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Chapter 1

Probability review

The probable is what usually happens.

—Aristotle

It is a truth very certain that when it is not in our power to determine. what is
frue we ought to follow what is most probable

—Descartes - “Discourse on Method”

It is remarkable that a science which began with the consideration of games of
chance should have become the most important object of human knowledge.

—Pierre Simon Laplace - “Théorie Analytique des Probabilités, 1812~

Anyone who considers arithmetic methods of producing random digits is, of
course, in a state of sin.

—John von Neumann - quote in “Conic Sections” by D. MacHale

I say unto you: a man must have chaos yet within him fo be able fo give birth to
a dancing star: I say unto you: ye have chaos yet within you ...

—Friedrich Nietzsche - “Thus Spake Zarathustra”

1.1 Random variables

Probability is about random variables. Instead of giving a precise definition, let us just metion that
a random variable can be thought of as an uncertain, numerical (i.e, with values in R) quantity.
While it is true that we do not know with certainty what value a random variable X will take, we
usually know how to compute the probability that its value will be in some some subset of R. For
example, we might be interested in P[X > 7], P[X € [2,3.1]] or P[X € {1,2,3}]. The collection of
all such probabilities is called the distribution of X. One has to be very careful not to confuse
the random variable itself and its distribution. This point is particularly important when several
random variables appear at the same time. When two random variables X and Y have the same
distribution, i.e., when P[X € A] = P[Y € A] for any set A, we say that X and Y are equally

distributed and write X @ Y.



CHAPTER 1. PROBABILITY REVIEW

1.2 Countable sets

Almost all random variables in this course will take only countably many values, so it is probably
a good idea to review breifly what the word countable means. As you might know, the countable
infinity is one of many different infinities we encounter in mathematics. Simply, a set is countable
if it has the same number of elements as the set N = {1,2,...} of natural numbers. More
precisely, we say that a set A is countable if there exists a function f : N — A which is bijective
(one-to-one and onto). You can think f as the correspondence that “proves” that there exactly as
many elements of A as there are elements of N. Alternatively, you can view f as an ordering
of A; it arranges A into a particular order A = {aj,as,...}, where a1 = f(1), aa = f(2), etc.
Infinities are funny, however, as the following example shows

Example 1.1.
1. N itself is countable; just use f(n) = n.

2. Ng = {0,1,2,3,...} is countable; use f(n) = n — 1. You can see here why I think that
infinities are funny; the set Ny and the set N - which is its proper subset - have the same

size.
3.2={...,-2,—1,0,1,2,3,...} is countable; now the function f is a bit more complicated;
2k+1, k>0
) — 2
J(#) {—2k, k <0.

You could think that Z is more than “twice-as-large” as N, but it is not. It is the same size.

4. Tt gets even weirder. The set N x N = {(m,n) : m € N;n € N} of all pairs of natural
numbers is also countable. I leave it to you to construct the function f.

5. A similar argument shows that the set Q of all rational numbers (fractions) is also countable.

6. The set [0, 1] of all real numbers between 0 and 1 is not countable; this fact was first proven
by Georg Cantor who used a neat trick called the diagonal argument.

1.3 Discrete random variables

A random variable is said to be discrete if it takes at most countably many values. More precisely,
X is said to be discrete if there exists a finite or countable set S C R such that P[X € S] =1,
i.e, if we know with certainty that the only values X can take are those in S. The smallest set S
with that property is called the support of X. If we want to stress that the support corresponds
to the random variable X, we write x.

Some supports appear more often then the others:

1. If X takes only the values 1,2, 3, ..., we say that X is N-valued.

2. If we allow 0 (in addition to N), so that P[X € Ny|] = 1, we say that X is Ny-valued
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3. Sometimes, it is convenient to allow discrete random variables to take the value +oo. This
is mostly the case when we model the waiting time until the first occurence of an event
which may or may not ever happen. If it never happens, we will be waiting forever, and
the waiting time will be +oc0. In those cases - when § = {1,2,3,...,+00} = NU {400} -
we say that the random variable is extended N-valued. The same applies to the case of Ny
(instead of N), and we talk about the extended Ny-valued random variables. Sometimes the
adjective “extended” is left out, and we talk about Nyp-valued random variables, even though
we allow them to take the value +o00. This sounds more confusing that it actually is.

4. Occasionally, we want our random variables to take values which are not necessarily num-
bers (think about H and T as the possible outcomes of a coin toss, or the suit of a randomly
chosen playing card). Is the collection of all possible values (like {H, T} or {©, &, &, (}) is
countable, we still call such random variables discrete. We will see more of that when we
start talking about Markov chains.

Discrete random variables are very nice due to the following fact: in order to be able to compute
any conceivable probability involving a discrete random wvariable X, it is enough to know how
to compute the probabilities P[X = z], for all z € S. Indeed, if we are interested in figuring out
how much P[X € BJ is, for some set B C R (B = [3,6], or B = [—2,x)), we simply pick all z € S
which are also in B and sum their probabilities. In mathematical notation, we have

PIX €Bl= ) PIX=a
reSNB
For this reason, the distribution of any discrete random variable X is usually described via a

table
X~< r1 Ty T3 ... >7
pP1r p2 p3 ...

where the top row lists all the elements of S (the support of X) and the bottom row lists their
probabilities (p; = P[X = z;], i € N). When the random variable is N-valued (or Nyp-valued), the
situation is even simpler because we know what x1,zs,... are and we identify the distribution
of X with the sequence pi1,po,... (or pg,p1,p2,... in the Nyp-valued case), which we call the
probability mass function (pmf) of the random variable X. What about the extended Ny-valued

case? It is as simple because we can compute the probability P[X = +o0], if we know all the
probabilities p; = P[X = i], i € Ny. Indeed, we use the fact that

P[X = 0]+ PX =1]+ -+ P[X = 00] =1,

so that P[X = oo] = 1 — Y .2, pi, where p; = P[X = i]. In other words, if you are given a
probability mass function (po, p1, ... ), you simply need to compute the sum >, p;. If it happens
to be equal to 1, you can safely conclude that X never takes the value +oo. Otherwise, the
probability of 400 is positive.

The random variables for which S = {0, 1} are especially useful. They are called indicators.
The name comes from the fact that you should think of such variables as signal lights; if X =1
an event of interest has happened, and if X = 0 it has not happened. In other words, X indicates
the occurence of an event. The notation we use is quite suggestive; for example, if Y is the
outcome of a coin-toss, and we want to know whether Heads (H) occurred, we write

X - 1{Y:H}'

Last Updated: December 24, 2010 6 Intro to Stochastic Processes: Lecture Notes
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Example 1.2. Suppose that two dice are thrown so that Y7 and Y5 are the numbers obtained (both
Y7 and Y, are discrete random variables with S = {1,2,3,4,5,6}). If we are interested in the
probability the their sum is at least 9, we proceed as follows. We define the random variable Z -
the sum of Y7 and Y5 - by Z = Y7 + Y5. Another random variable, let us call it X, is defined by

X = I{ZZQ}’ i.e.,
1, Z>
X — ) = 97
0, Z<0.

With such a set-up, X signals whether the event of interest has happened, and we can state our
original problem in terms of X : “Compute P[X = 1] I". Can you compute it?

1.4 Expectation

For a discrete random variable X with support , we define the expectation E[X] of X by
E[X] =) aP[X =],
Te

as long as the (possibly) infinite sum ) _ 2P[X = z] absolutely converges. When the sum does
not converge, or if it converges only conditionally, we say that the expectation of X is not defined.
When the random variable in question is Ng-valued, the expression above simplifies to

o0

E[X] =) ixp;

1=0

where p; = P[X = i], for i € Nyp. Unlike in the general case, the absolute convergence of the
defining series can fail in essentially one way, i.e, when

n
TLIL)H;OZ;/LP’L = +00.
1=

In that case, the expectation does not formally exist. We still write E[X] = +o0, but really mean
that the defining sum diverges towards infinity.
Once we know what the expectation is, we can easily define several more common terms:

Definition 1.3. Let X be a discrete random variable.
o [f the expectation E[X] exists, we say that X is integrable.
e If E[X?] < o (ie, if X? is integrable), X is called square-integrable.
o If E[|X|"] < oo, for some m > 0, we say that X has a finite m-th moment.

e If X has a finite m-th moment, the expectation E[| X — E[X]|™] exists and we call it the m-th
central moment.

It can be shown that the expectation E possesses the following properties, where X and Y
are both assumed to be integrable:

Last Updated: December 24, 2010 7 Intro to Stochastic Processes: Lecture Notes
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1. ElaX + BY] = oE[X] + BE[Y], for a, 5 € R (linearity of expectation).
2. E[X] > E[Y] if P[X > Y] =1 (monotonicity of expectation).

Definition 1.4. Let X be a square-integrable random variable. We define the variance Var[X]
by
Var[X] = E[(X —m)?], where m = E[X].

The square-root y/Var[X] is called the standard deviation of X.

Remark 1.5. Each square-integrable random variable is automatically integrable. Also, if the m-th
moment exists, then all lower moments also exist.

We still need to define what happens with random variables that take the value +o0, but that
is very easy. We stipulate that E[X] does not exist, (ie, E[X]| = +00) as long as P[X = +o0] > 0.
Simply put, the expectation of a random variable is infinite if there is a positive chance (no matter
how small) that it will take the value +oc.

1.5 Events and probability

Probability is usually first explained in terms of the sample space or probability space (which
we denote by 2 in these notes) and various subsets of Q2 which are called events! Events typically
contain all elementary events, i.e, elements of the probability space, usually denoted by w. For
example, if we are interested in the likelihood of getting an odd number as a sum of outcomes
of two dice throws, we build a probability space

Q={(1,1),(,2),...,(6,1),(2,1),(2,2),...,(2,6),...,(6,1),(6,2),...,(6,6)}

and define the event A which contains of all pairs (k,1) € Q2 such that £+ is an odd number, ie,
A={(1,2),(1,4),(1,6),(2,1),(2,3),...,(6,1),(6,3), (6,5)}-

One can think of events as very simple random variables. Indeed, if, for an event A, we define
the random variable 14 by

1a— 1, A happened,
AT 0, A did not happen,

we get the indicator random variable mentioned above. Conversely, for any indicator random
variable X, we define the indicated event A as the set of all elementary events at which X takes
the value 1.

What does all this have to do with probability? The analogy goes one step further. If we apply
the notion of expectation to the indicator random variable X = 14, we get the probability of A:

E[14] = P[A].

Indeed, 14 takes the value 1 on A, and the value 0 on the complement A¢ = Q \ A. Therefore,
E[14] =1 x P[A] + 0 x P[A°] = P[A].

When Q is infinite, not all of its subsets can be considered events, due to very strange technical reasons. We will
disregard that fact for the rest of the course. If you feel curious as to why that is the case, google Banach-Tarski
paradox, and try to find a connection.

Last Updated: December 24, 2010 8 Intro to Stochastic Processes: Lecture Notes
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1.6 Dependence and independence

One of the main differences between random variables and (deterministic or non-random) quan-
tities is that in the former case the whole is more than the sum of its parts. What do I mean by
that? When two random variables, say X and Y, are considered in the same setting, you must
specify more than just their distributions, if you want to compute probabilities that involve both
of them. Here are two examples.

1. We throw two dice, and denote the outcome on the first one by X and the second one by
Y.

2. We throw two dice, and denote the outcome of the first one by X, set Y = 6 — X and forget
about the second die.

In both cases, both X and Y have the same distribution

2 3 4 5 6
X, Y ~ 1 11
6 6 6

The pairs (X,Y') are, however, very different in the two examples. In the first one, if the value of
X is revealed, it will not affect our view of the value of Y. Indeed, the dice are not “connected” in
any way (they are independent in the language of probability). In the second case, the knowledge
of X allows us to say what Y is without any doubt - it is 6 — X.

This example shows that when more than one random variable is considered, one needs to
obtain external information about their relationship - not everything can be deduced only by
looking at their distributions (pmfs, or ...).

One of the most common forms of relationship two random variables can have is the one of
example (1) above, i.e, no relationship at all. More formally, we say that two (discrete) random
variables X and Y are independent if

o= =
[N
[N

P[X =z and Y = y] = P[X = z]P[Y =y,

for all z and y in the respective supports x and y of X and Y. The same concept can be applied
to events, and we say that two events A and B are independent if

P[A N B] = P[A]P[B].

The notion of independence is central to probability theory (and this course) because it is relatively
easy to spot in real life. If there is no physical mechanism that ties two events (like the two dice
we throw), we are inclined to declare them independent?. One of the most important tasks
in probabilistic modelling is the identification of the (small number of) independent random
variables which serve as building blocks for a big complex system. You will see many examples
of that as we proceed through the course.

2Actually, true independence does not exist in reality, save, perhaps a few quantum-theoretic phenomena. Even with
apparently independent random variables, dependence can sneak in the most sly of ways. Here is a funny example:
a recent survey has found a large correlation between the sale of diapers and the sale of six-packs of beer across
many Walmart stores throughout the country. At first these two appear independent, but I am sure you can come up
with many an amusing story why they should, actually, be quite dependent.

Last Updated: December 24, 2010 9 Intro to Stochastic Processes: Lecture Notes
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1.7 Conditional probability

When two random variables are not independent, we still want to know how the knowledge of
the exact value of one of the affects our guesses about the value of the other. That is what the
conditional probability is for. We start with the definition, and we state it for events first: for two
events A, B such that P[B] > 0, the conditional probability P[A|B] of A given B is defined as:

P[AN B

PIAIB] =~

The conditional probability is not defined when P[B] = 0 (otherwise, we would be computing
8 - why?). Every statement in the sequel which involves conditional probability will be assumed
to hold only when P[B] = 0, without explicit mention.

The conditional probability calculations often use one of the following two formulas. Both
of them use the familiar concept of partition. If you forgot what it is, here is a definition: a
collection Ay, As,..., A, of events is called a partition of Q if a) 4 U A, U... A, = Q and b)
A;NA; =0 for all pairs 4,5 = 1,...,n with i # j. So, let A;,..., A, be a partition of 2, and let
B be an event.

1. The Law of Total Probability.
P[B] = ) P[B|AP[Ai].

2. Bayes formula. For k =1,...,n, we have

_ P[B|AR]P[Ag]
P[A|B] = Yo PB|APlA]

Even though the formulas above are stated for finite partitions, they remain true when the number
of Aj’s is countably infinite. The finite sums have to be replaced by infinite series, however.

Random variables can be substituted for events in the definition of conditional probability as
follows: for two random variables X and Y, the conditional probabilty that X = z, given Y =y
(with z and y in respective supports x and y) is given by

PX =z and Y = y]
PIY =]

PX =z|]Y =y| =

The formula above produces a different probability distribution for each y. This is called the
conditional distribution of X, given Y = y. We give a simple example to illustrate this concept.
Let X be the number of heads obtained when two coins are thrown, and let Y be the indicator
of the event that the second coin shows heads. The distribution of X is Binomial:

0 1 2
X~ 1 1)
4 2 4

or, in the more compact notation which we use when the support is clear from the context

X ~ (3,3, %). The random variable Y has the Bernoulli distribution Y = (3, ). What happens

Last Updated: December 24, 2010 10 Intro to Stochastic Processes: Lecture Notes
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to the distribution of X, when we are told that Y = 0, i.e. that the second coin shows heads. In
that case we have

P[X=0,Y=0] _ P[the patternis TT] _ 1/4 __

PY=0] PIY =0] =iz = =0

]P)[X — 1‘|Y — 0] — IP[)HZ[:}},:};}:O} _ Plthe [];;E;tfeiré]ls HT] _ % _ : r=1
P[X=2,Y=0] _ P[well, there isno such pattern| _ o __ @ o
PY=0] P[Y =0] ==l T=

Thus, the conditional distribution of X, given Y =0, is (%, %, ). A similar calculation can be used

to get the conditional distribution of X, but now given that ¥ = 1, is (0, %, %) The moral of the

story is that the additional information contained in Y can alter our views about the unknown

value of X using the concept of conditional probability. One final remark about the relationship

between independence and conditional probability: suppose that the random variables X and Y

are independent. Then the knowledge of Y should not affect how we think about X; indeed, then
PX =2z,Y =y] PX=zPY =

PIX =alY =y) = =5 = Y pix = g,

The conditional distribution does not depend on y, and coincides with the unconditional one.
The notion of independence for two random variables can easily be generalized to larger
collections

Definition 1.6. Random variables X, X», ..., X,, are said to be independent if
]P)[Xl = $17X2 =T2,... Xn = SCn] = P[Xl = xl]]P)[XQ = 1‘2] . P[Xn = :En]

for all xq,xo,...,xp.
An infinite collection of random wvariables is said to be independent if all of its finite subcol-
lections are independent.

Independence is often used in the following way:

Proposition 1.7. Let X4, ..., X,, be independent random variables. Then
1. 1(X4), ..., gn(X,) are also independent for (practically) all functions g1, ..., gn,
2. if X4, ..., X,, are integrable then the product X, ... X, is infegrable and

E[X:... X, =E[X1]...E[X,], and

3. if X4, ..., X,, are square-integrable, then
Var[X; + --- + X, = Var[Xy] + - - - + Var[X,,].

Equivalently
COV[Xi,Xj] = E[(Xl — E[Xl])(XQ — ]E[XQ])] = O,
foralli+#je{1,2,...,n}.

Remark 1.8. The last statement says that independent random variables are uncorrelated. The
converse is not true. There are uncorrelated random variables which are not independent.

Last Updated: December 24, 2010 11 Intro to Stochastic Processes: Lecture Notes
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When several random variables (X, X5,...X,,) are considered in the same setting, we of-
ten group them together into a random vector. The distribution of the random vector X =
(X1,...,X,) is the collection of all probabilities of the form

PXy =21, Xo = x2,..., Xy, = 2y,

when x1, x9, ..., 2, range through all numbers in the appropriate supports. Unlike in the case
of a single random variable, writing down the distributions of random vectors in tables is a bit
more difficult. In the two-dimensional case, one would need an entire matrix, and in the higher
dimensions some sort of a hologram would be the only hope.

The distributions of the components Xi,..., X, of the random vector X are called the
marginal distributions of the random variables X1, ..., X,,. When we want to stress the fact that
the random variables X, ..., X,, are a part of the same random vector, we call the distribution
of X the joint distribution of Xi,...,X,. It is important to note that, unless random variables
X1,...,X,, are a priori known to be independent, the joint distribution holds more information
about X than all marginal distributions together.

1.8 Examples

Here is a short list of some of the most important discrete random variables. You will learn about
generating functions soon.

Example 1.9.

Bernoulli. Success (1) of failure (0) with probability p (if success is encoded by 1, failure by
—landp= % we call it the coin toss).

o7 . .parameters: pe€ (0,1) (g=1-p)
0sf notation :  b(p)
0.52 .support : {0,1}

pmf: pp=pandpr=q=1-p

04F .generating function : ps+gq

03 ! .mean: p
s .standard deviation : /pg
; figure : the mass function a Bernoulli distribu-
o tion with p = 1/3.
iy 00 05 0 Binomial. The number of successes in n repeti-
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tions of a Bernoulli trial with success probability

D-

0% .parameters: neN,pe (0,1) (g=1-p)

ozt T notation :  b(n,p)
. support : {0,1,...,n}

o pmf: p,= (D" " k=0,...,n

01sk .generating function : (ps + ¢q)"
: -t .mean : np

010p iR .standard deviation : /npq

0.052 . I ! I figure : mass functions of three binomial dis-
i . . ) tributions with n = 50 and p = 0.05 (blue), p = 0.5
preeeedasbesssatiidessioni et itssssobesesesiea s (purple) and p = 0.8 (yellow).

Poisson. The number of spelling mistakes one makes while typing a single page.

.parameters: A >0

.notation : p(n,p)

.support : Nj

pmf: pp = e_)‘%, k € Ny

.generating function : eMs—1)

2r .mean: A

7 .standard deviation : /A

figure : mass functions of two Poisson distribu-
i . .. tions with parameters A = 0.9 (blue) and A = 10
o s T T T s T s (purple).

04t

03l

01

Geometric. The number of repetitions of a Bernoulli trial with parameter p until the first

success.
030¢ .parameters: pec (0,1),g=1—-p
025t . .notation :  ¢(p)
i .support : Ny
020} pmf: pp=pd* L keNy
N 15; .generating function : _pqs
; .mean : 1%
0.10¢
' Ee .standard deviation : %
005} st ) figure : mass functions of two Geometric distri-
i Teo,  TTrteeenii L, . butions with parameters p = 0.1 (blue) and p = 0.4
0 5 10 15 20 % »  (purple).
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Negative Binomial. The number of failures it takes to obtain r successes in repeated indepen-
dent Bernoulli trials with success probability p.

030
025f
020F"°
01sf .
010f
00s[
0 20 40 60 80 100

.parameters: r €N, pe (0,1) (g=1—p)
.notation :  g(n,p)

.support : Ny

pmf: p, = (7)p'd" k=€ Ny )
.generating function : (1 _”qs)

.mean : r%

.standard deviation : Y2

figure : mass functions of two negative bino-
mial distributions with » = 100,p = 0.6 (blue) and
r =25,p=0.9 (purple).
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Chapter 2

Mathematica in 15 min

Mathematica is a glorified calculator. Here is how to use it'.

24

Basic Syntax

Symbols +, -, /, =, * are all supported by Mathematica. Multiplication can be repre-
sented by a space between variables. a x + b and a*x + b are identical.

Warning: Mathematica is case-sensitive. For example, the command to exit is Quit and
not quit or QUIT.

Brackets are used around function arguments. Write Sin[x], not Sin(x) or Sin{x}.
Parentheses ( ) group terms for math operations: (Sin[x]+Cos[y])*(Tan[z]+z"~2).

If you end an expression with a ; (semi-colon) it will be executed, but its output will not be
shown. This is useful for simulations, e.g.

Braces { } are used for lists:

na= A= {1, 2, 3}
oufi= {1, 2, 3}

Names can refer to variables, expressions, functions, matrices, graphs, etc. A name is
assigned using name = object. An expression may contain undefined names:

In[5]:= A= (a + b) N3
out[s]= (& + b)?

In[6]:= AN 2

oufsl= (a+b) 6

'Actually, this is just a tip of the iceberg. It can do many many many other things.

