjes Transform (LST) of the c.d.f. F'(+), for all s € C, is
given by

F(s) := E(e_SX) = / e dF(x).
0
Exercise 1.6.

As an exercise in using Equation (I.4), establish the following useful expressions for
the expectation of a nonnegative random variable:

() E(X) = ;71 - F(z))dz
(i) If f(x) =0,z € R, then E(X) =>"}7, P(X > k)

(Hint: Write [z dF(z) = [;° [y dy dF(z), and then interchange the order of
integration.) u

For a real valued random variable X, we denote X* = XI (x>0}, and X~ =
—XIix<oy; X T and X~ are both nonnegative random variables, and are called the
positive part and the negative part of X. Clearly, we can write X = XT — X, and
X=Xt + X~

Definition 1.8. For a random variable X, E(X) = E(X™) — E(X ™), provided at least

one of E(X ™) or E(X ™) is finite. [ |
Example 1.6.
Consider the discrete random variable X € {---,-3,-2,—1,+1,4+2,43,---},

which takes the values +k and —k, each with probability # Also, consider the
random variable Y € {+1,42,+3,---}, which takes the value +k with probability

. 2 . .
#. Since Y 77 1%2 = %, we see that X and Y are proper random variables. Since

Y opo (k- k—lg) = 400, by Definition we conclude that the expectation of X is not

defined, whereas E(Y) = +oc. [ |

*Readers unfamiliar with the Riemann-Stieltjes integral, but familiar with the Dirac-d function, can think
formally in terms of writing dF (z) = (o, pid(x — x:) + f(x))dx. Further, as usual, [°z dF(z) =
limeg—s 0o foa x dF(x), and this limit can be oco.

3Technical difficulties that arise in more general cases are handled by the rigorous definition of expectation
via the Lebesgue-Stieltjes integral.



12 CHAPTER 1. A REVIEW OF SOME BASICS

The following inequality places a bound on the probability that a nonnegative random
variable exceeds a certain positive value (a question about the “tail” of the complementary
c.d.f.), in terms of the expectation of the random variable.

Theorem 1.5 (Markov Inequality). If X > 0 with probability 1, then
E(X)

a

P(X >a) <

Proof: Let A= {w: X(w) > a}, and write X = X 14 + X1 xec.

E(X)

I4) + E(X L)

I4) (because each term is nonnegative)
aB(I4)  (because X114 > aly)
aP(A)

E(X
E(X

v v

Therefore
E(X)

a

P(A) <

Example 1.7.

The above theorem implies that, for a nonnegative random variable X, P(X >
10EX) < 0.1, i.e., the probability that the random variable takes values more than 10
times its average value is less than 0.1. Thus, expectation itself can be used to obtain a
simple bound (usually very weak) on the tail probability of X. |

Since, for a > 0,
{w:| X(w) "> a"} ={w:| X(w) [> a},

the Markov Inequality can be immediately applied to provide a bound on the tail of the
distribution of | X | based on the kth absolute moment of X, i.e., E(|X|*).

Corollary 1.1. If X is a random variable for which the k™" absolute moment exists, i.e.,
E(| X |*) < oo, exists, then, for a > 0

E( X [*
P{{X|>a} < (ak)
Corollary 1.2 (Chebychev Inequality). If X is a random variable with finite variance,

then
Var(X)
2

P{lw: | X —EX|>a} <
a
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Proof: Let Y = X — EX and apply Corollary [I.T|with k = 2. [ |

Remark: Note that if a random variable has finite variance then it has finite mean. In
general, if E(|X|*) < oo for some k > 1, then E(|X|’) < oo for all j < k. Further,
E(|X|) < oo if and only if E(X) < oo.

1.3 Stochastic Processes

Definition 1.9. A collection of random variables {X;,t € T} defined on the same
probability space (Q, F) is called a random process. |

T is called the parameter set or index set. When 7' is a finite set, then we just have a
random vector. In general, 7' is infinite.

 If T'is a countable set then { X} is said to be a discrete parameter process.

* If T is uncountable then { X} is said to be a continuous parameter process. In this
case we may also write the parameter as an argument rather than as a subscript, i.e.,

X(t).

We note that 7" may not only have the interpretation of time, discrete or continuous. The
parameter set could represent, for example, individuals in a population, or points in one
dimensional or two dimensional space.

Remark: It is important to note that, given a stochastic process { X;,t € T}, by definition,
for each t € T, X; is a random variable, but for each given w € Q, X;(w),t € T, is a
real valued function over the parameter set 7', and is called the sample path of the process
corresponding to the sample point w.

Example 1.8.
The following are some examples of stochastic processes (see Figure [I.T).

(a.) {X;,7 > 1} is a sequence of independent and identically distributed (i.i.d.) random
variables, with common distribution function F'(-). By “independent” we mean
that the random variables in the collection are mutually independent, i.e., any finite
subset of this collection is a set of independent random variables. Thus for any m €
{1, 2,3,--- }, and ki, ks, ,km € {1, 2,3, }, Fk17k27...7km(x1, xo, - ,(L‘m) =
e, F (xj). It easily follows that these finite dimensional distributions are
consistent. {X;,i > 1} is a discrete parameter stochastic process, that can take
continuous values.

(b.) Processes in a Single Station Queue: Customers arrive to a waiting room at random
times, and bring random amounts of work (expressed in units of time). The
customers wait in line in first-come-first-served (FCFS) order. A server works
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by by |by by, b g
"
| |
bk ot b b t
X(t,w)
t
Vit
t

Figure 1.1: A sample path of the queue length process X (¢) and the work in
system process V' (t) for the sample point w shown at the top. In the depiction of
w, the service requirement of customer & is shown as a vertical line with height by.

at the rate of 1 second per second on the head-of-the-line (HOL) customer. The
server is nonidling, which is to mean that it does not idle when there is work
to be done. It is easy to see that the evolution of such a queueing system is
completely specified when we specify the arrival instants of the customers (say,
(t1,t2,ts3,---)), and the amounts of time required to serve each customer (say,
(b1,ba,bs,---)). Thus we can take a realisation or outcome of the experiment to
be w = ((t1,b1), (t2,b2), (t3,b3),- - - ), and the sample space €2 to be the collection
of all such elementary outcomes (see Figure [I.I). The event space F can also
be correspondingly defined, but we will not attempt to do so. Now several useful
stochastic processes can be define on this set up.

(i.) The queue length process ({X(t), t > 0}): For each w, X(t,w) is the
number of customers in the system at time ¢. This is a continuous parameter
(time) process that takes non-negative integer values (i.e., values in Z™) (see
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Figure[L.1).

(ii.) The arrival process ({A(t),t > 0}): For each w, A(t,w) is the number of
customers that arrive to the system in the interval [0,¢]. A(t) is a continuous
time discrete values process, taking values in Z ™ (see Figure .

(iii.) The work in the system ({V (t),t > 0}): For each w, V(¢,w) is the total
number of seconds of work remaining to be done on the customers in the queue
at time ¢. This is the sum of the residual work to be done on the customer in
service, and the total service requirements of the customers that have not yet
begun service. V (¢) is a continuous time and continuous values process taking
values in R*.

(iv.) The sojourn times of the customers (Wi, k € {1,2,3,---}): For each w,
Wi (w) is the amount of time that the kth customer spends in the system from
the instant it arrives until the instant it leaves. W} is a discrete parameter
process (indexed by the customers) that takes continuous values (in R™).
In the example of Figure Wi = by and, since by < tg — t;, W3 =
(bg — (tg — tg)) + b3.

(v.) The number of customers found by each arrival (X ’ga)’ ke {1,2,3,---}) : For

each w, X ,ga) (w) is the number of customers found in the system by the kth

arrival. This is a discrete parameter (the indices of the arriving customers) and

discrete valued process. In the example of Figure|l.1| X fa) =0and X ?Ea) =1

1.3.1 Finite Dimensional Distributions

Definition 1.10. For any m € {1,2,3,--- } and a finite set {t1,t2,--- ,t,,} CT
Ft1,t2,---,tm(xl7x25 te 7xm) — P(Xt1 S xletQ S T2, - )Xtm S xm)

is called a finite dimensional distribution of the process X¢,t € T. The collection of
all such finite dimensional distributions (i.e., for all m € {1,2,3,---} and all finite sets
{t1,ta, - ,tm} C T) is called the set of finite dimensional distributions of the process
{Xt7 tc T} |

Given a real valued random variable X on (€2, F), its distribution F'(-) can be used
to obtain an appropriate probability measure on (2, F). In a similar way, a stochastic
process can be characterised by the collection of its finite dimensional distributions. But
clearly an arbitrary collection of such distributions will not do. To see this, note that if
(X,Y) is a proper random vector then the joint distribution function Fixy(w, y) must
be the same as Fy x)(y,z), and the individual distributions Fx(z) and Fy (y) cannot
be arbitrary; it must hold that Fy (y) = F(x y)(00,¥), and Fx(r) = Fix y)(z,00). In
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the same way, the finite dimensional distributions of a stochastic process must satisfy the
following condition.

Definition 1.11. A collection of finite dimensional distributions on T is said to be
consistent if,

(a.) for all finite sets T, = {t1,t2, -+ ,tm} C T, x = {x1, 22, - , 2} C R and
every permutation (m(1),7(2),--- ,m(m)) of (1,2,--- ,m)

Fr,, (x) = Fr(1,,)(7(x))
where 7(T,,) and w(x) are the permutations of T,,, and x, and

(b.) for all finite sets T, C T, C T,

FTm(CC],.’ITQ,"‘ ,l‘m):FTn (007 , 00, T1,00,++ ,00,T2,00, ++ ,00,Tm, OO, "

where the dimensions that are not in T,,, are shown as .
[ ]

In this course we will often define real valued random processes, X;,t € T, via
structural properties. For example, one such structural property, which we will encounter
in Chapter [2] is the Markov property. Such properties can be used to prove that the
process has consistent finite dimensional distributions. The question then arises: “Is there
a probability space (2, F, P), and a random process, X;,t € T, whose finite dimensional
distributions are the ones derived from the structural properties?” Remarkably, the
Kolmogorov Extension Theorem states that if the finite dimensional distributions that
are derived are consistent, then, with = R” and an appropriately defined o-algebra
and probability measure, there exists a random process with the same finite dimensional
distributions.

We will be concerned only with the situation in which two processes that have the
same finite dimensional distributions are essentially the same for all practical purposes.
Hence when we define a new kind of stochastic process, one of the first programs that
we will have is to determine its finite dimensional distributions. If we are able to do this,
it will mean that we have a well defined process. Also, carrying out this program will
demonstrate how a definition of a process can end up in completely specifying its finite
dimensional distributions, and hence its essential properties.

1.4 Convergence of Random Sequences

Definition 1.12. A sequence of random variables {X,,n > 1} is said to converge in
probability 7o a random variable X if, for all € > 0, lim,,_,oc P(| Xy, — X| > €) =0, and

we denote this by X, EN'e |



1.4. CONVERGENCE OF RANDOM SEQUENCES 17

1/2 1/3 1/4 1/(n+1)
X (@) e XfQ | = Xgad | xga |/
1 1 1 1
0 w 1 0 @ 1 0 w 1 0 @ 1

Figure 1.2: The random variables X, X5, - - -, in Example[1.9]

Definition 1.13. A sequence of random variables {X,,,n > 1} is said to converge with
probability one or almost surely to a random variable X if P{w : lim, o Xp(w) =

X (w)} = 1, and we denote this by X, Wﬁl X, orby X, &5 x.
|

w.p. 1
We will see that X,, L> X implies that X, 2, X . However, the following example
shows that the reverse is not true.

Example 1.9.

Consider the sample space 2 = [0, 1], with the uniform probability over it, i.e., the
probability of an interval in [0, 1] is the length of the interval. Define random variables
X1, X5, -+ as depicted in Figure Notice that the random variable X, is nonzero only

over an interval of width n%rl Thus for every ¢,0 < € < 1, P(|X,, — 0| > ¢) = 1= — 0,

n+1
asn — oo;i.e., X, £ 0. On the other hand, recalling that Z;’il % = 00, We can see that
for every w, for every m > 1, there is an n > m, such that X,,(w) = 1. It follows that
{w: Xp(w) — 0} is empty, and hence X, does not converge almost surely. [ ]

1.4.1 Convergence of Expectation

If X,,,n > 1, is a sequence of random variables converging almost surely to the random
variable X, we often need to examine whether lim,,_,~, E(X,,) = E(X). Note that this
can be viewed as the validity of the following exchange of limit and expectation:

Jm E(X) = E( lim X,)

In general, such an exchange is not valid, as is illustrated by the following important
example.

Example 1.10.



18 CHAPTER 1. A REVIEW OF SOME BASICS

0 1/n w 1

Figure 1.3: The random variable X,,, defined in Example|1.10, shown as a function
from Q = [0,1] to R.

Consider the sample space 2 = [0, 1], with the uniform probability over it. Define
random variables X1, Xs, - -- as depicted in Figure[I.3] The random variable X, is zero
over the interval [, 1]. Evidently, for each w,0 < w < 1, we have lim,, o X, (w) = 0.
Defining X to be the random variable that takes value 0 over [0, 1], it follows that

X, Pt x
We observe, however, that E(X,,) = % X % x n? = 5. Thus lim,, . E(X,) = oo,
whereas E(lim,, o X;,) = 0. [ ]

The following two results provide conditions that ensure the validity of the exchange
of expectation and almost sure limit of random variables.

Theorem 1.6 (Monotone Convergence). If X,,,n > 1, is a sequence of random variables

. . w.p. 1
that converges almost surely to the random variable X, i.e., X, L X, and the

following two conditions hold:
(i) X, is non-negative for everyn > 1, and

(ii) X1 < X9 <--- < X,,--- (ie., the sequence of random variables is monotonically
non-decreasing),

then
lim E(X,) = E(X)

n—oo

We note that in the situation of Theorem|[1.6] it is possible that E(X) = co.

Theorem 1.7 (Dominated Convergence). If X,,,n > 1, is a sequence of random variables

w.p. 1
that converges almost surely to the random variable X, ie., X, L) X, and the

following two conditions hold:
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(i) there is a random variable Y such that | X,| <Y (i.e., the sequence X,,,n > 1, is
dominated by the random variable Y ), and

(i) E(Y) < oo,

then E(X) < oo, and
lim E(X,) = E(X)

n—oo

In the dominated convergence theorem, when Y is a finite constant then the result is called
the bounded convergence theorem.

1.5 Laws of Large Numbers

We now turn to the simplest stochastic process discussed in Section [1.3| and develop
fundamental theorems that are called laws of large numbers. From a foundational point of
view these results have the following importance. One of the interpretations of probability
is that the probability of an event is the fraction of trials in which the event occurs in
independently repeated trials of the experiment, as the number of trials becomes large.
This interpretation easily motivates the axioms of probability. For example, for disjoint
events A and B, if in n trials n 4 is the number of times that event A occurs and n g is the
number of times that event B occurs, then the fraction of time that either A or B occurs is
%4 + BB this is just the additivity axiom of probability. It is natural to expect, that, when
we have set up the mathematical structure of probability, this structure is self consistent in
the sense that there is probability close to one that the relative frequency of occurrence of
an event in repeated trials converges to the probability of the event.

It is easy to see that such a convergence should take place for random variables as well.
Consider repeated independent tosses of a die with the outcomes in 2 = {1,2,3,4,5,6}°;
we write a generic outcome as w = (w1, w2, ws, - - - ). Then consider the i.i.d. sequence of
random variables defined by X;(w) = 1 if w; is even and X;(w) = 2 if w; is odd. Clearly
E(X;) = 1.5. We observe that %Z?:l Xi(w) = %E?:l 1 It eveny + %Z?:l 2 -
I {w: odd} —n—o0 1- % 4+ 2. % = E(X1), where the limit is obtained since the fraction of
repetitions in which the outcome is odd converges to 0.5 as does the fraction of repetitions
in which the outcome is even. Thus the “time” averages of the sequence of i.i.d. random
variables converges to the expectation; this is just a generalisation of the convergence of
the relative frequency of an event to its probability. We will discuss the laws of large
numbers in this generality.

Let us begin by considering a probability space (€2, F, P) and an i.i.d. sequence of
random variables { X;, ¢ > 1} with finite mean E(X). Define for every n > 1 and € > 0

the events
> 6}

Ap(e) = {w :

1 n
— E X; — E(Xy)
n -

=1
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Note that, by virtue of the X;,7 > 1, being random variables on (2, F) the events A, (¢)
are in F. The event A,,(¢) contains all the ws such that the average value of the stochastic
process up to the nth step exceeds the expectation E(X) by at least e. We would expect
that the probability of this event is small for large n. This is the content of the following
law of large numbers.

Theorem 1.8 (Weak Law of Large Numbers (WLLN)). X;,¢ > 1, is a sequence
of i.i.d. random variables such that Var(X;) = o2 < oo, then, for every ¢ >

0, limy, 00 P(Ay(€)) = 0, in other words L 37 | X; 2 E(Xy).

Remark: This finite variance version is not the most general form of the result, but it is
very easy to prove. Note that the finite variance assumption ensures that the expectation
exists.

Proof:
Var (£ 7 (X; — E(X
P(A,(e)) < ar (5 Xicy (2 (x1) (by the Chebychev Inequality, Corollary [I.2))
€
o2
= — —30asn — ooforeache >0
ne2

where the last step uses the fact that the variance of the sum of independent random
variables is the sum of their variances. |
We will see why this law of large numbers is called “weak” in the course of studying the
strong law of large numbers (SLLN), which we now develop. Given {X;,¢ > 1}, i.i.d.
random variables, consider the event

{w: lim ZX ) =E(X31)}

n—oo M,

i.e., an w is in this set if the sample path average of the random process converges to

E(X7). The strong law of large numbers asserts that, under certain conditions, this event
has probability 1; in other words 2 > | X; WP, 1 E(X1). Using the definition of the

limit of a sequence of real numbers, we rewrite this event as

{w : for every k > 1, there exists m > 1, for every n > m, l Z Xi(w) —E(X1)| <

Taking the complement of this event, we obtain

1
{w : there exists k > 1, for every m > 1, there exists n > m, | Z Xi(w) — E(X1)
n <
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1
> -

there exists k>1 such that 4,,(1) infinitely often

Using set notation this event can then be written as follows

Uk>1 Mim>1 Un>m {w:

- Y Xiw) —E(X)
i=1

an(})

An(4) infinitely often

where we have also shown how to read the expression in term of our earlier defined events
Ay, (€). Thus the strong law of large numbers would require that this event has probability
0. We note that the phrase “infinitely often” is usually abbreviated to “i.0.”

By the monotonicity of probability, the above event having probability zero implies
that for every k > 1, An(%) i.0. has probability 0 (i.e., P(Nm>1 Up>m An(%)) = ( for
every k > 1). In turn, using the union bound (Theorem , we obtain

plon (i) = X r(n(}) )

= 0,

N

which establishes SLLN. Thus, we see that P (Uy>1 Ay, (1) i.0.) =0 <= P (A, (})i0.) =
0 for every k > 1.

It can also be seen that P (An (%) i.o.) = 0, for every k > 1, will imply WLLN, thus
showing that WLLN is indeed weaker. Observe the following. For every k > 1,

0 = P<mm21 Uan An <2>)
. 1
= lim P <Un>m A, <>>
m—00 = k
. 1
Jm P (4 ()

> 0

Y

where the second equality follows from the continuity of probability (notice that Uy, >, A, (%) +
Nm>1 Un>m An (%)), the first inequality follows since A, (%) C Up>m 4p (%) , and
the last limit establishes WLLN.

Lemma 1.1 (Borel-Cantelli). (i) Forasequence of events Ap,n > 1,if Y 2 P(A,) <

oo then P(Ay, i.0.) = 0.
(ii) For a sequence of mutually independent events Ap,n > 1, if > ° | P(A,;) = 0o

then P(A, i.o.) = 1.
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Remark: For the case in which the events A,,n > 1, are mutually independent, the two
parts of this lemma, taken together, are called the Borel Zero-One Law. The term Borel-
Cantelli Lemma is often used to refer to just Part (i) of the result, and we will adopt this
terminology in our discussions.

Proof:

(i) Define the random variable /N as follows
(o]
Nw) =) I, (@)
n=1

i.e., N(w) is the number of events in the sequence A,,n > 1, to which
w belongs. We would like to show that » °, P(A,) < oo implies that

E(N) < oo, which in turn will imply that P(N = oo) = 0, which implies that

[e.e]
P (w : Z I4, (w) =00 | =0, thus completing the proof. Thus we need the
n=1

P(A,1.0.) =0
following argument to hold

E(N) = E(i IAn>

n=1

n=1

= lim E( IAn>
m—0o0 1

- 3Py

n=1
[e's)

= ZP(ATL)
< %

In this argument, the only step that requires justification is the third equality, which
states that the interchange E(lim,, o) = lim,,o E(+) holds true. Here the
exchange is permitted by Theorem [I.6] (monotone convergence theorem) when
applied to the sequence of random variables » """, I4, which are nonnegative and
Yoty Ia, T N with probability 1.
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(i)
P(Anio) = PNy, U, Ay)

m—o0

= lim lim P(UF_ A,)

= n
m—o0 k—oo n=m

= lim lim (1 - P(NF_

m—00 k—00 )
k
= lim lm (1 ] Pac
Jim lim ( I 7 n)>

= lim lim

m—00 k—o0 (
n=m

where we have used continuity of probability in the second and third equalities,
independence of the events in the fifth equality, the fact that (1 — z) < e~ for all
real x, in establishing the inequality, and the hypothesis that » >, P(A,) = oo
in the last step.

Theorem 1.9 (Strong Law of Large Numbers (SLLN)). For a sequence X1, Xa,... of
i.i.d. random variables with finite variance o (and, hence, finite mean E(X1))

L
P {w. Jim Z; X,(w) = E(Xl)} =1,

e, L xS E(x).
Remark: The following proof is provided for completeness; its understanding is not
essential for reading the later parts of these notes. The student should understand the
role played by the Borel-Cantelli Lemma, Lemma|l.1
Proof: As before let 4, (1) = {w: ‘% S Xi(w) — E(Xy)| > 2 }. We wish to show
that for every k, P (An (%) i.o.) =0

We will use the Borel-Cantelli Lemma to establish this result. If we were to use the
Chebychev inequality, we would obtain

2r(n(D) =

n=1
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but the sum in the right hand side diverges; hence this is not a useful approach. Instead, let
us look at the event sequence only at the indices m?, m > 1. This yields

i P(Amz (;)) < i U;]f < 00

m=1 m=1

It then follows from Borel-Cantelli Lemma that, for every k > 1,

This implies that

1 w.p. 1
T3 X P Ex)

~.
I

We have thus proved the result for a subsequence of the desired sequence % Yo X
The following argument shows that this is sufficient.
Note that the desired result can also be written as

72 X — E(X1) Pt

and the intermediate result we have can be written as

2

3

1
m2

(X — E(x1)) B 0 (1.5)

1

-
Il

Now observe that for any n > 1, there exists an m > 1 such that
2 2 . 2
m*<n<(m+1)*, ie,0<n—m*<2m.

We need to show that for n such that m? < n < (m + 1), 3" | (X; — EX) does not
differ much from 2?51 (X; — EX). Let, for every m > 1,

n m2

M = — E(X1) Xi — E(X
" s iy | (i B =3 (i~ E()
= max Z (Xi _ E(Xl))

m2<n< 1)2
{n:m2<n<(m+1)2} A1
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Therefore

n

E(M,)> = E X, — E(X
( ) {n:mzﬁrgg?mﬂm i_mz2+1( (X1))

2
n

- F X; — E(X
{”:m@rggz{mﬂ)z} i:;—‘rl( )

where the second equality follows because square is monotone increasing over nonnegative
terms and all the terms in the max are nonnegative. For n such that m?<n< (m + 1)2,

define
2
n

YVo=| > (Xi—E(X1)
i=m2+1
then
E(Y,) = (n — m?)o?

since the random variables X; are i.i.d.; in fact, notice that we need the random variables
only to be uncorrelated. It follows that

E(Yimirz1) = 2mo’
> E(Yn)

where the last inequality holds for n such that m? < n < (m + 1)2.

Now fix m, and for each w, let 7i(w) achieve the maximum in max (.12 <y (m+1)2} Yn (W)3
if there are several indices in {n : m? < n < (m + 1)} that achieve the maximum then
we break ties by, say, taking the largest such index. For n € {n : m? < n < (m + 1)?},
let us define the events

Hence

(m+1)2-1
E(Mpn)? = E > VI,
n=m?2
(m+1)2-1
< > EY,
n=m?
(2m + 1)2mo?

6m2o>
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where we have used the fact that m > 1. Then applying Markov Inequality (Theorem [I.T)),
we get that, for all € > 0,

P(M,, > m?) <

Hence we see that

from which it follows, as before, that

M, wp.
Mm WP 1 (1.6)

m2
For notational ease let us now write S,, = > ; (X; — E(X1)). In terms of this notation,

p.1
our aim is to establish that % L) Now, for each n, define m(n) such that m(n)? <

n < (m(n) + 1)2. By the definition of M,,,, we then have
Min(n) = |Sn = Sz | = 1Snl = | Sz |

Therefore
Sl < |Sm(myz | + M)

and, because m(n)? < n,

[Sal _ |Sene2] + Mingwy

W = (mmeE !

with probability one, where in the last step we have combined Eqn. (1.3)) and Eqn. (1.6).
|
The following SLLN requires only that the expectation exists, and is a powerful result
that is used very frequently.

Theorem 1.10 (Kolmogorov SLLN (KSLLN)). If {X;,i > 1} is a sequence of i.i.d.
random variables with E(|X1]) < oo, then £ 37 | X; “3 E(X)). [ |

Recall that the condition E(|X1|) < oo is equivalent to E(X;") < oo and E(X]) < oo,
which, in turn, is equivalent to —oco < E(X;) < +o0.
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1.6 Notation

This chapter has provided a quick overview of some basic concepts in probability theory
and random processes, and cannot replace a pre-requisite course in probability theory. This
chapter also served to introduce some of the notation that we will use in the remainder of
this book. Notation related to concepts not covered in this chapter are provided in the
following list.

il independent; For A and B independent events, or independent random variables,
we write A I B

1.7 Notes on the Bibliography

A first course on probability from a book such as the classic by Papoulis [[15] would be
sufficient prerequisite for reading these notes. A more mathematical but very accessible
treatment of probability is provided by Bremaud [3]. Sophisticated topics such as
the Borel-Cantelli Lemma, the Kolmogorov Consistency Theorem, and a proof of the
Kolmogorov Strong Law of Large Numbers, along with a wealth of material on advanced
probability theory are available in the classic two volumes by Loeve [13| [14]], and in the
more recent text by Athreya and Labhiri [2]].
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1.8 Problems

1.1. Problems in the basics of probability theory
(a.) Prove P(A°) = 1 — P(A). Indicate the specific axioms used in each step.

(b.) Let Aq,..., A, be events where n > 2. Take the index set to be {1,2,...,n}.
Prove that

i<j i<j<k
— (D" PAINAN. . NA).

(c.) A coin is tossed repeatedly. If the probability of Heads is p > 0, show that a Heads
will occur in finite time, with positive probability. If, 0 < p < 1, show that any
finite sequence (say HTHHT) will occur in finite time, with positive probability.
Further, with 0 < p < 1, show that any finite sequence will occur in finite time with
probability one.

1.2. Let A;, As, ... be a sequence of events (in F) from the sample space €). Define

B, = GAm, C, = ﬁAm.

(a.) Show that C,, C A,, C B,.

(b.) Show that {B,,n > 1} is a decreasing (nonincreasing) set sequence. Often the
sequence is just written as { B, }.

(c.) Show that the limit of this decreasing sequence of sets is lim,, B,, = B = ("), Bp.
(We often use the shorthand notation N,, B,, for N, >1B,,. The “> 1" is usually clear
from the context.)

(d.) Show that {C,,,n > 1} is an increasing (nondecreasing) set sequence.

(e.) Show that the limit of this increasing sequence of sets is lim,, C\,, = C' = | J,, Cp.
(f.) Verify that B = Ny, Upy>n Ay

(g.) Verify that C' = U, Nypy>pn Ay,

(h.) Verify that B = {w € Q : w € A, for infinitely many values of n}.

(i.) Verify that C = {w € Q : w € A,, for all but finitely many values of n}.

(j.) Show that C C B.
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(k.) We say that the sequence {4, } converges to a limit A = lim,, A,, if B and C
constructed as above are equal, and equal to A. Suppose that A,, — A. Show that
A is an event.

(1) Suppose A,, — A. Show that P(A,) — P(A).

We often use the notation:

1.3. F is an event space, i.e., a o-algebra,

(a.) Let A and B be events in F. Consider A\ B := A() B¢ Show that A \ B and
AAB :=(A\ B)J(B \ A) are also events.

(b.) For B € F, define a new collection of sets Fp as follows:
fB:{AﬂB:AEJ:}.
Show that Fp is also a o-algebra. Can you interpret this event space?

14. ((X1,Y1), (X2,Y2), --+) is a sequence of random vectors such that P(Xj > Yy) =
o where 0 < a < 1. Show that P({X}, > Y3} i.0.) = 0.

1.5. (X,,, n > 1) is a sequence of random variables taking values in {0,1}. Let p,, =
P(X,, = 1). Show that >_>° | p, < oo implies that P(lim, o, X, = 0) = 1.

1.6. Borel Strong Law of Large Numbers: {X,, n > 1} is a sequence of i.i.d.
random variables with X,, € {0,1} such that P(X,, = 1) = p for all n > 1. Define
Sp = Y., X;. Use the Markov inequality and the Borel-Cantelli Lemma to prove that
P(limy, 00 %" = p) = 1. Do not just apply the strong laws of large numbers stated in
the chapter. (Hint: Show that, Ve > 0, 0% P (|22 —p|>€) < oo, using Markov
inequality with £ = 4. Then use the Borel-Cantelli Lemma.)

1.7. {X;,i=1,--- ,n} are n identically distributed nonnegative random variables with a
c.d.f. Fx(-), and are not necessarily independent. Let

Z = max X;
1<i<n

(a.) Show that 1 — Fiz(z) < min{1,n(1 — Fx(z))}. (Hint: use the “union bound”.)
(b.) Hence obtain an upper bound for E(Z).

1.8. X is an integer valued random variable i.e., X € {---,—-3,—-2,—-1,0,1,2,3--- }.
Prove using the Markov inequality that E(X?) < co = E(|X|) < oc.
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Chapter 2

Discrete Time Markov Chains

In Chapter [T] we studied i.i.d. random processes. In this chapter we will study processes
that have the Markov property, the simplest dependence structure, and the one that is the
most important in applications.

2.1 Conditional Independence

Given a probability space (€2, F, P) we need the notion of conditional independence
between two events A and B, given the event C'.

Definition 2.1. The events A and B are defined to be conditionally independent, given the
event C (denoted as (A11 B)|C), if P(AN B|C) = P(A|C) P(B|C), or, equivalently, if
P(A|BC) = P(A|C). |

The equivalence of the two definitions can be seen from the following calculation:

P(A|BC) = P;?BTCC;) = P(Af(gfc(? 9 — P(A|C). One way to view the above defined
concept is to define a probability Pc as follows. For an event A € F, Po = P(A|C),

where P(-) is the original probability.

Exercise 2.1. Show that Pc(-) as defined is a probability measure on (€2, F).
|

It is then easy to see that conditional independence with respect to the event C'
is just ordinary independence in the new probability measure Po. The statements in
Definition [2.1] then become (A II B)|C' if Po(A N B) = Po(A)Po(B), or Po(A|B) =
Po(A).

31
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Exercise 2.2.

The random variable X takes either of the values 0.1 or 0.9 with equal probabilities.
When X)) takes the value p € {0.1,0.9} then X; and X are i.i.d. 0-1 random variables
that take the value 1 with probability p. Define the events A = {X; = 1} and B =
{X2 =1},and C = {Xp = 0.1}. Show that (A II B)|C, but A is not independent of B,
unconditionally. |

We conclude from this exercise that conditional independence does not imply uncon-
ditional independence. Thinking in terms of coin tossing, X is like choosing one of two
coins, and X7 and X5 are like the outcomes of two tosses of the chosen coin, with a
1 outcome being viewed as the coin falling heads. Then the intuition is that, if we do
not know which coin is being tossed, and the first toss falls heads, then we obtain some
information about which coin was tossed, which changes the probabilities we assign to the
next toss.

2.2 The Markov Property

Definition 2.2. A stochastic process { Xy, n > 0}, taking values in the countable set S, is
called a discrete time Markov chain (DTMC) if it has the Markov property, i.e., if for all
iDaila' o ainflvin = 7’5] € Sandn >0

P{Xnt1 =jlXo =10, X1 =11,..., X, =i} = P{Xy1 = j| X, =1}
|

At time n, X, is the “present”, Xg, X1, -+, X,—1 form the “past”’, and X,,+1 = jisa
question about the “future.” The Markov property states that given the present, the future
and the past are independent.

Remark: The term “chain” comes from the fact that {X,,n > 0} takes values in a
denumerable set S. The values taken by the process are also called states of the process;
thus, the set S is also called the state space.

Example 2.1.

