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Preface

This book covers a rigorous one semester course in stochastic processes for students who have already
taken a one semester course in probability that uses Calculus and Linear Algebra. It is intended to prepare
students for advanced work in areas such as randomized algorithms, stochastic operations research, and
finance where these ideas are essential to building effective models.

The introductory chapters begin with a fast review of probability, random variables, and expected value.
The first stochastic process encountered is a simple random walk. Here the notions of expected value
are reviewed, and conditional expectation introduced. First order logic is also covered in these chapters.
The section ends with a rigorous discussion of random variables using measurable spaces, o-algebras and
measurable functions.

The next part builds on these ideas, formally defining expected value and proving useful theorems about
when limits and expectation can be swapped.

After that, martingales are introduced. Formal definitions of this type of stochastic process, together with
stopping times, are given. The two main theorems of this part are the Martingale Convergence Theorem
and the Optional Sampling Theorem.

Markov chains follow. Again a formal definition is given, along with transition matrices, update functions,
recurrence and transience, stationary measures, and stationary distributions. Harris chains are also defined.
The main theorem is the Ergodic Theorems for finite state Markov chains, countable Markov chains, and
continuous state space Markov chains. This theorem is proved rigorously using a coupling argument. The
special case of branching processes is discussed together with generating functions.

Next stochastic processes with a continuous index are discussed. Brownian motion is defined and it is
shown how to simulate from this process at a finite set of times. Continuous time Markov chains are built
as well as Poisson point processes. Stationary and limiting distributions are extended to this setting.

This part also shows how differential equations can be modeled probabilistically. Uniform and square in-
tegrability are defined, and Wald’s Equation is shown. The notion of stochastic integration is developed,
together with Ito’s Formula.

The final part shows how to construct Markov chains with a particular stationary distribution, using ideas
such as reversibility, Metropolis-Hastings, and birth-death chains.
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Chapter 1
Types of stochastic processes

Question of the Day

What is a stochastic process?

Summary

« Random variables are the primary mathematical object studied in probability, and represent vari-
ables about whose value some information is known.

« A collection of random variables that are indexed is called stochastic process.

« For numerical random variables, the expected value (also known as the expectation, mean, or
average is a finite number.

In this text, you will learn what stochastic processes are, what are the most common types of stochastic
processes, and what are the most common mathematical tools needed to understand and apply them. The
basic object of study in probability is the random variable, so start there.

1.1 Random variables

A random variable is a variable where you only have partial information about the true value. For instance,
the total number of people alive in the continental United States (so all states except Hawaii and Alaska) at
this moment is a random variable. It is some specific integer value, but you do not have total information
about it. This number could be represented by a random variable IV;.

Often (but not always) uppercase Roman letters are used to name random variables.

Another random variable would be the population of the United States including Alaska and Hawaii. Call
this random variable NV,

The lack of total information about these numbers can come about because it is simply too difficult to keep
track (such as the continental US population example) or because the event has not happened yet! The

13



14 CHAPTER 1. TYPES OF STOCHASTIC PROCESSES

winner of the next World Series is a random variable, for instance.

It is important to understand that just because we do not exactly know the value, does not mean that we
are completely in the dark. For the US population example, one thing that I know with certainty is that

0< N, <N,

But beyond that, it is possible to assign probabilities to the nonnegative integers that represent the state of
knowledge about these values.

For instance, if two fair six sided dice are rolled, then the probability that the sum is 7 is 1/6 whereas the
probability the sum will be 2 is only 1/36. Probability is the method used to codify partial information.

1.2 Stochastic Processes

The word stochastic just means random. It comes from the Greek word meaning to aim at a mark and was
an archery term. (What could be more random than where an arrow strikes!)

For instance, a stock price at a particular time, the location of the last lightning strike in a field, the wind at
a particular point, all of these are random.

Often there is not just one random variable, but many are being used at once. The stock prices over a year,
the location of all lightning strikes in a forest, the wind over a county, all of these are stochastic processes.
Random variables that are given an index are stochastic processes.

As another example, suppose that there are 27 wind turbines in a wind farm. On a particular day, turbine
1 generates X, amount of power. Because the power output is unknown at the beginning of the day, each
X, is a random variable. The random variables (X, X, ..., X57) that are indexed by {1, 2, ...,27} form a
stochastic process.

1.3 The simplest process

The simplest nontrivial stochastic process consists of a sequence of random variables
X, Xy, Xy, ...

where each of the X have the same distribution, and any subset of the sequence are independent. Such a
stochastic process forms an independent, identically distributed (iid) process. (Note that some authors put
periods in iid so it becomes i.i.d., but here we follow the lead of laser, radar, and scuba and leave them out.)

For instance, suppose that for By, By, ..., P(B, = 1) = 0.7 and P(B; = 0) = 0.3. This type of random
variable is said to have a Bernoulli distribution. Write B; ~ Bern(0.7). If for all n and z; € {0, 1},

[P(Bl = x17BQ = Ta, ?Bn = xn) = IP(Bl = 1‘1>U3<BQ = I2) [P(Bn = xn)v
this sequence will be iid. Taken together, the {B,} form a Bernoulli process.
However, if the sequence is B;, B;, By, ..., then the sequence is identically distributed, but they are not

independent, since knowing the value of the first random variable in the sequence tells you everything
about the random variables in the rest of the sequence.
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1.4 Markov chains

A Markov chain is also a sequence of random variables X, X, ..., but unlike an iid sequence, they are not
independent. In particular, the value of X, is not independent of the rest of the random variables, but is
allowed to depend on X,_;.

These are used in several ways.

« They were introduced as a theoretical model of how letters appear in literature. For instance, in
English the letter g is much more likely to be followed by an a than another g.

« For approximately sampling from high dimensional distribution. For instance, if you have ever shuf-
fled a deck of cards, each time you shuffle can be modeled as a step in a Markov chain. As you shuffle,
the chain moves towards its limiting distribution, which is uniform over the set of permutations of
the cards. This feature appears in most Markov chains, and is the core of the Ergodic Theorem.

Suppose that D, D,, ... are an iid sequence of Bern(0.6) random variables. Now set X; = 0, and for all
1> 0let X; = X, | + D,. The sequence X, X;, X,, ... forms a Markov chain. Knowing the value of
X; completely determines the distribution of X;_ , and having the extra information about X;_; does not
affect the distribution of X;_ ; in any way.

While the distribution of X, is allowed to depend on X,_,, it must not depend on X, ..., X, 5. This makes
Markov chains forgetful or memoryless.

1.5 Expected value

Some random variables have an average value, also known as the expectation, expected value, or mean.
Suppose that many independent copies of a the random variable are generate. Then take the sample average
of the copies by adding them up and dividing by the number of copies. This sample average will converge
to the expected value of the original variable with probability 1 as the number of copies goes to infinity.

1.6 Martingales

A process where the average value at the next step of the process given all the previous values of the process
is called a martingale. This can also be called a fair game, since on average the amount is not going up nor
going down, but staying at the same level.

Note that Markov chains deal with the distribution of X, given the past, while martingales deal with the
average value of X, given the past. Some Markov chains are also martingales and some are not. Similarly,
there are stochastic processes that are martingales but not Markov chains.

Suppose a game is played where a player has a 50% chance of winning a dollar, and a 50% chance of losing a
dollar, independent of what happened before. Then on average, the player will neither gain nor lose money
at each step, which makes this a fair game.

Now suppose that the player wins a dollar with probability 80%, and only loses with probability 20%. Then
the average gain for the player will be

(0.8)(1) + (0.2)(—1) = 0.6,

which is positive. So this is not a martingale, and favors the player.
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1.7 Brownian motion

Up until now, our discussion has focused on sequences of random variables. Some calculations and models
make more sense to use {X,}, where ¢ is any nonnegative number. These give rise to continuous time
stochastic processes.

Probably the most important such process is Brownian Motion, which models many situations in the physical
sciences and finance.

Brownian motion is both a Markov process and a martingale, and so the facts about these classes of processes
can also be applied here.

1.8 What is in this text

To prove theorems rigorously in mathematics, it is necessary to have more precise definitions of the objects
involved. That means that terms like

« probability function,
« random variable,

distribution,

« expected value,
« and conditional expected value

need to all be defined carefully before theorems can be formulated. In this text, all of these terms will be
defined in terms of first order logic.

Problems

1. Fill in the blank: In a , the distribution of X, given X, ..., X,,_; only depends on the value
of X, ;.

2. Fill in the blank: In a , the expected value of X, given X,..., X, _; equals X ;.

3. An alternate name for a martingale is what?

4. Give three alternate names for the expected value of a random variable.

5. Fill in the blank: A variable with partial information is a variable.

6. Fillin the blank: Ina_____, the expected value of X, given X,..., X, _; equals X,,_;.

Suppose B; and B, are independent Bernoulli random variable with parameter 0.6. This means that

7
P(B; =1) = 0.6 and P(B; = 0) = 0.4 for ¢ either 1 or 2. Whatis P(B; = B, = 1)?

8. Suppose A; = A, = X, where X is a Bernoulli random variable with parameter 0.7. True or false: the
random variables A, and A, are independent.

9. Suppose you think that a company stock will go 10% with probability 70%, and will decline 5% with
probability 30%. Is the change in the value of the stock a random variable?
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10. A company employs exactly 5 people. Is the number of people employed by the company better
modeled as a constant or a random variable?
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Chapter 2
A simple stochastic process

Question of the Day

An American Roulette wheel has 38 spaces each of which can be modeled as equally likely to come up on
a spin. Eighteen of these spaces are colored red, eighteen are colored black, and two are colored green.

Suppose a player starts with exactly one dollar. At each spin, the player bets one dollar and wins a dollar
if the space is colored red, and loses the dollar otherwise. The game ends when the player has zero dollars
left.

Let T" denote the number of spins needed for the player’s balance to reach zero. What is the expected value
of T?

Summary

« Expected value is a linear operator, so for constants a and b,

E[aX + bY] = aE[X] 4 DE[Y].

+ The Strong Law of Large Numbers (SLLN) says that if a random variable has an expected value,
then the limit of the sample average of n iid draws from the same distribution as the random variable
will be the expected value with probability 1.

« The conditional expectation E(X|Y") treats the random variable Y like a constant. The resulting
average depends on Y, and so is a function of Y.

Expected value can be calculated using an expectation tree whose branches reflect different events
occurring. The branches are labeled in the middle with the probability that event occurs, and at the
end with the conditional expectation given that event occurred. To calculate expectation, multiply
the label of the branch times the value at the end of the branch, and sum the result.

19
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2.1  Random variables

A random variable is a variable where you only have partial information about the true value. For instance,
the total number of people alive in the continental United States (so all states except Hawaii and Alaska) at
this moment is a random variable. It is some specific integer value, but you do not have total information
about it. The unknown population could be represented by a random variable V.

In the roulette Question of the Day posed at the beginning of this chapter, the number of steps is unknown
ahead of time. Therefore, this can be represented by a random variable 7.

Of course, this random variable is a function of other random variables, namely, the spins of the wheel. Let
D, be the amount of money won by the player on the 4th spin of the wheel. Because 18 out of 38 spaces are
colored red, and 20 out of 38 spaces are not, the random variable D, has distribution

18 20
P(D; =1) = — i:71):£.

7

The stream of random variables D, Dy, D5, ... from the spins have two properties.

First, they are identical, which means that all the D, have the same probability distribution. The notation
for this is for all positive integers i and j, D; ~ D;. The symbol ~ here means that the left and right hand
sides are random variables with the same distribution.

Second, they are independent. Recall the notation [X|Y] means the distribution of the random variable X
conditioned on the value of the random variable Y. The independence of the D, D,, D5, ... means that for
every integer ¢ at least 2, [D;|D,_{, D, 5, ..., D;] ~ D,.

K2

With these two properties, call D, D,, ... an independent, identically distributed stream of random vari-
ables, or iid for short.

Anytime there exist random variables that are indexed by some set, the result is a stochastic process.

Definition 1
Random variables that have an index form a stochastic process.

Then because the player starts with $1, and each D; is the change in the amount of money the player has
after the ith spin, the amount of money the player has after n spins will be

14D, +Dy+-+D,.
The Question of the Day is asking about the smallest value of n that makes this sum 0. Mathematically, this
can be written using the infimum function. The infimum of a set of positive integers is the smallest value
in the set, unless the set is empty, in which case the infimum returns co. In this way, the first time that the

sum reaches 0 can be written as:

T=inf{t:1+Dy+Dy+--+ D, =0}).

The Question of the Day asks about the expected value of the number of spins.
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2.2 Expected value

The expected value of a random variable is the average of the result of many independent draws of the
random variable.

Suppose that X, X, ... are an iid stream of random variables where X, ~ X for all 7. Then the Strong Law
of Large Numbers gives that

lim — t At Ay
n—o0 n

exists and equals E[X] with probability 1 if E[X] exists and is finite. (Note that at this point E[X] has not
been formally defined, a formal definition will come later.)

Theorem 1
The Strong Law of Large Numbers

For X such that E[X] exists and is finite, and X, X, ... iid where X, ~ X for all 4,

n—00 n

Hm)zL

When X is a random variable that only takes on a finite number of values, the expected value always exists
and is finite. The value is found by summing the different values that the random variable takes on times
the probability that it takes on those values.

For example, for X the roll of a fair six sided die, X is either 1, 2, 3, 4, 5, or 6. The probability for each of
those values is 1/6. Hence

1 1 1
[E[X]:61+62+---+66
14243444546
o 6
_2
6
7
= - =3.5.
2

So if a fair six sided die is rolled over and over, the limit of the sample average of the results will converge
to 3.5 with probability 1.

2.3 Linearity of expected value
Recall that if

gl fn = Lo S0 00 = M,

then for any constants a and b,
lim af,, + bg, = al + bM.
n—oo

Because the SLLN links limits and expected value, they must follow the same rules as limits. In particular,
they are linear operators.
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Theorem 2
Linearity of expected value

Suppose for random variables X and Y, E(X) and E(Y") are finite. Then for any constants a
and b,
E(aX + bY) = aE(X) + bE(Y).

Note that it does not matter here if X and Y are independent, or dependent random variables!

Example 1
Suppose X; and X, are two fair throws of a six sided die, and S = X; + X,. Then E[X;] =
E[X5] = 3.5, and

E[S] = E[X; + X,] = E[X,] + E[X,] = 7.

2.4 Expectation trees

One way to solve the Question of the Day is to use an expectation tree. This idea is a special case of a far
reaching idea that will be called the Fundamental Theorem of Probability here because it allows the user to
easily solve many problems in probability involving conditioning.

To start, consider the notation

E[X|Y].

This represents the average value of X conditioned on the value of Y.
The simplest fact about these conditional means is
E[X|X] = X.

That is, if you know the value of X, the mean of X will be that known value of X. (If you prefer rigorous
definitions do not worry, they will come later in the text!)

If Y is independent of X, then [X|Y] ~ X so

E[X|Y] = E[X].
Consider again the example where X; and X, are two fair throws of a six sided die, and S = X; + X,.
Then E[X;] = E[X,] = 3.5, and

E[S] = E[X, + X,] = E[X,] + E[X,] = 7.

If the value of the first die roll was known, then
An expectation tree says that if Y takes on a finite set of values, you can break apart the original conditioning
into branching for each of the possible values in the conditioning.

In the example above, X is either 1, 2, 3, 4, 5, or 6. So the E[S] can be found by considering all six of these
possibilities, multiplied by their probability.
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/vﬂE (5, '\
¢ SE(S5]|X- a)

'/Q\E(slx,se)

The equation is
E[S] =E(S|X, =1)P(X; =1) + -+ E(S|X; =6)P(X, =6)

1 1
= gE(SIXy = 1) + -+ E(S]X; = 6)

 1435+2+35+3+35+-+6+35
B 6

=3.5+3.5
=1.

This is the same value gotten through linearity!

Two useful facts about conditional expectation are as follows.

Fact 1
The expected value of a random value conditioned on itself is just the random variable. So

E[X|X] = X

Fact 2
If X and Y are independent, then
E[X|Y] = E[X]

when E[X] exists.

2.4.0.1 Solving the Question of the Day

With expectation trees and conditioning it is possible to solve the Question of the Day! Consider the first
spin of the roulette wheel. If the player loses the spin (and so their dollar) then 7" = 1. Otherwise, one spin
has been spent, and the player has two dollars. To lose those two dollars, it is necessary to first lose the
dollar just gained, and then the original dollar the player started with. This takes time 2E[T]. Combined
with the first spin, this gives

E[T|D, = —1] =1
E[T|D, = 1] = 1 + 2E[T).

Now set up the expectation tree.
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1/33AE(T D<)

EMS E/TID'«Q

E[T] = E[T|D, = —1]P(D, = —1) + E[T|D, = 1]P(D, = 1)
=1(20/38) + (2E[T] + 1)(18/38)
=1+ (18/19)E[T]

Now solve for E(T):
(1/19)E[T] =
E[T]

1
10]

Note that £(7") only had a solution because the chance of losing a dollar 20/38 was higher than the chance
of winning a dollar 18/38. In this situation where the chance of winning was 20/38 and the chance of
losing 18/38, solving the same equation would result in E[T] < 0, which is not possible!

Because the solution is meaningless, the conclusion is that one of the assumptions fails. Really the only

assumption made was that 7" had a finite expectation. Since that assumption fails and 7" > 0, it holds that
E[T] = oo in this case.

2.5 Useful ideas

To solve the Question of the Day, several techniques and ideas were used.
« Expectation of a random variable can be easier to understand than the variable itself.
« Expectation trees can be used to break a problem into pieces.

« Conditioning on one element of a problem can assist in solving it.

Problems

11. What is an indexed collection of random variables called?
12. For a collection {X;, X,, X5} what values does the index take on?
13. IfE(X) = 3.2, whatis E[2X + 3]?

14. HE(Y) = —1.2, whatis E[4Y — 2]?
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15. Suppose
E(X|W=0)=4.2
E(X|W=1)=32
P(W =0)=0.6
P(W=1)=04
Find E(X).
16. Suppose
EYA=-1)=-1.2
E(Y|]A=0)=0
E(Y[A=1)=23
P(A=-1)=0.2
P(A=0)=0.2
P(A=1)=0.6
Find E(Y).
17.
Let

S =B+ +B,
where the B, are iid Bern(0.3). (This means P(B; = 1) = 0.3, P(B; =0) = 0.7.
a. Find E(B,).
b. Find E(S).
c. Find E(S|B;).
18.

Let
N:G1+"'+Gk.

Suppose E(G;) = 1.2 for all .
a. What is E(NV)?
b. What is E(N|G, = 3)?
19.

In a corner bet in Roulette, a player is allowed to bet $1 on four numbers simulataneously. If any of these four
numbers come up, the player wins $8 and their original bet is returned, otherwise they lose their original
bet.
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(a) Suppose aplayer is playing American Roulette with 38 slots on the wheel where the chance of winning
a corner bet is 4/38. They start with $1 and play until their money is gone. If T is the number of
plays this takes, and E[T] exists, find E[T].

(b) Repeat part (a) where the player is on a European Roulette table where the chance of winning a corner
bet is 4/37.

20.

A player is playing a game with a 10% chance of winning $2, a 15% chance of winning $1, and a 75% chance
of losing $1.

(2) Starting with $1, let T’ be the number of plays until the player reaches no money. Given that E[T]
exists, find its value.

(b) Repeat part (a), but now assume the player starts with $5.



Chapter 3

Logic

Question of the Day
What is
(3>4)Vv (7>5)?

Summary

« Alogical statement is either true or false.

+ Logical AND is true if and only if every statement in the AND is true.

« Logical OR is true if and only if at least one statement in the OR is true.
« Logical NOT changes true to false and false to true.

« Indicator functions take as input a logical statement and has output 1 for a true statement and o for
a false statement.

« Probability functions extend the indicator function by returning a number in [0, 1] that gives the
information the user has about the truth of the statement.

3.1 What is logic?

In using probability, often the goal is to understand the probability that an event is true or false. The
mathematical objects that evaluate to true or false are called logical statements.

Definition 2
A logical statement is an expression that evaluates to be either true (T) or false (F).

27
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3.2 Logical operators

The main logical operators are logical AND, logical OR, and logical NOT. The logical operators are capitalized
to emphasize that they are not quite used in logic the same way they are used in natural language. First
consider logical AND.

Definition 3
The logical AND of two logical statements p and q is written p A ¢, and evaluates to

More generally, given a group of logical statements p,, indexed by «, the logical AND is true if and only if
all the statements are true.

Definition 4
The logical AND of one or more statements {p,, } is written

/\P

and evaluates to true if and only if every indexed statement p,, is true.

When there are only a finite number of statements (py, ..., p,,), the notation

I ANAY 2 WARSRAY 2%
is also used for the logical AND between the statements.

The for all universal quantifier notation can also be used for logical AND.

Definition 5
The for all (aka for every) existential quantifier is

(Vo) (pa) = /\ Par-

The logical OR is true if at least one of the statements is true. As before start with two statements.

Definition 6
The logical OR of two logical statements p and ¢ is written p V ¢, and evaluates to
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Definition 7
The logical OR of one or more statements {p,, } is written

\/ P

and evaluates to true if and only if at least one statement p,, is true.

When there are only a finite number of statements (p;, ..., p,,), the notation
PV VeV,
is also used for logical OR.

The there exists existential quantifier notation can also be used for logical OR.

Definition 8
The there exists (aka there is) existential quantifier is

(3)(Pa) = \/ Pa-

Example 2
The Question of the Day can now be resolved:

(3>4)V(T>5)=FVT=[T]

The last commonly used logical operator is logical NOT, which flips true statements to false, and false state-
ments to true.

Definition 9
If p = T then the logical NOT of pis —p = F. If p = F, then -p = T.

Example 3
Try a modified version of the Question of the Day:

(3>4)V—(7>5)=FV-T=FVF=[F|

3.3 Sets and their operators

Informally, a set is a collection of elements. Every possible object under consideration is either in the set or
not in the set. The notation a € S is read “a is an element of S”, and a ¢ S is read “a is not an element of
S”. It cannot happen that a is both an element and not an element of S, but at least one of these things is
true.

Definition 10
Say that S is a set if for all objects a, (a € S) is a logical statement. If (a € S) = T, say that a
is an element of the set.

The slash through the element symbol means that the object is not an element of the set.
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Notation 1
If (a € S) =FforasetS, writea ¢ S.

A common way of writing the elements of a set is through list notation. A list of objects is written inside
curly braces {}. If an object appears in this list, it is an element of the set, otherwise it is not.

Example 4
Consider the set A written in list notation.

A ={a,b,c}.
This is equivalent to the following logical statement.

(Vx)(x € A)=(x=a)V(x=0)V(z=c)).

Notice that logical OR is commutative, and so order does not matter in list notation. The ... symbol is often
employed with integer sets to fill in a pattern.

Example 5
Consider the following sets.

{4,...,10} = {4,5,6,7,8,9,10}
{4,5,...} = {iis aninteger : { > 4}
{...,0,1,2} = {i is an integer : 7 < 2}

A set A is a subset of a set S if every element in A is also an element of S.

Definition 11
Say that a set A is a subset of a set S’ if

(Va € A)(a € 9).

The three set operators that correspond to logical AND, logical OR, and logical NOT are intersection, union,
and complement.
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Definition 12
For sets S, their intersection is the set of elements in all the sets:

(a€nuSy) = /\a€S,),

(o4

their union is the set of elements in at least one of the sets:

(@ €Uy8,) =\ (a€S,),

(o4

and the complement of set S is the set of elements not in the set:

(a€ S =—(a€bf).

A special set is the empty set, which contains no elements at all.

Definition 13
The empty set (written () or {}) is the set such that

(Va)(a ¢ 0).

In notation, the symbol for the empty set (J is often confused with the Greek letter ¢. In fact, §
is a crossed out circle, indicating a set that does not even contain o. It is also similar to (but not
quite) a Danish letter @. Note that the main part of the symbol is a circle, whereas the curve in
the Greek letter phi is wider than it is tall.

3.4 Indicator functions

The indicator function is a way of converting from logic to arithmetic.

Definition 14
The indicator function takes as input a logical statement and evaluates as:

I(T) = 1
I(F) = 0.

When using indicator functions, logical AND becomes multiplication.

Fact 3
For logical statements p and g,

I(p A q) =1(p)l(q)-

For logical OR, it is a bit more complicated, but checking all the possibilities proves the following fact.

Fact 4
For logical statements p and ¢,

I(pVq) =1(p) +1(g) —(p)l(q).
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Logical NOT is easy:

Fact 5
For a logical statement p,

I(=p) =1 —1(p).

3.5 What exactly are probabilities?

If indicator functions indicate by 1 or o if the input is true or false, what do probabilities do? They measure
our information about the truth of a statement. If the statement is true, the probability is 1 just like the
indicator function. If the statement is false, the probability is o as well.

Things get interesting when the truth or falsehood of the statement is unknown. Saying something like
P(X > 7) = 0.6 means that the information that the statement (X > 7) is at 0.6. It can be any number
from o up to 1.

This means that probability is an extension of logic to include information.
Problems
21.
State whether each logical statement is true or false.
a B<HA(T=T).
b. 3<4)A(7T=28).
c. B<4)vV(T=T).
d 3<4)Vv(7=38).
State whether each logical statement is true or false.
a. (10=10) A (7 < 8).
b. (10 > 5) A (7 < 8).
c. 3=3)V(7>28).
d 3>4)Vv(7>38).
22.
Evaluate
a. (3>4)A(7>5).
b. =(3>4) A—=(7 > 5).
23.

Evaluate
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a. (10=10) A (-1 < 2).
b. (10 =10 A =(—1 < 2).

24.

State whether each logical statement is true or false.

a. (V€ [3,4])(z < 5)
b. (3z € [3,4])(x < 5)
c. (Vz € [3,4])(z < 3.5)

d. (3z € [3,4])(z < 3.5)

State whether each logical statement is true or false.

a. (re[-1,1])(z < —2)
b. 3z € [-1,1])(z < 2)
c. (Vzel[-1,1])(x<?2)
d. (3z € [-1,1])(z < 0.5)

25.

State whether each statement about sets is true or false.

a. 3€{1,2,3,4}.
b. 5 e {1,2,3,4}
c. {1,2} C {1,2,3,4}.
d. {1,5} C {1,2,3,4}.
26.
Evaluate
a. 1((10 =10) A (—1 < 2)).
b. 1((10 = 10 A =(—1 < 2)).
27. Ifl(p) = 0(q) = 1, what is l(p A ¢)?

28. Ifl(p) = 0(q) = 1, whatis l(p V ¢)?

33



34

CHAPTER 3. LOGIC



Chapter 4
Random variables

Question of the Day

How can random variables be modeled mathematically?

Summary

Events are logical statements where a probability can be assigned.

A collection of events are mutually exclusive aka disjoint if at most one of the statements can be
true.

A o-algebra of events is a collection of logical statements that is closed under negation (logical NOT)
and closed under countable logical OR.

A function from a c-algebra to [0, 1] is a probability function aka probability measure if the
probability of a true statement is 1 and for a countable collection of disjoint events, the probability of
their logical or equals the sum of the probabilities of the events.

A o-algebra of sets is closed under complements and countable logical union.

A measurable space is a state space together with a o-algebra of subsets of the state space. The sets
in the o-algebra are called measurable.

X is a random variable if there is a o-algebra of sets such that for every set A in the algebra the
value of P(X € A) is defined.

Given two measurable spaces A and B with o-algebras & 4 and F 5, say that f : A — Bisa
measurable function if the inverse of any set in F 5 is an element of F 4.

35
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4.1 Events

Logical statements are either true or false, there is no in between. So for instance, (3 < 4) = T, and
(3 =4) = F. In order to turn these true/false statements into numbers, the indicator function can be used.

I(T) =1
I(F) = 0.

Note that indicator functions can be used to count the number of true statements in a collection of logical
statements. For instance, given

{83<4),3=4),(2<T7)}

it holds that
IB<4)+13=4)+012<7)=140+1=2

and exactly two of these three statement were true.

This idea can be generalized.

Fact 6
For {p,} a finite or countable set of logical statements, the number of p,, that are true equals
the sum of the indicator functions of the events. That is,

#({a i po =T} =D 1p,).

(e}

Suppose now that N represents the number of people in a room. The number is unknown, and so the truth
of a statement like (N < 4) is unknown. Probabilities then assign a number between o and 1 (inclusive)
that reflects the measure of the information about the truth of the statement. Usually the symbol P is used
to indicate the probability of an logical statement. Like with the indicator function, the probability of a true
statement is 1. A logical statement that can be assigned a probability is called an event.

Definition 15
Say that a logical statement is an event if P(p) is defined.

Probabilities cannot be assigned in any old way, they have to follow certain rules. They must fall into the
interval [0, 1], and the probability of a true event should be 1. That is, P(T) = 1.

Another rule is that when an event is broken into two events that cannot both happen at the same time, the
probability that either event happens is the sum of the probabilities of the events. Two or more events such
that at most one is true are called mutually exclusive or disjoint. Our indicator function fact can be used to
make this idea precise.

Definition 16
A finite or countable set {p,,} of statements are mutually exclusive or disjoint if

> lpa) < 1.

[e%




4.1. EVENTS 37

This allows us now to write a required property of probability functions, called countable additivity. For
{p,,} a finite or countable set of disjoint events,

P (Ym) = Za: P(pa)-

Example 6
Suppose that X is the roll of a fair six sided die, so P(i) = 1/6 for ¢ € {1,2,3,4,5,6}. This
could also have been written as

1
P(X =) = 210 € {1,2,3,4,5,6}).

What is P(X € {2,4})?
Answer Since the event
(X €{2,4})=(X=2)V(X=4),

and (X = 2) and (X = 4) are disjoint,

11
P(X €{2,4) =P(X=2) + P(X=4) = ¢ + - =[0.3333 . ]

Example 7
Suppose (X = i) are all events for ¢ € {0,1,2,..}, as is X € {0,1,2,..}. 1If
P(X € {0,1,2,...}) = 1, what is

PX=0)+PX=1)+-7
Answer Since the events (X = 7) for ¢ a nonnegative integer are disjoint, countable additivity

gives
P(X=0+P(X=1)+--=P(X €{0,1,2,..}) =[1]

To make countable additivity easier to use, it would help if whenever p,, p,, ... are events, that their logical
OR

o
\/ p;
i=1

is also an event. Also, if the probability of event p is P(p), it should also be possible to assign a probability
to the event that p does not happen, that is —p. In other words, —p should also be an event. These two
properties together make a collection of events a o-algebra.
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Definition 17

A nonempty collection F of logical statements is called a o-algebra if the following two prop-
erties hold.

1. Closed under negation (Vp € F)(—p € F).

2. Closed under countable logical OR (Vp,,ps, ... € F)(p; Vpy V- € F).

The symbol F is often used for o-algebras because the properties have the collection closed
under complements and countable unions. The French word for closed is fermé, which starts
with F.

With this definition, one can now prove facts about such collections.

Fact 7
For any o-algebra of logical statements &, it holds that T € F and F € .

Proof. Since all o-algebras are nonempty, let p € F. Then —p € J as well, which means that
pV—pV-pV-pV-edF.

SincepV —pV —p V.- = T, and —T = F, the proof is complete.

4.2 Distributions

Now a probability function, also known as a distribution, can be formally defined.

Definition 18

A function P : & — [0, 1] is a probability function (aka probability measure aka distribu-
tion) if & is a o-algebra, and

1. Probability of true statements P(T) = 1.

2. Countable additivity For all p;, p,, ... € F disjoint,

P(p, Vpo V) = P(py) + P(py) + -

4.3 Random variables

Now consider a real-valued random variable X. Such a variable only takes on values in R, furthermore,
probabilities can be assigned to events of the form (X € A) for a collection of sets A C R that form a
o-algebra.
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Definition 19

Say that X is a real-valued random variable if there exists a o-algebra {F y } of subsets of R
such that the events {X € A : A € # 4} form a o-algebra where P(X € A) is defined for all
A € F . Call the elements of F y measurable with respect to X. Further, set

Py (A) = P(X € A).

Call Py (A) the distribution of X. Write X ~ Py to indicate that this is the distribution. If
P(X € Q) = 1, call Q the sample space or outcome space of X.

Some notation for distributions is helpful.

Notation 2
Write X ~ m to denote that m is the distribution of X. Write X ~ Y if the random variables
X and Y have the same distribution.

Example 8
For X the roll of a fair four sided die, the sample space is Q = {1,2,3,4}. The set &  is all
subsets of 2 (the powerset of (2), so

Fy= {@,{1}, {2}’{3}7{4}’{172}7{173}?{134}3
{2,3},{2,4},{3,4},{1,2,3},{1,2,4},{1,3,4},{2,3,4},{1,2,3,4}}.

The distribution of X can be written as

Pyx(A) =P(X € A) = #.

This distribution is given a name, it is the uniform distribution over 2. Write

X ~ Unif({1,2,3,4}).

4.4 o-algebras of sets

For a random variable X, events are all of the form (X € A) where A are sets that are measurable with
respect to X. What can be said about these sets?

Because the events form a o-algebra of logical statements, they are closed under negation. So if (X € A)
is an event, sois ~(X € A) = (X € AY).
Similarly, if A, A,, ... are sets, then

(X eyUA,)=V,(XeA).

This leads to the following definitions of o-algebra for sets.
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Definition 20
A nonempty collection J of sets is called a o-algebra if the following two properties hold.

1. Closed under complements (VA € F)(A¢ € 7).

2. Closed under countable unions (VA;, A,,... € F)(A; UA, U € F).

A sample space together with a o-algebra of sets is a measurable space.

Definition 21
Say that (€2, &) is a measurable space if 7 is a collection of subsets of €2 that forms a o-algebra.
The elements of J are called measurable sets.

Example 9
Suppose that 1, 2, and 3 are the only mathematical objects being considered. Then

./l = {@7 {17 2}7 {3}’ {17 273}}7

and
B= {(Z)v {1}7 {2}7 {3}7 {17 2}7 {17 3}7 {27 3}7 {17 2, 3}}

are both o-algebras of sets.

The collection B is another example of a powerset, the set of all subsets of {1, 2, 3}.

Fact 8
The powerset of a set forms a o-algebra of sets.

Proof. Let U be a set of objects, and P(1() be the powerset. Let A € P(U). Then A® € P(U) since P(U)

contains every subset of /.

Moreover, if A;, Ay, ... € P(U), then

(Vi)(A, CU) — (D AZ-) cu,
=1

hence

so P(U) is a o-algebra.

O

For countable sets, the powerset is often used as the standard o-algebra for the set. However, under a
commonly used set of axioms used for the real numbers called ZFC, it is not possible to assign probabilities
consistently to all subsets of the real numbers. So instead, the Borel sets are usually used as the o-algebra.
In the Borel sets, intervals of the form (—o0,a] = {z : < a} are all measurable, which is usually good
enough for all needed applications. Formally, the Borel sets consists of any set that appears in every o-
algebra that contains all intervals of the form (—oo, a]. Since the powerset contains all these intervals, the
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Borel sets are nonempty.

4.5 Disjoint sets

Note that if two sets A and B do not overlap, that is, if AN B = (), then (X € A) and (X € B) cannot both
happen, since

(XeAAN(XeB)=(XeAB)=(Xed)=F.

This motivates the following definition for sets.

Definition 22
Say that a collection of sets is disjoint or mutually exclusive if for any pair of sets A and B
in the collection, AN B = (.

4.6 Functions of a random variable

The next thing to consider is what happens when a function is applied to a random variable? Is the new
value still a random variable? For instance, if X is a random variable, and W = X2, is W also a random
variable. It depends on the o-algebra associated with X and W.

Suppose that f : A — B where A and B are subsets of R. Then for X a real-valued random variable, let
Y = f(X). Because X is a random variable, it has an associated o-algebra of sets, call it F ,.

For Y to be a random variable, there must be a o-algebra associated with B, call it # 5. So what is needed
for Y to be a random variable is for the sets in J 5 to be measurable. Let C' € J 5. Then

YeC) =(f(X)eC).

Definition 23
For f: A — Band C C B, define the set f~(C) to be all elements a € A such that f(a) € C.

For example, if f(x) = 22, then f~1([1,4]) = [-2,—1] U[1, 2], since any value in [—2, —1] U [1, 2] squared
gives a value in [1, 4], and no other real number squared gives a value in [1, 4].

Using this notation,

(Y eC)=(f(X)eC)=(Xe fHC))

Therefore, Y is a random variable if and only if whenever C € F 5, f~1(C) € F 4. Such functions f are
called measurable.

Definition 24
The function f : A — B is measurable with respect to F 4 and F 5 which are o-algebras with
respect to A and B respectively, if

(VC € F)(fHC) € F »).

Fact g
If f: A — B isameasurable function and X is a random variable with P(X € A) = 1, then
f(X) is also a random variable.
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Proof. This follows directly from the definitions.

Problems
29.
Suppose that W takes on valuesin 1,2, 3, ..., and
POW = i) = (3/4)(1/4)
fori e {1,2,...}.
a. What is P(W = 2)?
b. What is P(W # 2)?

30. Suppose that X takes on valuesin 1,2, 3, ..., and

What is P(X > 2)?

CHAPTER 4. RANDOM VARIABLES

31. Suppose 2 = {1,2,3,4,5} and {1, 2} are sets in a o-algebra F. Give three other sets that must also

be in F.

32. Suppose Q = {1,2,3,4, ...} and for all 4, {i} is a measurable set. Give at least five other measurable

sets.
33.
Suppose f(z) = 3a.
a. Whatis f1([0,4])?
b. What is f~1([—1,4])?
34.
Suppose f(z) = z2.
a. What is f~1([0,4])?
b. What is f~1([—1,4])?

35. Consider the following four intervals.

Ay =[-1,1], A, =10,4], A; =1[-3,-2], A, =[—4,4].

Which pairs of these four sets are disjoint?
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36. Consider the following three sets:

S, =10, Sy =[—10,10], S5 = [5, 15]

Which pairs among these three sets are disjoint?

43
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Chapter 5

Expected value

Question of the Day

How should the mean of a random variable be formally defined?

Summary

« The mean of a simple random variable is the sum of the outcomes of the variable times the prob-
ability that the random variable equals each of those outcomes.

« The mean of a nonnegative random variable X is the smallest number that is still greater than
the mean of any finite random variable less than or equal to X.

« The mean of a general random variable X is the mean of the positive part max(X,0) minus the
mean of the negative part max(—X, 0) when both of these are finite.

+ Random variables with a finite mean are called integrable. A random variable X is integrable if and
only if E[| X ] < oco.

The mean, expected value, average, or expectation of a random variable all mean the same thing. The idea is
that if X, X, ... are iid draws with the same distribution of X, then the sample average

X, + X, ++ X
lim 1+ Ko+ A

n—o00 n

will approach (with probability 1) some value that represents the average value of the random variable.

Sometimes this is true, and sometimes not. When it does happen, the random variable is called integrable,
and the expectation is written as E[X].

Here is the plan of action. First the expectation will be defined for random variables that are finite, that only
take on a finite set of values with probability 1. Second, these random variables will allow the extension of
the definition to all nonnegative random variables. Finally, the definition will be extended to all integrable
random variables.

45
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Finite random Nonnegative Integrable

variables random variables random variables

5.1 Finite random variables

So how can this value be calculated? Consider first a random variable X where

P(X=1)=02, P(X =3) =0.3, P(X =4) = 0.5.

Then roughly 20% of the time, the X, ..., X, will equal 1, roughly 30% of the time, it will equal 3, and
roughly 50% of the time, they will equal 4. So hopefully it makes sense that

E[X] = 0.2(1) 4+ 0.3(3) + 0.5(4) = 3.1.

A random variable that only takes on a finite number of values will be called finite.

Definition 25
Suppose that for a random variable X there is a set A that contains a finite number of elements,
and

P(XeA) =1

Then call X finite or simple.

For any random variable that only takes on a finite number of values with probability 1, the mean of the
variable is the sum of the values times the probability that X takes on those values.

Definition 26
Suppose P(X € {z,...,2,}) = 1. Then the mean (aka expectation aka expected value aka
average ) of the random variable is

n

E[X] =) zP(X =z,).

=1

Another way to write this sum is
EX] =) 2P(X =2),
T
since if you try to include an = value where X has probability o of hitting, that term of the sum just drops
out.

With this simple definition, it is possible to prove important properties of expected value, such as linearity
of expectations.
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Fact 10
Suppose P(X € {xy,....,z,}) =1and P(Y € {y1,...,¥,,}) = 1. Then

E[X + Y] = E[X] + E[Y],

and for any ¢ € R, E[cX] = cE[X].

Note that this holds true even if X and Y depend on each other. For instance,

E[X + X?] = E[X] + E[X?].

Proof. There are at most n - m values that X + Y can take on, so

EX+Y]= > sP(X+Y =s)
51(3i,5)(s=2;+y;)

There could be multiple ways that z; and y; add up to equal s. Since they are disjoint,

Z ZZS[P =2, Y =y)l(z; + x; = s)
s:(34,5)(s=z;+y;) @

:ZZ%‘JFZJJ‘ X:IiaY:yj)
i g
:inZﬂD(X:xivyzyj)+zij[P(X:xiaYZyj)
i J

Note that Zj P(X = z;,Y = y;) covers all possible values for Y, and so is just P(X =

E[X +Y]= ZZery] =2,Y =y;)

E[X + Y]

= E[X] +E[Y],
and the proof of the first part is complete.

For the second part, let ¢ € R be nonzero. Then P(cX € {czy,...,cz,}) = 1. So

X] = Zw[P(cX =w)
=c) (w/c)P(X =w/c)

= cE[X].

If c = 0, then E[cX] = E[0] = 0 = OE[X], so either way, it holds!

x;). Similarly,
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5.2 Expectation of indicator functions are probabilities

One nice fact that follows directly from this definition is that the expected value of the indicator of an event
equals the probability the event occurs.

Fact 11
For any random variable X with measurable set A,

E[I(X € A)] = P(X € A).

Proof. Note that [(X € A) € {0,1} so (X € A) is a finite random variable. So

E[I(X € A)] = (1)P(I(X € A) = 1) + (O)P(I(X € A) =0) = P(X € A).

]

Hence the idea of expected value extends the notion of probability! This is why most theorems in advanced
probability focus on expected value, since that way they are as general as possible.

5.3 Nonnegative random variables

So that works for random variables that take on only a finite number of values with probability 1, but what
about ones that have sample space {0, 1,2, ...}. Or random variables like Unif([0, 1]), whose state space is
uncountable?

Well, one property that it would be nice to have for random variables is if one random variable is smaller
than another, then the mean of the first should be smaller than the mean of the second. This property is
called monotonicity, and will help with our definition.

For a nonnegative random variable X, let W be any random variable where P(W € {w,,...,w,}) = 1,
such that P(W < X) = 1 as well. Then E[X] should be at least E[IW]. So define E[X] to be the smallest
number that is at least E[WV] for all such finite W satisfying P(W < X) = 1.

5.3.1 Example 1: Geometric random variables

Suppose X ~ Geo(1/2), which means that
L (N
P(X = i) = (5) (i € {1,2.3,...}).

Can a lower bound on E[X] be found?

Let Y,, = min(X,m), that is, Y, is the smaller of either X, or the value m. Note that Y,, € {1,2,...,m},
so for instance, Y, € {1,2,3,4}. A quick calculation shows:
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Hence

1 1 1 1 15
E[X]|>EY,]=1--42--+3-—4+4.2=-2,
[X] > E[Yy] s t2 T3 gt o=

In general, E[Y,,] = 2 — (1/2)™ !, which means that E[X] > 2.

5.3.2 Example 2: Standard uniform

Now let W ~ Unif([0,1)). A useful function to use here is the floor function, which rounds down to the
nearest integer. So floor(7.3) = 7, floor(3) = 3, and floor(—3.2) = —4.

Because the floor function rounds down, for positive n and z, it holds that
floor(nz) < nx

$0
floor(nx)/n < x.

Therefore, for our random variable W,
Z,, = floor(nW)/n < W.

Multiplying W € [0, 1) by n puts it in [0, n), taking the floor makes it in {0,1,2,...,n — 1}, and dividing

by n makes
01 2 -1
Zn€{777777"’7n }
n'nn n

Note that (for instance),
P(Z,=3/n)=P(nz, =3)=P(nW € [3,4)) =P(W € [3/n,4/n)) = 1/n.

Hence Z,, ~ Unif({0,1/n,2/n,...,(n —1)/n}). A quick check shows that (n — 1)/n — Z,, has the same
values and probabilities as Z,,, so

E[((n—1)/n) = Z,] = E[Z,].
Hence
(n=1)/n) =E[Z, + ((n—1)/n) = Z,] = E[Z,] + E[(n —1)/n) — Z,] = E[Z,] + E[Z,)],

SO

Therefore,

foralln € {1,2,3,...}.
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5.4 Formal definition of expectation for nonnegative random variables

So what should the expected value be? So far
E[X] > E[Y]

for any Y such that P(Y < X) = 1. The idea is make E[X] the smallest number that is greater than all of
these values. This idea goes by the name supremum, and for a set of real numbers S, is written sup(5). It
equals the least upper bound on the set of numbers S.

For instance, sup([0,3)) = 3, since 3 is larger than all the numbers in [0, 3), and it is the least such number.

Definition 27
Given a subset of real numbers S, the supremum of S is written as

sup(S)
and is as follows
1. If S = (), then sup(S) = —cc.
2. If S # 0 and there exists any number w € R such that for all s € S, s < w then
ser) — sl (v 2 S < -

3. If S # () and there does not exist a number w € R such that (Vs € S)(s < w), then
sup(S) = oco.

In other words, if S is empty, then any number is an upper bound, and the least upper bound is —oco. If S is
nonempty and has an upper bound, then the supremum is the least upper bound. Finally, if S' is nonempty
and does not have an upper bound, then say the supremum is co.

With this idea, the expectation of a nonnegative random variable can now be defined!

Definition 28
Let W be a random variable such that P(W > 0) = 1. Then

E[W] = Ysitiq-)t {E[Y]: P(Y < W) =1}).

5.5 Integrable random variables

Because the supremum can be 0o, so can the expected value of a random variable. If the expected value is
finite, the random variable is called integrable.

To extend this to all random variables, consider two functions, the positive part and the negative part func-
tion.

## Warning: Using “size” aesthetic for lines was deprecated in ggplot2 3.4.0.
## 1 Please use "“linewidth™ instead.

## This warning is displayed once every 8 hours.

## Call “lifecycle::last_lifecycle_warnings() ™ to see where this warning was
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## generated.
The positive part function
5
4
3
>
2
1
0
-5.0 -2.5 0.0 2.5 5.0
X
The negative part function
5
4
3
>
2
1
0
-5.0 -2.5 0.0 2.5 5.0
X
If 7 = max(z,0) and z~ = max(—uz, 0) are the positive part and negative part of a real number, note that

zt and x~ are always nonnegative, and that x™ — z™~ is equal to just z.

Positive minus negative
5.0

2.5

-2.5

-5.0
-5.0 -2.5 0.0 2.5 5.0

This can be used to define the expected value of a
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Definition 29
If E[X "] and E[X ] exist, then let

E[X] = E[X*] — E[X"].

Note that z* + X~ = | X|. Hence E[| X|] = E[X "] + E[X|. The left hand side is finite if and only if both
terms on the right hand side are finite. This gives the following fact.

Definition 30
A random variable is integrable if E[| X|] < co.

Problems
37. Let X be a random variable such that

P(X =1)=02, P(X = 1.5) = 0.2, P(X = 2) = 0.6.
Find E[X].

38. Suppose

and P(W = 4) = 0.7. Find E[W].
39. If X is a finite random variable, show that X? is also a finite random variable.
40. If X is a finite random variable and c is a real constant, show that X + ¢ is also a finite variable.
41.
Let U ~ Unif([0, 1]) so U is a continuous random variable such that forall 0 < a < b < 1,
P(U € [a,b]) =b—a.

Let
W=0-(U<1/3)403-01(1/3<U <2/3)+0.6-01(U >2/3).

a. Is W a finite random variable?

b. Does W < U hold with probability 1?

c. What is E[W]?

d. Give a lower bound for E[U] utilizing W.

42. Continuing the last problem, get a slightly better lower bound for E[U] using
R=0-1(U<1/3)+(1/3)-1(1/3 < U < 2/3) + (2/3) - (U > 2/3).
43. Provethat E[I(X € A)] = P(X € A) for any A where P(X € A) is defined.

44. For A measurable with respect to X, find
E[I(X € A)?].
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45. Let X ~ Exp(1l) be a standard exponential random variable, so

b
P(X € [a,b)) z/ exp(—x) dx

forall0 <a <.
Suppose the random variable Y is defined as

Y=0-0(X<1)+1-0(1<X<2)+2-1(X>2).

Use Y to give a lower bound on E[X].
46. Continuing the last problem, use
S=0-UX<D)+1-0(1<X<2)+2-12<X<3)+3 (X >3)
to give a better lower bound on E[X].
47. Some notation: for real numbers x and v,
x Vy = max(z,y).
Suppose that E[X V 0] = 7 and E[—X V 0] = 12. What is E[X]?
48. IfE[W A 0] = 10 and E[—W A 0] = 5, what is E[W]?
49-

The supremum of a set of real numbers is the smallest number that is still an upper bound for the set. So for
instance, the intervals (1,2) and [1, 2] both have supremum 2, since that is the smallest number that is an
upper bound for all elements of the set. By convention, if the set has no upper bound the supremum is oo,
and a set that is empty has supremum —oo.

With that in mind, find the supremum of each of the following sets. You do not have to justify your answer.
a. {r:3<xz<10}.
b. {1,2,3,...}.
c. 0
50.
Find the supremum of the following sets.
a. (—1,1).
b. [—1,1].

c. [1,00).
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Chapter 6

Integrals

Question of the Day
Suppose X ~ Exp(2). Find E[X].

Summary

A measure gives the empty set a measure of o, and the measure of the union of a countable collection
of disjoint sets equals the sum of the measures of those sets.

The integral of an indicator function with respect to a measure is the measure of the set where the
indicator is true.

Finite sums of constants times indicator functions are called simple.
Integrals are linear operators over simple functions.

For nonnegative functions f, the integral of the function is the smallest number that is at least as
large as the integral of any simple function less than or equal to f,

For general functions, the integral of the function is the integral of the positive part max( f, 0) minus
the integral of the negative part max(— f, 0) when these two integrals are finite numbers.

A function is integrable with respect to a number if the integral exists and is finite.

When the Riemann integral of a function exists this has the same value of the integral of the function
with respect to Lebesgue measure.

When P(X € A) = [ f du for all measurable sets A, say that f is the density of X.

For y a measure and g a measurable function,

Elg(X)] = / o) () du(z).

55
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While the previous chapter gave a formal method for defining the expected value, it really is not that great
at allowing us to calculate the expected value. Instead, a connection needs to be made between integration
and expectation.

6.1 Measures

Start by considering a measure. Earlier, a probability measure was defined over a o-algebra of logical state-
ments. In general, a measure is a nonnegative function that measures how big a mathematical object is.