15
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e The percent sign % stores the value of the previous result

nf7= 5+ 3
out[7]= 8
in[gl= %" 2
outfgl= 64

2.2 Numerical Approximation

e N[expr] gives the approximate numerical value of expression, variable, or command:

= N[Sgrt [2]]

Out[9]= 1.41421

e N[%] gives the numerical value of the previous result:

nf171:= E+ Pi

outfl7]= @ + JT

in[f18]:= N[%]

outf18]= 5. 85987

e N[expr,n] gives n digits of precision for the expression expr:

inf141:= N[Pi, 30]
out14]= 3. 1415926535897932384626433832¢
e Expressions whose result can’t be represented exactly don’t give a value unless you request

approximation:

inf11]:= Sin[3]

outf11]= Si n[3]

in[121:= N[SIi n[3]]

outf121= 0. 14112

2.3 Expression Manipulation

e Expand[expr] (algebraically) expands the expression expr:

Last Updated: December 24, 2010 16 Intro to Stochastic Processes: Lecture Notes



CHAPTER 2. MATHEMATICA IN 15 MIN

inf19p= Expand[ (a +b)"2]
ouiol= a®+2ab+b?

e Factor[expr] factors the expression expr

infzop= Factor[a”2 -b"2]
outz0)= (a-b) (a+b)
inf21= Factor [x"2-5x + 6]

outi211= (=3 +X) (=2 +X)

e Simplify[expr] performs all kinds of simplifications on the expression expr:

niEs= A=X/(X=-1) =x/ (1 +X)

X X
Out[35]= -
-1+x 1+X

inzel:= Si nplify[A]

2 X
out[36]=

-1 +x2
2.4 Lists and Functions

e If L is a list, its length is given by Length[L]. The n'*

element of L can be accessed by
L[[n]] (note the double brackets):

3= L={2, 4, 6, 8, 10]
ous3= {2, 4, 6, 8, 10}
In[44]:= LI[3]]

outfa41= 6

e Addition, subtraction, multiplication and division can be applied to lists element by element:

= L ={1, 3, 4}; K={3, 4, 2};

in2)= L +K
ouzl= {4, 7, 6}

In[3]:= L/K

[Eny

out[3]= {;, ;, 2}
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e If the expression expr depends on a variable (say i), Table[expr,{i,m,n}] produces a list
of the values of the expression expr as i ranges from m to n

in[371= Table[i 2, {i, 0, 5}]
ouz7= {0, 1, 4, 9, 16, 25}

e The same works with two indices - you will get a list of lists

op= Table[i A], {i, 1, 3}, {j, 2, 3}]

oua0= {{1, 1}, {4, 8}, {9, 27}}

e [t is possible to define your own functions in Mathematica. Just use the underscore syntax
f [x_]=expr, where expr is some expression involving x:

infa7= T [X_]1 =Xx"2
Out[47]= x?
nsl= T [X+Yy]

2
outf4gl= (X +Y)

e To apply the function f (either built-in, like Sin, or defined by you) to each element of the
list L, you can use the command Map with syntax Map[f,L]:

o= F[X_] =3 %X
out[50]1= 3 X

mp1= L={1, 2, 3, 4)
ousi= {1, 2, 3, 4}
ns2)= Map[f, L]
ous2l= {3, 6, 9, 12}

e If you want to add all the elements of a list L, use Total[L]. The list of the same length

as L, but whose k" element is given by the sum of the first k& elements of L is given by
Accumulate[L]:

ngr= L={1, 2, 3, 4, 5)
ougl= {1, 2, 3, 4, 5}
inol:= Accumul at e[L]
ou9= {1, 3, 6, 10, 15}
in[rol:= Total [L]

outj10l= 15
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2.5 Linear Algebra

e In Mathematica, matrix is a nested list, i.e. a list whose elements are lists. By convention,
matrices are represented row by row (inner lists are row vectors).

e To access the element in the i** row and j* column of the matrix A, type A[[i,j]1] or
AC[i1]C050:

nsel= A= {{2, 1, 3}, {5, 6, 9})

oufs9= {{2, 1, 3}, {5, 6, 9}}

ineo:= A[[2, 3]1]
out/s0]= 9

ne1l= A[[211[[3]1]
out/e1]= 9

e Matrixform[expr] displays expr as a matrix (provided it is a nested list)

nor= A=Table[i *27j, {i, 2, 5}, {j, 1, 2}]
outol- {{4, 8}, {6, 12}, {8, 16}, {10, 20}}

inf101:= Mat ri xFor m[A]

Out[10]//MatrixForm=

4 8

6 12
8 16
10 20

e Commands Transpose[A], Inverse[A], Det [A], Tr[A] and MatrixRank[A] return the trans-
pose, inverse, determinant, trace and rank of the matrix A, respectively.

e To compute the n power of the matrix A, use MatrixPower[A,n]

In[21]:= A={{1, 1}, {1, 0}}

Out[21]= {{1, 1}, {1, 0}}

in22:= Matri xFor m[Mat ri xPower [A, 5]]

Out[22]//MatrixForm=
(o 5]
5 3
e I[dentity matrix of order n is produced by IdentityMatrix[n].

e If A and B are matrices of the same order, A+B and A-B are their sum and difference.
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e If A and B are of compatible orders, A.B (that is a dot between them) is the matrix product
of A and B.

e For a square matrix A, CharacteristicPolynomial[A,x] is the characteristic poynomial,
det(zI — A) in the variable x:

nol= A= {{3, 4}, {2, 1}}
outa0= {{3, 4}, {2, 1}}
in42):= Characteri sticPol ynom al [A, X]

outja2]= -5 -4 X + x?2

e To get eigenvalues and eigenvectors use Eigenvalues[A] and Eigenvectors[A]. The re-
sults will be the list containing the eigenvalues in the Eigenvalues case, and the list of
eigenvectors of A in the Eigenvectors case:

2= A= {{3, 4}, {2, 1}]
oufszl= {{3, 4}, {2, 1}}
in53):= Ei genval ues[A]
ous3= {5, -1}

in[s41:= Ei genvect or s[A]

oursal= {{2, 1}, {-1, 1}}

2.6 Predefined Constants

e A number of constants are predefined by Mathematica: Pi, I (v/—1), E (2.71828...), Infinity.
Don't use I, E (or D) for variable names - Mathematica will object.

e A number of standard functions are built into Mathematica: Sqrt[], Exp[], Log[], Sin[],
ArcSin[], Cos[], etc.

2.7 Calculus

e D[f,x] gives the derivative of £ with respect to x. For the first few derivatives you can use
2 [x], £7° [x], etc.
in[esl:= D[ X"k, X]
outieel= k x 17K
e D[f,{x,n}] gives the nt" derivative of £ with respect to x

e D[f,x,y] gives the mixed derivative of £ with respect to x and y.
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e Integrate[f,x] gives the indefinite integral of £ with respect to x:

ne7):= I ntegrate[Log[X], X]
outl67]= —X + X LOQ [X]

e Integrate[f,{x,a,b}] gives the definite integral of £ on the interval [a,b] (a or b can be
Infinity (oo) or -Infinity (—o0)) :

nf72;= Integrate[Exp[-2*x], {X, 0, Infinity}]
1

Oout[72]= —
2

e NIntegrate[f,{x,a,b}] gives the numerical approximation of the definite integral. This
usually returns an answer when Integrate[] doesn’t work:

n7el= Integrate[l/ (x +Sin[x]), {x, 1, 2}]

2 1
out[76]= J ——  dx
1 X+Sin[x]

n771= Nlntegrate[l/ (X +Sin[x]), {X, 1, 2}]
outj771= 0. 414085

e Sum[expr,{n,a,b}] evaluates the (finite or infinite) sum. Use NSum for a numerical approx-
imation.

infsol:= Sum[l/k™4, {k, 1, Infinity}]
7T4

Out[80]= ——
Q0

e DSolve[eqn,y,x] solves (given the general solution to) an ordinary differential equation for
function y in the variable x:

ingg]:= DSol ve[y’’ [X] +YI[X] ==X, Y[X], X]

outssl= {{y [X] »x +C[1] Cos[x] +C[2] Sin[x]}]

e To calculate using initial or boundary conditions use DSolve [{eqn, conds},y,x]:

ne3):= DSolve[{y’ [X] =Yy [x]"2, y[0] ==1}, y[X], X]
1

)

out[93]= {{y[x] -
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2.8 Solving Equations

e Algebraic equations are solved with Solve[lhs==rhs,x], where x is the variable with re-
spect to which you want to solve the equation. Be sure to use == and not = in equations.
Mathematica returns the list with all solutions:

insi]= Solve[ x"3 =X, X]

oufgll= {{Xx ->-1}, {x->0}, {x->1}}

e FindRoot[f,{x,x0}] is used to find a root when Solve[] does not work. It solves for x
numerically, using an initial value of xO:

inig2):= FI ndRoot [Cos [X] = X, {X, 1}]

outgzl= {X - 0. 739085}

2.9 Graphics

e Plot[expr,{x,a,b}] plots the expression expr, in the variable x, from a to b:

ins3)= Plot [Sin[x], {x, 1, 3}]

10+
08
0.6

out[83}=

041

‘ ‘ ‘ ‘
15 20 25 80

e Plot3D[expr,{x,a,b},{y,c,d}] produces a 3D plot in 2 variables:

inga)= Plot3D[SIn[x"2+y”"2], {x, 2, 3}, {y, -2, 4}]
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e If L is a list of the form L= {{z1,u1}, {z2,v2},...,{zn,yn}} you can use the command
ListPlot[L] to display a graph consisting of points (z1,y1), ..., (Tn,yn):

np1)p= L=Table[{i, i 2}, {i, 0, 4}]
oufi= {{0, 0}, {1, 1}, {2, 4}, {3, 9}, {4, 16}}

inz)= Li stPlot [L]

15+

10+

out[12]=

2.10 Probability Distributions and Simulation

e PDF[distr,x] and CDF[distr,x] return the pdf (pmf in the discrete case) and the cdf of
the distribution distr in the variable z. distr can be one of:

NormalDistribution[m,s],

ExponentialDistribution[1],

UniformDistribution[{a,bl}],

BinomialDistribusion[n,p],
and many many others (see ?PDF and follow various links from there).

e Use ExpectedValue[expr,distr,x] to compute the expectation E[f(X)], where expr is the
expression for the function f in the variable x:

in[23):= di str = Poi ssonDi stribution[A]
out[23]= Poi ssonDi stribution[A]
in[25]:= PDF[distr, x]

ef)\ X

Out[25]=
X!

in27):= ExpectedVal ue[x”"3, distr, x]

outf271= A+ 3 2% + 28

e There is no command for the generating function, but you can get it by computing the char-
acteristic function and changing the variable a bit CharacteristicFunction[distr, - I Logl[s]I:
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in22]:= di str = Poi ssonDi stribution[a]
out22]= Poi ssonDi stribution[A]

in23):= CharacteristicFunction[distr, -1 Log[s]:

outi23= e("1*$) A

e To get a random number (unifomly distributed between 0 and 1) use RandomReal []. A uni-
formly distributed random number on the interval [a, b] can be obtained by RandomReal [{a,b}].
For a list of n uniform random numbers on [a, b] write RandomReal [{a,b},n].

in[2:= RandonReal []

outz)= 0. 168904

inz= RandonReal [{7, 9}]
outz= 7. 83027

5= RandonReal [{0, 1}, 3]

oursl= {0. 368422, 0.961658, 0.692345)

e If you need a random number from a particular continuous distribution (normal, say), use
RandomReal [distr] or RandomReal [distr,n] if you need n draws.

e When drawing from a discrete distribution use RandomInteger instead.

e If L is a list of numbers, Histogram[L] displays a histogram of L (you need to load the
package Histograms by issuing the command <<Histograms‘ before you can use it):

in71= L = RandonReal [Nor mal Di stribution[0, 1], 100];
npo}= << Hi stograns*
np2)= Hi stogramfL]

20+

oufiz)= 10

211 Help Commands

e 7name returns information about name
e 77name adds extra information about name

e Options[command] returns all options that may be set for a given command
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e ?pattern returns the list of matching names (used when you forget a command). pattern
contains one or more asterisks * which match any string. Try ?*Plot*

212 Common Mistakes

e Mathematica is case sensitive: Sin is not sin

e Don’t confuse braces, brackets, and parentheses {}, [1, O

e Leave spaces between variables: write a x~2 instead of ax~2, if you want to get az?.
e Matrix multiplication uses . instead of * or a space.

e Don't use = instead of == in Solve or DSolve

e If you are using an older version of Mathematica, a function might be defined in an external
module which has to be loaded before the function can be used. For example, in some
versions, the command <<Graphics’ needs to be given before any plots can be made. The
symbol at the end is not an apostrophe - it is the dash above the TAB key.

e Using Integrate[] around a singular point can yield wrong answers. (Use NIntegrate[]
to check.)

e Don't forget the underscore _ when you define a function.

Last Updated: December 24, 2010 25 Intro to Stochastic Processes: Lecture Notes



Chapter 3

Stochastic Processes

Definition 3.1. Let 7 be a subset of [0,00). A family of random variables {X;}:c7, indexed by
T, is called a stochastic (or random) process. When 7 = N (or 7 = Ny), {X: }+e7 is said to be
a discrete-time process, and when 7 = [0, c0), it is called a continuous-time process.

When 7 is a singleton (say 7 = {1}), the process { X; };+c7 = X1 is really just a single random
variable. When T is finite (e.g, 7 = {1,2,...,n}), we get a random vector. Therefore, stochastic
processes are generalizations of random vectors. The interpretation is, however, somewhat
different. While the components of a random vector usually (not always) stand for different spatial
coordinates, the index ¢ € T is more often than not interpreted as time. Stochastic processes
usually model the evolution of a random system in time. When 7 = [0,00) (continuous-time
processes), the value of the process can change every instant. When 7 = N (discrete-time
processes), the changes occur discretely.

In contrast to the case of random vectors or random variables, it is not easy to define a notion
of a density (or a probability mass function) for a stochastic process. Without going into details
why exactly this is a problem, let me just mention that the main culprit is the infinity. One usually
considers a family of (discrete, continuous, etc.) finite-dimensional distributions, i.e, the joint
distributions of random vectors

(th,XtQ, . ,th),

for all n € N and all choices t1,...,t, € T.

The notion of a stochastic processes is very important both in mathematical theory and its
applications in science, engineering, economics, etc. It is used to model a large number of various
phenomena where the quantity of interest varies discretely or continuously through time in a
non-predictable fashion.

Every stochastic process can be viewed as a function of two variables - ¢t and w. For each
fixed ¢, w — X¢(w) is a random variable, as postulated in the definition. However, if we change
our point of view and keep w fixed, we see that the stochastic process is a function mapping w to
the real-valued function ¢ — X;(w). These functions are called the trajectories of the stochastic
process X.
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Figures on the left show two different

trajectories of a simple random walk¢,
of of i.e, each one corresponds to a (differ-
ent) frozen w € €, but t goes from 0 to
30.

“We will define the simple random walk
later. For now, let us just say that is behaves
as follows. It starts at x = 0 for ¢ = 0. Af-
ter that a fair coin is tossed and we move up
(to x = 1) if heads is observed and down to
x = —1 is we see fails. The procedure is re-
i oL peated at t = 1,2, ... and the position at t+1 is
determined in the same way, independently of
all the coin tosses before (note that the position
at ¢ = k can be any of the following x = —k,
r=—-k+2 ..., x=k—2 x=k).

Unlike with the figures above, the

two pictures on the right show | "
two time-slices of the same ran-
dom process; in each graph, the
time t is fixed (t = 15 vs. t =
25) but the various values random | . ' ool
variables Xi5 and X9 can take ,, ‘ " om R ‘ o ‘
are presented through the prob- ” ' ’ s - ' ’ ’
ability mass functions.

020 .. 020
015 * * 0151

010f . . 010f

3.1 The canonical probability space

When one deals with infinite-index (#7 = +oo) stochastic processes, the construction of the
probability space (€2, F,P) to support a given model is usually quite a technical matter. This
course does not suffer from that problem because all our models can be implemented on a
special probability space. We start with the sample-space :

Q=01 x [0,1] x--- = [0, 1],

and any generic element of 2 will be a sequence w = (wp, w1, w2, ...) of real numbers in [0, 1].
For n € Ny we define the mapping =, : € — [0, 1] which simply chooses the n-th coordinate :

(W) = wy.
The proof of the following theorem can be found in advanced probability books:
Theorem 3.2. There exists a o-algebra F and a probability P on 2 such that
1. each ~,, n € Ny is a random variable with the uniform distribution on [0, 1], and

2. the sequence {7y }nen, is independent.
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Remark 3.3. One should think of the sample space €2 as a source of all the randomness in
the system: the elementary event w € €2 is chosen by a process beyond out control and the
exact value of w is assumed to be unknown. All the other parts of the system are possibly
complicated, but deterministic, functions of w (random variables). When a coin is tossed, only a
single drop of randomness is needed - the outcome of a coin-toss. When several coins are tossed,
more randomness is involved and the sample space must be bigger. When a system involves an
infinite number of random variables (like a stochastic process with infinite 7), a large sample
space {2 is needed.

3.2 Constructing the Random Walk

Let us show how to construct the simple random walk on the canonical probability space (2, F,P)
from Theorem 3.2. First of all, we need a definition of the simple random walk:

Definition 3.4. A stochastic process {X,, },en, is called a simple random walk if
1. X0 =0,
2. the increment X,, ;1 — X,, is independent of (Xg, X1,...,X,,) for each n € Ny, and
3. the increment X, 1 — X, has the coin-toss distribution, i.e.

PXpp1 — Xn = 1] =P[Xpy1 — X = —1] =

D=

For the sequence {7, } nen, given by Theorem 3.2, define the following, new, sequence {&, }nen
of random variables:
1, Yn = %
§n =

—1, otherwise.

Then, we set

n
Xy =0, Xn:Z§k, neN.
k=1
Intuitively, we use each &, to emulate a coin toss and then define the value of the process X at
time n as the cumulative sum of the first n coin-tosses.

Proposition 3.5. The sequence { X, }nen, defined above is a simple random walk.

DProof. (1) is trivially true. To get (2), we first note that the {&,}nen is an independent sequence
(as it has been constructed by an application of a deterministic function to each element of an
independent sequence {7, }nen). Therefore, the increment X, 11 — X,, = &,41 is independent of
all the previous coin-tosses &1, .. .,&,. What we need to prove, though, is that it is independent
of all the previous values of the process X. These, previous, values are nothing but linear
combinations of the coin-tosses &1, ..., &,, so they must also be independent of £,1. Finally, to
get (3), we compute

PXny1 — X = 1] = Pléns1 = 1] = Plynyr 2 %] - %

D=

A similar computation shows that P[X,,;; — X,, = —1] =
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3.3 Simulation

Another way of thinking about sample spaces, and randomness in general, is through the notion
of simulation. Simulation is what I did to produce the two trajectories of the random walk above;
a computer tossed a fair coin for me 30 times and I followed the procedure described above
to construct a trajectory of the random walk. If | asked the computer to repeat the process, I
would get different 30 coin-tosses!. This procedure is the exact same one we imagine nature (or
casino equipment) follows whenever a non-deterministic situation is involved. The difference is,
of course, that if we use the random walk to model out winnings in a fair gamble, it is much
cheaper and faster to use the computer than to go out and stake (and possibly loose) large
amounts of money. Another obvious advantage of the simulation approach is that it can be
repeated; a simulation can be run many times and various statistics (mean, variance, etc.) can be
computed.

More technically, every simulation involves two separate inputs. The first one if the actual
sequence of outcomes of coin-tosses. The other one is the structure of the model - I have to
teach the computer to “go up” if heads shows and to “go down” if fails show, and to repeat
the same procedure several times. In more complicated situations this structure will be more
complicated. What is remarkable is that the first ingredient, the coin-tosses, will stay almost as
simple as in the random walk case, even in the most complicated models. In fact, all we need is
a sequence of so-called random numbers. You will see through the many examples presented
in this course that if I can get my computer to produce an independent sequence of uniformly
distributed numbers between 0 and 1 (these are the random numbers) I can simulate trajectories
of all important stochastic processes. Just to start you thinking, here is how to produce a coin-toss
from a random number: declare heads if the random number drawn is between 0 and 0.5, and
declare fails otherwise.

3.3.1 Random number generation

Before we get into intricacies of simulation of complicated stochastic processes, let us spend
some time on the (seemingly) simple procedure of the generation of a single random number.
In other words, how do you teach a computer to give you a random number between 0 and 17
Theoretically, the answer is You can’t!. In practice, you can get quite close. The question of what
actually constitutes a random number is surprisingly deep and we will not even touch it in this
course.

Suppose we have written a computer program, a random number generator (RNG) - call it
rand - which produces a random number between 0 and 1 every time we call it. So far, there
is nothing that prevents rand from always returning the same number 0.4, or from alternating
between 0.3 and 0.83. Such an implementation of rand will, however, hardly qualify for an
RNG since the values it spits out come in a predictable order. We should, therefore, require
any candidate for a random number generator to produce a sequence of numbers which is as
unpredictable as possible. This is, admittedly, a hard task for a computer having only deterministic
functions in its arsenal, and that is why the random generator design is such a difficult field. The
state of the affairs is that we speak of good or less good random number generators, based on
some statistical properties of the produced sequences of numbers.

1 Actually, T would get the exact same 30 coin-tosses with probability 0.000000001
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One of the most important requirements is that our RNG produce uniformly distributed
numbers in [0, 1] - namely - the sequence of numbers produced by rand will have to cover the
interval [0,1] evenly, and, in the long run, the number of random numbers in each subinterval
[a, b] of [0,1] should be proportional to the length of the interval b —a. This requirement if hardly
enough, because the sequence

0,0.1,0.2,...,0.8,0.9,1, 0.05,0.15,0.25, .. .,0.85,0.95, 0.025,0.075,0.125,0.175, . ..

will do the trick while being perfectly predictable.

To remedy the inadequacy of the RNGs satisfying only the requirement of uniform distribu-
tion, we might require rand to have the property that the pairs of produced numbers cover the
square [0, 1] x [0, 1] uniformly. That means that, in the long run, the proportion of pairs falling
in a patch A of the square [0, 1] x [0, 1] will be proportional to its area. Of course, one could
continue with such requirements and ask for triples, quadruples, ...of random numbers to be
uniform in [0,1]3, [0,1]*.... The highest dimension n such that the RNG produces uniformly
distributed numbers in [0,1]" is called the order of the RNG. A widely-used RNG called the
Mersenne Twister, has the order of 623.

Another problem with RNGs is that the numbers produced will start to repeat after a while
(this is a fact of life and finiteness of your computer’s memory). The number of calls it takes for
a RNG to start repeating its output is called the period of a RNG. You might have wondered how
is it that an RNG produces a different number each time it is called, since, after all, it is only a
function written in some programming language. Most often, RNGs use a hidden variable called
the random seed which stores the last output of rand and is used as an (invisible) input to the
function rand the next time it is called. If we use the same seed twice, the RNG will produce
the same number, and so the period of the RNG is limited by the number of possible seeds.
It is worth remarking that the actual random number generators usually produce a “random”
integer between 0 and some large number RAND_MAX, and report the result normalized (divided)
by RAND_MAX to get a number in [0, 1).

3.3.2 Simulation of Random Variables

Having found a random number generator good enough for our purposes (the one used by
Mathematica is just fine), we might want to use it to simulate random variables with distributions
different from the uniform on [0, 1] (coin-tosses, normal, exponential, ...). This is almost always
achieved through transformations of the output of a RNG, and we will present several methods
for dealing with this problem. A typical procedure (see the Box-Muller method below for an
exception) works as follows: a real (deterministic) function f : [0,1] — R - called the transforma-
tion function - is applied to rand. The result is a random variable whose distribution depends on
the choice of f. Note that the transformation function is by no means unique. In fact, v ~ UJ0, 1],
then f(v) and f(y), where f(z) = f(1 — z), have the same distribution (why?).
What follows is a list of procedures commonly used to simulate popular random variables:

1. Discrete Random Variables Let X have a discrete distribution given by
X ~ < r1 T2 ... Ip ) ‘
p1 p2 ... DPn
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For discrete distributions taking an infinite number of values we can always truncate at a
very large n and approximate it with a distribution similar to the one of X.

We know that the probabilities p1, ps, ..., pn, add-up to 1, so we define the numbers 0 = ¢y <
@1 <--<gn=1by

90=0,,q1=p1, @=p1+p2, ... Ga=p1+tp2+t--+p,=1

To simulate our discrete random variable X, we call rand and then return z; if 0 < rand <
q1, return zs if ¢ < rand < ¢, and so on. It is quite obvious that this procedure indeed
simulates a random variable X. The transformation function f is in this case given by

1, 0<z<q
To, q1 <@

f(z) =
Tp, Gqn-1<x <1

. The Method of Inverse Functions The basic observation in this method is that , for
any continuous random variable X with the distribution function F'x, the random variable
Y = Fx(X) is uniformly distributed on [0, 1]. By inverting the distribution function Fx and
applying it to Y, we recover X. Therefore, if we wish to simulate a random variable with
an invertible distribution function F, we first simulate a uniform random variable on [0, 1]
(using rand) and then apply the function F~! to the result. In other words, use f = F~! as
the transformation function. Of course, this method fails if we cannot write F~! in closed
form.