Consider repeated tosses of a coin with given probability p,0 < p < 1, of the coin
falling heads. Let, for n > 0, X, = 0 if the outcome of the nth toss is tails, and X,, = 1 if
the outcome is heads. We know that the sequence of random variables X, are i.i.d., hence,
the Markov property holds trivially. Now considering the same coin tossing experiment,
define Yy = 0, and, forn > 1,Y,, = Z:‘L;ol X;, 1.e., Y, is the number of heads until (not
including) the nth toss. Clearly, Y,, € Z". Now observe that

0 ifj ¢ {i,i+1}
P(Yn_,_l:j’}/o:io,ylzil,“',Yn:i> = P lfj:Z+l
1—p ifj=1
= P(Yn+1 :j’Yn = Z)
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Thus Y,,,n > 0, isa DTMC on Z™*. [ |

Remark: It is important to note that if X,,,n > 0, is a DTMC then the Markov
property states that (X,,11 IT (Xo, -+, X;,—1))| Xy, but this does not mean that (X,,41 II
(Xo, -+ ,Xn-1)), i.e., the future and the past are independent conditional on the present,
but, in general, the future and the past need not be independent unconditionally. This can
be illustrated from Example The sequence X,,,n > 0, is i.i.d., and any two disjoint
subsets of the random sequence are independent. However, notice that Y, and Y,,_; are
independent only if Y;, is given, but are dependent unconditionally. To see this just observe
that if Y}, is known to be, say, 10 (10 heads have appeared before the (n — 1)th toss),
then Y, 11 is constrained to lie in the set {10, 11, 12}.

Exercise 2.3.

If X,,,n > 0,is a DTMC on &, then, for any Ap, Ay, -+, A,—1 C S,and i,j € S,
show that

P(Xn+1 = ]|XO € .AO,Xl S -/417' ce >Xn—1 € -An—th = 2) = P(Xn+1 = ]|Xn = Z)
Hint: Observe that

P(Xoe Ap, X1 € A+, Xpo1 € A1, Xy =4, X1 =)

= Z P(Xo =10, X1 =i1, -+, Xpn—1 = in-1, Xpn = i, Xpp1 = j)
i0€A,i1€AL, in_1€EAn_1

and then use the Markov property, defined earlier. |

Proposition 2.1. If X,,,n > 0,is a DTMC on S, then forn < ni < ne < ... < Ty, and
io,il,--- ,in_l,i,jl,...jm eS

P(Xnk:jk, 1§k§m|X0:i0,X1:i1-“,Xn:i)
= P(Xp—j, 1 <k <m|X, =1)

Remark: The Markov property in Definition [2.2] appears to be limited to the immediate
next step after n. This result says that any finite subset of random variables in the future is
jointly independent of the past given the present.

Proof: The following calculation illustrates the idea of the proof. The detailed proof is
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left as an exercise.

P(Xnio=klXo, -+ Xp=1) = Y P(Xpy1=j, Xns2=klXo, -, Xp =1)

jeS

= Z P(XTL+1 :]|X07 aXn:Z)
JjES
P(Xn+2 = k|X07 7XTL = ivXTLJrl :])

= Z P (Xpt1 = jlXn =) - P(Xp+2 = k[Xnp1 =)
JES

= Z P(Xn—H =J, Xnt2 = k’Xn = z)
JjES

= P(Xp4o =k| X, =1)

where the first equality follows by summing over all possible states at step n + 1, the
second equality follows from the chain rule of probability, the third equality uses the result
in Exercise and the fourth equality is just the additivity property of probability. |

We shall only consider the case of time homogeneous Markov chains, which is the most
common case in applications. The following definition states what this case means.

Definition 2.3. (i) p;j(n) = P{Xn,y1 = j|Xn = i} is called the transition
probability of the Markov Chain, at step n.

(ii) If pij(n) = pij, for every n > 0, then the Markov Chain is said to be time
homogeneous. For a time homogeneous Markov chain, we denote the n-step
transition probabilities by pgy) = P{X,, = j|Xo = i}.

(iii) The |S| x |S| matrix P whose (i,j)th element is p;; is called the transition
probability matrix (t.p.m.) of the Markov Chain.

|

Definition 2.4. A square matrix P with its rows and columns indexed by elements of the
set S, and with entries p;; is a stochastic matrix if

(i) foralli,j p;j > 0, and

(ii) forazlli,zjes pij =1
|

The matrix P(™ with elements pl(-;-z) will be called the n step transition probability

matrix. Since at each step the Markov chain takes values in S, it is evident that for each,
n > 0, P is a stochastic matrix. In particular, we write P = PO, Further, we define
p((]) = 1. and p(O)
J ’ ij
identity matrix.

= 0, for i # j; or, equivalently, P(®) = I where I denotes the |S| x |S]|
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p p p p p
ERCE®  (Dp P @ @ (3
(1-p) (17p) (I-p) (1-p)
heads or tails, Xn number of heads, Yn

Figure 2.1: Transition probability diagrams of the two DTMCs in Example [2.1]

Example 2.2.

The following are the transition probability matrices of the two DTMCs in Example[2.1]
The t.p.m. of X,, € {0,1} is

and the t.p.m. of Y,, € ZT is

1-p »p 0 O
0 1—-p p O

[ |

It is often convenient to represent the transition probability matrix of a DTMC by means

of the transition probability diagram. For the two DTMCs in Example[2.1] the transition
probability diagrams are depicted in Figure [2.1} their structure is self-evident.

Proposition 2.2. If X,,,n > 0,is a DTMC on S, then forn < ni < ne < ... < Ny, and

10,01, " ,’in_l,in,jl,...jm eSS
P(X. — i X =i X = X = o (n1—n) (n2—n1) (Nm—"m—1)
( ni _]17..' I nm_]m| 0_107”. ) n_Zn) - plnjl pj1j2 ”‘pjmfljm
2.1)

Proof: By Proposition the left hand side of Equation [2.1| can be written (using the
chain rule for probability) as

P(Xn, =1, Xnp = JmlXn =in) = P(Xp, = j1]|Xn =in) -
P(an :j2|X =in, Xn, :jl)'
’ 'P(Xnm = Jm‘X =ln, 5 Xpppoy = jm—l)
= P(X,, =jl|Xn=in)-
P(Xy, = jo|Xn, = j1) -
’ 'P(Xnm = jm‘Xnmq = jm—l)
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where we have used Exercise in the second equality. The last expression, using the
notation for multistep transition probabilities, yields the right hand side of Equation [2.1]
|

The next question we ask relates to whether it is necessary to specify the n-step transition
probability matrices, for each n, or whether it suffices to specify just the one step transition
probability matrix.

Theorem 2.1 (Chapman Kolmogorov). For every n,

P — pn
or pl(?) = (P"),;, i.e., the n step transition probability from i to j, is the (ij)'" element of
the nth power of P.

Proof: Fori,j € S, and n,l > 0, we can write

(Tﬁ-l)

1] = P(Xn+l = J‘XO = 7’)

= Y P(Xy =k Xns = j|Xo = i)
keS

= Y P(Xp=kXo=1i) P(Xpu =j| Xo=1i,Xn =k)
keS

= Y P(Xp=k[Xo=14) P(Xps1 =j|Xn =)
keS

n l
= > i)
keS

— (P(”)P(l))ij

where the second equality is obtained by summing over all possible states at the nth step,
and the result in Exercise[2.3]is used in the fourth equality. We have thus shown that

pinth) — p(n) « p)
A simple inductive argument now yields the desired result as follows

P® = pxprl
- Px(PxPW40

— P2 % P(n72)

- P
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2.2.1 Finite Dimensional Distributions

Can we now write down the (unconditional) finite dimensional distributions of a DTMC
Xn,n > 0,0nS? To this end, consider, for any 0 < ny,n9, -+ , Ny, and 41,40, -+ , iy €
S,
P(Xn1 = il’XHQ = ig, tee aXnm = Zm)
- ZP(XQZiQ,an:’il,XnQZiz,"',Xnm:im)

i0ES

= > P(Xo =i0)P(Xp, = i1, Xny = i, , Xn,, = im| Xo = i0)
10ES

— — (1) (n2—n1) (Mm—"(m—1))

- Z P(XO - Zo)plozll pilqz ! o 'pi('rn—l)im
i0ES

Therefore, it follows (using Theorem [2.T)) that the finite dimensional distributions of a
DTMC are completely specified in terms of the t.p.m., P, and the initial probability
distribution P(Xy = i),i € S. For a given t.p.m., P, we obtain different stochastic
processes for different initial probability distributions.

2.3 The Strong Markov Property

Given a DTMC X,,,n € {0,1,2,---}, we have so far asserted only that given X, at
a fixed time n the future of the process is independent of the past. Now suppose 7T is a
random time, i.e., T itself is a random variable taking values in the index set of the DTMC,
ie,T:Q—4{0,1,2,---}.

Example 2.3.

For j € &, define T} to be the random time when the process first visits state j, i.e.,
Tj(w) = kif Xo(w) # j, X1(w) # -, Xpo1(w) # j, Xp(w) = 4, and if for w
there is no k such that X (w) = j then T;(w) = oo. It can be checked that 7 satisfies
the second requirement of a random variable (i.e., being a measurable function), since
{w: Tj(w) =k} = {w: Xo(w) # j, Xa(w) # Jj,- -+, Xp—1(w) # J, Xp(w) = j} and
(X1, X2, -+, Xg) is arandom vector. [ |

Suppose we are given Xr. Note here that by X7 we mean that X7(w) = Xp(,)(w),
i.e., the state of the random process at the random time 7'. Can we say that for £ > 1,
P(Xpyr=jlXo=1d0, -, Xp=1) = pl(f); i.e., does the Markov property hold w.r.t.
the random time 7'? The following example shows that this may not be true for any
arbitrary random time.

Example 2.4.
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Define UY) to be the time of the second visit to state j,andletT = U @) — 1, i.e.,
T'(> 0) is one step before the second visit to state j. Now, for some i,k € S,

1 ifk=j

P (X141 = k| Xo =g, , Xr =1) = {O itk#j

and the right hand side is in general not equal to p;;. We can see that the random time 7" is
anticipatory since if we know that we are at the time T we have some information about
the future, i.e., that at the next step the process must visit j. u

Why might we be interested in random times, and the existence of the Markov property
with respect to random times? Suppose that the DTMC X,, is the model for a queue.
One of the measures we would be interested in is the distribution of the sojourn time of a
random arrival. The arrival instant is a random time 7°, and in order to study the sojourn
time of the arriving customer we will need to study the future of the queueing process after
the random time. Thus, in analysing discrete event stochastic processes we will often need
to condition on random times, and then study the evolution of the process after such times.

The following specialisation of random times eliminates the difficulty illustrated in

Example [2.4]

Definition 2.5. A random time T is said to be a stopping time for the random process
{X,, € §,n > 0} if, for all n > 0, there exists a function f, : S™t) — {0,1} such

that, Iip<py(w) = fu(Xo(w), -+, Xn(w)), ie., to answer the question that T(w) < n
we need only look at Xo(w), -+, Xp(w). [ ]
Example 2.5.

(i) TW= the time of the first visit to j. This is a stopping time since we have
fnlioy i1, ,in) = 1if j € {ig,41, - ,in}, and O otherwise.

(ii) ZU)= the time of the last visit to j. This is not a stopping time since we cannot
determine whether ZU)(w) < n by looking only at Xo(w), - , X, (w).

(iii)) The random time 7' defined in Example is not a stopping time, since {w :
T(w) < n} = {w: UY(w) < n+ 1}, hence Iio:1(w)<n) cannot be determined
by Xo, X1, -+, X, alone. However, note that U, the second visit time to j,is a
stopping time.

(iv) T = m is a stopping time since when the m" step is reached that fact is known
without even needing to examine the process {X,,n > 0}. Formally, to check

i <
Deﬁnition we can take fy,(ig, -+ ,in) = { 1 ifm<n

.. [ |
0 otherwise

Theorem 2.2. {X,,n > 0} is a DTMC and T is a stopping time such that P(T <
o0) = 1. Then the DTMC has the strong Markov property with respect to T, i.e.,

P (Xr4q = j|Xo =0, , Xr = i) =p}.
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Proof: Using the hypothesis P(T' < co) = 1 in the first equality below, we can write

P(Xo=1dp, -, Xp=1,Xprs =17)

oo
= Y PXo=io, Xy =0, Xe1s =3, T =1t)
t=0

oo
= N P(Xo=igeer, Xi = i) P(Xews = jIXo =g~ Xy = i)
t=0

P (T =t|Xo =io, -+, Xy = i, Xpps = J)

oo
— Z P(XOZiO,"',Xt:’i) pz(]S) P(T:t|X0:Z(],,Xt:Z)
t=0

since T is a stopping time

o
= )N P(Xo=io, -, Xe=i,T=1)
t=0

= pl(;)P(XOZY,O,,XT:'L)

and the result follows, by dividing on both sides by the term P (Xo = ig,--- , X7 = 7)
(provided, of course, that this term is positive). Notice that in the third equality we have
used the Markov property (with respect to the fixed time ¢). In this equality we also used
the fact that T is a stopping time, and hence, given Xg = ig,--- , X; = i, theevent T =t
is independent of X, . |

The following statement is also evident from the above derivation. If 7" is a proper stopping
time, then, for s1 < so < --- < sp,and ig, - , 4, 51,72, " ,jn € S,

P(X1ys) = g1, X14s0 = J2,+ , X145, = Jn|Xo =10, Xp =1) =
P(Xsl :jla"' aXsn :jn|XO = Z)

As an example, consider the stopping time T, the time of the first visit to j. Then the
strong Markov property implies that when the Markov chain hits the state j it statistically
restarts, with initial state j, and its evolution thereafter is independent of its past before 7.

2.4 Hitting Times and Recurrence

In applications, we are usually concerned with questions about the steady state or long run
behaviour of the DTMC. We will see that the answers to these questions are intimately
related to the recurrence properties of the states of the DTMC.
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2.4.1 First Passage Time Distribution

Given that X,,,n > 0,is a DTMC on S, for i,57 € S, and n > 1, define fz‘(jﬁ) =
P(X1# 4, Xo# .+, Xno1 # j, Xn = j|Xo = i), ie., f" is the probability that the
DTMC hits j for the first time at the nth step, given that it starts off in state ¢. If j = ¢ then
f ](;L) is the probability of first return to state j at the nth step. Further, define

fij = P(thereexists n > 1,such that X,, = j| Xy = i)

= > £
n=1

where the last step follows by countable additivity of probability. In other words, f;; is the
probability of ever hitting state j if the process starts off in state 7. In general, f;; < 1.
Fori,j € S, fi(jn) is called the first passage time distribution for hitting j starting from
state ¢; i.e., fi(f) is a probability mass function on the positive integers. This distribution,
in general, can be defective (i.e., the probability mass function can sum to less than 1). If
fij < 1then1— f;; > Ois the probability that the DTMC never visits j starting from state
i.
When f;; = 1, the mean time to return, or the mean recurrence time is defined to be

oo

vij =y nf}

n=1
It should be clear that the first passage time distribution depends only on the transition

probability matrix of the DTMC, and is basically a property of this stochastic matrix. For
completeness, we define, fj(;.)) =1, and, for ¢ # j, fi(JQ =0.

Example 2.6.

1-p 1-p
S g B

(a.) For the transition structure shown in this diagram, observe that féé) = p, and, for

n > 2, fég ) = 0; this is because, starting from state 0, the DTMC can return
to state 0 in 1 step, or not at all. Thus, foo = p, and if p < 1, then there is a
positive probability of never returning to 0. Also, observe that, for n > 1, féqf) =
p" (1 — p), so that fo; = 1. Similarly, we can see that foo = 1, and fop = 1.



2.4. HITTING TIMES AND RECURRENCE 41

p<1l

r g>0

1/@%/1 r>0
1/2< > 1/2

1/2

(b.) In this example we see that fép = r, and, for k > 2, fé]f) =pF e+ pF 2 It
follows that fo1 = r + > re o (P* " tr + pF~2¢) = r + plip + ﬁ = 1, which is
evident from the diagram, since, starting from state 0, eventually the DTMC must
visit state 1. |

Definition 2.6. Fora DTMC X,,,n > 0,0n S, a state j € S is called transient, if f;; < 1,
recurrent, if f;; = 1, positive recurrent, if f;; = 1 and the mean recurrence time is finite,
ie., vj; < 0o, and null recurrent, if f;; = 1 and the mean recurrence time is infinite, i.e.,

I/jj = OQ. [ |
State J
fii=1 fig <1
Recurrent Transient
Vi < 0 Vijj = 00
Positive Null

Figure 2.2: A depiction of Definition
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2.4.2 Number of Returns to a State

Let M = 37| Itx,—j}, i.e., M; is the number of visits to state j for n > 1. Then

E(M;|Xo=j) = E((Z I{anj}) | Xo = j)
= Y Y (2.2)

Notice that in the second equality we have used the monotone convergence theorem. Thus

if >, pg-?-) < oo then the mean number of returns to j is finite. The following exercise
is then a simple observation.

Exercise 2.4.

Show using the Borel Cantelli Lemma (Lemma that if >~ 7, pg-?) < oo then j
occurs infinitely often with probability 0. |

We can also obtain the distribution of M conditioned on Xy = 7, as follows. Let
Ty, k > 1, denote the instants of successive visits to the state j. Then we can write

P (M; =m|Xy =j)
= P(T1<OO,TQ—T1<OO,~",Tm—Tm_l<OO,Tm+1—Tm:OO|X[):j)
= P(T1<OO|X0:j)‘
P(TQ—T1<OO,--',Tm—Tm_1<OO,Tm_;,_l—Tm:OO’Xo:j, T1<OO)
= fij-
P(Ty—Ti <00, Ty —Tpe1 <00, Typy1 — Tiy = 00| X = 7, Th < 0)

We see that 77 is a stopping time and would like to claim that

P(TQ—Tl <00, Ty — Th—1 < 00, Tm+1—Tm:OO‘X0=j, Ty <OO)=
P(M] :m—l\onj)
i.e., conditioning on (Xy = j, T} < o00) and asking a question about the future after T3
is equivalent to starting at time O in the state 7, and asking the same question about the

future. We can see that this is just the strong Markov property; explicitly, it can be seen to
follow from the result in the following exercise.

Exercise 2.5.

Show that
P (X115 = k[ Xo = j, Ty < 00) = p{y)



2.4. HITTING TIMES AND RECURRENCE 43

Hint: The argument is essentially identical to the proof of Theorem after making the
following observation

P (X745 =k, Xo=j, T1 <00)

o0
= ZP(Xt+S:k’XO:ijl#jv"'athl#j;Xt:jalet)
t=1

|
Continuing the argument recursively we see that
7 (L= fij)

Thus we have the following result

Theorem 2.3. For a DTMC X,, on S, if the state j € S is transient (fj; < 1) then, for
m e {0,1,2,---},

P (M; =m|Xo =j) = fjj (1= fjj)
and if j is recurrent (f;; = 1) then, form € {0,1,2,---},

P(M;=m|Xg=3j)=0

Using this result we can conclude that if j is transient then
oo
E(Mj|Xo=4) = Y mf(1—f)
m=1
fij

(1= fij)
< o0
and, if j is recurrent then, E(M;| Xy = j) = oo.

Combining this observation with Equation we can further conclude that ) p%) <

oo for j transient, and hence that, for j transient, lim, . p}?) = 0. This says that
eventually there is no probability on a transient state j.
We summarise the observations in this subsection in the following result.

Theorem 2.4. (i) A state j is transient if and only if the expected number of returns is
finite. A transient state j occurs infinitely often with probability 0. For a transient

state j, lim,, pj?) =0.

(ii) For a recurrent state j, the expected number of returns to j is infinite, i.e.,

Yo pgg-z) = o0.
|
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2.5 Communicating Classes and Class Properties

Definition 2.7. Given a DTMC X,,,n > 0, on the countable state space S, we say that

(i) j is reachable from 1 if there exists n > 0 such that p(n)

i 0 and we denote this by
© — j, and that

(ii) i and j communicate if ¢ — j and j — 1, and denote this by i <> j

]
Proposition 2.3. The relation <> on S is an equivalence
Proof: The following conditions for <+ to be an equivalence can easily be checked.
Reflexive: i < 1, since pg)) = 1 (by definition).
Symmetric: i <> j = J <> 1.
Transitive: i <> jand j <> k = ¢ < k.

|

It follows that < partitions S into equivalence classes.

Definition 2.8. Given a DTMC X,,,n > 0, on S, with t.p.m. P, we define the following.
* The classes into which < partitions S are called communicating classes.
* A communicating class C is said to be closed if, for all i € C and j & C, p;j = 0.

* P is said to be irreducible if the entire S is one communicating class. We also say
that the Markov chain is irreducible.

Evidently, an irreducible Markov chain is closed. It should also be clear that the
communicating classes (and whether each is closed or not) depend only on the positions of
the positive elements of the t.p.m. P, not on their precise values. The transition probability
diagram without the transition probability values can be called the transition graph.
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Example 2.7.

T
@ @ closed class
-

7 A

@}\/@ open class

In this transition graph all the transitions shown have positive transition probabilities.
Clearly, there are two communicating classes, {1, 2}, and {3,4}. The class {1, 2} is open,
whereas the class {3,4} is closed. [ |

We will use the following theorem repeatedly in the remainder of this chapter; it is a
consequence of the Elementary Renewal Theorem, and will be proved in Section [3.2.1]

Theorem 2.5. If state j is recurrent (i.e., fj; = 1) and f;; = 1 then

lim 1 En: (%) _ ) =0 ifyjisnull recurrent
n—eo M Pij =1 > 0 ifj is positive recurrent

Remark: We have E(Y 1 Iix,—31 X0 =7) = Yy p(-k-). When j is transient

J
Py pg.];)—)n_)mE(Mj) < 00. On the other hand when j is recurrent Y, _; pgﬁ) — 300 00.
This theorem provides the more refined result that, if j is null recurrent then y ., pg-k-)

iso(n) (e, > p_; p;@ grows to oo slower than n), and when j is positive recurrent then

> orq py;-) is©(n) (e, Y p_y pgl?) grows to oo proportional to 7).

|
Theorem 2.6 (Class Property Theorem). The states in a communicating class are either
(i) all transient,
(ii) all null recurrent, or
(iii) all positive recurrent.

Proof: Suppose j and k are two distinct states in a communicating class, i.e., 7 — k and

k — j. Hence, there exist 7 > 1 and s > 1 such that pg.?,;) > 0 and p]gsj) > 0. Now let us

observe that, for all n > 0,
p > il
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This can be seen as follows:

P = P{Xpinss = 41X = 5}
> P{X, =k, Xpin =k, Xrpnis = §1X0 = j}
r)  (n)  (s)
= pﬁk pl(ck pl(ﬁj

Now suppose j is transient. Then it follows from Theorem that 7, p(-?) < oo.

J
Now we observe that

— (n) o (rtnts)
n r4+n+s

Yoy = Y wy

n=1 n=1

= Z pyk Py, pkg

jod (Z Dy, )pkj

Since pﬁ) > 0 and p,(jj) > 0, it follows that >~ 7 p,;,? < 00, and, hence, by Theorem
k is transient. Thus if any state in a class is transient, all states in that class are transient.
Suppose j is recurrent null then, by Theorem. Yoy pg;n) = 0o. Hence k cannot

be transient, else we will have a contradiction by the previous part of the proof. Also by

Theorem 2.3] .
.1 (m)
2w =0
m=
Now, for large enough n,
—(r+9)
Lg~ mol = m _ 1 (r+e+s)
D DRI A DR A Pjj
m=0 m=r+s =0
1 n—(r+s)
(r) 0 (s)
> piy o Pise | Pij
=0
+
_ 0 (norEs) L "(Z 0| o
gk n —(r+s)+1 ki

> 0

Now since the leftmost expression in the above series of inequalities goes to 0, and since
pg-;;) > 0 and p,(c‘;.) > ( it follows that
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Hence, by Theorem k is not positive. It was already asserted above that k& cannot be

transient (since that would contradict the recurrence of j). Hence k is also recurrent null.
Finally, it is clear from the foregoing that if j is positive recurrent then £ cannot be

transient or null recurrent, and hence must be positive recurrent. [ |

Lemma 2.1. If j is recurrent and j — i, then i — j and f;; = 1.

Proof: We observe that, if ; — ¢ then there exists n > 1 such that a§?) = P(X; #
Jy Xo # j,- - Xno1 # J, Xn = 1| Xo = J) is positive ; a§-?’) is the probability of visiting
i at the nth step, starting in state j, and without hitting j in between. Suppose f;; < 1,
then

1—fi; = aﬁ?) (1—fij) >0
hence j is not recurrent, a contradiction. Hence f;; = 1 and obviously ¢ — j.
Corollary 2.1. Ifi, j belong to a recurrent class then f;; = 1 and fj; = 1.
Theorem 2.7. Open communicating classes are transient.

Proof: If C is an open communicating class, there exists j ¢ C and ¢ € C such that
pi; > 0. Since C is a communicating class, j € C, and i € C it follows that f;; = 0. Now
notice that (using the Markov Property in the third equality)
fii = P(thereexists k > 1 such that X = i|Xo = 1)
= pi+ ZP(Xl = /, there exists k > 2 such that X = i| Xy = 1)

+i
= pii +pij i+ Z pie fei
N bt A
< Z pie <1

(#]

Hence ¢ is transient, and all states in C are transient by Theorem [2.6] |

where in the last step we have used the fact that f;; < 1 for all / € S, and that p;; > 0.

Theorem 2.8. Finite closed communicating classes are positive recurrent.

Proof: We first observe that a finite closed communicating class C must be recurrent.
Suppose C was transient. Now, for each j € C, denote by A; € F the event that j is
visited finitely often. Then, by Theorem [2.4|it follows that P(A;) = 1, and, further, that
P (NjecAj) = 1. From our supposition, we have concluded that the probability of visiting
all states in C finitely often is 1. Since C is a finite communicating class, our supposition
leads us to conclude that, with probability one, after finite time, the process cannot exist
in C. This, however, contradicts the fact that the class C is closed. It follows that C is
recurrent.
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Corollary then implies that, for all 4,j € C, f;; = 1. Since C is closed, for all
n>0,P(X, €ClXo=1)=11ie,> pg-l) = 1. If C were recurrent null then by
Theorem [2.5]for all j € C,

()
Jm o 2y =0

Therefore (crucially using the fact that C is a finite set in the second equality of the
following equalities; see the Remark following this proof), we see that, for ¢ € C, if C
is transient or null

ol W 1 " ()
0=2 Jim =D py = lim 2> > p
jec k=1 Jjet k=1
1 n
= 1' —_ =
Jm 2 1=
k=1
which is absurd. Hence C must be a positive recurrent class. |

Remark: The importance of taking care when exchanging infinite sums and limits, or
exchanging limits, is underlined by the proof of the above theorem. The exchange of the in-
finite sum and the limit in Zjec lim,,— oo % p Iy pgf) = lim,, 0o % Zjec py pz(?)
is justified when C is a finite set. If C is not finite and we still exchange the sum and the
limit (assuming this exchange to be valid, in general) we would have “proved” a result that
is wrong. Note that the exchange of the sums in the third equality is valid even when C is
not finite, since the other sum is over a finite number of indices.

In general, infinite closed communicating classes can be transient, or null recurrent or

positive recurrent; see Section [2.8]for an example.

2.6 Positive Recurrence and the Invariant Probability Vector

In this section we develop an important condition for the positive recurrence of a
communicating class. By Theorem we know that we need to look only at closed
communicating classes, in which case we can just think of a Markov chain restricted to
each of its closed communicating classes. In other words it is sufficient to study irreducible
DTMCs.

Theorem 2.9. An irreducible DTMC is positive recurrent iff there exists a probability mass
function (or measure) w on S such that m = wP, with m; > 0 foralli € S. Such a 7 is
unique.

Remarks 2.1.

Before proving the theorem, we will discuss the system of equations # = wP and
some concepts related to its solutions.
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(a.) The matrix expression w = 7P yields one equation for each state in S. The
equation for state j is
Ty = Z TiPij

€S
with the right hand expression being the vector dot product of 7 and the jth column
of P. The theorem asks for a positive solution of these equations. Since P is a
stochastic matrix, one of its eigenvalues is 1. It follows that the theorem seeks a left
eigenvector of P for the eigenvalue 1.

(b.) If 7 is a probability measure on S such that # = 7wP. Then by recursing on this
equation we see that, for alln > 1, # = wP"™.

(c.) If 7 is a probability measure on S such that # = wP, and we take P(X( = i) = 7;,
we see (from w = «wP™) that, for all n, P(X,, = i) = m;. For this reason a
probability vector that solves 1 = P is also called an invariant probability vector.
The reader is encouraged to verify, as an exercise, that with this initial distribution
the process X,,,n > 1, is a (strictly) stationary process (just check that the finite
dimensional distributions are shift invariant).

(d.) Suppose that P is irreducible and 7r is such that # = «wP, with w; > 0 for some
1 € §. Now consider any 5 € S. Since P is irreducible, there exists m > 1, such
that p,g;n) > 0. It then follows, from w = wP™, that 7; = Zle S mpl(;.n) , which can
be seen to be positive. Hence if P is irreducible and 7 is such that w = 7P, and if
any element of 7r is positive then the entire vector is positive.

(e.) Evidently, any positive multiple of a solution of 7 = 7P is also a solution. This
theorem implies that, for an irreducible positive recurrent DTMC, these solutions
are summable (i.e., Zie s T < 0o) and hence can be normalised to yield a (unique)
probability mass function on §. On the other hand if the DTMC is irreducible
recurrent but not positive, then positive solutions of 7 = 7P exist but will not be
summable; see Theorem |3.19

Proof: Only if part: Assume that the Markov chain is positive recurrent. Letting, for
s> 0,0 = P(X, =), define

n n

1 1
(n) — = E (s) (n) — = E (s—1)
b - a‘”’ and c - a

s=1 s=1

Being time averages of probability mass functions on S, for each n > 1, b("™ and c(™ are
also probability mass functions on S. Now a(®) = aP?, where a; = P(X, = i). Clearly,

b =al " P or
m_5, LN ®
bt =D ai >
€S s=1
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Using Theorem and the assumed positive recurrence, we know that + >, pl(j) —

vj > 0. We now wish to take lim,,_,, in the previous equation, i.e.,

n
() Z 1 (s)
Jm_ b *JEEO, S“’E leij
1€ s=

We can exchange the lim,, o, and ), s in the right hand side by using the bounded

convergence theorem; see Theorem (we use the fact that % Yo pg? < 1). This
yields

n
) a1 (s)
Jim o =) i lim =Y p
1€S s=1
= D e
1€S

In other words,

lim b = 5

n—oo
where v = (v1,7%2,---,). Now let # = ~, and we also observe that c” =
al 3" | P! and hence that

lim ¢™ =7
n—oo
It can also be seen that, for every n, b(®™ = c¢(™P. Taking limits on both sides (this
does require some care, but we will skip the details) we finally obtain that

T =mP

We thus have a solution @ > 0, of the system of equations = = 7wP. The remaining
questions, in this part of the proof, are (i) whether Zie s m = 1, and (ii) whether the
solution obtained is unique.

We have seen that lim,,_, b = 7. We had observed that, since b(™ is the
average of probability measures, it is also a probability measure. Hence, for every n,
Yoies bg") = 1. This, however, does notimply that ) ©,_ s m; = 1, since asserting this right
away would require the following exchange of limits to be valid: ), limy, o0 bg”) =
limy o0 Y ies bgn). Such an exchange is not always valid; in fact, in general, the limit of
a sequence of measures could be defective. We adopt the following argument to establish
our desired result. Since ; > 0, forall¢ € S, and, forall £ > 1, Zle bl(.”) < 1,itfollows
that, for every k, 0 < Zle m; <1.Hence0 < ) 2, m < 1l.Leta=3 ;2 m > 0,and
consider the probability vector 2. Then, clearly, = = T P; hence we have the desired
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probability vector. With a slight abuse of notation, let us call this positive probability
vector also 7.
Let us now prove uniqueness of such a solution. Let 7 be any solution of m = 7P,
> ics ™ = 1. Then, for every £,
=P

It then follows that

S

n 1 n
Z T = T— Z P*
k=1 Lt
1 z": ph
T = T
n k=1

Taking the limit as n — oo, in an identical way in which the limit of b(™) was taken above,
we obtain

="
since 7 is a probability vector. Thus the proposed solution 7r is unique and, in fact, this

also shows that if «; > 0 then ZjeS v; = 1.
If part: Suppose the states were transient or null then, again by Theorem [2.5] it would be

true that, for every ¢ and 7,
IR0
~>_ py =0
k=1

Now we are given that there exists 7t > 0, such that # = 7wP. Then, as in the earlier part
of the proof we can write, for every n,

1 n
S P*
m=m ;

Taking the limit as n — oo, the right hand expression converges to 0, whereas w > 0,
yielding a contradiction. |

Remarks 2.2.

(a.) Consider a DTMC with multiple positive recurrent communicating classes, C1,Ca, - - -

If we consider the restriction of the DTMC to each of these classes, we will obtain
positive probability vectors ag, 1 < k < m. By adding zeros where necessary,
expand each such into a probablity vector over the entire state space, and call these
probability vectors 7, 1 < k < m. It is then easily seen that v, = 7P, for every
k, and any 7 that is a convex combination of these 7, 1 < k < m, is a probability
vector that also solves # = wP. Thus a DTMC with multiple positive recurrent
classes will have a convex set of invariant probability vectors, whose extreme points
are the vectors wx, 1 < k < m.