Earlier, the mathematical objects were logical statements, now consider when the objects are sets.
The domain of the function must be a o-algebra of sets F. Recall that such a o-algebra is nonempty, and
satisfies two properties:

1. If A € F, then A® € F so the collection is closed under the complement operation.
2. If A, Ay,... € F,then A; U A, U-- € F as well. So the collection is closed under countable union.

Say that m is a measure if it takes as input members of a o-algebra, and outputs a nonnegative number such
that the measure of the empty set is o, and the measure of the union of a disjoint sequence of sets equals
the sum of the measures of the sets.

Definition 31
For F a o-algebra of sets, say that m : & — [0,00) U {oo} is a measure if

1. m(0) = 0.
2. f A}, Ay, ... € Fandforalli # j, A, N A; = 0, then

m (A, UAyU-) = im(Ai).

i=1

Historically, this second property is seen in Zeno’s paradox, which breaks the interval [0, 1] into
a sequence of intervals [0,1/2),[1/2,3/4),[3/4,7/8) and so on. The measure of the whole
interval is 1, and the sum of the measures of the partsis 1/2 +1/4 +1/8 + --- = 1 as well.

The two most commonly used measures are counting measure and Lebesgue measure.

6.2 Counting measure

In counting measure (usually denoted #(A) or |A|,) the measure of a set is the number of elements of the
set. So #({1,5,7}) = 3. If there are not a finite number of points, then the counting measure is infinity.
For instance,

#({1,2,3,..1) = #([0,1]) = oc.
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6.3 Lebesgue measure

The Lebesgue measure of a set is length in one dimension, area in two dimensions, volume in three dimen-
sions, and hypervolume in more than three dimensions. For instance

Leb([3.1,7.2]) =7.2—3.1 = 4.1
Leb([0,1] x [4,7]) = Leb({(z,y) : 0 <2 < 1,4 <y < 7})
— (1-0)(7T—4)
=3

6.4 Integration

Measures tell us the size of a set, while integrals represent a weighted size of the set, where element a is
assigned weight f(a). The first integrals that people are introduced to are usually the Riemann integral.
The integrals considered here are more general, and allow the definition of integrals for a larger class of
integrands.

To start, the integral of the function that is 1 over the set A and o elsewhere is just the measure of A. For
instance,

/ I(z € [3.1,7.2]) dLeb(x) = / 1dLeb(z) =7.2—3.1=4.1.
zeR z€(3.1,7.2]

This starts our definition of an integral.

Definition 32
The integral of an indicator function with respect to measure p is the measure of the set
where the indicator function is 1. That is

/ Iz € A) du(z) = u(A).
e

As with the Riemann integral, the general measure integral should be a linear operator.

Definition 33
For a;,a,,...,a, € Rand 4, ..., A, measurable sets,

n

S al(e € A4,) du(z) = - agu(Ay).

e =1 i=1

For nonnegative functions f which are not a simple linear combination of indicator functions, define the
integral as with expectation. Make it the supremum over all simple linear combinations that are bounded
above by f.

Definition 34
For f measurable,

/x @ @) = s / (@) duta).

measurable g<f
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If | f| has finite integral over €), then f is an integrable function.

Definition 35
Let f be a measurable function. If

/ (@) du(e) < oo,
e

then f is integrable.

Finally, if f is not nonnegative and integrable, break it up into the positive part and the negative part.

Definition 36
If f is an integrable function, then

/f ) due /maxf, ) du(s /max —£,0) du(a).

As with expected value, the integral of a function is not easy to calculate from the definition. However, two
facts make these calculations much easier.

6.5 Integrals with respect to counting measure

Because counting measure assigns a value 1 to single points, integrals with respect to counting measure
just become sums!

Fact 12
Integrals with respect to counting measure can be found as

/fd# - f)

€N

Example 10
Find

/ 22 d#(z).
we{1,2,3,4}

Answer This is just

/ x2 d#(z) = Z x?
z€{1,2,3,4} zef{1,2,3,4}

:12+22+32+42

=[30]

6.6 Integrals with respect to Lebesgue measure.
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Fact 13
Suppose that the Riemann integral

I:/ flzqg, .. z,) dR™
ACR™

exists. Then A is a measurable set, and the Lebesgue integral

/ flxy, ..., z,) dR™
ACR™

is equal to 1.

That means that all the wonderful Calculus techniques learned over the years still apply!

6.7 _ Densities
Definition 37
A random variable X has density fy with respect to measure y if for all measurable A,

P(X € A) = / Fxlo) dn(s).

If 14 is counting measure, then if fy is a density of X,

P(X € A) = / fxla d(s) = 3 o)

seA

But from countable additivity,

P(X €A) =) P(X=5s).
seA

That shows the following fact.

Fact 14
If X is a discrete random variable, then it has density

with respect to counting measure.

Continuous random variables, on the other hand, will have a density with respect to Lebesgue measure.

Fact 15
If X is a continuous random variable, then it has a density with respect to Lebesgue measure.

6.8 Actually calculating expected values

The main purpose of a density is to allow calculation of expected value through the use of an integral.
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Fact 16
If fx is a density of X with respect to measure p and g is a measurable function, then

Elg(X)] = / 5 fx(e) dite

when g(X) is integrable.

So integrals are really a form of expected value! For this reason, finding E[g(X)] is often called integration
(and of course when the value is finite, the random variable is integrable.) As seen, expected values can
be difficult to calculate based on the definition. Fortunately, the Lebesgue integral is an extension of the
Riemann integral, so all the techniques learned in a first Calculus course for finding integrals apply.

With that in mind, now the question of the day can be solved.

Example 11
Suppose that X is a random variable with an exponential distribution with rate 2. What is the
mean of X?

Answer An exponential random variable with rate 2 has density

fx(s) =2exp(—29)l(s > 0).
Hence the expected value is
E[X] = / s-2exp(—2s)l(s > 0) ds
e
:/ 2s exp(—2s) ds
520

where the indicator function was taken into the limit.

WolframAlpha could be used to find the answer, but those wishing to get their hands into the
engine would use integration by parts to slide over the derivative from one factor to another to
get

E[X] = / 023 exp(—2s) ds
= />0 2s[exp(—2s)]’/(—2) ds
= (25)(exp(=2s)/(=2))[5° —/ [25]" exp(—=2s)/(=2) ds

>0
=0+ / exp(—2s) ds
s>0

= exp(—25)/(<2)I°
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Problems
51. Suppose F is a o-algebra for sets and for all i € {1,2,3,4, ...},

m(i) = (1/3)%
What is m({1,2,3,...})?

52. Continuing the last problem, find
m({1,3,5,7,...}).

53.
Suppose ([1,2)) = 1, u([2,3)) = 2, and p([3,4]) = 3.
a. What is f[1’2> 1dup?
b. Whatis [ I(z € [1,2)) du(z)?
54.

Suppose v({1}) = 1, u({2}) = 2, and v({3}) = 3.

a. Whatis [[ 1 dv?
b. What is [ I(z = 3) dv(x)?
55. Suppose f(z) < g(x) for all 2 and are measurable functions with respect to . If
[ @) duta) = 0.,

what can be said about

[ 9@ dutay?
56. Suppose f(z) < g(x) < h(x) are all measurable functions with respect to a measure v. For
Iy = /f(:c) dv(x)
1, = [ gta) dvo)
= [ he) dvta),
what can be said about the values I, I, I},?

57. Suppose

—
—
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&

&

3
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are all measurable with respect to p. Moreover,

[ fi@) dute) =12, [ @) dute) =83, [ ) duto) = 17,

What can be said about

/ 9(x) dp(x)?

58. Suppose that g(z), f;(z), fo(x), f3(x), ... are measurable with respect to u, and for every 4, it holds
that g(z) > f;(z) and

/fz(x) du(z) =10 —1/:%

What can you say about

[ 9@ dutay?

59. Suppose that random variable W has density

fw(w) = (1/2)lw € [2,4]).
which respect to Lebesgue measure m.
What is P(W > 3)?

60. Suppose random variable X has density fy(z) = 2exp(—2x)l(x > 0) with respect to Lebesgue
measure. What is P(X < 1)?

61. Continuing with X from the last problem, what is F[X?]?

62. Continuing with the last problem, what is E[X?]?



Chapter 7

Properties of Expectation

Question of the Day
For integrable X, does it always hold that E[| X|] > |E[X]|?

Summary

« There are random variables, such as the Cauchy distribution and Zipf’s Law with parameter o €
(1, 2] where the expected value does not exist.

« Expectation is a linear operator, so for integrable random variables X and Y (possibly dependent)
and constants a and b,
E[aX 4 bY] = aE[X] 4 bE[Y].

« Convex functions always lie (at or) below their secant line.

« If f is convex and the means exist, Jensen’s inequality says that

FE(X)) < BE(f(X)).

« One type of convergence of random variables is convergence with probability 1, where

(i x=) =1

Another type of convergence is convergence in probability. This means that for all m €
{1,2,3,...},

tlim P(|X,—Y]|>1/m)=0.

—00

« Convergence with probability 1 implies convergence in probability, but the converse does not hold.

63
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At first glance it can be surprising that there can be random variables that are finite with probability 1, yet
still do not have finite expectation and so are not integrable! Two canonical examples of this are the Cauchy
distribution, and the Zipf (power) law distribution with o < 2.

Definition 38
The standard Cauchy distribution has density

with respect to Lebesgue measure.

The Cauchy distribution is an example of a random variable that does not have an expected value, even
though it is finite with probability 1!

Fact 17
The mean of a standard Cauchy does not exist.

Proof. For X a standard Cauchy, consider E(| X]).
2 sl
L[| X]|]= [ —- d
=2
2
— 2/ ‘. % ds
0,00) T 1+s
1
=2 lim —In(1+ s?)}
b—oo T
= 00.
Hence X is not integrable. O

For the Cauchy, the tail asymptotically goes down quadratically in the distance from the origin. For a Zipf
distribution with parameter «, the tail goes down asymptotically as the distance raised to the a power.

Definition 39
Say that X has a Zipf distribution with parameter « if it has density

fl) = %u(i €{1,2,3,..})

with respect to counting measure. Here C'is the constant that makes this a probability density.
Note that o > 1 in order for C' to exist.

Fact 18
For X arandom variable with a Zipf distribution with parameter a € (1, 2], the mean of X does
not exist.

Proof. The mean of X will be
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From the rules for this type of sum, this is only finite if « —1 > 1, so the mean only exists whena > 2. 0

7.1 Vector spaces and linear operators

Real valued integrable random variables together with the real numbers form an example of a vector space.
Informally, this means that they have the following properties.

1. They can be added together: if X and Y are real valued integrable random variables, then X 4 Y is
a real valued integrable random variable.

2. They can be scaled: if X is a real valued integrable random variable, and ¢ € R, then cX is a real
valued integrable random variable.

Definition 40
For a vector space V' with scalars S, we say that L is a linear operator if

(Va,y € V)(Va,b € S)(L[ax + by] = aL[z] + bL[y]).

Example
« Matrix multiplication is a linear operator over vectors in R™.

A(av 4+ bw) = aAv + bAw

« Integration is a linear operator over functions with finite integral.

/Aaf(x)—i-bg(x) dx:a/Af(x) dx—l—b/Ag(x) dx

« Differentiation is a linear operator over functions in C'. Here C'! means functions with a first deriva-
tive that is continuous almost everywhere.

laf +bg]" =af +bg'.

« Limits are linear operators over sequences that have limits:

lim ¢;a, + cyb, =c¢; lim a, + ¢y lim b,,.
n—oo n—oo n—0o0

Since the Strong Law of Large Numbers tells us that expected values can be written as limits, or they can
be written as integrals, it should be no surprise that expected value is also a linear operator.

Fact 19
Expectation is a linear operator

For any integrable random variables X and Y, and real numbers a and b:

E[aX + bY] = aE[X] + bE[Y].
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« Important: this holds even when X and Y are not independent! For instance, X and X? are not

independent. Still, E(X + X?) = E(X) + E(X?).

« Example: If E[X] = 4 and E[Y] = 10, what is E[2X — Y]? Answer: E[2X — Y] = 2E[X] — E[Y] =
2(4) — 10 = —2.

7.2 Domination and convexity

An important fact is that bigger random variables have bigger means.

Fact 20
Domination

If X and Y are integrable r.v. where X <Y with probability 1, then E[X] < E[Y].

Proof. First consider the case where X > 0.

Let S be the set of simple functions dominated by X, and Sy be the set of simple functions dominated by
Y. Then Sy C Sy, so

sup E[S] < sup E[S].
SeSx SeSy

The left hand side is just E[X], and the right hand side is just E[Y], so we are done with this case.

Now suppose X # 0. Thensince X <Y,Y — X > 0, so the first case applies and E[Y — X] > E[0] = 0.
By linearity E[Y — X] = E[Y] — E[X] > 0, so we are done. O

Note that between any two points (x, f(z,)) and (x4, f(2,)), it is possible to draw a secant line segment
between them.
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In the picture above, sometimes the secant line connecting the two points on the graph is above the graph
of the function, and sometimes it is below. If it is always above the graph of the function, no matter what
two points are selected, the function is convex.

Definition 41
The secant line segment of a function f over [z, ;5] consists of the points,

(Azy + (1= A)zg, Af(zy) + (1= A) f(23))

for A € [0, 1].

Note that the point where A = 0 is just (x;, f(z)) and when A = 1 is just (x4, f(25)). When A = 1/3, the
point is 1/3 of the way from the left endpoint of the line segment to the right endpoint.

Definition 42
A function is convex if the secant line connecting any two points on the graph lies on or above
the graph. For example x2, e* and |z are all convex.
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In Calculus, the following useful fact is shown which states that a function with continuous second deriva-
tive that is always nonnegative over [a, b] is convex over [a, b].

Fact 21
For f € C?[a,b],if f”(z) > 0 for all x € [a, b], then f is convex over [a, b].

Fact 22
Jensen’s inequality

If f(x) is a convex function and X is a random variable where E[X] and E[f(X)] exist, then

FEX]) <E[f(X)].

In particular, since x x?
E[X?] > E[X]? and E [| X|] > [E(X)].

To see why Jensen’s inequality is true, consider a random variable that just takes on two values. Suppose
P(X=z,)=pand P(X =x,) =1—p.

Such a random variable is called binary. Then for a convex function X,

E[f(X)] = pf(z1) + (1 =p)f(xs) = fpz, + (1 —p)ay) = f(E(X))

So the property of convexity is exactly what is needed to bring the function f out of the expectation.
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7.3 Types of convergence for random variables
Earlier, convergence with probability 1 was discussed:

(Xn—>pr1):([P(1im anX)=1)

n—oo

7.4 Convergence in probability

A slightly weaker form of convergence that is still useful is called convergence in probability.

The idea is that instead of the limit converging to a fixed number, instead look at the probabilities that the
limit is a fixed amount away from a target. These probabilities should go to o.

Definition 43
Say that X, X, ... converges to X in probability if

(Vm € {1,2,...}) (tl_iglO[P (X, — X| > 1/m) = o) .

Example 12

Suppose that B;, B,, ... are an independent but not identically distributed sequence of Bernoulli
random variables. Make B; ~ Bern(1/i), so as ¢ gets larger, each B, is more and more likely to
be closer to o.

Then choose any m € {1,2,...}. Then

lim P(|B; — 0| > 1/m) = lim P(B; = 1)
i—00 =00

since only if B; = 1 will it be at least 1/m away from o. But this probability goes to o as i goes
to infinity.

Hence the sequence converges to o in probability.

So this sequence does converge to o in probability, but does it converge with probability 1. No!
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Example 13
Continuing the above example,
lim B,

n—oo

does not exist with probability 1.
Because the B, are either o or 1, the limit (if it existed) would have to be either o or 1.

It is definitely not 1, since it is easy to see that no matter how far out in the sequence you go,
you would still see another o with probability 1.

It turns out it cannot be o either, since no matter how far out you go in the sequence you will
still see another 1 with probability 1!

Let N be a positive integer. Then for any M > N,

[P(BN 7é 1vBN+1 7é 17BN+2 7é 17) < HD<BN 7& 17BN+1 7& 17BN+2 7& 17"'7BM 7& 1)
N—-1 N M—-1

N N+1 M

N-—-1

M

since it is a telescoping sum.

This holds for all M, and so the upper bound on the probability can be made arbitrarily small,
so the actual probability must be o.

Hence no matter how far out you go in this sequence, you will find another o and then eventually
another 1, and then eventually another o, and so on, so you never converge!

So a sequence can converge in probability while not converging with probability 1. Is the reverse true? No!

Fact 23
If X, — X with probability 1, then X, — X in probability.

Because convergence with probability 1 implies convergence in probability, but not the other way round,
say that convergence in probability is a weaker form of convergence, and convergence with probability 1 is
stronger.

For theorems in probability, when one has convergence with probability 1 it is called a strong law, and when
one only has convergence in probability, it is called a weak law.

For instance, let X be an integrable random variable and X, X,, ... an iid sequence of random variables
with the same distribution as X. Then let

B X1+...+Xn
_771 .

S

Then the weak law of large numbers says that
S, — E(X)

using convergence in probability. So for any m € {1,2,...}, P(]S,, — E(X)| > 1/m) converges to o. It is
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the probabilities that are converging, not necessarily the random variables.
On the other hand, the strong law of large number says that
P(S, — X) =1,

which is a more powerful statement. This says that the actual numbers obtained from the sample average
of a bunch of draws from the random variable will converge with probability 1 to the desired average of X.

Recall our earlier equation of when it is legal to swap limits and means. It turns out that it is possible to
characterize exactly which weakly convergent sequences we can swap expected values and limits with a
property called uniform integrability that will be discussed later.

Problems

63. For X a Zipf Law random variable, show that E[X?] is only finite when o > 4.
64. For X a Zipf Law random variable, show that E[X*] is only finite when o > 5.

65. Suppose X, X,,... = Y with probability 1. What can you say about the convergence in probability
of the X to Y?

66. Suppose W, W,,... = W in probability. What can you say about the probability that W, converges
toY?

67. Give an example of a strictly increasing sequence of random variables X that converge to X with
probability 1.

68. Give an example of a sequence of random variables X, X,, X5, ... that converges to X with probability
1, where X, X3, X5, ... are all strictly smaller than X, while X5, X, X, ... are all strictly larger.

69. Lett > 0. Given that exp(tz) is a convex function for ¢ > 0, if E[exp(tX)] < oo, what can you say
about this value and E[X]?

70. Given that max(0, =) is a convex function, what can you say about E[max(0, X)] and max(0, E[X]),
given that both are finite?
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Chapter 8

Swapping Limits and Expectation

Question of the Day
For By, B, ... iid Bern(1/2), find

E (i(l/Q)iBi) .

i=1

Summary

+ A finite set of random variables X, ..., X, is independent if the probability of a logical AND in-
volving the X, can be written as the product of the probability of the individual events.

+ A sequence of random variables X, X5, X3, ... is independent if any finite subset is independent.

«+ A sequence of random variables is iid (independent, identically distributed) if the sequence is inde-
pendent and every one has the same distribution.

« The extended reals include the real numbers R, co, and —oo.

+ You can swap limits and expectations of sequences of random variables if the random variables
are monotonically increasing and bounded below. This is the Monotonic Convergence Theorem.
(Sometimes called the Monotone Convergence Theorem.)

+ You can swap limits and expectations when the absolute values of the random variables in the se-
quence has a common upper bound that is an integrable random variable. This is called the Lebesgue
Dominated Convergence Theorem (aka the Lebesgue Convergence Theorem or Dominated Conver-
gence Theorem.)

8.1 Limits of sequences

It is easier to work with limits with the extended reals, which include the regular real numbers denoted R,
together with the numbers —oo and oo.

73
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For instance,

lim ¢ = oo
t—o0

lim 1—1/t=1

lim 3 = —.
t——o0

The limit of a real valued z,, equals L means that as you move further and further out in the sequence, the
values of the {z,} get arbitrarily close to L. This can be written using logic notation as follows.

Definition 44
Let 1, x5, ... be a sequence of real numbers. Then for L € R,

( lim x, = L) = (Ym € {1,2,.. )N € {1,2,..})(Yn > N)(|z, — L| < 1/m),

n—oo

( lim z, = oo) = (Yme{1,2,..})3AN € {1,2,..))(¥n > N)(z, > m),

n—oo

(nlgrolo z, = —oo) = (Vme {1,2,.})(3N € {1,2,..})(¥n > N)(z, < —m).

8.2 Independence

Definition 45
A finite set of random variables X1, ..., X,, is independent if for all measurable A4, ..., A
(with respect to the X)),

P (\n/ X, € Ai) = ﬁ[P(Xi €A,).
1=1

=1

A sequence of random variables is independent if all finite subsets are.

Definition 46
A sequence of random variables X, X, ... is independent if for all n, X, ..., X, are indepen-
dent.

This allows us to define sequences that are iid, or independent, identically distributed.

Definition 47
A sequence of random variables { X} is iid, or independent, identically distributed if the
sequence is independent and all the random variables have the same distribution.
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Example 14
Suppose that X, X, ... are iid with distribution Bern(1/2). Show that they do not converge to
anything with probability 1.

8.2.0.0.1 Answer Because the X; are discrete random variables, to converge there must be
apoint N such that Xy, = X, = Xy, = ---. Let k be a positive integer. Then consider the
chance that

Xy = XN+1 = XN+2 == XN+k~

Since the X are independent this is just (1/2)*. If Xy = Xy, = ---, then this event happens
for all k. Therefore the probability of it happening is bounded above by (1/2)* for all k, but the
only number in [0, 1] where that is true is 0.

Hence the probability that the sequence converges is o.

8.3 Expected value and limits

Now consider the following question. If X, does converge to X as ¢t — oo, then does

E (nm Xt> = lim E(X,)?

t—00 00
In other words, can limits be brought inside (or outside) of expected value.
The answer is: sometimes!
Consider U ~ Unif(][0,1]) and X,, = I(U < 1/n) from earlier. Then
E(X,)=PU<1/n)=1/n,
and so

lim E(X,) = 0= [E(0) = E(X).

n—oo

For another example, consider W,, = nl(U < 1/n). Soif U = 0.19248 ...,
{w,}=1{1,2,3,4,5,0,0,0, ...},
so the W,, increase by 1 each time until U > 1/n, at which point they drop to o and stay there.
As with the { X}, it holds that W, — 0 with probability 1. However,
E[W,] = (1/n)(n) + (1 =1/n)(0) =1,
for all n. That is to say, their mean is always 1, and so

lim E(W,)=1+0=E( lim Wn) = E(0).

n—oo (n—>oc

So extra conditions are required to ensure that limits and means can be swapped. The two most important
such theorems are the Lebesgue dominated convergence theorem and the monotone convergence theorem.
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8.4 'The Lebesgue Dominated Convergence Theorem

One way of looking at what went wrong in the example was that the WW,, are unbounded. Even though
they go to o eventually, before that they had a positive probability of being n for any n € {1,2,...}. The
Lebesgue dominated convergence theorem, or often just the dominated convergence theorem prevents this type
of problem by requiring that every random variable in the sequence be bounded above in magnitude by the
same random variable. If this common random variable is integrable, then the limit of the mean of the
sequence will equal the mean of the limit of the sequence.

Theorem 3
Lebesgue dominated convergence theorem (DCT)

Suppose lim, , X, = X with probability 1 and | X,| <Y for all ¢. Then if E[|Y|] < oo, then

lim E[X,] = E Ll_iglo Xt] .

t—00

8.5 The Monotone Convergence Theorem

An alternate explanation for what went wrong was that the W, went from growing to shrinking back down
to o. If a nonnegative sequence is always increasing, then swapping limits and means will be okay.

Theorem 4
Monotone convergence theorem (MCT)

Suppose 0 < X; < X; < X, < .- with probability 1. Then lim, , X, is either a finite real
number or co with probability 1, and

lim E[X,] = E | lim X,

t—o0 |:t~>oo ] ’

This works even if the limit on both sides is infinity. In real analysis it is shown that any increasing sequence
always converges either to a constant or to infinity.

Fact 24
Suppose ay < a; < ay < ---. Then lim;_, _ a; is either a finite real number or co.

So lim,_,  E[X,] always exists or is co.
The story so far is that there are two conditions that allow bringing limits in and out of a mean.
1. If the sequence is dominated by an integrable random variable (DCT.)

2. If the sequence is nonnegative and increasing (MCT.)
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Example 15
Suppose U ~ Unif([0, 1]) and Y, = U/t. Show using the DCT that lim E(Y;) = E(limY}).

Solution. Since Y, € [0,1/t], Y, — 0 with probability 1. Moreover, |Y;| < U for all ¢t €

{1,2,...}, and U is integrable, so by the DCT,

lim E(Y,) = [E(lim Yt) .

t—o0 t—o0

Of course, in this case it was not necessary to use the DCT to show the limit:

E(Y;) = 1/(2t),

SO

lmE(Y,) = 0,

the same as E(limY;)) = E(0) = 0. Later on, more complicated examples where the DCT must be used
will be given.

The MCT is commonly used to deal with series where the terms of the series are nonnegative random

variables.
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Example 16
Say {B,} is a sequence of independent r.v.'s with B, ~ Bern(1/2). Use the MCT to show that

E(X7,(1/2)'B;) = 1/2.

Solution. Let S, be the partial sum of the first n terms:
S, =(1/2)B; + (1/2)?By + - + (1/2)"B,,.

Since the B; > 0, S;,5,,S5,... is a nonnegative, increasing sequence of random variables.
Therefore the MCT applies!

E (i(1/2)i3i> =E (nlgr;o zn:(l/Q)iBl)

i=1 =1

= E(lim Sn)

n—oo

= lim E(S,) by the MCT

n—oo

lim E (Zn:(l/2)i8i)

=1

= nlggo ; E((1/2)'B;) by linearity

= nIggO; E((1/2)'B;)
— 1; i+1
= Jm 2 (/2

_ 2(1/2)i+1

=1

1/2)2
= 1( _/ 1>/2 by geometric series

=1/2.

Problems
71. Suppose that X, X, ... are independent and P(X, € A;) = 1/i. What is
P(X; € A, X, € Ay, Xq € A3)?

72. Suppose that P(Y € [0,a]) = a and Y}, Y5, ... are iid with the same distribution as Y. Find

P(Y; € [0,0.3], Y, € [0,0.5], Y;5 € [0,0.7)).

73. Suppose Bj, B, ... are independent and B; ~ Bern((1/3)*). What is

oo

E
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74. Suppose that X, X, ... are random variables that are positive and E[X,;] = (1/4)*. What is
E lz Xi] .
i—1

75

Suppose U is a standard uniform over [0, 1].
a. Find E[1/V/T].
b. Find

[E[hm nsm(U)}
n—oo | 4 n2\/U

76. Consider Y ~ Exp(3),and X, =Y — 1/i. What is

E [hm Xi] ?

i—00

77. Let T be a nonnegative random variable. The notation A can also be used for minimum, so t AT =
min(¢,T'). Note that ¢ A T is an increasing sequence in ¢. When P(T < co) = 1, it holds that

lim t AT =T

t—00
since eventually ¢ will be larger than the finite value of T" with probability 1.
For T such that P(T" < oco) = 1, what can be said about

lim E[t AT)?

t—o0

78. Suppose X ~ Geo(1/3). What is
lim Et A X]?

t—o0
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Chapter 9
Proving Limit Theorems for Expectation

Question of the Day

Prove the monotone convergence theorem (MCT) and the dominated convergence theorem (DCT.)

Summary

« To show the MCT, break the proof into three cases
1. All the random variables involved are integrable.

2. At some point, there is an X that is not integrable. (This makes all later random variables in
the sequence also not integrable.)

3. All random variables in the sequence are integrable, but the limit is not.

« To show the DCT, first show Fatou’s Lemma, which says that a limit infimum can be brought out of
an expectation at the cost of making the result the same or larger.

« An application of the DCT is the bounded convergence theorem (BCT) which says if | X| < M
where M is a constant, then you can always bring

+ An application of the MCT is as follows: If X is nonnegative, then

lim E[X Am] = E[X].

m—0o0

(Here X A m = min(X, m) as usual.)

9.1 When can you swap limits and mean?

As a reminder, there are two commonly used sufficient (but not necessary) conditions to be able to bring
limits in and out of expected value are as follows

81
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1. Monotonicity For X, > 0 and X; < X; < X, < - with probability 1. This is the monotone
convergence theorem (MCT).

2. Dominated For P(lim,_, . X, = X) = 1 and | X,| < Y with E[|Y]] < oco. This is the dominated
convergence theorem (DCT).

9.2 Proving the Monotone Convergence Theorem
Consider the case that 0 < X; < X, < ---, and all the variables are integrable.

Fact 25
For 0 < X; < X, <. and X integrable, where X, — X with probability 1, it holds that

lim E[X,] = E[X].

n—oo

Proof. Since the X are increasing (with probability 1), for all ¢ it must be that X > X, (with probability 1).
Hence E[X;] < E[X] for all ¢, and so
lim E[X,] < E[X].

n—oo

What remains is to show the other direction of the inequality. To show this direction, fix m € {1,2,...}.
By the limit statement, with probability 1, there exists a 7" such that for all ¢t > T,

| X, — X| < 1/m.
Since the X, are increasing towards X, it must be that
X, —X|=X—-X, <1/m,

$0
X<X,+1/m.

Therefore, for every m € Z™,
. < 1 .
tllglo E[X] < tli)rgo E[X, + 1/m)]
or more simply, for every m € Z7,
E[X] < tlim E[X,])+1/m
—00

The only way that can happen is if
lim E[X;] > E[X]

n—oo

as desired. O

Now consider what happens if some of the X or X are not integrable.

Fact 26
For0 < X; <X, <:-and X =lim
integrable, it holds that

X,, where X, — X with probability 1, and X, not

n—oo

lim E[X,] = E[X].

n—oo




9.3. PROVING THE DCT 83

Proof. For X; not integrable, E[X,] = co. But X > X as before, so also E[X] = oo and

lim E[X,] = E[X]

n—oo

as before O

Fact 27
For 0 < X; < X, < - integrable, X = lim
probability 1, it holds that

X,, not integrable, and X,, — X with

n—oo

lim E[X,] = E[X].

n—oo

Proof. The case where all the random variables are integrable is covered by the previous fact. Consider the
case where all of the X, are integrable, but X is not. Then E[X] = oo, and the goal becomes to show that
the limit of the E[X] is infinity. That is, the goal is to show

(VM € ZH)(3T € 7+)(Vt > T)(E[X,] > M)

By the definition of expected value,
sup  E[Y]=oc.
Y <X:Y simple

Let W be a simple random variable such that W < X and E[W] > M + 1. Since lim,_, X, = X, there
exists 1" such that forallt > T,
X, — X| <1

Since the X, are increasing, this means
(X, —X[<1)=(X—-X,<1)
making W —1< X —-1< X,

Since M < E[W — 1] < E[X,], that gives lim,_, _ E[X,] = oo, finishing the proof. O

9.3 Proving the DCT

The proof of the dominated convergence theorem will require a brief stop at a result called Fatou’s Lemma.
This Lemma states that the lim inf of a sequence of nonnegative random variables can always be brought
inside expectation at the cost of decreasing the expectation.

What exactly is the lim inf? Consider the following sequence:
0,1,0,1,0,1,0,1,....

This sequence does not have a limit. It will, however, have a lim inf.

9.3.1 The infimum

The infimum of a set of real numbers is the greatest lower bound on the set of numbers. So

inf({1,2,3}) = 1,
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and
inf([5, 10]) = 5.

So if the set has a minimum value, then the infimum is just the minimum value. The infimum also exists,
however, for sets that do not have a minimum value. For instance,

inf({z : 0 < z < 1}) = inf((0, 1]) = 0.

This is because o is a lower bound on (0, 1], and it is also the greatest lower bound since no larger number
is smaller than every number in (0, 1]. Formally, this can be defined as follows.

Definition 48
The infimum of a set of numbers A is the greatest lower bound on the numbers of A. There
are three cases.

1. A =10. Then inf(A) = oc.
2. (3b € R)(A C [b,0)). Then inf(A) = max{b: A C [b,00)}.

3. (Vb € R)(Ja € A)(a < b) Then inf(A) = —o0.

Now how does bringing an infimum inside an expectation change things? It can only make things smaller.

Fact 28
Let S be a collection of nonnegative random variables. Then

E[inf(S)] < inf{E[A] : A € S}.

Proof. Let W < inf(.S) be simple. Then since W is a lower bound on the random variables in S, W < A
forall A € S. Hence E[W] < E[A] for all A € S, which means (since infimum is the greatest lower bound),
E[W] <infE[S].

Therefore the supremum over all such E[W] is at most inf{E[A] : A € S}, which is the same as saying

E[inf S] < inf{E[A] : A € S}

9.3.2 The liminf
Now, consider a sequence of values
Tqy Toy e
Then for every 7T, the set of values
{Tr, 21 Trio,s -}
has an infimum. Moreover, because as T' gets larger the set {z, : t > T'} gets smaller, the infimum of these

sets is an increasing sequence in its own right.

Real analysis can be used to show that any increasing sequence has a limit, therefore the limit of the infimum
of {z, : t > T} always exists. This is called the lim inf.
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Definition 49
The infimum limit (aka limit inferior) of a set of numbers a, a;, a,, ... is

liminf(ay, a;,...) = Jirxgoinf{an,an+l,an+2, ot

In the sequence from earlier

0,1,0,1,0,...,
for all ¢,
{xtvxtJrlv -} ={0,1},
and
inf{0,1} =0
so the infimum sequence is just
0,0,0,...

|
e

which has limit o. So liminf0, 1,0, ...

Fact 29
Fatou’s Lemma

If X, > 0 then
liminf E[X,] > E [liminf X] .

Proof. Let Y = inf,. X,. Then Y7 is a nonnegative increasing sequence, and so the MCT gives

o1 o ]

=E [ lim inf Xt]
=Lk

T—oo t>T
[liminf X,].
Also,
E[Y,] = F [}g% Xt]
<
< Inf E[X,],
S0

E [liminf X,] = lim E[Yy]

T—o0

lim inf E[X;]

T—oo t>T

= liminf E[X,].

IN
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9.3.3 The limsup

The limit supremum is defined in a similar way to the limit infimum.

Definition 50
The supremum limit (aka limit superior) of a set of numbers a, a;, a,, ... is

lim sup(ag, ay,...) = T}Lngo sup{a,, ap.1,0, 9,

For instance,
limsup0,1,0,1,0,... = 1.

The limit inferior and limit superior are related in a simple way.

Fact 30
For a real valued sequence a4, a,, ...,

lim sup a; = — liminf(—a;).

One way to characterize limits is that if the lim inf and lim sup of a sequence are equal, then that is the limit.

Fact 31
For a real valued sequence a, aq, ...,

(iminfa; = limsupa, = L) = (_lim a; = L) )

71— 00

9.3.4 Proving the DCT

Another fact needed before proving the DCT is as follows.

Fact 32
If A+ B and A are integrable random variables, then so is B.

Proof. Note |B| < |A + B| + | A|. Taking the expectation of both sides gives
E[|B]] < E[|A + B[] + E[|A]] < oo,

finishing the proof. O

Now the DCT can be shown. Recall the DCT applies to a sequence X, X, ... that converges to X with
probability 1. If there exists an integrable Y such that for all ¢, | X,| <Y, then X is also integrable, and

lim E[X,] = E[X].

t—o0

Proof. Since |X,;| <Y, it must be true that X, + Y > 0. Applying Fatou’s Lemma to X, + Y gives

liminfE[X, + Y] > E[liminf(X, + V)] = Ellim(X, + V)] = E[X + Y].
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Note | X + Y| < |X|+ Y] < |2V
by our previous fact.

, making X + Y integrable. Since X + Y and Y are integrable, so is X

Since X is integrable, linearity gives
liminf(E[X,] + E[Y]) > E[X] + E[Y].

Since E[Y] is a constant, it can cancel on both sides to give liminf E[X,] > E[X]. (Note that this is just the
result of Fatou’s Lemma, but this holds even though the X, could be negative.)

Repeat the whole argument with —X, +Y > 0 to get
liminf E[—X,] > —E[X],
and multiplying by —1 gives

limsup E[X,] < E[X].

Putting these sides together gives
limsup E[X,] < E[X] < liminfE[X,].

But
liminf E[X,] < limsup E[X,],

so everything must have the same value! O

9.3.5 Convergence in probability

The DCT above was stated for convergence with probability 1 but actually holds under the weaker condition
of convergence in probability. This is more difficult to prove, however, so that proof will be deferred until
later.

9.4 Applications
9.4.1 Bounded random variables

Often, the DCT is applied to bounded random variables.

Fact 33
Bounded convergence theorem

Suppose there exists M such that for all ¢, it holds that | X,| < M. If X, — X in probability
then
lim E[X,] = E Llim Xt] = E[X].

—00

t—o00

Proof. This is just a special case of the DCT where the dominating random variableisa constantY = M. O
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9.4.2 Rounded random variables

In this section the minimum of two numbers a and b will often show up. Therefore, it will be nice to have
some notation for this. Because minimum is similar to logical AND, the same symbol will be used:

min(a,b) = a Ab.
In particular, with this notation

Ip Ag)=1(p) Al(g).

Note that for X > 0, the random variable X A m is bounded for any positive m. Basically any value of X
that is above m is getting rounded down to m. As this bound weakens, the mean converges to the mean of
the original random variable.

Fact 34
For X a nonnegative random variable,

lim E[X Am]=E[X].

m—0o0
Proof. Note that X A m < X A (m + 1), therefore, the MCT applies, giving the result. O
Problems
79-

Consider the sequence 0,1,0,1,0,1, ....
a. What is the limit inferior of the sequence?
b. What is the limit superior of the sequence?
8o.

Consider the sequence
1,-1/2,1/4,—-1/8, ...

a. What is the limit inferior of this sequence?
b. What is the limit superior of this sequence?
81.
Suppose that X ~ Geo(1/2).

a. Form € {1,2,...}, find
P(X Am=m)?

b. What is lim E[X Am]?

m— 00

82.

Suppose that Y ~ Geo(1/3).
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a. Form € {1,2,...}, find
E[Y A m).

b. What is lim E[Y Am]?

m—0o0
83.  Suppose that you are given random variables R, R,, ... such that liminf R, = X where X ~
Unif([0, 4]). Give a lower bound on

liminfE(R;).
84. Suppose that W, W, ... have a limit inferior that is Y ~ Geo(0.2). Give a lower bound on

liminf E(W;).
85. Suppose the S; are random variables where |S;| < 10 with probability 1, and limS; ~ A where

A ~ Exp(4). What can be said about lim E(.S;)?

86. Suppose that C, Cs, ... are a sequence of random variables bounded in absolute value by 1. Further-
more, lim C; = X where C' ~ Unif([—5, 5]). What can be said about lim E(C;)?
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Chapter 10

Martingales

Question of the Day

Suppose I play a fair game where I either win or lose a dollar every play, independently, each with probability
1/2. If I start with 15 dollars, what is the expected amount of money I have after 12 plays?

Summary

10.1

The intuitive idea of the conditional expectation E[X|Y] is that this represents the average value
of X given that Y is a known value rather than a random variable.

Conditional expectation (like regular expectation) is a linear operator.
X and Y indpendent implies that E(X|Y) = E(X).

X measurable with respect to Y implies E(X|Y) = X.

There is always a measurable function h such that E(X|Y) = h(Y).

The Fundamental Theorem of Probability states that for any integrable X and Y, conditioning
can be undone by taking the average over the conditioned variable. That is, E(E(XY)) = E(X).

A martingale is a fair game, where the expected value of the next value in the stream is just the
previous value.

Taking a fixed number of steps at a time in a martingale just results in a new martingale.

Intuitive notion of martingale

Martingales are the mathematical abstraction of the notion of a fair game, where on average players do not
gain or lose money.

If T win or lose a dollar each with probability 1/2, I am playing a fair game.

91
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« IfI win a dollar with probability 30% and lose a dollar with probability 70%, it is an unfair game.

« IfI win a dollar with probability 60% and lose a dollar with probability 40%, it is also an unfair game,
even though the benefit is to me!

+ Martingales are the amount of money you have at time ¢ when playing a fair game.

In the Question of the Day, it is given that
P(M; = My+1|M,) =1/2, P(M; = M, — 1|M,) = 1/2.

Consider the question, what is

E[M, | My)?

In order to find the conditional expectation, just apply the regular rules for expectation, but treat M, as
a constant rather than a random variable. There are two possible outcomes given that M, is a constant,
M, + 1 and M, — 1. Both of these outcomes occur with probability 1/2.

E[M, |My] = (1/2)(My + 1) + (1/2)(My — 1)
=(1/2)My+1/2+ (1/2)M,—1/2
= M,

So after one play of the game, the expected amount of money that the player has will be the same amount
that they started with, M,,.

Now consider what happens after two plays:

E[M,| My, My] = (1/2)(M; +1) + (1/2)(M; — 1) = M;.

So this gives rise to the idea of a martingale. Before giving the formal definition, first some intuition.
A martingale { M} consists of integrable random variables that form a fair game. That is to say:

1. E[|M,]] < oo, and

2. foralln > 0, E[M,, | My, ..., M,] = M,.

So is the Question of the Day game a martingale?

« Check condition one. To make this easier, let

X Unif({~1,1}), and M,, = 15+ Y _ D;.
=1

Dy, Dy, D,, ...
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« Recall that the absolute value function obeys the triangle inequality. That is, |a 4+ b| < |a| + |b|. So

E[|M, ] = E l 1

<E [15+§n:|pll

i=1

15+ D,

n

1=1

—Efu5]+ Y ED,|

=15+n < 0.

« Note that it is okay for E[|M,,|] to increase in n, the condition is just that E[|M,,|] be finite, not that
the limit as n — oo be finite

« Now check condition 2:

[E[Mn‘Mo» ey Mnfl] = (1/2)(Mn71 + 1) + (1/2)(Mn71 - 1) =M,_,;.

10.2 Properties of conditional expectation

This second property of martingales involves conditional expectation. A formal definition will come later,
but for now knowing some properties of conditional expectation will be helpful in calculations.

Fact 35
Properties of conditional expectation (assume all integrals exist and are finite):

1. Conditional expectations are linear (like regular expectation)

E[aA + bB|C] = aE[A|C] + bE[B|C]

2. If X and Y are independent, then

E[X]Y] = E[X].

3. If X is a function of Y, so X = f(Y), then

E[X|Y] = f(Y).

4. E[X|Y] will always be some function of Y.
5. (Fundamental Theorem of Probability) For any X and YV’

E[E[X]Y]] = E[X]

Comments

« Property 3 means that if the mean is conditioned on A, treat the random variable like a constant. For
example: E[A%|A] = A2
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« Property 4 means that if you condition on the value of Y, E[X | Y] can change. Another way to say
that is that X depends on Y, or mathematically, E[X | Y] = f(Y") for some function f.

For example, suppose
X17 X2 }1\(} Unif({la 27 33 47 57 6})
S=X, +X,.
Then
E[S|X,] = E[X; + X,|X5)]
= E[X; [ Xo] + E[X,|Xy]

Since X; and X, are independent, E[X; | X,] = E[X;] = 3.5. Also X, is a function of X,, so
E[X, | X,] = X,. Hence
E[S | X,] = 3.5 + X,.

Note 3.5 + X, is a function of X, the random variable that we are conditioning on.

More generally, E[X|A;, As, ..., A,,] will be a function of A;, A, ..., A,,. Recall that functions might
not use all of their inputs. For example, f(z,y, z) = xy doesn’t use z, yet is still a function of z, y,
and z.

« Now Property 5 can be used to find E[S].

E[S] = E[E[S]|X,]] = E[3.5 + X,] = 3.5+ E[X,] =7

10.3 Solving the Question of the Day

In order to solve the Question of the Day, the following fact is essential. Basically it says that if you have a
fair game after one step, then you have a fair game after any fixed number of steps ¢.

Fact 36
For M, M1, ... a martingale and ¢ > 0, E[M,|M,] = M,.

The basic martingale is fair after one step and the goal is to say that it is fair after ¢ time steps. This is the
ideal situation for doing a proof by induction.

Proof. Proof by induction!
For the base case where t = 0, E[My|M,] = M,.
Induction hypothesis: Suppose E[M,, ;|M,] = M,. Then

E[M, [ M) = B[E[M,,|M,,_,]| M)
= E[M,,_,[ M)

since the interior mean just took one step. But this last conditional mean is just M, by the induction
hypothesis, which finishes the proof! O
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Applying this fact to the Question of the Day gives

10.4 Stopping at a random number of steps

So if one step in the martingale is fair, then any fixed number of steps must also be fair.

A natural question to ask is what if a random number of steps is taken? If that random number does not
depend on the values of the martingale, then the answer is again yes, the overall game is fair. But if the
random number of steps is allowed to change based on the value of the martingale, the answer might change
to no!

This is what makes working with martingales interesting. The Optional Sampling Theorem will be given
later and provides a characterization of when the answer is still yes.

Problems
87. Suppose E(X]Y) = 3Y and E(W|Y) = —4Y. Whatis E(2X + 5W|Y)?
88. Suppose fori € {1,2,3,...}, E(R;|A) = iA. Find E(R; + R, + Rs|A).
89. Suppose E(W) =4, E(W|S) = 3/S, and E(S|W) = 3W. What is E(S)?
90. Suppose E(S) =8, E(1/5) = 0.3, mean(R|S) = 2/S). What is E(R)?
91.
Suppose that { M} form a martingale.

a. What is E[M; | M,]?

b. What is E[M; | Mj, M, ]?

c. What is E[Mj | M,]?
92.
Let {W,} be a martingale. Find the following.

a E[Ws | Wy, W, Wy, Wy, W,l.

b. E[W; | W,).
93. Let {R,} be a martingale with R, = 10. What is E[R,5]?
94.
Suppose S, S, S5, ... is a martingale with S, = —4.

a. What is E[S;,]?
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b. What is E[Sy, | S5 = 7]?



Chapter 11

Encoding Information

Question of the Day

Suppose that I have a radiation badge that turns black when I receive 100 or more millisieverts (mSv) of
radiation. How can the information that this badge gives be represented?

Summary

« The information encoded in a particular random variable X can be represented by the o-algebra
generated by X, and is written o(X).

« If 0(X) C &, say that X is measurable with respect to F.
« A sequence F{, 7, ... of sigma algebras is a filtration if

FLCFyC o

« For a sequence X, X1, ..., the natural filtration (aka adapted filtration) is

U(XO)vg(XOaX1>7U(X07X15 X2)7 see e

+ Note that for 7, the natural filtration for X,, X, ... always has X, being J, measurable for all ¢.

Functions are mathematical objects that transform an input to an output. In this process, the function can
keep some or all of the information in the input value, or it can destroy information.

« For f(x) = 2z, given f(z) it is possible to figure out what = was. This function is one-to-one.

« For g(x) = 22, given g(z) it might not be possible to figure out what x was. For instance, if g(z) = 4,
then x could be either —2 or 2. Information has been destroyed, specifically, the information about
the sign of the random variable.

97
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A measurable function f of a random variable X is also a random variable. In order to determine how much
information is in the new random variable, a o-algebra can be used.

11.1 The o-algebra generated by a random variable

Consider the Question of the Day example.
« The total amount of radiation received is w, a random variable.
« When measured in millisieverts, what the badge does is report X = [(w > 100).
« What information does X give me about w?
« Given X, can determine if (w € [100, 00)) is true or false.
« Given X, can determine if (w € [0, 100)) is true or false.

« Given X, cannot determine if w € [50, 150] is true or false. There is not enough information in X for
that.

So how can the information content of X be encoded mathematically?
« Let F be those sets A such that given X, can determine if w € A.

o Call & the o-algebra generated by X, and write F = o(X).

o(X) = F = {[0,0),0,[100, %), [0, 100)}.

« Then F will be a o-algebra.

Formally, this idea uses the inverse of a function applied to a set. Recall from earlier that for a function
f:A— B,and C C B,

fHC)={a€A: f(a) € C},

that is, the inverse of a function applied to a set is all input values that map to the set.



11.1. THE 0-ALGEBRA GENERATED BY A RANDOM VARIABLE 99

Example 17
For f(z) = 2a,
fﬁl([zﬁ 7]) = [1,3.5]
f_1<[_27 2]) = [-1,1]
Example 18
For g(x) = 22,
g_l([47 9)) =[-3,-2]U[2,3]
g ([=5,4]) = [-2,2]

For random variables that are functions, this allows us to define a o-algebra associated with that set.

Recall also that f is measurable with respect to F 4 a o-algebra over A, and F ; a o-algebra over B, if

(VB € Tp)(fH(B) € T 4).

Definition 51
Let w have measurable sets #, and X = f(w) have measurable sets F . Then

o(X)={f1A): Ae Ty}

A couple properties of the inverse function on sets will come in handy. First, the inverse of the complement
of a set is exactly the complement of the inverse of the original set.
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Fact 37
For a function f : A — B,and D C B, f~1(D%) = f~1(D)°.

Proof. Here
(z e fFHDY)) = (f(z) € D)
=—(f(z) € D)
=-(z € f71(D))
(x e f7H(D)Y),
and we are done. O

Next, if you consider the inverse of a countable union of sets, that will be the same as the countable union
of the inverses.

Fact 38
For a function f : A — B, and B, B,, ... C B,

fTHBUByU-) = U2, f7Y(B,).

Proof. Here

(z € f7H(UB;)) = (f(x) € UB,)
= (FieZ)(f(x) € By)
=@iezZ)(xe fH(B))

= U (z € f7H(BY).

These two facts allow us to show that the sets f~!(A) actually form a o-algebra.

Fact 39
For X = f(w) a measurable function, o(X) is itself a o-algebra.

Proof. Let f be measurable from F to F y. Thenlet A € o(X),so A = f(D), where D € & y. Then
since F  is a o-algebra, D¢ ¢ F 5, and

DY) = YD) = A%,

so AY € o(X) and o(X) is closed under complements. The fact that it is closed under countable unions is
shown similarly from the previous fact. 0

For example, consider X = [(w < 10). Then the sample space for w is = R. The o-algebra for w are the
Borel sets. The state space for X is 2y = {0, 1}, and the measurable sets for X are {(), {0}, {1},{0,1}}.
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What values of w map to X = 1? These are X '({1}) = [10, 00). So that is one element of o(X). Since
there are four sets measurable with respect to X, there are four inverse sets:

o) =
<{0}) [07 10)
“H({1}) =[10,00)

({0 1}) = [0,00)

Therefore, in the radiation example,
a(X) = {0,[0,10),[10, 00), [0, 00)}.

This is in fact also a o-algebra.

11.2 X measurable with respect to

Now consider what it means for a random variable X to be measurable with respect to a o-algebra. Suppose
that X = X (w) is a measurable function of the random variable w with measurable sets .

Also suppose that for any A € F, an oracle has told us that w € A is either true or false. Is that information
enough to tell if X € B for any set B measurable with respect to X?

For instance, knowing if w € [0, 10) or w € [10, c0) is enough information to tell us if X € {0} or X € {1}.
Mathematically, there is enough information to determine X if o(X) C 7.