Example 3.6. (Exponential Distribution) Let us apply the method of inverse functions
to the simulation of an exponentially distributed random variable X with parameter .
Remember that the density fx of X is given by

fx(z) = Aexp(—=Az), z > 0, and so Fx(x) =1 —exp(—\z), z > 0,

and so Fy'(y) = —+log(1 —y). Since, 1—rand has the same U0, 1]-distribution as rand, we
conclude that f(z) = —3 log(z) works as a transformation function in this case, ie, that

_ log( rand )
A

has the required Exp(\)-distribution.

Example 3.7. (Cauchy Distribution) The Cauchy distribution is defined through its density

function
1 1

fx(z) = ;m-

The distribution function F'x can be determined explicitly in this example:

Fx(x) = jr/_; (1_::1;2)61.% = %(g + arctan(x)), and so Fy'(y) = tan (W(y - %)>,

yielding that f(z) = tan(w(z — 1)) is a transformation function for the Cauchy random
variable, i.e. tan(m(rand — 0.5)) will simulate a Cauchy random variable for you.
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3. The Box-Muller method This method is useful for simulating normal random variables,
since for them the method of inverse function fails (there is no closed-form expression for
the distribution function of a standard normal). Note that this method does not fall under
that category of transformation function methods as described above. You will see, though,
that it is very similar in spirit. It is based on a clever trick, but the complete proof is a bit
technical, so we omit it.

Proposition 3.8. Let v, and 2 be independent U[0, 1]-distributed random variables. Then
the random variables

X1 = v/~2log(71) cos(2m2), X = /~2log(y1) sin(2m72)

are independent and standard normal (N(0,1)).

Therefore, in order to simulate a normal random variable with mean p = 0 and variance
0% = 1, we produce call the function rand twice to produce two random numbers randi
and rand2. The numbers

X1 = +v/—2log(randl) cos(2m rand2), X9 = \/—2log(randl)sin(27 rand2)

will be two independent normals. Note that it is necessary to call the function rand twice,
but we also get two normal random numbers out of it. It is not hard to write a procedure
which will produce 2 normal random numbers in this way on every second call, return
one of them and store the other for the next call. In the spirit of the discussion above, the
function f = (f1, f2) : (0,1] x [0,1] — R? given by

fl(xvy) =V -2 log(x) COS(Qﬂ-y)’ fQ(l',y) = —210g($) sin(27ry).
can be considered a transformation function in this case.

4. Method of the Central Limit Theorem The following algorithm is often used to simulate
a normal random variable:

(a) Simulate 12 independent uniform random variables (rands) - v1, 2, . . . , V12.
(b) Set X =1+ 72+ + 72— 6.

The distribution of X is very close to the distribution of a unit normal, although not exactly
equal (eg. P[X > 6] = 0, and P[Z > 6] # 0, for a true normal Z). The reason why X
approximates the normal distribution well comes from the following theorem

Theorem 3.9. Let X1, X5,... be a sequence of independent random variables, all hav-
ing the same (square-integrable) distribution. Set y = E[X1] (= E[X2] = ...) and ¢? =
Var[X] (= Var[X3] = ...). The sequence of normalized random variables

(X1 +Xo+---+Xp) —np
o\v/n ’

converges to the normal random variable (in a mathematically precise sense).
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The choice of exactly 12 rands (as opposed to 11 or 35) comes from practice: it seems to
achieve satisfactory performance with relatively low computational cost. Also, the standard
deviation of a U[0,1] random variable is 1/y/12, so the denominator o+/n conveniently
becomes 1 for n = 12. It might seem a bit wasteful to use 12 calls of rand in order to
produce one draw from the unit normal. If you try it out, you will see, however, that
it is of comparable speed to the Box-Muller method described above; while Box-Muller
uses computationally expensive cos, sin, Vv and log, this method uses only addition and
subtraction. The final verdict of the comparison of the two methods will depend on the
architecture you are running the code on, and the quality of the implementation of the
functions cos, sin . . ..

5. Other methods There is a number of other methods for transforming the output of rand
into random numbers with prescribed density (rejection method, Poisson trick, ...). You
can read about them in the free online copy of Numerical recipes in C at

http://www.library.cornell.edu/nr/bookcpdf.html

3.4 Monte Carlo Integration

Having described some of the procedures and methods used for simulation of various random
objects (variables, vectors, processes), we turn to an application in probability and numerical
mathematics. We start off by the following version of the Law of Large Numbers which constitutes
the theory behind most of the Monte Carlo applications

Theorem 3.10. (Law of Large Numbers) Let X1, X5, ... be a sequence of identically distributed
random variables, and let g : R — R be function such that pn = E[g(X1)] (= E[g(X2)] = ...)
exists. Then

9(X1) +9(X2) +- -+ g(Xy) _W_/OO

n g9(z) fx,(z)dx, as n — co.

The key idea of Monte Carlo integration is the following

Suppose that the quantity y we are interested in can be written asy = ffooo g9(z) fx(x) dx
for some random variable X with density fx and come function g, and that x1, zo, . ..
are random numbers distributed according to the distribution with density fx. Then
the average

1
S(g(@1) +g(22) + -+ g(2a),
will approximate y.

[t can be shown that the accuracy of the approximation behaves like 1/4/n, so that you have
to quadruple the number of simulations if you want to double the precision of you approximation.
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Example 3.11.

1. (numerical integration) Let g be a function on [0, 1]. To approximate the integral fol g(z)dz
we can take a sequence of n (U[0,1]) random numbers 1, 2, .. .,

)

/19@) dp ~ 9@ Fg(@2) + -+ g(zn)
0 n

because the density of X ~ UJ0,1] is given by

fX(x):{l, 0<z<l1

0, otherwise

2. (estimating probabilities) Let Y be a random variable with the density function fy. If
we are interested in the probability P[Y € [a,b]] for some a < b, we simulate n draws
Y1, Y2, - - -, Yn from the distribution Fy and the required approximation is

PY € [a, 5] ~ number of y,’s falling in the interval |a, b]‘

n

One of the nicest things about the Monte-Carlo method is that even if the density of the
random variable is not available, but you can simulate draws from it, you can still preform
the calculation above and get the desired approximation. Of course, everything works in
the same way for probabilities involving random vectors in any number of dimensions.

3. (approximating )
We can devise a simple procedure for approximating m = 3.141592 by using the Monte-
Carlo method. All we have to do is remember that 7 is the area of the unit disk. Therefore,
7 /4 equals to the portion of the area of the unit disk lying in the positive quadrant, and we

can write
T 1,1
42/ / g(z,y) dxdy,
o Jo

@.9) 1, 22+y2<1
xT, =
gy 0, otherwise.

where

So, simulate n pairs (x;,;),7 = 1...n of uniformly distributed random numbers and count
how many of them fall in the upper quarter of the unit circle, ie. how many satisfy
xf + yf < 1, and divide by n. Multiply your result by 4, and you should be close to 7. How
close? Well, that is another story ... Experiment!
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The Simple Random Walk

41 Construction

We have defined and constructed a random walk {X,},ecn, in the previous lecture. Our next
task is to study some of its mathematical properties. Let us give a definition of a slightly more
general creature.

Definition 4.1. A sequence {X,, },en, of random variables is called a simple random walk (with
parameter p € (0,1)) if

1. Xo=0,
2. Xp+1 — Xy, is independent of (Xo, X1,...,X,,) for all n € N, and

3. the random variable X, 11 — X, has the following distribution
(4 )
q p

If p= % the random walk is called symmetric.

where, as usual, g =1 — p.

The adjective simple comes from the fact that the size of each step is fixed (equal to 1) and
it is only the direction that is random. One can study more general random walks where each
step comes from an arbitrary prescribed probability distribution.

Proposition 4.2. Let {X,, },en, be a simple random walk with parameter p. The distribution of

the random variable X, is discrete with support {—n,—n+ 2,...,n — 2,n}, and probabilities
P = ]P)[Xn = H = <lfn>p(n+l)/2q(nl)/2u l =-n,—n + 25 e, — 27 n. (41)
2
Proof. X,, is composed of n independent steps &, = X1 — Xg, kK =1,...,n, each of which goes

either up or down. In order to reach level [ in those n steps, the number u of up-steps and the

number d of downsteps must satisfy u — d = [ (and u + d = n). Therefore, u = ”TH and d = ”T_l
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The number of ways we can choose these u up-steps from the total of n is ( il ) which, with
2

the fact the probability of any trajectory with exactly v up-steps is p“¢"~ %, gives the probability

(4.1) above. Equivalently, we could have noticed that the random variable %X" has the binomial

b(n, p)-distribution. O

The proof of Proposition 4.2 uses the simple idea already hinted at in
the previous lecture: view the random walk as a random trajectory
in some space of trajectories, and, compute the required probability
by simply counting the number of trajectories in the subset (event)
you are interested in, and adding them all together, weighted by
their probabilities. To prepare the ground for the future results, let
C be the set of all possible trajectories:

C:{($0,$1,...,l‘n) : 1’0:0, xk+1—xk::|:1,k§n—1}.

You can think of the first n steps of a random walk simply as a
probability distribution on the state-space C.

The figure on the right shows the superposition of all trajectories
in C for n = 4 and a particular one - (0,1,0,1,2) - in red.

4.2 The maximum

Now we know how to compute the probabilties related to the position of the random walk
{Xn}nen, at a fixed future time n. A mathematically more interesting question can be posed
about the maximum of the random walk on {0,1,...,n}. A nice expression for this probability
is available for the case of symmetric simple random walks.

Proposition 4.3. Let {X,,}nen, be a symmetric simple random walk, suppose n > 2, and let
M, = max(Xy,...,X,) be the maximal value of {X,}nen, on the interval 0,1,...,n. The
support of M,, is {0,1,...,n} and its probability mass function is given by

n —-n
pl:P[M”:l]:<Ln+l+1J>2 , 1=0,...,n.
2

Proof. Let us first pick a level [ € {0,1,...,n} and compute the auxilliary probability ¢; = P[M,, >
[] by counting the number of trajectories whose maximal level reached is at least I. Indeed,
the symmetry assumption ensures that all trajectories are equally likely. More precisely, let
A; C Cy(n) be given by
A ={(xo,21,...,2n) €C : max xp > 1}
k=0,...,n

={(xo,21,...,25) € C : x > 1, for at least one k € {0,...,n}}.

Then P[M,, > ] = 5~#A;, where #A denotes the number of elements in the set A. When [ =0,
we clearly have P[M,, > 0] = 1, since Xy = 0.

To count the number of elements in A;, we use the following clever observation (known as
the reflection principle):
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Claim 4.4. For | € N, we have

#Al = 2#{($Q,$1, e 7:1:71) P Tp > l} + #{(w07x17 e 7'1:71) P Ip = l} (42)

Proof Claim 4.4. We start by defining a bijective transformation which maps trajectories into
trajectories. For a trajectory (xo,z1,...,2,) € Ay, let k(1) = k(I, (xo,x1,...,2y)) be the smallest
value of the index k such that z; > [. In the stochastic-process-theory parlance, k(1) is the first
hitting time of the set {/,/+1,...}. We know that k(!) is well-defined (since we are only applying
it to trajectories in A;) and that it takes values in the set {1,...,n}. With k(l) at our disposal, let

(Y0, Y1, ---,Yn) € C be a trajectory obtained from (zo,x1,...,z,) by the following procedure:
1. do nothing until you get to k(l):

® Yo = To
® Yy =21, ... or

AN
Y,

® Yr(l) = Tk(l)-

2. use the flipped values for the coin-tosses
from k(l) onwards:

® Yr()+1 — Yk() = *(l“k(l)+1 - $k(l))'
® Yry+2 — Yk()+1 = —(Th@)42 — Tht)+1)
® Yn — Yn—1 = _(xn - xn—l)-

The picture on the right shows two trajectories: a blue one and its reflection in red, with
n = 15,1 =4 and k(!) = 8. Graphically, (vo,...,yn) looks like (zg,...,x,) until it hits the level [,
and then follows its reflection around the level [ so that y, — 1 =1 — xy, for k > k(1). If k(1) =n,
then (zg,z1,...,24) = (Y0,Y1,---,Yn). It is clear that (yo,y1,...,yn) is in C. Let us denote this
transformation by
A —C, O(xo,21,--,%n) = (Y0, Y15+ Yn)

and call it the reflection map. The first important property of the reflexion map is that it is its
own inverse: apply ® to any (yo, y1, - -.,¥yn) in A4;, and you will get the original (xg,x1,...,2,). In
other words ® o ® = 1d, i.e. ® is an involution. It follows immediately that ® is a bijection from
A; onto Aj.

To get to the second important property of ®, let us split the set A4; into three parts according
to the value of z,,:

L. Al>:{(x07x17'”7xn)€Al : l’n>l},
2. Al: = {(xovxlv v ,Hﬁ'n) S Al I = l}, and
3. Al<:{(x07x17'-->$n)€Al : $n<l},

So that
B(A7) = A7, B(A]) = A7, and B(A]) = A7

We should note that, in the definition of A;” and A;", the a priori stipulation that (zo, z1,...,2y) €
A; is unncessary. Indeed, if z,, > [, you must already be in A;. Therefore, by the bijectivity of &,

Last Updated: December 24, 2010 37 Intro to Stochastic Processes: Lecture Notes



CHAPTER 4. THE SIMPLE RANDOM WALK

we have
#Af = #Al> = #{(xo,1,...,2pn) : T, > 1},
and so
#HA =2#{(x0,z1,...,xn) : Ty > 1} +#{(x0,21,...,2n) : T, =1},
just as we claimed. O

Now that we have (4.2), we can easily rewrite it as follows:

PM,, > 1] = P[X, =] +2) P[X, = j] = Y P[X, =j]+ Y P[X, = jl.
>l g>l1 j=l

Finally, we subtract P[M,, > [ + 1] from P[M,, > [] to get the expression for P[M,, =[]
PM, =1 =PX,=1+1]+PX, =1

It remains to note that only one of the probabilities P[X,, = [ + 1] and P[X,, = [] is non-zero,
the first one if n and [ have different parity and the second one otherwise. In either case the
non-zero probability is given by
n
27",
(1)

Let us use the reflection principle to solve a classical problem in combinatorics.

Example 4.5 (The Ballot Problem). Suppose that two candidates, Daisy and Oscar, are running
for office, and n € N voters cast their ballots. Votes are counted by the same official, one by one,
until all n of them have been processed (like in the old days). After each ballot is opened, the
official records the number of votes each candidate has received so far. At the end, the official
announces that Daisy has won by a margin of m > 0 votes, i.e, that Daisy got (n + m)/2 votes
and Oscar the remaining (n — m)/2 votes. What is the probability that at no time during the
counting has Oscar been in the lead?

We assume that the order in which the official counts the votes is completely independent
of the actual votes, and that each voter chooses Daisy with probability p € (0,1) and Oscar with
probability ¢ = 1 — p. For k < n, let X; be the number of votes received by Daisy minus the
number of votes received by Oscar in the first k& ballots. When the k& + 1-st vote is counted, Xy,
either increases by 1 (if the vote was for Daisy), or decreases by 1 otherwise. The votes are
independent of each other and Xy = 0, so X, 0 < k < n is (the beginning of) a simple random
walk. The probability of an up-step is p € (0, 1), so this random walk is not necessarily symmetric.
The ballot problem can now be restated as follows:

What is the probability that X > 0 for all k € {0,...,n}, given that X,, = m?

The first step towards understanding the solution is the realization that the exact value of p does
not matter. Indeed, we are interested in the conditional probability P[F'|G] = P[FNG|/P|G], where
F' denotes the family of all trajectories that always stay non-negative and G the family of those
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that reach m at time n. Each trajectory in G has (n + m)/2 up-steps and (n —m)/2 down-steps,
so its probability weight is always equal to p(*+7)/2¢(n=m)/2 Theyefore,

PIFNG]  #(FNG) pimi2gn-miz — w(png)

FIFIC =" = gapomingemiz = #G %3

We already know how to count the number of paths in G - it is equal to ((n +’:n) /2) - so “all”
that remains to be done is to count the number of paths in GN F.

The paths in G N F form a portion of all the paths in G which don’t hit the level [ = —1, so
that #(G N F) = #G — #H, where H is the set of all paths which finish at m, but cross (or, at
least, touch) the level [ = —1 in the process. Can we use the reflection principle to find #H? Yes,
we do. In fact, you can convince yourself that the reflection of any path in H around the level
I = —1 after its first hitting time of that level poduces a path that starts at 0 and ends at —m — 2.
Conversely, the same procedure applied to such a path yields a path in H. The number of paths
from 0 to —m — 2 is easy to count - it is equal to (( " ) Putting everything together, we get

n+m)/2+1
P[F|G] = () (nng) = %lji 1_ n, where k = n—;m
k

n!

The last equality follows from the definition of binomial coefficients (Z) = Hn—l"

The Ballot problem has a long history (going back to at least 1887) and has spurred a lot of
research in combinatorics and probability. In fact, people still write research papers on some of
its generalizations. When posed outside the context of probability, it is often phrased as “in how
many ways can the counting be performed ...” (the difference being only in the normalizing
factor (Z) appearing in (4.3) above). A special case m = 0 seems to be even more popular - the

number of 2n-step paths from 0 to 0 never going below zero is called the Catalan number and

equals to
1 2n
Cn = .
" n+1<n)

Can you derive this expression from (4.3)? If you want to test your understanding a bit further,
here is an identity (called Segner’s recurrence formula) satisfied by the Catalan numbers

C, = zn:Ci_lcn_i, n € N.

i=1

Can you prove it using the Ballot-problem interpretation?
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Generating functions

The path-counting method used in the previous lecture only works for computations related to
the first n steps of the random walk, where n is given in advance. We will see later that most
of the interesting questions do not fall into this category. For example, the distribution of the
time it takes for the random walk to hit the level [ # 0 is like that. There is no way to give
an a-priori bound on the number of steps it will take to get to [ (in fact, the expectation of this
random variable is +00). To deal with a wider class of properties of random walks (and other
processes), we need to develop some new mathematical tools.

5.1 Definition and first properties

The distribution of an Ny-valued random variable X is completely determined by the sequence
{Pn}nen, of numbers in [0, 1] given by

pn = P[X =n], n € Ny.

As a sequence of real numbers, {py, }nen, can be used to construct a power series:
o0
Px(s) = Zpksk. (5.1)
k=0

It follows from the fact that 3", |p,| < 1 that the radius of convergence'! of {p,},en, is at
least equal to 1. Therefore, Py is well defined for s € [—1, 1], and, perhaps, elsewhere, too.

Definition 5.1. The function Py given by Px(s) = Y e, prs® is called the generating function
of the random variable X, or, more precisely, of its pmf {p, }nen,-

Before we proceed, let us find an expression for the generating functions of some of the
popular Nyp-valued random variables.

Example 5.2.

'Remember, that the radius of convergence of a power series 577 axz” is the largest number R € [0, oc] such
that 3°7° ) arz” converges absolutely whenever |z| < R.
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1. Bernoulli - b(p) Here py = ¢, p1 = p, and p,, = 0, for n > 2. Therefore,
Px(s) =ps+q.

2. Binomial - b(n,p) Since p; = (})p*¢" %, k=0,...,n, we have

Px(s)=>_ <k)pkq” b = (ps+ )",
k=0

by the binomial theorem.

3. Geometric - g(p) For k € Ny, p = ¢*p, so that

quskp pz 1_q8-

oo k 0 k
Px(s) = Ze”\)\—sk — oA Z (s)) — e AN = A1)

Some of the most useful analytic properties of Px are listed in the following proposition

Proposition 5.3. Let X be an Ny-valued random variable, let {p,}necn, be its pmf, and let Px
be its generating function. Then

1. Px(s) = E[s¥], s € [-1,1],
2. Px(s) is convex and non-decreasing with 0 < Px(s) <1 for s € [0, 1]

3. Px(s) is infinitely differentiable on (—1,1) with

d’I’L
In particular, p, = 2, j;; Px (s )‘ +—o and so s — Px(s) uniquely determines the sequence

{pn}nENo-

Proof. Statement (1) follows directly from the formula E[g(X)] = > 72, g(k)pk., applied to g(x) =
s®. As far as (3) is concerned, we only note that the expression (5.2) is exactly what you would
get if you differentiated the expression (5.1) term by term. The rigorous proof of the fact this is
allowed is beyond the scope of these notes. With (3) at our disposal, (2) follows by the fact that
the first two derivatives of the function Px are non-negative and that Px (1) = 1. O

Remark 5.4.

1. If you know about moment-generating functions, you will notice that Px(s) = Mx (log(s)),
for s € (0,1), where Mx(\) = E[exp(AX)] is the moment-generating function of X.
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2. Generating functions can be used with sequences {a, }nen, Which are not necessarily pmf’s
of random variables. The method is useful for any sequence {ay, }nen, such that the power
series > 72 ays® has a positive (non-zero) radius of convergence.

3. The name generating function comes from the last part of the property (3). The knowledge
of Px implies the knowledge of the whole sequence {p,, } nen,. Put differently, Px generates
the whole distribution of X.

Remark 55. Note that the true radius of convergence varies from distribution to distribution. It
is infinite in (1), (2) and (4), and equal to 1/¢ > 1 in (3), in Example 5.2. For the distribution with

pmf given by p = ﬁ where C' = (3,2, m)_l, the radius of convergence is exactly equal

to 1. Can you see why?

5.2 Convolution and moments

The true power of generating functions comes from the fact that they behave very well under
the usual operations in probability.

Definition 5.6. Let {p,}nen, and {g, }nen, be two probability-mass functions. The convolution
p* q of {pn}nen, and {gn tnen, is the sequence {r, }nen,, where

n
n = ZPan—k,n € Np.
k=0

This abstractly-defined operation will become much clearer once we prove the following
proposition:

Proposition 5.7. Let X,Y be two independent Ny-valued random variables with pmfs {pp }nen,
and {qn}nen,- Then the sum Z = X +Y is also No-valued and its pmf is the convolution of
{Pn}nen, and {gn tnen, in the sense of Definition 5.6.

Proof. Clearly, Z is Nyg-valued. To obtain an expression for its pmf, we use the law of total
probability:

P[Z =n] = ip[x = k|P[Z = n|X = k].
k=0

However, P[Z =n|X = k] =P[X +Y =n|X =k] =P]Y =n —k|X = k] = P[Y = n — k], where
the last equality follows from independence of X and Y. Therefore,

PIZ =] = 3 PX = KB[Y =0 — K = Y o
k=0 k=0

Corollary 5.8. Let {pn}nen, and {pn}nen, be any two pmfs.

1. Convolution is commutative, i.e, p* q = q * p.
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2. The convolution of two pmfs is a pmf, ie. r, > 0, for all n € Ng and > ;2 i = 1, for
T=Dp*q.

Corollary 5.9. Let {py }nen, and {pn}nen, be any two pmfs, and let

P(s) =Y prs* and Q(s) = > qus*
k=0

k=0

be their generating functions. Then the generating function R(s) = > ;- ris*, of the convolu-
tion r = p x q is given by

R(s) = P(s)Q(s)-

Equivalently, the generating function Px.y of the sum of two independent Ny-valued random
variables is equal to the product

Pxiy(s) = Px(s)Py(s),
of the generating functions Px and Py of X and Y.
Example 5.10.

1. The binomial b(n,p) distribution is a sum of n independent Bernoullis b(p). Therefore,
if we apply Corrolary 59 n times to the generating function (¢ + ps) of the Bernoulli
b(p) distribution we immediately get that the generating function of the binomial is (¢ +

ps)...(q+ps)=(qg+ps)"

2. More generally, we can show that the sum of m independent random variables with the
b(n,p) distribution has a binomial distribution b(mn, p). If you try to sum binomials with
different values of the parameter p you will not get a binomial.

3. What is even more interesting, the following statement can be shown: Suppose that the
sum Z of two independent Ny-valued random variables X and Y is binomially distributed
with parameters n and p. Then both X and Y are binomial with parameters nx,p and
ny,p where nx +ny = n. In other words, the only way to get a binomial as a sum of
independent random variables is the trivial one.