52 CHAPTER 2. DISCRETE TIME MARKOV CHAINS

0.8
1/}/'%%3 coin tosses

07
@ .

\\’ 0.5
1/2 (@/\@)D coin tosses
"5

(b.) Example

This transition probability diagram corresponds to the following transition matrix

05 0 05 O
02 08 0 O
02 08 0 O
0 0 05 05
0 0 05 05

T
I
coocoo

Consider the probability vector
_ (9 1 4 11
A R TR

It can easily be checked that 7P = m. With the initial probability distribution
equal to 7r, the DTMC is stationary and the ensemble average will be 7 (show this).
But clearly the DTMC is not ergodic. There are two closed communicating classes
{1,2} and {3, 4}. Depending on which of these classes the DTMC gets trapped in,
along sample paths we will get averages (0, 1, 2, 0, 0) or (0, 0, 0,1, 1). Note
that that if the initial probability distribution is 7r then the

10 10 4
= 01408+0.75+1=2.65

1 4 1,1
E(X)) = <0~0+-1+-2+4~3+-4>

whereas P {w > Z?;ol Xi(w) — 2.65} = 0. Thus, for the process with initial

probability 7w = (O7 %, %, i, i), we have a process for which time averages along

the sample paths do not permit us to estimate the expected value of the process state
(i.e., we have a nonergodic process).

(c.) Notice that we can view the sequence of vectors b(n) defined above as follows

m _ 1l
b; —Eﬁz Iix =iy
s=1
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ie., bg") is the expected frequency of visits to . Thus we see that, for a positive
class, the expected frequency of visits to a state 7 is m; > 0.

2.7 Transience: A Criterion

Consider a DTMC X,,,n > 0, on S, with transition probability matrix P. Let 7 be a strict
subset (possibly infinite) of S. Define, forn > 1,and ¢ € T

y =P ET, X €T, Xo1 €T, X, € T|Xo =1)
Thus y(n) is the probability that the DTMC stays in the set of states 7 for n steps, given

i
that the initial state is ¢ € 7. Equivalently, we can write,

y™ = P(_, { Xy € THXo =)
(n)

i

that the sequence ygn),n > 1, converges. Let us denote the limit by y;. This same
argument holds for each ¢ € T, yielding y;,¢ € 7. Consider an ordering of the elements
of S so that all the elements of 7 are contiguously indexed from 1 to |7|. Then denote the

vector (y1,- -+ ,yj7|) by y. Also denote the restriction of the t.p.m. P to 7 by Q.

(n)

It is clear then, that 3y, is nonincreasing as n increases, and since y; ~ > 0, we conclude

Theorem 2.10. y is the maximal solution of

y=Qy 0<y<1
In addition, either y = 0 or sup;c1 vy; = L.

Remark: The result makes two assertions. First, that the vector of probabilities y is a
solution to the system of linear equations y = Qy. This says that y; = > jeT i Yjs
which is intuitive since, starting in state ¢, the DTMC never leaves T if and only if, its first
transition keeps it in 7 and then subsequently the DTMC never leaves 7. Second, that if
there is any other vector x such that x = Qx, with 0 < x < 1, then x < y. Further
the theorem asserts that, either the DTMC leaves the set of states 7 with probability 1, or
there are states in 7 such that starting in them there is a probability arbitrarily close to 1
of never leaving 7.

Proof: We first observe that

y = PX1€T,X2€T, , Xn€T|Xo=1)

= Z P(Xlzjv XQETv"'aXn€T|X0:i)
JET

= Z qij ’y](nfl)

JeET
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where we have used the Markov property. Hence, denoting (y%n), yén), - ,y|(7”_?) as y (™),
we can write compactly

Defining y(°) = 1, and recursing this matrix equation, we obtain
y" =Q"1

a result we need later in the proof.
We proceed by taking limits on both sides in y(™ = Qy (™1, ie.,

. (n) 4. - (n—1)
Jn ™ = Jwn D ai
JET

The order of lim,, o0 Y jeT can be exchanged by the bounded convergence theorem; see
Theorem (the y](-n_l) are bounded between 0 and 1). This yields

Yi = Z dij Yj

JeT
Expressing the result in vector form we can write
y=Qy

as desired.

Let x be any other solution with 0 < x < 1. We must show that x < y. Now
x<1=x=Q"x < Q"1 =y Buty™ |y Hencex <y.

Turning now to the second assertion in the theorem, suppose y # 0. Then let
sup;er ¥ = ¢ > 0. Clearly 0 < ¢ < 1since 0 <y < 1andy # 0. Now, since
y < c-1,wehavey = Q"y < Q"(c- 1) = cy™. Taking the limit, we see that y < cy.
Now since there exists ¢ such that y; > 0, we cannot have ¢ < 1, as then we will have the
absurd result that y; < y;. Hence it must be the case that ¢ = 1. ]

The above result yields the following criterion for the transience of an irreducible

DTMC (or of a closed communicating class of a DTMC).

Theorem 2.11. Consider a state of an irreducible DTMC. Call it 0 and let T = S — {0}.
Let Q denote the restriction of the transition probability matrix of the DTMC to T. The
DTMC is recurrent iff the only solutiontoy = Qy, 0 <y < 1,isy = 0.

Proof: if part: The intuition is that starting in the state 0 if the DTMC leaves 0 then it
must enter 7 from where it will return with probability 1. Formally, we have

foo=poo+ > poj(1—y;) =1
JET
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since each y; = 0. Hence 0 is recurrent, and the DTMC is recurrent since it is irreducible.
only if part: Given that the irreducible DTMC is recurrent, consider a state j such that
y; > 0; ie., fjo < 1. Now starting in j the chain will never leave 7 with positive
probability. Hence O cannot be recurrent, yielding a contradiction. Note that we have used

Corollary [ |

2.8 An Example: The Discrete Time M/M/1 Queue

0 Xn
)> | | | | | ) |
=0t 2 t3 t

Figure 2.3: The discrete time-line over which the discrete time M/M/1 queue
evolves.

In this section we consider a simple single server queue that evolves in discrete time,
i.e., arrivals and departures occur in this queue only at the periodic discrete time instants
to,t1,--- , shown in Figure The number of customers in the queue at time t,+ (i.e.,
just after the time instant ¢,,) is denoted by X,,, with Xy = 0. The successive interarrival
times constitute an i.i.d. sequence of positive integer valued random variables A1, Ao, - - - |
with common distribution

PAi=k) =1-NF1N £>1

where 0 < A < 1. Notice that since the interarrival time is at least 1, at each instant there
can be at most 1 arrival. Also, we see that the interarrival time distribution is geometric.

Customers are indexed by their order of arrival, and wait in the service buffer in a first-
come-first-served (FCFS) order. When the ith customer enters service, it take B; time
steps (or “slots”) to complete its service, after which the customer departs. The sequence
of random variables B;, ¢ > 1, is i.i.d. with common distribution

PBi=k)=(1—-w pk>1

where 0 < p < 1. Thus it takes at least one time interval to serve a customer. Notice,
again, that the service time distribution is geometric.

We are interested in analysing the queue length process X,,. It is clear from the above
description that the evolution of X, is fixed once we are given a sample of the interarrival
times and also of the service times of all the customers. We now provide an alternate
characterisation of the evolution of the queue length process. Define two independent
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Bernoulli sequences, a,,n > 1, and §,,,n > 1, as follows

a, = {1 w.p. A

0 wp.(1-2X)
5. — { 1 wp.u
" 0 w.p. (1—p)

Let us take an arrival to occur at ¢,, if o, = 1. Notice that the interarrival times are 1.i.d.
and with the correct geometric distribution. When the queue is nonempty, let us take the
customer at the head-of-the-line (HOL) position to depart at the next discrete time instant
t,n at which d,,, = 1. If at some t; the queue is empty and J; = 1 then this is ignored.
Notice that this correctly models the service time sequence. When customers depart in
succession (in a busy period) this is clear. When a customer arrives to an empty queue,
owing to the memoryless property of the geometric distribution the number of steps until
the next instant t,, at which §,, = 1 is geomerically distributed independent of anything
else. Thus we have an alernate discription of the same queueing system in terms of a
Bernoulli arrival process, and a Bernoulli virtual service process. The service process is
called virtual since each “success” in the Bernoulli process is a service only if the queue is
nonempty. By an analogy with a continous time counterpart (involving Poisson processes)
to be studied later, we can call this the discrete time M/M/1 queue. The first M refers to
the arrival process, the second M to the service process and the 1 refers to a single server.

The above construction in terms of the Bernoulli arrival process and the Bernoulli
virtual service process immediately permits us to interpret the parameters A and u as the
arrival rate and the service rate, respectively. The fact that the arrival rate is A follows from
the strong law of large numbers applied to the Bernoulli arrival process, and similarly for
the virtual service process.

With the queue length process embedded at ¢,,+,n > 0, the arrival process embedded
at t,,n > 1, and the virtual service process embedded at t,— (just before t,), we can
write the following recursion

XnJrl = (Xn - 6n+1)+ + g1
It is then evident that

P(Xp41 = j|Xo =0, X1 =iy, , X = 1)
= P((Xp—6ns)t +any =41 X0 =0, X1 = i1, -+, Xp = 1)
= P(Xp—6ns0)t +any = 71X, =)
= Dij

since the sequences «,, and J,, are i.i.d. and do not depend on any of the past evolution
of the queue length process. This establishes that the process X, is a DTMC on
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/)‘ﬂ /\(/1;‘) /\(1/_—'@ —A )\(/1;‘0 —A
SR R e
L—p(1=2A) = A(1 = p)

Figure 2.4: Transition probability diagram of the queue length process of the
discrete time M/M/1 queue.

(0,1,2,---,), with transition probabilities
0 unless j € {(: —1)",i+ 1}
(1—\) for i = 0,7 =0
) A for :=0,7=1
Pii=N pa-n for i>1,j=i—1
A1 —p) for i >1,j=1+1
1—(u(l=XN+X1—-p)) fori>1,j=1i

These transition probabilities are depicted in the transition probability diagram shown in
Figure Let P denote the transition probability matrix.

We now analyse this DTMC. It is evident that there is a single closed communicating
class for A > 0, p > 0, i.e., the DTMC is irreducible for A > 0, p > 0. Next we would
be interested in whether the queue is “stable” in some sense under the load offered to it,
the load being parameterised by A and p. We recall from Theorem [2.4] (and Theorem
that if an irreducible DTMC is transient then eventually there is no positive probability
on any finite state. Hence if the queue process is transient, eventually the queue “blows
up” to co. Additionally, from Theorem [2.5| we infer that even if an irreducible DTMC is
recurrent, unless it is positive recurrent, the mean frequency of visiting finite states is O;
we will elaborate on this in Section [3.10] Thus at the very least it will be important to
understand the conditions under which the queue length DTMC is positive recurrent.

We start by applying Theorem Hence we seek a probability vector 7r such that
7P = 7. There is one equation for each state as follows

mo = m(l—X)p+m(l—=2AN)

. T A(1=2X)
ie., mA = ml-MNu=>m = .

’ 11 =) YT /(- )

m = moA+m(1—(1=XNp—(1—p)A)+mpul—2N)
which, on using m = 1’:—()“ . 2?8:;\3, yields

A(1 =X
b M=
p/(1 = p)
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Similarly, forn > 1
o Aa-N

)

From these derivations we finally conclude that every solution of #P = 7 satisfies, for

n>1, .
= (o) T

However, we seek a probability vector that satisfies 7P = 7r; i.e., we want to make

>izo Ti=1
ISV DA
1+1—uz<u/(1—u)>]_1

=1

Now, for A < u, we can sum the infinite series, yielding,

- ( 1 1>] !
_ Xl -
(I—p) \1-21=%

which simplifies to mg [1 + ﬁ} = 1lormy = 1 — p, where we define p := % Hence

0

mo > 0for A < pu (p < 1) and so is m, > 0, » > 1. Summarising the solution

We conclude from Theorem [2.9)that for A < p (i.e., arrival rate less than service rate) the
queue length DTMC is positive recurrent.
For ﬁ > 1, consider any solution of P = 7. As shown above, it must be of the form

A\ A
Ty, = HL . lﬂ—ou, where now El!f; > 1. Thus, if mg = 0 then m; = O for all 4, and

“w
1—pn 1—p

if mg > O then ZZ m; = oo. Hence, with A > 1, there is no solution of #P = 7w with
7m >0, Y ,m = 1. Hence, by the “only if” part of Theorem the queue length DTMC
is not positive for % > 1.

To further analyse the case 2 > 1, let us consider the t.p.m. P restricted to

(1,2,3,--- ,), and denote this restriction by the matrix Q. Motivated by Theorem let
us consider solutions of the system of equations y = Qy, with 0 <y < 1. For notational
convenience, define p = A(1 — p) and ¢ = p(1 — A). Since we are considering the case
% > 1, we have p > ¢. Then writing out the equations in y = Qy, we obtain

y1=(1—(p+q)y1 +py2
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which, on rearrangement, yields
q
ply2 —y1) =qy1 = o=
Further, for j > 2, we obtain

yi =yi-1q+ (1 = (p+9)y; + pyjn
ie., ¢(yj —yj—1) = p(yj+1 — y;). Defining z; = y;4+1 — y; for j > 1, we obtain,

. q
21 = -y
p
_ 4 :
zj = ];zj_l for 5 > 2

Observe that we can write

Yi =Yj —Yj-1+Yj-1—Yj-2+ -+

Then, using the definition of z;, j > 1, and using the above derived expressions for z;, we
conclude that every solution of y = Qy satisfies

Yj = Zj-1t+--tzty

j—1
_ ((Z) +...+Z+1>y1 2.3)

Let us now consider A = y, which implies that p = ¢. Then, using Equation we
find that y; = jy; for all j > 2. Now if y; > 0 then there exists £ such that, for j > k,
y; > 1. Hence, we cannot have a solution 0 < y; < 1, for all j, if 3; > 0. It follows that,
for A = u the only solution of y = Qy, with0 <y < 1,is y = 0. We conclude from
Theorem that the queue length DTMC is recurrent for A = y; since we know that it
cannot be positive recurrent, therefore it must be null recurrent.

Now let us consider the case A > p, i.e., ¢ < p. Now we have, from Equation for

i>1, |
Yy = (1 - (Q/p)’> "
1—q/p

Choosing y; = 1 — ¢/p, we have a solution with y; < 1forall 7 > 1 (and notice that
sup;> Y¥; = 1; see Theorem [2.10). Hence the queue length Markov chain is transient if
A > .
Summarising our conclusions about the DTMC X,,, with p = %,

p<l1 X, is positive recurrent

p=1 X, 1s null recurrent

p>1 X, is transient

Recall that p < 1 is the case in which the arrival rate is strictly less than the service rate.
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2.9 Mean Drift Criteria

In Section we provided a detailed analysis of the discrete time M/M/1 queue. We
sought to obtain conditions on the arrival rate and service rate so that the queue length
Markov chain was positive, null or transient. Our approach involved the detailed
solution of certain linear equations. Such an approach can become quite cumbersome
in more complicated problems. Fortunately, there are available theorems that permit the
investigation of the recurrence properties of a Markov chain via a mean drift analysis. In
applying these theorems the analyst needs to “guess” a certain test function (also called a
stochastic Lyapunov function). A study of the mean drift of the value of this function from
each state of the Markov chain then allows one to make conclusions about the recurrence
properties of the process.

As we present the various results of this type, we will apply them to the analysis of
the following example, which, as one can easily see, is closely related to the discrete time
M/M/1 queue.

Example 2.8 (Random Walk).

P p
A A
e IO, @ @ O, @
Figure 2.5: Transition probability diagram of the random walk, with p + ¢ = 1.

A DTMC X,,,n > 0, on {0,1,2,---}, with the transition probabilites shown in
Figure is called a (1-dimensional) random walk. Such a process can be obtained in

the following way. Let Zx, k > 1, be an i.i.d. sequence of random variables taking values
in{—1,+1}, with P(Z, =1) =p=1— P(Z; = —1). Define Xy = 0, and, forn > 1,

Xn = (Xn—l + Zn)Jr

It can easily be seen that the process X,,,n > 0, is a DTMC with the t.p.d. shown in

Figure[2.5]
We see that for 0 < p < 1, the DTMC is irreducible. We wish to obtain conditions on
p for which the DTMC is positive, null and recurrent. |

Theorem 2.12. An irreducible DTMC X,,, on S = {0,1,2,---}, is recurrent if and only
if there exists a positive function y on S, such that y(j) — oo as j — oo, and a finite set
A C S such that

E(y(Xms1) — y(X)| X =14) <0
foralli ¢ A. m
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Remarks 2.3.

(a.) Note that E(y(X;n+1) — y(Xm)|Xm =) < 0 can be interpreted as the mean drift
in the value of the function y(-) in one transition of the DTMC starting in the state
i. This condition then asserts that the mean drift of the value of the function y(-) is
not positive.

(b.) The expression E(y(Xm+1) — y(Xm)|Xm = i) < 0 can also be seen to be written
as

> piy(d) < y(i)
=0

where p;; are the transition probabilities of X,,; i.e., the requirement is that the
average value of the function y(-) in one transition reduces, starting in state 7.

Example 2.9 (Random Walk (continued)).

Applying Theorem [2.12] to the random walk, take y(j) = j,j € {0,1,2,---}, and
A = {0}. Of course, y(j) — o0, as j — oo. Now, fori & A (i.e., i > 1), we have

E(y(Xm+1) - y(Xm)‘Xm = z) = p—q
0

IN

for p < ¢q. Hence the hypotheses of Theorem [2.12] are met and we conclude that X, is
recurrent for p < ¢, 1.e.,p < % |

Theorem 2.13. An irreducible DTMC X,,, on S = {0,1,2,---}, is transient if and only
if there exists a positive function y on S, and a set A C S such that

(i) there exists a j ¢ A suchthat y(j) < inf;c 4 y(7), and

(ii) foralli ¢ A

Remark: We can view the hypotheses as follows. There is some j outside A such that the
value of y(7) is less than the smallest value on .4, and the mean drift outside A is negative.
Hence the process will tend to drift away from the set .A.

Example 2.10 (Random Walk (continued)).
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(1-p) /
> O

\ iS>—1
p

Figure 2.6: Determining the range of « in the transience analysis of the random
walk.

Let A = {0} and y(j) = o/ forsome a,0 < a < 1. Fora < landj > 1,4(j) = o/ <

a¥ = y(0) = inf;c4 y(i). Now consider, for j > 1,

E(y(Xim+1)|Xm =J) —y(j) = paj+1 =+ qajil —af
ot (g +a’p—a)
o’ (1 - a)(q - pa)
The term (1 — &)((1 — p) — pev) is shown in Figure 2.6]as a function of c. We see that for
q < pthere exists o, 2 < a < 1, such that &/ (1 — a)(¢ — pa)) < 0 for all j > 1.Hence,
applying Theorem , {X,,} is transient for ¢ < p, i.e., p > % [ |
Theorem 2.14. An irreducible DTMC X, on S = {0,1,2,---}, is positive recurrent if

and only if there exists a positive function y on S, a number ¢ > 0, and a finite set A C S
such that

(i) Foralli ¢ A
E(y(Xmi1) — y(X)| X = i) < —¢

(ii) Foralli € A
E(y(Xmt1)| Xm =) < o0

Example 2.11 (Random Walk (continued)).
Let A = {0} and y(j) = j. Now, for j > 1,

E(y(Xm—H) - y(Xm)’Xm = ]) = pP—q
< —e¢

for an appropriately chosen € > 0, provided p < ¢. For example, take ¢ = 2. Further,
E(y(Xm+1)|Xm = 0) = p < co. Hence, by Theorem [2.14] X,, is positive recurrent for
p<(1—p),i.e.,p<%. u
Remark: It might appear from Theorems and that positive mean drift with
an increasing test function would imply transience or lack of positive recurrence. This
intuition is, in general, not correct as the following exercise shows. In addition, the
importance of hypothesis (ii) in Theorem [2.14]is underlined by Problem 2.1§]
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Exercise 2.6.

/\A
@&@m
1/2

Figure 2.7: A DTMC that has positive mean drift, but is positive recurrent.

X,, is a Markov chain on (0,1,2,---) with the transition probabilities shown in
Figure We have pp; = 27%,4 > 1. Show that this DTMC satisfies conditions (i)
of Theorem [2.15] that it does not satisfy condition (ii), and that it is positive recurrent.
(Hint: Write vjo = > 02 n fi(gL ), i.e., the mean time to reach state 0, starting from state .
Then observe that we can write the mean time to return to state 0 as vgg = 1+ Z;’il PoiVi0-
Hence show that the mean time to return to state O is finite). |

The following result provides a sufficient condition that ensures that a DTMC is not
positive recurrent when it has positive mean drift.

Theorem 2.15. An irreducible DTMC X,,, on S = {0,1,2,---}, is not positive recurrent
if there exists an integer N > 0 and a real number B > 0, such that

(i) Foralli > N,
E(Xk+1 — Xk’Xk = Z) >0

(ii) Foralli > N,
E((Xk — Xie1)T|Xp =14) <B

Remark: The expectations in the two conditions in this theorem can be seen to be mean
drifts for the function y(j) = j. The first condition in Theorem [2.15]states that the mean
drift is strictly positive for all ¢ > N, whereas the second condition states that the mean
drift downwards is bounded for all + > N. Thus a positive mean drift implies that the
DTMC is not positive recurrent if in addition the mean drift downwards is bounded.

Corollary 2.2. An irreducible DTMC X,, on {0,1,2,---} is not positive recurrent if it
satisfies conditions (i) of Theorem and for which, for some m > 0, p;; = 0 for
Jj<i—mforalli > N. [ |

Remark: The last phrase in the statement of this corollary states that for all states ¢ > N
the state cannot reduce by more than m in one step. Clearly, this corollary is a simple
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consequence of Theorem|2.135] since condition (ii) also holds with B = m. This result can
be very useful in the following way. Suppose X, has the following evolution

Xn+1 = (Xn - m)+ + An+1

For example, X, could be the number in a discrete time queueing system in which in the
nth slot at most m services can take place and A, is an i.i.d. sequence of arrivals. Then
X, is a DTMC. Theorem[2.14|applies, with y(j) = j and A = {0,1,--- ,m}, and asserts
that if E(A;) < m then the DTMC is positive recurrent. On the other hand Corollary
applies when E(A;) > m to assert that then the DTMC is not positive recurrent.

2.10 Notes on the Bibliography

The material up to Section has been developed from Wolff [[17] and Cinlar [5]. In
Section the three main results, Theorems [2.12] [2.13] and [2.14] have been taken from
Fayolle et al. [[7]. A compact and elegant treatment of this topic is also provided by
Asmussen [[I, Chapter 1]. Theorem a converse to Theorem [2.14] is a corollary of
the main theorem in Kaplan [9].
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2.11 Problems

2.1. {X,,,n > 0} is a stochastic process taking values in the discrete state space S.

(a.) Show that if {X,,,n > 0} is stationary then for all n,m > 0, and for all i € S,

i.e., the distribution of X, is invariant with n.

(b.) If {X,,,n > 0} is a time homogeneous Markov chain then show that invariance of
the distibution of X,, with n is sufficient for {X,,,n > 0} to be stationary. Is this
true for a general stochastic process { X, n > 0} ?

2.2. Let p;j, i,7 € S, denote the transition probabilities of a Markov chain. If Xy = 4,
let R, =kif X1 =i, Xo=14,--+, X1 =1, Xy # 1, ie., R; is the exit time from (or
residence time in) state 7. Observe that R; > 1.

(a.) Find P(Rl = n’Xo = ’L)
(b.) Find E(R;|Xo = ).

(c.) If the Markov chain has only two states (say, 0 and 1), and Xy = 0, find the mean
time until the Markov chain first exits 1 to enter 0. (assume pg; > 0, p1g > 0)

2.3. {X,, n > 0} is a DTMC on a state space .S with transition probability matrix P.
Xo =1i,andfor j # i, define Tj =n (n>1)if Xo #j, X1 #J,- , Xpn1 #J, Xp =
J. Show that

P(Xp4m = k| Xo =1, Tj < o0) = (P

(k
j

2.4. {X,} is a DTMC with transition probability matrix P. Either prove that p ) > fi(f)

or provide a counter-example.

2.5. {X,,,n > 0} is a random process taking values in S, a discrete set. Show that { X, }
is a time homogeneous DTMC if and only if there exists a function f(3, j) such that

P(Xn-‘rl:j’XO:Z.O; X1:Z177Xn:7’):f(17])

(Hint: for the “if”” part, given the hypothesis, try to obtain an expression for P(X,; =
J | Xn=1))

2.6. Consider the Markov chain {X,,, n > 0} on the state space {0, 1,2} with transition
probabilities poo = p (0 < p < 1), po1 = 1 — p, and p12 = 1 = pay.

(a.) Is this Markov chain positive recurrent? Explain.

(b)) Find £, i € {0,1,2}, forall k > 1.

7 0
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(c.) Find the invariant probability distribution 7 of { X, }.

Define 77 = min{j > 1 : X; € {1,2}}, and for all k > 2,7}, = T}_; + min
{7 >1: X, ,4; €{1,2}},ie., {T},k > 1} are the hitting times of the set of
states {1,2}. Let Y}, = X7,k > 1.

(d.) Let Xo =0. Find P(Yy =), i € {1,2},forall k > 1.
(e.) Show that {Yj, k > 1} is a Markov chain, and display its transition diagram.
(f.) Find the invariant measure & for {Y}}.

(g.) Suppose P(Xy = i) = m;; observe that P(X; = i) = m;, for all £ > 1. Find
P(Y, =1i), i€ {1,2}.

2.7. {X,,n > 0} is an irreducible Markov chain on a finite state space {0,1,2,--- , M}.
For Xg =i # 0,let T; = min{n > 1: X,, = 0}. Let Q be the transition probability
matrix restricted to {1,2,--- , M }.

(a.) Find E(T;) in terms of Q.
(b.) Hence show that I — Q) is nonsingular.

2.8. {X,,,n > 0} is an irreducible, positive recurrent DTMC on S = {0, 1,2,3,--- }. Let
Xo =j. Fixani € S, i # j, and for £ > 1, define the random variable Vk(z) as the

number of visits to 7 between the (k — 1) and k" return to j. Show that {Vk(i), k> 1}
is an i.i.d. sequence.

29. {X,,, n>0}isaDTMCon {0,1,2--- } with pp; = (%)Z fori € {1,2,---}, and for
~ _1 _ 1
t > 1, pio =5, Piit1 = 5.

(a.) Show the state transition diagram for this DTMC.
(b.) Is this DTMC irreducible?

(c.) Find £\ forn > 1.

(d.) Hence conclude that this DTMC is positive recurrent.

2.10. {Xj} is a time homogeneous DTMC on S = {1,2,..., M} with transition
probability matrix P, which is irreducible. For fixed N, Yy = Xg, Y1 = Xy, Yo =

(a.) Show that {Y}} is a DTMC.

(b.) What is the transition probability matrix Q of {Y}} in terms of P?
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(c.) Is {Y}} irreducible? Is {Y}} positive ? If {Y}} is irreducible positive what is the
invariant probability vector ?

2.11. Consider a discrete time system, evolving at the times tg = 0, t1 =1, to = 2,...,
in which parts of types a and b arrive at an assembly station that produces a product ab.
The arrival processes are independent and Bernoulli with rates A, and Ay. The assembly
time can be assumed to be 0 (zero). Let A and By, denote the number of parts of types a
and b at time ¢, k > 0, with Ay = By = 0. The arrivals occur at times t;—, to—, t3—, .. ..
Observe that both A, and B}, cannot be nonzero.

(a.) Define X = A — Bg. Show that X}, is a time homogeneous DTMC, and display
its transition probabilities.

(b.) Write down the conditions on A, and \; under which { X} } is irreducible.

(c.) When {X}} is irreducible, obtain conditions on A\, and \; for the DTMC to be
positive, null or transient. Long calculations are not necessary, but argue precisely.

2.12. Consider the DTMC {X,,} on S = {0,1}, with pos; = « and p1p = 3, with
0 <a<land0 < S < 1. Obtain the following limits

L
Jm 2 v

1 n
lim — ) Py

n—oo N

and

2.13. {X,,n > 0} is an irreducible DTMC on S = {0,1,2,---}. For j € S, let M;
denote the number of visits to state j for n > 1.

(a.) Write down an expression for P(M; = k | X = i) in terms of f;; and f;; (no need
to derive the strong Markov property).

(b.) Obtain E(M; | Xo = ) in terms of f;; and f;;.

(k) _ o,

(c.) Hence show that if { X, } is transient, then for all ¢, j, € S, limy oo p; ;

2.14.
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RONNONINOY
Y

In the displayed transition probability diagram, 0 < p < 1and 0 < ¢ < 1.
(a.) Obtain fyg, and hence obtain limy_, p(()]f]).
(b)) Obtain lim,, oo £ 3771 p™) and lim,, oo L 3070 plh).
(c.) What is the interpretation of the results in (a) and (b) ?
2.15. {X;,7 > 1} is a sequence of i.i.d. random variables with P(X; = 1) = 1/2, and

P(X; =—1)=1/2. {S,,n > 0} is a process defined as follows. For some given integer
k,

So =k

and forn > 1,

S, = So —i—i X;
=1

(a.) Show that {S,,n > 1} is a Markov chain. Display its transition probability
diagram.

(b.) Classify the Markov chain {5, } as follows

i. reducible or irreducible,

ii. transient or null or positive.
Explain your arguments clearly.
2.16. There are N empty boxes and an infinite collection of balls. At each step, a box is
chosen at random and a ball is placed in it. Let X,, be the number of empty boxes after the
n'" ball has been placed.
(a.) Show that {X,,,n > 0} is a Markov chain.

(b.) Display its state space and transition probabilities.

(c.) Classify the states as transient, null or positive.
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2.17. {Y,, n > 1} is a sequence of i.i.d. random variables with P(Y,, = 2) = p =
1—P(Y, =—1). {X,, n > 0} is defined as follows

Xo=0
X1 = (Xn 4+ Yop1)*
(a.) Show that {X,} is a DTMC.
(b.) Display its transition probability diagram.
(c.) Obtain a sufficient condition for the positive recurrence of { X, }.

(d.) Let Zj, = no. of times { X,,} visits O over the interval [0, k|. How will you obtain
. 1
lim — E(Z,)
n—oo N

for the parameter values obtained in part (c)? (No need to derive the actual
expressions.)

2.18. {X,}isaDTMCon {0, 1,2, -} such that py; = £ for all i > 1, with a such that
Z?il i% =1, and for ¢ > l’pz’,i—l—l =p=1-— Pii—1 with p < 1/2

(a.) Display the transition probability diagram.

(b.) Show that foo = 1. What does this imply?

(c.) Show that there is an € > 0 such that E(X,, 11 — X,,|X,, =) < —eforalli > 1,
and yet the DTMC is null recurrent.

(d.) Does (c) violate Theorem [2.14]?
(Hint: Notice that on s € {1,2,---} we have a simple random walk. Further,
observe that vgg = > 77| 5 (1 +> f,%) . j), and try lower bounding this.)

2.19. Consider a DTMC {X,,, n > 0} with the transition diagram shown in the figure,
with0 < p < land0 < g < 1. Define Y = min{k > 1: X # Xy}, i.e., the time spent
in the initial state.

p

=(QE__GD

q

Obtain, fori € {0,1},

(a.) P(Y =k | Xo = i), and name the resulting distribution,
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() fii,
(c.) limy 00 % pya pl(.f), and explain the meaning of this limit.

2.20. {X,,} is a random walk on {0,1,2, ...} with poo = 1 — p, po1 = p and, fori > 1,
Piti-1) =1 —p—a,pii =a>0,and p;;; 1) =p, with0 <p <landa+p < 1.

(a) Forj > 1, obtain s\ = P (X1 = j, Xo = j, -, Xpo1 = j, X # j | Xo = j)-
(b.) Show that the DTMC is positive recurrent for p < 15—“ (Hint: Use Theorem i

(c.) For the condition in (b) define, for 5 > 1,
f](]’-c) (j — 1) = P(k returns to j without hitting j — 1 | X = j)

. [e’e) k .
Obtain 323 ¢ kf1(j — 1).



Chapter 3

Renewal Theory

Consider an irreducible recurrent DTMC Y,,,n > 0, with Y; = ¢, and consider visits to
the state j. Let X7 denote the time until the first visit, and let X, k > 2, denote the

subsequent intervisit times. We recall from Chapter that P(X; = m|Yy = i) = figm),

and, for k > 2, P(X; =m) = f;;l). Also, let Z;,, k > 1, denote the time of the kth visit
to state j. Now for any & > 1, Zj is a stopping time for the process Y,,. It then easily
follows that (see Exercise [2.5))

,ml)f m2) ) for by =1
P(Xy, =my, Xg, =ma, -+, Xy, = mp|Yo =1i) = { {ml ng ](Zn" for k:l > 1
: 1

Thus, we see that the sequence of intervisit times, X,k > 1, to the state j in an
irreducible recurrent DTMC is a sequence of mutually independent random variables, with
the X, k > 2, being a sequence of i.i.d. random variables. Such a sequence of times often
arises in discrete event processes, and we call them renewal life-times. The associated
instants 7, are called renewal instants. This terminology is motivated by the analogy of a
component in a system being repeatedly replaced after it gets worn out (for example, the
batteries in a portable electronic device).