Definition 52
Say that X is measurable with respect to 7 if 0(X) C 7.

Note that X is always measurable with respect to o(X), since 0(X) C o(X).

Fact 40
If X is measurable with respect to J, then so is any measurable function of X.

Proof. Let f be a measurable function of X, and A be measurable with respect to w. Then the inverse of

foXoverCis

[f o X|7HC) = f7HXTHO)).
Since X is measurable with respect to #, X 1 (C) is measurable with respect to X, which is a measurable
set in the codomain of f, and so f~}(X!(C) is measurable in the domain of f. O

For instance, if X has o0(X) C &, then 0(X?) C F. As seen at the beginning, X? holds even less informa-
tion than X, so saying that & holds more info than X means that it also holds more info than X 2,

11.3 Adding information to a o-algebra

The first badge gave very little information about the radiation level. That’s why the o-algebra o(X) only
had four sets in it.

Suppose that now there is a second badge that tells me if the radiation absorbed is at least 200 mSv. This
information could be held in a random variable W = [(w > 200). As before, w is the true amount of
radiation received.
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How much information is contained in the values of both X and W? Knowing X and W, what possible
intervals A could (w € A) be determined to be true or false?

All the sets from X are still measurable:
o(X,W) C {0,]0,100),[100, 00), [0,00)},
but now W is giving extra information about w:

o(X, W) € {0,[0,200),[200, 00),[0,00)},

In addition, if X = 1 and W = 0 then
w € [100,200).

So this gives us some additional sets. Altogether, there will be 5 measurable sets, arising from
(X, W) € {(0,0),(1,0),(1,1)}
together with the empty set and the sample space.

So
a(X, W) = {0,]0,100), [100, 200), [200, c0), [0, 00) }.

Now our information has jumped to 5 sets!

In general, the more sets in w(X), the more information that you have about the random variable X. In
particular, for any two random variables X and W,

o(X) Co(X,W).

For a stochastic process, X, X5, ...,

U(Xl) g U(XlaX2> g U(X17X23X3) g .

This type of increasing sequence of o-algebras is called a filtration.

Definition 53
A sequence of g-algebras F |, J 5, ... is a filtration if

?lg‘?zg?sg"'.

Definition 54
For random variables X, X, ..., the natural or adapted filtration is

U(Xl)vU(X17X2)7U(X1aX27X3)a 000 o

As noted earlier, adding a random variable can only increase the amount of information, or using set nota-
tion:
o(X)Co(X,Y).

So the adapted filtration is actually a filtration!
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Problems

95. Consider random variable X in space 2 = {1, 2, 3} with

J(X) = {Q)v {17 2}5 {3}7 {17 2, 3}}

True or false: X is measurable with respect to

F=A{0,{1}, {2}, {3}, {1, 2}, {1,3},{2,3},{1,2,3}}7
96. Suppose for random variable Y over space Q2 = {1, 2, 3,4}, 0(Y) contains {1}, {3} and {4}. Suppose
F does not contain {2}.
True or false: Y is measurable with respect to 7.
97. For h(x) = 22 + 1, what is h=1([0,4])?
98. For w(y) = by + 3, find w1([0, 4]).

99. Let P(A) denote the power set, the set of all subsets of the set A. Then for F; = P({1,2,...,i}), does
F; form a filtration?

100. Suppose A, A,, ... is a sequence and F, = o(4;, A,,..., A,,). Does the F; sequence form a
filtration?

101. If A€ F . but A ¢ F,, is it possible for the F; to form a filtration?
102. If{1,2,3} € F, but {1,2,3} ¢ F,, can the F, form a filtration?
103. Say J, is the adapted filtration for X, X, .... Is X; necessarily measurable with respect to F,?

104. Say J, is the adapted filtration for Y};, Y], .... Is Y} necessarily measurable with respect to 7 ;,?
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Chapter 12

Conditional Expectation

Question of the Day

Suppose Y ~ Unif([0,100]), and X = (Y > 10). Calculate E[Y" | X], and show that it obeys the formal
definition of conditional expectation.

Summary

The conditional expectation E(Y|F) is a random variable W that is measurable with respect to F
andforany A € F,EYI(W € A)) = E(WI(W € A)).

The conditional expectation E(Y'|X) is a random variable W that is measurable with respect to X
and for any set A measurable with respect to X, E(YI(X € A)) = E(WI(X € A)).

If X is measurable with respect to F, then

E(XY|F) = XE(Y|F).

Formally, M,, is a martingale with respect to filtration 7, if for all n three properties hold. First,
M,, is measurable with respect to ,,. Second, M,, is integrable. Third, E(M,, ,|F) = M,,.

Recall that information can be encoded as a o-algebra. This encoding makes it possible to formally define
conditional expectation.

Here is the idea. Given that F is a o-algebra that encodes information,

E[X | 7]

should be some value that depends on the information contained in .

For instance, if X is measurable with respect to &, then knowing the information in F effectively makes X
into a constant. Hence one thing that should be true about conditional expectation is that E[X | ] = X.

105
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What if though, a different random variable W is involved? What should E[X|o(TV)] be? Well, it has all the
information about W, so it should be some function of W. The following definition tells us what properties
that E[X | o(W)] (or really any E[X | ] where F is an information encoding o-algebra) should have.

Definition 55
The conditional expectation of X with respect to 7 is a random variable Y = E[X|F] that
satisfies

1. Y is measurable with respect to 7.

2. Forany A € F, E[YI(Y € A)] = E[XI(Y € A)].

Notation: E[X | W] should be read as E[X | o(W)].

Definition 56
If X(w) and W (w) are two random variables, then the conditional expectation of X given
W is

E[X|W] = E[X|o(W)].

Some things to note about the definition of conditional expectation.

« Like the definition of expectation in general, this definition is nonconstructive. It does not tell us how
to find conditional expectations, only what properties it has.

« To actually find E[X|Y], use the rules from earlier.
« 'This definition is solely for proving facts about conditional expectation.

12.1 Pulling random variables out of conditional expectation

Here is one more useful rule about conditional expectation.

Fact 41
If X is measurable with respect to 7, then

E[XY|7] = XE[Y]7].

Again, the intuition is that if the expectation is conditioned on the information in J, and X is measurable
with respect to J, then in the context of the conditioning, X can be treated like a constant. This allows
pulling X out of the expectation.

12.1.1  An example of conditional expectation

Now consider the following example where a conditional expectation is found, and then it is verified to
obey the definition.

Let Y ~ Unif(]0, 100]) and X = I(Y > 10). What is E[Y]| X]?

Before trying the formal definition, try to build this conditional expectation by considering what X tells
us about the random variable Y. When X = 1, Y € [10, 100], and a useful fact about uniforms is that if
A C BandY ~ Unif(B), then [Y|Y € A] ~ Unif(A).
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This means that [Y|X = 1] ~ Unif([10, 100]), which means E[Y|X = 1] = (10 + 100)/2 = 55.
On the other hand, [Y'|X = 0] ~ Unif([0, 10)), which means E(Y|X = 0) = (0 + 10)/2 = 5.

So the conditional expectation is a function that when o is plugged in gives 5 and when 1 is plugged in gives
55. One such function is h(s) = 5 + 50s, which means

E(Y|X) =5+ 50X.

Now check that this satisfies the definition of conditional expectation. First, 5 + 50X is a function of X, so
it is measurable with respect to X.

The second part of the definition is that E[(5 + 50X )I(X € A) should equal E[YI(X € A)] for all sets A
measurable with respect to X.

First, for what sets are X measurable? Since X is either o or 1, this is

{0, {0}, {1},{0,1}}.

Now

(Xed)=0

always, so trivially
E(YI(X €0) =0=E((5+50X)I(X €0)).

Our next measurable set is {0}, and when X = 0 the expression 5 + 50X = 5. Also recall that E(I(p)) =
P(p). Hence

E[(5 4 50X))(X = 0)] = E[51(X = 0)] = 5P(X = 0) = 5P(Y < 10) = 5(10/100) = 0.5.

The density of Y ~ Unif(]0, 100]) is (1/100)0(y € [0,100]). Hence

E[YI(X =

E[YI(Y < 10)]

I(y < 10)(1/100))(y € [0,100]) dy

:/ y/100 dy
0

= (y%/2)/100[g"
—0.5.

. Success!

Now for {1}. Then

E[(5 + 50X)0(X = 1)] = I(551(X = 1)) = 55(90/100) = 49.5.
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Also,
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E[YI(X =1)] = E[Y)(Y > 10)]

- /yl](y > 10)(1/100)1(y € [0,100]) dy

100
= / y/100 dy
10

= (v*/2)/100["
=50 — 0.5 = 49.5.

Since I(X € {0,1}) = (X = 0) + (X = 1) the previous work is enough to show that the conditional
expectation definition holds for all sets measurable with respect to X.

Like the formal definition of expectation, the formal definition of conditional expectation is really only there
for proving theorems and properties, it is not meant as a practical tool for calculating expectation.

12.2 Martingales

Now that filtrations and conditional expectation are formally defined, a martingale can be as well.

Definition 57
A stochastic process M, My, ... is a martingale with respect to a filtration {#,, } if for all n:

1. M, is measurable with respect to J,.
2. E[|M,|] < >

3. B[M, 1|7 ,] = M,

n*

Example 19
Let Dy, Dy, D, ... %S Unif({—1,1}),and F,, = o(Dy, D, ..., D,)).

Then set M,, = Z?Zl D;. (Empty sums equal o, so M, = 0.) Is M,, a martingale?
Yes! Here is why.

Letn > 0. Then Dy, ..., D,, are measurable with respect to F,, = o(Dy, ..., D,,), and M,, is a
function of Dy, ..., D,,, so it is & ,, measurable.

Next M,, € [-n,n],so |[M, | <nand E[|M,|] < n < occ.
Also,

EM, ., | F,]=EM,,|Dy,..,D,]
=ED,1+D;+-+D,|Dy,..,D,]
=Dy ++ D, +E[D, ]
=M,.
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Problems

105. Suppose E(X|R) = R?. Also, P(R? € [0,1] = 0.3) and E(R?I(R? € [0,1]) = 0.1). What is
E(XI(R? € [0,1]))?

106. Suppose that E(W|S) = 25 and the set A = {0, 1,2} is measurable with respect to S. Moreover,
mean(2S01(S € A)) = 45. Whatis E(WI(S € A))?

107. Suppose E[X | Y] = 4.2Y. Write E[X] in terms of the mean of Y.
108. Suppose E[W | R] = 17 — R. Write E[W] in terms of E[R].
109. Suppose U ~ Unif([0,1]),and W = (U > 0.2). Find

E[U | W).

Prove that your answer is correct.
110. Suppose U ~ Unif([—1,1]),and T = I(U > 0). Find E[U | T'], and prove that your answer is correct.

111. Let Uy, U,, Us, ... be iid uniform over [—1, 1]. Set
M, =>"U,
=1

Prove that { M} is a martingale with respect to the adapted filtration.

112. Suppose that B, By, ... are iid Bernoulli with mean 0.6. Show that

Mt = lzt: Bi
i=1

is a martingale with respect to the adapted filtration.

— 0.6t
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Chapter 13

Stopping Times

Question of the Day

Suppose a player is playing a fair game where they either win or lose a dollar on each (independent) play
with probability 1/2. If they start with 3 dollars, and quit when they hit 0 or 10 dollars, what is the chance
that the player walks away with 10 dollars?

Summary

+ A stopping time T for a process with filtration ,, is a random variable such that for every positive
integer n, the event that T' < n is J, measurable.

« For a process M, with stopping time 7', call M, = M, 1) the stopped process.

« fP(T < o0) = 1, then lim, , ., M,,p = M.

13.1  What is a stopping time?
13.1.0.1 Stopping times
In the Question of the Day, an example of the sequence of money the player has is
3,2,3,4,3,2,1,0.
Of course if the player did not stop at 0 or 10, the sequence would continue after that.
3,2,3,4,3,2,1,0,—-1,-2,-1,0,1,2,1, 3, ...

Call the money that the player has after ¢ plays of the game M,. Then M, = 3 and T' = 7 in the example
sequence above. The idea is that 7" will be the smallest value such that My is either o or 10. This can be
expressed in notation using an infinimum.

The set
{t: M, € {0,10}}

111
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in the example above is {7, 11, ...} because it is known that M, = 0 and M;; = 0 as well. The infimum
picks out the smallest value in this set.

T = inf{t : M, € {0,10}}.

This random variable 7" turns out to be an example of a stopping time. Intuitively, a stopping time is a
condition under which a player could decide to stop playing a game.

Mathematically, this decision must be made using only information from the present and the past. That is,
if the player has stopping at or before time n, this should be discoverable using only the information up to
time n. Typically this is given through a filtration.

Definition 58
T is a stopping time with respect to a filtration {F, } if for all n, the event {T' < n}isin F,.

For the example above, using the information in (M, My, ..., M,,) the event T' < n is measurable with
respect to o(M,, My, ..., M,,) since

(T <n)= \n/(Mi € {0,10}).
=1

13.2 Using stopping times with martingales
Recall that for a martingale { M, }, for any fixed ¢ it holds that
E[M;|My] = M,
which implies by taking the expected value again
E[M,] = E[M,)].

A natural question is: does this hold for stopping times as well? For any stopping time 7T, is it true that
E[My] = E[M,]?

For some (but not all!) processes the answer is yes. For the process in the Question of the Day, to show that

the answer is yes requires the stopped process.

Recall there was earlier an example of the Question of the Day process:
3,2,3,4,3,2,1,0,—1,—-2,-1,0,1,2,1, 3, ...

Here T' = 7, because that was the first time this sequence hit either o or 10. The stopped process is the same
as the original process, except when it hits o or 10, it just stops and repeats the same number:

3,2,3,4,3,2,1,0,0,0,0,0, ....

If the Question of the Day sequence had been
3,4,5,6,5,6,7,6,7,8,9,10,11,10, 11,12, ...
then the stopped process would be
3,4,5,6,5,6,7,6,7,8,9,10, 10,10, 10, 10 ...

Using the notation @ A b = min(a, b), the stopped process can be defined as follows.
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Definition 59
If {M,} is a stochastic process with stopping time 7', call

Mt/ = Mpr

the stopped process.

For example, if T = 3, then My, = My, M,y = M, My,y = My, M3,p = M3, My, = My,
My, = M and the stopped process gets stuck at the value M.

In the Question of the Day, M is either o or 10, because of the condition of the stopping time.

Because the value of the stopped process is constant after a while, it is also a martingale with respect to the
same filtration.

Fact 42
If M, is a martingale and T is a stopping time wrt to the same filtration, the stopped process
M] = M, is also a martingale.

Proof. For M{ to be a martingale, we must show three things for all ¢ > 0:
1. M/ is &, measurable,
2. E[|M{|] < oo, and
3. E[M{,,|7,] = M.

Consider these in order.

1. Lett > 0. Then M{ = M,,p = M, - I(t <T)+ My - (T < t). All the information up to time ¢ is
enough to determine M,, [(T' < t), and [(T > t). When T' < t, M is one of M, ..., M,, and so it
determined as well by & ,. Hence M, is &, measurable.

2. Next,
E[[M7]] = E[IM [0 < T)[] + E[|M7[I(T < 2)]
< E[|M[] + B[[My| + [M; ] + [ M| + [Mg] + - + | M]]
since if T' < ¢ then My has to equal one of M,), ..., M,. But

t
E[| M, [] + E[| Mol + [My] + | My + [Ms] + - + |M,|] < E[M,]] + D E[IM;]],
=0

and all of these are finite since M, is a martingale, so their sum is finite as well.
3. Now to show E[M/ ,|F,] = M/. Use that
My = Myyzr =M T >t +1) + Mpl(T < t).
E[M{ 1 |F ] = E[My W(T >t + 1) + MpU(T < 0)|F].

Given the info up to time ¢, [({T" < t} is F ,-measurable, which means 1 — (T <¢) =0T >t + 1)
is also J,-measurable.



114 CHAPTER 13. STOPPING TIMES
Also,
MNT <t) e {0,My, My, M,, ..., M},

so is also J ,-measurable.
The only piece which is not J,-measurable is M, ;. So

E[M{1|F] = UT =t + DE[M, 4 |F,] + Mo U(T < 1)
= MtI](T >t+ 1) + MTI](T < t)
= M,r,

which completes the proof.

Now the stopped process being a martingale gives
(V) (E[M;] = E[Mo)).

So a limit can be taken:
flggo E[M,, 7] = E[M,].

Because of the way that T" was defined,
M, € {0,1,2,...,10},
and so |M,,r| < 10.

That means the Dominated Convergence Theorem (DCT) can be used to allow the limit to be brought inside
the expectation.
E[lim M, ] = E[My).

t—o0

This brings us to the problem of what exactly is

lim M,
t—o0 tAT

If P(T' < 00) = 1, then sooner or later ¢ will be greater than 7', and t A T' = T'. Otherwise, the limit could
be anything.

So consider P(T < o00). After any ten steps, there is a (1/2)!° chance of winning 10 games in a row,
therefore P(7 > 10) < 1 — (1/2)1°. The next ten steps then give (because they are independent of the
first)

P(T > 20) < [1—(1/2)"][1 - (1/2)"] = [1— (1/2)']*.

Generalizing gives
P(T > 10k) < [1— (1/2)'°]%,

so taking the limit as £ goes to infinity gives

P(T = ) < klim [1—(1/2)0F = 0.
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Question of the Day

Now put these steps together followed by one last calculation.

1. P(T < 00) = 1 since for T to be infinite, every ten steps would have to avoid being ten wins, but ten
wins happens with positive probability.

2. Solim,_, .  M,,r = M.
3. M, ,r is a martingale, so for all ¢ it holds that E[M,, | = E[M,)], and lim,_,  E[M,,r] = E[M,).
4. lim,_,  E[M,,;] = E[lim,_, . E[M,,r|] because | M, | < 10 so the DCT applies.

5. Hence

E[My] = E[M,).
6. Note
F[My] = P(M; = 10)(10) + (1 — P(M; = 10))(0) = 3,
so P(My = 10) =[0.3000
13.3 Does E[M ] always equal E[M,)?

It turns out not to be true that E[My,,] = E[M,] for all stopping times. Consider the Question of the Day,
but set
W =inf{t: M, = 4}.

It turns out that P(W < oo) = 1 like before, although it is more difficult to show, so this will be shown
later in the text. For now, just assume this is true. Then

[E[tlggo Myw| =4,
but E[M,,] = 3, so they are not equal!

The moral of this example is that it is not always possible to say that E[My;,] = E[M,] for a stopping time
w.

Problems

113. For a sequence a; = (—1), find

{i€{0,1,2,3,..}:a; = 1}.

114. For a sequence b, = i + (—1), find
inf{j : b; = 10}.
115. Suppose a player is playing a fair game where they either win or lose a dollar on each (independent)

play with probability 1/2. If they start with 4 dollars, and quit when they hit o or 16 dollars, what is the
chance that the player walks away with 16 dollars?



116 CHAPTER 13. STOPPING TIMES

116. Suppose a player is playing a fair game where they either win or lose two dollars on each (independent)
play with probability 1/2. If they start with 4 dollars, and quit when they hit o or 16 dollars, what is the
chance that the player walks away with 16 dollars?

117.
Consider a stochastic process where each X, € {0, 1,2}, with outcome
X, Xy =1,1,2,1,2,2,2,2,1,0,1,2,0,0,2,1, ..
a. Let T} = inf{¢ : X, = 0}. What is T} for the outcome given above?
b. Let T, = inf{¢ : X, = 3}. What is T, for the outcome given above?

118. Continuing the last problem, suppose Ty = inf{t : X, € {0,3}}. What is T} for the example
sequence?

119. Suppose My, M, M,,... = 3,5,2,5,3,4,1,3,4,—4,5, ..., and T = 3. What does the first eleven
terms of the sequence M, , look like?

120. Suppose My, My, M,,... = 3,5,2,5,3,4,1,3,4,—4,5,..,and W = inf{t : M, € {1,4}}. What
does the first eleven terms of the sequence M, ;- look like?

121. Consider two players playing a fair game where one player gives the other player $1 with probability
1/2. Each play of the game is independent of the previous games. Let M, be the amount of money owned
by the first player after ¢ steps in the game.

Then M, forms a martingale with respect to the natural filtration. Let T = inf{t : M, € {0,20}}. If
P(M, = 3) = 1, prove that P(T < o0) = 1.

122.
Continuing the last problem, do the following.
a. Show that E[M] = 3.

b. Find P(M; = 20).
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Artificial Martingales

Question of the Day

Suppose that a player is playing an unfair game where they win a dollar with probability 45% and lose a
dollar with probability 55%. If they start with 3 dollars, and quit when they hit o or 10 dollars, what is the
chance that they walk away with 10 dollars?

Summary

« If M, is not a martingale, often there is a value r such that N, = 7™+ is a martingale. Call this a
multiplicative martingale.

« Similarly, it might be true that W, = M, + ot is a martingale. Call this an additive martingale.

« Collectively, call these artificial martingales. Once an artificial martingale is in place, it can be used
to answer questions about the original process.

Last time the notion of a stopping time was introduced to make solving this type of problem easier. Recall
that T is a stopping time with respect to filtration F, if for every n, the event T < n is measurable with
respect to F ..

Note that stopping times exist for stochastic processes that are not martingales. In the Question of the Day,
if M, is the amount of money that the player has after playing ¢ games, then

T =inf{t: M, € {0,10}}
is a stopping time with respect to the adapted filtration F,, = o(M,, ..., M,,).

Unfortunately, M, is not a martingale, since

E[M,,1|My, ... M) = (0.45)(M, + 1) + (0.55)(M, — 1) = M, — 0.1.

So it is not true that E[M,] = E[M,] for t > 0.

117
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14.1  Multiplicative martingales

To solve this issue, use M, to create an artificial martingale that is a function of the original martingale.

First, let
D,,Dy,Ds,...~D

be iid, where

P(D=1) =045, P(D = —1) = 0.55.

Then write
t

M, =M,+> D,

i=1

and use the filtration
F,=0(My,Dq,Ds,...,D,).

Then each M, is 7, measurable.

As noted before, M, is not a martingale.

However, consider
N, = (0.55/0.45)M:,

This is a martingale with respect to 7 ,,.
Check the three properties.
1. N, is a function of M,, so is F,, measurable
2. |N,| <(0.55/0.45)%, so N, is a bounded random variable and so is integrable.

3. The conditional expectation of IV, ; given the information up to time ¢ is

E[N,,,|7,] = E[(0.55/0.45)Mo+ i1 Pi . (0.55/0.45)Pert | My, Dy , .., D,]

= (0.55/0.45) Mo+ Tt PLE[(0.55/0.45) P |

= N,[(0.45)(0.55/0.45)" + (0.55)(0.55/0.45) ']
= N,[0.55 + 0.45]

= Nt

14.2  Solving the Question of the Day

With this new multiplicative martingale N,, it is possible to solve the Question of the Day.

The first step is to show that P(T < co) = 1. Note that in the first 10 games, there is a (1/2)'° chance that
they are all losses for the player, resulting in 7' < 10. This is true for the second 10 games, the third, and so
on, giving for any positive integer k,

P(T > 10k) < [1 — (1/2)'0]F.
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Taking the limit as k goes to infinity gives
P(T = o00) = lim [1 — (1/2)19)% = 0.
k—o0

The second step is to use the stopped process
Nipr

which is a martingale since [V, is a martingale. Hence for all £,
E[Niyr] = E[Ny].

Since this is true for all ¢ it is true in the limit.

lim E[N,7] = E[N,].

t—o0
Since |N, 7| < (0.55/0.45)'°, the dominated convergence theorem can be used to bring the limit inside,
giving
E[No] = tlggo E[Ninr]

=t nggo E[NMT]}

= E[Ny]
since P(T' < o0) = 1.
That means

(0.55/0.45)% = (0.55/0.45)°P(N; = 10) + (0.55/0.45)°[1 — P(Ny = 10)]

which gives

. (0.55/0.45) —(0.55/0.45)°
P = (0.55/0.45)10 — (0.55/0.45)0 [0.1282 ..
14.3 The Gambler’s Ruin

Suppose instead of quitting at o or 10, the player quits at o or 20. Then the new probability of winning
would be ( / B / o
0.55/0.45)° — (0.55/0.45
=10.01519... |
(0.55/0.45)20 — (0.55/0.45)0
The only place the 20 appears is in the exponential of the denominator, so asymptotically the probability of
winning more than o is going down exponentially in the target value.

Suppose the probability parameter of the problem was changed slightly, so that the player had only a 40%
chance of winning and a 60% chance of losing. Then following the same path as before would give

(0.6/0.4)3 — (0.6/0.4)°

(0.6/0.4)10 — (0.6/0.4)0 =0.04191 ....

Because of this exponential decay in the win probability, and the sensitivity of the result to changes in the
probability of winning, this process is often called the Gambler’s Ruin.
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14.4 Additive artificial martingales

In the last section, an artificial martingale was created using multiplication to find the probabilities of the
outcomes. By using addition instead, it is possible to find the expected time needed to reach the outcome.

Going back to the original Question of the Day, what is E[7T]?
To solve this problem, create an artificial additive martingale:

i
R, =M, +0.1t = My+ > D, +0.1t.

i=1

Since R, is a function of M,, it is still 7, measurable.
Also, |R,| < t+ 0.1t = 1.1¢, so R, is integrable.
Finally,

E[Re1| T = E[Myoy +0.1(8 4 1)|F ]
= (0.45)(M, + 1) + (0.55)(M, — 1) + 0.1t + 0.1
= M, + 0.1t
so R, is a martingale.
Hence for all ¢, E[R, ] = E[Ry], so
E[Ro] = lim E[R, 7]

t—o0

= lim E[M, 7] + lim E[0.1(¢ A T)]

Note | M, | < 10, so the DCT can be used to bring the limit inside the expectation. The value of ¢ A T is
monotonically increasing in ¢, so the MCT can be used to bring that limit inside.

Since E[R,] = E[M,] + 0.1(0) = 3,
3= [lim M,p| +E |lim 0.1(tAT)]
= E[My] + 0.1E[T],
so E[T] = (3 — E[M])/0.1.
The mean of M can be found from the probability that M, = 10, so

(0.55/0.45)% — (0.55/0.45)°
(0.55/0.45)10 — (0.55/0.45)0"

This gives

£[7) — [F707-)
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Problems

123. Suppose that I play an unfair game where I have a 60% chance of winning $1 and a 40% of losing $1.
I start with $10, and quit when I reach $20 or $0. What is the probability that when I quit I have $0?

124. Suppose that I play an unfair game where I have a 65% chance of winning $1 and a 35% of losing $1.
I start with $10, and quit when I reach $20 or $0. What is the probability that when I quit I have $0?

125. Suppose that I play an unfair game where I have a 60% chance of winning $1 and a 40% of losing $1.
I start with $10, and quit when I reach $20 or $o. What is the expected number of steps until I reach $o or
$20?

126. Suppose that I play an unfair game where I have a 55% chance of winning $1 and a 45% of losing $1. I
start with $10, and quit when I reach $20 or $0. What is the expected number of steps I need to take before
quitting.

127. Suppose M, is a process where M, = 0 and

P(M,,, =M, +1|F,) =0.30
P(My = M;|F,) = 0.10
P(M,,, =M, —1F,) =0.60

Find a value 7 # 1 such that N, = r™: is a martingale with respect to the natural filtration generated by
M,.

128. Suppose 1M, is a process where M, = 0 and

P(M,,, = M, +1|F,) = 0.40
[P(Mt+1 = M,|7,) = 0.30
P(M,,, = M, —1|7F,) = 0.30

Find a value 7 # 1 such that W, = 7t is a martingale with respect to the natural filtration generated by
M,.

129. Suppose I play an unfair game where I have a 30% chance of winning $1, a 20% chance of losing $1,
and a 50% chance of staying at my current dollar amount. If I start with $10, and quit when I reach $20 or
$o, what is the chance that I quit when I have $0?

130. Suppose I play an unfair game where I have a 20% chance of winning $1, a 15% chance of losing $1,
and a 65% chance of staying at my current dollar amount. If I start with $10, and quit when I reach $20 or
$o, what is the chance that I quit when I have $0?
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Chapter 15

Uniform Integrability

Question of the Day

Is there a necessary and sufficient condition for

E [lim Xt] = lim E[X,]

t—o0 t—o00

when the X, > 0?

Summary

« A stochastic process X, is uniformly integrable if

lim sup E(|X,[1(|X,| > B)) =0.
B—oo ¢

« If X, — X in probability and the X, are uniformly integrable, then lim E[X,] = E[X].

« For X, — X in probability, the following are equivalent. (a) The X, are uniformly integrable. (b)
IimE|X,, — X|=0. (c) imE|X,| = E| X]|.

« A sufficient condition for a stochastic process X, to be uniformly integrable is that | X;| < Y where
Y is an integrable random variable.

Two main theorems provide sufficient but not necessary conditions for swapping limits and expected value,
the Dominated Convergence Theorem (DCT) and the Monotonic Convergence Theorem (MCT).

Is it possible to do better, and find a condition both necessary and sufficient? Today this question will be
answered for nonnegative random variables.

Recall our counterexample for swapping limits and mean:

U ~ Unif([0,1]), X,, = nl(U < 1/n).

123
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The problem here is that there is a small chance of the X, being extremely large. Preventing this from
happening would allow the limit swap to work.

The condition that keeps the X, from being too large is called uniform integrability. The main theorem of
this section says the following.

Theorem 5
Suppose X,, — X in probability. Then the following are equivalent.

a. The {X,, } are uniformly integrable.

b. lim, . E|X, — X| =0.

n—oo

c. lim E| X, | =EX]| < oco.

n—oo

The condition E|X,, — X| — 0 is also called L* convergence.

In particular, F| X, — X| = 0 implies that lim E(X,,) = E(X).

n—00

Fact 43
IfE|X,, — X| = 0and X,, — X in probability, then

lim E(X,)=E ( lim Xn> = E(X).

n—oo n—oo

Proof. Note
IimE(X,) =EX) < lmE(X, —X)=0<lim|E(X, — X)|=0.

By Jensen’s inequality,

SolimE|X, — X| =0 — |E(X,, — X)| = 0 and the proof is complete. O

15.1 Defining uniform integrability

The path towards uniform integrability starts by understanding the mean of a single random variable first.
Recall that a random variable X is integrable if E(] X|) < oc. The next fact says that a random variable is
integrable if and only if its tails are small in some sense.

Fact 44
A random variable X is integrable if and only if

lim E(|X|)(|X| > B)) = 0.
B—oo

This says that as less and less of the tail of | X| is kept, the average of what is left of the tail must go towards
o. Another way to say this is for E[|X|] = oo, no matter how far out in the tail you go, still the average
remains infinity!

Proof. (=) Assume | X| is integrable. Then P(|X| < co) = 1, so for any given | X| value, with probability
1 eventually B — oo will be greater than | X|.
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So that means
lim | X|I(|X|> B) =0.
B—oo

Forall B > 0,

X|0(JX| > B) < |X| which is integrable, so we can use the DCT to say:

Jlim E[[X[1(|X] > B)] = E | lim [X])(|X| > B)| = E[0] = 0.

(<) Now suppose limp_, . E(|X|I(|X]| > B) = 0. Then | X| = | X|I(]X] > B) + | X|I(|X| < B). So
E[IX[] = E(XI(X| > B)) + E(X[I(X] < B)).
The assumption is that the first term on the RHS goes to 0 as B — o0, so there exists a value M such that
E(X[|X] > M)) < 1.

Note | X|I(|X| < M) < M, so
E[|X]] < M +1 < oo,

which finishes the proof. O
Given a stochastic process { X, } where for every index a, X, is integrable, it holds that

supBlglgC E[| X, |0(]X,| > B)] =sup0=0.

What if the limit and supremum are swapped, and the result still is 0? Then the resulting process is uniformly
integrable.

Definition 6o
A stochastic process { X, } is uniformly integrable if

lim (sup E(|X, 00| X,| > B))) = 0.
B—oo t

15.2  Sufficient conditions for uniform integrability

The direct definition of uniformly integrability can be difficult to apply.
Therefore, there are more restrictive conditions that imply uniform integrability.

Fact 45
Two conditions that imply { X, } is uniformly integrable are:

« Boundedness:
(FM)(Vn)(|X,| < M),

« Dominated by integrable random variable:

(3Y : E[]Y]] < 00)(Yn)(P(X, < Y) = 1).
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Proof. A bound is a special case of domination, so it suffices to prove only that condition.
Suppose that | X,;| <Y for all ¢ where Y is integrable. Then

1 X,[I(X, > B) <YIY > B)

for all t. Hence
sup | X, |I(X, > B) <YI(Y > B).
t

Since Y is integrable,
lim E[YI(Y > B)]=0
B—oo

which then gives the same limit for the X,. O

15.3 A process that is not uniformly integrable

Not all processes are uniformly integrable. Any process where you cannot bring a limit inside expectation
will not be uniformly integrabile.

So consider this earlier example where you cannot bring the limit inside expectation. You can directly show
that this process is not uniformly integrable.

« Let U ~ Unif(]0,1]) and Y,, = nl(U < 1/n).

« SoY, €{0,n}.

« Forn > B, E[Y,I(Y,, >B)]|=0(1—1/n)+n(l/n) =1.

* So E[Y,] = Lforalln, sosup E[Y,]=1+#0.

+ Does not converge to o, so Y,, cannot be uniformly integrable.
+ Note Y,, — 0 w.p. 1, and so also in probability.

« And lim.

n—00

E[Y,] = 1, but Ellim, ,  Y,] = 0.

15.4 Proof of the uniform integrability theorem

The theorem states that when X,, — X in probability the following three statements are equivalent.
a. The X, are uniformly integrable.
b. imE|X,, — X| = 0.

c. imE|X,| = EX]| < .

Proof. Start with a — b. Suppose the X, are uniformly integrable.

As noted earlier,
IimE(X,,) =E(X) < limE(X,, — X) =0.
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By Jensen’s Inequality, the right hand side will be true if
limE|X, — X|=0.
So this is the new goal!

Fix m € {1,2,3,...}. Then there exists B; such that for all b > By,

1
E[|X,|I(X, >b)] < —.
s1t1p [1X,[0(X; > b)] 3m

Let ¢, be the function that rounds # down to M if z > M, and up to —M if x < —M. That is:
opy@)y=M-l(z>M)+z-(-M<z<M)—M- l(z <—M).

Then
X, =X = (X, = 9p(X,)) + (¢p(X,,) = ¢p(X)) + (¢p(X) — X).
Taking absolute values and means, and using the triangle inequality gives

ElX, — X| <E|X,, — ¢p(X,) |+ Elop(X,) — op(X)| + E|lpp(X) — X].

term 1 term 2 term 3

The goal then becomes: show that each of these three terms is at most 1/(3m) for large enough n and B.

The second term is easiest: since ¢5(X,,) — ¢p5(X) is between —2M and 2M, the bounded convergence
theorem gives that this converges to o as n — co. Hence there is an N such that E|¢p5(X,,) — d5(X)| <
1/(3m) foralln > N.

Uniform integrability also deals easily with the first term. When X,, € [—B, B}, I(|X,,| > B) = 0 and
Xn - ¢B(X7z) = 0. When |Xn‘ > B’ then |Xn - ¢B(Xn)| = ‘Xn| —B< |Xn| Hence

So uniform integrability gives that there exists B, such that for all b > B, and n, E|X,, — ¢,(X,,)| <
1/(3m).

To understand the third term, first show that X must be integrable. Since | X,,| and | X| > 0, Fatou’s lemma
says that
liminfE| X, | > Elliminf|X,,|] = E|X].

So our new goal is to show liminf E[| X, |] is finite.
Since either | X, | is bigger than b or less than b, for all b,

[ Xl = 1X, 00X, > b) + | X, 001X, [ < b) < X, [0(1X,[ > b) +0,
For b > B,

sup E[| X, [] < |sup E(|X,[1(X,, > D))| +b<1/(3m) +b

which means
liminfE[| X, |] <supE[|X,|] <14 By < oo,
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making E[|X|] < liminfE[|X,,|] finite.
From integrability, for the third term there exists By such that for b > B,

El¢y(X) — X[ < E[[X[I(|X] > b) <1/(3m)

Hence there for B = max{ By, By, By}, there exists an N such that for all n > N,

1 1 1 1
ElX - X< —4+ —4+ — =_—
X ‘*3m+3m+3m m

and limE|X,, — X| =0. O
Now for the next equivalence.
Proof. Show that b — c. Note that for any two real values = and y, ||z| — |y|| < |z — y|. Combining this
with Jensen’s inequality gives

0 < [E|X,| — E[X]| < E[|X,| - [X]| < E[X, — X].

n|_

So if the right hand side has limit o, so does |E|X,,| — E|X

, which completes the result. O
The last equivalence can be shown as follows.

Proof. Show that ¢ — a. Assume statement c is true, so limE(|X,,|) = E(| X]).
Create a continuous function that serves as a lower bound on f(z) = zl(z < M):

Uar(@) = 2@ € [0,M/2]) + (M — 2)l(z € (M/2, M])
Since ¢, () < zl(x < M)), it holds that

2z >M)=x—2zl(x < M) <x—1,(x).

That means

< E[X, | = BIX] + EJX] = E(¢ar(1X1) + E(@ar (1X]) — E(¢p (X))

Because 1), is a continuous function differentiable almost everywhere with a derivative that is at most 1
in absolute value, for any two real values

Uar(2]) = Var(lyl) < [lz] =yl

That gives
E@a(1X1)) = E(@ar (1X,1)) < [E(X] = XD

and
E[| X, [0(1X,,[ > M)] < 2|E[X,

e

| = BIX] 4+ B[X] = E(dar (1XT))
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Lete > 0.
Because E| X, | — E|X

, there exists an N such that for alln > N, 2|E| X,,| — E|X]| < ¢/4.

Because |X]| is integrable and | X| — ¢, (| X]) < |X
is an M; such that for all m > M,

, the dominated convergence theorem gives that there
E[X] = E(¥a (1X]) < €/2.

Hence forn > N and m > M,
E[IXa (00X, > m)] < 2(e/2) +¢/2 = .

Since X,..., X_; is a finite set of integrable random variables, there exists and M, such that for all

m>Myandie{l,..,N—1},

E(|X 01X, >m)) <e

Combining these, for m > max(M,, M,),

sup E[|X,, [1(]X,,| > m)] < e

Since € > 0 was arbitrary, this gives

lim sup E(|X,,[I(|X,]| > M))=0
M—oo

and the X, are uniformly integrable. O

Problems
131. Let G ~ Geo(1/2). What is limp_, . E(GI(G > B))?

132. Let U ~ Unif(]0, 10]). What is limp_, .  E(UI(U > B))?
133. Let U ~ Unif([0,1]), and W,, = \/n-I(U < 1/n). Show that the set of {W,,} is uniformly integrable.

134. Let U ~ Unif([0,1]), and R,, = n? - (U < 1/n). Show that the set of {R,,} is not uniformly
integrable.

135. Let D, D,, ... be iid Unif({—1,1}), and X, = Z:Zl D,. Then X, is a martingale, and T' = inf{¢ :
X, = 1} is a stopping time with respect to the natural filtration.

If you are given the fact that P(7" < co) = 1, use this to show that { X,,,} are not uniformly integrable.

136. Let D, D,,... be iid Unif({—1,1}), and X, = Z:Zl D,. Then X, is a martingale, and R = inf{¢ :
X, = 30} is a stopping time with respect to the natural filtration.

If you are given the fact that P(R < 00) = 1, use this to show that the sequence { X, .} is not uniformly
integrable.

137.
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Let Dy, D,, ... be iid Unif({—1,1}) and consider the martingale

M,=5"D,.

n
i=1

For a fixed positive integer a, let
T =inf{n: M, € {—a,a}}

a. Use the Martingale Convergence Theorem to show that P(T < co) = 1.
b. Find P(M; = a).
138.

Let Wy, W, ... be iid Unif({—2, 2}) and consider the martingale

X, => W,
=1

Then for a fixed positive integer a, let
T =inf{n: X, € {—2a,2a}}
a. Use the Martingale Convergence Theorem to show that P(T < o0) = 1.

b. Find P(X; = 2a).

UNIFORM INTEGRABILITY



Chapter 16

The Martingale Convergence Theorem

Question of the Day

For a martingale { M, }, when does lim,_, . M, exist?

Summary

« A sufficient condition for lim, , M, to exist is that the martingale is uniformly integrable. This fact
is called the Martingale Convergence Theorem.

Last time a new characterization of integrable was introduced. A random variable X is integrable if and
only if

lim E[|X]I(|X] > B)] = 0.

B—oo

This idea gives us a way to characterize when a collection of random variables { X} are all integrable
together, which is called uniform integrability:

lim sup E[| X, |I(]X,| > B)] =0.
B—oo
To why this condition might relate to martingales, consider an example of a martingale that does not con-

verge to a value.

16.1 Simple symmetric random walk on the integers

Let Dy, D,, ... be iid D, where
P(D=-1)=P(D=1)=1/2.

Then let
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This walk is called simple symmetric random walk on the integers. It is simple because the value of M, can
only change by one integer. It is symmetric because the chance of increasing by one equals the chance of
decreasing by one. It is a random walk because it can be written:

M,y =M, + Dy,

that is, the next state M,_; is the current state M, plus a change D, that is independent of what came
before.

An example sequence in this chain would be
{M,}=0,1,2,3,2,3,4,5,4,3,2,1,-1,0,—1,0,—1,—2,—1,0,1, ...

Note that the value of the process M, is always changing by 1, so it does not converge to any one particular

value. Now consider the stopping time 7" which is the first time the process hits either 4 or -4:

T = inf{t : |M,| = 4}.

Then the stopped process looks like

{Mt/\T} = 07 17 27 33 2; 3,474,4, e

This process does converge, to the value 4 or -4 and stays there thereafter.

So what is the difference between these two processes? They are both martingales, but M, is not uniformly
integrable, while M, ,+ is uniformly integrable. In fact, all uniformly integrable martingales converge!

16.2__The Martineale Convergence Theorem
Theorem 6
Martingale Convergence Theorem

Let M,, be a uniformly integrable martingale. Then

M = lim M,

n—oo

exists with probability 1, and E[M | M| = M,.

This theorem has a lot of applications!

16.2.1 Applications of the Martingale Convergence Theorem
16.2.1.1 Showing a process is not uniformly integrable

Let M, = Z;l D, be simple symmetric random walk on the integers as before. As noted earlier, the process
M, cannot converge because at each time step it changes by 1. Hence it cannot be uniformly integrable.

Here the contrapositive is being used from logic. A logical statement p — ¢ is true if and only if the
contrapositive statement =g — —p is true. In this case, all uniformly integrable martingales converge, so if
a martingale does not converge, it is not uniformly integrable.
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16.2.1.2 Showing a stopping time is finite

For M,, consider the stopping time

T =inf{t : M, = —10 or M, = 5}.

Then | M, 7| < 10, so the collection {M, 1} is uniformly integrable. That means that
tlggo Minr

exists with probability 1. But that can only be true if P(T" < oco) = 1, because if T' = oo then the process
M, ,r always changes by 1 at each step.

16.3 Proof of the Martingale Convergence Theorem

In order to show the Martingale Convergence Theorem, the key ingredient is called an upcrossing. This is
an interval [a, b] such that at some time ¢, it holds that M, < a, and for some time ¢, > ¢, it holds that
M, >b.

, 2

Notice that if the martingale represents a stock price, and you buy one share of the stock at time ¢; and sell
the share at time ¢,, then you must have made at least ¢, — ¢; in value. If the stock is a martingale, then if
an infinite number of upcrossings happen, then you could make an infinite amount of money, even though
the stock price represents a fair game!

Hence it is true (as will be shown) that the expected number of upcrossings in a martingale is finite with
probability 1. On the other hand, if you have a sequence that has no limit, then it is either shooting off to
infinity or minus infinity, or it is bouncing back and forth, which gives an infinite number of upcrossings.

Since a uniformly integrable martingale can do none of these things, it must have a limit with probability
1.

Now let’s make these ideas more precise.

Definition 61
Let @ < b be rational numbers, and M, a uniformly integrable martingale. Set

T, = inf{t: M, < a}, T, = inf{t > T, : M, > b}.

When T, and T}, are finite, call the interval [T, T}, | an upcrossing of [a, b] by the martingale.

The next fact shows that any particular upcrossing might never occur!

Fact 46
For a < b on a uniformly integrable martingale, either P(7,, = oo) or P(T}, = o) is positive.

Proof. Let a < b for a uniformly integrable martingale, where P(T, = oo0) = P(T},, = 00) = 0. For such a
martingale, the stopped process is also uniformly integrable and so limits can be brought inside expectations
to give

M, = tlggo [E[MTQ/\t|MO] = [E[MTJMO]-
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Also
M, = tlggo [E[MTGMMO] = [E[MT,,|MO]'
Since My, < a, it holds that E[M7, |My] < a and similarly E[M, [M,] > b. Hence
My <a<b< M,
which implies that a = b = M,

Hence for all a < b, this shows that for a uniformly integrable martingale with P(7,, < o0) = P(T}, <
o0) = 0 it holds that a = b. The contrapositive of this statement is if a < b, then at least one of P(T,, = 00)
and P (T}, = co) must be strictly positive.

Having a nonzero chance of never having another upcrossing after T, < 7, < oo occurs means that the
number of upcrossings is finite with probability 1.

Note that the set of pairs of rational numbers a < b is countable, so with probability 1, a u.i. martingale M,
has a finite number of upcrossings for all rational numbers a < b.

On the other hand, for a sequence to not have a limit, there must be some interval with rational endpoints
where an upcrossing occurs an infinite number of times.

Fact 47
Let 2y, 1, x4, ... be a sequence of real numbers that does not converge to a real number or co
or —oo. Then there exists rational numbers a < b such that x; upcrosses (a, b) infinitely often.

Proof. Recall

limsupx; = lim supxz;
n—00 ;sn

liminfz; = lim infx,
n—oo i>n
A useful real analysis fact is that lim x; exists if and only if lim sup z; = liminfx,.

Suppose liminfx,; < limsup x;, then there must exist rational numbers a and b such that

liminfz; < a < b < limsup x;.

Since a and b are strictly inside (lim sup z;, liminfz,), there are an infinite number of x; that are at least b,
and an infinite number of x; that are at most a. Hence x; upcrosses (a, b) infinitely often. O

This combined with the upcrossing result for uniformly integrable martingales gives the Martingale Con-
vergence Theorem.

16.4 Polya’s Urn

Polya’s Urn is a martingale that converges not to a discrete state (like in the earlier examples), but to a
continuous random variable!
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The idea is to start with one red and one blue marble in an urn (kind of a tall, rounded vase.) At each step
of the process, pick a marble uniformly from the urn. Put that marble back into the urn, and add another
of the same color.

For example, drawing a red marble at the first step has the player put the red marble back and add another
red marble. This gives an urn with 2 red and 1 blue marbles. If R, is the number of red marbles, and B,, is
the number of blue marbles after n draws, let

R R
M — n — n
" R,+B, 2+n

be the fraction of red marbles after n draws.
Here is the weird, wild fact about this: M,, is a martingale with respect to the adapted filtration!
Since |M,,| < 1, it is bounded and integrable.

On draw n + 1, M, equals the chance of picking a red marble. Given that there are n + 2 marbles at this
time, the number of red marbles is R,, = M, (n + 2). After one step, the number of red marbles is either
M, (n+2)+1or M, (n+ 2). Hence the percentage of red marbles is

M M,(n+2)+1 M,(n+2)
il n+3 " n+3 '

The chance of picking these outcomes are M,, and 1 — M, respectively. Hence

M,(n+2)+1 M, (n+2)
E[M. Fl=M 12—+ — 1-M )———
[ n+l| n] n n+3 +< n) n+3
_ M, +Mn(n+2):Mn(n+3):Mn
n+3 n—+3 n—+3

Since | M,,| < 1, it is uniformly integrable. So do the fractional values in M,, converge to anything?

Yes! It turns out that R, will always be uniform from 1 up ton + 1.

Fact 48
In Polya’s Urn with Ry = By = 1,

R, ~ Unif({1,2,...,n+ 1}).

Proof. The proof is by induction. Since R, = 1 the base case holds. Suppose for some n > 0 that R,, ~
Unif({1,...,n 4+ 1}).

Consider R, ;. Let A,, be the indicator that the marble chosen at time n + 1 is red.

1 1 1 n+1 1
PRy = 1) =P(R, = LA,y =0) = — - (1- ) = P

Similarly,
1 n+1 1
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and finally, for i € {2, ...,n}

P(R, =1 =P(R, =44, ,=0V(R,=i—1A4,,, =1))
=P(R,=%4,4,,=0)+(R,=i—1,4,,,=1))
1 n+2—q 1 i—1
T i+l n+2 +n+1'n+2)
1 n+1
T n+l n+2
1
n+2

This completes the induction. 0

So if R,, is always uniform over {1,2,...,n + 1}, then for any a € [0, 1],
P(M, <a) =P(R,/(n+2) <a)=[(a(n+2)]/(n+1)) = (a(n+2) —€,)/(n+1)
where each ¢, € [0, 1]. Taking the limit as n — oo gives

lim P(M,, < a) = a,

n—oo

which means the M,, are converging to the uniform distribution over [0, 1].

Problems
139. If T}y =3 and T35 = 7, call [3,7] an of [10, 15].
140.
Suppose there is an upcrossing of [5, 10] over the times [17, 34].

a) What is T;?

b) What is 17,7
141. Suppose that the B,Unif({—2,—1,1,2}) are iid. Show that

¢
W, => B,
i=0

is not uniformly integrable.

142. Suppose that M, is a martingale such that | M, , — M, | > 0.3 for all £. Show that M, is not uniformly
integrable.

143.
Suppose D is a random variable that is 3 with probability 1/4, and —1 with probability 3/4.

a) What is E[D]?
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b) Let D, D,, ... be iid with the same distribution as D. Then

n
M, =3 D;
i=1
is a martingale. Prove that it is not uniformly integrable.

144. Suppose that W is 4 with probability 1/5 and —1 with probability 4/5. Let W, ..., W, be iid W.

Then N
2w
i=1

is a martingale. Show that this martingale is not uniformly integrable.

145. Suppose that R € [0, 1] with probability 1 and that E[R] = 0.3. Then for R, R,, ... iid with the same
distribution as R,

M, =Y (R,—03)/2
i=1
is a martingale. Show directly that no matter what the values of R; are, that lim,,_, ., M, exists.

146. Suppose that W € [—1, 1] always and has mean o. Then
n
S, =Y W;/i%.
i=1

is a martingale. Show directly that no matter what the values of the W are, that lim,,_, . S,, exists.
147.
Consider Polya’s Urn, and suppose that it starts with 2 red and 1 blue marble.

a) After one step, what is the distribution of the number of blue marbles?

b) After two steps, what is the distribution of the number of blue marbles?