Another useful thing about generating functions is that they make the computation of mo-
ments easier.

Proposition 5.11. Let {p,}nen, be a pmf of an Ny-valued random variable X and let P(s) be
its generating function. For n € N the following two stafements are equivalent

1. E[X"] < o0,
2. dndf (s) _1 exists (in the sense that the left limit lim, ~ dndf (s) exists)

In either case, we have

mn

EX(X - 1)(X -2)...(X —n+1)] = %P(s) .
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The quantities
E[X], E[X(X-1)], EXX-1)(X-2),...

are called factorial moments of the random variable X. You can get the classical moments from
the factorial moments by solving a system of linear equations. It is very simple for the first few:

X2 =E[X(X —1)] + E[X],
X(X —1)(X —2)]] +3E[X(X — )] +E[X],...

= =
>
<
I
&=

A useful identity which follows directly from the above results is the following:
Var[X] = P"(1) + P'(1) — (P'(1))?,
and it is valid if the first two derivatives of P at 1 exist.

Example 5.12. Let X be a Poisson random variable with parameter A. Its generating function is
given by

Px(s) = 57D,
Therefore, js—nnPX(l) = \", and so, the sequence (E[X]|,E[X(X — 1), E[X(X — 1)(X —2)],...) of
factorial moments of X is just (A, A2, A3,...). It follows that

E[X] = A,
E[X? = A\ + A, Var[X] = A
E[X3] = A3 +3X2 +A,...

5.3 Random sums and Wald’s identity

Our next application of generating function in the theory of stochastic processes deals with the
so-called random sums. Let {&,},en be a sequence of random variables, and let N be a random
time (a random time is simply an Ny U {+oo}-value random variable). We can define the random
variable

= — O’ N(O.)) = 07
Y=g by YW= { MO £ ), V) > 1 for w € Q.

More generally, for an arbitrary stochastic process { X, }nen, and a random time N (with P[N =
+oc] = 0), we define the random variable Xy by Xy(w) = Xn(,)(w), for w € Q. When N
is a constant (N = n), then Xy is simply equal to X,. In general, think of Xy as a value
of the stochasti process X taken at the time which is itself random. If X,, = Y }_; &, then

Xy = Z/ZCV:1 51@

Example 5.13. Let {{, }en be the increments of a symmetric simple random walk (coin-tosses),
and let N have the following distribution

N~ (1(/)3 1}3 133)
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which is independent of {&,}nen (it is very important to specify the dependence structure
between N and {¢, }ren in this setting!). Let us compute the distribution of ¥ = ZQLO & in this
case. This is where we, typically, use the formula of total probability:

PlY =m] =P[Y = m|N = 0]P[N = 0] + P[Y = m|N = 1JP[N = 1] + P[Y = m|N = 2]P[N = 2]

N N
=P & =m|N =0]P[N =0] + P> & =m|N =1]P[N =1]
k= k=
0 N 0
+P[> & =m|N =2P[N =2]
k=0
= L (Bl0 = m] + Bl&s = m] + Blea + & = m)).
When m =1 (for example), we get
1
PY = 1] = 0*;” —1/6.

Perform the computation for some other values of m for yourself.

What happens when N and {¢, }nen are dependent? This will usually be the case in practice,
as the value of the time N when we stop adding increments will typically depend on the behaviour
of the sum itself.

Example 5.14. Let {&, } ,en be as above - we can think of a situation where a gambler is repeatedly
playing the same game in which a coin is tossed and the gambler wins a dollar if the outcome
is heads and looses a dollar otherwise. A “smart” gambler enters the game and decides on the
following tactic: Let’s see how the first game goes. If I lose, I'll play another 2 games and
hopefully cover my losses, and If I win, I'll quit then and there. The described strategy amounts
to the choice of the random time IV as follows:

1 =1
Nw) =5 &1 ;
37 gl = -1
Then
1 = -1
Y(W) — ) gl )
-1+&+&, &4=1
Therefore,

PlY = 1]

PlY = 1|6 = 1|P[& = 1] + P[Y = 1|& = —1]P[G = —1]

=1-Pl& = 1]+ P& + & = 2|P[& = —1]

=11+4H =25
Similarly, we get P[Y = —1] = } and P[Y = —3] = {. The expectation E[Y] is equal to 1- 2 +
(=1)- 2+ (=3) - § = 0. This is not an accident. One of the first powerful results of the beautiful
martingale theory states that no matter how smart a strategy you emply, you cannot beat a fair
gamble.
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We will return to the general (non-independent) case in the next lecture. Let us use generating
functions to give a full description of the distribution of ¥ = Z}ivzo &, in this case.

Proposition 5.15. Let {{,}nen be a sequence of independent Ny-valued random variables, all
of which share the same distribution with pmf {p, }nen, and generating function Pe(s). Let N
be a random time independent of {{,}nen. Then the generating function Py of the random
sumY = Z{CV:O &, is given by

Py (s) = Pn(FPe(s)).

Proof. We use the idea from Example 5.13 and condition on possible values of N. We also use
the following fact (Tonelli’s theorem) without proof:

If V’i,j Q5 > 0, then iialj = iiazj. (53)

k=0 i=0 i=0 k=0
Py(s)=>_ s"P[Y =k
k=0
= (P = KN = PV =)
k=0 =
- iﬁ(ip ny = k|P ]) (by independence)
k=0 i=0
=Y > P & =HPIN =i  (by Tonelli)

i=0 k=0 §=0
= ZP[N =) s"P[Y &=k (by (53))
i=0 k=0 §=0
By (iteration of) Corollary 59, we know that the generating function of the random variable

>_j=0&; - which is exactly what the second sum above represents - is (Pe(s))". Therefore, the
chain of equalities above can be continued as

PN = i](P(s))'

Il
> 1

N (FPe(s))-
O

Corollary 5.16 (Wald’s Identity I). Let {&,}neny and N be as in Proposition 5.15. Suppose, also,
that E[N] < oo and E[{;] < co. Then
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Proof. We just apply the composition rule for derivatives to the equality Py = Py o P to get
Py (s) = Pr(Pe(s)) P¢(s)-
After we let s 7 1, we get
E[Y] = Py (1) = Py(Pe(1))Pi(1) = Py(1)P¢(1) = E[N]E[&].
O

Example 5.17. Every time Springfield Wildcats play in the Superbowl], their chance of winning
is p € (0,1). The number of years between two Superbowls they get to play in has the Poisson
distribution p(A), A > 0. What is the expected number of years Y between the consequtive
Superbowl wins?

Let {&,}nen be the sequence of independent p(A)-random variables modeling the number
of years between consecutive Superbowl appearances by the Wildcat. Moreover, let N be a
geometric g(p) random variable with success probability p. Then

Indeed, every time the Wildcats lose the Superbowl], another & years have to pass before they
get another chance and the whole thing stops when they finally win. To compute the expectation
of Y we use Corollary 5.16

EY] = E[N|E[&] = 1;%.
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Chapter 6

Random walks - advanced methods

6.1 Stopping times

The last application of generating functions dealt with sums evaluated between 0 and some
random time N. An especially interesting case occurs when the value of N depends directly
on the evolution of the underlying stochastic process. Even more important is the case where
time’s arrow is taken into account. If you think of NV as the time you sfop adding new terms to
the sum, it is usually the case that you are not allowed (able) to see the values of the terms you
would get if you continued adding. Think of an investor in the stock market. Her decision to
stop and sell her stocks can depend only on the information available up to the moment of the
decision. Otherwise, she would sell at the absolute maximum and buy at the absolute minimum,
making tons of money in the process. Of course, this is not possible unless you are clairvoyant,
so the mere mortals have to restrict their choices to so-called stopping times.

Definition 6.1. Let {X,},en, be a stochastic process. A random variable T' taking values in
NoU {400} is said to be a stopping time with respect to { X, } e, if for each n € Ny there exists
a function G™ : R"*! — {0,1} such that

l{T:n} = Gn(Xo,Xl, - ,Xn), for all n € Ny.

The functions G™ are called the decision functions, and should be thought of as a black box
which takes the values of the process {X,, },en, Observed up to the present point and outputs
either 0 or 1. The value 0 means keep going and 1 means stop. The whole point is that the
decision has to based only on the available observations and not on the future ones.

Example 6.2.

1. The simplest examples of stopping times are (non-random) deterministic times. Just set
T =5 (or T =723 or T = ng for any ny € Ny U {+00}), no matter what the state of the
world w € Q is. The family of decision rules is easy to construct:

1, n=ng
G"(x0,T1, ..., Tn) =13 "
(@0, 21 ) {0, n % ng.
Decision functions G™ do not depend on the values of Xy, X1,...,X,, at all. A gambler
who stops gambling after 20 games, no matter of what the winnings of losses are uses such
a rule.
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2. Probably the most well-known examples of stopping times are (first) hitting times. They
can be defined for general stochastic processes, but we will stick to simple random walks
for the purposes of this example. So, let X,, = >~} & be a simple random walk, and let
T; be the first time X hits the level [ € N. More precisely, we use the following slightly
non-intuitive but mathematically correct definition

T; =min{n € Ny : X,, =1}.

The set {n € Ny : X,, =1} is the collection of all time-points at which X visits the level .
The earliest one - the minimum of that set - is the first hitting time of /. In states of the
world w € Q in which the level [ just never get reached, i.e, when {n € Ny : X,, =1} isan
empty set, we set Tj(w) = +oo. In order to show that 7; is indeed a stopping time, we need
to construct the decision functions G”, n € Nj. Let us start with n = 0. We would have
T; = 0 in the (impossible) case Xy = I, so we always have G°(Xy) = 0. How about n € N.
For the value of T; to be equal to exactly n, two things must happen:

(a) X,, =1 (the level | must actually be hit at time n), and
b) X1 #1L Xpno#1, ..., X1 #1, Xg #1 (the level [ has not been hit before).

Therefore,
17 3307él7331#lv--wl’n—li‘élaxn:l
0, otherwise.

Gn(IL‘o,ZL‘l, cee ,wn) = {

The hitting time 75 of the level [ = 2 for a particular trajectory of a symmetric simple
random walk is depicted below:

6
4r

3. How about something that is not a stopping time? Let ng be an arbitrary time-horizon and
let Tys be the last time during O, ..., ng that the random walk visits its maximum during
0,...,nq (see picture above). If you bought a stock at time ¢ = 0, had to sell it some time
before ng and had the ability to predict the future, this is one of the points you would choose
to sell it at. Of course, it is impossible to decide whether Ty = n, for some n € 0,...,ng—1
without the knowledge of the values of the random walk after n. More precisely, let us
sketch the proof of the fact that T}, is not a stopping time. Suppose, to the contrary, that it
is, and let G™ be the family of decision functions. Consider the following two trajectories:
(0,1,2,3,...,n—1,n) and (0,1,2,3,...,n—1,n—2). The differ only in the direction of the
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last step. They also differ in the fact that Th; = n for the first one and Ty = n — 1 for the
second one. On the other hand, by the definition of the decision functions, we have

1{T]\/[=n—l} = Gn_l(X07 s 7Xn—1)'

The right-hand side is equal for both trajectories, while the left-hand side equals to 0 for
the first one and 1 for the second one. A contradiction.

6.2 Wald’s identity II

Having defined the notion of a stopping time, let use try to compute something about it. The
random variables {,},en in the statement of the theorem below are only assumed to be in-
dependent of each other and identically distributed. To make things simpler, you can think of
{&n}nen as increments of a simple random walk. Before we state the main result, here is an
extremely useful identity:

Proposition 6.3. Let N be an Ny-valued random variable. Then
E[N] =) P[N > .
k=1

Proof. Clearly, P[N > k] = .-, P[N = j], so (note what happens to the indices when we switch
the sums) -

S PNk =) ) PN =
k=1

k=1j>k

=Y ) Pln=j1=) jP[N =]
j=1k=1 j=1

=E[N].

O]

Theorem 6.4 (Wald's Identity II). Let {&,}n,eny be a sequence of independent, identically dis-
tributed random variables with E[|¢1]] < oo. Set

n
Xn:Z£k, n € Np.
k=1

If T is an {X,, }nen,-stopping time such that E[T] < oo, then
E[X7] = E[&JE[T].

Proof. Here is another way of writing the sum Z;‘::l &

T 00
Y &= &Glpcry
k=1 k=1
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The idea behind it is simple: add all the values of &, for & < T and keep adding zeros (since
§elyp<ry = 0 for k > T) after that. Taking expectation of both sides and switching E and } (this
can be justified, but the argument is technical and we omit it here) yields:

T o)
B> &l =Y Ellperyéel. (6.1)
k=1 k=1
Let us examine the term E[{;1(,<7] in some detail. We first note that
k—1
gy =1-1gory=1-1g 1>y =1- Z Lir=jy-
=0
Therefore,
k—1
E[elpery] = Elée] = Y El&lir—p).
=0

By the assumption that 7" is a stopping time, the indicator 1;7_;, can be represented as 1¢p_j, =
G7(Xo, ..., X;), and, because each Xj is just a sum of the increments, we can actually write 1 (T=j}
as a function of £y,...,&; only - say 17—, = H?(&1,...,§;). By the independence of (£1,...,¢&;)
from & (because j < k) we have

Elék1ir—p) = B H (&1, .., &)] = EIGIE[H (&1, . .., &)] = EEIEL (53] = B[&]P[T = j].

Therefore,

T
L

Elgx1in<ry] = Elgk] = ) E[GIPIT = j] = E[&]P[T > k] = E[&]P[T > ],

.
Il
o

where the last equality follows from the fact that all £, have the same distribution.
Going back to (6.1), we get

T 9]
E[X7] =E[)_ &l ZE& [T > k] =E[&] Y P[T > k] = E[&]E[T],
k=1 k=1
where we use Proposition 6.3 for the last equality. O

Example 6.5 (Gambler’s ruin problem). . A gambler start with € N dollars and repeatedly plays
a game in which he wins a dollar with probability % and loses a dollar with probability % He
decides to stop when one of the following two things happens:

1. he goes bankrupt, i.e., his wealth hits 0, or
2. he makes enough money, i.e, his wealth reaches some level a > .

The classical “Gambler’s ruin” problem asks the following question: what is the probability that
the gambler will make a dollars before he goes bankrupt?
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Gambler’s wealth {W,,},en is modelled by a simple random walk starting from z, whose
increments £, = Wy — Wy_1 are coin-tosses. Then W,, = x + X,,, where X, = ZZ:O &, n € Np.
Let T be the time the gambler stops. We can represent T' in two different (but equivalent) ways.
On the one hand, we can think of 7' as the smaller of the two hitting times 7", and T,_, of
the levels —z and a — = for the random walk {X,,},en, (remember that W,, = z + X,,, so these
two correspond to the hitting times for the process {W,},en, of the levels 0 and a). On the
other hand, we can think of 7" as the first hitting time of the two-element set {—z,a — =} for
the process { X, }nen,. In either case, it is quite clear that T is a stopping time (can you write
down the decision functions?). We will see later that the probability that the gambler’s wealth will
remain strictly between 0 and a forever is zero, so P[T' < oo] = 1. Moreover, we will prove that
E[T] < oo.

What can we say about the random variable X - the gambler’'s wealth (minus x) at the
random time T? Clearly, it is either equal to —z or to a — x, and the probabilities py and p, with
which it takes these values are exactly what we are after in this problem. We know that, since
there are no other values X can take, we must have pg + p, = 1. Wald’s identity gives us the
second equation for pg and pg:

E[X7] = E[6)E[T) = 0- E[T] =0,

o)
0 = E[X7] = po(—z) + pa(a — x).
These two linear equations with two unknowns yield

a—x

x
y Pa = —-
a a

bo =

It is remarkable that the two probabilities are proportional to the amounts of money the gambler
needs to make (lose) in the two outcomes. The situation is different when p # %

6.5 The distribution of the first hitting time 7}

6.3.1 A recursive formula

Let { X, }nen, be a simple random walk, with the probability p of stepping up. Let 773 = min{n €
No : X,, = 1} be the first hitting time of level [ = 1, and let {p,, }nen, be its pmf, ie. p, = P[T1 = n)|,
n € Np. The goal of this section is to use the powerful generating-function methods to find
{Pn}nen,- You cannot get from 0 to 1 in an even number of steps, so pa, =0, n € Ny. Also, p; =p
- you just have to go up on the first step. What about n > 1? In order to go from 0 to 1 inn > 1
steps (and not before!) the first step needs to be down and then you need to climb up from —1
to 1in n— 1 steps. Climbing from —1 to 1 is exactly the same as climbing from —1 to 0 and then
climbing from 0 to 1. If it took j steps to go from —1 to 0 it will have to take n — 1 — j steps to go
from 1 to 2, where j can be anything from 1 to n — 2, in order to finish the job in exactly n — 1
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steps. So, in formulas, we have

P[Ty =n] =
n—2

=q Z P[“exactly j steps to first hit 0 from —1" and “exactly n — 1 — j steps to first hit 1 from 07].
j=1

(6.2)
Taking j steps from —1 to 0 is exactly the same as taking j steps from 0 to 1, so
P[“exactly j steps to first hit 0 from —1"] = P[T7 = j]| = p;.
By the same token,
P[“exactly n — 1 — j steps to first hit 1 from 0" =P[T1 =n — 1 — j] = pp—1—;.

Finally, I claim that the two events are independent of each other!. Indeed, once we have reached
0, the future increments of the random walk behave exactly the same as the increments of a fresh
random walk starting from zero - they are independent of everything. Equivalently, a knowledge
of everything that happened until the moment the random walk hit 0 for the first time does
not change our perception (and estimation) of what is going to happen later - in this case the
likelihood of hitting 1 in exactly n — 1 —j steps. This property is called the regeneration property
or the strong Lévy property of random walks. More precisely (but still not entirely precise), we
can make the following claim:

Let {X,, }nen, be a simple random walk and let 7' be any Ny-valued stopping time.
Define the process {Y;,}nen, by Y = X74n — X7. Then {Y, }nen, is also a simple
random walk, and it is independent of X up to 7.

In order to check your understanding, try to convince yourself that the requirement that 7" be a
stopping time is necessary - find an example of a random time 7" which is not a stopping time
where the statement above fails.

We can go back to the distribution of the hitting time 73, and use our newly-found indepen-
dence together with (6.2) to obtain the following recursion

n—2

Pn=0% pipn—j1,n>1,  po=0, pp =p. (6.3)
j=1
6.3.2 Generating-function approach

This is where generating functions step in. We will use (6.3) to derive an equation for the
generating function P(s) = > 7, prs®. The sum on the right-hand side of (6.3) looks a little bit
like a convolution, so let us compare it to the following expansion of the square P(s):

o k
P(s)* =Y O pipk—i)s".

k=0 =0

'A demanding reader will object at this point, since my definitions of the two events are somewhat loose. I beg
forgiveness.
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The inner sum Z?:o pipr—i needs to be split into several parts to get an expression which matches
(6.3):

k k—1 (k+1)—2
szpk i pOPk"‘ZPsz Hrpkpo = Z PiP(k+1)—i-1 = ¢ "pry1, k>2.
=0 0 =1 0 =1

Therefore, since the coefficients of P(s)? start at s, we have

qsP(s —qSZq P15 —szms P(s) — ps,

which is nothing but a quadratic equation for P. It admits two solutions (for each s):

1+ /1 —4pqs?
2gs ’

P(s) =

One of the two solutions is always greater than 1 in absolute value, so it cannot correspond to a
value of a generating function, so we conclude that

1—+/1—4pgqs? 1
P(s) = PIF fop |s| <~
2qs 2./pq
It remains to extract the information about {p,}nen, from P. The obvious way to do it is to
compute higher and higher derivatives of P and s = 1. There is an easier way, though. The

square root appearing in the formula for P is an expression of the form (1 + :c)l/ 2 and the
(generalized) binomial formula can be used:

(1+$)0‘:§:<Z)xa, where <Z> = a(a—l)...(a—k—i—l), ke N,aeR.

k=0

Therefore,

L_Lmilﬂ S G2k 1L k1 1/2
P(s) = 505 2q8k02q(k> —dpgs®)F =" s o (4pg)*(—1) e ) (6.4)

and so . 12
Dok—1 = 2q(4PQ)k(—1)k1( k: >,P2k2 =0, keN.

This expression can be simplified a bit further: the formula for (1,42) evaluates to:

(11{:2) :(_1),6_14114:1_1]1{(2:_—23)'

2 2k —3
D2k— 1—quk ! ( )

Thus,

E\k—2
This last expression might remind you of something related to the reflection principle. And it is!
Can you derive the formula for psi_; from the reflection principle? How would you deal with
the fact that the random walk here is not symmetric?
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CHAPTER 6. RANDOM WALKS - ADVANCED METHODS

6.3.3 Do we actually hit 1 sooner or later?

What happens if we try to evaluate P(1)? We should get 1, right? In fact, what we get is the
following:

P(1) =

1—v1—@q:1—w—m:{L p=

2q 2q 5 op<

N[ D=

Clearly, P(1) < 1 when p < ¢q. The explanation is simple - the random walk may fail to hit
the level 1 at all, if p < ¢. In that case P(1) = > ;2 pr = P[T1 < oo] < 1, or, equivalently,
P[T} = +o0] > 0. It is remarkable that if p = % the random walk will always hit 1 sooner or later,
but this does not need to happen if p < % What we have here is an example of a phenomenon
known as criticality: many physical systems exhibit qualitatively different behavior depending
on whether the value of certain parameter p lies above or below certain critical value p = p..

6.3.4 Expected time until we hit 1?

Another question that generating functions can help up answer is the following one: how long, on
average, do we need to wait before 1 is hit? When p < % P[T} = +o0] > 0, so we can immediately
conclude that E[T}] = +oo, by definition. The case p > % is more interesting. Following the

recipe from the lecture on generating functions, we compute the derivative of P(s) and get

P(s) = 2p _17\/174pq52'
V1 — 4pqs? 2qs?

When p = % we get

lim P'(s) = lim

Y gy
s 1 s/‘l( 1 1 1 S)

V1 — g2 52

and conclude that E[T}] = +o0.
For p > % the situation is less severe:

1
lim P'(s) = ——.
s/ pP—9q

We can summarize the situation in the following table

| P[Ty < oo] | E[TY]

p< % L +00
_ 1

= 3 1 “+00
P> 3 1 =
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Chapter 7

Branching processes

7.1 A bit of history

In the mid 19th century several aristocratic families in Victorian
England realized that their family names could become extinct.
Was it just unfounded paranoia, or did something real prompt
them to come to this conclusion? They decided to ask around,
and Sir Francis Galton (a “polymath, anthropologist, eugenicist,
tropical explorer, geographer, inventor, meteorologist, proto-
geneticist, psychometrician and statistician” and half-cousin of
Charles Darwin) posed the following question (1873, Educa-
tional Times):

How many male children (on average) must each
generation of a family have in order for the family
name to continue in perpetuity?

The first complete answer came from Reverend Henry William
Watson soon after, and the two wrote a joint paper entitled One
the probability of extinction of families in 1874. By the end of
this lecture, you will be able to give a precise answer to Galton’s
question.

7.2 A mathematical model

The model proposed by Watson was the following:

1. A population starts with one individual at time n = 0: Zy = 1.

Sir Francis Galton

2. After one unit of time (at time n = 1) the sole individual produces Z; identical clones of

itself and dies. Z; is an Ny-valued random variable.

3. (a) If Z; happens to be equal to 0 the population is dead and nothing happens at any future

time n > 2.

56



CHAPTER 7. BRANCHING PROCESSES

(b) If Z1 > 0, a unit of time later, each of Z; individuals gives birth to a random number
of children and dies. The first one has Z; ; children, the second one Z; 5 children,
etc. The last, Z{h one, gives birth to Z; 7, children. We assume that the distribution
of the number of children is the same for each individual in every generation and
independent of either the number of individuals in the generation and of the number
of children the others have. This distribution, shared by all Z, ; and Z;, is called the
offspring distribution. The total number of individuals in the second generation is

now
Zy
oy = E 21 k-
k=1

(c) The third, fourth, etc. generations are produced in the same way. If it ever happens that
Zy =0, for some n, then Z,, = 0 for all m > n - the population is extinct. Otherwise,

Zn
Zn+1 = Z Zn,k-
k=1

Definition 7.1. A stochastic process with the properties described in (1), (2) and (3) above is called
a (simple) branching process.