3.1 Definition and Some Related Processes

In general, a renewal process can be defined as follows.

Definition 3.1. Given a sequence of mutually independent nonnegative real valued
random variables, X, k > 1, with the random variables Xy, k > 2, also being identically
distributed,

(a.) this sequence of random variables is called the sequence of life-times of the renewal
process,

71
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(b.) fork > 1,2, =S¥ | X, is the kth renewal instant; define Zo = 0.

(c.) Fort >0, M(t) =sup{k > 0: Zy < t}, the number of renewals in |0, t], is called
the renewal process, and,

(d.) fort >0, m(t) = E(M(t)) is called the renewal function.

Remarks 3.1.

(a.) In general, Z;, is a discrete parameter random process that takes nonnegative
real values. Also, M (t) is a continuous time random process that takes values
in {0,1,2,3,---}. On the other hand m(¢) is just a nonnegative, real valued,
nondecreasing, (deterministic) function of time.

(b.) Clearly, the processes Zj, and M (t) are determined when a sample path of the life-
times Xj,k > 1, is given. Thus we can think of each such sample path of the
life-time process as an elementary outcome w.

(c.) Note, from this definition, that M (t) stays flat between renewal instants and
increases in jumps at renewal instants. A renewal at time ¢ is included in the process
M (t). Thus the sample paths of M (t) are nondecreasing step functions that are
right continuous at the jumps. It is possible to have multiple jumps at an instant;
for example, it is possible that Z, = Zj.; in which case M (Zy1) = M(Z}), and
M(Zyi1) — M (Zk—) = 2.

|
Several interesting related processes can be defined, and some relationships between the
processes can be observed.

(a.) Zpy(y) is the instant of the last renewal in the interval [0, t]. Notice M (%) is a random
time (or random index) for the process Z, and Z M(t) is the value of the process Zj,
at the random time M (t). Hence, for a sample path w, Zy; ;) means Z (. (w).
By definition, Zys;) < t.

(b.) M(t)+ 1is the index of the first renewal after ¢. Hence, Z (1)1 is the first renewal
instant (strictly) after ¢, i.e., the first renewal instant in (¢, 00). We have Z M(t)+1 >t

(c.) Fort > 0,Y(t) = Zy4)41 — t is the residual life-time at time t. Thus Y (0) = X7,
Y (t) decreases at 1 unit per unit time until Z;, then Y (¢) jumps up by X», and so
on. The sample paths of Y (¢) are right continuous at the jump instants Zy, k > 1,
and Y (Zy—) =0,k > 1.

(d.) Fort > 0, define the age process U(t) by U(t) =t — Zpyy). If M(t) = 0, since,
by definition, Zy = 0, we have U (t) = t.
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(e.) Notice that, foralln > 1,and ¢t > 0, (Z, < t) = (M(t) > n), i.e., the event that
the nth renewal occurs at or before ¢ is the same as the event that there are at least n
renewals in [0, t]. This is easily seen by checking that each w that is in the event on
the left hand side is in the event on the right hand side, and vice versa.

We now see how the renewal function, m(t), can be expressed in terms of the life-time
distributions. Let A(-) be the distribution of X; and F'(-) that of { X2, X3,...,}. It then
follows that

P(Zy<t) = A)
P(Zy<t) = /0 F(t — u)dA(u)
— (AxF)()

where, as usual, x denotes the convolution of the distributions A and Fﬂ Continuing, we
have

P(Z3<t) = /Ot F(t —u) d(Ax F)(u)
= (AxF+F)(t) = (A= F@)(t)
and, forn > 1,

P(Zy<t) = (A*F(”‘1)> (t)

Thus we conclude that
P(M(t)>n) = P(Z,<t)
- (A " F("_l)) (t)
Hence we can write the renewal function as follows

m(t) = EM(t)

'If X and Y are independent random variables, with c.d.f.s F(x) and G(y), then the c.d.f. of Z := X +Y
is obtained as

P(Z<2)=PX+Y<2) = /:F(z —w) dG () =: (F * G)(2),

where * denotes convolution.
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Thus we obtain the following expression for m(¢) in terms of the life-time distributions.

m(t) = i (A*F(”‘1)> (1) 3.1)

n=1

Based on this observation we can establish the following lemma that will be used in several
results to follow.

Lemma 3.1. IfE(X;) > 0,j > 2, then m(t) < oo forall t.

Remark: Note that for the nonnegative random variables X;, E(X;) > 0 is equivalent to
the statement P(X; > 0) > 0, or F;(0") < 1. Observe that this result implies that, under
the hypotheses, M (t) < oo with probability 1.

Proof: We first observe that, forany n > 1, and 0 < m < n,

FO = / FO=m) (1 — ) dFm ()
0

< po-my / 4™ (1)
0

< PO PO (t) (3.2)

where in the two inequalities we have used the fact that a distribution function is
nondecreasing. Hence, applying the previous inequality recursively, for any n > 1,7 >
1,k >0,

F(nr-l—k)(t) < F((n—l)r-i—k) (t) . F(r) (t)

< (FO)" F0e) (33)
Now, from Equation|3.1] we have, for any r > 1,

m(t) = i (A*F("_1)> (t)

n=1

i F™(¢)
n=0
co r—1

= Z Z p(mr+k) (t)

m=0 k=0

IN

<rF(m7) (¢)

N
<
/N
g

©
—~
o~
SN—
N——
3



3.2. THE ELEMENTARY RENEWAL THEOREM (ERT) 75

where the first inequality uses the same calculation that let to and the second
inequality uses . Now, for each ¢ choose r such that F(")(t) < 1; then we see,
from the last expression, that m(¢) < oo. Such a choice of ¢ is possible by virtue of the
hypothesis that E(X5) > 0. For then there exists ¢ > 0 such that F'(¢) < 1. Now, for every
n, (1= FM(ne)) > (1—F(e))" > 0sie., F™(ne) < 1. It follows that FI<](e[1]) < 1.

Hence, F<] (t) < 1. [ |

3.2 The Elementary Renewal Theorem (ERT)
Theorem 3.1. Given a sequence of mutually independent nonnegative random variables
(life-times) Xy, k > 1, with Xy, k > 2, being identically distributed, such that,

(i) fork > 1, P(X} < 00) = 1 (all the life-time random variables are proper),

(ii) 0 < E(X;) < oo (we allow the mean of the first life-time to be 0 and also o), and,

(iii) for k > 2, 0 < E(Xy) < oo (the mean life-times after the first are positive, and
possibly infinite, and, of course, identical to E(X3)). Defining E(X2) = i, this
hypothesis is equivalent to 0 < p < oo.

Then the following conclusions hold

(a) lim;_, MT(t) = p almost surely

(b) Timy 00 ™2 = 1

Remark:

(a.) Conclusion (a) of the theorem states that the rate of renewals converges almost surely
to p. This is intuitive since, after the first renewal, which occurs in finite time with
probability one, the subsequent interrenewal times have mean l% Since t — oo the
effect of the first life-time eventually vanishes.

(b.) In the second conclusion we simply have a limit of numbers (unlike in the first,
where there is a sequence of random variables). Note that we cannot say that
Conclusion (a) implies Conclusion (b) since this would involve the interchange of
expectation and limit which is not always legal; see Section [I.4.1]

Proof: Part (a)
We first observe that, since, for all j > 1, P(X; < oo) = 1, hence, for all £ > 1,
P(ﬂ}“:l{Xj < oo}) = 1. Further, we observe that

{Zk < OO} = ﬂ?zl{Xj < OO}
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which can be verified by checking that a sample point w is in the event on the left if and
only if it is in the event on the right. Hence it follows that, for all £ > 1,

P(Zp<o0)=1

i.e., every renewal occurs in finite time with probability one. From this observation it
follows that
P(lim M(t) =00) =1

t—o00

for if this were not the case we would have positive probability that a renewal occurs at
infinity. Let us now consider the case p > 0, i.e., E(X32) < co. Observe that

Z 1 —

L — X
X, 1
= =4 X;
TP IR

Now since P(X; < o0) = 1, it follows that P(£1 — 0) = 1. Also, since X;,j > 2,
are i.i.d. with finite mean, by Theorem , % Yo, Xi— % with probability 1. Since
the intersection of two sets with probability 1 also has probability 1, it follows that, with

probability 1,
Zn 1

o
Also, we saw that, P(M (t) — oo) = 1. Hence it further follows that

A0 1)
P —-— =1
<M(t) f

Zy) << Zyy+1

We have seen earlier that

Dividing across by M (t) (for ¢ large enough so that M (t) > 0), we have

A0 < t < Zpty+1
M(t) = M(t) — M(t)
But fwM(?) — i with probability 1. Hence % — % almost surely, from which the

desired conclusion follows. We have proved the first conclusion of the theorem for the
case E(X3) < oc.

For the case E(X3) = o0, i.e., pp = 0, Theorem [1.10]cannot be directly used, and so we
need to proceed as in Exercise

To prove the second part of the theorem we need Wald’s Lemma (Lemma3.2). |
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Exercise 3.1.

Complete the proof of the first part of Theorem 3.1 for the case in which E(X32) = oo.

(Hint: use the truncated lifetime sequence X ,gc), k > 1, as defined in the proof of Part (b)

of Theorem 3.1] provided later.) [ |

Lemma 3.2 (Wald’s Lemma). Let N be a stopping time for an infinite sequence of
mutually independent random variables X;,1 > 1. If

(i) E(N) < 0,
(ii) E(|X,|) < B, a constant, for alln > 1, and
(iii) E(X,,) = E(Xy) foralln > 1,
then
N
E(Z Xn> = E(X,) - E(N)
n=1
Remarks 3.2.

(a.) We emphasise that the sequence of random variables, X;,7 > 1, in the statement
of the lemma are not necessarily nonnegative. Further, the random variables need
not have the same distribution. They, however, have the same mean. Note that a
sequence of i.i.d. nonnegative random variables with finite common expectation (as
would arise in a renewal theory application) satisfies conditions (ii) and (iii) of the
lemma.

(b.) Let us also observe that a seemingly obvious calculation does not always work. Let
pr = P(N =k),k > 1, and define Sy := 25:1 Xp. Now

(e )

00 N
= > E(Z Xn|N = kr)
k=1 n=1

E(Sn)

Now if we could write E (2521 Xo|N = k:) — KE(X) then it would immediately

follow that E(Sy) = E(X1)E(N). However, in general, this step is incorrect,
because conditioning on N = k may change the joint distribution of X;,1 < ¢ < k.
In fact, given that N = k the random variables X;,1 < ¢ < k, may also have
become dependent.
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(c.) As an illustration of the previous remark, consider a renewal process with i.i.d. life-
times X;,¢ > 1, and, for given ¢ > 0, define the random time N = M (¢). Now look
at ZYZ\L/[:(? X, and observe that, given M (t) = k, it must be that 22:1 X, <t 0
that the random variables X1, Xo, - -- , X} are conditionally dependent and also are
conditionally bounded between 0 and .

Proof: We can write
N
Sy o= > X,
n=1

= Z Xn Lin<ny

n=1

Hence

E(Sn) = E(Z an{ngN}> (3.4)

n=1

o9
n=1

Suppose we could exchange E(-) and in the right hand side (we will justify this

before ending the proof). This will yield

E(Sn) = Z E(Xnl{n<ny)
n=1
Now observe that
Ineny = 1= Iin<n-1))

- f(X17X27”' 7Xn—1)

for some function f(---), since N is a stopping time for the sequence X;,i > 1. But
the X;,7 > 1, are mutually independent. It therefore follows that X, is independent of
I, <Ny, and we obtain

E(Sv) =) E(Xn)-P(N >n)

n=1
Using the fact that E(X,,) = E(X7), we obtain
E(Sn) = E(X1) E(IV)

and the result is proved.
We finally turn to the justification of the exchange of E(-) and ) 7, in Equa-
tion Define Y = 3 7, |X,] Itn<ny. It can be seen that, for all m > 1,
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| > ome1 Xn Iin<ny| < Y. Then using the facts that E(|X,|) < B and E(N) < oo, and
that IV is a stopping time, it follows that E(Y) < oo. Dominated convergence theorem
then applies and it follows that we can interchange E(-) and ) | in the right hand side
of Equation[3.4]

|

Example 3.1 (The Poisson Process).

Later in this chapter we will study an important renewal process called the Poisson
process. This is a renewal process with i.i.d. life-times that are exponentially distributed

with mean % Since Zi]\i(lt) X; < t and there is a positive probability that Zi]\i(lt) X; <
t1 < t(e.g., take t; = %), we can see that E<Zi]\i(1t) Xi) < t. On the other hand,

we will see that M (¢) is a Poisson distributed random variable with mean A¢. Hence
E(M(t)) - E(X1) = At 3 = t, and the conclusion of Wald’s Lemma does not hold. The
reason is that M (¢) is not a stopping time for the renewal process (while all the other
hypotheses of the lemma hold). To see this note that, for any n > 1,

Livwy<ny = 1= Ipu@=nt1y

1 =Tz, 1<t}
= I fmrixss
= limrixen
Hence to determine if M (¢) < n we need to look at X,,; as well. Hence M (t) is not a

stopping time. This becomes evident when we observe that M () is the index of the last
complete life-time before ¢. u

Corollary 3.1. Let M (t) be a renewal process with i.i.d. life-times X;,1 > 1, and with
0 < E(X1) < oo. Then E(Zyp141) = E(X1) (m(t) +1).

Proof: Define the random time N = M (t) + 1. Now observe that

Iveny = 1= Iivenany
= 1= Lnuwyzny
= 1-Iz,<y
= I{Zn>t}

= Iy x>

Hence N is a stopping time for the life-times X;,7 > 1. Since 0 < E(X;), from
Lemma 3.1]it follows that m(t) < oo for every ¢. Applying Wald’s Lemma 3.2 we obtain
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the desired result, as follows

M(t)+1
E(Zuws1) =E[ D Xi| =E(X1) (m(t) + 1)
i=1

Example 3.2 (The Poisson Process (continued)).

Let us again consider the Poisson process. We will see later in this chapter that in a
Poisson process at any time ¢ the remaining time until the next renewal is exponentially
distributed with mean % This is simply a consequence of the memoryless property of the
exponential distribution. It follows that

M(t)+1 .
E z_; Xi | =E@+Y@)=t+5

Further, since M (t) is Poisson distributed with mean \¢, we get

E(M(t) + 1) E(X1) = (At + 1)% =+ %

thus verifying that Wald’s Lemma holds in this case. |

We now continue the proof of Theorem [3.1]
Proof: Theorem 3.1}, Part (b)
We first take the case: E(X;) < oo and E(X2) < oo (i.e., u > 0), and consider

M(t)+1

2y = Z X;
=1

Following arguments identical to the ones in the proof of Wald’s Lemma, we can write
(see the proof of Lemma [3.2))

E(Zmw+1) = E(X;) - P((M(t) +1) > 7)

= E(X1)+E(X2)E(M(2))
= E(X1) +m(t)E(X>)
m(t)

= E(X1)+ .
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where in the first equality we have already used the fact that M (¢) 4 1 is a stopping time
for the i.i.d. sequence X, j > 2. We have also used the fact that E(X3) < oo, and that
E(X5) > 0, which in turn implies (using Lemma [3.1) that E(M (t)) < oo.

Now we observe that Zys ;)11 > ¢, by definition. Hence

m/it)>t—E(X1)
m) _ _  E&XD)

O HTRT
We conclude that

t
liminf O >
t—00 t
We will be done if we show that lim sup,_, ﬁ . For this purpose, for each ¢ > 0,
define X ](-C) as
X(c) _ X]’ if XjSC
J c if X;>c¢

Further, define (9 by E< (C)) = M}C)' Now consider the renewal process generated

by {X P 1}; i.e., for any realisation of the life-times X, j > 1, this new renewal
process has life-times obtained by truncating the life-times X, 7 > 1, as shown above.
Use the superscript () to denote any process associated with this new renewal process.

Then, clearly, Z](\/[)(c) (41 < t + ¢ since X](W)M ()11 < c. Proceeding as above, we now
obtain
m(©
E<X(c)> (t) < t4e
M(C)
m(©) (t) c— E(XF))
< pulo4+ e
t t
>0

m(ct)(t) < 1.
But, for all j > 1, X](C) < Xj, hence Z( °) < Zp,, which implies that M(C)( t) > M(t)
and hence that m ) (t) > m/(t). Thus we have

m(t)

lim sup —= < lim sup
t—o0 t—o0 t

hence lim sup,_, .,
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But (9 — p as ¢ — oo, hence

(1)

limsup —= < p
t—o0 t
now
t t
w < liminfm < limsupL <pu
t—o0 t t—o0 t
hence "
im ™0 _
t—o0
If E(X1) < oo but E(X2) = oo then u = 0 and the last part of the proof holds, i.e., we
can still show 0 < lim sup;_, . @ < 0 hence
t t
0< liminfm < lilmsupm <0
t—00 t t—00 t
We skip the proof for E(X;) = oo. [ ]

3.2.1 Application to DTMCs

We now turn to the proof of Theorem Consider a DTMC Y,,,n > 0, on § =
0,1,2,---, with Yy = 4. In the theorem statement, state j is given to be recurrent. As
discussed in the beginning of this chapter, the visits to the state j will define a renewal
process, with life-times X;,j > 1. Note that here all the lifetimes are integer valued
random variables. Since f;; is given to be 1, and j is recurrent, we have P(X; < o0) = 1,
for all j > 1. Further, E(X3) = v;, the mean return time to the state j, with v; < oo if j
is positive recurrent, and v; = oo if j is null recurrent.
Proof: Theorem 2.3]

We apply the expectation version of ERT, Theorem [3.1] to the renewal process of visits
to state j. For this renewal process, we see that, for n > 1,

o (2) )
= E((ii f{Ym}) | Yo :i>
k=1

Now, P(X; < o0) = 1,0 < E(X1) < o0, and 1 < E(X») = vj (it takes at least one
transition to return to j). Applying Theorem [3.1] we obtain

n

1 Z k) _ m(n) 1 { =0 if v; = oo (i.e., j is null recurrent)
n

P 4 n froe ;| >0 ify; <oo(ie., jis positive recurrent)
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|
Remark: With the above notation in mind, recall from Theorem [2.9] that when a DTMC
is positive recurrent then the invariant measure 7;, 7 € S, will have the values 7; = %
Thus, for a positive recurrent class, the mean time to return to a state is the reciprocal of
the invariant probability of that state. Also, we see that 7; has the interpretation of the

mean rate of visiting the state j.

3.3 Renewal Reward Processes

Consider a renewal process with i.i.d. life times X, j > 1. Associated with each X is
a “reward” R;, such that R;,j > 1, is also an i.i.d. sequence, however, I?; may depend
on X; (and, in general, will be dependent). We say R; is the reward during cycle j. Note
that we can think of the life-times or cycle times, together with the rewards, as the i.i.d.
sequence of random vectors (X, R;),j > 1.

Example 3.3.

Consider a DTMC Yy, k > 0, taking values in {0, 1,2,--- }. Let Yy = j and consider
returns to the state j. This defines a renewal process with life-times (or cycle times)
Xk, k > 1, the times between the successive returns to j. Now let ¢ # j be another
state, and, for £ > 1, let R be the number of visits to state ¢ during the duration between
the £ — 1th visit to j and the kth visit to j, i.e., in the kth cycle time. It is then easily seen
that Ry, k > 1, are i.i.d. Of course, ; and X; are dependent random variables, as one
can expect that the longer is the time between two visits to 7, the more often would the
DTMC visit ¢ between these two visits. |

With the reward R; being “earned” in cycle j, let, for t > 0, C (t) be the net reward
until time ¢ (including any reward at ¢; i.e., like our other processes, C(¢) is also right
continuous). Now several cases can arise, depending on how the rewards accrue.

* R; may be obtained at the end of the cycle j. Then

M(t)

C(t)=>_ R
Jj=1

i.e., the total reward until time ¢ is the sum of the rewards in cycles completed until
time ¢.

* R; may be obtained at the beginning of cycle j. Then

M(t)+1

Ct)= Y R,

J=1
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i.e., the total reward until time ¢ is the sum of the rewards in cycles begun until time
t.

* RR; may be earned over the cycle j (continuously or in discrete parts). Suppose at
time instant ¢, R(t) is defined as the partial reward earned until ¢ in the current cycle.

Then, clearly,
M(t)

C(t)=>_ R;+R(t)
j=1

Theorem 3.2 (Renewal-Reward Theorem (RRT)). If (X;, R;),j > 1, constitute an i.i.d.
renewal reward process, with E(R1) < oo, and 0 < E(X1) < oo, and C(t) is the total
reward accumulated during [0, t], then

c@) _ ERi)

(@) limyoo —— = EX)) w.p.1
(b) tim e B0 = B

Remark: Note that if at the end of each cycle we obtain the reward R; = 1 then the
conclusions of this theorem are the same as those of Theorem [3.1] i.e., ERT.

Proof: of Part (a).

Consider the case

Then we can write M)
o) LI R M@
t M(t) t
Now, E(X1) < oo implies that P(X; < oo) = 1. Hence, as we saw in the proof of
Theorem [3.1] M (t) — oo, w.p. 1. Then, using the fact that Eﬁl) < 00, Theorem

implies that 20 % _, £(R 1. Further, by Theorem 3.1} (& — _1 1
implies that =/Z— — (R1), w.p. 1. Further, by Theorem 1 =57 = gy Wb L

It follows that, w.p. 1,

oy €00 _ ECR)
t—oo E(Xl)

An identical argument works for

M(t)+1

Ct)= Y. Ry
j=1

after writing this as
M(t)+1
C(t) Zj:(l) Rj M(t) + 1

t M@t)+1 t
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Turning to the case where the rewards in a cycle accrue gradually over the cycle, write the
reward R; = Rj — R}, where ¥ = max{z,0}, and 2~ = max{-z,0}, i.e., we split
the reward as the net “gain” minus the net “loss.” Also write

Ct)=C"(t)-C™(t)

i.e., even the net reward until ¢ is split as the net gain minus the net loss. Then, we can
write

M(t) M(t)+1
Y Rf<ct)< Y RS
j=1 j=1

Note that this inequalty does not hold if we replace C*(¢) with C(t) and R;r with R;,
since, in general, rewards need not be positive. It follows then, from the cases already
proved, that, w.p. 1,

C*(t) _ E(R))

li =

e ¢ E(X1)
In an identical fashion, we also obtain

i C-() _ E(BD)

t—oo t E(Xl)

It follows that, w.p. 1,

A= = E(X1) E(X1)
Proof of Part (b).
Consider the case
M(t)+1
C(t) = R;
j=1

We know that M (t) + 1 is a stopping time for Xj, j > 1, ie., Iar)41>n)> OF
equivalently, I{7(¢)41<(n—1)}- is determined by (X1, Xa,- -+, Xp_1). Since (R;, j > n)
is independent of (X1, Xo, -+, Xy,—1), it follows that Iy 5/(;)41>p) is independent of Ry,.
Then, following an argument exactly as in the proof of Lemma (Wald’s Lemma), we
obtain

E(C(t)) = E(R1) E(M(t) + 1)
ie.,

E(C(t)) = E(Ry) (m(t) +1)

Now, dividing by ¢, and using the expectation part of ERT (Theorem [3.1)), it follows that

o EC) B
t—00 t E(Xl)

We omit the proofs of the remaining cases. |
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3.3.1 Application to Time Averages

Let Y (¢),t > 0, be the residual life process of a renewal process with i.i.d. life-times. The
common distribution of the life-times is denoted by F'(-). Then consider, for a fixed y > 0,

t

1

lim — P(Y(u) <y)d

Jim / (Y (u) <y) du
0

Remark: This expression can be interpreted in two ways. Consider a random observer

“arriving” uniformly over the interval [0, ¢]. Then the expression inside the limit, i.e,

t
1

| PO@ <) du

0
can be interpreted as the distribution of the residual life seen by the random observer; since
%du is the probability that the observer arrives in the infinitesimal interval (u, u+du), and,
conditional on this happening, P(Y (u) < y) is the probability of the observer seeing a
residual life-time < y. On the other hand we can write the expression (inside the lim;_, o)

as
t

1
El; / Iy wy<yydu
0

i.e., the expected fraction of time over [0, ¢] during which the residual life is < y. In either
case we are asking for the limit of the expression as ¢ — oo.

Theorem 3.3. For a renewal process with i.i.d. life-times, such that 0 < E(X 12) < 00, the
following hold:

t Y
(i) Forfixedy > 0, limy_o0 7 [ P(Y(u) < y)du = E(}(l) [(1— F(x))dx
0 0

t
(i) With probability 1, lim;_,« T Of Y (u)du = 25(

Remarks 3.3.

Before we prove Theorem[3.3] we make some observations about its conclusions. Note
that, since X is a non-negative random variable, E(X 12) > ( implies that E(X7) > 0.

(a.) We first observe that the right hand side of Conclusion (i) in this theorem (i.e.,
y

E()1(1) J(1 — F(x))dz), as a function of y, is a distribution. To see this, note that
0
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oo
this expression is nonnegative, nondecreasing with y, and also recall that [(1 —
0
F(z))dx = E(X1). Given a distribution F'(-) of a nonnegative random variable,

with finite mean, define, for all y,

Yy
R0 = gy [ (- P
0

F,(-) is called the excess distribution corresponding to the (life-time) distribution

¢
(b.) Notice that, for each ¢, the expression 1 ({ P(Y(u) < y)du, as a function of y,

18 also a distribution. Thus, the first conclusion of the theorem states that the time
average distribution of the residual life process converges to the excess distribution
of the life-time distribution F(-).

(c.) The second conclusion of the theorem states that the time-average of the residual
. X2 .
life process Y (¢) converges almost surely to the number QEE( Xll)) It can easily be
verified that

7 2
- rwa=220
0

To show this, substitute the expression for F,(y), interchange the order of integra-

o
tion, and use the fact that [ 2z(1 — F(z))de = E(X?)). Thus, we see that the

limit of the time average 0(% the residual life process is the expectation of its time
average limiting distribution. A little later in this chapter, we will see that this kind
of a result holds more generally. An application of such a result can be that if we are
able to obtain the limiting distribution, and we know that such a result holds, then
taking the expectation of the limit distribution provides us with the limit of the time
average of the process.

Proof: Theorem 3.3 Part (i).
Define, for fixed y > 0, the reward process

t

Ct) = / Ly (w<yy du
0

Thus C'(¢) is the total time in [0, ¢] that the proces Y (¢) is below y (the integral is the area
under the thin horizontal lines in the figure). We see that we have a renewal reward process
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Y (1)
CINO N N

|/

with the reward R; in the jth cycle being given by

Zj

Rj = / Ity (uy<ypdu
Zj—l

where, as before, Z; is the jth renewal instant. Since the life-times are i.i.d. it follows that
{Rj, j > 1} are also i.i.d. Further, observe that

o Xj if Xj<y . )
R]_{y if ijy}_mln(X]y)

Thus 0 < R; < Xj;. Further, 0 < E(XIQ) < oo implies that 0 < E(X;) < oo, and, hence,
that E(R;) < oo. Thus the conditions of RRT (Theorem [3.2)) are met. Hence

SCORE

In order to obtain E(R;) let us obtain the complementary c.d.f. of R;. For r > 0,

P(Ry>r) = P(min{Xy,y}>r)
= PXi>nry>r)
B { PXy>r)(=1—-F(r)) for r<y
0 for r>y

It follows that
Yy
E(R)) = / (1= F(r))dr
0
We conclude that

y
.1 1
tlggo n P(Y(u) < y)du = 0 0/(1 — F(u))du
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Proof of Part (ii). Let us take the cumulative reward over [0, ¢] to be

Therefore, )
_ 2

It is evident that R;,j > 1, is a sequence of i.i.d. random variables. Further, since we
are given that E(X?) < oo, it follows that E(R;) < oco. Thus the conditions of RRT
(Theorem [3.2)) are met, and we conclude that, with probability 1,

E(XT)

.1
lim - [ Y(u)du = 2E(X))

t—oo t

0

3.3.2 Length and Batch Biasing

We can interpret the second part of Theorem as asserting that in a renewal process
e g e . . L E(x?

with i.i.d. life-times the mean residual time seen by a random observer is given by 2& Xll)) .
The following (fallacious) argument gives a different (and wrong) answer. “If a randomly
arriving observer arrives in a life-time of duration x, then (since he arrives uniformly over
this interval) he sees a mean residual time of §. The distribution of life-times is F'(-).
Hence, unconditioning on the length of the life-time into which the observer arrives, the

oo
mean residual life seen by a random observer should be given by of 2 dF(z) = 1E(X4)”

In fact, we notice that, since E(X7) > (E(X1))? (with equality only if the random variable
X is constant with probability 1),

E(XD) 1
2E(X,) ~ 2

with strict inequality if the variance of X is positive. Thus, the correct mean residual life
will typically be larger than half the mean life-time. What is the flaw in the argument (in
quotes) above? The error is in the use of the distribution F'(-) when unconditioning on the
distribution of the life-time into which the random observer arrives. In fact, we should use
a length biased distribution as we shall see next.

E(X1)
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Theorem 3.4. If the life-time distribution has finite mean E(X1), then, for given x > 0,

t

lim ! P(X(u) < x)du

t—oo t

T

:cF(x)—/ F(u)du | := Fy(x)

0

1
- EX,

Proof: Consider, for given > 0, the cumulative reward process

t
C(t)—/ I{X(u)ﬁx}du
0

and the reward sequence R; defined by

R — 0 for X;>ux
7 Xj for XjSI‘

Since R; < X, E(R1) < E(X1) < oo. Hence, applying RRT (Theorem[3.2) we conclude
that
t

1
tlggo . P(X(u) < x)du
0

E(R1)
E(X1)

In order to evaluate E(R1) we first obtain the complementary c.d.f. of R;. Clearly, P(R; >
x) = 0. Further, for 0 < u < z,
P(Rj>u) = P(X; <z, X;>u)
P(X; <z)—-P(X; <u)
= F(z)— F(u)

Hence

E(R) =

from which the result follows. [ |
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Remarks 3.4.

(a.)

(b))

(c)

Given a life-time distribution F'(-), the distribution F(-) obtained in Theorem
is called the spread distribution of F(-). Compare this with the earlier definition of
the excess distribution F¢(-).

As in the case of F,(-), the distribution F(-) can be viewed as the distribution of
the fotal life-time seen by a random observer. When F(-) has a density, then it is
easily seen, by differentiating the distribution Fi(-), that the density of the spread

distribution is given by
1

E(X1)
Thus we see that the density is different from f(-). Now following the discussion at

the beginning of this section, if we obtain the mean residual life by taking fs(-) to
be the distribution of life-time seen by a random observer, then we will obtain

fs(@) = (zf(x))

/2 ) @) = 5E )
0

the desired answer. What is the intuition behind fs(-) being the correct density to
use, and not f(-)? The following rough argument will make this clear. Consider the
time interval [0, 7’|, where T is suitably large. Over this time there are roughly %
renewal cycles; this follows from ERT. Out of these cycles the number that have
durations in the interval (z, x + dz) is approximately % f(x)dz. The amount of

time in the interval [0, T'] that is covered by such intervals is :UE(%I) f(z)dz, where
we have ignored terms of order smaller than dz. Hence a random arrival over [0, T']

arrives in an interval of length (z, = + dz) with probability % = fs(z)dx
Hence f(+) is the density of the life-time seen by a random observer It should now
be clear why f,(-) is called the length biased density.

The above discussion illustrates the phenomenon of length biased sampling. Let
X,k > 1, be ii.d. life-time samples from the c.d.f. F'(-) (with nonnegative
support). Suppose we take a large number n of samples and place them in a bin and
then draw a sample, the distribution of the sample will be F'(). On the other hand if
we place the life-time samples “side-by-side” (thinking of them as line segments) on
the positive real line (starting at the origin), and then “draw” a sample by randomly
picking a point of the positive real line, yielding the sample in which the point falls,
then evidently our sampling will be biased towards the larger values, as these cover
more of the line.
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The same phenomenon obviously occurs when the random variables X, k > 1, take
only nonnegative integer values, but in this context it is called batch size biasing. Suppose
families either have 1 child or 2 children, with probability 0.5 for each case. If mothers
are asked how many children they have then roughly half will reply “one”, and other half
will reply “two,” yielding an average number of children equal to 1.5. On the other hand
if children are asked how many siblings they are, roughly %rd will answer “one”, and the
rest will answer “two,” yielding the batch biased average: % The biasing occurs since in
the population of children more children come from the larger families and hence we more
often get the larger answer. In some queueing systems, customers arrive in batches, and if
a customer is picked at random and asked the size of its batch a batch biased answer will
resulﬂ We can again study this using the renewal reward theorem.