148. In Polya’s Urn starting with 1 blue and 1 red marble, if NV, is the number of blue marbles after ¢ steps,
what does P(V,/t < 0.4) converge to?
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Chapter 17

The Optional Sampling Theorem

Question of the Day

A bet of = dollars on red in American Roulette returns 2z dollars with probability 18/38, and o dollars with
probability 20/38. Is there a betting scheme that guarantees a player wins 1 dollar with probability 1?

Summary

The Optional Sampling Theorem says that for a martingale { M, } with stopping time 7" such that M, , -
is uniformly integrable, then E[M|M,] = M,,.

17.1 A surprising answer

The perhaps surprising answer to the Question of the Day is yes, there is! So why are casinos not worried
about mathematicians using this method to win fortunes? Because there is a problem: you need to have an
infinite amount of money available to accomplish this. Read on to see why.

17.1.1  Martingale betting scheme

This betting scheme has become known as the martingale betting scheme.
« Start by betting one dollar.
« If you win, quit, you’ve won one dollar!

« Otherwise, double the bet, and play again. Repeat until you win.

17.1.2 Analysis

Using this betting scheme can cause the player’s worth to dip far into the negative numbers. But whenever
the player wins, the total amount won will be exactly one dollar!

139
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Suppose the player wins on the third game. Then the total earning are

—1-24+4=1

Suppose the player wins on the fifth game. Then the total earnings are

-1-2—-4-8+16=1.

« Now let’s generalize! Suppose the player wins on the ¢th game. Then the total earnings are

1—1 i 0

. . .20 —2
20— "ol =i — =1.

~ 21

« So the player always wins 1 dollar total using this method whenever they win a game.
If M, is the money after ¢ steps of betting, and T is the first time you win a game,
My = My + 1so E[Mp|My] #+ M,.

The Optional Sampling Theorem says that this type of behavior cannot happen when the stopped process
is a uniformly integrable martingale.

Theorem 7
Optional Sampling Theorem

Suppose that M, M, ... is a martingale and T is a stopping time with respect to { £}, }. If M,
is uniformly integrable, then
E[M7p|M,] = M.

Optional Time is another term for stopping time in the context of discrete time stochastic pro-
cesses. So M is the value of the martingale at the optional time, that is, the martingale is being
sampled at this time, hence the name of the theorem.

Proof. 'The uniform integrability of M, gives
My = lim E[My,|Mo] = E | lim My, |My| = E[Mo[My].

where the last step comes from the Martingale Convergence Theorem.

T < oo, then M, = Mp. f T = oo, then M = M. Either way, M, = E[Mp|M,], and we are
done. O

17.2  Supermartingales and submartingale

So far the focus has been on martingales, fair games, but some games are biased upwards or downwards.
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Definition 62
A stochastic process M, M, ... is a submartingale with respect to a filtration F, if for all n:

1. M, is measurable with respect to F,.
2. E[|M,,]] < o0

3. foralln >0, M,, < E[M,,,|F,].

Definition 63
A stochastic process M, M, ... is a supermartingale with respect to a filtration F}, if for all
n:

1. M,, is measurable with respect to F,,.
2. E[|M,,]] < o0

3. foralln >0, M,, > E[M,,,|F,].

Note: if M, is a submartingale, —M, is a supermartingale. If M, is both a submartingale and a
supermartingale, it is just a martingale.

Our two main theorems (Martingale Convergence Theorem and Optional Sampling Theorem) hold
for sub and supermartingales with the appropriate inequality sign.

Theorem 8
Martingale Convergence Theorem

Let {M,,} be a uniformly integrable martingale, submartingale, or supermartingale. Then

M., =lim,_,_ M, exists with probability 1, and
> M, for submartingales
E[M_|M,]{ = M, formartingales
< M, for supermartingales
Theorem 9

Optional Sampling Theorem

Suppose that M, M, ... is a sub or super or regular martingale and 7' is a stopping time with
respect to {F,, }. If M, is uniformly integrable, then

> M, for submartingales
E[Mp|My]< = M, for martingales
< M, for supermartingales

17.2.1  Applying the OST: Roulette

Is there a stopping time (betting scheme) that allows you to make money on Roulette, if the player must
quit whenever their amount of money leaves a particular interval?
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Start by letting M, be the amount of money that the player has after ¢ plays of Roulette, betting on red each
time.

Next, our model should have the next bet amount allowed to depend on whatever happened previously. Let
F, be the information in the history of the ¢ spins. Then let f(F}) be the amount of money bet on (¢ + 1)st
spin given what happened in the first ¢ spins.

It follows that M, is a supermartingale, since

[E[Mt+1|Ft] =M, + f(Fn)(18/38) - (20/38>f(Fn) < M,.

Now set up the stopping time. Call the interval of money where the player keeps playing [a, b]. Then

T =inf{t : M, < a or M, > b}.

Because it is bounded, M, is a u.i. supermartingale. Then by the OST,

E[Myp[M,] < M.

In other words, no matter what betting scheme you use, there is no way for the player to make money on
average as long as the player quits when the money left falls below a certain number or when it rises above
a certain number.

17.2.2 An application: convergence of simple symmetric random walk
Can OST be used to show that simple symmetric random walk, which is X, = 22:1 D, where D, x
Unif({—1,1}), reaches 1 in finite time with probability 1?

To answer this, consider T}, ; = inf{t : X, € {1,a}}, and T} = inf{t : X; = 1}. The reason to use 7, ;
is that X, AT, , IS @ bounded martingale, and so is uniformly integrable. That means that the Martingale
Convergence Theorem can be used to say that lim, ,, X, =~ = X exists with probability 1, which is
equivalent to saying that T, , is finite with probability 1.

Hence X = X ,and
E[X7, ] = E[X,] = 0,

where
[E[XT(L,I] = (1 - [P(XT(L,I = a)) -1+ P(XT,,,,I = a)a~

Solving gives
IP(XTm1 =a)=1/(1—a).

Now, if T} = 00, then XTa L =a since it must have reached a before reaching 1. So
(Va e {—1,-2,..})(P(T}, = 0) < [P(XTQ’1 =a)=1/(1—a)).

The only number in [0, 1] less than 1/(1 — a) for all negative integers a is o, so P(T}; = o0) = 0.
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Problems

149. Suppose that M, is a martingale where M, = 0 and with stopping time 7" such that M, , 1 is uniformly
integrable. What can be said about E(M)?

150. Suppose that IV, is a martingale where IV, = 0 and with stopping time 7} such that N, is uniformly
integrable. What can be said about E(Ny, )?

151. If M, is a martingale with stopping time T, and M, is uniformly integrable, must it be true that
T < oo with probability 1?

152. In Polya’s Urn starting with one red and one blue ball, where M, is the proportion of red balls, if
T =inft: M, =1/3,is P(T = c0) > 0?

153. Suppose W, is a martingale with stopping time S. Say W, = 0 and |W,, 4| < 40. What is E[W]?

154. Suppose R, is a martingale with stopping time 7. Say Ry = 4 and |R,,,| <Y, where Y ~ Geo(1/2).
What is E[R,]?

155. A gambler is trying to develop a betting scheme B, based on a game that wins B, with probability 0.4
and loses B, with probability 0.6 at each play of a game. Is there any betting scheme where 1 < B, < 1000
at each step where the player quits at the first time 7" where B, > M, or M, > 1000 such that E[M|M,] >

156. A gambler is trying to develop a betting scheme B, based on a game that wins B, with probability 0.4
and loses B, with probability 0.6 at each play of a game. Is there any betting scheme where 1 < B, < 1000
at each step where the player quits at the first time 7" where M, > 1000 or M, < 0 such that E[M,|M,] >
My?
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Chapter 18

Markov chains

Question of the Day

In a model for a queue, the queue length starts at o. At each step, with probability 40% someone arrives to
the queue, otherwise with probability 60% someone leaves the queue, unless the queue is empty in which
case it stays empty. If the queue already has 4 people in it, an arrival does not join the queue. Given the
queue is empty, what is the expected time needed for the next time the queue is empty?

Summary
+ Informally, a Markov chain is a stochastic process that has the memoryless property:
(X1 Xy X5 o, Xo] ~ [ X4 [X]
so that the next value in the process only depends on the current value, and no other history.

« Formally, a stochastic process { X, } is a Markov chain with respect to a filtration F, if for every t,
X, is &, measurable, and for all A measurable with respect to X, ;, P(X,,; € A|F,) =P(X,; €
AlX).

« A Markov chain is time homogeneous if the distribution of the next state only depends on the
current state and not on the time value ¢. So for all ¢, [ X, ;| X,] ~ [X|X].

« For a finite state Markov chain, first step analysis allows us to find the expected time needed to
travel from one state to another.

In the Question of the Day, the model of a queue is an example of a Markov chain, a process X, X, X, ...
where the distribution of X, ; only depends on X, and not on the earlier values of the chain.

Unfortunately, this particular Markov chain is not a martingale, submartingale, or supermartingale, since
when the queue is empty the state value can only increase, and when the queue is full at 4 the state value
can only decrease. Hence new techniques will be needed here.

145
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The queue length at the next step only depends on the current queue length, not on past history. Mathe-
matically, this means that the distribution of the state at the next step only depends on the current state,
and not any state prior to that. This can be formalized using a filtration.

18.1__Markov chain definition
Definition 64
A stochastic process X, X;, X5, ... is a Markov chain with respect to filtration F) if for all ¢,

1. X, is F}, measurable and

2. [Xt+1|Ft] ~ [Xt+1|Xt]'

Definition 65
A Markov chain X, X, ... is time-homogeneous if for all ¢,

[Xt+1|Xt] ~ [X1|Xo]-

Markov chains are often called memoryless processes because they can only remember the last state
X;, and forget X, ..., X, ; when generating X, ;.

For state space (2, a Markov chain has the form:

Xt+1 = f(Xt» Ut+1)a

where f : Q x [0,1] — Q is a deterministic function.

Unless indicated otherwise, all Markov chains in this course will be time-homogeneous.

18.1.1 Example: the queue in the Question of the Day

« The sequence of queue lengths could be:
- 0,1,0
- 0,0

- 0,1,2,3,4,4,4,3,2,3,2,1,0

LetT =inf{t > 1: X, = 0}.

What is E[T]?

18.1.2 How to represent Markov chain

There are multiple ways to represent Markov chains, perhaps the easiest to follow is graphically.

Definition 66

A directed graph is a mathematical object that consists of a set of nodes V' (also called vertices)
and edges (also called arcs) E C V2. For edge (v, w) € E, call w the head of the arc and v the
tail.
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For a time-homogeneous Markov chain, nodes represent states of the chain, and an edge from v to w is
marked with the probability of moving from state v to state w in one step.

Definition 67
For a Markov chain over state space 2, the transition graph has node set (2, edge set 22, and
every edge (z,y) receives label

p(z,y) = P(Xyy =yl X, = o).

Typically arcs with label 0 are not drawn in the representation, although they still exist.

For the QotD MG, this transition graph can be drawn as follows.

18.1.3 Back to the Question of the Day

In the question of the day 7" was the number of steps needed to return to state 0 starting from state 0. It
actually helps to have more random variables defined.

Fora € {0,1,2,3,4}, let
T,=inf{t >0: X, =0|X, =a}.

For instance, T} is the number of steps needed to get to state o starting at state 3. And E[T}] is the average
number of steps needed to return to o starting at state 3.

To find E[T;] (and E[T}], E[T}], etcetera), use first step analysis. This method considers what happens at
the first step of the chain.
E[T;] = E[E[T3]X,]]
= E[T3]X, = 2]P(X, = 2) + E[T3]X, = 4]P(X, = 4)
= (14 E[T3])(0.6) + (1 + E[T,])(0.4).

This same technique can give an equation for each of the E[T}] values.

E[T,] =0

E[T,] = (1 + E[T])(0.6) + (1 + E[T5])(0.4)
E[T,]) = (1 + E[T1])(0.6) + (1 + E[T5])(0.4)
E[T5] = (1 + E[T3])(0.6) + (1 + E[T,])(0.4)
E[T,] = (1 + E[T3])(0.6) + (1 + E[T},])(0.4).
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It is more compact to write this as a linear system. Let w; = E[T}], then

wy =0

wy; = 14 0.6wy + 0.4w,
wy = 1+ 0.6w; + 0.4w,
ws = 1+ 0.6w, + 0.4w,
wy =14 0.6w; + 0.4w,,

Or in matrix notation:

0 1 0 0 0 0

1 —0.6 1 -04 O 0

1| = 0 —0.6 1 —04 O w.
1 0 0 —0.6 1 —0.4

1 0 0 0 —0.6 0.6

These sorts of systems of equations can be solved using MATLAB, Mathematica, R, or many modern calcu-
lators.

Wolfram Alpha provides a web interface to Mathematia. To solve this problem in Wolfram Alpha, give the
following command to www.wolframalpha.com:

inverse{{1,0,0,0,0},{-0.6,1,-0.4,0,0},{0,-0.6,1,-0.4,0},
{0,0,-0.6,1,-0.4},{0,0,0,-0.6,0.6}}*
{{o}, {1}, {1}, {1},{1}}

The result to four sig figs is

4.012
7.530
10.30
11.97

18.1.4 Finishing the QotD

So what is E[T'] given the E[T}] values? Again, use first step analysis! Consider where the chain moves
from state X, = O at the first step, and then use the appropriate mean value.

E[T] = E[E[T]X,]]
= E[T|X, = 1)(0.4) + E[T|X, = 0](0.6)

= 0.4(1 + wy) + 0.6(1) = 2.60494 =[2.60494 ... |

18.2 An example Markov chain

Consider the following 4-state Markov chain.
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0.9

« Starting at a, what is the expected number of steps needed to get to d?
« First step analysis to the rescue!
« Let w; be expected number of steps to reach d starting from 3.

w, =0.7(1 + wy) +0.3(1 + w,.)
wy, = 0.5(1 +w,) + 0.5(1 + wy)
w, = 0.9(1 +w,) + 0.1(1 + wy)
wy =0

This can be undertaken in Wolfram Alpha using

solve a = 0.7(1 + b) + 0.3(1 + ¢c) and b = 0.5(1 + a)
+ 0.5(1 +d) and ¢c = 0.9(1 + a) + 0.1(1 + d) and
d=20

- Thena = 100/19 =[5.263 ...]

18.3 Example of a stochastic process that is not a Markov chain

Recall the Martingale betting scheme, where if we lose we double the bet, and if we win the bet returns to
1. So if the sequence of bets was
1,1,1,2,4,8,1,1,1, ...

then we know that we won the first two bets, lost the next three, then won the next three. (The gth bet we
wouldn’t know if we won or lost until the next bet was revealed.) Suppose we started with M, = 3 dollars,
then the { M, } sequence would be

3,4,5,4,2,—2,6,7,8,

This is definitely not a Markov chain! For instance, if the sequence was

3,2,0,4,5,
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then we won the last bet, so the next bet would be 1 and M; € {4, 6}. However, if the sequence was
3,4,5,6,5,

then we lost the last bet, but won the one before, so the next bet would be 2 and My € {3,7}. Hence the
final state is not enough information to determine the distribution of the next state, so this is not a Markov
chain.

Problems
157. If X, is a Markov chain, what can you say about the values of
P(X, =c|X,=a,X; =b)
and
P(X,=c|Xy,=d,X, =b)
158. If'Y, is a Markov chain, what can you say about the values of
P(Y; =4Y; =2,Y = —1)
and

P(Y; =4Y; =4,Y; = —1)

159. IfY, is a time-homogeneous Markov chain, what can you say about the values

P(Y; = d|Y, = a) and P(Y; = d|Y; = a)?

160. Consider the following Markov chain:

0.5

Let T, = inf{t > 0: X, = b| X, = a}. Find E[T;].

161. For {X,} a time-homogeneous Markov chain, what can you say about P(X; = a|X5 = b) and
P(X1p = alXy =0)?

162. In a time-homogeneous Markov chain {Y, }, what can be said about P(Y;; = 7|Y5 = 3) and P(Y;, =
7|Y, = 3)?



Chapter 19

Transition Matrices

Question of the Day

Consider the following Markov chain:

If the Markov chain is equally likely to start in any of the four states, what is the chance after 5 steps that
the state is d?

Summary

« Update functions are deterministic functions that take the current state of a Markov chain and some
random choices, and compute the next state of the Markov chain.

« A transition matrix of a finite state Markov chain with n states is an n by n matrix whose entry in
the ¢th row and jth column is P(X, ,; = j| X, = {).

« Consider a Markov chain { X, } with transition matrix A. Then X,, X,., X,,, ... is also a Markov chain

151
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for any positive integer k, and has transition matrix A°.

19.1 Representing Markov chains

There are multiple ways to represent Markov chains. One way is to use an update function, which takes
the current state together with some source of randomness, and returns the new state. Typically the source
of randomness is a standard uniform random variable, chosen for that step. Because the update function
takes the current state and U ~ Unif([0, 1]), its domain is © x [0, 1]. Because it outputs the next state in
the Markov chain, its codomain is 2.

Definition 68
Say that f : Q x Qp —  is an update function for a Markov chain {X,} if for all ¢ and
R, R,, ...

f(Xt’RH—l) ~ [Xt+1|Xt]

With an update function and Uy, U,, ... iid Unif(]0, 1]), the state of the chain can be set to
Xy = (X, Up)

For instance, consider the Markov chain that is a simple symmetric random walk on the integers. Then
given the current state x, the next state will be = 4+ 1 with probability 1/2 and 2 — 1 with probability 1/2.
So

P(Xpp =X, +1X,) =P(X,,, = X, —1]X,) = 1/2.
This Markov chain could be represented by an update function as follows.

flr,u) =2+ 0(u <0.5) —l(u > 0.5).

For U, ., ~ Unif([0,1]), it is easy to verify that
P(f(Xy Upr) = Xy +11X,) = P(F(X,, Upyr) = Xy — 1|1X,) = 1)/2.

Conversely, if a stochastic process is defined using an update function, then it turns out to also be a Markov
chain.

Fact 49
Suppose that R, R,, ... is an iid sequence, X, = z, and for ¢t > 1,

Xt+1 = f(Xt7Rt+1)'

Then X, is a Markov chain with respect to the filtration F, = 0(X,, R, R,, ..., R;).

19.2 Transition graphs and matrices

When the state space is finite, there are alternate ways of representing the Markov chain. In the last chapter
an edge labeled transition graph was used.

The Markov chain can also be represented by a square matrix with rows for every state and columns for
every state and entries corresponding to the probability of moving from the row state to the column state.
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Definition 69
For a finite state Markov chain with n possible states, let the n by n matrix whose entry for row
7 and column j is

p(i, ) = P(Xyyy = j1 X, = i)

be the transition matrix of the Markov chain.

For instance, if the columns are rows are both labeled in order (a,b, ¢, d), the transition matrix of the
transition graph in the Question of the Day becomes

0 07 03 O
05 0 0 05
09 0 0 0.1
0 0 0 1

19.3 Taking one step in the Markov chain

In the question of the day, the initial state was taken to be equally likely to be any of the four states
{a,b,c,d}. That is,
Xy ~ Unif({a,b,c,d}).

This can be represented by a probability vector,

po=(1/4 1/4 1/4 1/4).

In general, let the vector p, be defined as p, (i) = P(X, = 4) in the process.

Now consider the chance that X; = d. The event X; = a can be partitioned into different possibilities
based on the value of X;:

[P(Xl :a> :[P(Xl :a,XO :a)+|P<X1 :a7XO:b) +[P(X1 :a,XO :C>+|P(X1 :a7XO:d)

Note that for every 1,
P(X;=a,X,=1) =P(X,=9)P(X; =a|X,=1).
Using the notation p, (i) = P(X, =) and
this gives
P(X, = a, Xy =1) = py(i)p(i,a).
With this notation

P(X; = a) = py(a)p(a,a) + py(b)p(b,a) + py(c)p(c, a) + py(d)p(d, a)
= (0)(1/4) + (0.5)(1/4) + (0.9)(1/4) + (0)(1/4)
=0.35
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This equation could also be written using matrix multiplication.

0

P(X, =a)= (1/4 1/4 1/4 1/4) o

Po 0

—_——
first col of transition matrix

Similar equations describe the probability that X, equals the rest of the states.

P(X; =b) = pola)p(a,b) + po(b)p(b,b) + py(c)p(c, b) + po(d)p(d,b)
P(X; = ¢) = pola)p(a,c) + po(b)p(b, ¢) + po(c)p(c, ¢) + po(d)p(d, c)
P(X, =d) = py(a)p(a,d) + py(b)p(b,d) + po(c)p(c,d) + po(d)p(d, d)

Putting these four equations together gives the equation

P1 = P4,
where
p(a,a) p(a,b) p(a,c) p(a,d)
4 - | p:a) p(b,b) p(b.c) p(b,d)
p(c,a) ple,b) ple,e) ple,d)
p(d,a) p(d,b) p(d,c) p(d,d)

is just the transition matrix of the Markov chain.

In the Question of the Day, the transition from the zeroth step to the first step looks like

(1/4 1/4 1/4 1/4) /0 07 03 0
05 0 0 05
09 0 0 01
0o 0 0 1

— (0.35 0.175 0.075 0.4)

19.3.1 Taking multiple steps

There was nothing special about X, to X in last example. To move from prob. vector for X; to X, do
something similar:

Pg = p5A.

Now consider how to move from the probability vector to X, to that of X,. First move to X, then go to
X

P2 = p1A = (pgA)A = py(A- A) = pyA°.
Note that this calculation depended on the fact that while matrix multiplication is not commutative (you
cannot change the order of multiplication), it is associative so you can move parenthesis around.

Fact 50
For a Markov chain X, with transition matrix A, the process X, X}, X4, ... is also a Markov

chain for any nonnegative integer k. Moreover, the transition matrix of this Markov chain is
Ak,
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19.3.2 Solving the Question of the Day

In the Question of the Day, the goal is to take five steps in Markov chain:

ps = pyA = pgA% = p, A% = p A% = p A5

Starting from a specified probability vector gives the following.

Fact 51
If X, ~ p for a Markov chain with transition matrix A, then for ¢ > 0,

X, ~ pAt.

19.3.2.1 Solving the Question of the Day in R

Matrix operations in R are accomplished with the matrix data type. Consider the following R code that
sets up the matrix A row by row.

A <- matrix(c( 0, 0.7, 0.3, 0,
0.5, 0, 0, 0.5,

0.9, 0, 0, 0.1,

0, 0, 0, 1),

byrow = TRUE,
nrow = 4)

A
it [,1] [,2] [,3] [,4]
## [1,] 0.0 0.7 0.3 0.0
## [2,] 0.5 0.0 0.0 0.5
## [3,] 0.9 0.0 0.0 0.1
## [4,] 0.0 0.0 0.0 1.0

Now setup the first probability vector.
p_0 <- matrix(c(1 / 4, 1 / 4, 1 / 4, 1 / 4), nrow = 1)
p_O

## (1] [,2] [,3] [,4]
## [1,] 0.25 0.25 0.25 0.25

Matrix multiplication in R uses the % * % operator. So

P_.0 %*% A %*°% A %*°% A %*°% A %*% A

#i#t [,1] [,2] [,3] [,4]
## [1,] 0.13454 0.06727 0.02883 0.76936

So the chance that the state is in d after five steps is about 0.7693 .... Quite high, which is unsurprising
because once the state enters d, it cannot leave.
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19.3.2.2 Raising matrices to high powers in R

In the above calculation, the %* % operator was used five times to find A5. This can be tedious as the
exponent gets larger. To do matrix exponentiation in R, one way is to download a package (also known as a
library), that adds capabilities to R. In this case, the library expm adds the operator %/ % which calculates
powers of a matrix.

A library needs to be installed once for each installation of R. So if expm is not already loaded into your
installation of R, type install.packages ("expm") into the console to accomplish the task. Again,
this only needs to be done once for each installation of R.

The next command needs to be run each time you restart R. This 1 ibrary command loads the library into
memory so that it can be used in your code.

library (expm)

Now play with the transition matrix! First consider A°.

A %% 10

#it [,1] [,2] [,3] [,4]
## [1,] 0.09161328 0.00000000 0.00000000 0.9083867
## [2,] 0.00000000 0.05171718 0.02216450 0.9261183
## [3,] 0.00000000 0.09309092 0.03989611 0.8670130
## [4,] 0.00000000 0.00000000 0.00000000 1.0000000

Here the (3, j) entry is the probability that X, = j given that X, = i. So if you start in state a, the chance
of being in state d after 10 steps is 0.9083 ....

Higher powers!
A %% 1000

#it [,1] [,2] [,3] [,4]
## [1,] 1.569802e-104 0.000000e+00 0.000000e+00 1
## [2,] 0.000000e+00 8.861783e-105 3.797907e-105 1
## [3,] 0.000000e+00 1.595121e-104 6.836232e-105 1
## [4,] 0.000000e+00 0.000000e+00 0.000000e+00 1

After 1000 steps, the chance of being in anything other than state d is smaller than one over the number of
particles in the known universe (well the known universe as of 2023 anyway)!

That is because state d is absorbing, and the chance of avoiding this chain declines exponentially fast. That
is, the chance the state stays away from d is declining exponentially in the number of steps taken.

19.4 Another example of taking multiple steps in the Markov chain

What if there is no absorbing state like d? Consider a 3-state Markov chain with transition matrix

05 05 O
A=103 0 0.7
0.5 04 0.1
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matrix(c(0.5, 0.5, 0, 0.3, 0, 0.7, 0.5, 0.4, 0.1), byrow = TRUE,
nrow = 3) %% 100

#i#t [,1] [,2] [,3]
## [1,] 0.4366197 0.3169014 0.2464789
## [2,] 0.4366197 0.3169014 0.2464789
## [3,] 0.4366197 0.3169014 0.2464789

Then after 100 steps

0.4366197 ... 0.3169014... 0.2464789...

0.4366197... 0.3169014... 0.2464789...
A100 )
0.4366197 ... 0.3169014 ... 0.2464789 ...

This says that no matter where you start the process at time o, after 100 steps the chances of being in state
a, b, or ¢ is the same (at least to 7 sig figs)!

This behavior is called ergodicity and is one of the major reasons why Markov chains are so useful.
Problems
163.

Suppose a Markov chain with states {a, b, ¢} has transition matrix

03 0 0.7
A= 0 05 05
01 09 O

a. Whatis P(X, = ¢|X, = b)?
b. What is P(X, = a| X4 = a)?
164.

Suppose a Markov chain with states {1, 2, 3} has transition matrix

0.7 0 03
A=10 07 03
0.7 03 0

a. Whatis P(X, = 3| X, =1)?
b. What is P(X,; = 2| X4 = 2)?

165. Suppose that there is a sequence D, that are iid draws from the uniform distribution over {—1,1}.
Prove that
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166. Suppose that there is a sequence R, that are iid draws from the uniform distribution over {—1, 2}.
Prove that

=

1=

is a Markov chain formed from the filtration 7, = o(Ry, ..., R;).
167.

Suppose that there is a sequence D, that are iid draws from the uniform distribution over {—1, 1} and

X, = D,

t
=1

a. Let T = inf{t : X, = 2}. Prove that M, = X,,, is a Markov chain with respect to the natural
filtration.

b. Prove that M, = X,, 14 is not a Markov chain.
168.
To show that {X,} is a Markov chain over a discrete state space, the condition
P(Xy1 | Fn) =P(Xp0 | X))

follows from
[P(Xt+1 = z|F}) = f(aj’RtJrl)

for some function f and random variable Iz, ; independent of 7 ,.
For example, let D, be iid Unif({—1,1}), and X, = Ezt.:l D,. Then X, is a Markov chain, since

1/2 X, =z+1
P(X,, =z|F)=1/2)iX, e{z+1,z—-1}) = { 1§2 Xz w1
for all ¢.

On the other hand, to show that {Y}} is not a Markov chain, it suffices to find 2 sequences g, ¥, -+, Ys_1
and y, ..., y;_; and elements y,, v, ; such that

PV =4l Yo =% Yia =v 0,V =) # PV = v Yo = w0, Vi = v 1Y = 41)-
For example, if B ~ Bern(1/2) and Y;, ~ Unif{1,2,3,4,5,6} are independent and Y; = Yj + tB, then
P(Y; =5, =2,Y; =3,Y, =4) = L,but P(Y; = 5|Y;, = 4,Y; =4,Y, =4) = 0,s0 {Y,} isnot a
Markov chain.

a. LetT) =inf{t: X, = 4}. Is X, r, @ Markov chain? (Be sure to prove your answer.)

b. Let T, = inf{t > T} : X; = 4} (so Ty, is the second time that the X process touches 4.) Is X, 7, a
Markov chain? (Be sure to prove your answer.)

169. If P(X, ; = i|X, = i) = 1, call the state i of the Markov chain absorbing.
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Given transition matrix

1 0 0 0
0 1 0 0
B= 0 05 04 01}

0 0 01 09

for state space {a, b, ¢, d}, which states are absorbing states?

170. Given transition matrix
1 0 0 0
A 0.1 04 05 O
0 05 04 01}’

0O 0 O 1

for state space {a, b, ¢, d}, which states are absorbing states?

159
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Chapter zo

Limiting and Stationary Distributions

Question of the Day

For the queue model

(1.4 (1.4 (1.4 (1.4
O 3 o e )

(1.6 (1.6 (.6 (1.6

the state represents the number of customers waiting in the queue. What is the long term average number
of people waiting in the queue?

Summary

« A finite state Markov chain with transition matrix A has a limiting distribution with probability
vector 7 if

li AT =
oo 0 T

regardless of the starting vector p.

« A Markov chain with transition matrix A has a stationary distribution with probability vector 7 if

TA =T.

« A limiting distribution for a Markov chain will always be a stationary distribution, but a stationary
distribution might not be a limiting distribution.

161
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20.1 Stochastic matrices

Recall that the transition matrix for a finite state Markov chain has the ith row and jth column entry equal
to

p(i,j) = IP(XtH = j‘Xt = 1)

In the Question of the Day, the transition matrix is

06 04 0 0 O
06 0 04 0 O

0 0 06 0 04
0 0 0 06 04

The sum of the entries in a row equals the probability that the state ends up in some state given that the
state started in the row state. The probability the state ends up somewhere is 1, so the entries of each row
have to add up to 1. A matrix with this property will be called stochastic.

Definition 70
A matrix is stochastic (or more specifically row stochastic) if the sum of the entries of each row
is 1.

Recall that the (i, j) entry of A* will be
P(X, = j| X, =1).

So this matrix will be stochastic as well! You can also derive this property straight from linear algebra
properties of matrix multiplication, but the probabilistic argument is more fun.

Fact 52
Transition matrices and their powers are stochastic matrices.

20.1.1 Using R to find powers of matrices

In R, the matrix A can be stored in a variable by giving the matrix function the entries as a single long
vector and then indicating that the entries should be read in by row. Giving the number of rows as 5 ensures
that the result is a 5 by 5 matrix.

A <- matrix(c(0.6, 0.4, 0, 0, O,
0.6, 0, 0.4, 0, O,
0, 0.6, 0, 0.4, 0,
0, 0, 0.6, 0, 0.4,
0, 0, 0, 0.6, 0.4),
byrow = TRUE,
nrow = 5)
A
##t (1] [,2] [,3] [,4] [,5]

## [1,] 0.6 0.4 0.0 0.0 0.0
## [2,] 0.6 0.0 0.4 0.0 0.0
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## [3,] 0.0 0.6 0.0 0.4 0.0
#%# [4,] 0.0 0.0 0.6 0.0 0.4
## [5,] 0.0 0.0 0.0 0.6 0.4

Now consider raising this matrix to the 10oth power. The expm library allows us to do this in R.

library (expm)

This gives the %% operator for matrix powers.

A % % 100

#it [,1] [,2] [,3] [,4] [,5]
## [1,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [2,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [3,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [4,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [5,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938

Note that the columns seem to be identical! What this means is that no matter where the state starts, the
chance of ending up in state o, 1, 2, 3, 4 will be the same! This behavior is not a coincidence.

20.2 Limiting distribution

Say that a Markov chain has a limiting distribution if after a large number of steps, the Markov chain forgets
where it started at.

Definition 71
A probability distribution 7 is a limiting distribution for a Markov chain if for all z, € ), and
A€F,

tlggo P(X, € Al X, = z,) = n(A).

Note that if € is a discrete set {1,2, 3, ...}, then this is the same as saying that for all n,m € {1,2,3, ...},

Jim P(X, = n|X, = m) = n({i,}).

In terms of powers of matrices, this is equivalent to saying,

lim p,A' =,
t—o00

no matter what the starting vector pj is!

20.3 Eigenvalues and eigenvectors

Recall that if for matrix A and nonzero vector v, if
VA = v

then call v an eigenvector and A is an eigenvalue. (The German prefix eigen means same here.) To be precise,
v is a left eigenvector because it is multiplying the matrix on the left. Note that left eigenvectors of A are
right eigenvectors of A (read as A transpose).
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Note that eigenvectors are not unique. That is because if v is an eigenvector, so is any nonzero constant
times v.

20.3.1 Eigenvalues and eigenvectors in R

The eigen function in R returns eigenvalues together with right eigenvectors. To get left eigenvectors,
use the t function to take the transpose of a matrix.

eigen(t(A))

## eigen() decomposition

## $values

## [1] 1.0000000 0.7926715 -0.7926715 -0.3027736 0.3027736

#

## $vectors

#i#t [,1] [,2] [,3] [,4] [,5]
## [1,] -0.7519041 -0.7572879 0.2575373 0.47227785 -0.64557266
## [2,] -0.5012694 -0.2431797 -0.5977748 -0.71059994 0.31980208
## [3,] -0.3341796 0.1835892 0.6180402 0.04373292 0.59176114
## [4,] -0.2227864 0.4046631 -0.4179883 0.45166467 0.08541468
## [5,] -0.1485243 0.4122153 0.1401855 -0.25707550 -0.35140525

The first column of the vectors part of eigen goes with the eigenvalue of 1. If this vector is normalized
to sum to 1, the following vector is obtained:

e <- eigen(t(A))
e$vectors[,1] / sum(e$vectors[,1])

## [1] 0.38388626 0.25592417 0.17061611 0.11374408 0.07582938

That looks familiar! It is the same as the limiting distribution found earlier.

A % % 100

#it [,1] [,2] [,3] [,4] [,5]
## [1,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [2,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [3,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [4,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938
## [5,] 0.3838863 0.2559242 0.1706161 0.1137441 0.07582938

Again, this is not a coincidence!

20.4 Stationary distributions

Suppose that a chain is started in a distribution 7. If after one step in the Markov chain, it still holds that
the distribution of the state is 7, then call the distribution stationary.

Definition 72
Distribution 7 is a stationary distribution for a Markov chain if X, ~ 7 implies that X, ; ~ 7.
(When 7 is given in the form of a probability vector, say that 7 is a stationary probability vector.)
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Note that the state of the chain is typically changing from step to step, it is only the distribution of the state
that is unchanging.

For instance, suppose the current state of a Rubik’s cube is uniform over all possible reachable states. Turn
the right hand side of the cube clockwise 9o degrees. The resulting state is not independent of the previous
state, is different from the previous state, but it is straightforward to show that the distribution of the new
state will still be uniform over the reachable states.

20.4.1 Another example

Suppose

0.1 04 0.5
A=106 0 04
0.3 03 04

Then

0.313725 0.254902 0.431373
0.313725 0.254902 0.431373

Sov = (0.313725 0.254902 0.431373) is a limiting distribution.
Also

(0.313725 0.254902 0.431373)
A100 _

VA=

So this is a stationary distribution as well!

20.5 Limiting distributions are always stationary distributions

The relationship between limiting distributions and stationary distributions is one of the more important
facets of Markov chain theory. One direction of the relationship is easy: limiting distributions are always
stationary for a Markov chain.

Fact 53
Suppose for transition matrix A there is a probability vector 7 such that for all probability vectors
v,
lim vA* = 7.
t—o0

Then 7 is a stationary distribution probability vector.

Proof. Recall that you can bring linear operators in and out of limits:
nlirgo(clan + ¢9b,) = ¢y lima,, + ¢, limb,,.

Hence
TA = [hm vAt} A

t—o0

= lim vA'A
t—o0

= lim vA**!
t—o0

= 7'["

making 7 a stationary probability vector. O

Sadly, the reverse is not true.
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20.6 An example where a stationary distribution is not a limiting distribu-
tion

Consider a chain with states {a, b, ¢, d} and transition matrix:

From state a, the chain can only travel to a or c. Similarly ¢ can only travel to a or c.
The states b and d form a second collection of states that can only travel to each other.

Raising this matrix to a high power reveals that all rows are not the same! This means that there is no
limiting distribution.

0.4545 0 0.5455 0

41000 _ 0 0.4615 0 0.5385
0.4545 0 0.5455 0

0 0.4615 0 0.5385

Now it is the case that the chain restricted to states{a, c} there is a limiting distribution. Similarly, if the
chain only contained states {b, d} there is a limiting distribution. But because it has these two collections
of states that cannot reach one another (called connected components of nodes in graph theory), there is no
overall limiting distribution.

This same fact that there are two connected components means that there are an infinite number of station-
ary distributions! How does that work?

Each of the two types of rows in the limit of the transition matrix corresponds to a stationary distribution.
So (0.4545,0,0.5455,0) and (0,0.4615, 0,0.5385) are both stationary distributions.

From these two stationary distributions, it is possible to build many more! For any A € [0, 1],

Ty = Amp+ (1 —N)my,

convex linear combination

is also stationary.

A Markov chain with a transition graph with two or more strongly connected components is reducible.
Another way to describe the results of this section is that reducible Markov chains will not have a limiting
distribution, but can have an infinite number of stationary distributions.

Problems

171. This Markov chain models a telecommunications circuit that is either on or off.
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0.6

(@ @)

0.3

If the state at time o is off, what is the chance that in three steps the state is on?
172.
Continuing the last problem, consider the following questions.
a. Find the limiting distribution by raising the transition matrix to a high power.
b. Verify that the limiting distribution is a stationary distribution.
173.

Consider a Markov chain with transition matrix over state space {1, 2, 3,4}:

0 01 09 0
A_ |0 03 03 04
“lo 05 05 0

0 0 03 07

a. Find the limiting distribution by raising the transition matrix to a high power.

b. Verify that the limiting distribution is a stationary distribution.
174.
Suppose a Markov chain just always jumps from one state to another, so

0 1
(1 ).

a. What is T where i is even?

b. What is 7" where i is odd?

c. Does this Markov chain have a limiting distribution?
175.
Consider a Markov chain with transition matrix over state space {a, b, ¢, d }:

04 06 0 O
T— 06 04 0 O
0 0 03 07
0 0 04 06

a. Find lim, ,  T" by raising T to a high power.

167
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b. Does this chain have a limiting distribution?
176.

Consider a Markov chain with transition matrix

1 0 0
A=10 03 0.7
0 05 0.5

a. Does it have a limiting distribution?
b. Does it have a stationary distribution?
177.

A poker player either wins $1 or loses $1 with equal probability. The player starts with $2, and quits when
reaching $o or $5.

a. Write this down as a transition matrix where 0 and 5 are absorbing states.

b. Raise the transition matrix to a high power to discover the probability that the poker player ends up
with $5.

c. Was this what you expected from martingale theory?
178.
Consider the following transition matrix.

0.5 04 0.1
T = (0.4 0.5 0.1)
0 0 1

a. What is(are) the absorbing state(s)?

b. What is the limiting distribution?
179.

Consider a Markov chain on state space = {a, b, ¢} with transition matrix
03 04 03
02 08 0
0 01 09

a. Does this Markov chain have a limiting distribution?

Raise the matrix to a high power.

b. Find a stationary distribution for the chain.

180. A matrix A is said to be in block form if the rows can be partitioned into classes such that A(i, j) > 0
if and only if 7 and j belong to the same class.
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For instance,
0.97 0.03 0 0
0.2 0.8 0 0
0 0 0.3 0.7
0 0 0.63 0.37

A:

is in block form with partition of rows {1, 2}, {3,4}.

Consider

Can this matrix be put in block form with a nontrivial partition? If so, find the partition.
181.

Consider the following Markov chain:

0.5

(a) Write down the transition matrix for the chain. [Notice that the matrix you find is in block form.]
(b) What does the transition matrix look like after taking a lot of steps in the Markov chain?

182. Give an example of a transition matrix for a four state Markov chain which has block form with row
partition {1}, {2,3,4}.
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Chapter 21
Recurrent and Transient states

Question of the Day

Consider the following Markov chain. For which states is the probability of returning to that state equal to
1?

A Markov chain consists of two types of states: recurrent and transient. A state is recurrent if the chain
keeps returning to the state over and over again with probability 1. If a state is not recurrent, then it is
transient.

21.1 Return times, recurrence, and transience

For any state z, the return time to x is the positive (strictly greater than o) number of steps needed to return
to state x starting from state . Mathematically, this can be written as follows.

Definition 73
Let R, = inf{t > 0 : X, = 2| X, = z} be the return time for state z.

171
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For example:
« Sequence 01210 has return time 4
« Sequence 00 has return time 1

Note that the smallest a return time can be is 1!

Definition 74
A state z is transient if P(R, < 0o) < 1. A state x is recurrent if P(R, < c0) = 1.

Example 20
Consider the transition graph in the Question of the Day. Starting at state 1, with probability
0.6 the state moves to 2 and then cannot get back to 1. Hence

P(R, = c0) > 0.6.
So state 1 is transient.

Now consider starting at state 4. Then either the state moves back to state 4 after one step, or
it moves to state 5 and then a second step takes it back to state 4. Hence R, € {1,2} and
P(R, < o0) = 1.

21.2 Communication classes

Definition 75
States = and y of a Markov chain communicate if In,m € {0,1,2...} such that P(X, =
y| Xy =) > 0and P(X,, = 2| X, = y) > 0. Write z <> y.

So x <> yifthere is a directed path (possibly of zero length) both from « to y and from y to x in the transition
graph using positive probability edges.

Fact 54
Communication (+) is an equivalence relation.

Definition 76
Say that = is an equivalence relation if it is reflexive, symmetric, and transitive.

1. Reflexive: z = z.
2. Symmetric: z = y implies y = x.

3. Transitive: z = y and y = z implies x = 2.

Definition 77
If z <+ y, say that z and y are in the same communication class.

The next fact gives us a simpler way to establish if a state is recurrent or transient.
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Fact 55
If state ¢ is in communication class C, the state is recurrent if and only if no edges with positive
probability leave C'.

To simplify writing probabilities, let
p(i,j) = P(Xpyy = j1X; =)
be the chance of moving from ¢ to j in one step of the Markov chain.
Proof. Saying that a recurrent communication class has no outgoing edges is equivalent to the contraposi-
tive statement that a communication class with an outgoing edge is transient.

Let C' be a communication class with edge (7, j) where : € C, j ¢ C, p(i,7) > 0. Since i can reach 7, but
jisn’t in the same communication class, so j cannot reach 7. Hence P(R; < o0) < 1 — p(4,j) < 1. So the
communication class is not recurrent.

Now suppose that state ¢ is in a communication class C' with no outgoing edges. Let n = #C.

Let j be any state in C reachable from . Then since C' is a communication class, there is an integer m; such
that [P(ij =i|X, = j) > 0. Let M = max{m,}.

So no consider first taking a step in the chain. If we are back at i, then R, = 1. Otherwise, after M steps
there is a positive chance that we will have returned to ¢ at least once. Let

a=min{P( e {X;, Xy, ..., X, }| Xo =9}
Then the probability we haven’t returned to ¢ in 1 + M steps is at most 1 — «. The probability we haven’t
returned to 7 in 1 + 2M steps is at most (1 — «)?. And in general, the probability we haven’t returned to i
in 1+ kM steps is (1 — a)*. Since that goes to 0 as k — oo, P(R; < c0) = 1. O
Using this fact allows us to classify the states as follows:
1. First write down the communication classes.
2. Elements of classes with no outgoing edges are recurrent, the rest are transient.

In the QotD chain:
Communication classes = {{a}, {b,c},{d,e},{f,g}}

transient = {a, b, c}, recurrent = {d,e, f,g}.

Fact 56
If any element of a class is recurrent, they all are.

Proof. This sollows directly from the previous fact: When x is recurrent, the class it is in has no outgoing
edges, so every element in the class is in a class with no outgoing edges, and so is recurrent. O
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« o«

This leads to the following definition. ::: {defn data-latex=""} If all states in a communication class are
recurrent, call the class recurrent. Otherwise, the class is transient. ::

In the Question of the Day chain, the communication classes can be sorted as follows.

Classes Type

{1} transient
{2,3}  transient
{4,5}  recurrent
{6,7}  recurrent

In general, a nonnegative random variable X can have P(X < oo) = 1, but still have E[X] = oo. Fortu-
nately, when you are dealing with return times for a finite state Markov chain, you do not have to worry
about this happening.

Fact 57
If state k is recurrent in a finite state Markov chain, then E[R, ]| < co.

Proof. Since k is recurrent, there are no outgoing edges from its communication class, which is of size at
most #(2). Hence after #(€) steps, there is an a > 0 chance of returning to k at least once.

Let n = #(1). Then R;, € {0,1,2,3, ...}, so can use the tail sum formula:

ElR = > P(R, > )

i=0
P(R,>n)+ - +P(R,>2n—1)+
[P(Rk > 2n) + -+ P(R, >3n— 1) + -

Now P(R;, >n) <1—a, P(R, > 2n) < (1 — a)? and so on, which gives:

E[R,)<1+1+4+--+1+
l-a)+1l—-a)++1—a)+
l—ay+(1—-a)f++1—a)?+-

=n+n(l—a)+n(l—a)?+--

_ | _
“1-0—a) na < 00

For QotD, can find these exactly:
E(Ry) = E(E(Ry| X))
=E(Ry|X) = d)P(X; =d) + E(Ry|X; = €e)P(X; =e¢)

= (1)(0.7) + (1 4 (1/0.6))(0.3) =[ 1.500],

where 1/0.6 is the mean of a geometric random variable with parameter 0.6.
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Fact 58
For a transient state y, for all starting states z, lim, ,  P(X, = y|X, = z) = 0.

Proof. Fix y, and call its transient communication class C. Note that once the state leaves C, it can never
return. Since C is transient, it has at least one outgoing edge, call it (a, ).

When the state is in C, after #(€) steps, there is a positive chance « of moving across the edge (a, b), never
to return. Let k be a positive integer, then

Therefore in the limit as the number of steps goes to infinity, the chance of staying in C' goes to o. O

Fact 59
Every finite state Markov chain has at least one recurrent state.

Proof. Fix x € (). Then

1= lim P(X, € QX =a) = ) _ lim P(X, = y|X, = 2),
o0

t—o0

yeQ
so there must be at least one y € Q with lim, ,  P(X, = y|X, = z) > 0. That state y is recurrent. O
Problems
183.

Suppose a Markov chain has communication classes {a, b}, {c}, {d, e}. States a, ¢, d are all recurrent.
a. Is state b recurrent or transient?
b. Is state e recurrent or transient?

184. Suppose a Markov chain with states {1, 2, 3,4, 5, 6} has communication classes {1, 2,3} and {4, 5, 6}.
Furthermore, state 2 is transient. Classify each of the remaining states as either recurrent or transient.

185. Suppose a Markov chain over state space {1, 2, 3} has transition matrix

03 0.7 O
A=106 04 0].
0 0 1

Classify each state as either recurrent or transient.

186. Suppose a Markov chain over state space {1, 2, 3} has transition matrix

03 0 0 0.7
06 03 0 01
0 04 06 O
06 0 0 04

B =
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Classify each state as either recurrent or transient.
187.
This Markov chain models a telecommunications circuit that is either on or off.

0.6

W@ @D

0.3

a. What is the transition matrix for the chain?
b. Find the limiting distribution by raising the transition matrix to a high power.
c. Verify that the limiting distribution is a stationary distribution.

188. Suppose a Markov chain over state space {1, 2, 3,4} has transition matrix

04 06 O 0

01 0.8 01 O
B= 0 0 05 05

0 0 06 04

Classify each state as either recurrent or transient.
189.

Consider a Markov chain with transition matrix over state space {a, b, ¢, d }:

04 06 0 O
06 04 0 O
0o 0 03 07
0 0 04 06

T =

a. Find lim, , T by raising T to a high power.
b. Does this chain have a limiting distribution?

190. Consider the following transition matrix.

1 0 0
A=104 0 06].
0 0 1

If the matrix starts in state b, what is the chance that it reaches state a before it reaches state ¢?
191.

A poker player either wins $1 or loses $1 with equal probability. The player starts with $2, and quits when
reaching $o or $5.
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a. Write this down as a transition matrix where 0 and 5 are absorbing states.

177

b. Raise the transition matrix to a high power to discover the probability that the poker player ends up

with $5.
c. Was this what you expected from martingale theory?

192.

A poker player either wins $1 with probability 0.6 or loses $1 with probability 0.4. The player starts with

$2, and quits when reaching $o or $5.

a. Write this down as a transition matrix where 0 and 5 are absorbing states.

b. Raise the transition matrix to a high power to discover the probability that the poker player ends up

with $5.
c. Was this what you expected from martingale theory?

193.

Consider a Markov chain on state space Q@ = {a, b, ¢} with transition matrix
0.3 04 03
02 08 0
0 01 09

a. Does this Markov chain have a limiting distribution?

Raise the matrix to a high power.
b. Find a stationary distribution for the chain.

194.

Consider a Markov chain on state space Q2 = {a, b, c} with transition matrix
0o 0 1
0.1 04 05
02 08 0

a. Does this Markov chain have a limiting distribution?

Raise the matrix to a high power.

b. Find a stationary distribution for the chain.

195.

Consider the following Markov chain:
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0.5

(a) Write down the transition matrix for the chain. [Notice that the matrix you find is in block form.]
(b) What does the transition matrix look like after taking a lot of steps in the Markov chain?

196. Consider the following Markov chain transition matrix.

03 0 07 O

0 01 0 09

This is in block form with rows partitioned into {1,3} and {2, 4} providing two smaller submatrices, and
everything else being o.

Raise this transition matrix to a high power. Is it still in block form?
197.
Consider this Markov chain:

0.2

0.5

(a) What are the communication classes?
(b) Which communication classes are transient?
(c) What is the limiting distribution 7?

(d) What is 7(7) for the transient states ?
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198. Consider the following transition matrix:

03 0 07
T=10 05 05].
0 03 07

If 7 is the limiting distribution, what is 7(1)?

199. In a random walk on an undirected graph you start at a node on the graph, and then take a step
uniformly at random to move to a node that there is an edge to. For instance, consider the following graph.

The node a is connected by an edge to three other nodes, b, ¢, and d. Hence @ has a 1/3 chance of moving
to b, a 1/3 chance of moving to ¢, and a 1/3 chance of moving to d.

Write down the transition matrix for this Markov chain.

200. Continuing the last problem, write down the communication classes for the Markov chain and state
whether each communication class is recurrent or transient.
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Chapter 22

Building Stationary Measures

Question of the Day

Do all finite state Markov chains have a stationary measure?

Summary

« Given a Markov chain M and measure p over a finite or countable state space, set

M(p)(z) =Y u(z)p(x, 2).