The mechanism that produces the next generation from the present one can differ from ap-
plication to application. It is the offspring distribution alone that determines the evolution of a
branching process. With this new formalism, we can pose Galton’s question more precisely:

Under what conditions on the offspring distribution will the process {Z, } nen, never
go extinct, i.e, when does

P[Z,>1foralln e Ny =1 (7.1)

hold?

7.3 Construction and simulation of branching processes

Before we answer Galton’s question, let us figure out how to simulate a branching process, for a
given offspring distribution {p, }nen, (px = P[Z1 = k). The distribution {p, }nen, is No-valued -
we have learned how to simulate such distributions in Lecture 3. We can, therefore, assume that
a transformation function F' is known, ie., that the random variable n = F(v) is Np-valued with
pmf {pn}neNO' where v ~ U0, 1].

Some time ago we assumed that a probability space with a sequence {7, }nen, of independent
UJ0,1] random variables is given. We think of {7,},en, as a sequence of random numbers
produced by a computer. Let us first apply the function F' to each member of {~, },en, to obtain
an independent sequence {7y, }nen, of No-valued random variables with pmf {p,}nen,. In the
case of a simple random walk, we would be done at this point - an accumulation of the first n
elements of {1, }nen, would give you the value X,, of the random walk at time n. Branching
processes are a bit more complicated; the increment Z,.; — Z,, depends on Z,: the more
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individuals in a generation, the more offspring they will produce. In other words, we need a
black box with two inputs - “randomness” and Z,, - which will produce Z, ;. What do we mean
by “randomness™? Ideally, we would need exactly Z,, (unused) elements of {7, },cn, to simulate
the number of children for each of Z,, members of generation n. This is exactly how one would
do it in practice: given the size Z,, of generation n, one would draw Z, simulations from the
distribution {p, }nen,, and sum up the results to get Z,, 1. Mathematically, it is easier to be more
wasteful. The sequence {n,}nen, can be rearranged into a double sequence! {Z,, ;}neng ien. In
words, instead of one sequence of independent random variables with pmf {p, }nen, we have a
sequence of sequences. Such an abundance allows us to feed the whole “row” {Z,, ;}ien into the
black box which produces Z,,; from Z,. You can think of Z,, ; as the number of children the
ith individual in the n*" generation would have had he been born. The black box uses only the
first Z,, elements of {Z,, ;}ieny and discards the rest:

Zn
Zo=1,Zns1 =Y Zngi
=1

where all {Z,,;}nen, icn are independent of each other and have the same distribution with pmf
{Pn}nen,- Once we learn a bit more about the probabilistic structure of {Z, },ecn,, we will describe
another way to simulate it.

7.4 A generating-function approach

Having defined and constructed a branching process with offspring distribution {Z, }nen,, let us
analyze its probabilistic structure. The first question the needs to be answered is the following:
What is the distribution of Z,, for n € Ng? It is clear that Z,, must be Ny-valued, so its distribution
is completely described by its pmf, which is, in turn, completely determined by its generating
function. While an explicit expression for the pmf of Z, may not be available, its generating
function can always be computed:

Proposition 7.2. Let {Z,}.ecn, be a branching process, and let the generating function of its
offspring distribution {py}nen, be given by P(s). Then the generating function of Z, is the
n-fold composition of P with itself, i.e,

Py (s)=P(P(...P(s)...)), forn>1.

n P’s

Proof. For n = 1, the distribution of Z; is exactly {py}nen, s0 Pz, = P(s). Suppose that the
statement of the proposition holds for some n € N. Then

Zn,
Zn+1 = § Zi,ny
i=1

can be viewed as a random sum of Z,, independent random variables with pmf {p,, }nen, where
the number of summands Z,, is independent of {Z,, ;},cn. By Proposition 5.16 in the lecture on

!Can you find a one-to-one and onto mapping from N into N x N?
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generating functions, we have seen that the generating function Pz, ., of Z,,1 is a composition

of the generating function P(s) of each of the summands and the generating function Pz, of
the random time Z,,. Therefore,

Pz,4:(8) = Pz,(P(s)) = P(P(... P(P(s)) ...))),
n+1Ps

and the full statement of the Proposition follows by induction. O
Let us use Proposition 7.2 in some simple examples.

Example 7.3. Let {Z, },en, be a branching process with offspring distribution {p, }nen,. In the
first three examples no randomness occurs and the population growth can be described exactly.
In the other examples, more insteresting things happen.

1. po=1p,=0neN:
In this case Zy = 1 and Z, = 0 for all n € N. This infertile population dies after the first
generation.

2.pp=0,p1=1,p,=0,n>2
Each individual produces exactly one child before he/she dies. The population size is always
1. Z, =1, n € Nj.

3. pp=0,p1=0,...,p.=1,p, =0, n>k, for some k > 2:
Here, there are k kids per individual, so the population grows exponentially: P(s) = s¥, so
Pz, (s) = ((...(s")F...)F)F = s*". Therefore, Z, = k", for n € N.

b pp=pp=q=1-pp,=0n>2
Each individual tosses a (a biased) coin and has one child of the outcome is heads or dies
childless if the outcome is tails. The generating function of the offspring distribution is
P(s) = p+ gs. Therefore,

Pz,(s)=({+aqlp+qp+aq(...(p+gs))))).

~
n pairs of parentheses

The expression above can be simplified considerably. One needs to realize two things:

(a) After all the products above are expanded, the resulting expression must be of the
form A+ Bs, for some A, B. If you inspect the expression for Pz, even more closely,
you will see that the coefficient B next to s is just ¢".

(b) Pz, is a generating function of a probability distribution, so A+ B = 1.
Therefore,
Pz,(s) =1 —q")+q"s.

Of course, the value of Z,, will be equal to 1 if and only if all of the coin-tosses of its
ancestors turned out to be heads. The probability of that event is ¢". So we didn't need
Proposition 7.2 after all.
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This example can be interpreted alternatively as follows. Each individual has exactly one
child, but its gender is determined at random - male with probability ¢ and female with
probability p. Assuming that all females change their last name when they marry, and
assuming that all of them marry, Z,, is just the number of individuals carrying the family
name after n generations.

5. po=p*,p1 = 2pg;p2 = ¢*,pn = 0, 0 > 3:
In this case each individual has exactly two children and their gender is female with prob-
ability p and male with probability ¢, independently of each other. The generating function
P of the offspring distribution {p,},en is given by P(s) = (p + ¢s)%. Then

Pz, =(+alp+a(...p+qs)*...)%)>%.

n pairs of parentheses

Unlike the example above, it is not so easy to simplify the above expression.

Proposition 7.2 can be used to compute the mean and variance of the population size Z,,, for
n €N

Proposition 7.4. Let {py,}nen, be a pmf of the offpsring distribution of a branching process
{Zn}neny- If {Pn}nen, admits an expectation, ie., if

o0
p= kak < 00,
k=0

then
E[Z,] = u". (7.2)

If the variance of {pn }nen, is also finite, ie, if

then

Var[Z,] = o?p" (1 + p+p? + -+ p") = { (7.3)

Proof. Since the distribution of Z is just {p, }nen,, it is clear that E[Z;] = u and Var[Z;] = o2. We
proceed by induction and assume that the formulas (7.2) and (7.3) hold for n € N. By Proposition
7.2, the generating function Pz, ., is given as a composition Pz, _,(s) = Pz, (P(s)). Therefore, if
we use the identity E[Z, 1] = P}, (1), we get

n+1

Py (1) = P4, (P(1)P'(1) = P}, ()P/(1) = E[Z,JE[Z1] = p"p = "+,

n+1

A similar (but more complicated and less illuminating) argument can be used to establish (7.3). [J
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7.5 Extinction probability

We now turn to the central question (the one posed by Galton). We define extinction to be the
following event:
E={weQ: Z,(w) =0 for some n € N}.

It is the property of the branching process that Z,,, = 0 for all m > n whenever Z, = 0. Therefore,
we can write E as an increasing union of sets F,,, where

E,={weQ: Z,(w) =0}.

Therefore, the sequence {P[E,|}ncn is non-decreasing and “continuity of probability” (see the
very first lecture) implies that

P(E] = lim P[E,].

The number P[E] is called the extinction probability. Using generating functions, and, in partic-
ular, the fact that P[E, | = P[Z,, = 0] = Pz, (0) we get

P[E] = lim Py, (0) = lim P(P(... P(0)...)).

n P’s

It is amazing that this probability can be computed, even if the explicit form of the generating
function Pz, is not known.

Proposition 7.5. The extinction probability p = P[E] is the smallest non-negative solution of
the equation
x = P(z), called the extinction equation,

where P is the generating function of the offspring distribution.

DProof. Let us show first that p = P[E] is a solution of the equation x = P(z). Indeed, P is a
continuous function, so P(lim,_,cc =pn) = lim,,_,cc P(z,) for every convergent sequence {zy }nen,
in [0, 1] with x,, — z~. Let us take a particular sequence given by

2 = P(P(...P(0)...)).

n P’s

Then
1. p = P[E] = limpen zy, and
2. P(xy) = Tpt1-

Therefore,

P= 08, o0 = 50 ot = I, Plon) = PLIR, %) = Pl)

and so p solves the equation P(x) = .
The fact that p = P[E] is the smallest solution of z = P(z) on [0, 1] is a bit trickier to get. Let
p’ be another solution of = P(z) on [0, 1]. Since 0 < p’ and P is a non-decreasiing function, we
have
P(0) < P()) = 1.
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We can apply the function P to both sides of the inequality above to get
P(P(0)) < P(P(p))) = P(p) = 7.

Continuing in the same way we get

n P’

we get p = P[E] = lim,en P[E,] < lim,enp’ = p/, S0 p is not larger then any other solution p’ of
x = P(x). O

Example 7.6. Let us compute extinction probabilities in the cases from Example 7.3.

1. p=Lp,=0neN:
No need to use any theorems. P[E] =1 in this case.

Like above, the situation is clear - P[E] = 0.

3. pp=0,p1=0,...,p.=1,p, =0, n >k, for some k > 2:
No extinction here - P[E] = 0.

b4 pp=ppr=q=1-ppn=0n=>2
Since P(s) = p+ gs, the extinction equation is s = p+¢s. If p = 0, the only solution is s = 0,
so no extinction occurs. If p > 0, the only solution is s = 1 - the extinction is guaranteed. It
is interesting to note the jump in the extinction probability as p changes from 0 to a positive
number.

5. po=p?,p1 =2pq,p2 = ¢*,pn =0, n > 3
Here P(s) = (p + gs)? so the extinction equation reads

s = (p+gs)?.

This is a quadratic in s and its solutions are s; = 1 and sy = Z—z, if we assume that g > 0.
When p < ¢, the smaller of the two is so. When p > ¢, s = 1 is the smallest solution.
Therefore
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Chapter 8

Markov Chains

8.1 The Markov property

Simply put, a stochastic process has the Markov property if its future evolution depends only
on its current position, not on how it got there. Here is a more precise, mathematical, definition.
It will be assumed throughout this course that any stochastic process { X, }nen, takes values in
a countable set S - the state space. Usually, S will be either Ny (as in the case of branching
processes) or Z (random walks). Sometimes, a more general, but still countable, state space S
will be needed. A generic element of S will be denoted by i or j.

Definition 8.1. A stochastic process { X}, }nen, talking values in a countable state space S is called
a Markov chain (or said to have the Markov property) if

P[XnJrl = in+1|X = Z.naanl = Z."rLfla cee 7X1 = Z.la)(() = ZO] = P[Xn+1 = in+1|X = Zn]a (81)

for all n € Ng, all ig,41,...,%n,in+1 € S, whenever the two conditional probabilities are well-
defined, i.e, when P[X,, = iy, ..., X1 = i1, Xo =] > 0.

The Markov property is typically checked in the following way: one computes the left-hand
side of (8.1) and shows that its value does not depend on 4,,_1,%,_o, ..., %1, ig (Why is that enough?).
A condition P[X,, = ip,...,Xo = ip] > 0 will be assumed (without explicit mention) every time
we write a conditional expression like to one in (8.1).

All chains in this course will be homogeneous, i.e., the conditional probabilities P[X,,+1 =
jl Xy = i] will not depend on the current time n € Ny, ie, P[X,y1 = j| X, = 1] = P[ X1 =
J|1Xm = 1], for m,n € Ny.

Markov chains are (relatively) easy to work with because the Markov property allows us
to compute all the probabilities, expectations, etc. we might be interested in by using only two
ingredients.

1. Initial probability a(®) = {al(-o) cie S}, ago) = P[X( = 7] - the initial probability distribution
of the process, and

2. Transition probabilities p;; = P[X,, 1 = j|X,, = i] - the mechanism that the process uses
to jump around.
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Indeed, if one knows all ago) and all p;;, and wants to compute a joint distribution P[X,, =

iny, Xn—1 = in-1,--., X0 = ig], one needs to use the definition of conditional probability and the
Markov property several times (the multiplication theorem from your elementary probability
course) to get

P[Xy =in, ..., Xo =1i0] = P Xy = in|Xn—1 =in_1,..., X0 = i0]P[Xpn—1 = in-1,..., X0 = io]
= P[Xn = in|Xn71 = Z'nfl]P[anl = 'L'nfh R Xo = iO]
= Din_1inP[Xn—1 = in-1,..., X0 = o]

Repeating the same procedure, we get

. . 0
]P[Xn =Ty, X() = ’Lo] = Dip_1in X Dip_oin_1 X " X Digi; X CLEO).
When S is finite, there is no loss of generality in assuming that S = {1,2,...,n}, and then we
usually organize the entries of a(?) into a row vector
0
a® = (ag ),ag ), - ,aq(f’)),

and the transition probabilities p;; into a square matrix P, where

P11 P12 --. DPin
pP_ p?l p?2 e P?n
Pnl Pn2 ... Dnn

In the general case (S possibly infinite), one can still use the vector and matrix notation as before,
but it becomes quite clumsy in the general case. For example, if § = Z, P is an infinite matrix

pP-1-1 P-10 P-11
P=|... po-1 Dpoo Dpo1
P1-1 P1o P11

8.2 Examples
Here are some examples of Markov chains - for each one we write down the transition matrix.

The initial distribution is sometimes left unspecified because it does not really change anything.

1. Random walks Let {X, },cn, be a simple random walk. Let us show that it indeed has
the Markov property (8.1). Remember, first, that X,, = >}, &, where &, are independent

coin-tosses. For a choice of ig,...,i,4+1 (such that ip = 0 and i1 — i = £1) we have
PXpt1 = ins1|Xn = in, Xn1 = n—1,..., X1 = i1, Xo = ig]
IP)[ n+1l — Xn = Zn-l—l - 7fn|Xn = inaXn—l = lp_1,.. -qu = il,X() = iO}
=Pllnt1 = ing1 — in|Xn = in, Xn—1 = tn_1,..., X1 = i1, Xo = o]

P §n+1 = Zn+1 ]
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where the last equality follows from the fact that the increment &, is idependent of the previous
increments, and, therefore, of the values of X1, Xo,..., X,,. The last line above does not depend
on in_1,...,1,%, so X indeed has the Markov property.

The state space S of {X,}nen, is the set Z of all integers, and the initial distribution a®
is very simple: we start at 0 with probability 1 (so that a(()o) =1 and az(.o) =0, for i # 0.). The
transition probabilities are simple to write down

p, j=i+1
pPij=4¢ Jj=1t—1
0, otherwise.

These can be written down in an infinite matrix,

cCoo0ooR O -
cCo o O -
co oY O .-
o OV OO -
ROV OO0 O -

but it does not help our understanding much.

2. Branching processes Let {X,},en, be a simple Branching process with the branching
distribution {py, }nen,- As you surely remember, it is constructed as follows: Xy =1 and X,,4; =
Zf;l Xk where { X, }neng,ken is a family of independent random variables with distribution
{Pn}nen,- It is now not very difficult to show that {X,, },en, is @ Markov chain

]P)[XnJrl = Z.nJrl‘Xn = Zlnaanl = Z.nfla R aXl = ihXO = ZO]
Xn
ZP[Z Xk = tnt1|Xn = tn, X1 = in_1,..., X1 = i1, Xo = o]
k=1
in
=P[) " Xk = ing1|Xn = in, X1 = in_1,..., X1 = i1, Xo = i}
k=1

in
:P[Z Xn,k - in—l—l]a
k=1

where, just like in the random-walk case, the last equality follows from the fact that the random
variables X, k € N are independent of all X,,,, m < n, k € N. In particular, they are
independent of X,,, X,,_1, ..., X1, Xo, which are obtained as combinations of X, r, m <n, k € N.
The computation above also reveals the structure of the transition probabilities, p;j, 7,j € S = No:

%
pij =P Xpk = jl.
k=1
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There is little we can do to make the expression above more explicit, but we can remember
generating functions and write P;(s) = Z;‘io pijsj (remember that each row of the transition
matrix is a probability distribution). Thus, P;(s) = (P(s))" (why?), where P(s) = Y32, pxs” is the
generating function of the branching probability. Analogously to the random walk case, we have

(0) 1, 1=1,
0, (] 7& 1.

3. Gambler’s ruin In Gambler's ruin, a gambler starts with $z, where 0 < z < a € N and in
each play wins a dollar (with probability p € (0,1)) and loses a dollar (with probability ¢ = 1 — p).
When the gambler reaches either 0 or a, the game stops. The transition probabilities are similar
to those of a random walk, but differ from them at the boundaries 0 and a. The state space is
finite S = {0,1,...,a} and the matrix P is, therefore, given by

1 0 00 0 00
qg 0 p O 0 0O
0 g 0 p 0 0 O
00 qg O 0 0O
P = . .
00 0 p O
0 0 q O
00 0 0 0 0 1]

The initial distribution is deterministic:

(0) 17 i:xv
a;’ = ]
0, ©#1.

4. Regime Switching Consider a system with two different states; think about a simple weather
forcast (rain/no rain), high/low water level in a reservoire, high/low volatility regime in a financial
market, high/low level of economic growth, etc. Suppose that the states are called 0 and 1 and
the probabilities pg; and p1¢ of switching states are given. The probabilities pgg = 1 — po1 and
p11 = 1 — p1g correspond to the system staying in the same state. The transition matrix for this
Markov with S = {0,1} is

P= [poo poﬂ
bio Pi11-

When pg; and pyg are large (close to 1) the system nervously jumps between the two states. When
they are small, there are long periods of stability (staying in the same state).
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5. Deterministically monotone Markov chain A stochastic process {X,, }nen, With state space
S = Ny such that X,, = n for n € Ny (no randomness here) is called Deterministically monotone
Markov chain (DMMC). The transition matrix looks something like this

0100
0010
P=10 0 0 1

6. Not a Markov chain Consider a frog jumping from a lotus leaf to a lotus leaf on in a
small forest pond. Suppose that there are N leaves so that the state space can be described as
S ={1,2,...,N}. The frog starts on leaf 1 at time n = 0, and jumps around in the following
fashion: at time 0 it chooses any leaf except for the one it is currently sitting on (with equal
probability) and then jumps to it. At time n > 0, it chooses any leaf other than the one it is
sitting on and the one it visited immediately before (with equal probability) and jumps to it. The
position {X,, }nen, of the frog is not a Markov chain. Indeed, we have

H’D[Xg = 1|X2 = 2,X1 = 3] while P[Xg = 1|X2 = 2,X1 = 1] = 0.

T N-2
A more dramatic version of this example would be the one where the frog remembers all
the leaves it had visited before, and only chooses among the remaining ones for the next jump.

7. Making a non-Markov chain into a Markov chain How can we turn the process of Example
6. into a Markov chain. Obviously, the problem is that the frog has to remember the number
of the leaf it came from in order to decide where to jump next. The way out is to make this
information a part of the state. In other words, we need to change the state space. Instead of just
S={1,2,...,N}, weset S ={(i1,i2) : i,j € {1,2,...N}}. In words, the state of the process will
now contain not only the number of the current leaf (ie, i) but also the numer of the leaf we
came from (i.e., j). There is a bit of freedom with the initial state, but we simply assume that we
start from (1,1). Starting from the state (i, j), the frog can jump to any state of the form (&, 1),
k # 1,7 (with equal probabilities). Note that some states will never be visited (like (i,4) for i # 1),
so we could have reduced the state space a little bit right from the start.

8. A more complicated example Let {X,},cn, be a simple symmetric random walk. The

absolute-value process Y,, = |X,|, n € Ny, is also a Markov chain. This processes is sometimes
called the reflected random walk.
In order to establish the Markov property, we let 4g,...,i,+1 be non-negative integers with

igr1 — i = =1 for all 0 < k < n (the state space is S = Ny). We need to show that the conditional
probability

Pl| Xnt1| = int1| | Xn| = tn, -, | Xo| = io] (8.2)
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does not depend on i,_1,...,ig. We write

P[| Xns1| = inst| [ Xn| = iny- .-, | Xo| = d0] = P[Xni1 = z’nﬂ‘ X = s -+ | Xo| = 70] o5
853
FP[X = —inﬂ‘ X | = iy - -, | Xo| = d0],

and concentrate on the first conditional probability on the right-hand side, asumming that i,, > 0
(the case i, = 0 is easier and is left to the reader who needs practice). Let us use the law
of total probability (see Problem 1 in HW 6) with A; = {X,, = i,}, A2 = {X,, # in} and
B ={|X,| =in,...,|Xo| = |io|}. Since AoN B ={X,, = —i,} N B, we have

PXn+1 = int1|B] = P[Xnt1 = int1|B N A1) P[A1| B]
4 P[Xps1 = ins1|B N As] P[As|B]
= P[Xny1 = ins1|BOA{Xy = in}]P[X, = in|B]
+ P[Xy11 = in41[B N {Xy = —in}|P[X, = —in|B]

Conditionally on X,, = i,, the probability that X, 11 = i,,+1 does not depend on the extra infor-
mation B might contain. Therefore

PXnt1 = int1|BNA{X, = in}] = P[Xpnt+1 = int1|Xn = in], and, similarly,
P[Xn+1 = in+1’B N {Xn = —ln}] = P[Xn+1 = in—&-l‘Xn = —in].

How about the term P[X,, = i,|B] (with P[X,, = —i,|B] being completely analogous)? If we show
that

P[Xy, = in|B] = P[Xpn = in| | Xn| = i), (8.4)

we would be making great progress. There is a rigorous way of doing this, but it is quite technical
and not very illuminating. The idea is simple, though: for every path (0, X;(w), ..., Xn(w)), the
flipped path (0, —X;(w),...,—Xn(w)) is equally likely and gives exactly the same sequence of
absolute values. Therefore, the knowledge of B does not permit us to distinguish between them.
In particular, for every (possible) sequence of absolute values |xg| = ig, |z1] = i1,...,|T0| = in
there are as many actual paths (z¢,z1,...,x,) that end up in i, as those that end up in —i,.
Therefore,

PIX,, = in|B] = P[Xy, = in| | Xn| = in] = %

Similarly, P[X,, = —i,|B] = 1.
Going back to the initial expression (8.4), we have

P[Xn41 = int1|B] = 3P[Xns1 = int1/BN{X, = in}] + 3P Xpq1 = ins1|BN{X, = —in}].

Given that i,, > 0, the first conditional probability above equals to P[X,,+; = i, because of the

Markov property; as far as X,,;+1 is concerned, the information B N {X,, = i,} is the same as
just {X,, =in}). The second conditional probability is 0: it is impossible for X, .1 to be equal to
in+1 > 0if X,, = —i,, < 0. Therefore, P[X,,41 = in4+1|B] = 1/4. An essential identical argument

shows that P[X,, 41 = —in41|B] = 1/4. Therefore P[| X, 41| = int1|B] = & - which is independent
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of in—ly NN

0 unless 4,11 — i, = £1).