Let the batch sizes be {X;, j > 1}; these are i.i.d. nonnegative integer random
variables representing the number of customers in the batches indexed by 7 > 1. Let
P(X1; = k) = pr,k > 1. Let us index the customers by n € {1,2,3,---}, so that
customers 1 to X7 are in the first batch, from X7 + 1 to X; + X5 are in the second batch,
and so on. Note that we can view this as a renewal process in discrete “time,” with the
batches corresponding to “life-times.” Let X (n) denote the batch of the nth customer;
this notation is similar to the notation X (¢) in continuous time renewal theory introduced
earlier. Now, for fixed k£ > 1, consider

1 n
lim — Tivin—
Jm 2 fixo=n

i.e., each customer is asked if its batch size is k, and we seek the fraction of customers
who respond with a “yes.” View the cumulative “reward” until the nth customer as
2?21 I{X(i):k}r and fOI’j > 1, define
R;, = 0if X;#k
= kif X;=F

Evidently (X, R;),j > 1, are i.i.d. and we have a renewal reward process. We have
E(R;) = kpr, < 00

Hence, using Theorem[3.2] w.p. 1
1o kpy
o Z} Iixo=w = gy

]:

2One consequence of this is the following. Consider a single server queue with batch arrivals. If the
batches of customers are served in first-come-first-served order, then the delay of a typical customer is the
sum of the delay of the batch in which it arrives, and the total service time of the customers in its own batch
that are served before it. This latter number will need to be obtained by using the batch biased distribution.
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which is the biased distribution of the batch size. It can similarly be seen that

R Ny kpr
fim 32 POC) =)= s

and, w.p. 1,

1 SR Kpe _ E(XD)
tlir?on Z X0 E(X)  E(X)

which is the average of rephes received if each customer is asked “What is your batch
size?”

Remarks 3.5.

Finally, in the context of the renewal reward theorem, it is important to observe that
the form of the result obtained, i.e., that the limit of the average reward rate is E((gg

incorporates the effect of length biasing. In particular, one could ask why the limit was

not E( ) (in fact, this expression has sometimes been erroneously used). For example,
suppose (X, Ry), k > 1, are i.i.d.. Suppose that (X, Ry) = (1, 10) with probability 0.5,
and (X, R;) = (10,1000) with probability 0.5. So, on the average, in half the intervals
the reward rate is 10, and in half the intervals the reward rate is 100. One might want to
say that the average reward rate is 0.5 x 10 + 0.5 x 100 = 55; this would be the answer
one would get if the formula E (%) is used. Yet, the theorem declares that the answer is
E(R1) _ 0.5x1040.5x1000

= 91.82. It is easily checked that this is the answer that we will

EX1)  0.5x1+0.5x10
get if we use the length biased distribution for the cycle time.
|
3.4 The Poisson Process
A point process N(t),t > 0, is a random process taking values in 0, 1,2, - - -, such that

N(0) = 0, and, for each w, N (t,w) is a nondecreasing, right continuous step function. A
point process is essentially characterised by a random distribution of points on R* (i.e.,
the jump instants), and a sequence of integer random variables corresponding to the jump
at each point. If we think of a batch of arrivals at each jump, then N () is the number of
arrivals in the interval [0, ¢].

Definition 3.2 (Poisson Process). A point process N (t),t > 0, is called a Poisson process
if

(i) all jumps of N(t) are of unit size, with probability 1,

(ii) forallt,s >0, (N(t+s) — N(t)) I{N(u) : u < t}, and
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(iii) forallt,s > 0, distribution of N(t + s) — N(t) does not depend on t.

Remarks 3.6.

(a.)

(b)

For a point process N(t), givent > 0 and 7 > 0, N(t + 7) — N(t) is called the
increment of N (t) over the interval (¢,t+ 7], i.e., N(t+7)— N(t) is the cumulative
value of the jumps in the interval (¢,t + 7].

Thus Definition (ii) asserts that any increment of a Poisson process is indepen-
dent of the past of the process. We can conclude more. Consider t; < 13 < t3--- <
t,, then, by property (ii) in the definition,

N(t1) (N (t2) = N(t1))
Further, again using the same property,
N(t3) = N(t2) L (N (t1), N(t2))
or, equivalently,
(N(t3) = N(t2)) IL (N (t1), N(t2) = N(t1))
From the above, it easily follows that
(N(t3) — N(t2)),(N(t2) — N(t1)), N(t1) are mutually independent.
Continuing in this way, for every k, 3 < k < n, by Definition [3.2] (ii) we can assert

(N(ty) = N(tg—1)) IL((N(tg—1) — N(tg—2)), (N (tp—2) — N(tr-3)), ..., N(t1))

mutually independent, it follows that

(N (tr) = N(tr-1)); (N (tr—1) = N(tr—2)), (N (tr—2) = N(tr-3)),. .., N(t1)

are mutually independent.

We conclude that

(N(tn) = N(tn-1)); (N(tn-1) = N(tn-2)), (N (tn—2) = N(tn-3)), .-, N(t1)

are mutually independent. Thus, the increments of a Poisson process (over disjoint
intervals) are independent. This is known as the independent increment property.
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(c.) Definition (iii) states that the distribution of an increment depends only on the
width of the interval over which it is taken, not the location of the interval in time.
This is called the stationary increment property.

(d.) Thus we can say that a Poisson process is a point process with stationary and
independent increments. In addition, at each point of a Poisson process there is
a unit jump.

|

Definition [3.2] defines a stochastic process. We have seen that a stochastic process is

characterised in terms of its finite dimensional distributions (recall Section [I.3.1). Are

the properties specified in the definition of a Poisson process sufficient to specify its finite

dimensional distributions? The answer is indeed “Yes” as we now proceed to show. For

) <ty <tz <- - <tp,andi; <ig < i3 < --- < iy, using the properties of the Poisson
process, we find that the finite dimensional distribution can be computed as follows

P(N(t1) = i1, N(ts) = iz, - , N(tn) = in)
= P(N(ty) =i, N(ts) — N(t) = ip — i1, , N(tp) — N(tn_1) = in — in_1)
= P(N(tj) =i1)-P(N(ts — t) = in —i1) -+ P(N(tn — tn_1) = in — in_1)

where, in writing the second equality, we have used the stationary and independent
increment properties. Thus we would have the finite dimensional distributions if we could
obtain P(N(t) = k) foreacht > 0 and k € {0,1,2,---}. This distribution is obtained
via the following lemmas.

Lemma 3.3. There exists a \,0 < \ < oo, such that, for allt > 0, P{N(t) = 0} = e,

Remark: This is equivalent to the assertion that the time until the first jump in a Poisson
process is exponentially distributed with mean %
Proof: Using the stationary and independent increment property, we can write

P(N(t+s)=0) = P(N(t)=0,N(t+s)— N(t) =0)
= P(N(t)=0)P(N(t+s) — N(t)

0)

Let us write, fort > 0, f(t) = P(N(t) = 0). Thus, we have established that f(-) satisfies
the functional equation: for all s,t > 0,

flt+s) = f(t) f(s)

Since N(0) = 0, we have f(0) = 1. Define T} := inf{t > 0 : N(¢) # 0}, the first
“jump” time of N(t). Clearly, f(t) = P(11 > t). Thus, f(¢) is the complementary
c.d.f. of a nonnegative random variable; hence, f(¢),t > 0, is right continuous and
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nonincreasing. It then follows that (see Theorem in the Appendix of this chapter)
the only nonzero solution of the functional equation is

f(t)=e

for some A\, 0 < \ < .

Lemma 3.4.

1
%g% ; P(N(t)>2)=0

Remark: This result states that P(N(¢) > 2) = o(t), i.e., that the probability of there
being 2 or more points of the process in an interval of length ¢ decreases to O faster than ¢,
as t decreases to 0.

Proof: We skip the proof of this result, and only note that the proof utilises the property
(1) in Definition [ |

Lemma 3.5.

1
lim — P(N(t) =1) =\,

where X is as obtained in Lemmal[3.3]
Remark: In other words, P(N(t) = 1) can be approximated as At + o(t) as t — 0.

Proof:

Using Lemma[3.3] we can write

lim }P(N(t) =1)=lim

t—0 t t—0

(1 —te—” P(N(i) > 2)>

From which the result is obtained after using Lemma [3.4] u

Theorem 3.5. If N(t),t > 0, is a Poisson process then, for all t > 0, and k €
{0,1,2,---},
e_’\t()\t)k

P(N(t):k):T,

where \ is as obtained in Lemma([3.3

Remark: Thus an increment of a Poisson process over an interval of length ¢ is Poisson
distributed with parameter At.

Proof: For 0 < a < 1, define G(t) = E(ozN(t)), i.e., G(t) is the moment generating
function of the random variable N (¢). For notational simplicity, we have not retained
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a as an argument of the moment generating function. Now, using the stationary and
independent increment property, we obtain a functional equation for G(t) as follows

G(t+s) = E(aN(t"'s))
— E<O/v<t> .a<N(t+s>—N<t>>)
= G(t) G(s)

Since N(0) = 0, G(0) = 1; since N (t) increases with ¢, and 0 < o < 1, we also conclude
that G(¢) is nonincreasing with ¢. Also, by Lemmas and we can write

Hm G(t) = limE(aN(t)>

t—0 t—0
o Y ‘ k _
= 2111r1(1) (1 e M +a-(At+o(t)) + kg_z a”P(N(t) = k))

= 140+ limo(t)
t—0
=1
establishing that G(¢) is continuous from the right at ¢ = 0. Now using Theorem

(in the Appendix of this chapter) we conclude that the unique solution to this functional
equation is

G(t) = csl@
for some constant g(«). To obtain g(«), we observe that
.. G(t)—G(0)
o) = iy AOE0
(1 B a-P(N(t)=1)
= 1%1_1)1(1) (t[P(N(t)—O)—1]+ n

+ 1% a"P(N(t) = k))
k=2

which, on using Lemmas and yields g(a) = —X + a\. Thus we find that
G(t) — e*)\f‘i’)\ta

ie.,

& €—>\t k
Glt) = Z]{E!)\t)ak
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It follows that, for k € {0,1,2,--- },

Remarks 3.7.

(a.) Continuing the argument begun before Lemma we see that the finite dimen-
sional distributions of a Poisson process are completely characterised in terms of
a single parameter A. Thus we can now use the term: “a Poisson process with
parameter \”. A little later we shall see that A is the rate of the Poisson point
process. We can then refer to a Poisson process with rate \.

(b.) It can easily be verified that E(N(¢)) = At, and Var(N(t)) = At. It is useful to
remember that the variance to mean ratio of a Poisson process is 1. Thus the Poisson
process is often used as a “benchmark”™ for the variability in arrival processes. An
arrival process with a higher variance to mean ratio is said to be burstier than
Poisson, and an arrival process with variance to mean ratio less than Poisson can
be viewed as being smoother than Poisson.

Theorem 3.6. N (t) is a Poisson process with rate \. Let 0 = to < t] <ty < --- <t, =
t. Then for all k, ky, ks, - - -, ky, nonnegative integers such that y ;| k; = k we have

P(N(t1) = k1, N(t2) — N(t1) = ko, -+, N(tn) = N(tn—1) = kn|N(t) = k) =

k! m i — i\
[Tz k! Zl_Il < t >

Remarks 3.8.

(a.) Note that the time points ¢;,1 < i < n — 1, partition the interval [0,¢] into
consecutive subintervals. The question being asked is that, given that exactly
k Poisson points are known to have occurred in the interval [0, ¢], what is the
probability that k; of them fell in the ¢th interval, 1 < ¢ < n.

(b.) This result states that conditioned on there being k Poisson arrivals in an interval
[0,t], these k points are distributed over the interval as if each one of them was
independently and uniformly distributed over the interval. With this explanation, the
form of the right hand side of the conclusion in the theorem becomes self evident;
it is the multinomial probability distribution with k£ “trials” and n alternatives in
each trial, the ith alternative being that a point falls in the ¢th subinterval, and the

probability of this alternative is %
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(c.) Conversely, it can be seen that the Poisson process is obtained if we uniformly
distributed points on R in the following way. Let us uniformly and independently
distribute n points on the interval [0, §]. Consider the interval [0, ¢]. Let n be large

n

enough so that ¢ < %. Then the number of points that fall in the interval [0, ¢] is

distributed as Binomial (7, %) As n — o0, it then follows that the distribution of
the number of points in [0, ¢] converges to Poisson(A¢). Thus the Poisson process
can be viewed as the limit of a uniform distribution of points (the reader should try
to provide a complete proof; what remains is to show the independent increment

property).

Proof: The proof is a simple matter of applying the conditional probability formula, using
the stationary and independent increment property, and the Poisson distribution of each
increment. The details are left as an exercise.

3.4.1 Stopping Times

Definition 3.3. A random time T is called a stopping time for a Poisson process N (t),t >
0,if {T <u}II{N(s) — N(u), s > u}. |
Remarks 3.9.

(a.) Thus a random time 7' is a stopping time for a Poisson process N (t) if the question
“Is T < u?” can be answered independently of the increments of N (¢) after the time
u. Unlike the earlier Definition here we do not require that the event {7 < u}
be determined by N (t),t < u. Note that this property of independence of the future
is all that was required in proving Wald’s Lemma (Lemma 3.2).

(b.) From the point of view of applications, this definition of stopping time is what
will be more useful. In queueing applications the Poisson process will typically
model an arrival process, and various random times will be determined by the arrival
process in conjunction with other random processes, such as the sequence of service
requirements of customers. Thus the only reasonable requirement of a random time
T would be that {T" < wu} is independent of future arrivals.

Example 3.4.

Let us consider an M/G/1 queue. This is a queueing system in which customers arrive
to an infinite buffer and wait for service by a single server (the trailing “1” in the notation).
The customer arrival instants constitute a Poisson process (the “M” in the notation), and
the service times of the customers is a sequence of i.i.d. random variables (the “G” in the
notation, meaning generally distributed services times). Let X (¢),¢ > 0, be the number
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of customers at time ¢. Let A(t) denote the arrival process, and let Ty, k > 1, denote
the successive arrival instants. Suppose that X () = 0, and, for a sample point w, let
Z(w) == inf{t > 0:¢t > T1(w),X(t,w) = 0}; i.e., Z is the random time at which
the queue becomes empty for the first time after once becoming nonempty. The random
interval [0, Z] is called an idle-busy period of the queue. It is easily seen that {Z < z}
is determined by the arrivals in the interval (0, z] and the service times of these arrivals,
and hence is independent of future increments of the arrival process, i.e., of A(z + s) —
A(z),s > 0. [ |

The following is an important property of the Poisson process in relation to stopping times.

Theorem 3.7. Let T' be a stopping time for the Poisson process N (t), with P(T < oo) =
1, then N(T+s)—N(T), s > 0, is a Poisson process independent of T and of { N (t), t <
T}.

Remark: This results asserts that if 7" is a proper stopping time for the Poisson process
N(t) then the increments of N(¢) starting from 7' form a Poisson process, and this
process is independent of 7" as well as of the past of N(t) prior to 7. With reference
to Example we can now assert that if Z; is the end of the first idle-busy cycle then
the process X (t + Z1),t > 0, is again an M/G/1 queue length process that starts with an
empty queue. This is because, by virtue of Z; being a stopping time for the arrival process,
A(t+ Z1)— A(Z1),t > 0, is again a Poisson process, and the successive service times are
in any case i.i.d. Thus X (¢ + Z1),t > 0, is a statistical replica of X (¢),t > 0. Moreover,
since A(t + Z1) — A(Z1),t > 0, is independent of Z; and of A(t),t < Z;, we conclude
that X (¢ + Z1),t > 0, is independent of Z; and of X (¢),t < Z;.

Proof: This result follows from the strong Markov property of continuous time Markov
chains; see Theorem [4.3] [ |

Exercise 3.2.
Given a Poisson process N (t),t > 0, show that the following assertions hold
(a.) The jump instants Ty, k > 1, are stopping times.
(b.) If T}, is a jump instant and € > 0, then T}, — € is not a stopping time.
(c.) Foreacht > 0, T =t is a stopping time.
|

Corollary 3.2. Given a Poisson process N (t) with rate \, and T a stopping time with
P(T < ) =1,

P(N(T + ) = N(T) = 0|N(s), s < T) = ¢
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Proof: It follows from Theorem [3.7] that

P(N(T + ) = N(T) = 0[N(s),5 < T) = P(N(s) = 0) = ¢

Remarks 3.10.

(a.)

(b))

(c)

We saw in Exercise[3.2]that all jump times of a Poisson process are stopping times. It
follows from this corollary that the successive interjump times are i.i.d. exponential
with parameter A. Hence we learn that the Poisson process is a renewal process
with i.i.d. exponential life-times. This is, in fact, an alternate characterisation of a
Poisson process.

We also saw in Exercise that any time ¢ > 0 is a stopping time. It follows that
the residual life process Y (¢) of this renewal process is exponentially distributed for
every t > 0; i.e., P(Y(t) > s) = e forall t > 0. Also we note here that for
any renewal process the residual life process {Y(¢), ¢ > 0} is a continuous time
continuous state Markov Process. This along with the just observed fact that for a
Poisson process the distribution of Y'(¢) is invariant with ¢, shows that, for a Poisson
process, {Y(t), t > 0} is a stationary process. Later in this chapter will explore this
notion of stationarity for more general renewal processes.

It should be intuitively clear that these results are a consequence of the memoryless
nature of the exponential distribution; i.e., if X has distribution Exp(\) then P(X >
r+y| X > 2) = e . Hence not only is the residual life-time exponentially
distributed, it is also independent of the elapsed life.

3.4.2 Other Characterisations

In Definition a Poisson process was defined as a point process with stationary and
independent increments, and with unit jumps, with probability 1. In applications it is often
useful to have alternate equivalent characterisations of the Poisson process. The following
are two such characterisations.

Theorem 3.8. A point process N(t),t > 0, is a Poisson process if and only if

(a.) forallty < t; < to < ... < ty, the increments N (t;) — N(t;—1),1 < i < n, are

(b.)

independent random variables, and

_ Qeb e

there exists 00 > X\ > 0 such that P(N (t 4 s) — N(t) = k) = =5
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Proof: The “only if” assertion follows since it has already been shown that the original
definition of the Poisson process (i.e., Definition [3.2) implies these properties (see
Theorem [3.5). As for the “if part” of the proof, note that the stationary and independent
increment property follows immediately. Also the Poisson distribution of the increments
implies that the time between successive jumps is 0 with zero probability, thus completing
the proof. |

Theorem 3.9. A point process N (t), t > 0, is a Poisson process with parameter X if and
only if the successive jump times Ty, k > 0, are renewal instants with i.i.d. exponentially
distributed inter-renewal times with mean %

N@ _

Remark: It follows from ERT (Theorem that, with probability 1, lim;_,o n

Hence A is the rate of the Poisson point process.

Proof: The “only if” part has already been established in Remarks [3.10} For the “if part,”
(i) the almost surely unit jump property follows from the exponentially distributed inter-
renewal times, (ii) the stationary increment property will follow when we study stationary
renewal processes in Section and (iii) the independent increment property follows
from the memoryless property of the exponentially distributed inter-renewal times. |

3.4.3 Splitting and Superposition

Consider a Poisson process NV (¢) with rate A, and denote its jump instants by {71, 75, .. .}.
Consider an independent Bernoulli process Zi, k > 1,; i.e., such that Zj, are i.i.d. with

|1 wp. p
Zk_{() wp. 1—p

Now define two new point processes NV (¢) and N®)(t) as follows: each point T}, 1 <
k < N(t), is a point of N(I(#) if Z;, = 1, else T}, is a point of N?)(¢). Thus each point
of the Poisson process N (t) is assigned to either N(1)(¢) or to N?)(¢), with probability p
or 1 — p, respectively, and the assignment is independent from across the points of N (t).
If N(t) is an arrival process into a queue, it as if Zj, is used to split the process into two
arrival processes.

Theorem 3.10. NV (t) and N %) (t) are independent Poisson processes with rates p\ and
(1 — p)A respectively.

Remark: The hypothesis of Bernoulli sampling is crucial. If there is dependence between
the selection of successive points of N (¢) then the resulting process will not be Poisson.
As an elementary counterexample, consider splitting the points of N () so that alternate
points are assigned to N (1) (¢) and N(?)(¢). Now we see that the interarrival instants in each
of N(M(¢) and N®)(t) are convolutions of exponentially distributed random variables
(i.e., they are Erlang distributed, or gamma distributed), and hence neither N (1)(t) nor
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N®) (t) can be Poisson. The Bernoulli nature of the splitting is essential for retaining the
memoryless property of the life-times.

Proof: Invoking Theorem [3.8] we need to prove the following three assertions
(a.) N (t) and N (t) are independent processes.
(b.) NM(t) has independent increments, and so does N (2 (¢).

(c.) NW(t) has Poisson distributed increments with parameter p), and N (t) has
Poisson distributed increments with parameter (1 — p)\.

Assertion 1 and 2 are established if we show that for to > 3

p (N(l)(tQ) B N(l)(tl) _ kl,N(2)(t2) — N(Q)(tl) = k‘2>

(Ap(ty — 1))k e~ plt2—t1)
k! '
(AL = p)(t2 — t1))*2 e A07PIE2—10)
ko!

This is easily seen as follows

p <N(1)(t2) — ND(ty) = ky, N®(t) = NO(¢) = k2>
[GRL2I

= P(N(t2) — N(t1) = k1 + ko) - pl(l—p)k2
kilko!
()\(tQ - tl))kl+k2 €—>\(t2—t1) (kl + k2)| pkl(l B p)kQ
(k1 + ko) T

_ ()‘p(t2 — tl))kl e*/\P(tth)
- el

(A1 = p)(ta — ty))k2 e~ AA=P)t2—11)

ko!

To establish the independent increment property for N (t) (or for N @) (t)) (over disjoint
intervals) we observe that such increments of N (¢) are independent, and each increment
of N1 (t) is obtained by independently selecting points from the increments of N (¢) (i.e.,
the selection of points from disjoint increments of N () are done independently by virtue
of the Bernoulli sampling). The elementary details are left as an exercise. |

Let us now consider the superposition (or the merging) of two Poisson processes. Let
N (#) and N®)(t) be two independent Poisson processes with rates A; and \o. Define
the point process N () by

N(t) := NO(t) + N® (1)

i.e., each point of NV (t) and of N(?)(t) is assigned to N (t).
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Theorem 3.11. N (t) is a Poisson process with rate A = A1 + Aa.

Proof: Invoking Theorem we need to prove that increments of N (¢) over disjoint
intervals are independent, and an increment over the interval (¢1, t2] is Poisson distributed
with mean \(ty — t1), where A\ = A; + 9. The independent increment property follows
easily from the corresponding property of the Poisson processes N (V) (t) and N(?)(t), and
we leave the details as an exercise. Turning to the distribution of the increments, observe
that

P(N(t2) = N(t1) = k)

P(ND(ty) = NO(t1) = i) - P(NP (tg) = N (t1) = k — i)

I

1=0
B k ()\1 (t2 - tl))l e—)\l(tg—tl) ()\2(t2 - tl))k—i 6_)\2(t2_t1)
& i (k —1)!
_ (A1 4+ Ao2)(te — tl))k e—(A1+A2)(t2—t1) k A M\ i Ao k—i
N k! s Z'(k‘—l)' A1+ Ao A1+ Ao

Atz — 1))k e A1)
k!

i.e., the increment of N (¢) over the interval (¢1, o] is Poisson distributed with mean A(ty —
t1). |

It is opportune to state the following result, even though it depends on the concept of a
stationary renewal process which we will introduce in Section The “only if” part of
this result (which we state without proof) can be viewed as the converse to Theorem [3.11]

Theorem 3.12. The superposition of two independent stationary renewal processes is
renewal iff they are both Poisson.

Remarks 3.11.

(a.) For this result to hold, the necessity of the two independent renewal processes being
Poisson can be seen intuitively as follows. Consider a point in the superposition. It
belongs to one of the independent processes, and the time until the next renewal in
this process is independent of the past. Therefore, for the time until the next renewal
in the superposition to be independent of the past, it is necessary that the residual
life-time of the other renewal process is independent of the past, which requires that
the life-times of the component processes are exponential.

(b.) Itis not difficult to construct an example that demonstrates that the superposition of
two dependent renewal processes can be renewal. Take an ordinary renewal process
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with non-exponentially distributed life times, and split it using Bernoulli splitting
(as in the beginning of this section). The resulting two point processes are each a
renewal process, but are dependent.

3.5 Regenerative Processes

Let us recall Example[3.4Jand the remark following Theorem[3.7} We had the queue length
process, X (t), of an M/G/1 system with X (0) = 0, and we saw that there exists a random
time Z; such that X (¢ + Z1),t > 0, (i.e., the evolution of the queue length process after
Z1) (i) is statistically identical to the evolution of the process X (t),¢ > 0, and (ii) is
independent of Z; and the past of the queue length process up to Z;. We say that the
process X (t) regenerates at Z;, and call such a process a regenerative process.

Definition 3.4. A process X (t),t > 0, is called a regenerative process if there exists a
stopping time Iy such that

(a.) X(t+ Thv), t > 0, and X(t), t > 0, have the same probability law (i.e., are
statistically identical), and

(b.) {X({t+Ty),t>0}I{T1,and X (u), u < T1}.

Example 3.5.

(a.) Consider a DTMC X,,,n > 0, with Xy = j, then the time of first return to j is
a stopping time. By the strong Markov property, we see that X, is a regenerative
process.

(b.) As we saw in Example [3.4]and the remark following Theorem [3.7] the queue length
process X (t) of an M/G/1 queue (that starts off empty) is a regenerative process.

Remarks 3.12.

(a.) It is important to note that the property that X (¢t 4+ 71),¢ > 0, is independent of
T7 is a rather special property. In general, the evolution after a stopping time need
not be independent of the stopping time. As an exercise, the reader is encouraged to
construct an example that illustrates this lack of independence, in general.

(b.) With reference to Definition we say that X (t) regenerates at Ty. Since
X(t + Tv),t > 0, is statistically identical to X (¢),t > 0, there must be a
stopping time T5 > 77, such that the process again regenerates at T>. By the fact
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(c)
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that the successive regenerations are independent, it follows that the sequence of
regeneration points 11,75, T3, - - - , are the renewal points in a renewal process. We
call this the embedded renewal process. Also, the successive intervals into which
these renewals divide time are called regeneration cycles.

In general, we have what are called delayed regenerative processes. For such a
process, there exists a stopping time 7} such that Property 2 in Definition [3.4 holds
but X (¢ + T1),t > 0, has a statistical behaviour different from X (¢),¢ > 0.
However, X (¢t + T1),t > 0, is a regenerative process, as defined in Definition
Thus it as if the regenerations in the process X (¢) have been delayed by the time 7.
We observe now that the sequence of random times 77,75, - - - , are the points of a
renewal process whose first life-time has a different distribution from the subsequent
life-times. As an example, consider a DTMC Xy, k > 0, with Xy = ¢, and consider
visits to state 7 # i. The visits to j constitute regeneration times, but clearly this
is a delayed regenerative process. Thus the process defined in Definition [3.4] can be
called an ordinary regenerative process.

3.5.1 Time Averages of a Regenerative Process

Let us consider a regenerative process X (t),t > 0. We are interested in evaluating limits
of the following type

1 t
lim — X(u)du

t—oo & Jo

i.e., the time average of the process X (), or, for b € R,

t

.1
Jm. 2 / T uyppdu
0

i.e., the fraction of time the process value is in the interval (—oo, ], or

¢
1
lim — [ P{X(u) <b}du

t—oo t
0

i.e., the limit of the expectation of the fraction of time the process value is in the interval
(—o0, b]. Considering the first limit, we can proceed by thinking of X (¢) as a “reward”
rate at time ¢. Then the cumulative reward until ¢ is

C’(t)—/ X (u)du
0
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and we need, the time average reward rate, i.e.,

lim %
t—oo t

As before, denote the regeneration times of X (¢) by 71,75, - -, and let Ty = 0. Define
the reward in the jth cycle, j > 1, by

T;
R; = / X(u)du
Tj—l

By the properties of the regenerative process, the sequence of random variable 15, > 1,
are mutually independent, and for an ordinary regenerative process this random sequence
is i.i.d. Thus, along with the renewal instants Ty, k > 1, we are now in the renewal-
reward frame work. Let us consider the case of an ordinary regenerative process. If
E( 0T1 | X (u)|du> < o0, and E(T}) < oo, Theorem immediately applies and we
conclude that, w.p. 1,

. 1 tX o E(fOT1 X(u)du)
Am g [ Xw)du = E(T1)
and, w.p. 1,
t T
S i E(Sy" Tz du)
oo ¢ ) IXs0OU = E(T))
0
and
1 E(S5" Torsndu)
1 P <
dim 3 | P(X(w) < b)du E(T1)
0

Note that, in order to make the last two assertions, we only need that E(77) < oo, since

T1 Tl
E(/ I{X(u)<b}du> < E</ du> = E(Tl) < 00
0 0

Thus for the limiting time average distribution to exist it suffices that the cycle times of the
regenerative process have finite mean.

Elequ<bdu . . C . ..
Let us observe that ( 0 é(T(l ))‘ ) ) is a cumulative distribution function in the

argument b, for it is nonnegative, nondecreasing in b, and the limit as b — oo is 1. Note

also that in the expression E( f0T1 Iy X(u)gb}> du we cannot bring the expectation inside
the integral, since the upper limit of integration is a random variable, i.e., 7.
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It is usually easier to obtain such limiting distributions. For example, for a positive
recurrent DTMC we know that (recall the proof of Theorem [2.9)

()
NP Ml

Can we use this result to obtain the limiting time average of the process, i.e., lim,,_,co % Zz;é Xi?
The following result asserts that, under certain conditions, the limiting time average of the
process can be obtained by taking the expectation of the limiting time average distribution.

Theorem 3.13. Consider a regenerative process X (t) with E(T1) < oo and let X
denote a random variable with the limiting time average distribution, i.e., P(X~ < b) =
E(Jo" Lixasndu)

B(T1) )

(a.) IfE( OTl ]X(u)|du> < 00 then

1t a.s
lim — X(u)du = E(Xx)

t—oo ¢ 0

(b.) If X (u) > 0 then

1t as
lim — X(u)du = E(Xx)

t—oo ¢ 0
and this limit could be finite or infinite.

Remark: Thus, continuing the example that we were discussing just before the theorem,
we can conclude that for a positive recurrent DTMC X, € S (that takes nonnegative

values), w.p. 1,
1 n
Jm 2 Xe=2, gm
k=1 jeS

where 7; is the invariant distribution of the DTMC.

Proof: We omit the proof of this theorem. |

3.6 The Renewal Equation

We have so far only examined the limiting time averages of various processes and
functions. For example, for a renewal process we obtained the limiting time average of the
renewal function m(t), or of the distribution of the residual life process P(Y (t) > y). We
now study how to characterise the transient behaviour of these processes and functions, and
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hence to obtain their limiting behaviour. For example, if we can show that for a renewal
process
lim P(Y(t) >y) = G°(y)

t—o00

where G(-) is a continuous distribution, then we have shown the convergence in
distribution of the residual life process Y ().

Example 3.6.

Consider a renewal process with i.i.d. life-times with c.d.f. F'(-). Define, for y > 0,
K(t)=PY(1)>y)

Now we can break up this event into three disjoint parts depending on whether the first
renewal occurs in either of the three intervals (¢ + y, c0), (¢,t + y], [0, ¢]. This yields

Kit) = PYt)>y, Xi>t+y) +PY () >y, t< X1 <t+y)
+P(Y(t) >y, X1 <t)

= (1-F(t+y)) +0+/t K(t — z)dF ()
0

where, in the second equality, the first term is (1— F'(¢+y)) because the event { X; > t+y}
implies the event {Y (¢) > y}, and the second term is 0 because {t < X; < t+y} implies
that Y (¢) < y. In the third term we integrate over all the possible points in [0, ¢] at which
the first renewal can occur. With the first renewal having occurred at z, the time remaining
until ¢ is ¢ — x, and hence the desired probability is K (¢t — x). This argument is called
a renewal argument. Thus we find that, for fixed y > 0, the function K (t) satisfies the
equation

K(t) = F(t + ) + /0 Kt - 2)dF(x) 3.5)
or, equivalently,
K(t) = a(t) + (K « F)(1)

where a(t) = F(t + y), and, as before, x denotes the Riemann-Stieltjes convolution.
|
The equation for K (¢) obtained in the previous example is of the form

H(t) =a(t) + /0 H(t — x)dF(z)

H(t) = a(t) + (H x F)(t)
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where a(-) is a given function and F'(-) is a cumulative distribution function. Such an
equation is called a renewal equatimﬂ More compactly, taking the time argument as
being understood, we also write

H=a+HxF

The following result provides a formal solution for the renewal equation, under some fairly
general conditions.

o

Theorem 3.14. If the c.d.f. F(-) has positive mean (i.e., [(1— F(x))dz > 0), and if a(t)

0
is a bounded function, then the unique solution of H = a+ H % F' that is bounded on finite
intervals is

H(t) =a(t) + /a(t —u)dm(u)
0

ie.,
H=a+a*xm

where m(t) is the renewal function for an ordinary renewal process with life-time c.d.f.
F(),ie, m(t) =3 1oy F®) (1),

Proof: We need to show that the proposed solution
(i) is indeed a solution,

(ii) is bounded on finite intervals, and

(iii) is unique.

(i) To check that the proposed solution satisfies the renewal equation, we substitute it in
the renewal equation to obtain

H = a+(a+axm)*F
= a+(axF+ax(mx*F))
= at+ax(F+mx*F)

= a+a*xm

where we have used the easy observation that m = F'+mx F'. Thus the proposed solution
satisfies the renewal equation.