€N

« Say that y is a stationary measure if M () = p.
- For a recurrent state x, let N, be the random number of visits to state y in between visits to state x.
o Fact: u(y) = E,[N,] is a stationary measure for the Markov chain.

Y

« fE[R,] < oo then 7(y) = E,[N,]/E[R,] is a stationary distribution.

Recall that a distribution 7 is stationary if X, ~ 7 — X, ; ~ 7. The goal in this chapter is to show the
following important fact.

Fact 60
All finite state Markov chains have at least one stationary distribution.

22.1 The stationary measure

A probability distribution or more simply distribution is a measure that has a finite value over the whole
space. For instance, Lebesgue measure over R cannot be normalized to a probability distribution, since
Leb(R) = co. However, Lebesgue measure over [0, 2] is 2, hence p(A) = Leb(A N [0, 2])/2 is a probability
measure.

181
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So far, Markov chains have been treated as operators that take a distribution and return another distribution,
but they can also be viewed as an operator that takes a measure and returns another measure.

This works as follows. Suppose there is an amount of clay placed at each state of the chain. The total amount
of clay used might be infinite (especially if the state space is countable infinite!) An atom at state a has a
20% chance of moving to b and an 80% chance of moving to state c. Then because there are so many atoms
in the clay, approximately 20% of the clay ends up moving to b and 80% of the clay moves to c.

Hence if there was u(a) weight of clay at state a, then 0.2u(a) ends up at state b and 0.844(a) ends up at
state c.

Now technically measures apply to sets, but often the goal is to understand the measure of a set that contains
only a single element. In this case, it is customary to drop the curly braces around the set.

Notation 3
For a measure p over state space (), let

u(i) = p({i})-

Definition 78
Given a Markov chain with a finite or countably infinite state space, the Markov chain oper-
ator on measures M can be defined as

[(M())(@) = Zu(j)[P(Xm =il X; = j)-

Or with our p notation,

Definition 79
Say that y is a stationary measure for a discrete Markov chain if

M(p) = p.

Note: it is not possible to use matrix notation anymore because {2 might be countably infinite!

22.1.1  An example of measures and Markov chains

Consider the following Markov chain.
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0.6

+ Suppose each node a, b, ¢ has one unit of clay on it.

to(a) =1, po(b) =1, pg(c) = 1.

« Node a receives 0.6 clay from node b plus 0.6 clay from node c.
+ Node b receives 0.2 clay from node a plus 0.4 clay from node c.
« Node c receives 0.4 clay from node b plus 0.8 clay from node a.

« New measure:

pi(a) = 1.2, puy(b) = 0.6, py(c) = 1.2.

22.2  Counting visits to states on a cycle

Now suppose that z is a state of the Markov chain. If the Markov chain starts at that state, it returns to x
after %, steps. If it never returns, then R, = oo.

Note that for Xy = z and X = , the states X, X, Xy, ..., X form a directed cycle in the graph,

For another state y, consider how many times the chain visits y while on this cycle that loops from x back
to x.

Definition 8o
Given X, = x, let N, be the number of visits of the Markov chain to y in times {0,1,2,...,R,—
1}. That is,

N, = Y I(X, =ylX, =)
i=0

Having a random variable R, in the limit of the summation is difficult to deal with. Fortunately it is possible
to get rid of it in the limit by adding an indicator function in the summand.
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I(X; = y|Xo = 2)I(i < R,)

e 10

~
Il
[=}

(X, =y,i < R, | X, =x).

Now here is the interesting fact. If you take the expected value of the number of visits to y, and make that
the measure of {y}, that will be a stationary measure!

Fact 61
Fix x a recurrent state in the Markov chain. For all 4, set

py) = B, (N)-

Then p is a stationary measure.

Proof. Start with the case y # x. Then to show stationarity, consider

M(p)(2) =Y wy)ply, 2)

yeQ
R,—1
=Y Ex,, [ dIX,; = y)} Py, 2).
ye 1=0

The upper limit on the summation can be brought into the indicator function.

M(p)(z) =) Ex, -, li I(X; =y,i <R,)| py,2)

ye =0

Since the terms in the infinite sum are nonnegative, the expected value can be brought inside by the Mono-
tone Convergence Theorem. Also, E,(I(p)) = P(plq), so

Mp)(z) = [i P(Xi =y,i < R,|X, = x)} p(y, z)

=0

Again the terms are nonnegative, which means the sums can be interchanged by Tonelli’s Theorem.
Mu)(z) =) Y P(X;=y,i < R,[Xo =2)p(y,2)
i=0 yeQ
Now p(y, z) = P(X;,; = 2|X; = y), so

M(p)(z) = ZZ P(X; =y, X, = 2,0 < R,| X, = 2).
i=0 ye
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Note that the events X, = y are disjoint for all the different states y, and summing over all y € 2 gives
M(p)(z) = ) P(X; € QX =20 <R |X, =2)

P(Xiy =21 < R,[Xy = 1)

e 1 10

Il
=}

Ex,—o [1(Xis1 = 2,1 < R, | Xy = )]

K2

Again the mean can be brought outside by the MCT and the limits can be changed.

R,—1
M(p)(z) =Ex, lz (X, =21 < R, | X, = x)}
i=0
R.T/
=Ex, . lz I(X; =2i< R,|Xy= x):l

j=1
Here it is important to note that the number of visits to any state in the time 0,1, ..., R, — 1 is exactly the
same as the number of visits to any state in the time 1,2, ..., R,. That is because X, = Xp, =in the

cycle. Hence

R,—1
M(p)(2) = Ex,—y l DX =20 < Ry|X, = CE)} = Ex,—(2) = p(z)
=0
and the measure is stationary. O

Note that any recurrent state = can be used to get a stationary measure. It turns out that two recurrent
states in the same communication class will give the same stationary measure.

However, starting at states in two different communication classes will give you different stationary mea-
sures, because you will only be able to reach states (and have positive E(IV,) ) for states in your own recurrent
communication class.

22.3 The stationary distribution

Now the tools are in place to show that a discrete state Markov chain with a recurrent class has a stationary
distribution.

Fact 62
For a discrete state Markov chain with state z where Ex _,(R,) < oo, there is always a sta-
tionary distribution.

Proof. Let x be any state in the recurrent communication class, and consider the stationary measure pu(y) =
E,(N,). By definition Zyeﬂ N, = R,, so they have the same mean. Since 2 is finite, linearity of expecta-
tion gives:

STEN,] = E[R,] <,
yeQ
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where the last inequality must be true for finite state Markov chains. So finite state Markov chains always

have at least one stationary distribution:

E[N,]

") = R, ]

A couple notes.

« By definition, N, = 1, so E[N,] = 1. So the stationary distribution associated with a recurrent state
T is

1
m(z) = =———.
E[R,]
« All finite state Markov chains have to have a recurrent class, so they must have a stationary distribu-
tion.

o It turns out, that if you pick x # y in the same recurrent class, then they will lead to the same
stationary distribution!

22.4 Example of a stationary measure

« Consider a Markov chain with the following transition matrix for states {a, b, ¢, d}:

04 0 06 O
0 0 0 1
05 0 05 0
0 1 0 0

From state a, the chain might move back to a or to state c. From b, the chain always moves to d, from
c it might move to a or back to ¢, and from d it always moves back to state b.

Start with z = b.

The expected number of visits to d before returning to b is 1, because the sequence of states
always goes b, d, b.

The expected number of visits to b before return is always 1. (In general N, = 1 given X, = x.)
— The expected number of visits to a or ¢ are both o.

So a stationary measure is (0,1,0,1)

This can be normalized to a stationary distribution by noting 0 + 14+ 0+ 1 =2, so
1
5(03 1» Oa 1) = (Oa 1/27 Oa 1/2)

is a stationary dist.

+ Nowdoz =a.

- As before, N, = 1.

- With a 40% chance, the state moves back to a in the first step and N, = 0.
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With a 60% chance, the state first moves to c. Now there is a geometric number of steps until
the move to a occurs. In this case N, ~ Geo(1/2).

So E[N,] = (0.4)(0) + (0.6)(1/(1/2)) = 1.2.

Final stationary measure:

(1,0,1.2,0).

For stat. dist.: )

1+0+1.2+o<’0’ ,0) = (5/11,0,6/11,0)

« Check answer. For p:

04 0 06 0
0 0 0 1
(0 1/2 0 1/2) 05 0 05 0 =0 1/2 0 1/2)
0 1 0 O
+ Check answer: For f,:
04 0 06 0
0 0 0 1
(5/11 0 6/11 0) 05 0 05 0 =(5/11 0 6/11 0)
0 1 0 O

So it works! This tells us that stationary distributions exist when the expected time to return to a state is
finite. But do limiting distributions? That is another story!

Problems

201. Give an example of a finite state aperiodic recurrent Markov chain (so exactly 1 recurrent communi-
cation class) with at least 4 states and stationary measure p(i) = 1 for all i € Q.

202. Give an example of a Markov chain with two states {a, b} such that (1, 1/2) is a stationary measure.

203. Consider a Markov chain M on state space 2 = {a, b, ¢} with transition matrix
0.3 04 0.3
02 08 0
0 01 09
Consider the measure

What is M (u)?

204. Consider a Markov chain M on state space Q = {a, b, ¢} with transition matrix

0.1 06 03
0.2 0.7 0.1
0 1 0
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Consider the measure

What is M (u)?

205. Let M, be a Markov chain on state space z,y, z. Suppose that X, = z, and X = x where
R, = inf{t > 0 : X, = x}. During the trip from z back to x, y is visited an average of 3.2 times, and z is
visited an average of 2.7 times.

Give a stationary measure for the Markov chain.
206.

Consider a four state Markov chain {1, 2, 3,4} where starting from state 4, state 1 is visited on average o
times, state 2 is visited 1.8 times, and state 3 is visited 2.2 times.

a. Give a stationary measure for the Markov chain.
b. What is E[R,]?
207.

Suppose a Markov chain has a single communication class {1, 2, 3,4}. If you start at state 1, the expected
number of visits to the other states before returning to 1 are

Nyl =4.3
E[N;] =1.2
N, =0.6
a. What is E[R,]?
b. Give at least one stationary measure for this chain.

208.

Suppose a Markov chain has a single communication class {a, b, c}. If you start at state ¢, the expected
number of visits to other states before returning to c are

E[N,] = 7.2
E[N,] = 10.1

a. Give a stationary measure for this chain.

b. Normalize your stationary measure to give a stationary distribution for this chain.
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Stationary Distributions

Question of the Day

What are the stationary distributions of a Markov chain?

Summary

. A state is positive recurrent if E[R,] < oco.
« All recurrent states in a finite state Markov chain are positive recurrent.

« For € arecurrent communication class there is exactly one stationary distribution 7 such that 7(€) =
1, and it has w(x) = 1/E[R,] for all states x in the class.

« Simple symmetric random walk on the integers is an example of a countable state space Markov chain
with one recurrent communication class that is not positive recurrent.

A stationary probability distribution 7 has the property that
P(X, € A|X, ~7) =n(A),

or in other words
Xo~m—= X~

If you start in the stationary distribution, then after one step of the Markov chain you are still in the sta-
tionary distribution.

23.1 Postive recurrence
Recall the following facts about stationary measures.

« W is a stationary measure if

p(z) = > pyP(X,, =2|X, =y).
yeQ

189
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« Let N, be # of visits to y in between visits to z. Then u(y) = E[N,] is a stationary measure.

« Also, Zyeﬂ E[N,] = Eyeﬂ p(y) = E[R,] Note that we can bring the expectation inside the sum
when () is finite by linearity of expectation, and when ) is a countable set by the Monotonic Conver-
gence Theorem.

« fE[R,] < oo, then u(z)/E[R,] is a stationary distribution.

It helps to have a term for when E[R,] < oc.

Definition 81
A recurrent state x is positive recurrent if

E[R,] < co.

Earlier it was shown that E[R,] < oo always for recurrent states in finite state Markov chain. Given our
new definition, that idea can be expressed as follows.

Fact 63
All recurrent states in a finite state Markov chain are positive recurrent.

23.2 Uniqueness of stationary distributions concentrating on a positive re-
current communication class.

Recall that for a given communication class, all states are either recurrent or transient. Classes with recur-
rent states are called recurrent.

So the next thing is to show that each recurrent communication class only has a single stationary distribu-
tion associated with it. The first step is to show that if 7(z) > 0 for some x in a recurrent communication
class, then 7(y) > 0 for all y in that class.

Fact 64
Let C' C Q be a recurrent communication class and 7 be a stationary distribution. If there exists
x € C with 7(z) > 0, then for all y € C it holds that 7(y) > 0.

Proof. Suppose € C has m(x) > 0. Let y € C. Then there exists n such that P(X,, = y|X, = x) > 0.
Recall if X, ~ 7, then X, ~ 7. Put together,

m(y) = P(X, =y)
2 [P(X =Y, XO - {,C)
=P(X, =2)P(X,, =y|X, =2)
=m(x)P(X,, =y|X,=z) > 0.

Fact 65
Let C be a recurrent communication class. There is a unique stationary distribution such that
7(z) > 0forallz € Cand w(y) =0forally ¢ C.
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First worry about stationary measures.

Fact 66
Let C be a recurrent communication class. Then the set of stationary measures v such that
v(CY) = 0 is unique up to constant multiples.

As usual, use the notation
p(r,y) =P(X; = y|X0 =1z).

Proof. Let v be a stationary measure with v(C®) = 0. For any two states ¢ and z in C, by definition of
stationary measure,

v(z) =Y vy)p(y, 2) = v(e)p(c,2) + > v(y)p(y, ).

Yy y#c

We could write this same equation using different dummy variables as

v(y) = v(c)ple,y) + Y _ v(@)p(z,y).

TF#c

Now use this identity recursively for v(y) to get:

v(z) =v(e)p(e,2) + Y [v(e)ple,y) + Y v(@)p(z,y) | p(y, 2)

y#c aFc
— vl 2) + 3 vlep(e p(,2) + 3 S v@n(, y)p(y, 2
y#c y#c x#c

Use P, to denote the probability distribution of the Markov chain given that X, = ¢ with probability 1, and
use P, to denote the probability distribution of the Markov chain given that X, ~ v. Then

V(Z) = Z/(C) [[Pc(Xl = Z) + IPC(XI 7/: ¢, X2 = Z)] + IPV(XO :/'é caXl 7& C7X2 = Z)

Repeat this recursion n times to get:

v(z)=v(e) Y P (Xp#eVhe{l,..m} X, =2)+ > v(zg)P(Xg=10,X, £, Xy #¢,... X, #¢, X, =2).
m=1 ToFcC

Formally use an induction to show this fact.

Now take the limit as n goes to infinity. Since the probability of an event is the expected value of the
indicator function of the event, and indicator functions are bounded by 1 in absolute value, the limit can be
brought inside the probability. In the last term, no matter what x is, it bounded above by the probability
that the first n — 1 steps never hit ¢, and this goes to o as n goes to infinity since c and x, have to be in the
same communication class for v(z;) > 0.

The sum in the first term converges by the monotone convergence theorem to

f: P(X,#cVke{l, ... m},X,, =z) =E[N,)

m=1
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Hence

For fixed ¢ € C, v(c) is a fixed constant independent of z. So what this says is that v must be a multiple of
the stationary distribution we already know about, E[V, ], which is o for any z outside of the communication
class. O

Fact 67
Let C be a recurrent communication class. Then the set of stationary distributions {7 : 7(C¢) =
0} contains exactly one distribution:

1
m(z) =
E[R,]
Proof. From earlier if two stationary measures 7 and 7’ exist, then # = c¢n’ for a constant ¢. But

Yowee™@) =2 em’'()=1s0c=1landm=7"

Let = be any element of C. Then 7(y) = E[N,|/E[R,] is the unique stationary distribution, and N, = 1
since x is always visited exactly once in {0, 1, ..., R, — 1}. So w(z) = 1/E[R,]. O

23.3 The intuition behind the travel time/stationary distribution relation-
ship

Consider a state x in the Markov chain that on average takes 5 steps to return to z. Then as the number of
steps grows to infinity, about 1/5 of the steps will be landing in x. That is, the limiting distribution for x
will be 1/5, or one over the average number of steps to return to « starting from .

23.4 Example of a countably infinite chain with no stationary distribution

Consider the state space @ = {...,—3,—2,—1,0,1,2,3,...}. Then have the Markov chain either add or
subtract 1 from the current state with equal probability. This is called simple symmetric random walk on the
integers.

Fact 68
Simple symmetric random walk on Z is a Markov chain with no stationary distribution.

Proof. Suppose p(i) > 0 exists such that

(i) = (1/2)p(i = 1) + (1/2)p( + 1),

so that
p(i+ 1) = 2pu(i) — p(i —1)
or
(i +2) = 2pu(i + 1) — p(i).
This is a recurrence relation. If 14(0) = (1), then this equation gives 1(2) = 2u(0) — p(0) = u(0).

Then
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An easy induction proof gives ji(i) = (0) for all i. When 44(0) > 0 then . u() # 1, and when 1(0) = 0,
>, 11(i) = 0. Either way, j is not a probability distribution!

Suppose 11(1) # 1(0). Then

Similarly
p(3) = 2p(2) — p(1) = p(2) + (u(2) — (1)) = p(2) + (pu(1) — p(0)),
and in general
p(i+1) = p(i) + (u(1) — p(0)).

Again an easy induction gives (i + 1) = u(0) + ¢(u(1) — p(0)). when p(1) — p(0) > 0 then when i is
large enough 1(4) > 1, and when p(1) — 1(0) < 0 then for ¢ large enough p(4) < 0. Either way, 1 is not a
probability distribution! O

This has two immediate consequences for simply symmetric random walk.

« Recall that any limiting distribution is also a stationary distribution. Therefore there is no limiting
distribution for this chain, since there is no stationary distribution.

« If E[Ry] < oo, then it would be possible to build a stationary distribution. But there is no stationary
distribution. Hence E[R,] = oo, and the chain cannot be positive recurrent.

Problems

209. A finite state Markov chain has one communication class, {a, b, ¢}. How many stationary distribu-
tions 7 for the chain have 7({a, b,c}) = 1?

210.
Suppose that a finite state Markov chain has two recurrent communication classes, {a, b} and {c, d, e}.
a) How many stationary distributions 7 for the chain are there with 7({a, b}) = 1?
b) How many stationary distributions 7 for the chain are there with 7({c, d, e}) = 1?
211.
State if state x is recurrent (but not positive recurrent), positive recurrent, or transient.
a. E[R,] = 4.2.
b. E[R,] = o0, P(R, < 00) = 1.
c. P(R, = 0) =0.3.

212.

Suppose that {a, b, c}, {d, e} are communication classes where starting at state b, NV, is the random number
of visits to state y before returning to state b. Classify state b as recurrent (but not positive recurrent),
positive recurrent, or transient based on the following information.
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a. E[N,] =4.2, E[N,] =1.7.
b. P(N, =0) =0.8,P(N, =0) = 0.7 and p(b,b) = 0.

c =

213. Suppose that a Markov chain has recurrent communication class {a, b, ¢} with stationary distribution
(0.3,0.2,0.5). What is E[R,]?

214.

Suppose that a Markov chain has recurrent communication class {a, b, ¢, d} and transient communication

class {e, f}. The stationary distribution is (0.25,0.25,0.4,0.1,0,0).
a. What is E[R;]?

b. What is E[R,]?



Chapter 24

The Ergodic Theorem for Finite State
Markov chains

Question of the Day

Finite state Markov chains always have a stationary distribution 7. When is 7 also a limiting distribution?

Summary

« A chain has period k if there is a partition P, ..., P,_; of states such that (Vi € {0,...,k—1})(Va €
P)(P(Xy41 € P pgizk—1)) = 1)-

« A chain with period 1 is aperiodic.
« A chain is irreducible if it consists of exactly one recurrent communication class.
« A chain is ergodic if it is aperiodic and irreducible.

« The Ergodic Theorem for finite state Markov chains says that for a finite state Markov chain the
following holds.

1) There is at least one stationary distribution 7.
2) 7 is unique if and only if there is exactly one recurrent communication class.

3) If C is a recurrent communication class, then for € C making 7(x) = 1/E[R,] and for x ¢ C
setting 7(z) = 0 is a stationary distribution.

4) If there is one recurrent aperiodic communication class, then the stationary distribution is also
the limiting distribution.

« The total variation distance between two probability measures P; and P, is distr, (P;,Py) =
sup 4o [P1(A) = Po(A)].

195
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CHAPTER 24. THE ERGODIC THEOREM FOR FINITE STATE MARKOV CHAINS

So far the following facts about Markov chains have been established.

24.1

Every finite state Markov chain has at least one stationary distribution.

For applications such as shuffling cards and Markov chain Monte Carlo (MCMC), it is important to
know when the stationary distribution to equal the limiting distribution.

To answer that question, it helps to think about what can go wrong? In other words, what can prevent
the limiting distribution from being the stationary distribution.

Fortunately, there are only two problems that can come up.

— First, there could be more than one stationary distribution, in which case the limiting distribu-
tion cannot be both!

— Second, the Markov chain could be periodic, moving in a pattern between 2 or more sets of states.
It turns out, these are the only two problems!
To solve the first problem: make sure that there is only one recurrent communication class.

To solve the second problem: make sure the chain is aperiodic.

Periodicity

Saying that a Markov chain has periodicity k can be thought of as having a state space which has been
sliced up like a pizza.

Whenever the state of the Markov chain falls into a particular slice, it has to move clockwise to somewhere
in the next slice.

Formally, the division of the state space into slices is called a partition of the state space. A partition consists
of a set of subsets of the original set where every element of the original set is an element of exactly one
element of the partition. There are several ways to describe this, one way is using indicator functions.

Definition 82
Say that Py, P, ..., P,_; is a partition of a set A, if for all ¢ € {0, 1, ...,k — 1},

Zﬂ(a eEP)=1

acA

Definition 83
For a recurrent communication class C, let k be the largest integer such that there is a partition
Cinto Py, Py, ..., P,_, that satisfies

(Vi€ {0,1,....k=1})(Vz € P)(P(X;11 € Py g1l Xy = 2) =1).

Call k the period of C. Say that the chain has periodicity k.
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24.1.1  Example of a period 2 chain

Suppose that a Markov chain has state space {a, b, ¢, d}, and transition matrix

0 03 0 0.7

01 0 09 O
« In the example above Py = {a,c} and P, = {b,d}.

« From any state in P, you land in P, with probability 1.
« From any state in P, you land in P, with probability 1.

« The period is 2.

Definition 84
A recurrent communication class C' is aperiodic if it has period 1.

24.2_The Eroodic Theorem for finite state Markov chains

Theorem 10
Ergodic Theorem for finite state Markov chains

For finite state Markov chains
1. There is at least one stationary distribution.

2. The stationary distribution 7 is unique if and only if there is exactly one recurrent com-
munication class.

3. If C is a recurrent communication class, then setting for all z € C,

1
E[R,]

mw(x) =

and for all y ¢ C, w(y) = 0, 7 is a stationary distribution.

4. For one recurrent aperiodic communication class,

(Vz € Q)(VA € F) (tlggo P(X, € A|X, = z) = W<A))

Definition 85
A chain is irreducible if it consists of exactly one recurrent communication class. If that class
is also aperiodic, then the chain is ergodic.

The short version of the ergodic theorem is:

The limiting distribution equals the unique stationary distribution in a finite state Markov chain
if it is irreducible and aperiodic.

The slightly longer version of ergodic theorem:
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In a finite state Markov chain, the limiting distribution exists and equals the unique stationary
distribution iff the chain has one recurrent communication class which is aperiodic.

24.3 The total variation distance

Another way to describe the limiting distribution is by using a distance between probability measures. The
total variation distance is often used for this purpose.

Definition 86
The total variation distance between two probability measures P; and P, with measurable
events in 7 is

distyy (Py,Py) = sup [Py (a) — Py(a)].

acF

Definition 87
A distance (aka a metric) d is a function that takes pairs of states and returns a real number
that satisfies for all states x, y and z:

(z,y) > 0 (nonnegativity)

0 & x = y (identity)

d(y, z) (symmetry)

1. d )
2. d(z,y)
3. d(z,y)
4. d(z,y)

(z,y) < d(zx, z) + d(z,y) (triangle inequality)

It is straightforward to show that dr is a distance.

Recall: The probability distribution associated with r.v. X is

Py (A) = P(X € A).

So for instance, the total variation distance from X to 7 is:

dpy(X,7) = sup [P(X € A) — P(Y € A)|
A

where Y ~ 7. (Note P(Y € A) is often written as 7(A) for convenience.)
With this notation, the ergodic theorem is:

Finite state Markov chains that are irreducible and aperiodic with stationary distribution 7 have

(var € Q) (Jim dry([X,|X, = a],m) =0).

24.4 Aperiodicity

It turns out to be easy to force a Markov chain to be aperiodic. As long as there is a state in a recurrent
communication class with a positive chance of staying in the same state after one step, the class is aperiodic.
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Fact 69
Suppose z is in a recurrent communication class and P(X; = x| X, = x) > 0. Then the class is
aperiodic.

Proof. Let Cy, C, be any partition of the state space where © € C;. Then P(X, € Ch|X; = 2) < 1—
P(X, = x| X, = z) < 1. Hence the chain is aperiodic. O

24.4.1 Using holding to give aperiodicity
Definition 88
A state z where P(X; = 2| X, = z) > 0 is said to have a holding probability.

Suppose the goal is to give states a holding probability without changing the stationary distribution . To
accomplish this, at each step, flip a fair coin. If heads, the chain stays where it is, otherwise the state changes
normally according to the Markov chain.

In this new chain (sometimes called a lazy chain) every state has a holding probability. So in particular all
the recurrent states have a holding probability.

From a linear algebra point of view, if the old transition matrix was A, the new transition matrix with
holding is (1/2)A + (1/2)I. Note

TA=m=w[(1/2)A+ (1/2)[|=(1/2)n+ (1/2)r =7
so the lazy chain has the same stationary distributions as the original chain.
24.5 Eigenvalues and aperiodicity
The period can be related to the eigenvalues of the transition matrix.
« Period k chains cycle through a partition Py, P;, P, ..., P,_;.
« After k steps, back in P;.
+ So raising transition matrix to k power gives a chain that starts in F, and returns to F,.

« If A¥ is a Markov chain on P, with eigenvalue 1, then A must have had an eigenvalue that is the kth
root of 1.

« For example, with period 3,
Eigenvalues 1, —1/2 4 (1/3/2)i, cube roots of unity

24.6  Periodicity through greatest common divisors

Another way to view periodicity is through the lens of greatest common divisors. This is a more number
theory way of looking at periodicity. First we need the notion of when an integer divides another integer.

A positive integer k divides a positive integer n if there exists an integer ¢ such that k¢ = n. Write k|n.

For example: 2 divides 6, 14 divides 14, and 1 divides every positive integer.
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Definition 89
Let A be a set of positive integers. Then the greatest common divisor (or gcd) of A is

ged(A) = max{k € Z7|(Va € A)(k|a)}.

For example, ged({3,4}) = 1, ged({2, 4,6, ...}) = 2. Now we can find out the periodicity as a ged.

Let a be any state in a recurrent communication class C. Let M = {m : P(X,,, = a|X, = a)}. Then the
period of C equals gcd(M).

Let a be a state in recurrent communication class C'. Suppose that the period of C' is k. Then there exists a
partition (Fy, Py, ..., P,_;) of C such that

(Vie€{0,1,2,...,k—1})(P(X, € P,,,|X, € P,) =1).

where P, = P,. Infactford € {0,1,...} andi € {0,1,...,k—1} set P, ; = P;. Then it is straightforward
to show

(Vi€ {0,1,2,..})(P(X; € P,,,| X, € P,) =1).

Now let m be a positive integer such that P(X,, = a|X, = a) > 0. Then since X, = a, a € F, in the
partition. Then it must be true thata € P,,, so P, = P,. Hence k|m, and k is a divisor of every element
of M.

This is true for any partition of the form
(Vie {0,1,2,....k—1})(P(X, € P, | X, € P,) =1).

But the period is the greatest such k& where a partition exists, and so it is the greatest common divisor of the
integers in M.

Problems

215. Suppose a Markov chain has state space {a, b, c}, where {a,b} is a recurrent communication class
and {c} is a transient communication class. Does the chain have a limiting distribution?

216. Suppose a Markov chain has state space {a, b, ¢, d, e} where {a,b} and {c,d} are recurrent commu-
nication classes and {e} is a transient communication class. Does the chain have a limiting distribution?

217.
Suppose X ~ Unif({1,2,3}) and Y ~ Unif({1,2, 3,4, 5}).

a. By adding in all elements with P(X = a) > P(Y = a), find the set A C {1,2,3,4,5} such that
P(X € A) —P(Y € A) is as large as possible?

b. What is the set B C {1,2,3,4,5} such that P(Y € B) — P(X € B) is as large as possible?
c. What is the relationship between A and B?

d. What is the total variation distance between X and Y'?
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218. A useful fact about total variation distance for random variables with densities with respect to the
same measure f4 is

distry (X,Y) = [ Fx(@) = Fyly) dp.
z:fx (2)> fy (@)
As always, if p is Lebesgue measure (for continuous random variables) this integral is the same as the

Riemann integral, and for i equal to counting measure (for discrete random variables) this integral becomes
a sum.

Use this fact to find the total variation distance between U; ~ Unif({1,2,3,4}) with density f; (u) =
(1/4)0(u € {1,2,3,4}) and U, ~ Unif({2, 3,4,5,6}) with density f, (u) = (1/5)l(u € {2,3,4,5,6}).

219.

Consider the Markov chain with transition graph:

If the chain has period &, then it holds that {t : P(X, = a|X, = a) > 0} C {k, 2k, 3k, 4k, ...}.
(a) Find enough elements in the set {t : P(X, = a| X, = a) > 0} to show that the chain is aperiodic.
(b) Find the limiting distribution of the chain.

220.

Consider a Markov chain over state space {a, b, c} with transition matrix

0 02 08
A=104 0 06
0 1 0

a. Find P(X, = a| X, = a).
b. Find P(X5 = a|X, = a).
c. Do the previous two parts give enough information to show that the Markov chain is aperiodic?

221. Suppose that transition matrix A has eigenvalues 1 and —1, but there are no other eigenvalues that
when raised to a nonnegative integer power equals 1. What is the period of A?

222. Suppose a Markov chain with transition matrix B has one recurrent comm class with period 3. How
many comm classes are there in the Markov chain with transition matrix B3?
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Chapter 25
Travel Times

Question of the Day

Consider simple symmetric random walk with partially reflecting boundaries on {0, 1, ..., n}. So
p(i,i+1) = (1/2)I( < n)
p(i,i = 1) = (1/2)I(i > 0)
p(n,n) =1/2

What is the expected number of steps needed to return to 0 starting from 0?

Summary

« One way to find expected travel times from i to j by adding an artificial state k, making p(j, k) =
p(k,i) = 1, and using £[R,] = 2 + E[T; ;].

« If the uniform distribution is stationary for a finite state Markov chain with all states in one recurrent
communication class, then the expected return time for every state is the number of states in the
space.

Consider a four state Markov chain with transition matrix

0 04 0 06
1 0o 0 O
0 0 01 09
05 0 05 O

What is the expected time to return to state a starting at state a?

- Note a and b are connected since p(a,b) and p(b, a) are both positive.

203
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Also, ¢ and d are connected since p(c, d) and p(d, ¢) are both positive.

« Finally, a and d are connected since p(a,d) and p(d, a) are both positive.

chain, it must be recurrent.

« So there is a unique stationary distribution. To find it, solve

Using R

A <- matrix(c(O0,

0.5,
byrow

nrow =

eigen(t(A))

H#
##
##
H#
H#
H#
H#
##
H#
H#

0 04 0 06

eigen() decomposition

$values

[1] 1.0000000 -0.9658911

$vectors

[1’] -0
[2,] -0
[3:] -0
[4:] -0

(,1]
.5731205
.2292482
.3820804
.6877446

-0.
0
-0.
0.

[,2]
6134566

.2540479

3175599
6769685

0.4658911

[,3]
-0.5340868
-0.4585508

0.5731885
0.4194491

Hence {a, b, ¢, d} form one communication class, and since it is the only comm class in the finite state

=(a b ¢ d)

-0.4000000

[,4]

.4526787
.4526787
.5432145
.5432145

« The first eigenvalue is 1, so the first eigenvector in column 1, normalized to add up to 1, is

A <- matrix(c(O0,
1, 0,
0, O,

0.5,
byrow
nrow =

0.4,

0,
0.

0,

0, 0.6,
0,
1, 0.9,

0.5, 0),

TRUE,

4)

v <- eigen(t(A))$vectors[,1]
pi <- v / sum(Vv)

pi

## [1] 0.3061224 0.1224490 0.2040816 0.3673469

So m(a) ~ 0.306122.
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By the Ergodic Theorem
1 1

m(a)  0.3061224...°

E[R,] =
1/ pil[1]

## [1] 3.266667
So the average return time to a is about | 3.266 |

25.1  Travel times for the example

What if the goal is not to get the average return time, but instead to get the average travel time between
states. For instance, what is the expected time to travel from a to ¢?

The idea is to alter the Markov chain somewhat. Start with the original transition matrix.

0 04 0 06
1 0o 0 O
0 0 01 09
05 0 05 O

Next, add an artificial node e. This node will help us keep track of travel from a to ¢. Change node ¢ so that
it always moves to e. Once at node e, always move back to node a. The new transition matrix then looks
as follows:

0 04 0 06 O
1 0o 0 0 0
o 0 0 o0 1
05 0 05 0 O
1 0o 0 0 0

Consider starting the new chain in state e and consider the path needed to return to e. The first move has
to be to state a, then you have to travel from a to ¢, and then the final move will be state ¢ back to state e.
Using our earlier notation T} for the number of steps needed to move from state ¢ to state j,

R,=2+T,,.

The entire state space is still connected, so the Ergodic Theorem holds, which means the eigenvalues can be
used to find the stationary distribution of this new chain.

library (expm)
B <- matrix(c(0, 0.4, 0, 0.6, O,
1, 0, 0, 0, O,
0o, 0, 0, 0, 1,
0.5, 0, 0.5, 0, O,
1, 0, 0, 0, 0),
byrow = TRUE,
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##
##
##
##

(.11 [,2] [,

31 [
.0 .

4] [,5]
.6

=]
=]
=]
=]

[(1,]
[2,]
[3,]
## [4,]
## [5,]

eigen(t(B))

S 1O O
[N oo
S OO O
N ool
S 1O O
eoNeNeNe]

0
.0
0
0

SO R OO

1
0
0.
1
)

## eigen() decomposition

## $values

## [1] 1.000000e+00+0.00000001i -1.000000e+00+0.00000001 6.938894e-18+0.54772261
## [4] 6.938894e-18-0.54772261 0.000000e+00+0.00000001

##

## $vectors

#it [,1] [,2] [,3]
## [1,] 0.76696504+01 -0.7669650+01 -1.266788e-16-3.761774e-011
## [2,] 0.3067860+01 0.3067860+01 -2.747211e-01+1.992483e-171
## [3,] 0.2300895+01i -0.2300895+01 1.029425e-16+3.761774e-011
## [4,] 0.4601790+01 0.4601790+01 -4.120817e-01+4.013026e-171
## [5,] 0.2300895+01i 0.2300895+01 6.868028e-01+0.000000e+001
#it [,4] [,5]

## [1,] -1.266788e-16+3.761774e-011 9.220692e-17+01

## [2,] -2.747211e-01-1.992483e-171 7.071068e-01+01

## [3,] 1.029425e-16-3.761774e-011i -8.107333e-17+01

## [4,] -4.120817e-01-4.013026e-171 4.710277e-16+01

## [5,] 6.868028e-01+0.000000e+001i -7.071068e-01+01

This chain has eigenvalues of 1 and —1. These are the two square roots of 1, which means that this new
chain has period 2. So even though there is not a limiting distribution, the stationary distribution still exists,
and (i) = 1/E[R;].

v <- eigen(t(B))$vectors|,
pi <- v / sum(Vv)

pi

1]

## [1] 0.3846154+01i 0.1538462+01i 0.1153846+01 0.2307692+01 0.1153846+01
So the final answer is 1/7(e) — 2. R uses brackets [ and ] to access entries, so

1/ pi[5] - 2

## [1] 6.666667+01

gives us our answer of | 6.666 ... |

25.2  First step analysis
Recall that we already had a method for finding E[T;, ], first step analysis! This works as follows.

« Start by letting w; = [E[TLC]-
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« Then
w, = 1+ 0.4w, + 0.6wy

w, =1+w,
w, =0
wy = 1+ 0.5w, + 0.5w,

« This has solution w, = 20/3, so 6.666 ... steps are needed on average.
It is worth noting: you should get the same answer using either method!
25.3 Solving the Question of the Day
Simple symmetric random walk with partially reflecting boundaries:

In order to use the Ergodic Theorem, we need to have a stationary distribution. The detailed balance equa-
tions, TA = T, are:

[P(Xt+1 =j)= Z ”D(Xt = i)[P(XtH = j‘Xt =1i).
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So the time to return to 0 is for all the states!

The time to return to 5 starting from 5 is also n + 1, or the time to return to 100 starting from 100, also 7+ 1.
wild!

Problems

223.
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Consider a two state Markov chain with transition matrix.
04 0.6
A= <0.5 0.5) '
a. What is the expected travel time from b to a?
b. What is the expected return time to a?
c. What is the stationary distribution of a?
224.
Consider a two state Markov chain with transition matrix.
0.1 0.9
A= (0.1 0.9) '
a. What is the expected travel time from b to a?
b. What is the expected return time to a?
c. What is the stationary distribution of a?

225. Consider the following four state Markov chain transition matrix.

0.1 03 04 0.2
0 05 0 05
03 01 02 04
0 0 1 0

A:

What is the expected time needed to travel from state a to state d? Calculate this through the artificial node
method.

226. Repeat the calculation of the expected time needed to travel from state a to state d using first step
analysis.

227.

Consider simple symmetric random walk with partially reflecting boundaries on states {0, 1, ..., 10}.
a. What is the expected time needed to return to state o starting from state 0?
b. What is the expected time needed to return to state 7 starting from state 7?

228. A Markov chain with 100 states and a recurrent communication class that is the whole state space has
the uniform distribution as its unique stationary distribution. For state a, what is the expected time needed
to return to a?
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Coupling

Question of the Day

Why does the stationary distribution equal the limiting distribution for irreducible and aperiodic Markov
chains?

Summary

« A coupling between two random variables X and Y refers to the joint distribution (X,Y") of X and
Y.

« The total variation distance between X and Y is bounded above by P(X # Y') in any coupling
between the two variables.

With exactly one recurrent aperiodic communication class, the chance that two Markov chains have
not coupled goes to zero as the number of steps goes to infinity.

+ This means that under these conditions, if ¥, ~ 7 for 7 the unique stationary distribution, then no
matter what X; = z is, the total variation distance between X, and Y, will go to o. That is, 7 will be
the limiting distribution.

So why does the limiting distribution equal the stationary distribution from a probability perspective?

Think about starting a Markov chain Y, in the stationary distribution 7. No matter how many steps in the
chain you take, Y, will still be in the stationary distribution.

Now picture starting another copy of the Markov chain X, at a particular state . As the chains run
according to an update function, perhaps they meet at the stopping time 7.

T =inf{t: X, = Y;}.

Once they meet, have the token tracking the X, process stick to the token tracking the Y, process. that is,

209
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fort > T, X, =Y,. The term for linking two train cars together so that they move as one is called coupling,
and that is the term that will be used here to describe the (X,,Y,) process.

Since Y, ~ 7 always, X, inherits that stationary distribution from Y;. Which means that the more likely it
is that X, =Y, the closer X, is to the stationary distribution.

Before defining a coupling for Markov chains, start with a coupling for just two random variables.

Definition 9o
A coupling of random variables X and Y is just another name for the bivariate distribution of
(X,Y).

It turns out that the total variation distance between the two random variables can be upper bounded by
the probability that the two random variables take on different values.

Fact 70
The Coupling Lemma

For any two random variables X and Y with coupling (X,Y),

distyy (X,Y) < P(X #Y).

Proof. Recall that distyy (X,Y) =sup , P(X € A) —P(Y € A). Let A be any measurable set. Then

IP(X€A)—PY €A)|=PXeAX=Y)+P(XecAX+Y)-

PYeAX=Y)+PY €A X+#Y))]
=PYeAX=Y)+P(X €A X+Y)—
PYEAX=Y)—P(Y €A X+Y)
=PXeAX£Y)—PY €A X+Y)

Note that for real values a and b with 0 < @ < cand 0 < b < ¢, it holds that |a — b] < |¢|. Both
P(X€A X +Y)and P(Y € A, X #+Y) are bounded above by P(X # Y'). Hence

IP(X € A) —P(Y € A)| <P(X £Y).

The right hand side is independent of A, and so the supremum of the left hand side over all A is at most
P(X#Y). O
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Example 21
Suppose X ~ Unif([0,2]) and Y ~ Unif([1, 5]).

a. Upper bound disty, (X, Y') using the coupling where X and Y are chosen independently.
b. Let Y ~ Unif([1,5]) and U ~ Unif([0, 2]) be independent. Let

X=UlY >2VU<1)+YIY <2AU > 1)

Then it is straightforward to verify that X ~ Unif([0,2]). Use this coupling to upper
bound disty, (X, Y).

c. Let Y ~ Unif([1,5]), B ~ Bern(1/3), U ~ Unif([0, 1]) be independent. Then set
X =YI(Y <2)+ U+ BI(Y > 2).

Again it can be shown that X ~ Unif([0,2]). Use this coupling to upper bound
distry (X, Y).

Solution

a. Because X and Y are independent and continuous, the probability that they are equal is
0, and the probability that they are unequal is 1. Hence ‘ distry (X,Y) <1 ‘ Note that this
is a trivial bound since the most the total variation distance can ever be is 1!

b. Here X =Y if Y < 2,U > 1, which happens with probability
PY<2,U>1)=PY <2)P(U >1)=(1/4)(1/2) =1/8.

Hence P(X # Y) = 7/8 =|0.8750 |, which is the upper bound given by the coupling
lemma for distry (X, Y).

c. Here X = Y when Y < 2, which happens with probability (2 — 1)/(4 — 2) = 0.2500.

Hence the upper bound on disty, (X, Y) =|0.7500 |

Note that for A = [2,5], P(Y € A) —P(X € A) = 3/4 — 0 = 0.7500, so that must be the total variation
distance between X and Y.

26.1  Coupling two stochastic processes

Rather than just coupling a single pair of variables, it is also possible to couple two entire stochastic pro-
cesses.

Definition 91
A coupling of two stochastic processes X, and Y, is a sequence {(X,,Y;)} such that {X,} and
{Y,} viewed by themselves have the correct distribution for their process.
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26.1.1  Example: coupling simply symmetric random walks
Here is an example of how to couple simple symmetric random walks over the integers.
« Suppose Dy, Dy, D, ... i Unif({—1,1}).
c Xo=0,Yy=5 X, =Xy + Dy, Vi =Y, + Dy
+ Then X, and Y, both move according to the same Markov chain.
+ Now suppose Wy, =0, W, , = W, — D, .

« Since —D; ~ D,, W, is also a simple symmetric random walk, but it moves differently than X, or Y;.

Now consider a stochastic process Y, Y], Y5, ... where Y, ~ 7. Then because the process is started in the
stationary distribution all of the Y, ~ .

26.2 Using coupling to show the ergodic theorem

Suppose Y, ~ 7 where 7 is stationary, so Y, ~ = for all ¢. Further, suppose P(X, # Y;) — 0. From the
coupling lemma this means

distqy (X,, Y,) = distyy (X, ) — 0,

that is, the distribution of X, converges to the stationary distribution!

To see why sooner or later the X, and Y, processes run into each other in an irreducible, aperiodic finite
state Markov chain, the following fact will be useful.

Fact 71
Let { X, } be an irreducible, aperiodic finite state Markov chain over 2. For any two states = and
y in €, there is a time ¢ such that P(X, = z| X, = ) > 0 and P(X, = z|X, = y) > 0.

A fact from number theory (presented below without proof) is needed to prove the previous fact.

Fact 72
Let A C Z* with ged(A) = 1 satisfying (Va,, a5 € A)(a; + ay € A). Then

(Tn)(YN > n)(N € A).

Since y and « communicate, let ¢ be the length of a path from y to . Let A be the set of times ¢’ such that
P(Xy = z|Xy =) > 0. If t;,t, € A then P(X, ,, = 2[X, =2) > P(X,, = 2[X, =2) P(X,, =
x| Xy =x)>0,s0t; +t, € A

Then since the chain is aperiodic, gcd(A4) = 1, and so satisfies the condition of the number theory fact.
Hence there is a time ¢’ such that ¢ = ¢’ 4 ¢ is also in the set, which gives the desired time.

Now to prove the ergodic theorem.

Proof. Since the chain is finite there exists a recurrent state z (and class). The cycle trick proof shows that
there is a stationary measure, and since E[R,] < 0o, it can be normalized to give a stationary distribution.

If there are at least two recurrent communication class, then the stationary measure from the cycle trick
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gives two stationary measures, each of which can be converted to a stationary distribution, and which give
probability 1 to disjoint states. Hence the stationary distribution is not unique.

If there is one recurrent communication class.

Let x be a recurrent state. The stationary measure cycle trick normalized to a stationary distribution gives 7
with w(z) = 1/E[R,]. For any y that is transient, this cannot be reached from x and so the same stationary
distribution has 7(y) = 0. By the previous lemma this stationary distribution is unique, so this holds for
any recurrent = and transient y.

Fix x € Q and let X;; = x. Let Y; ~ m, where 7 is stationary. Then Y, ~ 7 for all ¢.

Advance the X, and Y, chains independently if X, # Y, otherwise just advance X, to X, ; and set
Y,,, = X,,,. With this coupling both {X,} and {Y,} are following the transition probabilities for the
Markov chain. Hence

distry (X, m) = distry (X, Yy) < P(X, #Y,).
Now, for every pair of states z,y € €2, there is a time ¢, , such that there is a positive chance of moving to
a state z from both states x and y in that many steps. So let

Q,, = min{[P(XtI’y =z|X, = z),P(X, . 2| Xy =y)} > 0.

T,y @,

So after ¢, , steps, there is at mosta 1 — a, , chance that X, ) +Y, ,- Leta = min, o, , and t =
max, , t, .. ) )

Then for any k € {1,2,3,...}, P(X,, # Y},) < (1 —a)* — 0. O
Problems

229. Suppose A ~ Unif({1,...,90}) and B ~ Unif({10,11,...,110}) have a coupling where there is a 0.4
chance the states are equal. What can be said about the total variation distance?

230. Suppose A ~ Unif({1,...,90}) and B ~ Unif({10,11,...,110}) have a coupling where there is a
81/101 chance the states are equal. What can be said about the total variation distance?

231. Suppose X ~ Exp(1/2)andY ~ Unif([0, 1]) have a 0.1 chance of being equal with a certain coupling.
What can be said about the total variation distance?

232. Suppose A ~ Unif({1,...,90}) and B ~ Unif({10,11,...,110}) have a coupling where there is a
9/10 chance the states are equal. What can be said about the total variation distance?

233.

Consider X ~ Unif([0,2]) and Y ~ Unif([1, 3]). Note that P(X € [1,2]) and P(Y € [1,2]) both are 1/2.
Also recall that for W a uniform random variable over set B, for A C B, [W|W € A] ~ Unif(A). This
gives a way to couple uniform random variables.

Let B ~ Bern(1/2) and U ~ Unif([0, 1])
a. Let X =2U andY =1+ 2U. Whatis P(X # Y)?

b. Let X =B(14+U)+(1-B)(U)andY = B(1+U)+ (1 —B)(24 U). Whatis P(X # Y)?
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234. Suppose A ~ Unif(]0, 10]) and B ~ Unif([6, 16]). Find a coupling (perhaps by drawing extra random
variables) such that P(A # B) = 0.6.

235.

Suppose that X; = z; and Y,; ~ 7 are two copies of a Markov chain which has 7 as the stationary
distribution. Suppose P(Y; # X,) < 10exp(—t/5).

a. What can be said about disty, (X, Y;) when ¢t = 20?
b. What can be said about disty, (X;,Y;) when ¢t = 30?
236.

Suppose that X; = z,; and Y; ~ 7 are two copies of a Markov chain which has 7 as the stationary
distribution. Suppose P(Y, # X,) < 100 exp(—t/10).

a. What can be said about disty, (X, Y;) when ¢t = 60?
b. What can be said about disty, (X;,Y;) when t = 70?

c. What can be said about disty, (X;, Y;) when t = 80?



Chapter 27
Coupling for mixing times

Question of the day

Simple symmetric random walk with partially reflecting boundaries on the integers {0, 1,...,n — 1} has
update function
flz,u) =[x+ 0(u<05)—0(u>05)]A(n—1)VO0.

Bound the mixing time of this Markov chain in terms of n.

Summary

+ The mixing time 7, of a Markov chain is the minimum number of steps needed to move from any
starting state to within € total variation distance of the limiting distribution.

« Using the coupling lemma, any particular coupling gives an upper bound on 7.

Recall that for irreducible, aperiodic Markov chains, the limiting distribution equals the unique stationary
distribution. Roughly speaking, the mixing time of a Markov chain is how many steps must be taken before
the chain forgets the state that it is currently in. Or in other words, it is how many steps must be taken
before the distribution of the state is close to stationarity.

Definition 92
For a Markov chain with unique stationary distribution 7, let

Ty e = inf{t : distyy (X, | Xy = 2, 7) < €}

Call
Te = SUP T,
zef)

the mixing time of the Markov chain.

Recall the coupling lemma says that disty (X,| X, = z,7) < P(X,; # Y| X, =z, Y, ~ 7).

215
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One way to build a coupling for two Markov chains is to use an update function to run both chains using
the same source of randomness.

Let R € Qp be a source of randomness. Recall that f :  x Qp — ) is an update function for a time-
homogeneous Markov chain over 2 if f is a computable function that satisfies f(z, R) ~ [X,|X, = z].

In other words, an update function takes the current state plus some random choices, and returns the next
state in the Markov chain. For the simple symmetric random walk on {0, ...,n — 1},

a simple update function is
flz,U)=x+D-l(z+ D €{0,...,n—1})

where D ~ Unif{—1,1}. The indicator function makes the partially reflecting boundaries: if we try to
move outside of the state space, then the indicator function forces us to stay at the current state instead.

Now we can couple (X, Y;) together by saying for all ¢,
Xi1 = [(Xy, Dypy) and Yy g = f(Yy, Dy yy).
In other words, use the same random choice to move both X, and Y.
For example, say n = 4 so 2 = {0, 1, 2, 3}.
tD, (X,,Y,) — =i ———=01(0,2) 1+1(1,3) 2+1(2,3)3-1(1,2) 4 +1 (2,3) 5 +1 (3, 3)
so coupling occurred at £ = 5.