9. A more realistic example In a
game of tennis, the scoring system is
as follows: both players (let us call
them Amélie and Bjorn) start with the
score of 0. Each time Amélie wins a
point, her score moves a step up in the
following hierarchy

0+~ 15— 30 — 40.

Once Amélie reaches 40 and scores a
point, three things can happen:

,i1,10 (it looks like it is also independent of i,, but it is not; this probability is equal to

()

p/ L Ameliewins
) d R / \
/ 140, 15)
SN s/ // Z
/””’\ / A
o, 0 (30, 30/ \40/:{

1. if Bjorn’s score is 30 or less,

AN na

Amélie wins the game. q\ ’ “\ ’ N
{0, 15) {15, 30) (30, 40 \’¥
2. if Bjorn's score is 40, Amélie’s ( . \ @0, A
score moves up to “advantage’, (03 ( o |
3 4 \ q
and Ty Y
{0, 40) ————q—»— Bjomwins
3. if Bjorn's score is “advantage’, kl

nothing happens to Amélie’s
score, but Bjorn’s score falls back
to 40.

Figure. Markov chains with a finite number of states are
usually represented by directed graphs (like the one in
the figure above). The nodes are states, two states 4, j are
linked by a (directed) edge if the transition probability p;;
is non-zero, and the number p;; is writen above the link.
If p;; = 0, no edge is drawn.

Finally, if Amélie’s score is “advantage”
and she wins a point, she wins the
game. The situation is entirely sym-
metric for Bjorn. We suppose that the
probability that Amélie wins each point
is p € (0,1), independently of the cur-
rent score.

A situation like this is a typical example of a Markov chain in an applied setting. What are
the states of the process? We obviously need to know both players’ scores and we also need to
know if one of the players has won the game. Therefore, a possible state space is the following:

S = {”Amelie wins”, “Bjorn wins”, (0, 0), (0, 15), (0, 30), (0,40), (15,0), (15, 15), (15, 30), (15, 40),

(30,0), (30, 15), (30, 30), (30, 40), (40, 0), (40, 15), (40, 30), (40, 40), (40, Adv), (Adv, 40)}
(85)

It is not hard to assign probabilities to transitions between states. Once we reach either “Amelie
wins” or “Bjorn wins” the game stops. We can assume that the chain remains in that state forever,
i.e, the state is absorbing. The initial distribution is quite simple - we aways start from the same

state (0,0), so that agg?o) =1and ago) =0 foralli e S\ {0}.
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How about the transition matrix? When the number of states is big (#S = 20 in this case),
transition matrices are useful in computer memory, but not so much on paper. Just for the fun
of it, here is the transition matrix for our game-of-tennis chain, with the states ordered as in (8.5):

10000O0OO0OO0OO0OO0OOOOOO0OO0OO0OO0OO0ODQO
01000O0O0OO0O0OO0OO0OO0OOOO0OOOO®O0OO0OO®O
00 0¢g0OO0pPOOO0O0OO0OO0OO0OO0OO0OO0OO0OGO0OO
000O0g¢0OO0OpP0O0O0O0OO0O0OO0O0OO0OO0OGO0O0O®O0
000O0OO0Og¢OODPOO0OO0OO0OO0OCOO0OOGO0OO0OO
0 g 000O0OO0OO0OOPO0OO00O0OO0OO0O0OO0OO0OO0OO®O
000O0OO0OO0OOSg¢g0OO0POOOOOOO0OO0OTO0
0000O0OO0OO0OO0Og¢OO0ODPOOOOOO0OGO0OO0
000O0OO0OO0OOOOSgO0O0ODPOOO0OOO0OO0OO0
p_ 0g 0O00O0OO0OO0OO0OO0OO0OO0OO0ODPO0O0OO0O0TO0O0
0000O0OO0OOOOOOSgOODPPOO0OO0O0O0
0000O0O0OO0OO0OO0OO0OO0OO0OO0OGg¢OOPO0O0O0O0
0000O0O0OOOOOOOSO0OSQggO0ODPO0O0O0
0 g 0O000O0OO0OO0OO0OOOOOOOOOPG©OOQO
p 00 0O0O0O0OO0OOOOOOOO0OSGgO0O0O0O0
p 00 00O0O0OO0OOOOOOOOO0OGgO0O0OO
p 000O0O0O0OOOOOOOOOO0OO0OSggO00O0
000O0OO0OO0OO0OOOOOOO0OOO0OO0OO0®O0Gg0DP
0g 0O00O0OO0OO0OO0OO0OO0OO0OOOOOOP©OO
L» 000 0OO0OO0OO0OOOOOOOO0OO0O0gg0 0]

Here is a question we will learn how to answer later:

Question 8.2. Does the structure of a game of tennis make is easier or harder for the better
player to win? In other words, if you had to play against Roger Federer (I am rudely assuming
that he is better than you), would you have a better chance of winning if you only played a point,
or if you actually played the whole game?

8.3 Chapman-Kolmogorov relations

The transition probabilities p;;, 7,7 € S tell us how a Markov chain jumps from a state to a
state in one step. How about several steps, i.e, how does one compute the the probabilities like
P[Xk+n = j| Xk = i, n € N? Since we are assuming that all of our chains are homogeneous
(transition probabilities do not change with time), this probability does not depend on the time £,
and we set

PE?) = P[Xk4n = j|Xp = i] = P[X;, = j|Xo = i].

It is sometimes useful to have a more compact notation for this, last, conditional probability, so
we write
P;[A] = P[A| X, = ], for any event A.

Therefore,
) = BilX, = j).
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For n = 0, we clearly have
0) 17 = j:
bt = .,
0, ©# 3.

Once se have defined the multi-step transition probabilities pgl), 1,7 € S, n € Ny, we need to
be able to compute them. This computation is central in various applications of Markov chains:
they relate the small-time (one-step) behavior which is usually easy to observe and model to a
long-time (multi-step) behavior which is really of interest. Before we state the main result in this

direction, let us remember how matrices are multiplied. When A and B are n x n matrices, the
product C' = AB is also an n x n matrix and its ¢j-entry C;; is given as

n
Cij = AuBj.
k=1

There is nothing special about finiteness in the above definition. If A and B were infinite matrices
A = (Ajj)ijes. B = (Bij)ijes for some countable set S, the same procedure could be used to
define C' = AB. Indeed, C will also be an “S x S ”-matrix and

Cij = AixByj,
kes

as long as the (infinite) sum above converges absolutely. In the case of a typical transition matrix

P, convergence will not be a problem since P is a stochastic matrix, i.e, it has the following two
properties (why?):

1. p;j >0, forall¢,5 € S, and
2. Zjespij =1, for all i € S (in particular, p;; € [0,1], for all ¢, j).

When P = (p;;);,jes and P’ = (p;;); jes are two S x S-stochastic matrices, the series 3, ¢ pikp},;
converges absolutely since 0 < pj, ;<1 for all k,j € S and so

> Ipiwiyl <D pin <1, foralli,j e S.
kesS kes

Moreover, a product C' of two stochastic matrices A and B is always a stochastic matrix: the
entries of C are clearly positive and (by Tonelli's theorem)

ZC@' - ZZAikBkj = ZZAikBkj = ZAikZBkj = ZAi’f =1.

JjeSs jeS kesS keS jes keS jeS kesS
——
1

Proposition 8.3. Let P™ be the n-th (matrix) power of the transition matrix P. Then p(-”) =

(]
(Pn)ij, fori,j € S.

Last Updated: December 24, 2010 iA! Intro to Stochastic Processes: Lecture Notes



CHAPTER 8. MARKOV CHAINS

Proof. We proceed by induction. For n = 1 the statement follows directly from the definition of
the matrix P. Supposing that p( ") = = (P");; for all 4, j, we have

pz('?ﬂ) = P[Xp+1 = j|Xo = 1]
= > P[X1 = k|Xo = i|P[Xp 11 = j|Xo =i, X1 = K]
kesS

= P[X1 = k|Xo = i{|P[Xp 11 = j| X1 = k]
keS

= P[X; = k|Xo = i|P[X,, = j| X = K]
keS

= Z pzkp(n)

kesS

where the second equality follows from the law of total probability, the third one from the Markov
property, and the fourth one from homogeneity. The last sum above is nothing but the expression
for the matrix product of P and P”, and so we have proven the induction step. O

Using Proposition 8.3, we can write a simple expression for the distribution of the random
variable X,,, for n € Ny. Remember that the initial dsitribution (the distribution of Xj) is denoted

by a©® = (a\”);cs. Analogously, we define the vector a™ = (a{);cg by

al" =P[X, =i], i€ S.

1
Using the law of total probability, we have

o =P[X, =] = Y P[Xo = kIP[X, = i[Xo = k] = Y _a} p}.

kes kesS

We usually interpret a(?) as a (row) vector, so the above relationship can be expressed using
vector-matrix multiplication
a™ = aOp",

The following corollary shows a simple, yet fundamental, relationship between different multi-

step transition probabilities pz(.?).

Corollary 8.4 (Chapman-Kolmogorov relations). For n,m € Ny and i,j € S we have

m+n)
szk pk] )
keS

Proof. The statement follows directly from the matrix equality

Pm+n — PmPn .
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It is usually difficult to compute P™ for a general transition matrix P and a large n. We will

see later that it will be easier to find the limiting values lim,, o p%m). In the mean-time, here is a
simple example where this can be done by hand

Example 8.5. In the setting of a Regime Switching chain (Example 4.), let us write a for pg; and
b for p1g to simplify the notation, so that the transition matrix looks like this:

1—-a a
=)
The characteristic equation det(AI —P) = 0 of the matrix P is

A—14+a —a
—b A—1+0b

=OA-1D)A—(1-a-b)).

O:det()\I—P):’ ’:((/\—1)+a)((>\—1)+b)—ab

The eigenvalues are, therefore, Ay = 1 and Ao = 1 — a — b. The eigenvectors are v; = (i) and

_la i |1 a A 0] |1 0
v2—(_b),sothatw1thv_[1 b} andD—{0 )\2]—[0 (1—a—b)

} we have
PV =VD, ie, P = VDV~

This representation is very useful for taking matrix powers:
n __ —1 —1 -1\ __ ny,—1 __ —1
P"=(VDV ) (VDV ) ...(VDV™ ) =VD"V —V[O (1ab)"}v

01

b a
-1_ 1
1 0} ), we have V' = [ _1], and

Assuming a +b > 0 (i.e, P # [

n__ ny,—1 _ 1 a 1 0 1 b a
Pr=VDiy —[1 —b] [0 (1—a—b)”] |1 -1

1 b oa +(1—a—b)” a —a
Ca+blb a a+b b —b

b
e t-a=0)" gy I —(-a=0)" g
B b b b
ap tl—a=0)"75 5 -—1-a=-0" 5

The expression for P” above tells us a lot about the structure of the multi-step probabilities
pg.l) for large n. Note that the second matrix on the right-hand side above comes multiplied by
(1 —a—b)™ which tends to 0 as n — oo, unless we are in the uninteresting situation a = b= 0 or
(a = b =1). Therefore,

1
P" ~ p— [Z Z] for large n.

The fact that the rows of the right-hand side above are equal points to the fact that, for large n,
pz(;) does not depend (much) on the initial state 7. In other words, this Markov chain forgets its
initial condition after a long period of time. This is a rule more than an exception, and we will
study such phenomena in the following lectures.
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The “Stochastics” package

Stochastics is a Mathematica package (a collection of functions) for various calculations, sim-
ulation and visualization of Markov chains. Here is a short user’s guide.

9.1 Installation

You can download the file Stochastics.m from the course web-site. It needs to be put in a
directory/folder on your system that Mathematica knows about. The easiest way to do this is
to type $Path in Mathematica. The output will be a list of folders. You simply copy the file
Stochastics.m in any of the folders listed. Restart Mathematica, and that is it.

Every time you want to use functions from Stochastics, you issue the command <<Stochastics*
(note that the last symbol ¢ is not an apostrophe; it can be found above the Tab key on your key-
board).

If you want to get information about the syntax and usage of a certain command (say
BuildChain), just type ?BuildChain, and Mathematica will display a short help paragraph.

9.2 Building Chains

The first thing you need to learn is to tell Mathematica about the structure of the Markov Chain
you want to analyze. As you know, two ingredients are needed for that: the initial distribution, and
the set of transition probabilities. Since the transition matrix is usually quite sparse (has many
zero elements), it is typically faster to specify those probabilities as a list of transitions of the
form {FromState,ToState,probability}. That is exactly how Stochastics is set up. In order to
store the information about a Markov Chain that Mathematica can do further computations with,
you issue the command MyChain=BuildChain[Triplets,InitialDistrubution], where MyChain
is just the name of the variable (could be anything), Triplets is a list each of whose elements is
a triplet of the from {FromState,ToState,probability}, and InitialDistribution is a list of
pairs of the form {State,probability} where probability= P[X; =State]. Here is an example
for the simple Markov chain with three states A,B and C, the initial distribution P[ Xy, = A] = 1/2,
P[Xo = B] = 1/4 and P[X, = C] = 1/4, and the transition graph that looks like this:

T4
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a o =X
\J : (Bl <52 c]| \</

The code I used to define it is
In[1):= << Stochastics’

in[34}= MyChain = BuildChain [

{{A,B,1 /2}, {A/A,/ 1 /2}, {B,C, 1}, ({C,C,1/2} {C,/B,1 /2}},
{{A,1/2}, {B,1/4}, {C,1/4}}
1.

The “Tennis Chain” example we covered in class is already implemented in the package, so that
you don’t have to type it in yourself. All you need to do it issue the command MyChain=TennisChain [p],
where p is the probability of winning a rally for Amélie.

9.3 Getting information about a chain

Once you have built a chain (assume that its name is MyChain) you can get information about it
using the following commands. We start by listing the simple ones:

e States[MyChain] returns the list of all states.

e InitialDistribution[MyChain] returns the list containing the list of initial probabilities.
The order is the same as that returned by the command States.

e TransitionMatrix[MyChain] returns the transition matrix.
e Probability[sl,s2,n,MyChain] returns the n-step probability P[X,, = s2| Xy = sl].
e NumberOfStates[MyChain] returns the number of states.

e Classes[MyChain] returns a list whose elements are the communication classes (lists them-
selves) of the chain.

e Recurrence [MyChain] returns a list of zeros or ones, one for each state. It is 1 if the state
is recurrent and O otherwise.

e TransientStates[MyChain] returns the list of transient states.
e RecurrentStates[MyChain] returns the list of recurrent states.

e ClassNumber [s,MyChain] returns the number of the communication class the state s be-
longs to, i.e., the number of the element of Classes[MyChain] that s belongs to.

See Example 1 for a Mathematica notebook which illustrates these commands using MyChain
defined above. The following commands help with more complicated (matrix) computations:

e (Matrix[MyChain], RMatrix [MyChain] and PMatrix [MyChain] return the matrices ), R and
P from the canonical decomposition of MyChain.
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e CanonicalForm[MyChain] returns the 2x2 block matrix representation of the canonical form
of the chain MyChain

e FundamentalMatrix [MyChain] returns the fundamental matrix (I — Q)~! of the chain.

See Example 9.2 for a related Mathematica notebook.

9.4 Simulation

The functions in Stochastics can be used to perform repeated simulations of Markov chains:
e SimulateFirst[MyChain] outputs a single draw from the initial distribution of the chain.

e SimulateNext[s,MyChain] outputs a single draw from tomorrow’s position of the chain if
it is in the state s today.

e SimulatePaths[nsim,nsteps,MyChain] outputs a matrix with nsim rows and nsteps columns;
each row is a simulated path of the chain of length nsteps.

See Example 9.3 for an illustration.

9.5 Plots

Finally, the package Stochastics can produce pretty pictures and animations of your chains:

e PlotChain[MyChain,Options] produces a graphical representation of the Markov Chain
MyChain. The Options argument is optional and can be used to change the look and feel
of the plot. Any option that the built-in function GraphPlot accepts can be used.

e AnimateChain[nsteps,Mychain] produces an animation of a single simulated trajectory of
MyChain.

The picture in section 9.2 is the output of the command PlotChain [MyChain].
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9.6 Examples

Example 9.1. Simple commands

In[1]:= << Stochastics’

in2:= MyChain = BuildChain [
{{A,B, 1 72}, {A/A,1 /2}, {B,C, 11} ({C/C,17/2} {C,B, 1 /2}},
{{A, 172}, {B,1/4}, {C,1/4}}
1

in[3= States [MyChain ]

ouzl= {A, B, C}

in4:= NumberOfStates [MyChain ]

outa]= 3
infs]:= InitialDistribution [MyChain ]
1 1 1
ouel= { =, —, —
e {2 4 4}
in[7):= TransitionMatrix [MyChain ]
1 1 1 1
outf7j= HE 5 0f, (0, 0, 1}, {o, > 5}}
in[g:= MatrixForm [ TransitionMatrix [MyChain 1]

Out[8]//MatrixForm=

O O nje

1
2
0
1
2

Nk B O

info]:= Probability [A, B, 3, MyChain ]
3

outgl= —

info:= Classes [MyChain ]

outioj= { {A}, {B, C}}

in11:= Recurrence [MyChain ]
ouf11= {0, 1, 1}

in[12:= TransientStates [MyChain ]
oujr2)= {A}

in[13]:= RecurrentStates [MyChain ]

ouizi= {B, C}

Example 9.2. Canonical-form related commands (a continuation of Example 9.1)
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inf14]:= Qvatri x [MyChal n]

oua- {{3})

in[15:= RMvatri x [MyChai n]

out[15]= {{% 0}}

in[16:= PMatri x [MyChai n]
1

out[16]= {{01 1}, {% E}}

in[191:= M= Canoni cal For m[MyChai n]

ows {{{10. 11 {2. 2} con won} ({5 o)} ((Z)))]

in[20:= Mat ri xFor m[
{
{MatrixForm[M[[1, 1]1]], MatrixForm[M[[1, 2111},
{MatrixForm[M[[2, 1]1]1], MatrixForm[M[[2, 2]]1]1}
}
]

Out[20]//MatrixForm=

N
Loy (k)

in21:= Fundanent al Matri x [MyChai n]

oute11= {{2}}

Example 9.3. Simulations (a continuation of Example 9.1)

in22]:= Si mul at eFi r st [MyChai n]
out22)= A

in231:= Si nul at eFi rst [MyChai n]
ou3l= C

inf241= Si mul at eNext [A, MyChai n]
out[24]= A

inzg):= Si mul at eNext [A, MyChai n]
out2gl= B

inze)= Matri xForm[Si mul at ePat hs [3, 10, MyChain]]

Out[36]//MatrixForm=

cBCBCCBCBTC
A ABCCBCBCH®B
A AABCBTCCBSC
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Classification of States

There will be a lot of definitions and some theory before we get to examples. You might want to
peek into the last part (examples) as notions are being introduced; it will help your understanding.

10.1 The Communication Relation

Let {X,}nen, be a Markov chain on the state space S. For a given set B of states, define the
hitting time 7(B) of B as

78 = min{n € Ny : X,, € B}. (10.1)

We know that 75 is, in fact, a stopping time with respect to {X,, }ren,. When B consists of only
one element B = {i}, we simply write 7; for 7(ip Ti is the first time the Markov chain {Xnneng
“hits” the state ¢. As always, we allow 75 to take the value +oc; it means that no state in B is ever
hit.

The hitting times are important both for immediate applications of {X,, }ren,, as well as for
better understanding of the structure of Markov chains.

Example 10.1. Let {X,, },en, be the chain which models a game of tennis (Example 9., in Section
2. of Lecture 8). The probability of winning for (say) Amélie can be phrased in terms of hitting
times:

P[ Amélie wins | = P[1;,, < Ti,],

where 14, = “Amélie wins” and ip ="Bjorn wins” (the two absorbing states of the chain). We will
learn how to compute such probabilities in the subsequent lectures.

Having introduced the hitting times 75, let us give a few more definitions. Recall that the
notation P;[A] is used to mean P[A|X, = i] (for any event A). In practice, we use P; to signify that
we are starting the chain from the state i, i.e., IP; corresponds to a Markov chain whose transition
matrix is the same as the one of {X,,},en,, but the initial distribution is given by P;[Xo = j] =0

Definition 10.2. A state ¢ € § is said to communicate with the state j € S, denoted by ¢ — j if

]P’Z'[Tj < OO] > 0.
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Intuitively, ¢« communicates with j is there is a non-zero chance that the Markov chain X will
eventually visit j if it starts from i. Sometimes we also say that j is a consequent of ¢, or that j
is accessible from 1.

Example 10.3. In the tennis example, every state is accessible from (0, 0) (the fact that p € (0,1)
is important here), but (0,0) is not accessible from any other state. The consequents of (40, 40)
are (40, 40) itself, (40, Adv), (Adwv,40), “Amélie wins” and “Bjorn wins”.

Before we examine some properties of the relation —, here is a simple but useful charac-
terization. Before we give it, we recall the following fact about probability: let {4, },en, be an
increasing sequence of events, ie, A, C A,11, for all n € Ny. Then

PlUnen, An] = lim P[A,],

and the sequence inside the limit is non-decreasing.

Proposition 10.4. i — j if and only if pgl) > 0 for some n € Nj.

Proof. The event A = {7; < 00} can be written as an increasing union
A = UpenA4y, where A, = {r; <n}.

Therefore,

and the sequence P;[7; < n], n € N is non-decreasing. In particular,
]P’i[Tj < OO] > ]P’Z[An], for all n € N. (102)

(n)

Suppose, first, that P >0 for some n. Since 7; is the first time j is visited, we have

By (10.2), we have P;[7; < oo] > 0, and so, i — j.

Conversely, suppose that i — j, ie, P;[4] > 0. Since P;[A] = lim, P;[4,], we must have
P;[Ay] > 0 for some ng (and then all larger n), ie, P;[7; < ng] > 0. When 7; < ng, we must have
Xo=jorX;=jor..or X, =y le,

{rj <no} € ULo{Xk = j},

and so .
0
0 < Pi[rj < no] < Pi[UR2 o { X = j}] <Y Pil Xy = j].
k=0
Therefore, P;[X,, = j| for at least one n € {0,1,...,np}. In other words, pl(?) > 0, for at least one
ne{0,1,...,n0}. O

Proposition 10.5. For all i, j,k € S, we have
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1. i —1,
2.i—j5,j—>k=1i—k
Proof.

1. If we start from state ¢ € S we are already there (note that 0 is allowed as a value for 75 in
(10.1)), i.e., 7; = 0 when Xg = i.
2. Using Proposition 10.4, it will be enough to show that pgz) > 0 for some n € N. By the

same Proposition, we know that pz(;“) > 0 and p;ZZ) > 0 for some ni,ny € Ny. By the

Chapman-Kolmogorov relations, with n = ny + ny, we have

pz(Z) _ sz(‘lnl)pl(l?Q) > pg;"bl)pézz) = 0.
leS

O]

Remark 10.6. The inequality pgz) > pglnl)pl(;”) is valid for all 4,1,k € S, as long as ny +ng = n. It

will come in handy later.

10.2 Classes

Definition 10.7. We say that the states ¢ and j in S intercommunicate, denoted by i <> j if i — j
and j —i. A set B C § of states is called irreducible if : <» j for all ¢,j € S.

Unlike the relation of communication, the relation of intercommunication is symmetric. More-
over, we have the following three properties (the result follows directly from Proposition 10.4,
SO we omit it):

Proposition 10.8. The relation < is an equivalence relation of S, i.e, for all i, j, k € S, we have
1. 7 <> 1 (reflexivity) ,
2. 14> j = j <1 (symmetry), and
3. i 4> j,] < k=1 k (transitivity).