3In general, an equation in which the unknown function appears inside an integral is called an integral
equation, and, in particular, the renewal equation is called a Volterra integral equation of the second kind.
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(i1) To verify that the proposed solution is bounded on finite intervals consider, for a finite
T >0,
t

sup |a(t) + (axm)(t)] < sup |a(t)|+ sup | a(t —u)dm(u)|
0<t<T 0<t<T o<t<T Jo
T
< s fa(t)|+ [ sup laly)ldm(a)
0<t<T 0 0<y<T

= < sup Ia(t)|> (1+m(T)) < o0

0<t<T

o0
where the finiteness follows since m(t) is bounded (by [(1 — F(z))dz > 0 and
0

Lemma|3.1), and a(t) is given to be bounded.
(iii) To establish uniqueness, assume to the contrary that H; and Hs are two solutions
bounded on finite intervals and let

D =H, — H,
Hence D is also bounded on finite intervals, then
DxF = HxF—HyxF
= (H1—a)—(Hz—a)
= D

where the second equality is obtained since H; and Hs both are solutions to H = a+H*F'.
It follows, by recursion, that, for all n > 1,

D=DxF®

Hence foralln > 1

D) = | /0 D(t — 2)dF™ ()|

IN

/ |D(t — )|dF (@)

( sup ID(u)I> F (1)

u€(0,t]

IN

Now the first term in the last expression is finite, since D is bounded on finite intervals.
Also, for each fixed t, F(")(t) — 0 as n — oo since ofo(l — F(z))dz > 0 (see the proof
of Lemma 3.1)). It follows that, for all ¢, ’

[D(t) =0

We conclude that H; = Ho, i.e., the proposed solution is unique. [ |
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Remarks 3.13.

(a.) Let us now apply Theorem to solve the renewal Equation for K(t) =
P(Y (t) > y). This yields

Kt)y=1-F(t+vy))+ /Ot(l —F(t+y—x))dm(z)

(b.) There is an intuitive way to think about the solution of the renewal equation provided
we appropriately interpret dm(z). To this end, consider the following formal

“calculation.”
o0
P(arenewal occurs in the interval (x,z + dz)) = Z P(Zy € (z,xz + dx))
k=1

= Z dF®) (z)
k=1

= d(i F®(x))
k=1
= dm(z)

Thus we can interpret dm(z) as the probability that there is a renewal in the
interval (z,z 4 dx). For this reason d’zg(f) is called the renewal density. As an
example, consider the Poisson process, which we now know is a renewal process
with exponentially distributed life-times. We also know that for a Poisson process
of rate \ the renewal function m(t) = At. Hence the renewal density is A\. Now
Lemma 3.5|confirms our interpretation of dm(z) in the case of the Poisson process.
With this interpretation of dm(x) let us now view the second term in the solution of

the renewal equation as conditioning on the last renewal in [0, t]. This will yield

K(t) = (1-F(+y))
t
+ / P(arenewal occurs in (z,z + dx),
0

the next renewal occurs after ¢,

and the residual life-time at ¢ is greater than y)

= QB+ [ 0B ) +y) ()

Let us now consider a delayed renewal process.
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Example 3.7.

Let us redo Example for a delayed renewal process with the c.d.f. of X3 being A(-)
and that of X;,j > 2, being F'(-). Again, for fixed y > 0, define K(t) = P(Y (t) > y),
where Y (t) is the residual life process. In an identical fashion as in Example [3.6] we can
write

t
K(t) = (1-P(Xy<t+y)+ / K,(t — z) dA(z)
0

where K,(t) = P(Y (t) > y) for the ordinary renewal process with life-time distribution
F(-). Thus we have
K(t) = A%(t +y) + (Ko x A)(1)

where, in turn, K, (t) satisfies
Ko(t) = F(t+y) + (Ko * F)(t)

|
Thus, in situations involving a delayed renewal process, we obtain a pair of equations of
the form
H=a+ HyxA

in conjunction with
H,=a,+ H,* F

Of course, we know that the equation for H,(-) has the solution
H, =a,4+ a,x*my

where
o0
m=d P
k=1

The solution of the delayed renewal equation is given in the following result, and can be

intuitively appreciated based on the interpretation of d";gt) as the renewal density for the

delayed renewal process.

Theorem 3.15. The solution to the general renewal equation is
H=a+ay*xm

where

m = Z Ax F*)
k=0

Proof: It is easy to check that the proposed solution indeed satisfies the delayed renewal
equation. We omit the proof of uniqueness. |
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3.7 Stationary Renewal Process

Obviously, a renewal counting process M (¢) cannot be stationary since it is increasing

with time. What then is meant by a stationary renewal process? Consider a general renewal

process with X; distributed as F'(-) for j > 2, and X distributed as F,(-) where F¢(t) =
¢

ﬁ [ (1 = F(x))dz. Recall that F,(-) is the time average equilibrium distribution for a
0

renewal process with i.i.d. life-times with distribution F'(-). Denote the renewal function
for this delayed renewal process by m.(t).

Let us apply the result in Theorem to calculate P(Y (t) > y) for this general
renewal process (for some fixed y > 0). We obtain

PY(t)>y)=F(t+y)+ | F(t+y—x)dme(z)

o —

Hence we need to determine m(t). This is easily done by writing a renewal equation
for me(-). We observe that the following holds

me(t) = (1 +mo(t —z))dA(z)

o\“

This can be understood as follows. If the first arrival occurs in (¢,00) then the mean
number of arrivals in [0, ¢] is 0. Hence we condition on the first renewal in [0, t]. We count
1 for this renewal, and then from here on we have an ordinary renewal process. If the first
renewal occurs at x, the remaining mean number of renewals in [z, ] is m,(t — x). Thus
we can write, compactly,

me(t) = A(t) + (mo x A)(t)

Taking Laplace Stieltjes Transforms (LSTs) across this equation (see Section [I.2.3), we
obtain,

me(s) = fl(s) + my(s) - A(s)
+

where the second term in the second equality is obtained by applying the first equality to
mo(+). Further, it can be seen by taking the LST that
~ 1— F(s)
Als) = ——=
(%) = SExy)
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Substituting, we obtain

which, on inversion, yields
t

") = B

Remark: This result should be compared with what we know for the Poisson process of
rate A. The Poisson process is a renewal process with exponentially distributed life-times
with c.d.f. F(z) = 1 — e~ *. It can be verified that F,(z) = 1 — e~**. Thus the Poisson
process automatically satisfies the assumption in the previous derivation. Hence, applying
the conclusion of the previous derivation, the renewal function will be E(%Q) = At, which
we already know to be true.

Let us now return to obtaining P(Y (f) > y) for the renewal process that we had
constructed above. Substituting m.(-) into Equation 3.6, we obtain (via self evident
manipulations)

PY(t)>y) = Ff(HyH/FC(”y“J)E&)
’ ) t+y
— Rt g [ Pl
Yy

c 1 Y ¢ — ! “(u)du
= msn g ([ P [ )
= F(t+y)+F.(t+y)— Fo(y)

= 1-F(y) = F(y)

m

Thus for the renewal process that we constructed, for all ¢ > 0,
P(Y(t) >y) = FE(y)

i.e., the marginal distribution of the residual life process is invariant with time. It is easy
to see that Y (¢) is a Markov process. It follows that, with the marginal distribution being
stationary, the Y'(¢) process is itself a stationary process. It is for this reason that the
process we have constructed is called a stationary renewal process.

Now, denoting the counting process for this renewal process by M,(-), let us consider,
forz > 0, and t > 0, M.(x) and M, (t + x) — M, (t). Considering ¢ as the starting time,
since the distribution of Y'(¢) is the same as that of Y'(0), we have another renewal process
statistically identical to the one that started at time 0. Hence we conclude that M, (x) and
M, (t+ x) — M.(t) have the same distributions, and thus M, (t) has stationary increments.
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Remark: It is important to note, however, that M. (¢) need not have independent
increments. As an example, suppose that X;, 7 > 2, are deterministic random variables
taking the value 7" with probability 1. Then F,(¢) is the uniform distribution over [0, 77,
and M,(t) is a stationary increment process. But we notice that in [0, 7] there is exactly
one renewal. Hence M (7'/2) and M (T') — M (T'/2) are not independent, even though they
have the same distribution.

Definition 3.5. A point process with stationary and independent increments is called a
compound or batch Poisson process.

Remark: Basically a batch Poisson arrival process comprises a Poisson process, at the
points of which i.i.d. batches of arrivals occur. Each batch has at least one arrival.
If the batch size is exactly one then we are back to a Poisson process. Thus, in
summary, a general stationary renewal process has stationary increments. If the property of
independent increments is added, we obtain a batch Poisson point process. If, in addition,
each batch is exactly of size 1, we have a Poisson point process.

3.8 From Time Averages to Limits

Until this point in our discussions, we have focused on obtaining long run time averages
of processes and certain time varying quantities associated with these processes. Results
such as the elementary renewal theorem, or the renewal reward theorem were the tools we
used in establishing the existence of and the forms of such limits. In this section we turn to
the important question of studying the limits of the quantities themselves. The approach is
by obtaining a renewal equation for the desired quantity, solving this renewal equation and
then taking the limit as ¢ — oo in the solution. The Key Renewal Theorem is an important
tool in this approach.

The following example shows a typical situation in which the time average may exist,
with the limit of the associated quantity failing to exist.

Example 3.8.

Consider an ordinary renewal process with life-times X;,¢ > 1, such that X; = T for
all 7 > 1, where T' > 0 is given. It is elementary to see that, given y > 0,

0 (Th<t<T(k+1)—y k>0
<y) =
PY(t) <) { 1 otherwise
Hence P(Y(t) < y) is an “oscillatory” function of time and does not converge with ¢.
However, as we already know, for 0 <y < T,
1 t
lim — P(Y(t) <y)dy =

t—oo ¢ 0

Nl
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the uniform distribution over [0, 7). [ |
The life-time in this example has a property that is captured in the following definition.

Definition 3.6. A random variable X, such that P(|X| < oo) = 1, is called lattice if
there exists d > 0 such that

n=—oo

otherwise X is called nonlattice. The largest d with this property is called the span of X.
We also say that the distribution of X is lattice. |

Notice that in the example above the renewal life-time was lattice with P(X; =T) = 1.
We state the following result without proof. This result helps in the understanding of
the Key Renewal Theorem which we will state and discuss next.

Theorem 3.16 (Blackwell’s Renewal Theorem (BRT)). (i) For a general (or delayed)
renewal process with arbitrary A and nonlattice F, and any h > 0.

lim [m(t+ h) —m(t)] = hu

t—o00

where i = [y° (1= F(z))dx.

(i) For an ordinary renewal process, i.e., A = F, with lattice F with span d, for h =
d,2d,3d,-- -,
lim [m(t+ h) — m(t)] = ph

t—o00

Remarks 3.14.

(a.) We first note that part (ii) of the theorem deals with the case of a lattice F', and in
this case the result is restricted to the situation in which A = F'. This is because
without such a restriction on the “initial” life-time, different conclusions can be
obtained depending on the choice of A. For example, if A = F, then (recall from
Section we have a stationary renewal process and m(t) = ut for all ¢, thus
yielding m(t + h) — m(t) = ph for every ¢t and h > 0.

(b.) We also note that, in the same sense as the convergence of a sequence of numbers is
stronger than the convergence of the averages of the sequence, BRT is stronger than
the expectation version of ERT. This can be seen by the following simple argument
that shows that BRT implies ERT. Consider the nonlattice case of BRT (part (i),
above). We observe that, for every n, with m(0) = 0,

n—1
m(n) =>_ (m(k+1) — m(k))
k=0
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Now, by BRT, m(k + 1) — m(k) — u, as k — oo. Hence, the average of this
sequence also converges, i.e.,

n—1

1
Jim > " (m(k+1) —m(k) =
k=0
1.€.,
- m(n) _
A,

which establishes ERT for the case when we pass to the limit via integer values of
time. But we also see that

Lmt]) m@) om(E]+1) 8] +1

t o |t] t [t] +1 t

Since the upper and lower bounds both converge to ., we conclude that lim;_, o, m)

t
1, which is the expectation version of ERT.

We have seen that the solution of the renewal equation
H=a+HxF

is
H=a+a*xm

where m(t) is the renewal function of the ordinary renewal process with life-time
distribution F'.  Our aim next is to understand how to use this solution to obtain
limy_,oo H(t). It is usually straightforward to obtain lim;_,., a(t); recall that, in the
examples we have seen, a(t) is defined by the tail of a distribution function and hence
goes to 0 as t — oo. The problem remains of obtaining lim;_,~(a * m)(t). So let us
consider

t

(axm)(t) = / alt — ) dm(u)
0

The diagram on the left shows the way a
convolution is performed between a function
a(-), which is 0 for negative arguments, and
the renewal function m(t). For fixed ¢ > 0,
the diagram shows a(¢ — u) as a function of w.
Multiplying a(t — w) with dm(u) for v > 0
and integrating up to ¢ yields the value of the
convolution at £.

=\
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Now suppose that for large u, dm(u) ~ pdu, as would be suggested by BRT. Suppose,
for a moment that a(-) is O for large arguments. Then, for large enough ¢, over the range of
integration, the approximation dm(u) ~ pdu will be better and better as ¢ increases. To
see this, look at the picture and note that if a(+) is O for large arguments, for large enough ¢
all of the nonzero part of it will be “pushed” into the positive quadrant, and larger values of
t will push this nonzero part further to the right, thus multiplying it with dm(u) for larger
and larger u. Thus, we can write, for large ¢,

(axm)(t) = / a(t —u) pdu
0

This suggests the following result

tlgglo (axm)(t) —,u/ a(x)dz
0

In general, we would like to permit a(-) to be nonzero over all R*. The Key Renewal
Theorem provides an important technical condition that constrains the behaviour of a(t)
for large ¢, and permits the above limiting result to hold. We develop an intuition into this

condition before stating the theorem.
Consider the function a(u) shown on the left,

ie.,

1 if z<u<zxz+bd

a(u) a(u) = { .

otherwise
1 — t
Consider | a(t — u)dm(u). As discussed
\ ! 0
X X+b u> 00

earlier, this converges to v [ a(u)du = ub.
0

Note that this is also a consequence of BRT

(Theorem [3.16).
Next we consider a bounded function, a(t), defined for ¢ > 0. Define the following

function, forall 7z > 1,

a;(u) = inf,e((i—1)p,ip) a(z) foru € [(i —1)b,ib)
- 0 otherwise

and consider

a(u) =) a;(u)

=1
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Similarly, define, for all 7 > 1,

_ oy [ subae(—1ypapy alx) foru € [(i —1)b,ib)
a;(u) = :
0 otherwise
and consider -
=2 ail
=1
a(u) We show on the left a general function a(t).
A The positive x-axis is partitioned into equal
D i SRS § intervals of width 6. The piece-wise flat
: A function drawn with thin solid lines is a(-)
3 3 : 3 and the piece-wise flat function drawn with
0 b Db b u ™ thin dashed lines is a(-).

By the definitions of a(u) and @(u), it is clear that, for all ¢,

t
/ (t — u)dm(u
0

Thus, if it can be shown that the upper and lower bounds in this expression converge to the
¢

same quantity, as ¢t — oo, then that will be limy_, [ a(t — u)dm(u).

a(t —u)dm(u a(t — u)dm(u)

O\w
O\w

Now we can expect the following to hold

t t oo
t1i>120 a(t —u)dm(u tllglo Z; ;(t—uw)dm(u) = pb Z 2nf L a(z
0 0 =
and, similarly,
t t oo -
lim [ a(t —u)dm(u) = lim / a;(t —u)dm(u) = pb sup  a(z)
o0 J =00 ZZ; ' =1 w€l(i—1)b, ib)

Notice that the expressions b » 7%, inf,e((ip), i) a(z) and b 3 72 sup i1y, i) ()
are like lower and upper Riemann partial sums, except that they are taken over all [0, 00).
Now letting b — 0, if the upper and lower partial sums over [0, co) converge to the same
number then that must be equal to fooo u)du the Riemann integral, and a is said to be
Directly Rlemann Integrable (DRI) Thus if a(-) is DRI, the above argument suggests that

hmt_mof (t —u)dm(u ,uf
0
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Remarks 3.15.
00 t
(a.) Note that in standard Riemann integration we obtain | a(u)du = limy_, [ a(u)du,
0 0

¢
where [ a(u)du is the Riemann integral over [0, ¢], obtained by taking partial sums
0

over a partition of [0, ¢] and then letting the partition width (say, b) go to 0. Thus
standard Riemann integrability over [0, co) requires

[t/b] [t/b]
lim lim b inf = lim lim b
fa fimb > inf po@ = fim limbd,  suwp ()

On the other hand in direct Riemann integration over [0, c0) we set up the partial
sums by partitioning all of [0, c0), and then letting the partition width b — 0. Thus
direct Riemann integrability over [0, co) requires

[t/b] [t/b]
ol b 2 i, o) b D sup @

Note that the two requirements differ in the order in which the limits with respect to
b and ¢ are taken.

(b.) It can be shown that if a(u) is DRI over [0, o) then it is Riemann integrable but a
Riemann integrable function over [0, co) need not be DRI. Here is an example of a
Riemann integrable function that is not DRI. Define a(u) = 1 for u € [n — #, n+

#]’ forn =1,2,3,--- , and a(u) = O for all other v € R™. Thus, the graph of

a(u) comprises “pulses” of height 1 and width 7712 centred at the positive integers.
The Riemann integral of a(u) exists since limpy_; o0 25:1 n—lg < oo. However,
a(u) is not DRI since, for each b, there exists IV, such that for all n > N, ,712 < b,
and hence the upper Riemann sum over [0, co) will have an infinite number of 1s

contributed by the pulses centered at n > IV and is, therefore, oo for all b.

|
In general, the DRI property may not be easy to recognise, but the following result is
useful in many applications. We state the result without proof.

Lemma 3.6. If a function a : R™ — R is (i) nonnegative, (ii) monotone nonincreasing,
and (iii) Riemann integrable, then it is directly Riemann integrable.
|

Finally, we state the following important result without proof.
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Theorem 3.17 (Key Renewal Theorem (KRT)). Let A and F be proper distribution
functions with F(0%) < 1 and f 1— F(u))du =+ wzth w = 0 if the integral is infinite.

Suppose a(-) is directly Rzemann integrable. Then the following hold.

(i) If F is non lattice then

lim a(t —u)dm(u) = ,u,/ooo a(u)du

t—o00 0

(i) If A= F, and if F is lattice with span d, then for all t > 0
t+nd
lim a(t +nd —u)dm(u ,udz (t + nd)

n—oo 0

Example 3.9.

Consider a delayed renewal process with initial life-time distribution A(-) and the
subsequent life-time distribution being F'(-) with mean E(X3). We recall that, for given
y > 0, the residual life distribution is given by

PY(t) >y)=A(t+y)+ /0 Fe(t+y— x)dm(x)

where m(-) is the renewal function. Suppose F' is nonlattice and A(-) is a proper
distribution. It follows from KRT that

tlgrolo PY(t)>y) = 0+ ) /000 F(u+y)du
1 o
= E(Xg)/y (1= F(z))dz
= F(y)

which, as would be expected, is the same as the time average result. Notice that this result
states that the random process Y (t) converges in distribution to a random variable with
distribution F%. [ |

3.9 Limits for Regenerative Processes

What we have learnt above can be applied to obtain a fairly general condition for the
convergence in distribution of regenerative processes. Consider a delayed regenerative
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process B(t), t > 0. We are interested in lim; ,o, P(B(¢) < b). There is a random
time X7 at which the process regenerates. Let the law of the process obtained after the
regeneration be denoted by P,(-), where the subscript “o0” relates to the term “ordinary.”
To appreciate this notation, notice that we can write A(t) = P(X; < t), and F(t) =
P,(X1 < t); thus for this delayed regenerative process A(-) is the distribution of the first
cycle time and F'(-) is the distribution of the cycle times after the first regeneration.

It is now easy to see that the following renewal equation is obtained for any b € R

P(B(t)<b) = P(B(t)<b, X; >1) +/ Py(B(t — z) < b) dA(z)
0

where A(-) is the distribution of the time until the first regeneration instant. Let us denote
a(t) = P(B(t) < b,X1 > t), and a,(t) = P,(B(t) < b, X1 > t). Then it can be seen
that the renewal equation has the following solution

P(B(t) < +/aot:pdm x)
0

where m(t) is the renewal function of the delayed renewal process induced by the
regenerative process. Now, if a,(t) is directly Riemann integrable, and F'(-) is nonlattice
then, by Theorem |3.17}

t—o00

(o]
lim ao(t — x)dm(z ,u/ ao(u
0 0

oo
where % = [(1 — F(z))dx. Further, if A(-) is proper,
0
Ay () =0

Therefore, in such situation, we can conclude that

oo
lim P(B( ,u/ Py(B(u) <b, X1 > u)du
t—o0

0
Hence, if ;1 > 0 we find that the regenerative process converges in distribution to a proper
distribution (why is it proper?). It remains to obtain a condition that ensures that a,(-) is
DRI. We need the following definition

Definition 3.7. (a.) A real valued function is said to belong to D|0,00) if it is right
continuous and has left hand limits.
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(b.) A stochastic process B(t), t > 0, is said to belong to D (written B(t) € D) if
P{w : B(t,w) € D[0,00)} =1
[ |

The following is the main result, which we state without proof. We state only the nonlattice
version.

Theorem 3.18. For a generalised regenerative process {B (t 0}, with finite mean

),t >
cycle length E(X;) < oo, i > 2, and with A(c0) = B() > 0, converges in
distribution to

,u/Po ) < b, Xy > t)dt
0

if B(t) € D and F(-) is nonlattice. [ ]

Remarks 3.16.

(a.) The above theorem provides a very simple but powerful tool for proving the stability
of a stochastic process that can be shown to be regenerative. Under a fairly general
condition, from the point of view of applications, it suffices to show that the mean
cycle time is finite.

(b.) Let us look at the form of the limiting distribution and observe that

00 X1(w)
/ I B(tw)<b, Xy (w)>tydt = / It (tw)<vydt
0 0

Taking expectation on both sides with respect to the probability law P,(-), we obtain

00 X1
/ P,(B(t) <b, X >t)dt =E, </ I{B(t)gb}dt>
0 0

where E, (-) denotes expectation with respect to Py (+). Then multiplying with 1 on
both sides we find that the limit provided by Theorem [3.18]is consistent with that
obtained in Section

3.10 Some Topics in Markov Chains

We now turn to applying some of the results in this chapter to DTMCs.
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3.10.1 Relative Rate of Visits

Consider a positive recurrent irreducible Markov Chain X, k > 0, taking values in the
discrete set S. Suppose X = ¢, and consider any other state j. Consider first the instants
of visits to state 7. The Markov chain is now a delayed regenerative process with respect
to these instants. By the elementary renewal theorem, with probability 1,

n—1

.1 1
M 2 T = 4

where v; =Y 7 nf j(;), the mean recurrence time of j. Also, since the DTMC is positive
recurrent, denoting by 7;,j € §, its stationary probability vector, we know that 7; =
%, j € S. Consider now visits to ¢. These visits constitute an ordinary renewal process.
Let the reward in each renewal interval be the number of visits to j. Then, by the renewal
reward theorem, with probability 1,

n—1
.1 E(Vij
i L3 Ty = D)

n—oo N v;
k=0

where V;; is the random variable of the number of visits to j between visits to 7. We have
obtained the same limit in two forms, and these must be equal. Thus we obtain

E(Vi) _ 1

Vi Vj

or, -
E(Vij) = ;Z

Thus we conclude that in a positive recurrent DTMC the mean number of visits to state j
between consecutive visits to the state 7 is the ratio of the stationary probabilities of these
two states. This result is, however, not limited to positive recurrent DTMCs but holds more
generally under the condition of recurrence alone. We state the following result which we
shall have occasion to use in the theory of continuous time Markov chains.

Theorem 3.19. For a recurrent irreducible Markov chain with transition probability
matrix P, there exist solutions to u = uP, u > 0. For all i and j, the ratios % are
uniquely determined and
W
E(V;j) =2
(Vij) %
|

Remark: Note that if the recurrent DTMC is positive then the solutions of u = uP,
u > 0, will also be summable thus yielding a probability measure on S. In general,
however, for a recurrent DTMC the solutions of u = uP, u > 0, will not be summable,
but the ratios of their components, and hence the relative frequency of visits to states, are
uniquely determined.
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3.10.2 Limits of DTMCs

Consider again an irreducible recurrent DTMC X,,,n > 0,X,, € S. Let us view the
DTMC as evolving over multiples of a time-step, say 1. In this view point, all times
between visits to various states are lattice random variables. For example, letting 7; denote
the random variable for the time to return to j, we observe that P(T; = n) = and

hence - -
fii=Y P(T=n)=3 f7 =1
n=1 n=1

since we have assumed a recurrent DTMC. Thus 75 is a lattice random variable. Let d;
be the span of 7). If d; > 1 then we can say that j is periodic, as first returns to j only
occur at a number of steps that is a multiple of d; > 1. In general, for f;; < 1, we have
the following definition.

n
33’

Definition 3.8. For a state j of a Markov Chain if d; := g.c.d.{n : fj(:) >0} > 1then j
is called periodic, otherwise j is called aperiodic. |

The following lemma is an easy exercise that is left for the reader to prove.

Lemma 3.7.
g-c.d{n: f;;l) >0} =g.cd{n: pg-?) > 0}

Proof: Exercise. Hint: note that each element in the set {n : p(?) > 0} is a sum of one or

J
more elements of the set {n : f J(j") > 0}. u

In the following result we learn that the period of a state is also a class property.

Theorem 3.20. All states in a communicating class have the same period or are all
aperiodic.

Proof: Consider two states j and k£ in a communicating class. Then there exist » > 0 and
s > 0 such that p?,;) > (0 and p,(j}) > 0. Hence

(f+s)
13

> 0 and p,(;;js) >0

Hence, reading m|n as “m divides n,” and using Lemma we have
d;|(r + s) and di|(r + s)

Further, foralln > 1,
P > pl) pl) p)

Hence, foralln > 1,

pﬁ) > ( implies plrtnts)



3.10. SOME TOPICS IN MARKOV CHAINS 127

Now consider

N; = {n: p§?) >0}
Ny = {n: p,(g,? > 0}
N, = {r+n+s: ne N}

It follows that N; O Nj. Now, since d; = g.c.d. N;, we conclude that d;| N, where we
read m|A as “m divides every element of the set A.” But we also know that d;|(r + s).
Then it must be true that d;|N},. Hence d; < dj,. Similarly, d, < d;. Hence dj = dj,. W
Remark: We infer from this theorem and Lemma that if p;; > O for some j in a
communicating class C, then d; = 1 forall ¢ € C.

Theorem 3.21. For a recurrent irreducible Markov chain

(nd) _

(a.) Forall j, lim, o D = 1%’ where d is the period.

JJ

(b.) If the Markov chain is aperiodic then lim,,_, pgl) =1

v
Remark: When the period d > 1, then v; is a multiple of d. The first part of the result says

that starting in j at time 0, if we look at instants that are multiples of d then the probability
of finding the process in j at such instants converges to %. This makes sense if we think
J

of % as the time to return to j in “units” of the period d. The second part of the result
says that, in the aperiodic case, irrespective of the initial state the probability of being in j
converges to Vi Of course, in the null recurrent case, all these limits are 0, as expected.

J
Proof:

(i) Consider Xy = j and then visits to j form a renewal process whose life-times have
a lattice distribution with span d. Observe that

nd .
P = E(Iix,,— X0 = )
nd nd—1
- E((Z Tixy =5y — Z I{Xk:j}> | X0 Zj)
k=1 k=1
nd (n—1)d
= E Z Iixy =4y — Z Iix—jy | [ Xo=13
k=1 k=1

= my(nd) — my((n —1)d)

where the second equality is obtained since Ix,_;; = 0fork = (n—1)d+1, (n—
1)d+2,---,(n—1)d + (d — 1), since j has period d, and Xy = j. Applying the
lattice part of Blackwell’s renewal theorem (Theorem [3.16] Part (ii)), we obtain
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(i)
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By conditioning on the first visit to j

(n) (k) (n k)
Di; _Z f,]

k=1

Taking limits on both sides

Define

7 _ pg.?*k) w.D. fi(f) ifl1<k<n
" 0 ifk>n

Hence, by part (i) of this theorem, Z,, — Z ( ]) a constant. Further0 < Z,, <1
for all n. Hence, using the bounded convergence theorem (see Theorem|[1.7))

E(Zy) (— S A0 ’“’) - E(2) —1
k=1

Remarks 3.17.

(a.)

(b)

Consider a DTMC X,k > 0, with X, € {0, 1}, such that Xg = 0, po1 = 1,

and p1o = 1. Now this is a positive recurrent DTMC with stationary probability

mo = 0.5 = mq, and lim,, 1 ZZ é (()Ii) = 0.5. On the other hand, we see that

p((n) = 0 for k even, and p((n) = 1 for k odd. Hence p((ﬁ) itself does not converge.

We see that the period of both the states is 2, and pé%k) = 1 which is consistent with

the first part of the above theorem.

We have earlier shown (see Section [3.2.1) that for any recurrent discrete time

Markov chain
n
P
n Y
k=1

which matches the limit in the aperiodic case.
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3.11 Appendix

Theorem 3.22. f(x),x > 0, is right continuous at x = 0, and nonincreasing in x, and
foreach x > 0,y > 0, f(x +vy) = f(x)f(y). Then, either f(z) = 0,z > 0, or there
exists \,0 < \ < oo, such that f(z) = e, for x > 0.

Remark: The problem is one of finding the solution to the functional equation f(x+y) =
f(z)f(y), given some additional restrictions on f(-). The functional equation g(z + y) =
g(x) + g(y) is called the Cauchy functional equation.

Proof: Setting z = y = 0 in the functional equation for f(-), we see that

£(0) = (£(0))*

from which it follows that either f(0) = 0 or f(0) = 1. If f(0) = 0, then for every = > 0,
f(z) = f(0+z) = f(0)f(x), implying that f(z) = O, for all z > 0. The alternative
is that f(0) = 1. Suppose now that f(z) = 0, for some z > 0. Then, for all y > 0,
f(z+vy) = f(2)f(y) = 0. We conclude that f(z) = 0 for z > z. Hence, define

b=sup{z: f(x) >0}

Suppose that 0 < b < oco. Consider 0 < x < b,0 < y < b, with x + y > b. Using the
functional equation for f(-), and the definition of b, 0 = f(z + y) = f(z)f(y), implying
that either f(xz) = 0 or f(y) = 0, contradicting the definition of b. Hence, either b = 0
orb = o0. If b =0, we have f(0) = 1 and f(z) = 0,z > 0, contradicting the right
continuity of f(-) at x = 0. Hence, with f(0) = 1, the only possibility consistent with the
hypotheses is that b = oo, or f(z) > 0,z > 0.

With f(0) = 1, and f(z) > 0 for x > 0, we can take the natural logarithm on both
sides of our functional equation, yielding

Inf(z +y) =Inf(z) +Inf(y)

Define, for all z > 0, g(x) = —In f(x). By the hypothesis that f(-) is nonincreasing,
1 > f(x) > 0 for x > 0, hence we have 0 < g(z) < oo, for z > 0. Recalling
the Remark above, we see that g(-) satisfies the Cauchy functional equation. Since f(x) is
nonincreasing in x, g(x) is nondecreasing in z. Now, for every > 0, and m a nonnegative
integer, we observe that

g(mz) = mg(x) (3.6)

This also implies that g(0) = 0 (we get a contradiction by taking g(0) # 0). Now consider
xr = "z, where m and n are nonnegative integers, and z > 0,z > 0. It follows, using
Equation [3.6] that

ng(r) = mg(2)
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ie,g(™z) = "Tg(z),forall z > 0. Define A := g(1). Then A > 0; also, A < oo since, as
observed earlier, g(z) < oo for z > 0. We conclude that, for any rational r > 0,

g(r) = Ar

Now consider any x > 0, and determine rational sequences uy, vy, n > 1, such that
U < ug <ug < - < wuy, Tr,andwvy > vg > vy > oo+ > v, J x. Using the
monotonicity of g(-), we observe that, for every n > 1,

Ay, = g(un) < g(lﬂ) < Q(Un) = Ay

Letting n — oo, we conclude that, for z > 0, g(x) = Az (g(0) = 0 having been observed
earlier). Finally, we have, for x > 0,

fla)=e

3.12 Notes on the Bibliography

This chapter has been developed mainly from Wolff [[17]], with Cinlar [5] and Karlin and
Taylor [10] having been used as references. The tiny volume by Cox ([6]]) remains a classic
on the topic of this chapter.
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3.13 Problems

3.1. {X;,i > 1} is a sequence of i.i.d. random variables with P(X; = 1) = 1/2, and
P(X; =—1)=1/2. {Sp,n > 0} is a process defined as follows.

So=-1
and forn > 1,
n
Sn =S+ X
i=1
Let

N=min{j >1: S; =1}
i.e., IV is the hitting time of the state 1.
(a.) Show that N is a stopping time for the process {S,,n > 0}.

(b.) Clearly,

N
SN = —1+Z X
i=1

Show that an anomaly arises if we “apply” Wald’s Lemma to get E(Sy). Explain
the anomaly. (Hint: a hypothesis of Wald’s Lemma fails.)

3.2. Consider a discrete time ordinary renewal process with life time distribution py, k >
0. Let m,, denote the discrete time renewal function. Show that m,, = 22:1 r, where 7},
is the probability that a renewal occurs at k.