Notice that for this chain, X, <Y} implies X; | <Y, ;. Soif X, =n—1,thenY, =n—1,and T, <¢
where
To=inf{t: X, =Y,}

we have for the stopping time
T=inf{t: X, =n—1},

that T, <T.

To bound E[T] (and hence E[T]), we consider a third process whose update function is
Wi =W+ Dy [ AWy + Dyyy 2 0),

so it is like the X, process but can keep going up forever.

Still, W,y = X, 7, so studying the W, process can help us understand the X, process. Consider a potential
function ¢ that will be constructed so that

Elp(Wi1)|o(Wy)] = ¢(W,) + 1.

First a starting point. Set ¢(0) = 0. Next, consider that

Elg(W1)[Wy = 0] = (1/2)$(0) + (1/2)¢(1)
so to make this 1 larger than ¢(0), set ¢(1) = 2.
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Next

Elp(W1)[Wo = 1] = (1/2)¢(0) + (1/2)¢(2)
= 0(0) =2+ (1/2)6(2),

so to make this 1 more than ¢(1) set ¢(2) = 6.

Continuing in this way, one gets the recursion

Pp(i+1) =2¢) +2— (i —1).

and the first few entries are:

Fact 73
The solution to the recursion

P(i+1) = 26(i) +2 — ¢(i — 1),

with ¢(0) = 0 is
o) =1i(i+1).

Proof. Usually proofs of this sort are by induction, and this is no exception!
The base case holds because ¢(0) = (0)(1) = 0and ¢(1) = (1)(2) = 2.
Now suppose it holds for ¢(¢) and ¢(i — 1) and consider ¢(i + 1). Then
P(i+1)=2¢0(i)+2—¢(i—1)
=2@)(F+1)+2— (i —1)(4)
=224+ 2+2—%+i
=%+ 3i+2
=(i+1)(i+2),

completing the induction. O

Then it follows directly that
M, = p(W,;) —t
is a martingale, so M, ,r is also a martingale. Hence for all ¢

[E[Mt/\T‘MO = 0] =0,

and so
El¢p(Wirr) — (¢ AT)] =0,
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and

[E[¢(WtAT)] =E[(tAT)]

By the Ergodic Theorem, P(T' < c0) = 1, so

lim ¢(W,\p) = ¢(Wr) = n(n+1).

t—o0

Similarly,
lim t AT =T.
t—00

By the bounded convergence theorem,

lim E[¢(Wy7)] = E[lim 6(W,7)] = n(n+1),

t—o0

and by the monotone convergence theorem
lim E[t AT] =E[lim (¢t AT)] = E[T].
t—o00 t—oo

Hence
E[T] = n(n +1).

So that tells us the average number of steps needed to couple. Can we use that to bound the mixing time?
Recall Markov’s inequality:

For an integrable random variable X,
P(X| > a) < E[X]/a.
SoP(T > 2n(n+1) <n(n+1)/[2n(n+ 1)] = 1/2. In other words, after every 2n(n + 1) steps, we have
at least a 1/2 chance of coupling. Hence
P(Tp > k-2n(n+1) <P(Ty < [k]2n(n+1)) < (1/2)-1 < (1/2)F2,
for all £ > 0. Then to make this at most ¢,
k=1In(1/e)/In(2) + 2,

so the mixing time is

7. < 2n(n+1)[2+In(1/e)/In(2)].

Problems

237. Suppose two copies of a Markov chain { X, } and {Y,} are coupled together so that each follows the
same transition matrix.

Further, say that X, = x, where z, € Q, Y ~ 7, and P(X;5y = Y100/ Xy = 2o) = 0.99. Bound the total
variation distance between X, and 7.
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238. Suppose two copies of a Markov chain { X, } and {Y,} are coupled together so that each follows the
same transition matrix.

Further, say that X, = x, where z, € , Y, ~ 7, and P(X;, = Y;,|X, = 7) = 0.9. Bound the total
variation distance between Xy, and 7.

239. Suppose that for all states x and y,
P(X100 = Y100l Xo = 7, Yy = y) = 0.1,
and that if X, =Y, then X,, =Y}, forall ¢’ > t. Create an upper bound for

[P(X200 = Yzoo)

240. Suppose that for all states x and y,
P(X100 = Y100l Xo =2, Yy =y) = 0.1
and thatif X, =Y, then X,, =Y, forallt’ > t.

Create an upper bound for
P(X400 = Ya00)

241. Suppose (X,,Y,) is a coupling for two copies of a Markov chain such that

P(X, #Y,) <100exp(—t/10).

Give an upper bound on 7 5.

242. Suppose (X,,Y,) is a coupling for two copies of a Markov chain such that

P(X, #Y,) <50exp(—t/7).

Give an upper bound on 7 5.
243.

Suppose that
(Y, € Q)(distry ([X,| Xy = 2], m) < 1000 exp(—t/100)).

a. Give an upper bound on 7 ;.
b. Give an upper bound on 7 ¢90001-
244.

Suppose that
(Vg € Q)(distyy ([X,| X = z],m) < 50 exp(—1/16)).

a. Give an upper bound on 7 ;.

b. Give an upper bound on 7 ¢90001-
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Chapter 28

Countable state space Markov chains

Question

When does the stationary distribution of a countable state space Markov chain equal the limiting distribu-
tion?

Summary

« A countable state space Markov chain has limiting distribution equal to the stationary distribution if
it consists of one communication class which is positive recurrent and aperiodic.

« Simple symmetric random walk on the integers with partially reflecting boundary at o is recurrent
but not positive recurrent.

Intuitively, a set is countable if its elements can be put into a sequence, thatis A = {a, as, as, ...}. Formally,
this can be written in terms of a function from {1, 2, 3, ...} onto the set. Recall that a function f : S — T
is onto if for every ¢ € T there exists s € S such that f(s) =t.

Definition 93
A set A is countable if there exists a function f : {1,2,...} — A that is onto.

With this definition, finite sets are also countable. It helps to have a term to distinguish sets that are count-
able but not finite.

Definition 94
A set is countably infinite if it is countable but not finite.

Not all sets are countable.

Definition 95
A set is uncountable if it is not countable.

221
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Famously, the real numbers, or even a finite length interval such as [0, 1] are uncountable.

How does the Ergodic Theorem change for countably infinite state spaces? For some results the proofs
given for finite state spaces go through nicely in the countably infinite case.

« The cycle trick still works to make a stationary measure for a recurrent state.

« For a recurrent communication class C' (so there is € C with P(R, < 00) = 1), every stationary
measure that puts positive measure on the states in C' and o everywhere else has a unique stationary
measure up to nonzero constants.

« For a positive recurrent communication class C (so thereis € C with E[R,] < c0), there is a unique
stationary distribution with 7(C) = 1 defined as 7(y) = 1/E[R, | forall y € C.

+ The Coupling Lemma can be used to show that if C' is not only positive recurrent, but also aperiodic,
then

(Vzy € C) (tg%lo distyy ([X;| Xy = zg], m) = 0) .

Putting these facts together gives the Ergodic Theorem for countable state spaces.

Theorem 11
Consider a Markov chain with countable state space 2.

1) If there is a recurrent communication class C, there is a unique stationary distribution 7
with 7(C') = 1 if and only if C is positive recurrent. Moreover, w(z) = 1/E[R,] for all
z € C.

2) Let C' be a positive recurrent communication class with stationary distribution 7. Then
C is aperiodic if and only if

(Vo € C)(tliglo distry ([X¢| X = z],7) = 0).

Note that if there is only one communication class and it is positive recurrent, this implies that 7 is the
limiting distribution.

28.1 The balance equations

The equations for a stationary measure applied to the stationary distribution are referred to as the balance
equations.

Definition 96
A distribution 7 on countable state space (2 is stationary if

(Vi € Q)(n(5) = Y w(HP(X; = il Xy = j))-

J

Call these the balance equations.
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28.1.1 Example: Simple symmetric random walk on the integers with partially
reflecting boundary at {0}

Suppose the state space is {0, 1,2, ...} and

p(0,0) =1/2
p(0,1) =1/2
and foralli € {1,2,...},
plivi—1)=1/2

plii+1)=1/2

This chain is recurrent, but not positive recurrent! Let X, be the state of the chain at time ¢.

To see why this chain is recurrent, use a martingale approach. If the chain moves from o back to o, then
R, = 1. If the chain first moves to 1, then the question is what is the probability that T' = inf{t : X, =
0] X, = 1} is finite?

Let Dy, D,, ... be iid Unif({—1, 1}). Then set

Note for t < T, M, = X,. Now let
T, =inf{t: X, € {0,i}|X; =1}

where i € {2,3,4,...}. Then note that
(T = o0)

if and only if
Xp, =2,Xp, =3, Xq, =4, ...

That is, the only way that T = oo if the X, process reaches every integer at least 2 before it reaches o. That

means
P(T = 00) < P(Xy, = i)

for all 4.

Now the stopped process X1, is bounded by ¢, and so uniformly integrable. This means the Optional
Sampling Theorem applies, and
[E[XTi] = [E[X1] =1,

foralli € {2,3,...}.

At this point P(T = oo0) < 1/i for all integer ¢ at least 2, so must be o. That is, the chain is recurrent!
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However, it is not positive recurrent. To see why, suppose 7 is a positive measure that satisfies the balance
equations. Then

7(0) = (1/2)7(0) + (1/2)7(1)
m(1) = (1/2)7(0) + (1/2)7(2)
7(2) = (1/2)7(1) + (1/2)(3)
and so on. Solving these one at a time gives
7(0) =7(1
w(2) =7(0
w(3) =m(0

and so on. If 7(0) = 0, then the result is just the trivial measure. If 7(0) > 0, then the sum of the 7(3) is
infinite, making this not a stationary distribution.

So there is no stationary distribution, and the chain is not positive recurrent.

28.1.2 Example: biased random walk

Now consider the Markov chain with the same state space but biased to move left.

p(0,0) =2/3
p(0,1) =1/3
and foralli € {1,2,...},
pliyi—1)=2/3

plii+1)=1/3

Then again writing down the balance equations gives

7(0) = (2/3)7(0) + (2/3)m(1)
(1) = (1/3)7(0) + (1/3)(2)
7(2) = (1/3)7(1) + (1/3)(3)

and so on. Solving these one at a time gives
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and so on.
Using that w(0) + 7(1) + --- = 1 gives
T7(0)[1+1/24+1/44 ] =1,

which gives 7(0) = 1/2 and
(i) = (1/2)°

for all other 3.

This gives that the communication class is positive recurrent!

Problems

245.

State if the following are true or false. (You do not need to justify your answer.)
a. In finite state Markov chains, recurrent communication classes are also positive recurrent.
b. In countable state space Markov chains, recurrent communication classes are also positive recurrent.
c. Positive recurrent communication classes are always aperiodic.

d. In a countable state space Markov chain with one recurrent communication class, there is always a
stationary measure.

246.

State if the following are true or false.
a. There is a version of the Ergodic Theorem for countable state space Markov chain.
b. Finite sets are also countable.

c. In a countable state space Markov chain with one recurrent communication class, there is always a
stationary distribution.

d. Positive recurrence can be shown by showing recurrence and finding a stationary distribution.

247. Give an example of a Markov chain with a countably infinite state space that has one recurrent
communication class of period 2.

248. Give a countably infinite Markov chain with period 3.

249.

Consider a Markov chain on the nonnegative integers that has 7(i) = (1/2)**! as a stationary distribution.
a. Is this enough information to find E[R]? If so, what is it?

b. What if we add the extra condition that (V4, j)(3t)(P(X, = j|X, = i) > 0), and P((3t)(X, =
0|X, = 0)) = 1? Now do we have enough information to find E[R,], and if so, what is it?
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250.
Consider a Markov chain on the positive integers where 7(i) = (1/2)" is a stationary distribution.
a) Does this mean the chain has one communication class?

b) If the answer to a) is yes, this answer: must the chain be periodic? If the answer to a) is no, give an
example of a chain that has this stationary distribution but more than one communication class.

251. Suppose a Markov chain on 2 = {2, 4,6, ...} has stationary distribution

. C
TF(Z) = 7;725

where C' is a constant.

Suppose
(Vi e Q)(P(X, =1i|X,=2) > 0),

and

(Vi € Q)(P(X, =2|X, =) > 0),

Prove that this chain has one positive recurrent communication class.

252. Suppose that for state space Q@ = {1,2,3,...}, p(1,1) = p(1,2) = 1/2 and for all s > 2, P(4,1) =
p(i,i+ 1) = 1/2. Prove that this chain has exactly one communication class.

253.

Consider the following Markov chain:

a. What are the communication classes of the chain?

b. Write down the balance equations for the chain.
c. Does a stationary distribution for this chain exist? If so, what is it?

d. For each communication class, state if it is recurrent or transient.



28.1. THE BALANCE EQUATIONS

254. Suppose that the state space of the chain is {0, 1,2, ...} and that

fori > 1.

Write down the balance equations and solve to find the stationary distribution.
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Chapter 29
General State Space Markov chains

Question of the day

When is the stationary distribution also limiting for a continuous state space?

Summary

« A Harris chain is a Markov chain with two properties. First, there exists a set A such that from any
state 2 in the chain, there is a number of steps t where P(X, € A| X, = z) > 0. Second, there exists
€ > 0 and probability distribution p such that for all z € A there is a probability distribution v, such
that [X,| X, =2] = ep+ (1 — €)v,.

+ A Harris chain is recurrent if for all z € A, if X, = z, then the probability that the chain returns to
A in one or more steps is 1.

+ A recurrent Harris chain is aperiodic if for all x € A, if X;; = «, then there exists n such that for all
n’ > n, the probability that the chain returns to A in n’ steps is positive.

« Ergodic Theorem for Harris chains (aka the Fundamental Theorem of Markov chains: Sup-
pose M is an aperiodic recurrent Harris chain with stationary distribution 7 and for all states x, the
probability the chain reaches A is 1. Then 7 is also the limiting distribution.

In practice, Markov chains are used to model a wide variety of situations. In particular, for most statistics
applications the state space is some subset of n dimension real space, that is, R™. This is an example of a
continuous space. The rules for when a stationary distribution is also limiting will be different for such a
space than for a countable state space.

There are multiple ways to approach this problem. One way is to try to make the coupling argument from
earlier work. That is, can a chain over a continuous state space be built so that it is possible to couple two
copies of the Markov chain so that they end up meeting with probability 1? This particular type of Markov
chain will be called a Harris chain.
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29.1 Harris chain
A Harris chain is a Markov chain with two properties.

1. There is a special set A such that from any starting state, there is a positive chance of moving to A
within a finite number of steps.

2. If the state is in A, then there is an € chance that the chain can “forget” the exact location of the state
within A in deciding the next move.

This idea leads to the following definition.

Definition 97
A Markov chain {X,} over state space ) is a Harris chain if there exists a measurable set
A C Q, € > 0, and a probability measure p where

1. For Ty = inf{t > 0: X, € A},

(Vz € Q)(P(Ty < 00| X, =2) > 0).

2. For all z € A there is a distribution v, such that

[X,|Xo = 2] = o+ (1— ).

The Harris chain definition encompasses two parts:

1. The first condition is the continuous equivalent of the requirement that the chain should consist of
only one communication class.

2. The second condition will allow the chain to couple effectively. It says that for € A, the distribution
of [X;]| X, = z] has an € chance of being p, which does not depend on the value of 2! With probability
1 — e, the distribution of X | X, = « is v,, which does depend on z.

So it turns out that a countable state space where every state communicates with every other state is always
a Harris chain.

Fact 74
Any irreducible finite state or countable state space chain with one communication class is a
Harris chain.

Proof. Let A be any state z in the chain. Let B = {y : P(X; = y|X, = z) > 0}, p(C) = P(X; € C|X, =
x),and e = 1.

Since all states communicate with z, P(T, < 00| X, = z) > 0 for all states z. Also, for C C B,
P(X, € C1Xy =) = (1)p(C),

so the choice of € and p works as well. O
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29.1.1  Example: Random walk on R

Another example of a Harris chain is the following random walk on the real line.

29.2

Let Ry, R, ... be iid Unif([—1, 1]).
Then create a Markov chain by letting X, = O and forall t € {0,1,2,...},set X, ., = X, + R, ;.
It does not work to set A = {0}, since chain returns to exactly o with probability o!

Instead, give A positive Lebesgue measure. For instance, let A = [0, 1]. Then it turns out that from
any state x, there is a finite length path that has positive probability of landing the state in A.

If X, = z > 0, then consider the event that

Rt’RtJrlv "'7Rt+sz € [_15 _(Z - 1)/|_ZJ]

Then
Xtﬂzj =X+ R+ + Rtﬂz] €le—[z],2—(2—1)] €[0,1].

This means that

[P(TA < OO) 2 [P(Rt’Rt+17 "-’Rt+LzJ € [_1’_(2 - 1)/|_Z“>
=P(R; € [-1,—(z = 1)/[2]])¥
> 0.

Notice from any point in A, there is at least a 1/2 chance that the next point is also in [0, 1]. So make
B =10,1],and e = 1/2. Let p(B) = Unif(B). (Usually this is a good choice for p.)

Let C C B. Whatis P(X; € C|X, = z), where x € A?
If z =0, X; ~ Unif([—1,1]).
Ifz =1, X; ~ Unif([0, 2].

For any « € [0, 1], there is a 1/2 chance that X; € [0, 1], so a 1/2 chance that X is uniform over
[0,1].

SoP(X, € C| X, =2)=(1/2)p(C) for all z € [0, 1].

That makes this Markov chain a Harris chain.

Why this definition?

This definition of Harris chain will lead to a limiting distribution. The proof is once again by coupling.

When X, € A, there is an € chance that the next state comes from p, and is independent of the current
state! To make coupling happen, the chain can be simulated in the following way.

First, some notation.

T

»(D) =P(X; € D|X, =)
Y, (D) = (1,(D) —ep(D))/(1 —€)
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If © € A, then either the chain forgets which part of A it was in with probability €, and with probability
1 — e it remembers. Here 9, is the distribution of the next state if it does not forget where it is, and p is the
distribution if it does forget.

Then the distribution of the next state is a mixture of these two distributions. The distribution 7, is a convex
linear combination of ¢, and p, with weight € for p and 1 — € for ¢,..

Given this setup, here is how to advance the original Harris chain to the next state written as an algorithm.

One coupled step in a Harris chain 1) If X;, ¢ A 2) Draw X, ,; < 7y, 3) Else 4) Draw B « Bern(e) 5)
If B=16)Draw X, < p7)Else 8) Draw X, | < Vx,

Note that for any measurable set D,

(D) = €p(D) + ¢, (D),

so this way of updating the chain value is valid.

29.3 Coupling X,

Simulating the chain in this way allows a coupling argument to be used. Suppose X, and Y, are individual
copies of the Markov chain that need to be coupled together. The key observation is that if X, € A and
Y, € A, and B = 1, then at the next time step X, ; and Y, ; can both be chosen according to p.

When this happens X, ,; =Y, and coupling has occurred!

If is does not happen the chains both move independently according to 7, and 7y, . The chain then takes
another step and so on. Eventually, they will come together with probability 1 as long as the Harris chain
keeps returning the states to the set A. This will happen as long as the chain is recurrent and aperiodic. The
definitions are similar to the finite and countable cases.

Definition 98
Let R = inf{n > 0: X,, € A}. A Harris chain is recurrent if forall z € A, P(R < 0| X, =
x) = 1. A Harris chain that is not recurrent is transient.

Definition 99
A recurrent Harris chain is aperiodic if for all « € (), there exists n such that for all n” > n,

P(X, € A|X, =z) > 0.

As with finite state Markov chains, the easiest way to get aperiodicity is for every state in A to have a
positive probability of holding.

Fact 75
Suppose for all @ € A (from the Harris chain definition), P(X; € A|X, = a) > 0. Then X, is
aperiodic.

Proof. Fix x € Q. Then for some n, P(X,, € A|X, = z) > 0. Then no matter where X, € A is, thereisa
positive chance of landing in A at the next step. An induction yields

P(X, € Al Xy=1z)>0
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foralln’ > n. O

The bad news is that even with aperiodicity and recurrence, we do not get everything in the ergodic the-
orem with Harris chains that we got in the finite or countable state space case. However, we do get the
most important thing, which is that if we have a stationary distribution, then it will also be the limiting
distribution.

Theorem 12
Ergodic Theorem for Harris chains

Let X, be an aperiodic recurrent Harris chain with stationary distribution 7. f P(R < oo| X, =
x) = 1 for all z, then as ¢t — oo,

dry([X¢| X = ], 7) = 0.

29.4 A tale of three Ergodic Theorems

Recall that all states in a communication class communicate, and that the return time to a state z is R, =
inft >0: X, =2|X, =2. P(R, < c0) = 1 for  in communication class €, then C is recurrent. If
E[R,] < oo for z in communication class C, then € is positive recurrent. Both recurrence and positive
recurrence are class properties, meaning that either every state in the class has the property or none of
them do.

A recurrent communication class is aperiodic if there exists a state  in the class and a time ¢ such that for
allt’ > t, P(Xy = x| X, =z) > 0.

The three Ergodic Theorems can be viewed as follows.
« In the Ergodic Theorem for finite Markov chains, the following holds.
— If there is one recurrent communication class, a unique stationary distribution 7 exists.
— If the one recurrent communication class is aperiodic then 7 is also the limiting distribution.

+ In the Ergodic Theorem for countable Markov chains

If there is one recurrent communication class, a unique stationary measure /. exists.

— For one recurrent communication class there is a stationary distribution if and only if the class
is positive recurrent.

Need existence of 7 (equivalent to positive recurrence.)

If the one positive recurrent communication class is aperiodic then 7 is also the limiting distri-
bution.

+ In Ergodic Theorem for Harris chains
— Consider a recurrent, aperiodic Harris chain.

— Suppose there is a stationary distribution 7.
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— Then the limit of the distribtion of the state will be 7 starting from any state that reaches the
small set A in finite time with probability 1.

Because the Ergodic theorem for Harris chains is the most general of the three statements, this is also called
the Fundamental Theorem of Markov chains.

29.4.1 Example of finding 7

Consider random walk on [0, c0] with partially reflecting boundaries. Let X, = 1, D;, D,, ... be iid
Unif([—1,1]), and

Xi1 =X + Dy ((Xy + Dyyq >0)).

The goal is to show that 7 ~ Unif([0, 10]) is stationary for this Markov chain.

Start by assuming that X; ~ Unif([0,10]). Then the probability that the next state is at most a can be
calculated as follows.

First consider if a € [1,9]. Then

P(X,+ Dy <a) =E(I(Xy + D; < a))
= E(E(I(X, + D, < a|Dy)))
= E(E(I(Xy < a— Dy|Dy)))
= E(P(X, < a— Dy|Dy))
a— D,
=t ( 10—0 )
T 10

since E[D,] = 0.

That is the cdf for a uniform over [0, 10]! It can be shown that P(X; < a) = a/10 for a € [0,1) and
a € [9,10) with similar calculations, but there are a lot more cases to consider.

Problems
255.
State whether or not the following are true. You do not have to justify your answer.
a. All connected countable state space chains are Harris.
b. All Harris chains have a countable state space.
c. Periodicity is not necessary for a Harris chain to have a limiting distribution.
d. Harris chains always return to the set A in the definition with probability 1.
256.

State whether or not the following are true.
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257.

258.

259.

260.

. Harris chains cannot have an uncountable state space.
. The number of steps to return to the small set A always has finite expected value.
. Some Harris chains have stationary distribution equal to the limiting distribution.

. There is a version of the Ergodic Theorem for Harris chains.

Show that if Uy, ..., Uy, are iid Unif([0, 1]), then P(U; + - + Uy, € [6,6.1]) > 0.
Suppose that T}, T, ..., Ty are iid Exp(1/2). Prove that

P(T, + - + Ty € [10,10.5]) > 0.

Leta < a’ < b <b. Show that if X ~ Unif([a, b]), then [X|X € [a’,b"]] ~ Unif([a’,b']).
Let Ty, T,, ... be iid Exp(1/2). Set X, = « where x > 10. For t > 0, let

X1 =Xy + (T — DUX, + T3y —1>0).

Show that for = € [0, 00), there exists s such that P(X, € [0,1])|X, = x) > 0. (This is the set A that makes
this a Harris chain.)
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Chapter 30

Countably infinite Harris Chains

Question of the Day

Consider a chain is over state space {0, 1,2, ...} where p(0,0) = 2/3 and for i > 1, p(i,4 — 1) = 2/3 and
p(i,i+ 1) = 1/3. What is E[R]?

Summary

« To verify that a countably infinite chain has a limiting distribution, first show the chain is one re-
current class, then find a stationary distribution 7 using the balance equations, then finally use
(i) = 1/E[R;] to find E[R,].

« The Ergodic Theorem for Harris chains can be proved using coupling in a similar fashion to that of
the Ergodic Theorem for finite state Markov chains.

In the question of the day, any two states « and y can reach each other in at most |x — y| steps. So the state
space consists of one communication class. But is that class transient or recurrent?

30.1 The Question of the Day chain is recurrent

Suppose X, = 0. If X; = 0 it holds that Ry = 1 < co. If X; = 1, thenlet Tj, , = inf{t > 1: X, € {0,a}}.
Then X, 7, isbounded by a, hence uniformly integrable. It is easy to verify that X, 1 is a supermartingale.
Hence the Optional Sampling Theorem applies to say,

E[XT] < 1a
and the Martingale Convergence Theorem gives P(T' < co) = 1.

Hence
P(X;y=0)(0) +P(Xp =a)a) <1,

and P(Xp =a) < 1/a.
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For Ry = oo, it must hold that X, = a for all a. Hence P(Ry, = 0o < 1/a for all a. The only way that
can be true is if P(R, = o0).

30.2 Is the chain aperiodic?
The fact that p(0,0) = 2/3 > 0 is enough to make the chain aperiodic.

30.3 Is the chain positive recurrent?
Once the communication class has been shown to be recurrent, is it positive recurrent?
To show this, it is necessary to find a solution to the balance equations. For the Question of the Day, these
are
m(0) = (2/3)m(1) + (2/3)7(0)

m(1) = (2/3)7(2) + (1/3)7(0)
m(2) = (2/3)7(3) + (1/3)m(1)

Solving the first equation gives (1) = (1/2)7(0), which plugged into the second equation gives m(2) =
(1/2)m(1), and so on. Therefore
m(0) = (1/2)"*

is a stationary distribution.
Therefore, the Ergodic Theorem applies, which gives that E[Ry] = 1/(1/2) = 2.

30.4 Proving the Ergodic Theorem for Harris chains

Recall that the distribution of X, given X, = x is a mixture of two distributions, the first of which depends
on z and the second which does that. That is,

X, Xy = o] ~ ep+ (1= ).

For measurable D and known p, v,, can be found by solving the above expression to get

v, (D) = (P(X, € D|X, =) —ep(D))/(1—e).

x

Now build a Harris chain X, as follows. Given X, let W, be a draw from vx . Let R, be an independent
draw from p, and B, an independent Bernoulli random variable with mean ( ¥).

For each ¢ let Z; | be an independent draws from vy . Let W, be a draw from the same distribution as
X, given X, = 1.

Then X, can be set as follows:
Xipn =Winl(Xy € A) + 1(Xyyy € AR By + 241 (1 — By yy)]

In words, this says that if the current state is not in A, move forward one step normally. But if the current
state is in A, first flip a coin with probability € of heads.
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If the coin is heads, then draw the next state according to p. Note that if this happens, the exact value of
X, € Aisunimportant, no matter where in A you start, at the next step the chain moves to Y;. If the coin
is tails, draw the next state from the leftover distribution v/,,.

With this coupling of the chain, the proof that the stationary distribution is limiting for positive recurrent

aperiodic Harris chains is as follows.

Proof. Fix x. Let X, = x and Y;; ~ 7. Then the probability that X, and Y, hits A in finite time is 1. Since the
chain is recurrent, Y, will hit A infinitely often with probability 1 after that. Because the chain is aperiodic,
after the first time X, hits A, there exists n such that for n’ > n, P(X], € A) > 0.

Taken together, that means there is a time ¢ such that P(Y, € A, X, € A) = ¢ > 0. If B,,; = 1 (which
happens with probability ¢), then using the coupling given above ensures that X, ; =Y, ;.

Suppose B, ; = 0. Ater ¢ more steps, the two chains have another chance to couple. After m such chances,
the probability that X, # Y, is at most (1 — ¢)™. Since this goes to 0 as m goes to infinity, as ¢ goes to
infinity the chance that X, and Y, have not met goes to o. The Coupling Lemma then gives that the total
variation distance between X, and Y, goes to o. Since Y, always has the stationary distribution, the proof
is complete. O

Problems

261. Suppose that p(a, a) = 0.3 and the communication class containing a is recurrent. What can you say
about the period of the class containing a?

262.
Consider a Markov chain where {a, b, ¢, d} form a recurrent communication class.

Now consider a new chain that with probability 0.5 takes a step in the first chain, and with probability 0.5
stays at the current state.

a) Is {a,b,c, d} still a recurrent communication class in the new chain?
b) If yes, what is the period of the class?

263. Suppose that {1,2,3,...} is a recurrent communication class in a Markov chain with stationary
distribution 7 where 7(4) = 0.3. What can you say about E[R,]?

264. Suppose that {...,—2,—1,0,1,2,...} is a recurrent communication class in a Markov chain with
stationary distribution 7 where 7(0) = 0.5. What can you say about E[R]?

265.

Suppose that the state space is {0, 1,2, ...} with (for ¢ > 1) p(0,0) = p(é,i—1) = 0.9 and p(i,i+ 1) = 0.1.
a. Find the unique solution to the balance equations.
b. Find E[R,] exactly.

266.
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Suppose that the state space is {0, 1, 2, ...} with (for ¢ > 1) p(0,0) = p(i,i—1) = 0.6 and p(i,i+ 1) = 0.4.
a. Find the unique solution to the balance equations.

b. Find E[R,].



Chapter 31
The branching process

Question of the Day

How can the growth of a population be modeled as a stochastic process?

Summary

« If a population consists of independent individuals that at each generation each individual has a
random number of children drawn from the same distribution, then the size of the population for all
times forms a branching process.

« Abranching process goes extinct when the population reaches o. The probability a branching process
goes extinct is called the extinction probability.

« For a random variable X, the function

is called the generating function of the random variable X. By convention 0° = 1 so gf +(0) =
P(X =0).

31.1 Making a fission bomb

The Manhattan project in the United States was the effort to build a nuclear weapon during World War IL
The goal was to construct a fission bomb.

31.1.1 How fission bombs work

+ Need a collection of atoms whose nuclei are prone to splitting in half.
« Uranium-235 (aka U-235) has 92 protons and 143 neutrons in its nucleus.

« When an extra neutron is added, the result is an extremely unstable isotope called U-236.

241
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« U-236 quickly splits into Barium-141 and Krypton-92 and three more neutrons.

« Those neutrons might go on to split more U-235 nuclei.

« When this occurs with more and more nuclei splitting, this is called a chain reaction.
« If chain reaction dies out, the bomb fizzles out.

+ Otherwise, BOOM!

31.2 Form of a branching process

There are a number of situations similar to this fission process. A burning tree might light one or more
other trees on fire in a forest. In a population of bacteria, an individual bacterium might split into two or
die, leaving no descendants. In an epidemic, an infected individual might infect a random number of people
before their infection is defeated.

One model for these situations is a branching process. In this type of process, there is a starting population
of independent individuals.

At each generation, the following happens.

1. Each individual in that generation independently has a random number of children, drawn from the
same distribution

2. The generation dies out, leaving only the children.

Here children means the descendants of the current generation. For instance, in the fission bomb example
a child is a neutron. In an epidemic model, if person A gives person B a disease, then B is the child of A. So
the point is it doesn’t have to be an actual child to be called that in the branching process.

« Each neutron has o or 3 children.
« Each of those goes on to have a random number of children.
« Suppose there are six neutrons at stage ¢ (X, = 6).

« Then the number of neutrons at stage ¢ + 1 is

6
X = Z D;,
i=1

where D; are iid and in {0, 3}.
The following is the formal definition of a branching process.

A branching process is a special kind of Markov chain with state space {0, 1,2, ...} where for ¢,7 > 0, the
random variables Y, ; are iid and

Xt
Xt+1 = E Yt+1,i-
i=1

« Let u = E[Y} ;] denote the average # of children an individual has.
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« Then
E[X,] = E[E[X,|X, 1] = E[X,_p] = pE[X, 4]

« This forms the basis of an induction proof that

E[X,] = u"E[X,].

For a branching process where each individual has on average  children,

E[X,] = p"E[X,)].
Note that if 4 < 1, p™ is rapidly going towards zero!
If p < 1,thenasn — oo, E[X,,] — 0, and P(X,, > 0) — 0.

Proof. Since X,, > 0, Markov’s inequality applies: P(X,, > 1) < E[X,,]/1. Since 1 < 1, as n — o0,
u"—=0=EX,]—>0=PX,>1) —0.

A branching process goes extinct if there is some n for which X,, = 0.
When p < 1, the processes goes extinct with probability 1. What about when p = 1? > 1? Notation:
a, (k) =P(X, =0/X,=k)
a(k) = nll}rgo a,, (k)
p(i) = P(X; = i| Xy =1).
« So a(k) is the probability that you go extinct starting with k people.
« Recall that individuals reproduce independently.
« So for k people to go extinct, each individuals line must fail.
« Hence a(k) = a(1)*.
« If p(i) = 0, then never go extinct (everyone has at least one child).
« From now on, assume p(0) > 0.
The probability the stochastic process goes extinct is the extinction probability.

Let a = a(1) be the extinction probability.

Let’s do a little first step analysis!
a=P@En: X, =0/X,=1)
=> P@En: X, =0X, =i)P(X, =)
i

=Y alipli) = 3 aip(i) = Ela"].
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For a # 0,
gf(a) = E[a™]

is the generating function of the random variable X. For a = 0, gf . (0) = P(X = 0).

31.2.1 Notes
« gf(0) = P(X = 0) makes generating function continuous where it exists.
+ Recall the moment generating function is mgf , (t) = E[e¥].
« So generating function is mgf with a = €.

Notation: let ¢(a) = E[a¥1.1].

For ¢ the generating function of the number of children in a branching process, the following holds.

1. ¢(0) = p(0).
2. ¢'(1) = pu.
3. ¢(1) =1.

4. ¢"(a) > O0foralla € [0,1].
Proof. Recall 0% = 0 for any a # 0, and 0° = 1. So immediately
gf(0) =1-P(X =0),
and using branching processes notation, this gives

¢(0) = p(0).

For the second fact, recall that it is legal to differentiate power series term by term inside the series’ radius
of convergence. Since ¢(1) = E[1] = 1, the radius of convergence is at least 1. Hence for all @ < 1,

PO+ aipu)}

_ Ziaiilp(i) _ [E[X . amax(Xfl,U)]
i=1

¢'(a) = (d/da)

For a < 1 this is bounded above by E[X] = f, so the dominated convergence theorem applies and taking
the limit as a — 1~ gives ¢’ (1) = p.

The third fact is just
¢(1) =E[1¥] =1,
and the last fact differentiates term by term again to get:

[ee)

¢"(a) = i(i — 1)a'2p(i) > 0.

=2
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So the picture of the ¢ function looks like:

Po

245

5’0 e =
q--= == TR

0

When > 1, a = ¢(a) ata = 1, and once for a € (0,1). When y =1, a = ¢(a) only ata = 1.

What does this mean for the bomb?

« There needs to be a greater than 1/3 chance of a neutron causing a fission event to have a positive

probability of causing a chain reaction.

« If the average number of hits by neutrons leaving a fission event is greater than 1/3, every neutron
that fires has a positive chance of never going extinct. By firing multiple neutrons into the mass of

fissile material, an explosion is practically guaranteed!

Problems

267. Suppose X, X, ... are iid uniform over {0, 1,2}, and P(W = 0) = 0.2, P(W =
the generating function of

X,?

(3

NE

S:

=1

268. Suppose Bj, B,, ... are iid Bernoulli with mean 1/2. If R is uniform over {0,

generating function of

B;?

7

M=

S:

i=1

269. Suppose a branching process has a number of children that is uniform over {0, 1,

extinction probability of this branching process?

2) = 0.8. What is

1,2}, what is the

2,3}. What is the
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270. Suppose a branching process has a number of children that is uniform over {0, 1,2}. What is the
extinction probability of this branching process?

271. Suppose in a branching process where each individual has Y children

P(Y =0)=0.1, P(Y =1) = 0.6, P(Y = 3) = 0.3.

What is the extinction probability of this branching process?
272. Suppose in a branching process where each individual has Y children

P(Y =0) =0.35, P(Y =1) = 0.25, P(Y =3) = 0.4.

What is the extinction probability of this branching process?



Chapter 32
Generating Functions

Question of the day

Consider a branching process where the number of children is drawn from Y where
PY=0)=1/6,P(Y=1)=1/3, P(Y =2)=1/2.

If the branching process starts with a single individual, what is the chance that the process goes extinct?

Summary

« Suppose W is a nonnegative integer random variable, X, X5, ... are iid with the same distribution

as X. Then for
w
S=>X,
i=1

it holds that gfg(a) = g (g9x(a)).

« For a branching process with Y having the distribution of the number of children, if P(Y = 0) = 0
then the extinction probability is o, if P(Y" < 1) > 0 and E[Y] < 1 then the extinction probability
is1,and if P(Y < 1) > 0 and E[Y] > 1, then the extinction probability is the unique solution to
a=gf, (a) fora € (0,1).

32.1 Generating functions for random sums of random variables

Recall that the generating function of a random variable X is

If X and Y are independent, then so are aX and oY, so

gfy y(a) = Ea®"¥] = E[a*a¥] = E[a*]E[a"] = gf  (a) gf, (b).

247
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32.1.1  Example: Summing two fair six sided dice

« Let X, Y ~ Unif({1,2,3,4,5,6}) be independent.

« Whatis gf, | (a)?

gfx+y<a) = ng(CL> gfy(a)

1 1
= |:6a1 + aee + 6016:|

2

1
= %(a2 +2a® + 3a* + 4a® + 5a° + 64" + 5a® + 4a° + 3a'® + 2a! + a'?),

soP(X +Y =5)=4/36=0.1111....

32.2 Adding a fixed number of random variables

If there were 20 independent fair six sided dice being added together, then the generating function would
be multiplied by itself 20 times! This idea can be generalized.

Fact 76
If X;,X,,..., X, areiid X, then

ng1+~~+X” (a) = ng<a)n

32.3 Adding a random number of random variables
Now consider a trickier problem, adding a random number of random variables!
. Let X, X,, X5 % X ~ Unif({1,...,6}).
« Let N ~ Unif({1,2,3}).
« What is the generating function of S = Zj\il X;?

« The key to these types of problems is the use of the Fundamental Theorem of Probability. Generating
functions are just a type of expected value, and so conditioning on a random variable’s value is allowed
as long as the expected value is taken again.

« Since

gfy(a) = (1/3)[a +a® +a?],
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Using expand (1/3) * (p(x) + p(x)*2 + p(x)73) where p(x) = (1 / 6)*(x
+ XA2 4+ xA3 4+ xA4 + xXA5 + x76) in Wolfram Alpha gives

gfy(x) =2'8/648 + 217 /216 4 26 /108 + (52%) /324 + (521*) /216 + (72'3) /216+
(31212)/648 + (13211) /216 + (5210) /72 + (4927) /648 + (172%) /216 + (1727)/216+
(192%) /162 + (112°) /108 + (1924) /216 + (492%) /648 + (722)/108 + 2/18

So, for instance,

N
31
P X; =12 | = == =0.04783.....
(; ) 648

There was nothing special about X or N in the above, so a similar argument shows the following.

Fact 77
Suppose X, Xs, ... are iid with distribution the same as X. Then for any nonnegative integer
valued IV,

ng1+...+XN (U,) = ng(ng(a))

Using composition notation, this says that

gy iix, = 8fneogfy.

32.4 Generating functions for branching processes

Given the population at time ¢ is X, then the population at time ¢ 41 is a random sum of random variables,
so the rule for generating functions applies.

Remember that
[X7L|Xn—1] =Y+ + Yanla

where the Y, are iid draws from the same distribution as Y.
So

ngn = ng,H o gf,

= <ngn,2 ° gfy) ° ng

= gfy ogfy 00 gfy .
In words: the generating function of the population of a branching process after n generations is the n-fold

composition of the generating function of Y with itself, where Y has the same distribution as the number
of children an individual has.

The generating function of X satisfies

So P(X,, = 0) = [gf,, ogf,, o 0 gf, ](0).
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Fact 78

Consider a branching process where the number of children has the same distribution as Y. The
probability that a branching process started with 1 individual is extinct after n generations is
the n-fold composition of gf,. with itself evaluated at o.

32.4.1 Example: Understanding extinction.

Consider a branching process where each individual has a number of children Y with
PY=0)=1/2,P(Y=1)=1/3,P(Y =2) =1/6.
Then the random variable determining the distribution of the number of childred has generating function

gf, (a) =1/2+ (1/3)a+ (1/6)a®.

To find the chance of extinction at the first generation, note that

gfxl (O) = ng(O) = 1/2

That is, there is a 1/2 chance that X; = 0.

Now consider the chance of extinction after two generations:

gfy (0) = gf, (gf, (0) = gf, (1/2) = (1/2) + (1/3)(1/2) + (1/6)(1/2)?
— (12+4+1)/24 = 17/24.

This leads to the following table:

n o 1 2 3 4 5

P(X,=0) o o5 07083 08197 0.8852 0.9256

The average number of children is ¢ = (1/3)(1) + (1/6)(2) < 1, which means the probability of going
extinct goestoa = 1 asn — oo.

32.4.2 Another example

Suppose the probability vector for the number of children was

(1/6,1/3,1/2)
for 0, 1, or 2 children respectively.

Then gf(a) = (1/6) + (1/3)a + (1/2)a*. Using the same procedure as before:
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P(X, =0) 0 0.1666 0.2361 0.2732 0.2950 0.3085

This does not appear to be reaching 1 as n — oo. To see why this is true, look at the graph of ¢(a) = gf,.(a)
and the identity function.

1.00

0.75

% 0.50

0.25

0.00
0.00 0.25 O.)EO 0.75 1.00

When the blue line is above the red dashed line, that means ¢(a) > a, and so the extinction probability at
generation n + 1 will be larger than at n.

But when the blue line is below the red dashed line, it holds that ¢(a) < a. As long as the process starts
out below point where a = gf,,(a), will converge to that point where ¢(a) = a. This is called a fixed point.

Note also that 1 is also always a fixed point since ¢(1) = 1. (Another way to say this is that if the probability
of extinction is 1 at a generation, it stays at 1 forever.) The folowing fact summarizes these observations.
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Fact 79
For a branching process with:

condition extinction probability

po =0 a=0

p06[071)7ﬂ'§1 a=1

po €10,1), p>1 unique solution to a = gf,,(a) in (0,1)

32.4.3 Convergence in the example

For general Y, it might not be easy to solve a = ¢(a). So instead, just use convergence of the composition
of ¢. That is, start by plugging 0 into ¢, then plug that answer into ¢, and so on until convergence occurs.

Of course when Y has a polynomial of low degree as a generating function, it is possible to solve for a
exactly.

a=(1/6)+ (1/3)a + (1/2)a?
0=1(1/6)—(2/3)a+ (1/2)a®

0=1-—4a+ 3a?

0= (a—1)(3a—1) (since (a — 1) always a factor)
a=1/3.

32.5 History: What happened with the German bomb?

Werner Heisenberg (of uncertainty principle fame) was in charge of the German project to build a nuclear
weapon. During his time leading the lab, he made an enormous mistake in the calculation of the amount of
uranium needed to build a bomb.

Heisenberg told German high command needed several tons of U-235 to make it work. Now, with a proper
branching process analysis it can be found that about 60 kg are needed. Later, Heisenberg told the British
that he lied on purpose so that the Nazis would not get the weapon.

Problems

273. Suppose
P(W=0)=05 P(W=2)=0.5

What is the generating function of W?
274. Suppose
PY=0)=03PY=1)=03PY =2)=04.
What is the generating function of W?
275. Suppose
P(W =0)=0.5, P(W=2)=0.5
is the distribution of the number of children for an individual in a branching process. Starting with 1 person,

what is the probability that the population is extinct at the 3rd generation?

276. Suppose
P(Y=0)=03, PY=1)=03,PY=2)=04.
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is the distribution of the number of children in a branching process. Find the probability that the population
is extinct after two generations.

277. Suppose P(R = 0) = 0.3 and P(R = 2) = 0.7 is the distribution for the number of children in a
branching process. Find the probability of extinction starting with 1 person in the population.

278. Suppose P(S =0) = 0.3, P(S = 1) = 0.5 and P(S = 3) = 0.2 is the distribution for the number of
children in a branching process. Find the probability of extinction starting with 1 person in the population.
(If you do not have a means for solving cubic equations, recall that = 1) is always a solution to x = ¢(x)!)

279.

Suppose that in a branching process, each individual has a number of children that is Poisson distributed
with parameter . Such a distribution has generating function equal to exp(—A(1 — x)).

a) If A = 1, find the probability that the population is extinct at the 2nd generation.
b) If A = 0.6, find the probability that the population is extinct at the 2nd generation.

280. Suppose that in a branching process, each individual has a number of children that is Poisson dis-
tributed with parameter \. Such a distribution has generating function equal to exp(—A(1 — z)).

Find the extinction probability when A = 2 using WolframAlpha.
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Chapter 33

Brownian Motion

Question of the Day

If B, is standard Brownian motion, then what is P(By > 1)?

Summary

« Brownian motion started as a physical phenomenon noted by Robert Brown. Today a standard
Brownian motion (aka a standard Wiener process) refers to a stochastic process with the follow-
ing four properties:

1. Centered B, =0

2. Independent increments For all a < b < ¢ < d, the increments B; — B, and B, — B, are
independent random variables.

3. Normal increments For all a < b,

B, — B, ~N(0,b—a).

4. Continuity The process B, is continuous with probability 1.

33.1 History of Brownian motion
There are two things that are called Brownian motion
1. The motion of small particles without any apparent driving force.
2. A mathematical stochastic process that is the limit of a scaled random walk. This is also called a

Wiener process in honor of Norbert Wiener.

33.1.1 Physical Brownian motion

In 1595, the microscope was invented. A little more than a century later, in 1696, Gray noticed that small
grains suspended in fluids were moving. While small, grains are still living matter, and Gray assumed that
it was the animus of the grains that produced the movement.

255
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In 1827, Robert Brown saw pollen grains moving around. This was much more significant, since pollen on
its own will not produce a new plant. The idea at the time was that only organic material moved on its own.
But Brown explored further and saw movement from inorganic material!

By the late 19th century, physicists were tackling a basic question about the universe: is matter continuous
or discontinuous? Many thought that Newton had settled question on continuous side with his work in
optics, but Brownian motion remained a mystery.

In 1905, Einstein had his “Miracle Year” where he produced four amazing papers that revolutionized different
pieces of physics

1. Photoelectric Effect, where he treated light as discrete rather than continuous. He received the Nobel
Prize for this work in 1921.

2. Brownian motion displacement prediction, which treated matter as small and discrete.

3. Special Relativity.

4. Mass-Energy Equivalence (E = mc?).
In 1908, Perrin actually was able to measure the displacement, and received the Nobel Prize for his work in
1926.

33.1.2 Mathematical Brownian motion

Meanwhile, on the mathematics side, Bachelier proposed a new type of stochastic process for modeling stock
prices in 1900. Unlike the physics debate, there was no debate here: the stock market moves according to
many small discrete trades. However, this continuous model was proposed to try and replicate the success
of differential equations as a modeling tool in the stochastic realm.

Consider a time variable ¢ and a response variable y. A small change in ¢ is represented by the differential
dt. Given a change in time, y changes as well. Write

dy = Yirdat — Yg-

Adding up these changes over an interval can give the overall change in the y, process. Integral notation is

used to reflect this. .
Yr — Yo = / dy.
t=0

If y is changing as ¢ changes in a direct fashion, then the Fundamental Theorem of Calculus
dy =y'(t) dzx

can be used to write these integrals as
T

Yr — Yo = / y'(t) dt.
t=0

integrals can be used to understand how changes in ¢ result in changes in y. For instance, if y, = ¢, then
summing up the changes in ¢ results in the changes of y. This can be written

T
yT = / dt.
0
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Things become more interesting when the function B, is not deterministic, but instead is a random variable.
Again
dBy = By 4 — By

Mathematical Brownian motion makes the choice that this differential of Brownian motion will have mean
o and variance dt. The reason is that variance of the sum of independent variables inside, so this makes

T T T
V(By — By) :v/ dB, :/ V(dB,) :/ at=T
=0 t=0 t=0

What random variable has mean o and variance dt? One choice is
dB, ~ Unif({—Vdt, Vdt}).
Another choice that could be made is
dB, ~ N(0,dt).

Note that here the second parameter of the normal distribution is the variance, not the standard deviation.

T
Because B, — B, = [ dB, is an infinite sum of differential elements, the Central Limit Theorem indicates
that is does not really matter what d B, starts as. No matter how it starts, the CLT gives that the result of
summing these independent identically distributions d B, will be normally distributed.

Note that B, is not defined by this model, instead, only the increment B} — B, is defined. For convenience,
set By = 0 in standard Brownian motion.

Next consider two intervals [a, b] and [c, d] that do not overlap. The integrals that form these increments
use Brownian differentials that are different, and so independent. That is,

b d
Bb—Ba:/ dBt,Bd—Bc:/ dB,.

t=a t=c

Next, because E[dB;] = 0 and V(dB,) = dt, together with the fact that the mean of a sum (integral)
and variance of a sum are the sum of means and sum of variances respectively, the Central Limit Theorem

implies that
b b
B,—B,~N (/ E[dB,], / V(dBt)>

Lo

N(0,b —a)

Finally, viewing d B, as uniform over {—/dt, v/dt} means that dt small makes v/dt and so dB, small as

well.

For a function where dz implies dy small, the function is called continuous. So dt small makes d B, small
means that Brownian motion should be continuous as well. Of course, with random variables, the best that
can be said is that it will be continuous with probability 1.
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33.2 The definition of Brownian motion

None of the above is a proof of the properties of Brownian motion. Instead, the above arguments should be
viewed as a motivation for why standard Brownian motion is defined the way that it is.

Definition 100
Say that a stochastic process B, is a standard Brownian motion or standard Wiener process
if it satisfies the following.

1. Centered B, = 0.

2. Independent increments Foralla < b < ¢ < d, B; — B, and B, — B, are independent
random variables.

3. Normal increments For all a < b,

B, — B, ~N(0,b—a).

4. Continuity The process B, is continuous with probability 1.

33.3 Answering the Question of the Day
In the Question of the Day, the question regards P(B, > 1). Since By = 0,

P(By>1)=P(By— By >1) = P(X > 1),
where X ~ N(0,2). This makes X /v/2 ~ N(0, 1), and so
P(B,>1)=1—-P(X<1)=1-P(Z<1/V2),
where Z ~ N(0, 1) is a normal random variable.