The fact that <+ is an equivalence relation allows us to split the state-space S into equivalence
classes with respect to <». In other words, we can write

S=51USUSs3U...,

where Sp,Ss,... are mutually exclusive (disjoint) and all states in a particular S,, intercommu-
nicate, while no two states from different equivalence classes S,, and S,,, do. The sets 51, 53,...
are called classes of the chain {X,,},en,. Equivalently, one can say that classes are maximal
irreducible sets, in the sense that they are irreducible and no class is a subset of a (strictly larger)
irreducible set. A cookbook algorithm for class identification would involve the following steps:

1. Start from an arbitrary state (call it 1).
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2. Identify all states j that communicate with it - don’t forget that always ¢ < 4, for all i.

3. That is your first class, call it C. If there are no elements left, then there is only one class
Cy, = S. If there is an element in S\ C}, repeat the procedure above starting from that
element.

The notion of a class is especially useful in relation to another natural concept:

Definition 10.9. A set B C S of states is said to be closed if i /4 j foralli € Band all j € S\ B.
A state i € S such that the set {i} is closed is called absorbing.

Here is a nice characterization of closed sets:

Proposition 10.10. A set B of states is closed if and only if p;; = 0 for all i € B and all
jeBc=S\B.

Proof. Suppose, first, that B is closed. Then for : € B and j € B¢, we have ¢ /4 j, ie, pz(-?) =0 for
all n € N. In particular, p;; = 0.

Conversely, suppose that p;; = 0 for all i € B, j € B®. We need to show thati /4 j (ie. pz(»?) =0
for all n € N) for all i € B, j € B° Suppose, to the contrary, that there exist i € B and j € B¢
such that p(”) > 0 for some n € N. Since p;; = 0, we must have n > 1. Out of all n > 1 such that

1)
pfz) > 0 for some k € B¢, we pick the smallest one (let us call it ng), so that that p(”o D — 0 for

all k£ € B¢. By the Chapman-Kolmogorov relation, we have

(n—1)
ng szk Dkj

keS
(n_1) (n— 1) (10.3)
=S 0 o+ S Bl Vg
keB keB¢

The terms in the first sum in the second line of (10.3) are all zero because py; = 0 (k € B and

j € B¢, and the terms of the second one are also all zero because p(n_l) =0 for all £k € B¢

ik
Therefore, pgl) = 0 - a contradiction. 0

Intuitively, a set of states is closed if it has the property that the chain {X,},en, stays in it
forever, once it enters it. In general, if B is closed, it does not have to follow that S\ B is closed.
Also, a class does not have to be closed, and a closed set does not have to be a class. Here are
some examples:

Example 10.11. Consider the tennis chain of the previous lecture and consider the following
three sets of states:

1. B = {"Amélie wins"}: closed and a class, but S\ B is not closed
2. B=S8\{(0,0)}: closed, but not a class, and
3. B=1{(0,0)}: class, but not closed.

There is a relationship between classes and the notion of closedness:
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Proposition 10.12. Every closed set B is a union of classes.

Proof Let B be the union of all classes C' such that C N B # (). In other words, take all the
elements of B and throw in all the states which intercommunicate with them. I claim that
B = B. Blearly, B C B, so we need to show that B C B. Suppose, to the contrary, that there
exists j € B \ B. By construction, j intercommunicates with some ¢ € B. In particular i — j.
By c}osedness of B, we must have j € B. This is a contradiction with the assumptions that
j€B\B. O

Example 10.13. A converse of Proposition 10.12 is not true. Just take the set B = {(0,0), (0,15)}
in the “tennis” example. It is a union of classes, but it is not closed.

10.3 Transience and recurrence

It is often important to know whether a Markov chain will ever return to its initial state, and if
so, how often. The notions of transience and recurrence address this questions.

Definition 10.14. The (first) visit time to state j, denoted by 7;(1) is defined as
7;(1) =min{n e N : X,, = j}.
As usual 75(1) = 400 if X;, # j forall n € N.

Note that the definition of the random variable 7;(1) differs from the definition of 7; in that
the minimum here is take over the set N of natural numbers, while the set of non-negative
integers Ny is used for 7;. When X, # j, the hitting time 7; and the visit time 7;(1) coincide.
The important difference occurs when Xy = j. In that case 7; = 0 (we are already there), but it
is always true that 7;(1) > 1. It can even happen that P;[7;(1) = oo] = 1.

Definition 10.15. A state i € S is said to be
1. recurrent if P;[7;(1) < oo] =1,
2. positive recurrent if E;[7;(1)] < oo (E; means expectation when the probability is P;),
3. null recurrent if it is recurrent, but not positive recurrent,

4. transient if it is not recurrent.

A state is recurrent if we are sure we will come back to it eventually (with probability 1).
It is positive recurrent if the time between two consecutive visits has finite expectation. Null
recurrence means the we will return, but the waiting time may be very long. A state is transient
is there is a positive chance (however small) that the chain will never return to it.

Remember that the greatest common denominator (GCD) of a set A of natural numbers
if the largest number d such that d divides each k € A, ie, such that each k£ € A is of the form
k = ld for some [ € N.

Definition 10.16. A period d(i) of a state i € S is the greatest common denominator of the
return-time set R(i) = {n € N : p(?) > 0} of the state i. When R(i) = (), we set d(i) = 1. A state

[

i € S is called aperiodic if d(i) = 1.
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Example 10.17. Consider the Markov chain with three states and the transition matrix

010
P=1]0 0 1
1 00
The return set for each state ¢ € {1,2,3} is given by

R(i) ={3,6,9,12,...},
so d(i) = 3 for all i € {1,2,3}. However, if we change the probabilities a bit:

o 10

P=10 0 1],
1 1
2 0 3

the situation changes drastically:
R(1) ={3,4,5,6,...},
R(2) ={2,3,4,5,6,...},
R(3)=1{1,2,3,4,5,6,...},
so that d(i) = 1 for i € {1, 2, 3}.

10.4 Examples

Random walks: p e (0,1).

e Communication and classes. Clearly, it is possible to go from any state ¢ to either i+ 1 or
it—1inonestep,soi —i+1and i —¢—1 for all i € S. By transitivity of communication,
we have i - i+1 —4i+2 — --- — ¢+ k. Similarly, i — ¢ — k for any & € N. Therefore,
1 —jforalli,j €S8, and so, i <+ j for all i, 5 € S, and the whole S is one big class.

e Closed sets. The only closed set is S itself.

e Transience and recurrence We studied transience and recurrence in the lectures about
random walks (we just did not call them that). The situation highly depends on the proba-
bility p of making an up-step. If p > % there is a positive probability that the first step will
be “up”, so that X; = 1. Then, we know that there is a positive probability that the walk will
never hit 0 again. Therefore, there is a positive probability of never returning to 0, which
means that the state 0 is transient. A similar argument can be made for any state i and any
probability p # % What happens when p = %? In order to come back to 0, the walk needs
to return there from its position at time n = 1. If it went up, the we have to wait for the
walk to hit 0 starting from 1. We have shown that this will happen sooner or later, but that
the expected time it takes is infinite. The same argument works if X; = —1. All in all, 0
(and all other states) are null-recurrent (recurrent, but not positive recurrent).

e Periodicity. Starting from any state ¢ € S, we can return to it after 2,4,6,... steps. There-
fore, the return set R(i) is always given by R(i) = {2,4,6,...} and so d(i) = 2 for all
1€ S.
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Gambler’s ruin: p € (0,1).

e Communication and classes. The winning state a and the losing state 0 are clearly ab-
sorbing, and form one-element classes. The other a — 1 states intercommunicate among
each other, so they form a class of their own. This class is not closed (you can - and will -
exit it and get absorbed sooner or later).

e Transience and recurrence. The absorbing states 0 and a are (trivially) positive recurrent.
All the other states are transient: starting from any state i € {1,2,...,a — 1}, there is a
positive probability (equal to p®~%) of winning every one of the next a — i games and, thus,
getting absorbed in a before returning to 7.

e Periodicity. The absorbing states have period 1 since R(0) = R(a) = N. The other states
have period 2 (just like in the case of a random walk).

Deterministically monotone Markov chain

e Communication and classes. A state i communicates with the state j if and only if j > 4.
Therefore i <+ j if and only if i = j, and so, each i € S is in a class by itself.

e Closed sets. The closed sets are precisely the sets of the form B =4,i+1,i4+2,..., for
1 e N

e Transience and recurrence All states are transient.

e Periodicity. The return set R(7) is empty for each i € S, so d(i) =1, for all i € S.

A game of tennis

e Communication and classes. All the states except for those in E = {(40, Adv), (40, 40), (Adv, 40),
Amélie wins, Bjorn wins} intercommunicate only with themselves, so each i € S\ F isin a
class by iteself. The winning states Amélie wins and Bjérn wins are absorbing, and, so, also
form classes with one element. Finally, the three states in {(40, Adv), (40, 40), (Adv,40)}
intercommunicate with each other, so they form the last class.

e Periodicity. The states i in S\ E have have the property that pgf) =0 foralln €N, so

d(i) = 1. The winning states are absorbing so d(i) = 1 for i € {Amélie wins, Bjérn wins}.

Finally, the return set for the remaining three states is {2,4,6, ... } so their period is 2.
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More on Transience and recurrence

11.1 A criterion for recurrence

The definition of recurrence from the previous lecture is conceptually simple, but it gives us
no clue about how to actually go about deciding whether a particular state in a specifis Markov
chain is recurrent. A criterion stated entirely in terms of the transition matrix P would be nice.
Before we give it, we need to introduce some notation. For two (not necessarily different) states,

1,7 €S, let fi(]m be the probability that it will take exactly n steps for the first visit to j (starting
from i) to occur, ie.,

fl(n) = ]P)Z[T](l) = n] = P[Xn = j?anl 7& j?an2 ?é ja s 7X2 7& ijl 7& j|X0 = Z]

Let f;; denote the probability that j will be reached from ¢ eventually, ie.,

o0
fis =20
n=1
Clearly, we have the following equivalence: i is recurrent if and only if f;; = 1.

The reason the quantities fi(f) are useful lies in the following recursive relationship:

Proposition 11.1. For n € N and i,5 € S, we have
(M) _ N~ (n-m) pm)
py = my fy
m=1

Proof. In preparation for the rest of the proof, let us reiterate that the event {7;(1) = m} can be

written as
{TJ(]') = m} = {Xm :j,mel #jameQ #ja--le 3&]}

Using the law of total probability, we can split the event {X,, = j} according to the value of the
random variable 7;(1) (the values of 7;(1) larger than n do not appear in the sum since X,, cannot
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be equal to j in those cases):

p) =PX, = jlXo =i = Y P[X, = jlrj(1) = m, Xo = i] Plrj(1) = m|Xp = i]

m=1

= 3" PIXy = X = 5. Xt # X2 Gy Xa £ 5. Xo = i) £

m=1

n
=2 FlXn = j1Xm =] zpj e
m=

An important corollary to Proposition 11.1 is the following characterization of recurrence:

Proposition 11.2. A state i € S is recurrent if and only if

o (n)
Py =

Proof. For i = j, Proposition 11.1 states that

(n— m)
pn Z Pi; zz

Summing over all n from 1 to N € N, we get

N N n
Yoo =33 e, Z Z menyp ™ £ (11.1)
n=1

n=1m=1 n=1m=1

We set sy = anzlpg?) for N € N, remember that pg-))

summation to get

= 1, and interchange the order of

N

N N N—m N
SN = Z Z pg?_m)fi(im) = Z fz'(z'm) Z pg?) = Z fi(im)(l + SN—m)
m=1 n=0 m=1

m=1n=m

The sequence {sy}nen is non-decreasing, so

N
sv < Y F A+ sw) < (14 sn) i
m=1

Therefore, <
. N
> .
fm - l]{fn 1+ sy

If Y 1pZZ = 400, then limy_.o lj,gr—JSVN =1, s0 fi; > 1. On the other hand, f;; = P;[:(1) < o0,
so fi < 1. Therefore, f;; = 1, and, so, the state ¢ is recurrent.
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Conversely, suppose that i is recurrent, i.e, f;; = 1. We can repeat the procedure from above
(but with +o0o instead of N and using Tonelli’s theorem to interchange the order of the sums) to

get that
Sopl = Z AP+ =14 > p.
n=1 m=1 n=1 n=1
This can happen only if >, pg‘ ) = +00. O

11.2 Class properties

Certain properties of states are shared between all elements in a class. Knowing which properties
share this feature is useful for a simple reason - if you can check them for a single class member,
you know automatically that all the other elements of the class share it.

Definition 11.3. A property is called a class property it holds for all states in its class, whenever
it holds for any one particular state in the that class.

Put differently, a property is a class property if and only if either all states in a class have or
none does.

Proposition 11.4. Transience and recurrence are class properties.

Proof. Suppose that the state ¢ is recurrent, and that j is in its class, i.e, that ¢ <+ j. Then, there

exist natural numbers m and k such that p(m) > 0 and p(k) > 0. By the Chapman-Kolmogorov
relations, for each n € N, we have

(ntmtk) _ (k), (n), (m)
pJJ Z Z pjllplllzplzm = pgz Pi; pz] .
1LeSleS

In other words, there exists a positive constant ¢ (take ¢ = p(.’.“) (m

i Di )), independent of n, such that

(n+m+k)
JJ

> epf?

(A

Therefore, by recurrence of i we have > >, pi? ) = 400, and

SRR SEFED AT BAEEES
n=1 n=m+k+1 n=1

and so, j is recurrent. Therefore, recurrence is a class property.
Since transience is just the opposite of recurrence, it is clear that transience is also a class
property. O

Proposition 11.5. Period is a class property, i.e, all elements of a class have the same period.
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DProof. Let d = d(i) be the period of the state i, and let j «<» i. Then, there exist natural numbers

m and k such that pg;n) > 0 and pyf) > 0. By Chapman-Kolmogorov,

k k
" > plpl) > o,
and so

m+k € R(i). (11.2)

Similarly, for any n € R(j),

Pl > plm ) > o,
SO
m+k+n € R(). (11.3)

By (11.2), d(i) divides m + k, and, by (11.3), d(i) divides m + k + n. Therefore, d(i) divides n, for
each n € R(j), and so, d(i) < d(j), because d(j) is the greatest common divisor of R(j). The
same argument with roles of ¢ and j switched shows that d(j) < d(i). Therefore, d(i) = d(j). O

11.3 A canonical decomposition

Now that we know that transience and recurrence are class properties, we can introduce the
notion of canonical decomposition of a Markov chain. Let §;1,S2,... be the collection of all
classes; some of them contain recurrent states and some transient ones. Proposition 11.4 tells
us that if there is one recurrent state in a class, than all states in the class must be recurrent.
This, it makes sense to call the whole class recurrent. Similarly, the classes which are not
recurrent consists entirely of transient states, so we call them transient. There are at most
countably many states, so the number of all classes is also at most countable. In particular, there
are only countably (or finitely) many recurrent classes, and we usually denote them by Cy, Cs, . . ..
Transient classes are denoted by 17,75, .... There is no particular rule in the choice of indices
1,2,3,... for particular classes. The only point is that they can be enumerated because there are
at most countably many of them.

The distinction between different transient classes is usually not very important, so we pack
all transient states together inaset T =T UTo U....

Definition 11.6. Let S be the state space of a Markov chain {X,}nen,. Let C1,Cs,... be its
recurrent classes, and 147,75, ... the transient ones, and let T'=T; UT5 U... be their union. The
decomposition

S=TuCiuC,UCs3U...,

is called the canonical decomposition of the (state space of the) Markov chain {X,, },en,-

The reason that recurrent classes are important is simple - they can be interpreted as Markov
chains themselves. In order for such an interpretation to be possible, we need to make sure that
the Markov chain stays in a recurrent class if it starts there. In other words, we have the following
important proposition:
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Proposition 11.7. Recurrent classes are closed.

Proof. Suppose, contrary to the statement of the Proposition, that there exist two states i # j
such that

1. i is recurrent,

2. 1 — j,and

3.5 A
The idea of the proof is the following: whenever the transition : — j occurs (perhaps in several
steps), then the chain will never return to i, since j /4 i. By recurrence of i, that is not possible.

Therefore i A j - a contradiction.
More formally, the recurrence of ¢ means that (starting from i, i.e, under P;) the event

A ={X,, =i, for infinitely many n € N}
has probability 1, i.e., P;[A] = 1. The law of total probability implies that
1=Pi[A] = Pi[Alr;(1) = nPi[r;(1) = n] + P;[Alr;(1) = +00] Pi[r;(1) = +oq]. (11.4)
neN

On the event 7;(1) = n, the chain can visit the state i at most n — 1 times, because it cannot hit ¢
after it visits j (remember j 4 i). Therefore, P[A|7;(1) = n] =0, for all n € N. It follows that

1 = Pi[Alr;(1) = +oc] Bi[r; (1) = +ocl.

Both of the terms on the right-hand side above are probabilities whose product equals 1, which
forces both of them to be equal to 1. In particular, P;[;(1) = 4o0], or, phrased differently, i /4 j
- a contradiction. O

Together with the canonical decomposition, we introduce the canonical form of the transition
matrix P. The idea is to order the states in S with the canonical decomposition in mind. We start
from all the states in (4, followed by all the states in Cy, etc. Finally, we include all the states in
T. The resulting matrix looks like this

_Pl 0 0o ... 0
o P~ 0 ... 0

p—|0 o~ .. of
Q1 Q2 @3

where the entries should be interpreted as matrices: P; is the transition matrix within the first
class, ie, P = (pij,i € C1,j € C1), etc. Qj, contains the transition probabilities from the transient
states to the states in the (recurrent) class C. Note that Proposition 11.7 implies that each Pj is
a stochastic matrix, or, equivalently, that all the entries in the row of P, outside of P are zeros.

We finish the discussion of canonical decomposition with an important result and one of its
consequences.
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Proposition 11.8. Suppose that the state space S is finite. Then there exists at least one
recurrent state.

Proof. The transition matrix P is stochastic, and so are all its powers P™. In particular, we have

1=Y"p", forallies.
jes
Summing the above equality over all n € N and switching the order of integration gives

too=> 1=3"3"p =35,

neN neN jeS J€S neN

We conclude that ) pz(?) = +oo for at least one state j (this is where the finiteness of S is
crucial).

We claim that j is a recurrent state. Suppose, to the contrary, that it is transient. If we sum
the equality from Proposition 11.1 over n € N, we get

S =3 ST = S S T = S z_%p?}) = fy ;)pﬁ?)- (115)

neN neNm=1 meNn=m meN
Transience of j implies that > > ; p§?) < oo and, by definition, f;; < 1, for any ¢,j. Therefore,
> neN pg;l) < o0 - a contradiction. O

Remark 11.9. If S is not finite, it is not true that recurrent states must exist. Just remember the
Deterministically-monotone Markov chain example, or the random walk with p # % All states
are transitive there.

In a finite state-space case, we have the following dichotomy:

Corollary 11.10. A class of a Markov chain on a finite state space is recurrent if and only if
it is closed.

Proof. We know that recurrent classes are closed. In order to show the converse, we need to
prove that transient classes are not closed. Suppose, to the contrary, the there exists a finite
state-space Markov chain with a closed transient class 7. Since T is closed, we can see it as a
state space of the restricted Markov chain. This, new, Markov chain has a finite number of states
so there exists a recurrent state. This is a contradiction with the assumption that 7" consists only
of transient states. O

Remark 11.11. Again, finiteness is necessary. For a random walk on Z, all states intercommuni-
cate. In particular, there is only one class Z itself and it it trivially closed. If p # % however, all
states are transient, and, so, Z is a closed and transient class.
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Chapter 12

Absorption and reward

Note: Even though it is not by any means necessary, we are assuming that, from this point
onwards, all Markov chains have finite state spaces.

12.1 Absorption

Remember the “Tennis” example from a few lectures ago and the question we asked there,
namely, how does the probability of winning a single point affect the probability of winning the
overall game? An algorithm that will help you answer that question will be described in this
lecture.

The first step is to understand the structure of the question asked in the light of the canonical
decomposition of the previous lecture. In the “Tennis” example, all the states except for the
winning ones are transient, and there are two one-element recurrent classes {Amélie wins} and
{Bjérn wins}. The chain starts from a transient state (0,0), moves around a bit, and, eventually,
gets absorbed in one of the two. The probability we are interested in is not the probability that the
chain will eventually get absorbed. This probability is always 1 (this is true in every finite Markov
chain, but we do not give a proof of this). We are, instead, interested in the probability that the
absorption will occurr in a particular state - the state { Amélie wins} in the “Tennis” example.

A more general version of the problem above is the following: let ¢ € S be any state, and let j
be a recurrent state. If the set of all recurrent states is denoted by C, and if 7¢ is the first hitting
time of the set C, then X, denotes the first recurrent state visited by the chain. Equivalently,
X;.. is the value of X at (random) time 7¢; its value is the name of the state in which it happens
to find itself the first time it hits the set of all recurrent states. For any two states i,j € S, the
absorption probability u;; is defined as

uij = P;[ X7, = j] = P;[ the first recurrent state visited by X is j].

When j, is not a recurrent state, then u;; = 0; j cannot possibly be the first recurrent state we
hit - it is not even recurrent. Whwn ¢ = j is a recurrent state, then u;; = 1 - we are in ¢ right
from the start. The situation ¢ € T, j € C' is the interesting one.

In many calculations related to Markov chains, the method of first-step decomposition works
miracles. Simply, we cut the probability space according to what happened in the first step and
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use the law of total probability (assuming i € T, j € C)

wiy =Pi[Xrp = 4] =D P[Xr, = j|Xo =4, X1 = k|P[X1 = k| Xo = 4]
keS

= P[Xr. =jIX1 = klpix
Kes

The conditional probability P[X,, = j|X; = k] is an absorption probability, too. If £ = j, then
PX;, =j| X1 =k] =1 If k€ C\ {j}, then we are already in C, but in a state different from j,
so P[X;. = j|X1 = k] = 0. Therefore, the sum above can be written as

Ujj = E PikUkj + Dij,
keT

which is a system of linear equations for the family (u;;,7 € T,j € C). Linear systems are
typically better understood when represented in the matrix form. Let U be a T x C-matrix
U = (wy,i € T,j € C), and let @ be the portion of the transition matrix P corresponding
to the transitions from T to T, ie. @ = (pij,i € T,j € T), and let R contain all transitions
from T to C, ie, R = (pij)ier jec. If Pc denotes the matrix of all transitions from C to C, ie,
Pc = (pij,i € C,j € C), then the canonical form of P looks like this:

[Pe 0
P_[R Q].

The system (12.1) now becomes:
U=QU +R, ie, (I - Q)U =R.

If the matrix I — @Q happens to be invertible, we are in business, because we then have an explicit
expression for U:
U=(-Q) 'R

So, is I — @ invertible? It is when the state space S is finite, but you will not see the proof in these
notes. When the inverse (I — Q)~! exists, it is called the fundamental matrix of the Markov
chain.

Example 12.1. Before we turn to the “Tennis” example, let us analyze a simpler case of Gambler’s
ruin with @ = 3. The states 0 and 3 are absorbing, and all the others are transient. Therefore
C1 ={0}, Cy = {3} and T' =Ty = {1, 2}. The transition matrix P in the canonical form (the rows
and columns represent the states in the order 0, 3,1, 2)

10 0 0
P=hl 0 0 g
0 p 1—p 0
Therefore,
R:[lop 0} andQ:LEp g]
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The matrix I — @) is a 2 x 2 matrix so it is easy to invert:
_ 1 1 P
I-— - - )
U=Q) 1—p+p? [1—19 1]
So

1—p i
U— 1 ' [ 1 p] [1—2? 0] _ [1(1p+)p22 1p+p2] ‘
_ — —p P
L=p+pll=p 1 0 » 1-p+p?  1—p+p?
Therefore, for example, if the initial “wealth” is 1, the probability of getting rich before bankruptcy
is p?/(1 —p+p?).
We have already calculated this probability in one of the homework problems (HW4, Problem
4.4). There, we obtained that the desired probability equals (1 — %) /(11— (%)3) You can check
that these two expressions are really the same.