3.3. Consider an ordinary renewal process with life time distribution F'(-). Let U(¢) and
Y (t) denote the age and residual life processes. Show that, for given u > 0, y > 0,

Jim P(U() > u, Y(1) > y) = E()l(l) /O: (1 F(z))dz

3.4. Customers arrive in a Poisson process, N (t),t > 0, with rate \ to two queues QI
and Q2. The first customer is assigned to Q1, the next is assigned to Q2, and so on the
customers are assigned alternately to the two queues.

(a.) Show that the arrival process of customers to Q1 and Q2 are renewal processes, and
find their life-time distributions.

(b.) Show that these renewal processes are not independent.

3.5. {Ni(t)} and {Nz(t)} are two independent Poisson processes; {1 (t) + Na(t)} is
their superposition. Consider an observer at 7Y, the nth epoch of {Ny(¢)}.
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(a.) Obtain the distribution of the time until the next epoch of { Na(t)}.

(b.) Obtain the probability that the next epoch of {N;i(¢) + Na(t)} is an epoch in
{N1(8)}-

(c.) Obtain the distribution of the time until the next epoch of { N1 () + Na(t)}.

(d.) Obtain the mean number of epochs of { N1 (¢)} that the observer sees before the next
epoch of {Ny(t)}.

3.6. By example show that the superposition of two dependent Poisson processes need not
be Poisson.

3.7. Consider a DTMC { X}, X € {0,1,2,---}, with por = p12 = 5 = poo = pio,
and, for ¢ > 2, Di(i+1) = ;’% =1-— pio.

(i) Show that {X,,} is positive recurrent.

(ii) Obtain the stationary measure of { X, }, and hence show that, with probability 1,

3.8. {X1, X9, X3,---} are i.i.d. random variables with X; ~ Exp()), where A >
0. {Z1,%3,7Z3,---} are i.i.d. integer valued random variables (also independent of
{X1,X9,X3,---pHwith P(Z; =1) =p=1— P(Z; =0), where 0 < p < 1. Define, for
k>1,T, =%, X,

(a.) Define N(t) = sup{k : T), < t}. For 0 < t; < to, and k1, k2 nonnegative integers,

write down P(N(t1) = ki, N(t2) — N(t1) = ko). No derivation is required, but
justify your answer by stating theorem(s).

(b.) Define M(t) = SN0 7.

i. Derive P(M(t) = k), and provide an interpretation for your answer.

ii. For 0 < t; < to, write down P(M (t1) = ki, M(t2) — M(t;) = k2), and
justify the answer.

3.9. A person arrives at a pedestrian crossing line on a road. Assume that ¢ seconds are
required to cross the road, that the crossing is a zero width line, that the pedestrian can
judge the speed of the cars, and that he/she waits until the time to the next vehicle crossing
the line is > ¢ seconds.

(a.) First consider a one way, single lane road. The instants at which vehicles cross the
line constitute a Poisson process of rate \.
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i. Write down an expression for the distribution of the time until the first vehicle
crosses the road after the arrival of the pedestrian.

ii. Obtain the probability that the pedestrian waits for k cars before he crosses the
road.

(b.) Repeat (a) for a two way road with independent Poisson rate A traffic in each
direction, with the pedestrian requiring 2c seconds to cross the road (and the road
must be crossed without waiting at the lane separating line!).

3.10. Given A > 0, a point process on [0, 00) is constructed as follows: n points are
uniformly and independently placed on [0, %}, and then n is taken to co. Denote the

resulting point process by N ().
(a.) Derive P(N(t) = k) fort > 0.

(b.) Show that, fort; < t1+t <ty < to+wu, N(t1+t)— N(t1) and N (t2 +u) — N(t2)
are independent. (Hint: write the joint moment generation function and show it
factors, where for a random vector (X7, X3) the joint moment generation function

isE <zfﬁz§2>)
(c.) What can you conclude about the process N ()?

3.11. Consider a renewal process with i.i.d. life times {X;, ¢ > 1} with c.d.f. F. Let
{U(t), t > 0} denote the age process, i.e., U(t) =t — Zpp).

(a.) Show using the renewal reward theorem that, Yu > 0,

1 R
lim n / PU(t) <w)dr = £ 0/(1—F(;U))d;c

o

(b.) Show by formulating a renewal equation for U (¢) that

tlg& PU(t) > u) = E(;ﬁ) / (1= F(z))dz

3.12. {X,,,n >0} isa DTMC.
(a.) Find the distribution of the number of steps for which { X, } stays in a state j € S.

(b.) Write down a (discrete time) renewal type equation for K;;(n) = P (X,, = j|Xo = j).
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3.13. {V;, i > 1} and {W;, @ > 1} are independent sequences of non-negative i.i.d.
random variables with distributions H(-) and G(-). Intervals of lengths {V;} and {W;}
are placed alternately on the positive real line starting from the origin in the order
(Vi, Wy, Vo, Wo, V3, W3, --+). Let X; = V;+W;, and observe that we have an ordinary
renewal process embedded at the beginning epochs of the V; intervals. Define the process
Z(t) such that, Z(t) = 1if t is in a V; interval and 0 otherwise. Obtain expressions for

(a.) 1 [t
lim / It 7(uw)=1) du
0

t—oo t

®) i Pz =1)

t—o00

Show all your analytical steps, and state your assumptions.



Chapter 4

Continuous Time Markov Chains

In Chapter [2] we studied DTMCs, which are discrete time processes, X,,n > 0, that
take values in a discrete state space S and have the Markov property. A DTMC models
the evolution of a discrete valued random process in discrete time. In a sense we had a
model for the evolution of the state of a system, without any notion of the time spent in a
state. In this chapter we will study continuous time Markov chains (CTMCs), which are
processes that have the Markov property, take values in a discrete state space (hence the
term “chains”), but evolve in continuous time. For CTMCs, the time spent in a state will
be seen to be exponentially distributed, which is essential for their Markov property.

Definition 4.1. A process {X (t),t > 0}, X(t) € S, a discrete set of states, satisfies the
Markov property if, forallt > 0,s > 0, forall j € S

P(X(t+s) =jlX(u),u<s) = PX(t+s)=7jX(s))
Such a process is called a continuous time Markov chain. |

Remark: The idea of the Markov property is exactly the same as in the case of DTMC:s:
given the past and the present, the future is independent of the past. Unconditionally,
however, the future and the past are not independent, in general.

Example 4.1.
Let N(t),t > 0, be a Poisson (counting) process of rate \. N (t) takes values in
{0,1,2,-- - }. Further, we have, for ¢t > 0, s > 0, and fixing the value of N (s) =i (< j),
P(N(t+s) =j|N(u),u < s,N(s) =1)
= P(N({t+s)—N(s)=j—iN(u),u <s,N(s)=1)
= P(N({t+s)—N(s)=j—1)
= P(N(t+s)=j|N(s) =1)
where the second equality follows by the independent increment property of the Poisson
process. Thus we see that the process N (t),t > 0, is a CTMC. |

135
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4.1 Transition Probability Function

Let X (t),t > 0, be a CTMC. As in the case of DTMCs, we shall assume the property of
time homogeneity, i.e., P(X(t + s) = j|X(s) = i) does not depend on s, and is denoted
by p;j(t). The transition probability matrix over time is denoted by P(¢) and has elements
pij(t),i,j € S. We can think of this as a family of matrices indexed by ¢ > 0, or as a
matrix valued function with a time argument. As in the case of DTMCs, we observe that

(a.) For each ¢, P(t) is a stochastic matrix. Thus, for all 7, j, and ¢ > 0, p;;(t) > 0, and
foralli € S, ;s pij(t) = 1. We define p;;(0) = 0if i # j, and p;;(0) = 1, i.e.,
P0)=1

(b.) Forallt > 0,s > 0, P(t + s) = P(t)P(s). These are called the Chapman-
Kolmogorov equations; the derivation is exactly the same as that for DTMCs in
Theorem 2.11

In addition to defining P(0) = I, let us assume that lim, o P(¢) = I; i.e., the transition
probability function P(¢),¢ > 0, is assumed to be right continous at 0. The Chapman-
Kolmorov equations can then be used to show that the transition probability function is
continuous for all ¢ > 0. The right continuity at any ¢ > 0 can be seen immediately by
writing P(t + h) — P(¢) = P(¢)(P(h) — I); the assumed continuity at O implies right
continuity at any ¢ > 0.

Note that, unlike DTMCs, there is no “one step” transition probability matrix that
determines the P(t) for all other ¢. The following results are obtained exactly as in the
case of DTMCs and are presented without proof.

Theorem 4.1. The following hold for a CTMC X (t),t > 0.
(i) Forall0 <t1 <---<tp, andall ig,i1,i2--- € S.
P(X(t1) = i1, X(t2) =iz, , X(tn) = in]X(0) = io)
= Digiy (t1)Piyip (t2 — t1) = Pip_yin (tn — tn—1)
(ii) If P(X(0) = i) = m(¢) then
P(X(t1) = i1, X(t2) =g, -, X(tn) = in)

= Y 7(i0) Pigis (1) Piia (t2 = t1) -+ iy _yiy (b — tn1)
i0ES

Remark: Thus, in order to specify the finite dimensional distributions of a CTMC, in
general, we need the initial distribution and the transition probability function P(¢), for
all £ > 0. Note the contrast with a DTMC, where the stochastic process is completely
specified by the initial distribution and the one step transition probability matrix. The
characterisation can be simplified for regular CTMCs, as we shall see in Section [4.4]
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4.2 Sojourn Time in a State

Just as in the case of the Poisson process, the simple independence assumptions (i.e., the
Markov property) result in some very specific results. Let us view a CTMC, X (¢),t > 0,
as moving randomly from state to state, spending random amounts of time in each state.
For all ¢ > 0, define

Y(t)=inf{s >0: X(t+s) # X(t)}
i.e., Y () is the remaining time that the process spends in the state that it is in at time ¢.

Theorem 4.2. Foralli € S andt > 0,u > 0,
P(Y(t) > ulX(t) =i) =e "
for some real number a; € [0, ].

Remark: This result states that given that X (¢) is in the state ¢ at time ¢ the remaining
time in ¢ is exponentially distributed with a parameter that depends only on 7. Intuitively,
it can be seen that this result is necessary for the Markov property to hold. The remaining
time should depend only on the current state, and also should not depend on how much
time has already been spent in the state. The latter observation points to the memoryless
property of the exponential distribution.

Proof: Define

gi(u) = P(Y(t) > ulX (1) = i)

where the lack of dependence on ¢ in the term on the left hand side is because of the
property of time homogeneity. We can now write

gilu+v) = P(X(s)=i,t<s<t+u+v|X(t)=1)
= PX(s)=i,t<s<t+u X(s)=i t+u<s<t+u+vX(t)=1)
= P(X(s)=id,set,t+u]l| X(t)=1)-
P(X(s)=ti,s€ (t+ut+u+v]| X(t)=14X(s)=1i,s€t,t+u))
= gi(w)P(X(s)=ti,se€t+ut+u+v] | X(t+u) =1)
= gi(u)gi(v)

where we used the Markov property in the fourth equality, and time homogeneity in the
fifth equality. By definition, g;(+) is a complementary c.d.f., hence is right continuous and
nonincreasing. It follows, from Theorem [3.22} that g;(-) must be of the form

gi(u) = e~™"
for some 0 < a; < oo, or g;(u) = 0, for all uw > 0. For compact notation, we denote the
latter case by g;(u) = e~ %%, with a; = 0. [ ]
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Definition 4.2. Given a CTMC X (t), a state i is called
(i) absorbing if a; = 0,

(ii) stable if 0 < a; < oo, and

(iii) instantaneous if a; = oc.

Remark: We will make the simplifying assumption that X (¢) has no instantaneous states,
i.e., we will focus on pure jump CTMCs that evolve by moving randomly from state to
state, and, with probability 1, spending positive amounts of time in each state.

4.3 Structure of a Pure Jump CTMC

The content of the following definition is identical to that of Definition

Definition 4.3. Given a CTMC X (t), a random variable T' : Q0 — [0, o] is a stopping
time for X (t), if for every t > 0, Iyp<yy = f(X(u),u < t), where f(-) takes values in
{0,1}. [ ]

Remark: If 7}, is the nth jump instant of a CTMC, then 7, is a stopping time. For any
given ¢, ' = t is a stopping time.

Definition 4.4. A Markov Chain is said to be strong Markov if, for any stopping time T,
forallii,ig, - ip €S, and 0 <ty < to < -+ <ty

P(X(T+t) =i1,...,X(T+ty) =in | X(u),u < T) =

Px(1)iy (01)Piviny (B2 — 1) -+ Piy i, (B — tn-1)
“4.1)

over {T < oo}. [ |

Remark: The qualification “over {T" < co}” requires explanation. In the left hand side
of (@.T)), the conditional probability is a random variable. The assertion is that this random
variable takes the value on the right hand side in those realisations in which {T" < oo};
i.e., when the stopping time is finite, the evolution of the CTMC beyond the stopping time
is as if it statistically restarts in the state it is in at the stopping time. In particular, we can
conclude that

PX(TH+t)=t1,...,.X(T+tp) =in | X(u),u <T, X(T)=1ip,T < 0) =

P(X(tl) =1, .. aX(tn) = Zn‘X(O) = Z.0)

We state the following important result without proof.
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Theorem 4.3. A pure-jump CTMC is strong Markov. |

We are now ready to develop the jump structure of a pure-jump CTMC. Let Ty =
0,77, Ts, - - - be the successive jump instants of the CTMC. Let X,, = X(7,,),n > 0, i.e.,
X, is the process embedded at the jumps. X,,,n > 0, is also called the jump chain; as
might be expected, we will see that it isa DTMC on S.

Theorem 4.4. Fora CTMC X (t),t > 0,0n S, foreveryn, i,j € S, and u > 0, whenever
T, < oo,

P(Tn+1 _Tn > U,Xn+1 :j‘X()u 7Xn = 7;; Tg,"' 7Tn} = Dij e it
where

Z pij = 1, pij > 0. Further, a; >0 = p;; =0, anda; =0 = p; =1
jES

Proof: Clearly T,, is a stopping time. Now, for a pure jump process, conditioning on
Xo, -, Xn,To, -+, T), is the same as conditioning on X (¢),¢ < T,. Hence the left
hand side in the expression in the theorem is

P(X(Tut1) = s Tusr = T > u | X(u)yw < Toy X, = 1)
We can now write (from Theorem §.3] when T;, < o0)

P(X(Tn41) = 4, Tpr — Tn > u | X(u),u < Ty, X7, = 1)
= P(X(Th) =34, Ty >u| X(0)=1)
= P(T1>u|X(0)=1) - P(X(T1) =j | Xo=14,T1 > u)
= " PXu+Y)=7]X(s)=1i,s<u)
= e " PX(u+Y(u)=j|X(u)=1)
= e " PX(Th) =j| Xo=1)

—QiU .

= ¢ Dij
where p;; = P(X(11) = j | Xo = 4). In writing the above sequence of equalities, in
the first equality we have used the strong Markov property, in the fourth equality we have
used the Markov property, and in the fifth we have used time homogeneity. When a; > 0,

by the definition of 77, X (77) # X(0), hence p;; = 0. Also, if a; = 0 then the state i is
never exited; hence, p;; = 0 for j # 4, and p;; = 1. [ |

Remarks 4.1.

(a.) Thus we see that the state that a pure jump CTMC enters at a jump is independent
of how much time was spent in the previous state.
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(b.) Setting u = 0 in both sides of the expression in the theorem, we conclude that
P(Xn+1 :]|X07 aXn — iaTOa' t >Tn) :pZ]

From this it can be easily shown (as an exercise) that X,,,n > 0,isa DTMC on S,
with transition probability matrix P whose elements are p;;. Thus X,,,n > 0, is
called the embedded Markov chain of the DTMC X (t),t > 0.

Example 4.2 (Poisson Process).

We saw in Example that a Poisson process N (t),t > 0, is a CTMC. It is also a
simple observation that for N (¢), forall ¢ > 0, a; = A, and Pi(i+1) = 1. |

Example 4.3 (The M/M/1 Queue).

An M/M/1 queue is a single server queue with Poisson arrivals and i.i.d. exponentially
distributed service times. Let the arrival rate be A and the parameter of the exponential
service time be i, i.e., the mean service time is % Let X (¢) be the number of customers
in the system at time ¢; hence X (¢) is a jump process that takes values in {0, 1,2,3,--- }.
Let us first observe that

P(X(t+5) =7 | X(u),u<tX(t)=i)=P(X(s) = |X(0) =)

This is because, given that X (¢) = ¢, the future increments of the arrival process are
independent of the past, and also the residual service time of the customer in service is
independent of the past. Thus we conclude that X (¢),¢ > 0, is a CTMC. Now given that
X(t) =i > 0, the remaining sojourn time in this state is exponentially distributed with
parameter A + u; further, the next state is ¢ + 1 with probability ﬁ If X(t) = 0, then
the state does not change until an arrival occurs. The time until this arrival is exponentially
distributed with parameter A. In summary, we find that

A for: =0
Ul A+ fori >0

and
1 fori=0,7=1
fort >0,j=i+1

bij = /\,t“ . . .
e fort >0,5=1—1
0 otherwise
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4.4 Regular CTMC

In Section .3] we found that the jump structure of a CTMC is characterised in terms
of the jump transition probability matrix P, and the vector of rates of the exponentially
distributed sojourn times in each state, denoted by the vector a. Given a transition
probability matrix P and a vector of nonnegative numbers a, we could ask whether
these suffice to completely describe a CTMC. In other words, whether a unique transition
probability function P(t),¢ > 0, can be derived. So the question is the following. Given
the embedded Markov chain X,,,n > 0, and the jump instants Ty, k > 1, let us define a
random process X (t) by X (¢) = X,, fort € [T}, T,+1). Does this define X (¢) for all
t > 07 The answer to this question is “yes” only if for each ¢ there exists an n > 0 such
thatt € [T, T,,+1). Let us define

o0

§:= Z(Tn-H - Tn)

n=0

Suppose that for some w, £(w) < oo, then for this w, for t > £(w), the above construction
of X (t) fails. In addition, if P({ < co) > 0, then with positive probability the construction
fails. The following is an example of a pair P and a for which this happens.

Example 4.4.

Let the state space be S = (0,1,2,---). Fori > 0, let p;;11) = 1 and a; = % where
0 < A < 1. With Xy = 0, the embedded Markov chain jumps successively from state 0 to
1 to 2 and so on, staying in the successive states for exponentially distributed times with

means A, > 0. We can then see that, with ¢ defined earlier,

E¢) = D X
1=0

< o0

This implies that P({ < oco) = 1. Thus, in this case, X (¢) as constructed above will not
define a process for all £. ]
Remark: With reference to the above example, we note that there are several ways to
continue the construction beyond the random time Z; := £. One possibility is to “reset”
the process to 0 at £&. The process will again evolve through the states 0, 1,2, - - - , and there
will be a subsequent time Zs, distributed identically to &, at which again the process will
need to be reset to 0. Another possibility is to reset the process at Z; to some randomly
chosen state according to some distribution. We note that each such construction yields a
different CTMC, and in fact yields a different transition probability function P(¢). Thus,
in general, the pair P and a do not uniquely specify a CTMC.
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We will limit ourselves to the following important restriction that suffices for most
practical applications.

Definition 4.5. A pure jump CTMC X (t),t > 0, is called regular if §& = oo with
probability 1. ]

Remark: This definition basically says that a regular Markov process can be constructed,
as we did earlier, from its embedded Markov chain and the state sojourn times. Later we
will see how to obtain the transition probability function, P (), from the parameters P and
a of the jump structure.

The following results provide simple checks to determine whether a CTMC is regular.

Theorem 4.5. For a pure jump CTMC, if there exists v > 0, such that a; < v, for all
i € S, then the CTMC is regular.

Proof: Let P = [p;;] denote the transition probability matrix of the EMC of the CTMC.
We use the important idea of uniformisation. Consider a Poisson process N (t), of rate
v. We construct the CTMC, X (¢), by embedding its jumps at the points of the Poisson
process, as follows. Let Zy = 0, and let Z;, k > 1, denote the successive points of the
Poisson process. Let X (0) = 4, and let X (¢) = ¢ until Z;. At Z; the CTMC jumps with
probability 7%, and continues to stay in 4 with probability 1 — 2. If the CTMC jumps,
the next state is j with probability p;;. Let T denote the instant of the first jump of the
CTMC. Note that we can write .
T = Z Wy
k=1

where M is a random variable, with P(M = m) = (1— %)™ 1% form > 1, Wy, k > 1,
are i.i.d. exponentially distributed with mean %, and M is independent of the sequence
Wi, k > 1. It can easily be shown that T is exponentially distributed with mean a% It
follows that the above construction correctly captures the evolution of the jump structure
of the CTMC. Now observe that as long as there are jumps in the Poisson process, N (¢),
there will continue to be jumps in this construction. But, since v > 0, with probability 1,
limy_, o Zr = 00. Hence there is no finite time at which the last jump of X (¢) occurs.

Hence, X (¢) is a regular CTMC. [ ]

The following corollary is an immediate consequence of the previous result.
Corollary 4.1. A CTMC with a finite number of states is regular. |

In Chapter 2] we have learnt how to recognise that a DTMC is recurrent. These techniques
can be used in applying the following result.

Theorem 4.6. A pure jump CTMC whose EMC is recurrent is regular.
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Proof: Since the EMC is recurrent, there must be a state j with a; > 0. Now j occurs
infinitely often, and in each visit the time spent in j is exponentially distributed with mean
a%' Let us now extract out these times. We have a Poisson process of rate a; > 0. Since
the total time covered by the “interarrival” times of this Poisson process is oo, it follows
that £ = oo with probability 1, and, hence, that the CTMC is regular.

|

4.5 Communicating Classes

Definition 4.6. For a CTMC X (t) on S, and i,j € S, we say that j is reachable from i if,
for some t > 0, p;j(t) > 0, and we denote this by i — j. Wheni — j and j — i, we say
that i and j communicate and denote this by i <> j. |

Remark: As in the case of DTMCs, < is an equivalence relation on S, and it partitions S
into equivalence classes called communicating classes.

We recall that the communication structure of a DTMC is basically a property of the
transition probability matrix, and state the following simple correspondence between a
regular CTMC and its EMC.

Theorem 4.7. A regular CTMC and its EMC have the same communicating classes.

Proof: It suffices to show that i — j in the CTMC if and only if ¢ — j in the EMC.
Suppose 7 — j in the EMC, then there is a path 7,71, 72, - - ,%,,—1, 7 Of positive probability
along which j can be reached from ¢ in the EMC. Now a; > 0,a;;, > 0,--- ,qa;, , > 0,
since, otherwise, one of the states in the path would be absorbing and j could not be
reached from ¢ along this path. It follows that the total time along this path in the CTMC
is a proper random variable, being the sum of n independent exponentially distributed

random variables with means -, -1 1 ... 1 Denote the cumulative distribution

a;’ i’ iy’ P an—1"

function of this random variable by A(-). Now, for a regular CTMC, we can observe the
following
P(X(t) = j1X(0) = i)
> P(Xi1=101,Xo=1d2," , Xpn_1=1ln-1,X, =7, X(t) =j|X(0) =19)
= P(Xi =11, Xo =12, , Xp-1=in1,X, = j|X(0) =14)
' P(X(t) :]|(X0 = i7X1 = i17X2 :i27"' 7XTL71 :Z.nflaXn :]))
t
> P(Xl = il,XQ = ’iQ, ce ,Xn,1 = Z'nfl,Xn = j’X(O) = i)/e_“f(t_“)dA(u)
0
> 0

In this computation, the second inequality follows because, given (X = i, X1 = i1, Xo =
i9, s Xpn_1 = in-1,Xn = j), the c.d.f. of T,, is A(+), and one way that X (t) = j is
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that 7,, < t, and the sojourn time in j, the state entered at time 7},, exceeds t — T},. We
conclude that, in the CTMC, ¢ — j.

Also, clearly, for a regular CTMC, if j is not reachable from 7 in the EMC then j cannot
be reachable from ¢ in the CTMC. |

4.6 Recurrence and Positivity

Definition 4.7. For a CTMC X (t),t > 0,0n S, for j € S, and with X (0) = j, define Sj;
as follows
S;=inf{t >0:t>Y(0), X(t) = j},

i.e., Sjj is the time to return to state j after once leaving j (recall that Y (0) is the sojourn
time in the state that the process is in at time 0). Then, the state j is said to be recurrent
in the CTMC if P(S;; < 00) = 1. An irreducible CTMC is called recurrent if each state

j € S is recurrent. |

Remark: We recall, from Section [3.10.2] that there is a notion of periodicity in DTMCs;
i.e., an irreducible, periodic DTMC returns to a state only in a number of steps that is
a multiple of the period d > 1. In a CTMC, however, for every i € S and ¢ > 0,
pii(t) > e~%! > 0, hence there is no basic time-step in multiples of which the CTMC is
found in the state ¢, having started in the state ¢. Hence, there is no notion of periodicity
for CTMC:s. It is easy to see, however, that a CTMC can have a periodic EMC.

Theorem 4.8. An irreducible regular CTMC is recurrent if and only if its EMC is
recurrent.

Proof: If there is only one state, there is nothing to prove. So let |S| > 2. Denote the
CMTC by X (t), and its EMC by Xj. Suppose that X} is recurrent. Then we know
(Theorem [2.6) that every state is recurrent in X},. Consider j € S, and let T} denote the
recurrence time of j, and we have P(T; < oo) = 1. Since X, k > 0, is recurrent (and
|S| > 2) there cannot be any absorbing states. Hence, forall i € S, 0 < a; < co. Thus, if
T; < 00, Sj; is the sum of a finite number of exponentially distributed state sojourn times,
each with finite mean, and hence is finite with probability 1. It follows that S}; is a proper
random variable, for each j, and hence that X (¢) is recurrent. By the same token, if the
EMC is transient, i.e., there is a state j such that P(7; = oo) > 0, then P(S;; = 00) > 0,
and the CTMC is also not recurrent. |
Remark: Thus we see that the recurrence/transience of an irreducible regular CTMC can
be inferred from the same properties of its (irreducible) EMC. However, we will see below,
that a CTMC and its EMC do not share the property of positivity or nullity. For example,
a CTMC can be positive, while its EMC is null, and vice versa.
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Theorem 4.9. For an irreducible recurrent CTMC, whose state sojourn times have
parameters a, and whose EMC has transition probability matrix P,

1 U;

E(Sj) =D =

Y tes Y

where u > 0 is a solution of the system of linear equations u = uP.
Proof: Denote the CTMC by X (¢), and let X (0) = j. Since the CTMC is recurrent, so

is the EMC; hence, by Theorem [3.19] there exists a positive vector u, such that u = uP.
Further, for each 4,5 € S, 7+ = E(V};), where V}; is random number of visits to state
J

between successive visits to j in the EMC. Let W,gl), k > 1 denote the successive sojourn
times in state ¢ € S; this is a sequence of i.i.d. random variables with an Exponential(a;)
distribution. Now, we observe that,

V..
1 ~ ()
E(Sj;) = p +E ig;# ; W, 4.2)

where, on the right hand side, the first term is the mean time until the CTMC leaves 7, and

the second term is the time spent in the other states before return to j. Note that, for each

i, Vj; is independent of w ,k > 1, the sequence of times spent in the state 7. Hence

Uit () u; 1
E WYl = 2=

which is actually a trivial case of Wald’s Lemma. Further, in Equation 4.2} since the terms
inside the first sum in the second term on the right hand side are all positive, we can use
monotone convergence theorem (Theorem[I.6)), to conclude

1 u; 1
E(Sjj) = P Z i;
I eSOt
which is the same as the displayed formula in the theorem statement. |

Theorem 4.10. Let { X (t),t > 0} be an irreducible recurrent CTMC.

(i) Foralli,j € S, limy_,o p;j(t) exists and is independent of i. Denote this limit by
7Tj,j e S.

(ii) Thenmj > 0, forall j € S, ifand only if ), s Z—z < o0, where u > 0 is a solution

. . o 1/a;
of the system of linear equations u = uP; in this case m; = % and we say that
77

the CTMC is positive. On the other hand, if ) ;. g o+ = oo then m; = 0, for all
j €S, and the CTMC is null.
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Remarks 4.2.

(a.)

(b))

(c)

(d)

Note that the result asserts that for an irreducible recurrent CTMC the limit

limy o0 pij (t) always exists. This is in contrast to the case of DTMCs where
(k)

the existence of the limit of i requires the condition of aperiodicity (see

Section(3.10.2)).
We notice from Theorem (4.9 that the requirement that ;¢ ¢+ < 0o is equivalent

to E(S;j) < ooforall j € S. Itis then easily seen, from the renewal reward theorem

(Theorem 3.2)), that
¢

1 1/a;
lim — [ pji(u)du = J

t—oo t
0

which, as expected, is the form of 7;, j € & displayed in the theorem statement.
In the positive case, the expression for 75, j € S, can also be written as

uj/a;

2ies a

T =

showing that 7; is proportional to Z—j

Observe that the EMC is positive if and only if ) ;4 u; < oo, where u > 0 is a
solution of the system of linear equations u = uP. Thus we see that the condition
for the EMC to be positive recurrent and for the CTMC to be positve both involve
a vector u, whereas the condition for the CTMC to be positive also involves the
state sojourn time parameter vector a. Hence, in general, a recurrent CTMC and its
(necessarily, recurrent) EMC do not share the property of positivity or nullity. We
will see an example a little later.

Proof: Let Fj;(-) denote the c.d.f. of Sj;. Now we can write the following renewal
equation for p;;(t).

t

pyj(t) = e " + / pjj(t —u) dFj;(u)
0

Here the first term corresponds to the case of being in j at time ¢ because of never leaving
7 until £. The second term corresponds to the case of the CTMC leaving j before ¢; then,
in order to be in j at time ¢, the process must return to j; the renewal argument is with
respect to the time of first return, which occurs in the interval (u, u + du) with probability
dF}j(u). Solving this renewal equation we obtain

t

pjj(t) = e~ %" + / e~ dmyj(u)
0
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where m;(t) is the renewal function of the ordinary renewal process comprising visits to
the state j with the initial state being j. We know that F}; is nonlattice (being the sum
of a random number of exponentially distributed random variables); also since e =% is
Riemann integrable and monotone decreasing, it is directly Riemann integrable. Hence,
applying KRT (Theorem [3.17)), we obtain

P s

Similarly, we obtain, for ¢ # j,
t
pij(t) = / eiaj(tiu) dmw(u)
0

where m;;(t) is the renewal function of the delayed renewal process comprising visits to
the state 7, with the initial state being 7. Again, applying KRT, we obtain

. () = 1 1
e TE(S)) 4
The result follows after recalling the expression for E(.S};). u

Definition 4.8. For a regular CTMC, for all i,j € S,i1 # j, define q;; = a; p;j, and,
foreach i € S, define q;; = —a;. The |S| x |S| matrix Q with elements ¢;; is called the
transition rate matrix of the CTMC. |

Remarks 4.3.

(a.) Notice that the row sums of Q are 0. Also, given Q we can obtain the transition
probability matrix, P, of the EMC, and the rate vector a. The diagonal elements of
Q yield a, and then each off-diagonal term of Q yields the corresponding element
of P.

(b.) The elements of QQ have an important interpretation. Consider the evolution of the
CTMC, X (t), and let us separate out all the times during which the process is in
the state 7. These will constitute a sequence of exponentially distributed times with

mean a% If we “string” all these times together we obtain a Poisson process of rate

a;. This is the conditional time during which the process is in the state ¢. Each point

of this Poisson process corresponds to an entry or exit from state ¢ in the original

process. Thus a;(= —¢;;) can be interpreted as the rate of leaving i conditioned on
being in 7. Now let us consider those transitions out of ¢ that cause a jump to j. Each
transition out of 7 is independently a jump to j with probability p;; and a jump to
some other state (not in {¢, j}) with probability 1 — p;;. Look at the corresponding
points of the conditional time Poisson process. By virtue of the sequence of choices
of whether or not to jump to j constituting a Bernoulli process, these points of the
Poisson process now constitute a Poisson process of rate a;p;; = g;;. Thus ¢;; is the
conditional rate of leaving ¢ to enter j, where the conditioning is that of being in .
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Theorem 4.11. An irreducible recurrent CTMC is positive if and only if there exists a
positive probability vector 7, with elements m;,j € S, that solves the system of linear
equations wQ = 0. Such a probability vector is unique.