The probability can be found in R as
1 - pnorm(1 / sqrt(2))

## [1] 0.2397501

So the answer is | 0.2397 ... |

33.4 Another view of Brownian motion: the limit of simple symmtric ran-
dom walk

An alternate method of viewing Brownian motion is to consider it the limit of simple symmetric random
walk on the integers that is scaled properly.

Suppose a Markov chain has transition probabilities:

7 Z,+1 with probability 1/2
171 Z,—1 with probability 1/2

A realization of this process might look something like this:
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0o e ° )
-1 ° ) °
x -2 °
-3 ) °
-4 ° °
0.0 25 5.0 75 10.0

Another description begins with an iid sequence of uniformly drawn random variables over {—1, 1}.

S Unif({—1,1})

X, = ZDZ-.

t
=1

Dy, D, ...

With this description it is possible to calculate the mean and variance of X,.

E[X,) =E (D> D;) =E[D,]++E[D] =tE[D,] =0
VIX,] =V (D D;) =VI[D)]++V[D,] = tV[D,].

Now V[D,]| = E[D?] — E[D,]? = 1, and standard deviation is square root of variance, so

SD(X,) = VtSD(D,) = V1.

Each time step differs from the others by 1. What if they differ by a smaller time step A instead? Then
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In the sum, there are ¢/h random variables each with standard deviation 1, so

SD(Y;) = /t/hD;.

To keep the overall standard deviation at v/%, instead of adding D,, add v/hD,.

t/h
W,=> VhD,.
i=1
For h = 0.1, a realization might look like:
0 (X X ] [ J ( X ]
[ X X ] 0000000
[ J o o000 [ ]
-1 o0 O [ X J [ ( X ]
o000 [ X ] 00000
e o [ X ] [ X ] [
(XX X J [
< 2
[ X ] [
[
(X X J
-3
0000 [ ]
-4
[ ]
0.0 2.5 5.0 7.5

For h = 0.001, and connecting the points by lines gives

10.0
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0.0 2.5 5.0 7.5 10.0

The idea of Brownian motion is to find a process that acts as the scaled limit of simple symmetric random
walk as h — 0. What would such a process look like?

« It starts at o.

« For a < b < ¢ < d, the random variable W; — W, is the sum of D, variables that are different from
the D, variables used to find W; — W,. Hence they should be independent of each other.

« The sum of random variables tends towards the normal distribution by the Central Limit Theorem.
For a < b, W, — W, should be normal with mean o and standard deviation that is the square root of
the change in time. That is, W, — W, ~ N(0,b — a).

« As h — 0, vh — 0 as well, so the process should be continuous.

These properties define the mathematical notion of Brownian motion.

33.5 Existence of Brownian motion

Note that we have not actually proved that Brownian motion exists. The definition just says that if a stochas-
tic process has these four properties, then call it Brownian motion. A proof that Brownian motion exists is
beyond the scope of this course.

With this definition, can prove facts about Brownian motion consistent with its use in models. The first is
that the process is stationary.



262 CHAPTER 33. BROWNIAN MOTION

Definition 101
A stochastic process is stationary (more precisely, has stationary increments if Ya < b and
s> 0,

Xy —Xo ~ Xpys — Xays

a

Of course, a process being stationary over time has nothing to do with the notion of a stationary distribution
of a Markov chain.

Fact 8o
Standard Brownian motion is stationary.

Proof. Leta < band s > 0. Then X;, — X, ~ N(0,b —a) and X, , — X, , ~ N(0,(b+s) — (a + 5)),
which is the same distribution. O

Definition 102
A Lévy Process is a stochastic process with independent and stationary increments.

Although Brownian motion is continuous, it is not differentiable!

Fact 81
With probability 1, Brownian motion is not differentiable anywhere.

Proof. A formal proof is beyond this course, but here’s the intuition. Again thinking of d B, as uniform over
{—+/dt,/dt}. The absolute value of the derivative would be

dB;| _ Vdt _ 1
dt | dt  Vdt
But dt is infinitesimally small, so 1/ Vdt is infinitely large! In other words, it does not exist. O
Problems
281.

Let B, be a standard Brownian motion.
a) What is the mean of By — B,?
b) What is the variance of By — B,?
282. Suppose B, is standard Brownian motion. Find the mena and variance of B, — B,.
283. Let B, be a standard Brownian motion. What is the distribution of B, — B; 5?
284. For W, a standard Brownian motion, what is the distribution of B, ; — Bg 5?
285. Let B, be a standard Brownian motion. What is the probability that B, is continuous?

286. For W, a standard Brownian motion, find P (lim, ,, ; W, = W, ;).
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287. Suppose B, is standard Brownian motion. Find P(B; > 2).

288. Suppose B, is standard Brownian motion. Find P(B; € [—1,1]).
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Chapter 34

Simulating Brownian motion

Question of the Day

+ Suppose that By = 0 and B, = —2.099779. A draw from a standard normal is Z = 0.349643. Use
this to simulate from [B,|B, Bs).

Summary

« A stochastic process has the Markov property if for all s < ¢,

[Xt‘?s] ~ [Xt|Xs]

+ Brownian motion has the Markov property.
« Extension of Brownian motion can be done using
B, — B, ~ N(0,b—a).
« Interpolation of Brownian motion can be done using the following. suppose t, > t; and for A € [0, 1],
t = Aty + (1 — A)t,. Then

[Bt - Bt1|Bt17Bt2] ~ NO‘Btl + (1 - A)Btzv)\(l - )\)(t2 - tl))

34.1 The Markov property

The defining property of a Markov chain is that knowing the whole history of the process is not necessary
to finding the distribution of the random variable at the next time step. Instead, just knowing the previous
value of the process is enough.

This idea can be extended to times which are continuous over [0, 00).

265
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Definition 103
A stochastic process { X, } ;- has the Markov property if for all s < t and measurable A,

P(X, € A|F,) = P(X, € AX,).

An important example of a process with the Markov property is Brownian motion.

Fact 82
Brownian motion has the Markov property.

Having the Markov property makes it much easier to simulate Brownian Motion. In particular, generating
Brownian motion for a finite set of times {¢1, ..., t,,} can be accomplished relatively easily.

Consider how to draw
Bt17 Btz7 e, By .

Fort € {0,2,4,6}, By, B,— B, By— B,, B;— B, are independent. Moreover, the increments are normally
distributed.
B, =0, B, — By ~N(0,2), B, — B, ~N(0,2), B; — B, ~ N(0,2).

34.2 Using normals to simulate Brownian motion

Consider using draws from standard normals to simulate Brownian motion. For example, suppose that
three standard normal draws are taken. The results are:

Z, = —1.484, Zy = 1.456, Z = —0.09262.

Recall for ¢ € R, V(cX) = ¢?V(X). So Z, ~ N(0,1) = v/2Z ~ N(0,2).
B, =0
B, = By + (By — By) = 04 V2(—1.484) = —2.099
B, = By + (B, — By) = —2.099 + v/2(1.456) = —0.03991
Bg = B, + (B — By) = —0.03991 + v/2(—0.09262) = —0.1706.

This gives us the value of B, for four values of {. This is sometimes called a skeleton of Brownian motion.
Of course, there are still uncountably many values of B, that have not been defined!

34.3 Interpolating Brownian motion

At this point B, and B, are set. Suppose the next time the user needs is t = 1. How can B, be generated?

In particular, given By = 0 and B, = —2.099, what is the distribution of B;. By the normal increment
property of standard Brownian motion:

[By — Byl(By — By) + (By — By) = b] ~ [Z,]Z, + Zy = 1],

where Z,, Z, X N(0, 1).

So how does the distribution of two random variables given their sum behave? The following fact (a partial
proof will be given later) will be useful here.
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Fact 83
For X and Y continuous with densities fx and f,, with respect to Lebesgue measure,

fX|X+Y:s($) x fx(z)fy (s —z).

34.4 Adding normal random variables

This fact can be applied to normal random variables to interpolate random variables.
« Suppose t € [ty,t5], 50t = Aty + (1 — Aty
« Suppose X ~ N(0, A(ty — 1))
« Y~ N, (1= M)t —1y))

* (Then X +Y ~ N(0,ty — ;) ~ B, — B,))

1

Txiiy=s(@) ocexp (‘ 2A<tt> ) o (‘2(1 (S&Z - t1>>
(1—XNz? + \(s — )2
v (o )

B 2% — 252X — As? + (As)? — (As)?
—enl (- )

xexp [ — QA(l(x;)s(?jQ t1)>
(

which means

(XX +Y = 5] ~ N(As, A1 — X)(ty — £)).

* Recall X = By — B, andY = B, — By, so

[B, = By, |By,, By, ~ N(As, A(1 = A)(t; — 1))

« This gives the following fact!

Fact 84
Suppose t; < ty. For A € [0,1] and t = (1 — A\)t; + Aty:

[By|B,,, B,,] ~ N(B, + A(B,, — B, ), A\(1 = A)(ty — t1)).

Here is the intuition behind this result. Pretend that a Hooke’s law spring is connecting B, to B,_;. Given

B, , B, ,one spring attaches B, to B, , and another to B,_. Each is pulling B, towards it, and so the overall
1 2 1 V2

give in the spring is lessened.

34.5 Solving the Question of the Day
In the Question of the Day the draw from Z ~ N(0, 1) was

Z = 0.349643.
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The goal is to use this to find a value for B, given that B, = 0 and B, = —2.099779. First find the
percentage of the way from 2 to 0 that time 1 is.

A=(1-0)/(2—0) =1/2.

This means that
B, — By ~ N(1/2(0) + (1/2)(—2.099779), (1/2)(1/2)(2)).
Using the value for Z, this gives

B, = —2.099779/2 + (1/2)"/2Z = —0.8026545.

34.6 The method for interpolation

Given the Brownian Motion at times {¢1, ..., ¢, }, Z ~ N(0, 1), and a new time ¢, find B, as follows:

1. Whent > 1,
B, +(t—t,)?*Z.

2. Whent = (1 — A\)t; + At for some A € [0, 1]
(L=XN)B,, +AB;, | + A1 —=A)(t;q — t2Z.

3. Whent < t;:
B, +(t, —t)"*Z.

Note: Brownian motion looks the same when run forward in time or backwards in time. Called a
reversible process.

34.7 Proof of the additive density result

For simplicity, assume that the partial derivatives of all densities are continuous. For any continuous random
variables X and S with joint pdf fx s(z, s):

. fX,S(zVS)

fX\S:s(‘T) = W X fX,S(UE:S)-

So the key is finding the joint density of X and S when S = X + Y. The joint pdf is perhaps easier:
P(X<a,5<b)=P(X<a,X+Y <))
:/ fX,Y(xvy) dR?

(x,y):x<arz+y<b

a b—a
:/ / fX,Y(x’y> dx dy

We can make this an iterated integral by either Tonelli (since nonnegative) or Fubini (since the absolute
integral is at most 1.)
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With the assumption that the partial derivatives of the integrands are continuous everywhere, the partial
derivatives with respect to b can be placed inside the integral to give

GPx<as<i = [ foylmb-adn
and then
> P(X<a,S<b b d
aaab ( > a, — )7fX,Y<a’7 70‘) €.

Hence fy g(a,b) = fx y(a,b— a),and we are done.

Problems

289. Suppose B, = —2.4 for B, standard Brownian motion. What is the distribution of By5?
290. Suppose B; = 1.2 and B; = —2. What is the distribution of By given this information?

291. Suppose B; = 1.3 and B, = —2.4 where B, is standard Brownian motion. What is the distribution
of By?

292. Suppose B; = 1.3 and B, = —2.4 where B, is standard Brownian motion. What is the distribution
of B; given this information?

293. Suppose B, = —2.4 for B, standard Brownian motion. What is the distribution of B, ?

294. Suppose B; = 1.2 and B; = —2. What is the distribution of B, given this information?
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Chapter 35

Continuous Time Markov chains

Question of the Day

Suppose X, has infinitesimal generator

—2.2 1 1.2
A= 03 —-14 1.1
4.6 2.7 =73

and states {a, b, c}. What is

[P(X:s.z = C|Xo =a)?

Summary

In a continuous time Markov chain or jump chain, after an infinitesimally small amount of time,
the probability of moving from state 7 to j is the rate ), ; times the infinitesimally small length of
time.

The infinitesimal generator is a matrix where for i # j, A(¢,7) is the rate that the chain jumps
from i to j. A(i,i) = — Z#i A(i, 7) so each row sums to o.

A distribution with probability vector  is stationary if X, ~ 7 implies X,, ~ 7 forallt’ > t.
Finite state CTMCs have an Ergodic Theorem similar to other finite state Markov chains.

If 7 A is the zero vector, then 7 is stationary. (This indicates the rate of probability flow into each state
equals the flow out of it.)

In general, p, = p, exp(tA).

The time between changes in the state are exponential random variables whose rate depends on the
current state.

If Ay, A,, ..., A, are independent exponential random variables where E[A;] = 1/),, then min; A, is
also an exponential random variable with rate equal to A; +--+,,. The probability that A; = min; A,

271
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is A;/(Ay + 4 Ap)-

Suppose that X, is a continuous time Markov chain. This means that there is a rate \; ; associated with each
pair of states i # j where (intuitively)

P(Xypar = J1X; = 1) = A, ; dt.

So after a tiny amount of time, the chance of moving from ¢ to j equals the rate at which the chain moves
from state % to j times the tiny amount of time.

If this probability is summed up for all j # i, it gives the total rate at which probability is leaking out of
state 7.

P(Xyrar # il X, =1) = Z )‘i,j dt.
JFi

Because this probability is leaving state 7, make the value of A(4, ) equal to the negative of this sum. If the
A(4, ) values are collected into a matrix, this is called the infinitesimal generator for the Markov chain.

Definition 104
The infinitesimal generator of a continuous time Markov chain with 7 states is the n by n
matrix A, where for j # 4, A(4, j) is the rate at which the chain moves from state 4 to state j,

and
AGi,i) ==Y A, ).
i

Before defining a continuous time Markov chain, first define exactly what is meant by the differential. First
recall the little-o notation.

Definition 105
A function f(z) is in the set o(x) if

(Vn € {1,2,..)3m € {1,2,..)(jz| < 1/m — |f(z)/z| < 1/n).

Write f(z) = o(x) as a shorthand for f(x) € o(z).

It is usually easier to use limits to prove that one function is little-o of z.

Fact 85
If
lim —f (z)

z—0 T

=0

for a function f, then f(z) = o(x).
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Definition 106
Write P(X € dx) = P(X € [z,2 + dx]) = X\ dz to mean P(X € [z,z + h]) = Ah + o(h).
Similarly, write

P(Xiprqr = jl X, =1) = Adt

to mean

P(X,,p =jlX, =14) = Ah +o(h).

Definition 107
Say that {X,},c[0,) is @ continuous time Markov chain (CTMC for short) if it has an in-
finitesimal generator A where for j # i,

[P(Xt+dt = j|Xt = Z) = A(ivj) dt.

Ignoring the o(h) term is called the first order approximation.

35.1

Example 22
In the Question of the Day, what is approximately P(X, o, = ¢|X, = a)? (Use the first order
approximation.)

Answer Because the infinitesimal generator has A(1, 3) = 1.2, this would be

P(X,01 = ¢|X, = a) ~ 1.2(0.01) = 0.012.

The Ergodic theorem

The Ergodic theorem is very similar to the regular one for finite state Markov chains. Because jumps be-
tween states happen at any time, there is no need for aperiodicity! However, it can no longer be said that
the stationary distribution is the multiplicative inverse of the expected return time.

Definition 108
Say that distribution 7 is a stationary distribution for a CTMC if X, ~ 7 implies that X, ~ 7
for all s > t.

Definition 109
Say that distribution 7 is a limiting distribution for a CTMC if

(Ve € Q) Jim (distyy (X, X, = 2], m) = 0).

It is unnecessary to change the definitions of transience or recurrence for continuous time, since they are
defined in terms of the return times R,. As in the discrete time case, when P(R, < co) = 1, call the state
recurrent. Otherwise it is transient.
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Theorem 13
Ergodic Theorem for finite state continuous time Markov chains

For finite state Markov chains, the following holds.
1. There is at least one stationary distribution.

2. The stationary distribution 7 is unique if and only if there is exactly one recurrent com-
munication class.

3. If the stationary distribution 7 is unique, then

(V) <t1g§o distry ([ X, |2y = ], 7) = 0) .

35.2 Matrix Differential Equations

Another way to view the infinitesimal generator is as a system of differential equations.
Let p,(i) = P(X, = 4). Then

[P(Xt-&-dt = Z) — [P(Xt = Z)

pi(i) = pr
B Zj [P(Xt+dt = i|Xt = j)IP(Xt = J) - [P(Xt = Z)
B dt
X AL dt ()1 + (i) dt) — p, (i)
B dt
= p(DAG).
J
In other words,
pé =pA

A formal proof would be more careful with the meaning of the rates in terms of o(h) functions. But the
proof is essentially what is given above.

Fact 86
For a CTMC { X, } with infinitesimal generator A and p, (i) = P(X, = ),

P = piA.

This statement is similar to the statement for discrete time Markov chains:
Peyr — Py =0 (T — 1),
where [ is the identity matrix.

For one dimensional functions, the solution to the differential equation y" = ky is y(z) = y(0)exp(kx). So
it probably should not be a surprise that the solution to the system of differential equations is similar.
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Definition 110
For an n by n matrix M, define exp(M) to be

M? M3

when this expression exists.

Fact 87
For an infinitesimal generator A,

Py = Po exp(tA).

The proof consists of two parts: verifying that all infinitesimal generators have exp(tA) defined for all ¢ > 0,
and that this is actually the solution of the differential equations. The first requires knowledge of advanced
linear algebra and will be omitted here. The second also requires advanced linear algebra and analysis to
show that the Taylor series for matrix exponentials can be differentiated term by term.

Now, if p(t) A is the zero vector, then the probabilities flowing into each state exactly match the probabil-
ities flowing out. Since the derivative in this case p’ is also the zero vector, the probability distribution is
unchanging, which makes it stationary.

Fact 88
If p; is the zero vector for probability function p,, then p, is stationary.

In other words, the stationary distribution for a chain with one communication class corresponds to the
normalized left eigenvector associated with eigenvalue o.

35.3 Exponential time between jumps

So given that the rate at which the chain moves from i to j is A(4, j), what is the distribution of time between
the moves?

Suppose X is a set of points in [0, c0) such that
P(X N[z, z+dz] #0) = \dx.
This can be used to understand the rate problem by considering the distribution of

T = min(X).

X =blue points

T
—— —9 -

0

In other words, T is the point in X closest to 0. Now, consider the problem of finding P(7" > a) for some
a > 0. Note that the event that 7' > a is equivalent to saying that X N [0,a) = ().
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Now if the interval [0, a) was broken up into intervals [0, k), [, 2h), ..., [a — h, h) then the intervals are all
the same length so the probability that they contain a point should all be the same. Moreover, the intervals
are disjoint, so the probability that they contain a point of X should be independent.

At this point is in possible to state precisely what P(X N [z, z + dx] # () = A dz means.

Definition 111
Say that
P(XNdt+#0)=X\dt

ifP(X N[t t+h) #0)=AIn+o(h).

For h = a/n, the intervals [0, k), [h,2h),...,[a — h,h) can be numbered 1,2, ..., n. Given the above
definition, the chance that there is no point in [0, @) is the chance that there is no point in any of the n
length h intervals. This is

So

n

P(XN[0,a) =0) = [J(1— A+ o(h)).

=1

Products are tough to deal with. Fortunately, the exponential function eats products for breakfast. Also,
from the Taylor series expansion for the exponential function

1 —Xh+o(h) = exp(—Ah + o(h))

from the Taylor series expansion for the exponential function.

Fact 89
For X and h positive,
1 —Xh+o(h) = exp(—Ah + o(h)).

The proof is mainly just dealing with technical details and relying on the second degree Taylor polynomial
expansion of the exponential function.
Proof. To prove this, let f(h) be any function that is o(h). The Taylor series for the exponential function is
exp(—x) =1—x +22/2! —23/3! + .
This alternates for any « > 0, so for any fixed & > 0 small enough that f(h) < Ah,
exp(—Ah + f(h)) € [L = A+ f(h),1 — Ah+ (Ah — f(h))?/2!]

and

exp(—Ah + (Ah + F(h))2/2)) > 1 — M+ (A — f(R))2/2L.

Because the exponential function is continuous and increasing there is a value © € [-Ah + f(h), —Ah +

(Ah — f(h))?/2!] such that exp(z) = exp(—Ah + f(h)).

Let g(h) = x — Ah + f(h). Since the width of the interval is (\h + f(h))?/2!, g(h) is also o(h) and
exp(—Ah + g(h)) =1 — Ah + f(h), which completes the proof. O
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Using this fact

P(XN[0,a] =0) = ﬁexp(—)\h +o(h))

= e;(p (—=Ahn + no(h))
= exp(—Aa + o(1)).

So as h — 0, the o(1) term disappears leaving P(T" > a) = exp(—Aa). By the way, this expression
P(T > a) =1—P(T < a) is called the survival function of the random variable T'.

This is the survival function for an exponential random variable of rate \. This proves the following fact.

Fact 90
For X a collection of points such that P(X N [z, z + dx] # 0) = A dz, min(X) ~ Exp(}).

So another way to think about a continuous time Markov chain is that it wants to jump from the current
state z to another state y by setting an alarm clock that has an exponential distribution of rate A, , for all
states x and y.

The state x has set such an alarm clock for every possible state it has a positive rate of visiting. Whichever
alarm clock goes off first, that is the state that it jumps to. A helpful fact about independent exponential
random variables will be useful here.

Fact 91
Let A,, ..., A, be independent (but not necessary identical) exponentially distributed random
variables. Say A; ~ Exp(};). Then

min(A4;,...,A,) ~ Exp(A; + -+ A,,).

Also,
A

2

Plmin(Ay, ) An) = A9) = T2 05

This can be shown using the cdf of the exponentials.

In other words, the minimum of independent exponential random variables is another exponential whose
rate is the sum of the exponentials being added. Moreover, the probability that a particular exponential is
first is directly proportional to its rate.

Problems

295. Suppose that a continuous time Markov chain has infinitesimal generator
-34 34
1.2 —-12)°

Approximate P(X, ggg7 = 2| X, = 1) using the first order approximation.
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296. Suppose a CTMC has infinitesimal generator
—-103 41 6.2
B=| 50 —93 43
6.2 3.7 =99
and states {a, b, c}.
Approximate P(X, ggg2 = ¢|X, = @) using the first order approximation.

297. Suppose that a continuous time Markov chain has infinitesimal generator
—-34 34
1.2 —-1.2)°
What is P(X, ; = 2| X, = 1)?
298. Suppose a CTMC has infinitesimal generator
—-10.3 41 6.2
B=1] 50 —-93 43
6.2 3.7 99

and states {a, b, c}. Find P(X, , = ¢| X, = a).
299. Suppose that a continuous time Markov chain has infinitesimal generator
-34 34
1.2 —-12)°
Find the eigenvector associated with eigenvalue o and normalize to get the unique stationary distribution
300. Suppose a CTMC has infinitesimal generator
—-103 41 6.2
B=| 50 —93 43
6.2 3.7 —99
and states {a, b, c}.
Find the left eigenvector with eigenvalue o and normalize to find the unique stationary distribution.
301.
Suppose a CTMC has infinitesimal generator
—-103 41 6.2
B=1] 50 —93 43
6.2 3.7 —99
and states {a, b, c}.

a. If the current state is a, what is the chance that the next jump is to b instead of ¢?
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b. At what rate is the chain jumping away from state a?
302.

Consider a CTMC with infinitesimal generator

-1 1 0 0
1 -2 1 0
¢= 0 1 -2 1
0 0 1 -1

a. If the current state is b, what is the chance that the next jump is to a instead of ¢?

b. At what rate is the chain jumping away from state b?
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Chapter 36

Poisson Point Processes

Question of the Day

The times of earthquakes are modeled using a Poisson process with rate 0.1 per year. What is the chance
that there are exactly two earthquakes in one year?

Summary

+ A Poisson point process over [0, 00) of rate A X is a collection of points such that P(X N dt #+
0)=\dt

« For such a set, min(X) ~ Exp()).
« The number of points in [a, b] will have a Poisson distribution with parameter (b — a)\.

« The Poisson process is defined as N, = #(X N[0, t]).

Last time a set of points X C [0, 00) was discussed where the probability that X contained a point in an
interval was approximately the length of the interval times the rate of the process.

That is,
P(X N[t,t+ h] #0) = Ah + o(h).

For small intervals, it is unlikely that X has two points in the interval. (From the above, this is O(h2).) So
I(X N[t t+ h]) # 0 is a Bernoulli with mean close to Al for small h. For a larger interval [a, b] the expected
number of points of X in the interval is

b b
/[E[I](Xﬁdt)sé@]:/ Nt = \(b—a).

This motivates the following definition.

281
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Definition 112
A random set of points X C [0, 00) is a Poisson point process of rate \ over [0, o) if it
satisfies the following.

1. Forany 0 < a < b,
E(#{X N[a,0]}) = A(b — a).

2. Forany 0 < a < b < ¢ < d, the two random variables
#{X NJa,b]} and #{X N [c, d]}

are independent.

This is used as a model for a variety of problems.
« Arrivals to a service center (or any queue, really.)
« Times of radioactive decay.
« Defects in a steel bar.
« Typos in a document.
« Defunct pixels in a monitor, row by row.

Anywhere there are a bunch of possibilities for an error, with the probability very low, a Poisson point
process can be a good moel.

The language of these processes derives from the queue application.

Definition 113
For a Poisson point process, the values of the points are sometimes called the arrival times.
The distance between adjacent arrival times are called interarrival times.

If0 < T; <T, <Ts < --are the arrival times, then recall from last time that the event T > a is equivalent
to #(X N [0,a]) = 0.

Recall that the distribution of min(X) is exponentially distributed with rate A. This extends to the interar-
rival times.

Fact 92
The random variables T; —T;_; and 7} —0 are all independent and have exponential distribution
Exp()).

Example 23
Suppose typos in a text are modeled as occuring according to a Poisson point process of rate
0.01 typos / word. On average, how many words separate the third and fourth typos?

Answer The number of words separating the third and fourth typo is an exponential of rate

0.01. The expected value of this is one over the rate, so .
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So the arrival times themselves are a sum of iid exponential random variables.

T,=(Ty—0)+(To = T\) + -+ (T,, = T,,_1).

The sum of iid exponentials gives a gamma distribution, also known as an Erlang distribution.

Fact 93
For a Poisson point process of rate A, the distribution of 7T}, is

T, ~ Gamma(n, \)

with density
fr, (5) = A"s" L exp(—As) /(n — 1)

The Gamma distribution with integer first parameter is also called the Erlang distribution.

Example 24

For a Poisson point process of rate 4.1 over [0, c0), what is the chance that the third arrival lies
in [1,2].

Answer To answer this, integrate the density of a gamma distribution with parameters 3 and
4.1 over the interval [1, 2]:

2
/ 4.135% exp(—4.15) /2! ds = |0.2120 ... |
1

36.1 Counting points in an interval

So how many points are there in an interval [a, b]? That is, what is the distribution of

#(X N[0,2])?

This turns out to be where the Poisson point process gets its name. The average number of points in [0, ¢] is
At.

Fact 94
For X a Poisson point process of rate A over [0, c0),

#(X N [0,1]) ~ Pois(\t)

with density

(At)* exp(—At)
7!

Faxnjo, (@) =
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Example 25
Suppose that X is a Poisson point process of rate 1.2 over [0, 00). What is the chance that there
are two points of X in the interval [10, 12]?

Answer Because the location of the interval does not matter, only the length, this is the same
as
P(#(X N[0,2]) =2).

Applying the Poisson density gives

(1.2-2)%exp(—1.2-2)/2! =|0.2612... |.

Example 26
Suppose that cracks in a sidewalk are modeled as a PPP with rate 2 per meter. What is the
probability that there are no cracks in the first meter?

Answer The rate (2 per meter) over the region of measure 1 meter gives a Poisson distributed
number of points with parameter found by multiplying the rate times the Lebesgue measure of
the region:

- 1 meter = 2.

meter

Then the probability a Poisson with parameter 2 has value o is
P(#(PNJ0,1]) =0) = exp(—2) ~|0.1353 |.

Alternately, one could evaluate this as
P(Ty > t) = exp(—At)

and then plug in A\t = 2 as before.

36.2  The Poisson process

Suppose that goal is not to have the points themselves, but for a given time, the goal is to under the number
of points that fall into the interval [0, ¢].

Definition 114
For X a Poisson point process with rate X over [0, o), call

N, = #(X N [07t])

the Poisson process of rate lambda.

Note that for t € [0,T}), N, = 0, then for ¢t € [T},T5), N, = 1, and so on.
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44 o—
3 ——-o0
2 O
1+ [ O
© > ¢
i t +—t t —> time
0 Ty T, Tz Ty

Because the interarrival times are exponentially distributed, this process can also be viewed as a countable
state space continuous time Markov chain on state space {0, 1,2, ...} where A(i,i+ 1) = Aand A(¢,j) =0
forall j # ¢+ 1.

All of the states are transient from this point of view.

Fact 95
A Poisson process of rate A is a Lévy process where for a < b,

N, — N, ~ Pois(A(b — a)).

The Poisson process N, has several nice properties similar to Brownian motion.

Fact 96
A Poisson process IV, of rate A satisfies the following.

1. Ny =0.
2. Poisson increments For a < b, N, — N, ~ Pois(A(b — a)).

3. Independent increments Fora < b < c < d, N, — N, and N; — N, are independent.

Because the Poisson process hass stationary and independent increments, it is another example of a Lévy
process.

Unlike Brownian motion, a Poisson point process has jumps of size 1, so is definitely not continuous.

36.3 Conditioning on the number of points in an interval

For a Poisson point process of constant rate, consider an interval [a, b]. Then for any small subinterval of
equal length, the probability each contains a point is the time.

So if the number of points is fixed, then they are equally likely to lie in small regions of equal length. That
makes the distribution of the points uniform and independent. This is reflecting in the following fact.

Fact 97
Given N, = n, the points X, ..., X,, are iid Unif(A).
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Note that X, ..., X,, are the unsorted point values. The T} < T, < ... < T, are not uniform and not
independent because they have to be in order!

Example 27
Suppose a slab of marble has defects that are modeled as a Poisson point process over [0, 1]. Say
there are 3 defects. What is the chance that all the defects lie in [1/2, 1]?

Answer Each of the three defects can be though of as uniformly distributed over [0,1]. The
chance that the uniform position of a defect falls in [1/2,1] is (1 — 1/2)/(1 — 0) = 1/2. The
three points are independent, so the chance that all three points fall into [1/2,1]) is (1/2)% =

1/8 = [0.1200]

36.4 Understanding the gamma and Poisson densities

This section gives intuition (not proofs!) for the density of gamma and Poisson random variables.

First, some preliminaries. Recall that the chance that there is a point of X in a differential interval dt is
Adt.
This makes the chance that there is no point in the differential interval is

1— A dt =exp(—Adt).

Intuitively, the chance that there are no points in an interval [0, ¢] is the product of 1 — A da for a from 0 to
t. Switching to the exponential function, this is

exp (/0 —-A da) = exp(—At).

36.5 Density of a gamma

It was claimed that the density of 7,,, the nth arrival time, is that of a gamma with parameters n and .
Consider P(T,, € dt). For the nth arrival time to fall into a small differential interval around ¢, three things
have to happen.

1. There has to be a point in dt. This happens with probability A dt.

2. There have to be n — 1 points in the interval [0,¢). Picking a particular ¢; < ¢, < -+ < t,,_; for
these points gives a probability of (A dt;)(A dty)--- (A dt,,_;). Then this should be integrated over
all t; < ty < - < t,,_;. But this is rough! It is easier to integrate over all z; € [0,t],xz5 €
[0,t],...,2,_1 € [0,t]. The problem here is the x; are not sorted, so there are (n — 1)! different z;
that lead to the same ¢,. This is compensated for by dividing by (n — 1)!. Therefore, the chance of
this second part happening is

(M) /(n— 1)L,

3. There have to be no other points in the interval. This is just exp(—At) as before.
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Putting these three factors together give the density of a gamma times dt as

(M)t

A"t exp(—\t)
(n—1)!

CES T

v [ 30 fenpt-0] =

as given in the fact earlier.
36.6 Density of a Poisson
Now consider how to get n points in [0, t]. Again this can be broken down into two parts.

1. What is the chance that for a set of arrival times ¢t; < ¢, < --- < t,,, that there is a point near each of
dtq, dty ...,dt,. Thisis (A dty) (A dty) - (A dt,,) Integrating this overall 0 < t; <ty < <1, <t
is tough, so again use the trick where the integration is over point vaues (1, ..., ,,) € [0,¢]" instead
with no ordering. This gives (A¢)™, but again ignores that n! different x, give a particualr set of ¢,.
Compensate by dividing by n! to get a factor for this part of (At)"™/n!.

2. The rest of the interval should be empty. As always, this happens with probability exp(—At).

Combining these factors gives the Poisson density of

(At)™ exp(—At)

n!

Problems

303. Arrivals to a queue are modeled as a Poisson point process with constant rate. If on average their are
3 arrivals in the first two hours, what is the rate of the PPP?

304. A Poisson point process on a rectangle of area 3.7 square inches has 2.4 points. What is the (constant)
rate of the process?

305. Arrivals to a queue are modeled as a Poisson point process of rate 2.3 /hour. What is the chance that
the third arrival occurs more than 10 minutes after the second arrival?

306. Arrivals to a math tutoring center are modeled as a Poisson point process of rate 11.2 per hour. What
is the chance that the 10th student to arrive is more than five minutes past the arrival of the gth student?

307. Arrivals to a queue are modeled as a Poisson point process of rate 2.3/hour. What is the chance that
there is exactly 1 arrival in the first five minutes?

308. Arrivals to a math tutoring center are modeled as a Poisson point process of rate 11.2 per hour. What
is the chance that the number of arrivals in the first hour is exactly 10?

309.

Suppose that the arrivals of airport shuttles at a particular stop follow a Poisson process of rate 1/[10 min)].
a. On average, how many shuttles will arrive in an hour?
b. What is the chance that there are no shuttles in the first 20 minutes?

c. What is the chance that the second shuttle arrives somewhere in [15, 25] minutes?
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310.
Suppose that defects in a strip of metal is modeled as a Poisson point process of rate 0.27 per meter.
a. On average, how many defects are in five meters of metal?
b. What is the chance that there are no defects in a meter of metal?
c. What is the chance that the second defect falls between meter 3 and meter 4 of the metal?

311. A webpage receives hits at rate 4 per minute. Suppose that five hits are received in the first five
minutes. What is the chance that exactly three of them arrived in the first two minutes?

312. A bookstore receives customers at rate 3.4 per hour as a Poisson point process. If they receive 6
customers in the first hour, what is the chance that exactly 2 of these customers arrive in the first half hour?



Chapter 37

Ergodic Theorem for Continuous Time
Markov chains

Question of the Day

Consider the Markov chain with infinitesimal generator

—-1.6 04 1.2
A= 1 —53 43
0.9 22 =31

Find the limiting distribution of this chain.

Summary
« For a continuous time Markov chain, the underlying discrete time Markov chain just keeps track
of the states visited rather than the times at which the state jumps.

«+ A continuous time Harris chain is a Markov chain whose underlying discrete time chain is Harris.

« As with earlier chain, a continuous time Harris chain is irreducible if the underlying discrete chain
is irreducible.

« For an irreducible continuous time Harris chain with a stationary distribution =, if all states return
to themselves in finite time with probability 1, then the limiting distribution is unique and equals the
stationary distribution.

« The balance equations for a continuous time Markov chain require that the rate at which probability
is leaving a state equals the rate at which probability flows into the state.

In the Harris chain ergodic theorem there were two key ingredients: aperiodicity, and irreducibility. Because
the time until the state is left is random (exponential in fact), aperiodicity is not necessary in continuous
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time. Instead, only irreducibility is necessary to have the limiting distribution equal to a unique stationary
distribution when the chain is positive recurrent.

For continuous time, recall that 7 is stationary if
X, ~m= (Vs> t)(X, ~m).

That is, even though the state changes randomly, the distribution of the state remains unchanged as time
moves forward in the Markov chain.

Because the distribution evolves continuously in time, it is possible to describe this using derivatives.

Fact 98
A continuous time Markov chain with distribution p, is stationary if p; = 0.

Recall that for one dimensional functions [exp(kt)]” = kexp(kt) when the derivative is with respect to t.
The derivative rule for exp(¢A) is the same as in one dimension The constant A comes down to give

[exp(tA)]” = Aexp(tA)
Since p, = p, exp(tA), p; = pyAexp(tA). The matrix exp(tA) holds the probabilities of landing in states

at time ¢, and so if the chain is irreducible eventually all the entries of exp(tA) will be strictly greater than
o. Hence the distribution p, is stationary iff p;A = 0.

Fact 99
For an infinitesimal generator A, any stationary distribution 7 has 7A = 0.

Example 28
Question Suppose the infinitesimal generator is

—-16 04 1.2
A= 1 =53 43
0.9 22 =31
Find the stationary distribution by finding the left eigenvector associated with the eigenvalue o.
Answer The eigenvalues can be found using Wolfram Alpha. Use
eigenvalues {{-1.6,0.4,1.2},{1,-5.3,4.3},{0.9,2.2,-3.1}}

to give

A A —T4, Ay~ =25, Ay =0.
To find the unique solution (up to a constant factor) for A = 0, use

solve -1.6a + 1b + 0.9c = 0 and 0.4a -5.3b + 2.2c=0and 1.2a + 4.3b - 3.1c = 0 an

to give
m = (697,388,808)/1893 ~ (0.3681,0.2049, 0.4268).

A natural question to ask is whether or not this this unique stationary solution also a limiting distribution?
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37.1 The underlying discrete time chain

To help answer this question, consider the underlying discrete time chain of the continuous time chain. This
underlying chain consists of the different states visited during the continuous time run, but ignoring the
time stamps. So if the chain jumped from state a to b at time 3.4 and then from state b to a at time 4.1 and
then from a to c at time 7.9 then the underlying discrete time chain is a process with X, = a, X; = b,
Xy =a,and X5 =c.

Definition 115
Let 7; be the time of the ¢th jump in the continuous time Markov chain. So

7, = inf{t : #({ Xy : t' € [0,¢]} =0)}.

Then call X, X , X, , ... the discrete time underlying chain for the original chain.

For a countable state space Markov chain, it is straightforward to calculate the probabilities associated with
the underlying discrete time Markov chain.

Fact 100
For a countable state space Markov chain where A(a, a) # 0 for all states a, the probability of
moving from state a to b in the underlying discrete time Markov chain is

Aa,b)

pla,b) = m~

Note that since —\(a,a) = >_, ta A(a, b), this is the proper normalizing constant to turn the off diagonal
entries of the infinitesimal generator into a probability distribution.

Example 29
In the Question of the Day, find

p(a,b) = P(X, =blX;=a).

This will be

0.4
04 _ [oz500)

Definition 116
A continuous time Harris chain is a Markov chain whose underlying discrete chain is Harris.

Definition 117
A continuous time Harris chain is irreducible if the underlying discrete chain is irreducible.
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Theorem 14
Ergodic Theorem for continuous time Harris chains

Let X,, be a continuous time Harris chain with stationary distribution 7. If P(R < oo|X, =
x) = 1 for all z, then as ¢t — oo,

dry ([X| X = ], 7) = 0.

As with discrete time chains, stationary distributions for continuous time Markov chains must satisfy the
balance equations, which are just a way of saying that wA is the vector of all zeros.

Definition 118
For a countable state space, the stationary distribution satisfies the balance equations:

(Vi) (w(z‘) > A g) = Zw(j)A(M)) :

it i#i

37.2 The limiting behavior of matrix exponentials

If A is the infinitesimal generator for a chain, what is happening to exp(tA) as ¢ goes to infinity?

Recall that exp(tA) is defined as:

t2A%2 343
or T3

exp(tA) =T +tA+ .

A nice fact from linear algebra is that every infitesimal generator is similar to its Jordan Normal Form (also
known as the Jordan Canonical Form.) That is,

A=PJp1,

where eigenvalues of A are on diagonal.
For infinitesimal generators, all of the eigenvalues must be real, otherwise the probabilities would be com-
plex! This is part of a general fact from linear algebra that self-adjoint operators always have real eigenval-
ues.
When the eigenvectors of A span n dimensional space, it turns out that J is a diagonal matrix D. For
example:
—-16 04 1.2 —7.463 0 0
1.0 —53 43 | =P 0 —2536 0| P!
09 22 =31 0 0 0

where

—0.8897 —0.4346 0.5773

—0.03247 0.7745 0.5773
P= .
0.4552  —0.4594 0.5773
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Now consider A43:

A3 = (PDPfl)(PDP*I)(PDPfl)
= PD(P'P)D(P'P)DP!
= PD3*p~1.
To cube a diagonal matrix, just cube each of the entries.
Going back to the exponential:
e = I +tPDP ' +2PD?*P~1 /21 + -,

and since this is all linear transformations, if the limit exists:

e!d = P[I +tD +t>D?/2! 4 - |P~! = PetP P,

293

This gives a procedure for finding the limit as t — oc. First find the Jordan Normal Form PDP~!. Then

the limit will be
P lim exp(tD)P~1,
t—o0

where exp(tD) is just exp(td(i,i)) where d(i, ) is the ith diagonal entry of D.

Example 30
Suppose

=3 )

The following query to Wolfram Alpha (wolframalpha.com)

jordan form of {{-1,1},{2,-2}}

s=(3 1) 2=(3 o) 5= (54’ 1ls):

Note that D shows one eigenvalue o, and the other one is negative. So

gives

exp(tA) = SetPS—1

=(2 1) (o )R )
(i e

-(5 1)+ (5 28),

The rows (2/3,1/3) of the first part are the same, as ¢ — oo the second part goes to o because

d(2,2) < 0 and exp(td(2,2)) will go quickly to o as t — co.

Hence (2/3,1/3) is the limiting distribution.
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Note that (2/3,1/3) is also stationary. A natural question to ask is whether or not this unique stationary
solution also a limiting distribution?

37.3 The underlying discrete chain

To help answer this question, consider the underlying discrete chain of the continuous time chain. For a
continuous time Markov chain, the value of X, is completely determined by the states visited and the times
that the chain jumps from state to state. The underlying discrete chain just keeps track of the states visited
and not the time at which the jumps occured.

So if a CTMC starts in state a, then jumps to state b at time 4.2, then back to a at time 7.3, then to c at time
7.9, all the underlying discrete chain sees is abac, the states visited.

So if there is a CTMC that starts at time o at state a, and 7 is the first time that the state jumps, what is the
chance it moves to state b? Recall that the rate at which it moves to b is A(a, b), and the rate at which it
moves away from state a is —A(a, a). The probability of moving to state b will be proportional to A(a, b).

Definition 119
For a continuous time Markov chain where for all states a, A(a, a) # 0, the underlying discrete
time chain is a discrete time Markov chain where for all states a and b,

A(a,b)

p(a,b) = Na,a)

Definition 120
A continuous time Harris chain is a Markov chain whose underlying discrete chain is Harris.

Definition 121
A continuous time Harris chain is irreducible if the underlying discrete chain is irreducible.

Theorem 15
Ergodic Theorem for continuous time Harris chains

Let X,, be a continuous time Harris chain with stationary distribution 7. If P(R < oo|X, =
x) = 1 for all z, then as ¢t — oo,

dry ([X;| X = ], m) — 0.

37.4 Solving the question of the day

Here the infinitesimal generator is

—16 04 1.2
A= 1 —53 43

0.9 22 =31

Now find the eigenvalues and eigenvectors of the matrix in R. First set up the matrix.

A <- matrix(c(-1.6, 0.4, 1.2,
1, -5.3, 4.3,



37.4. SOLVING THE QUESTION OF THE DAY 205

0.9, 2.2, -3.1),
byrow = TRUE,
nrow = 3)

Next find the eigenvalues and left eigenvectors:

eigen(t(A))

## eigen() decomposition

## $values

H# [1] -7.463737 -2.536263 0.000000

H

## $vectors

#H [,1] [,2] [,3]

## [1,] 0.01438817 0.8064146 0.6138606
## [2,] -0.71419107 -0.2924301 0.3417187
## [3,] 0.69980290 -0.5139845 0.7116203

The vector associated with the zero eigenvalue can then be normalized to give the distribution.

pi_unnormalized <- eigen(t(A))[["vectors"]][,3]
pi <- pi_unnormalized / sum(pi_unnormalized)

pi
## [1] 0.3681986 0.2049657 0.4268357

Check to see if it is stationary:

pi %*% A
## [,1] [-21 [,3]
## [1,] 1.665335e-16 -2.220446e-16 0

To machine precision, mA = 0. Since the underlying discrete chain is irreducible, this stationary distribution
must also be the limiting distribution.

Double check by exponenting the matrix at a high time value. The expm function in the expm library does
this.

expm: :expm(40 * A)

## [,1] [,2] [,3]
## [1,] 0.3681986 0.2049657 0.4268357
## [2,] 0.3681986 0.2049657 0.4268357
## [3,] 0.3681986 0.2049657 0.4268357

It works!

Problems

313. The stationary distribution 7 is a left eigenvector for the intfitesimal generator with what eigenvalue?
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314. Verify that m = (0.3,0.2, 0.5) is the probability vector of a stationary distribution for the infinitesimal

generator
-1 1 0
(0.5 -2 15 )
04 02 —-06

315. For a continuous time Markov chain with states {a, b, ¢} and infinitesimal generator

-1 1 0
05 —2 15 |,
04 02 —0.6

what is p(b, ¢) in the discrete time underlying Markov chain?

316. Continuing the above problem, write out the entire transition matrix for the discrete time underlying
Markov chain.

317. Consider a Markov chain on {0, 1,2, ...} which A\(i,i+ 1) = 2fori > 0 and A(¢,4—1) = 3fori > 1.
Show that this is an irreducible continuous time Harris chain.

318. Consider a Markov chain on {a, b, ¢} with A(a,b) = A(b,¢) = A(c,a) = 1.2. Show that this chain is
irreducible.

319. Consider the continuous time Markov chain with infinitesimal generator

—23 1.1 1.2 0
A 32 —=5.0 1.0 0.8

0.6 0.6 —-32 20

1.1 0.5 21 =37

Find the Jordan Normal Form of this generator.
320. Continuing the last problem, what are the eigenvalues of the infinitesimal generator?

321. For the continuous time Markov chain with infinitesimal generator

—23 1.1 1.2 0
A— 3.2 =50 1.0 0.8
0.6 06 —-32 20 |’
1.1 0.5 21 =37

find the limiting distribution by calculating exp(tA) for ¢ large.

322. For the Markov chain with infinitesimal generator

—-10 5 )
A= 3 =7 4
2 4 —6

find the limiting distribution by finding exp(tA) for a large value of ¢.



Chapter 38
Replacing differential equations with
CTMCs

Question of the Day
Create a continuous time Markov chain model over {1, 2, 3, ...} of the differential equation

/

y = ky.

Summary

« A differential equation contains one or more derivatives in its statement. A first order differential
equation only contains first derivatives.

« A first order differential equation where one variable should be discrete can be turned into a contin-
uous time Markov chain model.

One of the simplest differential equation models is exponential population growth. For a population y and
constant &, this model is

y =ky
or in terms of time ¢

dy

— = ky.

a Y

Definition 122
A differential equation is any equation that involves one or more derivatives. If only the first
derivative is used, it is a first order differential equation.

The equation ¢y’ = ky is an example of a first order differential equation.

297
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38.1  Modeling differential equations as CTMC

In the population growth model, it should be that y € {0, 1,2, ...}, but because the differential equation
Yy’ = ky has a solution y(t) = y,exp(kt) which varies continuously in ¢, the actual output will have
fractional values of y.

One way to solve this problem is to force the state space to be {0, 1, ...}, and then treat the derivative with
respect to ¢ as a rate at which the model jumps from one state to another.

For instance, if £ = 4.3 and y = 2, then the population jumps at rate (4.3)(2) = 8.6 to state y = 3.

The CTMC model for exponential growth with k& > 0 has state space {0,1,2,3, ...} and for all states ¢ in

the state space:
A, i+ 1) = ki.

What if & < 0? Then the population y(t) = y, exp(kt) is decreasing as ¢ increases. This can be modeled by
making the rate from 7 to ¢ — 1 proportional to —ki. This way the rate is always positive.

38.2 One variable models

Consider a differential equation of the form

where f and g are nonnegative functions and it is desired to have y € {..., —2,—1,0,1,2, ...}

Then make
A(iyi+1) = f(i)
Aiyi—1) = g(i)

in the continuous time Markov chain model.

38.3 Multivariate models

Many differential equation models involve more than one variable.

38.3.1 Classic predator-prey model

The Lotka-Volterra model is a classical differential equation model that has two interacting values: the
number of predators and the number of prey in a system.

x = # of prey
y = # of predators

a,b, c,d = constants of model

Given these values, the numbers of prey and predators evolve in the model as follows.

d—x—ax—bx @—cac—d
- TR A

: —— A
births  deaths births  deaths
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—hrey
J \/’\/\ —predators

time

population

Figure 38.1: Wikipedia. Retrieved 27 August, 2013 from http://en.wikipedia.org/wiki/Lotka

The solution to this model exhibits periodic behavior.

Any solution to these equations will yield a noninteger numbers of prey and predators. It also disallows the
possibility that the predator or prey go extinct.

Now use these rates of change to build a CTMC with similar behavior. The state of the chain at time ¢ will
be a random process (X, Y;) where both X, and Y, are nonnegative integers.

There are four events to consider: prey birth, prey death, predator birth, and predator death. Therefore in
the CTMC model, there will be four edges leaving any particular state.

From current state (z,y):

new state  rate

(x+1,y) ax
(x—1,y) bxy
(z,y+1) cay
(m7y_ 1) dy

Unlike the deterministic Lotka-Volterra model which continues indefinitely, the CTMC model has a steady
state. This is the absorbin state (0, 0) because the rate at which this state is left is o.

The chain will take a very long time to reach this absorbing state if 2y and v, are reasonably sized.

These type of systems which travel for a long time before reaching the final state are called quasistable or
quasistationary.

38.4 Conservation

In some models, it is important to conserve quantities. For instance, in modeling the spread of a disease the
population is often taking to be constant with individual people moving between various disease states. By
setting up the rates properly in a CTMC, it is possible to maintain this constant.
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38.4.1 Example: the SEIR model of disease spread

There are various models of how a disease can spread through a population. One such model assigns each
member of the population to one of four stages: Susceptible, Exposed, Infected, and Recovered. The only
thing that matters is the four-tuple that gives the number of people in each stage.

What is conserved here is the total number of people:

S,+E,+I,+R,=N.

This model assumes the population is constant: so if someone dies from other causes (for instance, they are
hit by a car and killed), it is immediately replaced by new baby (which is susceptible to the disease).