Example 12.2. In the “Tennis” example, the transition matrix is 20 x 20, with only 2 recurrent
states (each in its own class). The matrix given in Lecture 8 is already in the canonical form
(the recurrent states correspond to the first two rows/columns). In order to get (I — Q)~!, we
need to invert an 18 x 18 matrix. This is a job for a computer, and we use Mathematica (P is
the full transition matrix and 3 is order of the state (0,0) in the internal representation). After
we remove the absorbing states, the number of (0,0) becomes 1 (in the Mathematica internal
order) and that is why we are extracting the element in the first row and first column in U to

get the result):
nf1141= Q=P[[3;; 20, 3;; 2011, R=P[[3;; 20, 1;; 2]1;

inf1s)= F=1nverse[ldentityMatrix[18] - Q];
n11e)= U=F. R
n117= UL[1, 171

20 p° g3

oufi7= p*+4p*g+10p*gt - ———
-1+2paq

If we plot this probability against the value of p, we get the following picture:

10

0.6
04r

02
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12.2 Expected reward

Suppose that each time you visit a transient state j € T" you receive a reward g(j) € R. The name
“reward” is a bit misleading since the negative g(j) corresponds more to a fine than to a reward;
it is just a name, anyway. Can we compute the expected total reward before absorption

TC
=E; [Z 9(X
n=0
And if we can, what is it good for? Many things, actually, as the following two special cases show:

1. If g(j) = 1 for all j € T, then v; is the expected time until absorption. We will calculate
v(o,0) for the “Tennis” example to compute the expected duration of a tennis game.

2. If g(k) = 1 and g(j) = 0 for j # k, then v; is the expected number of visits to the state k
before absorption. In the “Tennis” example, if & = (40, 40), the value of v(q o) is the expected
number of times the score (40, 40) is seen in a tennis game.

We compute v; using the first-step decomposition:

TC
=E[Zg )Xo =] = +EZg n)|Xo = 1]
(i) + > _E[ Zg n)|Xo =i, X1 = k[P[X) = k| X = 1] (12.1)
keS n=1
(1) + Y paEl Zg n)| X1 = k]
kes

If kK € T, then the homogeneity of the chain implies that

Zg n)| X1 =k] = Zg n)| Xo = k] = vg.
When k ¢ T, then

Zg n)| X1 = k] =0,

because we have “arrived” and no more rewards are going to be collected. Therefore, for i € T
we have

v = g(i) + Z DikVk-
keT

If we organize all v; and all g(7) into column vectors v = (v;,i € T'), g = (9(i),7 € T'), we get
v=Qu+g, ie,v=1-Q)"

Having derived the general forumla for various rewards, we can give an interpretation of the
fundamental matrix itself. Let us pick a transient state j and use the reward function g given by

1, k=j
9(k) = Lpe=jy = {o k# j.
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By the discussion above, the i entry in v = (I — Q)™ g is the expected reward when we start
from the state i. Given the form of the reward function, v; is the expected number of visits to
the state 5 when we start from 4. On the other hand, as the product of the matrix (I —Q)~! and
the vector g = (0,0,...,1,...,0), v; is nothing but the (i, j)-entry in (I — Q)™

Proposition 12.3. For two transient states i and j, the (i, j)-th entry in the fundamental matrix
(I — Q)™ ! is the expteced number of visits to the state j prior to absorbtion if the chain starts
from the state i (the time 0 is counted, if i = j).

Example 12.4. We continue the analysis of the “Tennis” chain from Example 12.2. We set g(i) =1
for all transient states i to find the expected duration of a tennis game.

ng7:= G=Tabl e[ {1}, {i, 1, 18}];
nigel= f [p_1=Sinplify[(F.G)[[1, 111 //. {q~>1-p}]

4 (-1+p-p?-6p3+18p*-18p°+6p°)

Out[86]= — 1.2 202
-2ZpPp+2Pp

We can plot this as a function of p to get the following graph:

70
6.5f
6.0f
5.5f
50/

45¢

40¢

0.0 0.2 04 0.6 0.8 1.0,

When p = 0, the course of the game is totally predictable and Amélie wins in 4 points. The same
holds when p = 1, only it is Bjorn who wins with probabilty 1 this time. In between, we see that

the expected game-length varies between 4 and about 7 (actually, the exact number is 6.75), and

it longest when p = %

How about the expected number of deuces (scores (40, 40))? We can compute that too by set-
ting g(i) = 0if ¢ # (40,40) and ¢((40,40)) = 1 (the number 16 used below is just the Mathematica
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internal number of the state (40,40) among the transient states):
n117= G=Table[{If[i =16, 1, 01}, {i, 1, 18}]
oufui7l= {{0}, {0}, {0}, {0}, {0}, {0}, {03}, {0}, {0}, {O}, {0}, {0}, {0}, {0}, {0}, {1}, {0}, {O}}
nppaep= f[p_1=Sinplify[(F.G[[1, 111 //. {d~>1-p}]

20 (—l+p)3 p3

Out[118]= -
1-2p+2p?

The plot of the obtained expressions, as a function of p, looks like this

0.6
05

04

0.1°f

0.2 0.4 0.6 0.8 1.0

Therefore, the expected number of deuces
varies between 0 and a bit more than 0.6
i (the exact number is 0.625 and corresponds
soof to the case p = %). When asked, people
would usually give a higher estimate for this
probability. The reason is that the distribu-
i tion of the number of deuces looks some-
a00p thing like the picture on the left (a his-
togram of the number of deuces in a simu-
lation of 1000 tennis games with p = %). We

mof H i see that most of the games have no deuces.
i ) O T . However, in the cases where a deuce hap-
pens, it is quite possible it will be repeated.

700

500 F

4001

From a psychological point of view, we tend to forget all the games without deuces and focus
on those with at least 1 deuce when we make predictions. In fact, the expected number of deuces
given that the game contains at least one deuce is approximatly equal to 2.1.
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Chapter 13

Stationary and Limiting Distributions

Transitions between different states of a Markov chain describe short-time behavior of the chain.
In most models used in physical and social sciences, systems change states many times per
second. In a rare few, the time scale of the steps can be measured in hours or days. What is of
interest, however, is the long-term behavior of the system, measured in thousands, millions, or
even billions of steps. Here is an example: for a typical liquid stock traded on the New York Stock
Excahenge, there is a trade every few seconds, and each trade changes the price (state) of the
stock a little bit. What is of interest to an investor is, however, the distribution of the stock-price in
6 months, in a year or, in 30 years - just in time for retirement. A back-of-an-envelope calculation
shows that there are, approximately, 50 million trades in 30 years. So, a grasp of very-long time
behavior of a Markov chain is one of the most important achievments of probability in general,
and stochastic-process theory in particular. We only scratch the surface in this lecture.

13.1 Stationary and limiting distributions

Definition 13.1. A stochastic process {X,, }nen, is said to be stationary if the random vectors
(Xo, X1, Xo,..., Xx) and (X, Xont1, Xont2s -+ s Xintk)

have the same (joint) distribution for all m, k € Ny.

For stationary processes, all random variables X, X1,... have the same distribution (just
take k£ = 0 in the definition). That condition is, however, only necessary. The pairs (Xg, X1) and
(Xm, Xim+1) should be equally distributed as random vectors, the same for triplets, etc. Intuitively,
a stochastic process is stationary if, statistically, it does not evolve. Its probabilistic behavior today
is the same as its probabilistic behavior in a billion years. It is somethimes useful to think about
stationarity in the following way; if a system is let to evolve for a long time, it will reach an
equilibrium state and fluctuate around it forever. We can expect that such a system will look
similar a million years from now and a billion years from now. It might, however, not resemble
its present state at all. Think about a glass of water in which we drop a tiny drop of ink. Imediately
after that, the glass will be clear, with a tiny black speck. The ink starts to diffuse and the spack
starts to grow immediately. It won’t be long before the whole glass is of uniform black color - the
ink has permeated every last “corner” of the glass. After that, nothing much happens. The ink

98



CHAPTER 13. STATIONARY AND LIMITING DISTRIBUTIONS

will never spontaneously return to its initial state!. Ink is composed of many small particles which
do not interact with each other too much. They do, however, get bombarded by the molecules of
water, and this bombardment makes them behave as random walks which simply bounce back
once they hit the glass wall (this phenomenon is called diffusion). Each ink particle will wander
off in its own direction, and quite soon, they will be “everywhere”. Eventally, the distribution of
the ink in the glass becomes very close to uniform and no amount of further activity will change
that - you just cannot get more “random” then the uniform distribution in a glass of water.

Let us get back to mathematics and give two simple examples; one of a process which is not
stationary, and the other of a typical stationary process.

Example 13.2. The simple random walk is not stationary. Indeed, Xy is a constant, while X
takes two values with equal probabilities, so they cannot have the same distribution.

For an example of a stationary process, take a regime switching chain {X,, },en, with po; =
p1o = 1, and the initial distribution P[Xy = 0] = P[Xy = 1] = % Then X,, = X, if n is even, and
X, = 1-X, if nis odd. Moreover, X and 1— X, have the same distribution (Bernoulli with p = %)
and, so Xy, X1, ... all have the same distribution. How about k-tuples? Why do (Xo, X1,..., Xk)
and (X, Xm+1, - - -, Xmak) have the same distribution? For ig, 41, ...,i; € {0,1}, by the Markov
property, we have

P[Xo = i0, X1 = i, ..., Xy = ix) = P[Xo = i0]Pigis Piris - - - Pin_rix = 5PioirPiriz - - - Pin_1in-
In the same manner,
P[Xy =0, X1 =i, Xonik = i) = P[X = i0]Digis Piris - - - Pig_1ix = 5Dioir Piris - - - Pi_1in
so the two distributions are identical.

The second example above is quite instructive. We took a Markov chain and gave it an
initial distribution with the property that Xy and X,, have the same distribution for all m € Nj.
Magically, the whole process became stationary. This is not a coincidence; we can play the same
trick with any Markov chain, as long as the initial distribution with the above property can be
found. Actually, such a distribution is so important that it even has a name:

Definition 13.3. A distribution 7 = (7;);cs on the state space S of a Markov chain with transition
matrix P is called a stationary distribution if

P[X; =i =m; for all i € S, whenever P[Xy =i =m;, forallie S.

In words, 7 is called a stationary distribution if the distribution of X is equal to that of X
when the distribution of X is m. Here is a hands-on characterization:

Proposition 13.4. A vector m = (m;,i € S) with ), g¢m; = 1 is a stationary distribution if and
only if
P =m,

when 7 is interpreted as a row vector. In that case the Markov chain with initial distribution
7 and transition matrix P is stationary and the distribution of X,, is w for all m € Ny.

1Tt will, actually, but it will take an unimaginably long time.
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Proof. Suppose, first, that 7 is a stationary distribution, and let {X,, },,en, be @ Markov chain with
initial distribution a(®) = 7 and transition matrix P. Then,

aV =aOp=nxP.

By the assumption, the distribution a of X; is 7. Therefore, m = 7 P.

Conversely, suppose that 7 = 7P. We can directly prove more than just the fact that = is a
stationary distribution. We can prove that the process { X, }nen, is stationary. Let {X,, },en, be a
Markov chain with initial distribution 7 and transition matrix P. We need to show that { X, },.en,
is stationary. In order to do that, we first note that all random variables X,,,, m € Ny, have the
same distribution. Indeed, the distribution a(™ of X,, is given by

a™ =aOpm = gpm = (zP) Pl =gpPm = ... =1,

Next, we pick m, k € Ny and a k + 1-tuple ig, i1, ..., i of elements of S. By the Markov property,
we have

P[Xy = i0, Xint1 = 115+ -+, Xengke = k] = P[ X = 90]Pigiy Pivia - - - Pin_vir, = TioPigiaPivia - - - Dig_ i
This last expression does not depend on m, so we can conclude that {X,, },en, is stationary. O

Example 13.5 (A model of diffusion in a glass). Let us get back to the story about the glass of
water and let us analyze a simplified model of that phenomenon. Our glass will be represented
by the set {0,1,2,...,a}, where 0 and a are the positions adjacent to the walls of the glass. The
ink particle performs a simple random walk inside the glass. Once it reaches the state 0 it either
takes a step to the right to 1 (with probability %) or tries to go left (also with probability %). The
passage to the left is blocked by the wall, so the particle ends up staying where it is. The same
thing happens at the other wall. All in all, we get a Markov chain with the following transition
matrix

%%00...000
1

3 03 0 00
03 0 % 000

P=1: 0 Do
0100 0 3 0
0100 ;0 2
0 1.0 0 0 3 3

Let us see what happens when we start the chain with a distribution concentrated in a/2 (assuming
that a is even); a graphical representation of the distribution of X3, X129, X309, X200, X700 and X500
when a = 30 represents the behavior of the system very well (the y axis is on a different scales
on the first two plots):

10p 10p 020+

08 08
0151

06 06
010+
04 04l

02 02
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How about if we start from a different initial distribution?
case:
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Here are the same plots in that
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As you can see, the distribution changes rapidly at first, but then, once it has reached the
“equilibrium” it changes remarkably little (compare Xroo and Xsg0). Also, the “equilibrium”
distribution is very uniform and does not depend on the initial distribution; this is exactly what
you would expect from a long-term distribution of ink in a glass.

Let us show that the uniform distribution 7 = (1/(a+1),1/(a+1),...,1/(1+a)) = (1/31,1/31,...,1/31)
on {0,1,2,...,a} is indeed the (unique) stationary distribution. By Proposition 13.4, we need to

solve the equation m = Pm. If we write out this system of equations line by line, we get

mo = 3(mo + m1)

m = 3(m0 + m2)

Ty = %(771 +73)

g = 5(m2 + 74) (13.1)
Ta—1 = %(77(172 + 7Ta)

Ta = %(77(171 + 7Ta)

The first equation yields my = ;. Using that in the second one, we get m; = w9, etc. Finally, we
know that 7 is a probability distribution so that g + 71 + - - - + w4 = 1. Therefore, m; = 1/(a + 1)
for all 7 € S, i.e, the uniform distribution on § is the only stationary distribution.
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Can there be more than one stationary distribution? Can there be none? Sure, here is an
example:

Example 13.6. For P = I, any distribution is stationary, and there are infinitely many.

A simple example where no stationary distribution exists can be constructed on an infinite
state space. Take the Deterministically Monotone Markov Chain. The transition “matrix” looks
like the identity matrix, with the diagonal of ones shifted to the right. Therefore, the system of
equations m = 7w P reads

M| =T, MY = T3, ..., Ty = Tptl,---,

and so, for 7 to be a stationary distribution, we must have m,, = m; for all n € N. Now, if 71 =0,
7 is not a distribution (it sums to 0, not 1). But if 7; > 0, then the sum is +oo, so 7 is not a
distribution either. Intuitively, the chain never stabilizes, it just keeps moving to the right ad
infinitum.

The example with many stationary distributions can be constructed on any state space, but the
other one, where no stationary distribution exists, had to use an infinite one. Was that necessary?
VYes. Before we show this fact, let us analyze the relation between stationary distributions and the
properties of recurrence and transience. Here is our first result:

Proposition 13.7. Suppose that the state space S of a Markov chain is finite and let § =
CiUCeU---UC,, UT be its canonical decomposition, Then the following two statements are
equivalent:

1. 7 is a stationary distribution, and

2 7% =7%P, k=1,...,m, and 7T = (0,0,...,0),

where
P 0 0 O
0 0 P, O
R Q
is the canonical form of the transition matrix, 7<% = (miyi € Cy), k =1,2,...,m and 71 =
(ﬂ'i,’i S T)

Proof. We write the equation 7 = 7P coordinatewise as 7; = ) ;.5 mp;; and, by distinguishing
the cases i € Cy, k € {1,2,...,m}, and i € T, we get the following sytem of matrix equations
(alternatively, just write the system m = 7P in the block-matrix form according to the cannonical
decomposition above):

7 = mox Po, + 'R, k=1,...,m, and 7 = 7TTQ.

The last equality can be read as follows: 77 is in a row null-space of I — Q. We know, however,

that I — @ admits an inverse, and so it is a regular square matrix. Its row null-space (as well as
its column null-space) must be trivial, and, consequently, 77 = 0.
Having established that 77" = 0, we can de-couple the system of equations above and write it
as
7% = nc Py, k=1,...,m, and 77 = (0,0,...,0),

Last Updated: December 24, 2010 102 Intro to Stochastic Processes: Lecture Notes



CHAPTER 13. STATIONARY AND LIMITING DISTRIBUTIONS

which is exactly what we needed to prove.
The other implication - the proof of which consists of a verification of the fact that each
distribution from (2) above is indeed a stationaty distribution - is left to the reader. O

The moral of the story of Proposition 13.7 is the following: in order to compute the stationary
distribution(s), classify the states and find the canonical decomposition of the state space. Then,
set m; = 0 for any transient state i. What remains are recurrent classes, and you can analyize
each one separately. Note, however, that 7¢* does not need to be a real distribution on Cj, since
> ico, TI'iC * does not need to equal 1. However, unless 7% = (0,0, ...,0), we can always multiply
all its elements by a constant to make the sum equal to 1.

Thanks to the results of Proposition 13.7, we can focus on Markov chains with only one class:
Definition 13.8. A Markov chain is said to be irreducible if there is only one class.

When a Markov chain is finite and irreducible, all of its states must be recurrent. Indeed, a
finite Markov chain has at least one recurrent state, and recurrence is a class property.

Now that we have described the structure of the set of all stationary distributions, we still
need to to tackle the question of existence: are there any stationary distributions? In addition
to giving an affirmative answer to this question, we will also show how to construct a stationary
distribution and how to interpret it probabilistically.

Proposition 13.9. Let { X, }en, be an irreducible Markov chain with a finite state space. Then,
the following two statements hold:

1. All states are positive recurrent.

2. Let i be a fixed (but arbitrary) recurrent state. Let

7 (1)—1
vi=Bi| >, x,—|, J€S

n=0

be the expected number of visits to state j in between two consecutive visits to state
i. Then the vector m, given by m; = %uj, j € S (where m; = E;[1;(1)] ) is a stationary
distribution.

Remark 13.10. Even though it is not exceedingly hard, the proof of this proposition is a bit
technical, so we omit it. It is important, however, to understand what the propositions states:

1. the expected number of visits to the state j in between two consecutive visits to the state ¢
can be related to a stationary distribution of the Markov chain by v; = m;m;, and

2. when we set j = 4, 1; counts the number of visits to ¢ between two consecutive visits to
1, which is always equal to 1 (the first visit is counted and the last one is not). Therefore,
1

vi=1and som = . -.
(2

Proposition 13.9 and Remark 13.10 are typically used in the following way: one computes
the unique stationary distribution 7 by solving the equation = = 7P and then draws conclusions
about m; or the v;’s.

Note also that the computation above is not a special case of a reward computation of the
previous lecture. There, you need to start from a transient state and finish in a recurrent state,
while here your starting and final state are the same.
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13.2 Limiting distributions

Example 13.5 shows vividly how the distribution of ink quickly reaches the uniform equilibrium
state. It is no coincidence that this “limiting” distribution happens to be a stationaty distribution.
Before we make this claim more precise, let us define rigorously what we mean by a limiting
distribution:

Definition 13.11. A distribution 7 = (m;,7 € S) on the state space S of a Markov chain with
transition matrix P is called a limiting distribution if

(n) _
Jn v =

foralli,5 € S.

Note that for 7 to be a limiting distribution, all the limits in Definition 13.11 must exist. Once
they do, 7 is automatically a distribution: 7; > 0 (as a limit of non-negative numbers) and

_ TR (ORI E n) _ g —
2 m=2 fimp) =l 3 b=l 1=t
JES JES jeS

Also, note that the independence on the initial state ¢ is built into the definition of the limiting
distribution: the sequence {PE;L)}neN must tend to the same limit 7; for all i« € S. Moreover, it
follows immediately there can be at most one limiting distribution.

The connection with stationary distributions is spelled out in the following propositions:

Proposition 13.12. Suppose that a Markov chain with transition matrix P admits a limiting
distribution m = (m;,i € S). Then w is a stationary distribution.

Proof. To show that 7 is a stationary distribution, we need to verify that it satisfies 7 = 7P, ie,

that
T = Z TiDij-
icS
We use the Chapman-Kolmogorov relation pg”rl) = res pikpl(g) and start from the observation

(n+1)

i to get exactly what we need:

that 7; = limy, 00 p; ;

+1
mj = lim i = = lim > pipr = > (lim sz )i = D WD
keS keS keS

O]

Example 13.13. Limiting distributions dont need to exist, even when there are stationary ones.
Here are two examples:

1. Let { X, }nen, be a Regime-switching chain with

r=[l)
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Then
(_1)11)’ 1= .]

(n) _
P { (—1)HY), i
(n)

Clearly, the sequence P is alternating between 0 and 1, so it cannot admit a limit. A
stationary distribution exists: the system = = 7P becomes

D= D=
~—~
— =
+ +

o =0Xmg+ 1 X 7y,

m =1Xxm+0Xxm.

2. In the previous example the limiting distribution did not exist which implies that g = 7.
In order for 7 to be a distribution on {0,1}, we must have 7y = m = 3. So, (3,3) is a

stationary distribution.

3. In the previous example the limiting distribution did not exists because the limits of the
sequences pl(?) did not exist. Another reason for the non-existence of limiting distributions
can be dependence on the initial conditions: the limits lim,, pgl) may exist for all ¢, j, but

their values can depend on the intial state 7. The simplest example is a Markov chain with

two states ¢ = 1,2, where p1; = pee = 1. There are two recurrent (and therefore closed)
classes, and the chain remains in the state it starte in forever. Therefore, lim,, pgg) =0 and

(n)

lim,, ps,’ = 1, so no limiting distribution exists despite the fact that all limits lim, pﬁ?) do.

Proposition 13.14. Let {X,},en, be a finite-state, irreducible and aperiodic Markov chain.
Then the limiting distribution exists.

We conclude the discussion of limiting distributions with a version of the Law of Large
Numbers (LLN) for Markov chains. Before we state it, we recall the classical LLN for independent
variables:

Theorem 13.15. Let { X, },en, be a sequence of independent and identically distributed random
variables, such that E[| Xy|] < co. Then

n—1

1
lim — X, = E|X,
lglnkzo k [ 0]7

almost surely 2.

When { X, }nen, is @ Markov chain, two problems occur. First, the random variables Xy, X1, . ..
are not independent. Second, X}, takes its values in the state space S which does not necessarily
consist of numbers, so the expression Xy + X; or E[Xj] does not make sense all the time. To
deal with the second problem, we pick a numerical function f : S — R (give each state a value)
and form sums of the form f(Xo) + f(X1) + -+ f(Xn—1). Independence is more subitle, but it
can be replaced with stationarity (loosely speaking), as in the following proposition (we skip the
proof):

2Almost surely means with probability one, and states that this statement is true all the time for all practical
purposes. It may fail, but only in extremely exceptional cases such as the one where you toss a fair coin infinitely
many times and get tails every single time. That means never, really.
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Proposition 13.16. Let {X,,},cn, be an irreducible Markov chain with a finite state space S,
let 7 = (m;,1 € S) be the (unique) stationary distribution, and let f : S — R be an arbitrary
function. Then

3R f(Xk) ,

1 ==V J N .

im - Z fl)m,
€S

almost surely, no matter what initial distribution we choose.

Example 13.17. Let {X,, }ren, be an irreducible finite Markov chain, and let the function f: S —
R be given by

L j=1,

f() (i=5) {0’ 4.

Then, by the Law of Large Numbers, we gave
1 n—1
lim = > =iy = D L=y = 7o
k=0 jes

so that 7; can be interpreted as a long-run percentage of time that the Markov chain {X, }nen,
spends in the state i.
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