Proof: Since the CTMC is irreducible recurrent, by Theorem there exists a positive
vector u such that u = uP, where P is the transition probability matrix of the EMC. Such
a u is unique up to a multiplicative constant. Also, since the CTMC is irreducible, for all
1 € S, a; > 0 and the diagonal elements of P are 0, i.e., p;; = 0. Let us now observe that

7Q=0,7>0, w-1=1 iff foralljeS,—qujj:quij, >0, 7-1=1
i#j
iff foralljeS,Wjaj:Zmaipij, >0, 7-1=1
€S
iff forall j € S,defining u; := 7;a;,

. %
uj :Z u;pi; (ie,u=uP),u>0, Z a—: =1<x
i€S i€S

Thus

U;
— <0

7Q=0,7>0,w-1=1 = thereexistsu > 0,u = uP, Z
: a;
1€S

= the CTMC is positive by Theorem {.10]

On the other hand, using Theorem4.10]

if the CTMC is positive = there exists u > 0,u = uP, Z & =1
ics Y

= defining, forall j € S, 7; := u—,

wsatisfiesmQ =0, # >0, w-1=1

Next we show that when there is a solution to wQ = 0, = > 0, 7 - 1, it must be

unique. Suppose there are two solutions 7w(1) and 7(2). Define the vectors u) and u(®
1) 1)

W = 7Mg,; and u? = 7P q;. As seen above, u = uP and u® = u@P.
(1)

Now, by Theorem [3.19} there exists o > 0, such that, for every ¢ € S, % = «. Hence
u;

by u

@, 1)

% = q,le., ﬂig) = «; since the vectors 7w(1) and (2 are positive probability vectors,
mag ™
this implies that o = 1, and hence they are the same. |

Remark: The equations wQ = 0, 7 > 0, 7 - 1, have an important interpretation. We

note that m; = % is the long run fraction of time that the CTMC is in state j, and
27

Tia; = ﬁ is the unconditional rate of entering or leaving j. Now, for each j € S, we
77



4.7. BIRTH AND DEATH PROCESSES 149

have mja; =), 25 Tidij- The left hand side of the equation for j is the unconditional rate
of leaving j. Similarly, the ith term in the sum on the right hand side is the unconditional
rate of leaving ¢ to enter j, so the sum is the rate of entering j. Hence the equations
wQ = 0 express the equality of rates of leaving j and entering j in equilibrium. For each
Jj the equation mja; = ), 25 Tidij is also called the global rate balance equation at j,
or simply the global balance equation at j. The term “global” is used since the equation
expresses the rate balance between all other states and j. Together the set of equations
7wQ = 0 are called global balance equations.

Transition rate diagram: The transition rate
matrix, Q, of a regular CTMC can be depicted
q j pictorially via a transition rate diagram. The figure
— @ on the left shows a fragment of such a diagram.
@ Note that we show the off-diagonal terms g;;,7 #
j, and we do not show g;; since ¢;; = —a; and
q ik a; = Z#i ¢ij. The fact that the CTMC stays in a
state for an exponentially distributed time is implicit.
® Thus, the following is the transition rate diagram of
the queue length process of an M/M/1 queue with

arrival rate A, and service rate .

A
Ay
©) D @ ..QELESE) (:). .

4.7 Birth and Death Processes

An important example of a pure jump CTMC on S = {0,1,2,..., } is provided by the
following transition rates

aji+1) = )\j fOl‘j >0
qjj-1) = py forj>1
gjrx = 0 otherwise

Thus, forall j > 1,
a5 = —(Nj + 1)

and ggo = —\o. These transition rates are depicted in the following transition rate diagram
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Ao A Ao N
—5 — 2 —a

®,_ T, @ @ D -
1 42 J J+1

Exercise 4.1.

Show that the number in system process X (¢) of an M/M/c system, where ¢ (> 1)
denotes the number of servers, is a birth and death process, and display the transition rate
diagram. |

This CTMC is irreducible if, forall j > 0,0 < A; < oo, and forall j > 1,0 < p; <
oo. Let us denote the transition probabilities of the EMC by

Aj )
PiGi+1) = Uj = forj>1
3(3+1) J A+ 1
po1 = u =1
Hj .
PiGj—1) = dj= forj>1

The other transition probabilities are 0. Denote the transition probability matrix by P.

Denote by P the matrix obtained by deleting the first row and first column of P. By
Theorem if the only solution of y = Py, with 0 <y < 1,is y = O then the EMC is
recurrent. Hence we now proceed to examine the solutions of y = Py. The first equation
is

Y1 = u1ye

or, equivalently, since d; + u; = 1,

dy
diyr = u1(y2 —y1) or Yo —y1 = e
Continuing, for j > 2, we obtain
Yj = Yj—1d; + Yjp1u;
or,
ujyj + d;y; = yj-1d; + yjr1u;
and, therefore, for j > 2,

d.;

(Wir1 —yj) = —=(yj — yj-1)
Uj
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Define, for j > 1, z; = y;+1 — y;. Then the above expressions become

dq
21 = —n
u1
d.;
zZj = f]ijl fOI’jZQ
Ui

J

Now, for j > 1, we can write
Yi =%2j—1+zj—2+--+21+0Nn

It follows that any solutionto y = f’y must satisfy

divoidi dii---d d
yj=<J1 = 1+~-+1+1>y1

Hence there exists no positive bounded solution if and only if
o0
di---ds
1+ Z Bt
- ul DR u]
J=1

or, substituting the expressions for d; and u;, we obtain the following necessary and
sufficient condition for the recurrence of the EMC and hence of the birth and death process

Z M g — o
= YRy

After verifying that the CTMC is recurrent we can take recourse to Theorem to
determine if it is also positive. Hence we consider solutions to #Q = 0, w > 0, and
wl=1.

Exercise 4.2.

Show that for a birth and death process the global balance equations are equivalent to
the following equations: for all j > 0,

TjAj = Tj+1Hj+1

Hence conclude that any positive solution of wQ = 0 is summable if and only if

Sl YN S VIl
14—2701 j1<oo

o1 MRz

|
In the case in which there is a positive summable solution of wQ = 0, the above exercise
also yields the form of the solution. We have established the following result
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Theorem 4.12. A birth and death process is recurrent if and only if
o
Z e Y o 0
= AL A
In that case, if \j + p; < oo for all j, then the process is also regular. The process is
positive if and only if

= M1 g
and then i
SN VRS VIl
T = 1+Z 0 Il
1 M1l
J
and, for j > 1,
Chs)
Ty = 0
M1 g
[ |
Example 4.5.
A Ny AP Ayt
— — — — —

Consider a birth and death process with \; = pu;, for j > 1, so that d; = u; = %

ujik = ~, with
0 < «v < 1. The transition rate diagram is displayed above. Then it easily follows from
Theorem[4.12]that the CTMC is positive. Hence here we have an example of a CTMC that

is positive but its EMC is null. ]

Hence the EMC is a recurrent null random walk. Suppose, for 57 > 0,

4.8 Differential Equations for P ()

In the case of DTMCs, the k step transition probabilities P*) k& > 0, are completely
specified in terms of the one step transition probability matrix P, hence the initial
probability distribution 7y and P determine the finite dimensional distributions of a
DTMC. We have seen that, in general, for a pure jump CTMC the transition probability
matrix of the EMC, P, and the state sojourn parameter vector, a, do not determine the
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transition matrix function P(¢),¢ > 0. For a regular CTMC, however, the following
results show that the transition rate matrix, Q, indeed determines P (¢),¢ > 0, and hence,
along with an initial probability vector 7rg, the finite dimensional distributions are also
determined.

Theorem 4.13. Let X (t),t > 0, be a pure jump, regular CTMC with rate matrix Q. For

t>0,
d .
ﬁP(t) = QP(1), (Backward Equations)
%P(t) = P)Q, (Forward Equations)

Remark: We note that the backward equation is obtained by conditioning on the first jump
in [0, ¢] and the forward equation is obtained by conditioning on the last jump in [0, ¢]. For
a regular CTMC since there is a finite number of jumps in any interval, there is a last jump
in [0, t], with probability 1.

Proof: Backward Equations: Let the time until the first jump be denoted by 77.
Considering two cases: (i) whether the first jump occurs after ¢, or (ii) the first jump
occurs in [0, ¢], and then, in the latter case, conditioning on the time of this jump and using
the strong Markov property, we obtain

pij(t) = P(X(t) = j|X(0) =)

t
— P(Ty > )0y + / P(T} € du, X, = k, X (t) = jIX(0) = i)
J |

= e "o+ / D ik ot — ) p ae” " du
o | keS ki

where §;; = 1if 7 = j, and 0;; = 0 otherwise. Letting ¢ — u = v in the integral, we get

t

pij(t) = et 5”' +/ Z Dik pkj(v) aieJraw dv
0 | keS ki

Note that when a; = 0, p;;(t) = d;;, as expected. We now wish to differentiate this
expression for p;;(t) with respect to ¢. This will require the differentiation of the second
term which is a definite integral with upper integration limit ¢. Differentiability of this
term requires continuity of its integrand. From the assumptions made in the beginning
of Section 4.1 we recall that the transition probability function is continuous for all
t > 0; i.e., the functions pkj(t) are continuous for all ¢ > 0. Being probabilities, these
are bounded by 1. Hence, by the bounded convergence theorem (see Theorem [I.7)), we
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conclude that the term 3, s ;. 4; Pik Pi;(v) is continuous, and hence the entire integrand
is continuous. Differentiating, we obtain

d . .
%pij(t) = —aipij(t) +e " a;- e Z Pik Prj(t)
kES ki
= Z(h‘kpk:j(t)
kes
= [QP(t)];;

Forward Equations: Letting U denote the random time of the last jump in [0, ¢], we obtain
t
pij(t) = e ait 0ij + / PU € du, X(U) = j|X(0) =1) 4+ a(t)
0

where the first term is the probability that there is no jump in [0, ¢], the second term is the
probability that the last jump in [0, ] is in (u, u + du), and this jump is into the state j, and
«;(t) is the probability that the number of jumps in [0, ¢] is infinite. For a regular CTMC,
a;(t) = 0. Hence we obtain

t

pij(t) = e by +/ > pir(w)grjdue 9 | 40
0 \keSk#j

where the integrand in the second term is understood as follows: p;;(u) is the probability
that at time u the process is in the state k& # j, qx jdu is the probability that the process
jumps to j in the interval (u,u + du) (see the remarks below), and then e ™% (t=u) i5 the
probability that the process stays in j at least until ¢. Differentiating this expression yields
the Forward Equations. u

Remarks 4.4.

(a.) Letting t — 0 in the backward equation, we observe that lim;_,o P’(t) = Q, since
P0)=1

(b.) We also observe that we can write, as u — 0,
pij(u) = 8;;(1 — aju) + ajup;j + o(u)

where the first term corresponds to no jump in time u, the second term corresponds
to one jump, and the remaining terms are o(u). Noting that a;p;; = 0, we can write
this expression compactly as

P(u) =TI+ Qu + o(u)

as u — 0. Since P(0) = I, we can use this expression to again conclude that

P'(0) = Q.
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[ |
We state the following result without proof.

Theorem 4.14. For a regular CTMC, the unique solution of the Backward Equations and

Forward Equations is
P(t) = @

where

(@)
6ng; k!

Theorem 4.15. X (t),t > 0, is an irreducible regular CTMC. There exists a stationary
measure 7 such that # = wP(t) forallt > 0 iff 7Q = 0.

Proof: From Theorem{.14, 7Q = 0 = wP(t) = = since

Qk’tk}
k!

iy =0fork>1
Further
m=nP(t), t>0=aP'(t)=0

and from the Forward Equations, which hold for a regular CTMC,

AP(H)Q=0=mQ =0

Remarks 4.5.
The following are two consequences of Theorem 4.1

(i) For an irreducible regular Markov Chain consider the positive vector 7t such that wQ =
0, 7-1=1.1f P(X(0) = j) = 7, then, forallt > 0, P(X(t) =j) =m;, j € S;
i.e., the CTMC is stationary.

(ii) The following is a variation of Theorem[d.11] An irreducible regular CTMC X (t),¢ >
0, is positive if and only if there exists a vector 7r such that #Q = 0. The “if
part” of this statement is: an irreducible regular CTMC X (t),t > 0, is positive if
there exists a vector 7 such that 7Q = 0. Then, by Theorem @ forall t > 0,
7 = wP(t). Because 7 - 1 = 1, there exists j with 7; > 0. Since the CTMC is
irreducible, for all & there exists ¢ such that p;i(tx) > 0. But then w = 7P (t;)
implies that 7, = > . s mipir(tx) > 0. We conclude that 7w > 0. Now fix a t; > 0,
and consider the DTMC Yy, = X(kt1),k € {0,1,2,---}. Y} has the transition
probability matrix Py = P(¢1). For this DTMC, 7 is a positive probability vector
that solves m = nP;. Hence, Y} is a positive DTMC. It follows that X (¢),¢ > 0,
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is recurrent. It then follows from Theoremm that X (¢) is positive. The “only if”
part of the statement is: An irreducible regular CTMC X (t),t > 0, is positive only
if there exists a vector 7 such that 7Q = 0. But since positivity implies recurrence
this is just a direct consequence of Theorem[4.11]

Theorem [4.T1] first requires us to verify that the given CTMC is recurrent. The
above variation only asks for regularity. Consider an M/M/1 queue with arrival rate
A, 0 < A < 00, and service rate i, 0 < p < co. The queue length process is regular.
Hence, in order to ascertain positivity of the process, it suffices to look for solutions
of mQ = 0 where Q is the transition rate matrix of the M/M/1 queue.

4.9 Notes on the Bibliography

This chapter was developed from the material on continuous time Markov chains provided
in Cinlar [5] and Wolff [[17]. An excellent modern treatment of discrete time and
continuous time Markov chains is provided by Bremaud [4]].
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4.10 Problems

4.1. {X(t), t > 0} and {Y'(¢), t > 0} are independent Poisson processes of rates A\; and
A2 (A1 # A2). Define Z(t) = X (t) — Y ().

(a.) Show that {Z(t),t > 0} is a CTMC, and display its transition structure.
(b.) Classify {Z(t)} as recurrent, transient, positive or null. Explain.

4.2. Consider a birth-and-death process with A\; ;41 = Afor0 <7 < N — 1, ;1 = p
for1 < j < N,and \j; = pij = 0 otherwise. (0 < A < 00, 0 < p < 00)

(a.) Show that this CTMC is positive recurrent and find the invariant probability
measure.

(b.) Let n be a fixed number such that 0 < n < N, and let M () be the number of
n — n + 1 transitions in [0, ¢]. Obtain an expression for lim;_,o, 7 M (t). (Hint:
consider visits to state n and use the renewal reward theorem (Theorem [3.2)).)

4.3. (a.) Consider a (A, ) birth and death process on {0, 1,2,--- , }. Assume that it is
positive recurrent. For a given n > 1 find the mean time spent in states > n + 1
between successive Vvisits to n.

(b.) In (a), if the process is in state n and a down transition occurs, then the state is
set back to n with probability p. Show that the resulting process is again a birth-
and-death process. What is the condition for its positive recurrence, and what is the
associated stationary distribution?

4.4. Construct an example of a birth and death process that is null recurrent while its
embedded Markov chain is positive recurrent.

4.5. Two customers are trapped in a system comprising two queues as shown in the
following figure. { X (¢)} and {Y'(¢)} are the queue length processes as shown. The service
times in the two queues are exponentially distributed with parameters A > 0 and p > 0 as
shown.

A Iz

r» vy |(O— x|

(a.) Argue that { X (¢)} is a CTMC; display its transition rate structure. Do the same for

Y}
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(b.) For the process { X (¢)} find lim;_, o, po1(t); do the same for {Y(¢)}.

(c.) What is the limiting joint distribution of the process {(X (¢), Y (¢))}?

4.6. Consider the CTMC with transition rate diagram shown in the figure below.

T

o O

I
Define h(t) = pn(t).
(a.) Write down a renewal equation for h(t).

(b.) Solve the renewal equation using Laplace transforms. (Hint: £~} (@%) =

e MLl (% (si 5+ ﬁ) ) , where £~ denotes the inverse Laplace transform).

(c.) Find limy_,o, h(t), and compare the result with that obtained from the Key Renewal
Theorem (Theorem [3.17).

4.7. For an irreducible CTMC, show that if there exists a > 0, such that for all
1 € S, —qii > a, then the CTMC is positive if its EMC is positive. (That the reverse
implication does not hold is demonstrated by Example 4.5)

4.8. Consider an M/M/1/1 queue, with arrival rate A and service rate p, and let { X (¢), ¢ >
0} be the queue length process, with X (0) = 0. Note that arrivals that find the queue full
are lost.

(a.) Obtain lim;_,o P(X(t) =1).
(b.) Obtain the rate of accepted arrivals.

4.9. For the Markov chain X (¢) on S = {0, 1}, with rate matrix elements go1 = A, q10 =
w, let P(t) denote the transition probability function. You are given that 0 < A < oo and
0<p<oo.

(a) Obtain limy o +E( [ Tyx (=1 du | X(0) = 0).
(b.) Obtain limye + [0 X (u)du, with X (0) = 0.

(c.) Obtain a probability measure 7 such that w=7P(¢) for all ¢ > 0.

(d.) Show that if P(X(0) = ¢) = m;, then { X (¢),t > 0} is strictly stationary.
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4.10. Consider an irreducible regular CTMC on the state space .S with rate matrix Q.
Show what happens if you take limits as ¢ — oo in the forward and backward differential
equations.

4.11. Parts A and B arrive to an assembly station in independent Poisson processes of
rates A and p. The parts are queued in separate buffers. Let A(t) be the number of parts
of type A at time ¢, and similarly define B(t). Assume that assembly time is 0, and hence
observe that A(t) and B(t) cannot be both positive. Define X (¢t) = A(t) — B(t).

(a.) Show that X (¢) is a CTMC and obtain the sojourn rate vector a and the transition
probability matrix of the EMC P.

(b.) Is X (t) regular? Display the transition rate matrix and the transition rate diagram.

(c.) Determine A and y for which X (¢) is
(i) irreducible, (i1) recurrent.

(d.) The system is modified so that parts B are discarded if there is no part A waiting.
Show that X (¢) is still a CTMC, and obtain the condition on \ and x for X (¢) to be
positive recurrent.

4.12. Calls arrive in a Poisson process of rate A,0 < A < 00, to a single channel (which
can serve only one call at a time). An accepted call holds the channel for an exponentially
distributed time with mean p =1, 0 < 1 < co. A call arriving to a busy channel is blocked.
Let X (t) € {0, 1} denote the number of calls in the channel.

(a.) Show that {X (¢),t > 0} is a CTMC.

(b.) Define S; to be the time taken to return to state ¢ after once leaving ¢ € {0,1}.
Obtain E(S;).

(c.) Classify the CTMC as transient or recurrent, and if recurrent, null or positive.

4.13. Packets arrive into a buffer of size K in a Poisson process A(t) of rate 0 < A < oc.
There is an independent Poisson process B(t) of rate 0 < u < oo at the points of which a
packet is removed from the buffer if the buffer is nonempty. Let X (¢) denote the number
of packets in the buffer at time ¢.

(a.) Argue that X (¢) is a regular CTMC, and sketch its transition rate matrix.
(b.) Show that X (¢) is a recurrent CTMC.

(c.) Show that X (t) is positive. (Hint: One does not need to solve 7Q = 0.)
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Chapter 5

Markov Renewal Theory

We recall that a pure jump CTMC X (¢),¢t > 0, on the discrete state space S, has the
following jump structure. There is a sequence of random vectors (X,,, 7},), n > 0, where
To(=0) < Ty < T, <---,is asequence of random times, and X,,(= X(7},)),n > 0, is
the embedded DTMC. Further, given X (u),u < T, the sojourn time in the state X,,, i.e.,
Th+1 — Tn, is exponentially distributed with a mean that depends only on X,,. A Markov
renewal process generalises the above jump structure.

5.1 Markov Renewal Sequences
Letusdenote 7, =1, — T),_1,n > 1.
Definition 5.1. The sequence (X,,,T,,),n > 0, is called a Markov renewal sequence if

P(Tn+1 S t7Xn+1 - j|(X07TU)7 (leTl)a o 7(XTL = Z7Tn)) =
P(tny1 < t, Xpg1 = j|1 X = 1)

foralln>1,4,j€8,t>0.

|
The generalisation is that, unlike the jump structure of a CTMC, we do not require that the
sojourn time in a state and the next state be independent, nor do we require that the sojourn
time in a state be exponentially distributed. We say that a Markov renewal sequence is time
homogeneous if
P(rp1 < t, Xpg1 = jlXn = 1) = Gi;(1)

Assuming that P(7; < oo|Xg =) = 1, let
pij = lim Gi;(t)

161
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ie.,
bij = P(Xn+1 = J’Xn = 2)

Note that we allow the possibility that p;; > 0. It also follows that

Zpijzl

jes

Theorem 5.1. In a Markov renewal sequence (X,,,T,,),n > 0, the sequence X,,, n > 1,
is a Markov Chain on S.

Proof: In the defining expression (see Definition[5.1)), let ¢ — oo, yielding
P(Xn1 = jl(Xo, T0), (X1, T1), -+, (X = 0, Tn)) = P(Xny1 = j| X = 0)
From this, it can be easily seen that
P(Xp+1=741X0, X1, , Xy =1) = P(Xpy1 = 7| X =1)

|
In the time homogeneous case, X,,,n > 0, is a time homogeneous DTMC with transition
probability matrix P = [p;;].
Now, using the chain rule for conditional probability, we have

P(Xni1 = J, o1 St Xn = 1) = P(Xnp1 = J| Xy = @) P(Tag1 S Xy =1, Xpg1 = J)
Define the second term on the right as H;;(¢), i.e.,

Gij(t)

Hi(t) = o
ij

H;;(t) is the conditional distribution of the time between two consecutive states given
the two states. We assume that, for every 7,5 € S, limy_,o H;;(t) = 1, and that the
expectation of this distribution is finite, denoted by 7;;.

Theorem 5.2.
n
P(ry <1, T < o] Xo, -+ Xn) = [ Hximyx, (83)
i=1
Proof: Follows easily by writing out P(Xg = 49, X1 = 41, ,Xp = in, 71 <
ti,-++,Tn < t) using the chain rule, and then applying the properties of a Markov
renewal sequence. |

Remarks 5.1.
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, +®
e
Ol
\,@

1

(a.) We conclude that the successive state sojourn times are conditionally independent
given the Markov Chain. Thus, we can construct a sample path of the Markov
renewal sequence as follows. First obtain a sample sequence of the DTMC X,,, n >
0. Then use the previous theorem to draw independent samples of 7, 79, - - - , using
the distributions Hx, x, (t), Hx, x,(t), - -.

(b.) The above transition diagram depicts a Markov renewal sequence with 3 stateﬂ
If the transition is from O to 1 or 1 to O, the time taken is 2 units, whereas if
the transition is between 0 and 2, then the time taken is 1 unit. The transition
probabilities are not shown. Let us take pgy = 0.5 = pg2. Then we see that
P(7p+1 = 2|X,, = 0) = 0.5. Further, P(74+1 = 2, X411 = 1|X,, = 0) = 0.5.
Thus, unlike a CTMC, 7,41 and X,,1; are not independent given X,,. It is also
evident from this example that, in a Markov renewal sequence, successive sojourn
times need not be unconditionally independent.

[ |
Further define, for each¢ € S

Hi(t) = Y Gy(h)
jeS

= > piHi(t)

jes
i.e., H;(t) is the distribution of the sojourn time spent in the state 4 (irrespective of the state
visited next). Let
-1
a, = Z PijnNij
JjeS
Thus, a;l is the mean of the distribution H;(t), and is assumed to be finite and positive.
Now, as in Section[4.4] define the random variable

§=> 7
k=1

As for CTMCs, we assume that the Markov renewal sequence is such that P(§ = c0) = 1,
i.e., we assume regularity.

"Note that such a diagrammatic representation of a Markov renewal sequence is not standard practice.
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5.2 Semi-Markov Processes

Now let (X,,,T,),n > 0, be a regular Markov renewal sequence, and define the process
X(t),t > 0,by X(t) = X,, fort € [T,,,T5,4+1). Then X(t),t > 0, is called a semi-
Markov process (SMP). We say that {X,,,n > 1} is the embedded Markov chain (EMC)
of the SMP, and that {(X,,,T,),n > 0} is the associated Markov renewal sequence.

For an SMP on the state space S, for each i € S, we define S;; as in Definition
i.e., with X(0) = 4, S;; is the time until X (¢) hits j after once leaving i. Note that,
unlike CTMCs, where the sojourn time in a state is exponentially distributed and hence
memoryless, here we must assert that at ¢ = 0, the sojourn in ¢ has “just begun.” Let us
write Fj;(-) as the distribution function of .S;;. We say that the state j is reachable from
i, if, for some t;; > 0, Fj;(t;;) > 0, i.e., starting in ¢ at t = 0, the SMP hits j with
positive probability before the time ¢;;. The SMP is irreducible if each state is reachable
from every other state. As for CTMC:s, it can be observed that an SMP is irreducible if
and only if its EMC is irreducible. The state j is said to be recurrent if P(S;; < 00) = 1,
or limy o Fj i(t) = 1. As in the case of CTMCs (see Theorem it is easily seen that
an SMP is recurrent if and only if its EMC is recurrent.

For an SMP X (¢) on S, with X (0) = 4, the instants at which the process enters the
state j(# i) form a delayed renewal process. If at ¢ = 0 the sojourn in the state ¢ had
just started, then the first lifetime random variable has the distribution of S;;, and the
subsequent lifetimes have the distribution of \S;;.

Theorem 5.3. For a recurrent SMP, E(Sj;) = 1>, “, where u is a positive solution
j i

tou = uP.

Proof: Write o;; = E(S;;). Then, by conditioning on the first jump, we can see that

1
Oij = T Z DikOkj
v keS,k#j

. -1 .
where notice that we have used the fact that a; = = Zke g DPikMik- We are given u
positive that solves u = uP (recall that such a u exists since the EMC is recurrent; see
Theorem [3.19). Multiply the previous equation on both sides by u; and sum over ¢ € S,

to obtain
Zuiaij = Zuz; + Zuz Z PikOk;

€S €S €S keS k)

Exchanging the summations in the second term on the right, and using the fact that u =

uP, we obtain
Zuiaij = Zulal + Z ULOky

= i€S v keSk#j
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which yields
1
Uj045 = Z UZCT
ics "
from which the desired result follows. |
Remark: Notice that we can write the expression for E(S;;) obtained in the previous
theorem as ) )
U
E(Sjj) = —+ Z i;
T eS0Tt

The first term is the mean time until the process leaves the state j. We recall, from
Theorem | the interpretation of ﬁ as the expected number of visits to ¢ between returns

to j in the EMC. Each such visit to ¢ incurs a mean sojourn time of _- L Hence, the second
term is just the sum of mean times spent in each of the other states, before returnto j. MW

We now study the pointwise limiting behaviour of an SMP. We assume that the Markov
renewal sequence is regular. Let

pij(t) = P(X(t) = j|X(0) = 4)

where, as stated earlier, at time ¢ = O we take the process to have just started its sojourn in
.

Theorem 5.4. X (t),t > 0, is an irreducible, recurrent SMP such that for each j € S the
distribution F};(-) is nonlattice. Let u be a positive vector that solves u = uP. Then
U5

lim Dij (t) = S
t—o0 Z keS Z—:
Proof: We can write down the following renewal equation

pii(t) = (1 — Hy(#)) + / Py (t — u)dF5(u)

Solving this renewal equation, we obtain

t
pyi(t) = (1 — H;(8)) + /0 (1= Hy (= w))dss ()

where m;;(-) is the renewal function of the renewal process with lifetime distribution
Fj;(-). Since Fj;(-) is nonlattice, using the Key Renewal Theorem (Theorem [3.17) we
obtain

li (t) — #
007 a;E(Sj;)
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Similarly, after writing the delayed renewal equation, we obtain

lim pij(t) = ————
tiglopm( ) ajE(Sjj)
Hence, by Theorem[5.3] we conclude that

Uj

lim p;(t) = =20
t—oo” 7 ZkES Z—:

Remarks 5.2.

(a.) We observe that the limit is positive if and only if
> e
ies U

thus reiterating what we saw in the case of CTMC:s, that the notion of positivity of
an SMP and its EMC need not coincide (the latter requiring that ) ¢ u; < 00).

(b.) We also observe that the limit obtained in the previous theorem depends only on
the means of the sojourn time distributions, and not on the distributions themselves.
This is an example of insensitivity to distributions.

5.3 Markov Regenerative Processes

We now define a class of processes that generalises the class of regenerative processes
defined by Definition [3.4]

Definition 5.2. Consider a process X (t),t > 0, taking values in the discrete state space
S. Foreachi € S, let P;(-) denote the probability law of X (t),t > 0, given that X (0) = i,
where we mean that at t = 0 the process just began its sojourn in i. X (t),t > 0, is called
a Markov regenerative process (MRGP) if, with X (0) = i, there exists a stopping time T}
such that

(a.) given X (1) = j, the probability law of X (t +T1), t > 0, is P;(-), and

(b.) {X{t+Ty),t>0}{T1,and X (u), u < T}, given X(T1) = j.
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Now, if X (¢),t > 0, is a MRGP on S, let Xy = X (0) = ¢, with T = 0. Then, by
definition we have 77 > Ty, and define X; = X (77). Again, with X; = j (say), we have
T5 and X5, similarly defined. It can easily be seen, from the definition of an MRGP, that
(Xn,Ty),n > 0, is a Markov renewal sequence.

Fori € S, let

MO@)={n: T, <t, X, =i}

ie., M@ (t) is the number of times the Markov renewal sequence visited 7 before time t.
Let fo) denote the n-th Markov renewal instant at which the Markov renewal sequence
hits the state ¢. Evidently, for each 7, Z,(f) constitute renewal instants, and M) (¢),¢ > 0,
is the corresponding renewal counting process. Further, by comparing Definition [5.2] and
Definition we conclude that with respect to the time instants fo), X(t),t > 0,is a
regenerative process.

In applications we are often interested in the long run fraction of time that an MRGP

spends in some state, i.e.,

¢
1
dm 2 Lix )=y du
0
We can obtain this limit by using the observation that an MRGP has an embedded

regenerative processes. But first we need the following notation. Let

T

agz) =E /I{X(u)g}du |1 Xo=17J
0

i.e., the expected time that the process X (¢) spends in the state ¢ until the first Markov
renewal instant, given that the process starts in the state j. By conditioning on the state at
Ty, we can then write

Ty
agf) = Zp]kE /I{X(u)zé}du ’XO =75,X1= k
keS 0
Denote
Ty
Oz%c) =E /I{X(u)—é}du |X0 =45X1=k
0

Theorem 5.5. X (t),t > 0, is an MRGP with embedded Markov renewal sequence
(Xn,Tn),n > 0,. The embedded DTMC X,, is irreducible, and recurrent, with transition
probability matrix P. We are given that, if u is a positive vector such that u = uP, then
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Zkes uké < 0. Let, for each j, 0 € S, ay) be as defined above. Then,

t

()

1
lim & [ Loy du s 2kes M0
t—oo t / Ekes Uk o

Proof: Fix j € S, let Xo = j, and consider the regenerative cycles defined by Z,gj ). We
observe from the results in Section [3.3.1] that

2
. E g Iix (uy=y du|Xo = j
. 1 a.s.
Jim I y=gy du = (27) (5.1)
0 1
The denominator on the right was earlier shown to be
; 1
E(20) =y =D 5.2
D)=y =y L 52)
keS
Let _
ZgJ)
rij = E / I{X(u):f} du|X0 =1
0

With Xy = ¢, r;; is the expected time the process spends in state ¢ until ij ). We are

interested in r;;. Now, for fixed j, using the notation introduced before the theorem

statement,
¢
rij = Zpikaﬁk) + Z DikTkj
keS keS, ktj

ie.,
‘
rij = oy + Z PikTk;
k€S, k#j
Multiplying both sides by u; and summing over i € S, we obtain
{4

D wiry = 3w+ 3w Y par

i€S i€S i€S  kESk#j
Exhanging the summations in the second term on the right, and using the fact that u;, =

Zieg Ui Pik

Z’u,ﬂ’ij = Zuiay) + Z UETkj

i€S €S keS k#j
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Cancelling terms between the summation on the left and the second summation on the
right, we obtain

UjT5 —Zua@)
335 = i
€S

or

Us
rij=y_ o)’ (5.3)

ies J

Combining Equations [5.1} [5.2] and [5.3]

L
a.s. ZkGS ulcOé,I(€ )

1
hIl’l — I X (u)=¢ du =
t—oo t {X ()=t} Zkes uki

0

|
Remark: When u is the stationary probability vector of the embedded DTMC X,,,n > 0,
(if one exists), then there is an obvious interpretation of the result shown in the previous
theorem. The fraction of time that the process spends in the state ¢ is the ratio of the
expected time that it spends in ¢ in a Markov renewal period (i.e., Zke S UkQpy) to the
expected length of a Markov renewal period.

5.4 Notes on the Bibliography

This short treatment of Markov renewal processes was developed from Wolff [17] and
Kulkarni [11]]. Chapter 10 of Cinlar [5] provides a detailed treatment of Markov renewal
theory, with applications to processes arising in queueing models.
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5.5 Problems

5.1. Consider the example of a Markov renewal process depicted in Remark[5.1] Consider
the semi-Markov process X (t) constructed from this MRP, as in Section For i €
{0,1,2}, obtain

t

.1
Jm 2 [ T =iy du,
0

i.e., the long run fraction of time that X (¢) spends in each of the states {0, 1, 2}.
5.2. Consider the GI/M/1 queue (i.e., renewal arrival process with interarrival time
distribution A(-), and i.i.d. exponential service times with rate u, with the service time

sequence being independent of the arrival process). Let { X (¢), t > 0}, X (¢) = 0, denote
the queue length process.

(a.) Show that X (¢) is not a Markov chain.

(b.) Let Tp = 0, and T},,,n > 1, denote the arrival instants. Define X,, = X (7},) and
show that (X,,, 7T},),n > 0, is a Markov renewal sequence.
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