One can argue that such a model is unrealistic, but the purpose of models like this is not to predict exactly
how the disease will spread. Rather this type of model gives an explanatory view of why certain features of
disease spread happen.

Now consider the model in more detail. First write down the differential equation model.

ds
a7 =b(E+I+R)— BSI
N — e’ ~——
births exposure
dFE
BSI — gf — bE
dt exposure mfectlon deaths
dl
il
dt infection  deaths rec;:ery
dR
— = vl — R .
a -~ LT

recovery ~ deaths

Note that terms in this model come in pairs: dS/dt has —3S1 term, while dE/dt has +/3S1 term. This is
to conserve the total number of people by having a person move from type S to type E.

This pairwise behavior can be enforced in a CTMC using the moves made by the chain. Let (s, e,,r) be
the current state (all nonnegative integers.) Then the rate at which the state jumps is given as follows.

new state rate
s—1le+1,i,r) Psi
s+1led,r—1) br

(
(
(s+1ez 1,7)  bi
(s+1e 1,4,7)  be
(s,e—1,i+1,r) oe
(sez L,r+1) i

Note that a new state such as (s + 1, e — 1, ¢, r) has the same total population as the original state (s, e, 4, 7).
This jump just represents a susceptible individual becoming exposed.

Unlike the differential equation model, this model can reach a steady state where no one has the disease.
Therefore it is possible to ask questions in this model such as what is the average time needed for the
infection to die out in the population.
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38.4.2 Example: Population genetics and the Hardy-Weinberg model

Individuals in a population carry genes that are passed down from parent to child. Different variants of a
gene can arise due to imperfect copying of a gene during this process.

In animals with a diploid chromosome, every individual has two copies of a gene, the order of which does
not matter. So if a particular gene comes in variations A and a, then an individual might be AA, Aa, or aa.

When two parents have a child, the first parent uniformly at random contributes one of their genes, and the
other parent contributes uniform at random one of their genes.

So two parents that are both AA will have a child that is AA. But if one parent is AA and the other is Aa,
then the child could be AA or Aa. And if both parents are Aa, then the child could be AA, Aa, or aa.

It is of interest to determine in a population if a gene actually makes the child more or less likely to survive
in the population. If the gene variant does not affect survival, the population is expected to be in Hardy-
Weinburg equilibrium.

Definition 123
A population with random mating and no selection, no migration is in Hardy-Weinberg Equi-
librium.

A gene that does not affect mating or survival can be modeled using the following differential equations.

dy

d?A =b[yA4 + (1/2)Yaa¥aa + (1/2)ya0Yaa + (1/DYaayaal/N — dysa
dy a4

d? =b[Yyaa¥aa + (1/2)0%, + YaaYaal /N — dya,
AYaq

dt = b[(1/4‘)y124a + (1/2)yAayaa + yga]/N - dyaa'

Adding these equations together gives:

AN
— = (b—d)N.

When the birth rate b does not equal the death rate d, the total population is not conserved, but it will
always be true that

N =yaa+Yaa * Yaa-

To model this behavior as a CTMC, for current state (n 44,744, Ngqs M) Where n = n4 4 +n 4, + Nyq» a0y
change in the state should preserve this final equation. If the change in state is (1,0, 0, 1), then the jump
moves from state (144,44, gas 1) to state (Ngq + 1,M 40, Mgq, 7 + 1).

change in state rate
(1,0,0,1)  b[nZ 4 + (1/2)np4n 40 + (1/2)n 40044 + (1/4)0%,]/0
(Oa ]-7 07 ]-) b[nAAnAa + (1/2)77’12411 + nAanaa]/n
(0,0,1,1) O[(1/4)n%, + (1/2)naqNaq + 10l /1
(—=1,0,0,—1) dnya
(07_1307_1) dnALL
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change in state rate

(0,0,—1,—1) dn

aa

Note that these rates are always positive. Since the differential equation has negative terms, as earlier this
is represented in the CTMC model by using positive rates for state changes that are negative. For instance,
the move (—1,0,0,—1) has a positive rate in the CTMC model, making the coefficient of the derivative
negative in the DE model.

Problems

323. For the CTMC model of exponential growth ¢y = ky, if A\(2,3) = 10, what is k?

324. For the CTMC model of exponential growth ¢y’ = ky, if \(2,1) = 10, what is k?

325.

For the state space {0, 1,2, ...}, and CTMC where A(4,7 + 1) = 3i for all ¢, answer the following.
a) What is the expected time spent in state 4 before jumping?
b) Will the state of the chain converge?

326.

For the state space {0, 1,2, ...}, and CTMC where A(¢,4 — 1) = 3i for all ¢ > 1, answer the following.
a) What is the expected time spent in state 4 before jumping?
b) Will the state of the chain converge?

327. Suppose that from state (i, j) there are positive rate edges to (i + 1,5 — 1) and (: — 1,5+ 1). What
simple linear function of the 7 and j is being conserved here?

328. Suppose that from state (4, j) there are positive rate edges to (i + 1,5 — 2) and (i — 1,5 + 2). For
what value of k is ¢ 4+ kj being conserved in this chain?
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Square Integrability

Question of the Day

Are stochastic processes with a common upper bound on the second moment always uniformly integrable?

Summary

« A process { X} is dominated when there exists Y with E[|Y|] < oo such that | X | <Y for all a.
« A process is square integrable when there exists M such that E[X2] < M for all a.

« A process that is either dominated or square integrable is also uniformly integrable.

39.1 The main result

Recall the following two facts about stochastic processes.

1. X,, — X in probability means
(Ve > 0) < lim P(|X,, — X| > ) = 0) .

2. When X,, — X in probability lim,_,  E[X,,] = E[X] if and only if the {X,,} are uniformly inte-
grable, which means

lim (sup E(1X,100X,,| > B))) =0.
B—oo n

Earlier, it was noted that if a process { X} was dominated by an integrable random variable, that is, if
(Va)(|X,| <Y) where E[Y] < oo, then the { X, } are uniformly integrable.

Now consider if the second moment of the { X, } is bounded.

303
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Definition 124
A stochastic process { X, } is square integrable if there exists an M such that E[X?2] < M for
all a.

Square integrability is often much easier to show than uniform integrability. The good news is that the
former implies the latter.

Theorem 16
Square integrable processes are uniformly integrable.

39.2 Applications

39.2.1 Simple symmetric random walk on the integers

Consider the Markov chain on the integers that moves left with probability 2/3 (so from state ¢ to i — 1)
and right with probability 1/3 (so from state i to ¢ + 1).

Let X, = g > 0and T = inf{t : X, = 0}. To apply the Optional Sampling Theorem, it is necessary to
learn if X, 7 is uniformly integrable.

Consider X, = 23 > O and X, ; = X, + D,,, where the D, are iid and P(D, = —1) = 2/3 and
P(D;, =1)=1/3 with T = inf{¢ : X, = 0} Then {X,,p} is square integrable

The proof is by induction. In fact, it is possible to show that
E[XPyr] < max{5, z3}.

Base case: when t = 0, X, = z, so E[ X7, ;] = 2.

Induction hypothesis: E[X?, ;-] < max{5, 23}, consider E[X? ( ]. Use our standard trick:

t+1)AT

[E[X(QtJrl)/\T] = [E[[E[X(tJrl arl Xearl]-

Look at the inside expectation first. Things will be different if 7' < t or T' > t, so break this up using

indicator functions:
X(t+1)AT = X(t+1)/\T|](T < t) + X(t+1)AT”<T > t)

= Xyarl(T > 1)
because if 7' < ¢ then X, = X 1),p = 0. Now

X(t+1)/\T|]<T > t) = [Xt/\T + Dt+1]”<T > t)-

Plug this into out expectation to get:
[E[X(tJrl wrl Xinr] = E[(Xiar + Dy )2 IUT > )% X, 5]
= E(X7\r + 2X0p Dyy + DE)UT > 8)|Xap]/

This last equation used the fact that the square of an indicator function is just the same indicator function
since its value is o or 1.

To simplify the right hand side, note:
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- Forallt, D7, is either (—1)? or 1%, both of which equal 1.
+ Forallt, D, is independent of X, ,.
« The function I(T > t) = I(X,,r > 0), so it acts as a constant in the conditional expectation.
« E[Dp] = (1/3)(1) + (2/3)(=1) = —1/3.
Taken together, these give us
EIX2 gl Xonr] = UT > DE[X2 7+ 2, (~1/3) + 1]
Now if X, is at most 2, that says:
E[XE ar| Xiar] = UT > )[4 +1] <5
On the other hand, if X, is at least 3, then

[E[X(Qtﬂ arl Xear] SUT > 0)[Xypp +2(3)(=1/3) + 1]
< Xypr < max{5, 23}

which completes the induction.
Therefore X, is square integrable, and so is uniformly integrable as well.

39.3 Proof square integrability implies uniform integrability

Now consider why any square integrable process must be uniformly integrable.

Proof. Suppose there exists M with E[X2] < M for all o The goal is to show sup  E[|X,[I(|X,| > B)
goes to o as B — oc.
The key observation in the proof is that
[ XWX, > B) < |X,[*I(|X,| > B)/B.
Taking the mean of both sides:

E[| X, [1(1Xo| > B)] < E[|X,[1(|X,| > B)/B]

<
< (1/B)E[X2] < M/B.

This holds for any «, so sup  E[|.X,[I(]X,| > B)] < M/B. This goes to 0 as B goes to infinity. O

Returning to the X, = X, + Z;l D, from earlier, consider letting
M, =X, +(1/3)t.

Then M, is a function of X, and so measurable with respect to o(D;, Ds, ..., D,). Moreover, |M,| < (4/3)t,
so each MM, is integrable.
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Finally,

E[M 1| Xo, - Xy] = B[ Xy + (1/3)(E + D)X, ., X
=E[X, + D, + (1/3)t + (1/3)| Xq, ..., X,
=X, + (1/3)t + E[D, 4 +1/3]
= M,.

Hence M, is a martingale with respect to #, = o(Dy, ..., D,). As before, let T = inf{t : X, = 0}.

Now check if M, ,r is uniformly integrable by checking for square integrability.

[E[Mt%\T] = [E[[E[MEAT‘M@A)ATH
= [E[[E[(M(tfl)/\T + (Dt + 1/3)”(T >t — 1))2|M(t71)/\T]
= [E[[E[M(%A)/\T + 2M(t71>AT(Dt +1/3)(T >t—1)+

(D, +1/3)*UT >t —1)|My_q)7]]-

Asbefore D, and I(T' > ¢ — 1) are independent, and E[D, + 1/3] = 0 so the middle term goes away leaving
E[M{r] = E[MF_y)p + WT >t = DE[(D, +1/3)?]].
Since E(D, + 1/3)2 = (4/3)%(1/3) + (—2/3)2(2/3) = 8/9,
E[MA ] = E[MZ_ o + 1T > £ —1)(8/9)]
= [E[M(th)/\T] + 8/9HP(T >t —1).
An induction proof then gives:

EM2 7] =22 +P(T>0)+P(T>1)++P(T>t—1).

The probabilities are all nonnegative, so
E[ME ) <a2+P(T>0)+P(T>1)+-=z3 +E[T).
The last line comes from the tail sum formula for expected value.
Problems
329. Suppose E[X?] < 5foralli € {0,1,2,...}. Are the {X,} uniformly integrable?
330. Suppose E[Z;] < 4+ cos(i7/7) forall i € {0,1,2,...}. Are the {Z;} uniformly integrable?
331. Suppose E[V;?] =iforalli € {0,1,2,...}. Are the {Y;} uniformly integrable?
332. Suppose E[Z;] € [24,3i] foralli € {0,1,2,...}. Are the {Z,} square integrable?
333. Suppose E[A?] < 10. Show that E[|A|I(|A] > 4)] < 10/4 = 2.5.

334. Suppose E[X?] < 11.3. What is the best upper bound you can give for E[| X|I(]X| > 10)]?



Chapter 40

Walds equation

Question of the Day

Suppose that I roll a fair six sided die until the sum of the numbers is at least 100. Give an interval bounding
the expected number of rolls needed.

Summary

« Wald’s Equation: Consider X;, X, ... iild X and a stopping time 7" such that X is integrable and
either X; > 0 with probability 1 or E[T'] < co. Then the mean of the sum of the X; up to a stopping
time equals the product of the mean of the random variables times the mean of the stopping time.

Abraham Wald was a statistician and mathematician who contributed greatly to the problem of taking data
up until a criterion is reached. He was born 1902 in Austria, and then fled to the U.S. in 1938 because he
was Jewish.

He is best known for his work on sequential experiments. These are used when random number of exper-
iments are conducted. For instance, during a vaccine trial, participants could be split into two groups, one
which receives the vaccine and another that does not. The latter is called the control group. Then they are
recorded whenever a participant becomes ill with the disease. The trial ends when the number of patients
in the control group with the disease is much higher than the number of patients in the vaccine group. This
was the type of testing done with the COVID-19 vaccine.

A natural question in statistics is how many patients must be used and what “much higher” is exactly in
order to give the trial statistical significance. Wald’s Equation (a.k.a Wald’s Equality a.k.a. Wald’s Identity)
came out of Wald’s attempt to answer questions like these. It provides a shortcut for many problems that
could use the Optional Sampling Theorem instead for their solution.

307
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40.1  Random sums of random variables

Recall that for any iid sequence X, X5, ... of integrable random variables and any fixed positive integer n,

E (Zn: X) = nE[X;).

This follows from the linearity of expectation.

But does this necessarily hold for random sums of the random variables? For instance, if 7" is a random
variable, does

E (i XZ-) = E[T]E[X;)?

When T is a stopping time with respect to the X;, Wald’s Equation gives two very simple conditions under
which this equation does hold.

Theorem 17
Wald’s Equation

Let X, X,, ... be iid as X, and 7" be a stopping time with respect to the natural filtration on
X, X,, .... Suppose that either

1. P(X >0)=1or
2. E[T] < 0.

Then it holds that

E (ZT: Xn) = E[T)E[X,].

go.2  Solving the Question of the Day

In the Question of the Day, the rolls are of a fair six sided die. So say that X, X,, ... are iid with

X, ~ Unif({1,2,3,4,5,6}).

The dice are rolled until their sum is at least 100, so our stopping time (with respect to the adapted filtration)
becomes:

T = inf{t: X; + -+ X, > 100}.

Since X; > 1 and X; < 6 for all 4,

and so the mean is in [17, 100].

Since the mean is finite, Wald’s Lemma applies, and
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For a fair, six sided die,
_1+6

3.5.
2

E[X;]
Note that because the last die roll that makes the sum at least 100 is at most six, it holds that

T
E (Z Xl) € {100,101, 102, 103, 104, 105}.
i=1

Given as an inequality
T
100 < E (Z XZ-) < 105.
i=1

Using Wald’s equation then gives
100 < E[T]E[X;] < 105,

or

—
o
o
—

0
— <HT| < —.
3.5 7 7] < 5

(@31

Simplifying gives

28,57 <E[T] < 30|

40.3  Proof of Wald’s Equation

Wald’s Equation holds when the X; > 0 with probability 1 or when the mean of the stopping time is finite.
To prove this, start with the case that the X, are nonnegative.

Proof. Assume P(X,; > 0) = 1.

Begin by writing the sum over ¢ from 1 to 7" as an infinite sum by putting the indicator function in the

summand.
E (iXJ = (iXiI](i < T)> =

> ELX, (i < )],

i=1
where the last step uses the Monotone Convergence Theorem and the fact that the summand is nonnegative.

To break apart E[X,[(i < T')], note that X, and [(¢ < T') are actually independent. This is because knowing
Xi,..., X, are sufficient to determine if ' < i — l,and (i < T) = =(T < i—1). So (T > i) €
o(Xy,..., X, 1), and these are independent of X;. Hence

T 00
E (Z Xi) — S EIXJEDG < T)]

=1
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since E[X;] = E[X] for all .

Finally,
> BT > i) = E[T],

i=1
as this is just the tail sum formula for the expected value of nonnegative integer random variables, finishing
the proof. O

Now consider the case when 7" is an integrable random variable.

Proof. Suppose T is an integrable stopping time for X, X, ... with respect to the natural filtration, and
the X; are iid X where
w=E(X;) < cc.

Create a martingale out of the sums of X using

To see that the {),, } form a martingale with respect to

F,=0(Xy,...,X,),

n
first note that the M,, are a computable function of (X, ..., X,,). Next,
E[IM, )] < B[Xy = p 4+ Xy = pb oo+ Xy = ] S E[IXG |+ 4 (X |+ nfp]-
Since X has finite expectation, E[|X;|] is also finite, and E[|M,,|] < n(E(|X;]) + ) < oo.

Finally, consider

E[M, i [F] = BI(Xy = ) 4+ (X = )1 X, X
1= ) A (X =) + B[ —
1~ )+ (X =)

So the {M,,} do form a martingale.

Next show that M, ,, is a uniformly integrable martingale. The approach is to show that the M, are
dominated by an integrable random variable that is the sum of the absolute values of the summands in the
martingale. Let

T
Y =3 1X; =l = [ My
i=1
by the triangle inequality.
Since each | X; — 1| is nonnegative, can use the nonnegative version of Wald’s Equation that was just shown

to get
E[Y] = E[|X; — u]|E[T] < oo.
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Therefore |M,,r| <Y, where Y is an an integrable random variable.
Because the M, stochastic process is uniformly integrable, the OST can be used to say
E[Myp [ Mo] = M,
or in this case
T
£ || e[| <o

Adding E(uT') = pE[T] to both sides completes the proof. O

40.4 Example: American Roulette

An American Roulette wheel contains 18 red numbers, 18 black numbers, a green o, and a green 0o. Assum-
ing the wheel is fair, a bet on red wins with probability 18/38.

With this mind, if T start playing with $20 and bet $1 every spin, what is the expected number of plays made
before my money is gone?

« First create a random variable X which is the amount of money won on a single spin. Set P(X =
1) =18/38 and P(X = —1) = 20/38.

- So i = E[X] = (18/38) + (—1)(20/38) = —2/38 = —1/19.

e Let T = inf{t : X; + -+ X, = —20}.

« Problem: X is not nonnegative, so to apply Wald, it is necessary to determine if E[7] < oo.
« One way to tackle this is to let T, = inf{¢ : X; + - + X, € {—20,a}}.

« Thenfor S, = X; + -+ X,, S;,r_is afinite state Markov chain with two recurrent communication

classes: {a} and {—20}. This makes E[T},] < cc.

« Hence

lZX} (—1/19).

+ Since —20 < E[Y.*, X,],
E[T,] < 20(19).

« Since 7, are nonnegative, increasing, and converge to 7,

E[T] < 20(19).
« That means we can apply Wald to T"! This gives

E[Y X,] = E[T)(—2/38) = E[T] = 20(38/2) =[380].
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To summarize this approach:
1. Find stopping times that converge to our stopping time of interest but which are bounded.
2. Use Wald to upper bound the value of the converging stopping times.
3. Use them to show that the limit of the stopping times is finite.

4. Use Wald with the original stopping time to get the final answer.

Problems

335. Suppose P(X = 0) = 0.3 and P(X = 2) = 0.7. Say X, X,, ... with the same distribution as X.
What is E[T] for
T=inf{t: X; + X5+ + X, = 10}?

336. Suppose P(X = 0) = 0.9 and P(X = 5) = 0.1. Say X, X,, ... with the same distribution as X.
What is E[T] for
T =inf{t: X; + X, +--+ X, =10}?

337. Suppose X € [0,1], and E[X] = 0.7. Say X, X, ... with the same distribution as X. Give the

tightest bound you can on E[T] for

T =inf{t: X, + X, + -+ X, > 10}?

338. Suppose X € [0,0.5], and E[X] = 0.2. Say X;, X,, ... with the same distribution as X. Give the
tightest bound you can on E[T'] for

T=inf{t: X; + X, +-+ X, >82}7

339. Let B, B,, ... be iid Bernoulli random variables with mean p. Given that a geometric random variable
can be defined as

G =inf{t: B, + - B, =1},
use Wald’s Equality to find E[G].

340. Let By, B,, ... be iid Bernoulli random variables with mean p. Given that a negative binomial random
variable with parameters r and p can be defined as

N =inf{t: By + - B, =r},
use Wald’s Equality to find E[V].

341. Suppose X = —1 with probability 0.6 and X = 1 with probability o.4. For X, X,, ... iid X, find the
expected value of T', where
T =inf{t: X; +-+ X, =—10}.

342.

A player betting $1 on American Roulette on 17 wins $35 dollars with probability 1/38 and otherwise loses
the dollar.



40.4. EXAMPLE: AMERICAN ROULETTE 313

. What is the probability that if the player starts with $35 and plays until they either lose their money
or their number comes up, that the player wins before they lose their $357

. If the player starts with $35 and plays until they have nothing, what is the expected number of spins
of the wheel the player takes?
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Chapter 41
Stochastic Integration

Question of the Day

Suppose a person models a a stock price as 10+ B,, where B, is standard Brownian motion. If the Brownian
motion falls below —10, then the stock price is 0. Hence the price is

S, = (10 + B,)I(B, > —10).

The person holds five shares of this stock if .S, € [0, 20], ten shares if S, > 20, and zero shares if S, = 0.
What is the distribution of the random variable for the profit made from this portfolio?

Summary

« For a stock at price S, and if the number of shares is constant at y, then y(S; — S;) is the amount
of money made by owning the stock from

« For a stock at price S, and Y, the number of shares owned at time ¢ where Y, is measurable with

respect to {5, },.;, then
T
| vias,
t=0

represents the profit made over the interval [0, T']

Integral in differential calculus can be thought of as the accumulation of something over time.

« Area under a curve accumulates as you move along the horizontal axis.

/: f(z) da.

315
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« Water filling a swimming pool accumulates at a (possibly changing rate) over time.

Note that in all these examples the differential dz, dt, dz are nonnegative. The integrands f(z) and r(t) are
allowed to be positive, zero, or negative.

41.1  Financial models

Today the problem at hand will involve the money to be made by investing in a financial asset. For instance,
if I buy five shares of stock at $10 per share, this costs me $50. If the stock goes up to $12 per share at time
T = 2 days, then my five shares of stock are now worth a total of 5(12) = 60 dollars. My profit if I sell the
stock (assuming no transaction fees) is 60 — 50 = 10 dollars.

In general, if S, represents the (possibly random) evolution of the price of the stock, then

T

/ 5dS, = 5(Sy — S)
t=0

is the amount of profit made by holding the five shares of stock from time o up to time 7'. (This can be
generalized to ¢ € [a, b].)

Unlike in the area, water, and volume examples above, the dS, here is random and can be positive or
negative!

In mathematical finance, it is common to use 7 for a fixed time, whereas earlier it usually
represented a stopping time. Be careful to examine the problem and see if T' is fixed or not!

Example 31
Suppose a stock price evolves deterministically, and is 300 up until time 10 when a shock drops

the price to 100.
20
/ 3dS,
t=0

Answer At time t = 0 the 3 shares cost 35, = 900, and at time ¢ = 20 the 3 shares cost
3559 = 300. Therefore the integral evaluates to 300 — 900 = .

What is
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Example 32
Suppose a stock price evolves deterministically, and is

S, = 100 + 3¢.

20
/ 3dS,
t=0

Answer At time t = 0 the 3 shares cost 35, = 300, and at time ¢ = 20 the 3 shares cost
3550 = 480. Therefore the integral evaluates to 480 — 300 = .

What is

41.2 Varying shares

The next step is to allow the ownership of a number of shares Y, that depends on the values of S, for all
r € [0,t]. In other words, based on the history of stock prices, the investor is allowed to decide how many
shares of the stock to own.

In this case, the amount of profit taken by owning the stock from time o to time 7" is written as the stochastic

integral
T
/ Y, dS,.
t=0

Example 33
Suppose that a stock S, = 100 + 3¢, and at time ¢ I own Y, = .S, shares of stock. What is

20 20
/ Y, dS, = / S, ds,
0 0

Answer Think how much profit is made from time ¢ up to time ¢ + dt. How much profit S, dsS,
is made from the differential change at time ¢?

intuitively?

Since S, is deterministic,

ds, = 3 dt

at time ¢, so
S, dS, = (100 + 3t)3 dt,

and

20 20
/ S, dS, = / (100 + 3t)3 dt = 300t + (9/2)t2|20 =[7800].
0 0
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41.3 Nondifferential, random stock prices

Generalizing the last example, when S, is differentiable:

T T
/YtdSt:/ Y, S dt.
0 0

But as seen earlier, standard Brownian motion is not differentiable, so if S, is a function of Brownian Motion,
it is not possible to use this approach.

In addition, if the stock price is random, then the profit made will be random as well.

Fact 101
If S, is a random stochastic process, and Y, measurable with respect to the information in .S,

for r < t, then
iy
| vias,
t=0

is a random variable.

Example 34
Suppose S, = B, and I own one share of stock. What is the profit made over two time units?

Answer This is -

/ 1dB, = By — By ~ N(0,T).
t=0

So in this case the stochastic integral is normally distributed.

41.4 Defining the stochastic integral

The stochastic integral that will be used here is the Ito integral. In the Ito integral the number of shares
owned must be based on the current or past value of the stock price. There exist other integrals that look a
tiny amount of differential time into the future. There are physics applications for this type of integral, but
it is not suited for financial models!

Start by defining the Ito integral in the case where the number of shares held only changes at fixed times.
Such a share strategy is called a simple strategy.

Definition 125
Say that Y, is a simple strategy if it can be written in the form

Y, =y 0t €[0,¢1)) + yl(t € [t1,82)) + - + Yl ([tr_1, t0)),

that is, Y, changes value a finite number of times.

For a simple strategy, the Ito integral can be defined as follows.
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Definition 126
For Y, = y,0(t € [0,¢1)) + ys (¢ € [t1,t5)) + -+ + Yl ([tp_1, T]), the Ito integral is defined as

T
/ Y, dB, = y,(B,, — By) +1(B,, — B, ) + - + yd(Br — By, ).
0

Given this definition, it is possible to prove several important properties of the Ito integral.

Fact 102
The Ito integral has the following three properties.

1. Linearity:

T T T
/(aXt—i—bYt)dBt:a/ XtdBt—s—b/ Y, dB,.
0 0 0

2. Martingale: Z, = fg)T Y, dB, is a martingale.

: ( [ dBt)Q _[[evaa

41.5 What if'Y, is not simple?

What happens if the share strategy Y, is not simple? Things do become a lot more complicated in this
situation. The approach to use is similar to that used to construct the Riemann integral.

3. Second moment:

Namely, approximate Y, over intervals of small width with an average value. Then take the limit as width
approaches o. This approach works well for strategies that are right-continuous with left limits. This is
called a cadlag process as an acronym from the French phrase continue d droite, limite a gauche.

Definition 127
A stochastic process Y, is cadlag if it is right-continuous and also has limits from the left.

An example of such a process is the Poisson process seen earlier.

Problems
343. What is

10
| aas,
t=0

where S, = 50 + 600(¢ > 4).

344. What is

10
/ —3ds,
t=0

where S, = 100 + 500(¢ > 8).
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345. What is the distribution of

W= /20[3u(t € [0,10)) + 50(t € [10,20])] dB,.
t=0

346. What is the distribution of

20
R:/ [—61(t € [0,8)) + 61(t < [8,20])] dB,?
t=0

347. What is
30 2
E (/ (t+ By) dBt> .
t=0

348. Recall for a normal random variable X ~ N(u, 0?),

Elexp(aX)] = pa + a?0? /2.
What is

20 2
E / exp(B,) dB, | 7
t=0
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Ito’s Formula

Question of the Day

For
S, = 100 exp(3t + 4B,),

write ftzo Y, dS, as an integral whose differential is dB,.

Summary

« Ito’s Formula allows us to write d.S, in terms of dt and dB,.

The power of the Fundamental Theorem of Calculus is that it allows us to change the differential of the
integral. For instance, if y = 22, then dy = 2z dx, which means that

4 16
/ 2xdx=/ dy =16 — 0 = 16.
=0 y=0

In the same way, it would be helpful to chance stochastic integrals with respect to a differential stock price
dS, to one with a differential dt and/or dB,.

The Ito integral
T

Y, dB,
t=0

tells us how much profit is made when investing in a stock whose price evolves as B, while owning Y,

shares at time ¢.

However, standard Brownian motion is not actually a great model for a stock price! Usually, the stochastic
process driving stock prices (or interest rates, or other financial values of interest) are functions of Brownian
motion. That is,

S t = f (tv B t)

where f(t,b) is a function that takes as input two real numbers, and returns another real number.

321
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42.1  Exponential Brownian motion

An example of this is the exponential Brownian motion in the Question of the Day:

S, = 100 exp(3t + 4B,).

More generally, one might have
Sy = soexp(ut + 0B,)

where the constant y is called the drift and the constant sigma is called the spread.

42.2  Working out dS,

For a function f, what is

dSt = St+dt - St = f(t +dt, Bt+dt) - f(ta Bt)?

The change in time is affecting both the first and the second coordinate. To understand how this affects the
differential of .S, it helps to recall how Taylor series expansions work when there is more than one variable
input to the function.

Before trying two input functions, let’s try one input functions. Suppose that all the derivatives of f that
maps z to y are continuous. This

fla+h) = f(z) = f(@)h+ 1/2)f"(2)h? + (1/3) f" (2)h® + -
is the Taylor series expansion of f. For x € [a, ], this can also be written as

fle+h) = f(z) = f'(2)h+ 1/2)f"(2)h* + O(h?).

Now suppose f maps (¢,b) to a third value s. Then the two dimension Taylor series expansion involves
partial derivatives. These act like regular derivatives where only one variable is treated as a variable and
the rest act like constants. So for O f (¢, b) /0t to mean that ¢ acts like a variable and ¢ acts like a constant in
the derivative. Then for f with continuous second partial derivatives:

_of, of 1[2*f , Of *f , 3 p2 2, .3
ft+h,b+g)— f(t,b) = 6th+8bg+2 6t2h +2at8bhg+ a7 + O(h* + h?g + hg* + g°).

When B, is plugged in for b, then the square of the change in B, is about the change in ¢. That is, (dB,)? =
dt. So this gives us

dSt = f(t +h, Bt =+ h1/2) - f(ta Bt)
_of,  of 1[0*f O*f 0% f

=L - 1/2 | 2L p2 3/2 it 3 2.5 2 1.5
ot oy (ERY2) + 5 | G 4 255 (Eh2) + Sk | 4 OB + h25 4 b2 4 1),

Putting in dt for h gives Ito’s Lemma.
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Theorem 18
Ito’s Lemma

Let f(t,b) be a function with continuous second partial derivatives. Then

of
:| dt + n dB,.

0 192
af(e.5) = |5 + 55

42.3 Using Ito’s Lemma on the Question of the Day
For the Question of the Day,

Sy = f(t, By),
where f(t,b) = 100 exp(3t + 4b).
The partial derivatives are then:
of of 0% f
L = 4b), == =4 4b), 5 =1 4b).
5t 300 exp(3t + 4b), 2% 00 exp(3t + 4b), 902 600 exp(3t + 4b)

All partial derivatives of f(t,b) are continuous, so Ito’s Lemma applies and

dS, =df(t,B,)

1600
= {300 exp(3t +4B,) + >

= f(t, B,)[1100 dt + 400 dB,).

exp(3t + 4Bt)} dt + 400 exp(3t + 4B,) dB,

Hence

T T T
/ Y, dS, = / 1100Y,S, dt + / 400Y,S, dB, |
t=0 t=0 t=0

42.4 Analytic solutions of stochastic integrals

Many Riemann integrals have analytical solutions, but very few Ito integrals do. Consider:
T
/ vexp(z)dr =el (T —1)+1
0

because for Riemann integrals, dy = f’(x) dx is relatively simple.

However, because Ito’s Lemma contains three terms, most Ito integrals cannot be solved analytically. There
are two exceptions.

First, the basic integration of the random differential by itself is solvable:

T
/ ]'dBt:BT_BO:BT'
t=0
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T
/ B, dB,.
t=0

f(t0) = (1/2)[p* —1].

Second, consider the slightly less trivial:

To solve this, set

Then the partial derivatives are
of _

of _, 0 f
ot

“1/2 5, =0 g

=1.

So Ito’s Lemma gives:

df(t,B,) = [—1/2+1/2] dt + B,dB, = B,dB,.

T
Iy = / B, dB,
t=0

T

= / df(t’ BT)

t=0
= f(T’ BT) - f(O, BO)
~[a2)m -1

That is,

42.5 Checking properties of the solution

Recall that I should be a martinagle. In fact, I is measurable against the natural filtration on standard
Brownian motion since it is a function of the standard Brownian motion. Also

Ef|(1/2)(BF — T)[] < E[(1/2) B + T] < oo,
so it is integrable.

Finally, for 77 < T,
Elly|Fp] = E[(1/2)[BF — T By
)E [(BT’ + (Br — Bp/))? = T|By/]
JE[BF, + 2Bz (Br — By/) + (B — By/)* = T|By/]
1/2)
1/2)

(B2, + 0+ (T —T') —T]
[B%f—T}

(1
=(1/2
= (1/2
(1/2
( /2

T .

That makes I a martingale!

Does the variance result hold? Consider
E[77] = E[[(1/2)(BF —T))?]
= (1/4)E[B% — 2B2T + T?
= (1/4)[3T? — 2T? + T?| = T?/2.
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On the other hand

T

[: E[(B,)?] dt = /t_o t dt

=T2/2
so the variance property does hold as well!

Problems
349.

Say f(t,z) = 4exp(3t — x).
a) Find 0f/0t.
b) Find 8f /0.
¢) Find 92 f /022
350.
Suppose that g(t,b) = tb%.
a) Find dg/0t.
b) Find dg/0b.
¢) Find 9%g/0b2.
351. Say f(t,x) = dexp(3t — z).

Find df (¢, B,) in terms of dt and d B,.

352. Suppose that g(¢,b) = tb%. Find dg(t, B,) in terms of dt and dB,.

353. For R, = Bf, write
T

| viar
t=0

as a stochastic integral with respect to d B, using Ito’s Lemma.

354. For Q, = (t + B,)3, write
T

Y, d@Q,
t=0

as a stochastic integral with respect to d B, using Ito’s Lemma.
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Chapter 43

Reversibility

Question of the Day

Is there a simpler condition to show a distribution is stationary?

Summary

« A Markov chain can be described using a transition density p(x,y) such that P(X, , € A|X, =
2) = [\ P(,y) dy.

« Let m(y) be a density. Say that a Markov chain with transition density ¢ is reversible if for all states
x and y,
m(y)p(z,y) = 7(y)p(y, z).

These are also called the balance equations.

Generall, recall that a stochastic process is a Markov chain if
P(Xii1 € Al X, Xy, .o, Xy) = P(X € A[X)
for all measurable sets A. This is very general, but not so helpful in practice.

One way to describe how a particular Markov chain operates is through an update function, which says that
X1 = ¢(X,, R,), where R, is a source of randomness.

For today’s topic, it helps to have a different way of describing Markov chains, the transition density. This
generalizes the notion of transition probabilities to Markov chains with continuous state spaces.

Definition 128
A Markov chain { X, } has transition density p(z, y) if for all states 2 and measureable sets A,

P(Xip €AIXy =2) = / p(z,y) dy.
yeA
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Still another way to think about Markov chains is that they let probability flow around the individual states.
At each step of the chain, all the probability currently stored at state y leaves it.

The flow into state y at a step can be written in terms of the transition probabilities and the density r(x)
which is the current density of probability at state x.

flow into y = / r(x)p(x,y) dz.
e

The balance equations state that probabilities are in balance if the flow of probability into a state equals the
flow of probability out of a state.

Definition 129
The balance equations for transition density ¢ and stationary density 7 are

(y € Q)(n(y) = / (@), y) do

zEQ

Fact 103
A Markov chain where the detailed balance equations are satisfied has stationary distribution
given by density 7.

Proof. Let A be a measurable set. Suppose X, has density p. Then

P(X;, € A) = E[I(X;,, € A)]
= E[E[I(X,,1 € A)|X,]

EN(Xyi1 € AIX, = aln(z) do

P(X,;, € AlX, = 2)n(z) do

/ / m(x)p(x,y) dy dx
zeQ Jye A

/ / m(x)p(z,y) dz dy by Tonelli
yeA Jre

— / m(y) dy by detailed balance

L
L.

thereby showing the r is stationary. O

Often the first three equations are omitted. They are included here to emphasize that the next statement is
a direct consequence of the Fundamental Theorem of Probability.

A stronger notion than this is the idea of reversibility or detailed balance. The balance equations state that
the flow of probability out of a state matches the flow of probability into the state. The detailed balance
equations say that the flow of probability from state x to y is exactly matched by the flow of probability
from state y to x.
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Definition 130
Say that a Markov chain with transition density g satisfies the detailed balance equations with
respect to density 7 if for all states  and y

m(z)p(z,y) = 7(y)p(y, T).

Flow from z to y equalling flow from y to x is a stronger statement than

Fact 104

If a Markov chain satisfies the detailed balance equations, then they also satisfy the balance
equations.

Proof. Suppose the detailed balance equations are satisfied. Let y be any state of the chain. Then

/IeQ m(z)p(z,y) do = / 7(y)p(y, z) dz

e

=m(y)P(Xy 1 € QX = 2)
=(y),

and so the chain does satisfy the balance equations as well. O

43.1 Building a reversible chain for a specific distribution
Because there are many fewer equations, it is often easier to make a chain satisfy detailed balance rather

than the overall balance equations.

Consider the following example. Suppose that the goal is to make a chain on three states with stationary
density

m(a) = 0.5, w(b) = 0.3, w(c) = 0.2.
To be reversible, m(a)p(a, b) = 7(b)p(b, a). Hence

Similarly,
pla,c) _m(e) 2
p(c,a)  wa) 5
and
plb,c) _mle) _ 2
ple,b) — w(b) 3
A first try might make

p(a,b) =3/5,p(b,a) = 1,p(a,c) =2/5,p(c,a) = 1,p(b,c) =2/3,p(c,b) =1

Unfortunately, these are not probabilities since (for instance) p(b, a)+p(b, ¢) = 5/3 > 1. However, dividing
all the probabilities by 2, and filling in the holding probabilities does the job.
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‘p(a,b) =3/10,p(b,a) = 1/2,p(a,c) = 1/5,p(c,a) = 1/2,p(b,c) = 1/3,p(e,b) = 1/2,p(a,a) = 1/2,p(b,b) = 1/6,p(c,

Notice that the holding probabilities do not affect reversibility, so this satisfies the target distribution!

43.1.1 Alternate chains

There was of course many different ways to get this stationary distribution. If the first try is divided by 3
instead of two, the transition density obtained is

pla,b) =1/5,p(b,a) =1/3,p(a,c) =2/15,p(c,a) = 1/3,p(b,c) = 2/9,p(c,b) = 1/3,p(a,a) = 2/3,p(b,b) = 4/9,p(c,

Using any constant at least 2 gives a different stationary distribution reversible with respect to the same
density!

43.2__Svmmetric Markov chains
Fact 105
Suppose p(z,y) = p(y,x). Then the uniform distribution is stationary if the measure of € is
finite.

Proof. Let 7 be the uniform distribution. Then for all  and y in the state space, 7(z) = 7(y), and
m(x)p(x,y) = w(y)p(y, z), so 7 is reversible, and hence stationary. O

43.2.1 Uniform permutations

«+ Consider the Markov chain on permutations where two elements of the permutation are chosen uni-
formly at random and swapped (transposed).

« So if permutation is 43215 and elements 2 and 4 are swapped, new permutation is 41235.
« Consider two permutations x and y of {1, 2, ..., n} connected by a transposition.
« Then p(z,y) = p(y,x) = 1/n>.
+ Hence the uniform distribution is stationary.
« Any sorting algorithm shows this chain is irreducible, so it is also the unique stationary distribution.
« Aperiodic since if you pick the same element twice to swap, you hold position.
« So also the limiting distribution.
43.3 Why “reversibility”?
« Consider two Markov chains on {1, 2, 3,4}.

« Chain 1: p(1,2) =1, p(2,3) =1, p(3,4) =1, p(4,1) = 1.
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. Chain 2 p(1,2) = p(2,1) = 1/2, p(2,3) = p(3,2) = 1/2, p(3,4) = p(4,3) = 1/2, p(4,1) =
p(1,4) =1/2.

o Arunofchain1:1,2,3,4,1,2,3,4,1,2,3,4,....

« If you reverse it, you immediately can tell its been reversed: 4,3,2,1,4,3,2,1, ...

o Arun of chain 2: 1,4,3,4,3,4,1,2,3,4,3,4,2, ....

« Looks the same run forward or backwards!

Fact 106
Suppose a Markov chain is reversible with respect to 7 and X, ~ 7. Then

[P(XO =2y, Xy =q,..., X, = T,) = UD<X0 =Ty, X = Byqy e, Xy = xo)-

That is, the distribution of (X, X;,...,X,) given X, ~ 7 has the same distribution of
(X4, X9y, Xp) given X, ~ .

Proof idea For simplicity, suppose that the state space is discrete. Then

P(Xy =29, X1 =29y, Xy = 24)

= 7(xo)p(Tg, 21)P(21, 3) = P(Ty_1, T4)
P(x1,@0)p(@1, To) -+ P(Ty_y, Ty)
)P(Tg,T3) (T, 2y)

I

A
8

£

I
3
—
8

[\v]
S—
3
8
=
8
o
S—
3
—
8
v
8
=

= 7m(zy)p(xy, T4q) (T, T0)
IP(X() = (Et,Xl = xt717 ’Xt — xo).

With many more integral signs, this idea can be extended to continuous state spaces.

43.4 Methodical approaches

There are more methodical ways to construct reversible Markov chains whose stationary distribution
matches a target. In the next chapter the most commonly used of these methods, Metropolis-Hastings, will
be discussed.

Problems

355. What is the stationary distribution of a Markov chain whose transition matrix is symmetric?
356. What is the stationary distribution of a Markov chain if it is reversible with respect to 7?

357. Suppose a Markov chain has two states a and b, and that p(a,b) = 0.6 while p(b,a) = 0.4. Show
that this chain is reversible with respect to the probability vector (0.4,0.6).

358. Suppose a Markov chain has two states a and b, and that p(a,b) = 0.3 while p(b,a) = 0.6. Find a
distribution 7 that the chain is reversible with respect to.

359. Create a Markov chain whose limiting distribution is uniform over {a, b, ¢, d, e}.
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360. Create a Markov chain over {a, b, ¢} with uniform limiting distribution where p(a,b) = 0.3 and
plc,a) =0.



Chapter 44

Metropolis-Hastings

Question of the Day

Using simple symmetric random walk on the integers with a partially reflecting boundary at o, construct a
Markov chain whose stationary distribution has unnormalized density w where

Summary

« The Metropolis-Hastings method takes an existing random walk over a space, and uses it to build
a Markov chain whose stationary distribution is an arbitrary distribution over the space.

« A user must be somewhat careful, as even if the original random walk was connected, the new chain
might not be.

« If it is connected and the distribution is anything other than uniform, the chain will automatically
also be aperiodic.

44.1 Normalizing constants
The target density in the Question of the Day is

fori € {1,2,...}. This is an example of an unnormalized density since the terms do not add up to 1.

Call Z = Z;’il w(j) the normalizing constant of the distribution. It turns out (as in this example) finding
Z exactly can be difficult.

In fact, the calculation of Z for high dimensional problems often falls into the category of # P-complete
problems.

333
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44.2  Reversibility and normalizing constants

The value of the reversibility property of Markov chains is that it can be described entirely in terms of w.
There is no need to know Z to build a reversible chain.

If the target density is w(x) = w(x)/Z, then reversibility for a Markov chain with transitions p(z,y)
requires that

m(@)p(z,y) = 7(y)p(y, =)
for all states « and y. This condition will be true if and only if

w(z)p(z,y) = w(y)p(y, z),

so there is no need to know Z to verify reversibility.

44.3 The Metropolis-Hastings approach

This idea goes back to a 1953 paper with 5 authors: Metropolis, Rosenbluth, Rosenbluth, Teller, and Teller.
(The two Rosenbluths and two Tellers were husband-wife pairs.) So occasionally you see this method re-
ferred to as MR2T?.

Nicholas Metropolis was both the project leader and first in alphabetical order, so his name was first on
paper. From a historical perspective it is unclear whether he actually helped develop the algorithm.

What is known is that he coined the term for this type of algorithm: Monte Carlo methods.

Since the original authors were physicists, they stuck to a special type of distribution called a Boltzmann
distributions. Originally the proposal densities where all symmetric, so q(z,y) = ¢q(y, x) for all z and y.

Later, a statistician named Hastings found that the method could be extended to allow choices of g that
were not symmetric.

For this reason, today the method is usually called the Metropolis-Hastings method or MH chain.

44.4 The two steps of an MH chain

1. Propose moving from X, = x to y using transitions given by ¢(, -).

in { w(y)q(y, z) 1}

w(z)q(z,y)’
accept the move and set X, ; = y. Otherwise, retain X, | = .

2. With probability

44.5 Using Metropolis-Hastings on the Question of the Day

In the Question of the Day, the original chain is a simple symmetric random walk on the integers with a
partially reflecting boundary at o. This can be represented using the update function:

d(i,u) =1+ 0(u>1/2) —lu < 1/2,i > 0).

Another way to represent it is through the transition probabilities.

q(0,0) =1/2,¥i > 0,q(i,i + 1) = q(i + 1,4) = 1/2.
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In words, there is a fifty-fifty chance of adding or subtracting 1 to the current state, but if that move would
make the chain go negative, stay at the current position.

The goal is to build a chain with stationary distribution with unnormalized density p(i) = 1/4% for {i €{1, 2,

3, .-} |-

The Metropolis Hastings protocol constructs such a chain from the original random walk as follows.
Given current state i:

1) Choose m uniformly from {—1,1}.

2) If m = 1 propose moving the state to ¢ + 1.

a) Accept this move with probability

/G+1)7°* o
]_/T =1 /(Z + 1) .
b) Else reject and stay at the current position.
3) If m = —1, then if i > 1 move to state i — 1, else stay where you are.

44.6  Recurrence and transience

An interesting fact about the Question of the Day example is that the original simply symmetric ran-
dom walk with partially reflecting boundary does not have a stationary distribution at all! However, the
Metropolis-Hastings chain does.

The point is that Metropolis-Hastings can be used on any proposal chain, regardless of whether that chain
has a stationary distribution. However, for the limiting distribution of the new chain to equal the target
stationary distribution, it must be the case that the original chain was connected.

44.7 The main result

The main result is that Metropolis-Hastings constructs a reversible Markov chain with a stationary distri-
bution equal to the

Fact 107
Suppose g(z,y) > 0 = ¢(y,x) > 0 for all states « and y. Then the Metropolis-Hastings chain
constructed from this chain is reversible with respect to (i) = w(i)/Z.

Proof. Let x and y be any two states in Q with w(z), w(y), ¢(x, y) and ¢(y, x) all positive. Without loss of
generality w(z)q(z,y) < w(y)q(y, ). Then

plany) = o) min { SELED 1L g(a,g)

and

p(y,x) = q(y, x) min{’l:l)}(x)q(x’y)7 1} _ W
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Hence
w(y) w(z)g(z,y)  wlz)

m(yply, x) = — ) - Z q(z,y) = 7(2)p(z,y).

44.8 Continuous Time Markov chains and reversibility

Metropolis-Hastings needs the weird min{-, 1} formulation to make sure that the probabilities created lie
in [0, 1]. With continuous time Markov chains, this is not necessary, rates can be any positive value.

The basic idea of reversibility is that the flow of the measure from state x to state y should equal the flow
from y to x. In discrete time, this requires that

m(z)p(z,y) = 7(y)p(y, ).

In continuous time, this is

m(2)A(z,y) = T(Y) Ay, ).

Definition 131
A probability distribution 7 on a discrete state space €2 satisfies the detailed balance equations
(also called reversibility for a continuous time Markov chain if for all a, b € :

7(B)A(b, a) = m(a)A(a, b).

To get a distribution

just make A(a,b) = 1/w(a) and A(b, a) = 1/w(b) to ensure that this happens.

44.9 Continuous state spaces

Reversibility (and Metropolis-Hastings) also work with continuous state spaces. Recall X has density f if
P(X € dx) = f(z) dz.

Definition 132
A probability distribution 7 on a continuous state space €2 satisfies the detailed balance equa-
tions (also called reversibility for a discrete time Markov chain if for all a, b € €:

m(dy)P(X,, €dz, X, =y) = n(dx)P(X,,; € dy, X, = z).

When the probabilities are given in terms of densities, then both sides have a dx dy factor that cancels out.
Problems
361.

Suppose a chain has p(a, b) = p(b, a) = 0.4. The goal is to create a chain with stationary measure w(a) = 4
and w(b) = 5 using Metropolis-Hastings.

a) What is the chance of accepting a move from a to b?
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b) What is the chance of accepting a move from b to a?
362.

Suppose a chain has p(a,b) = p(b,a) = 0.8. The goal is to create a chain with stationary measure w(a) =
10 and w(b) = 4 using Metropolis-Hastings.

a) What is the chance of accepting a move from a to b?
b) What is the chance of accepting a move from b to a?
363.

Suppose a chain has p(a,b) = 0.6 and p(b,a) = 0.5. The goal is to create a chain with w(a) = 4 and
w(b) = 5 using Metropolis-Hastings.

a) What is the chance of accepting a move from a to b?
b) What is the chance of accepting a move from b to a?
364.

Suppose a chain has p(i, j) = 0.3 and p(j,7) = 0.5. The goal is to create a chain with stationary measure
w(i) = 2.3 and w(j) = 1.7 using Metropolis-Hastings.

a) What is the chance of accepting a move from ¢ to 5?

b) What is the chance of accepting a move from j to i?
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Chapter 45

Birth Death Chains

Question of the Day

Are there chains over {0, 1,2, ...} for which if 7 is a stationary distribution, then the chain is reversible
with respect to 7?

Summary

« A Markov chain is a birth death chain if the state only changes by at most value 1 at each step.
« If 7 is stationary for a birth death chain, then the chain is reversible.

« For a continuous time birth death chain, let A; be the rate of movement from 7 to ¢ + 1, and y; be the
rate of movement from ¢ to ¢ — 1. Then the chain has a stationary distribution if and only if

=N Y _

o1 M1 M

If a Markov chain is reversible with respect to 7, then 7 is a stationary distribution of the chain. But the
reverse is not always true. That is to say, reversibility implies stationarity, but not the other way around.

Still, there is a class of chain called a birth death chain where reversibility and stationarity are the same
thing!

Definition 133
A Markov chain on {0, 1,2, ...} is a birth death chain if the change in the state after one time
step or jump is at most 1.

As before, let p(z,y) = P(X,,; = y|X, = ) for discrete time Markov chains. Then the birth death
requirement is that

(p(z,y) >0) = |z —y| < 1.

339
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Similarly, for r(z, y) the rate of transition from x to y for continuous time Markov chains, the birth death
requirement is that
(r(z,y) > 0) = |z —y| < 1.

Fact 108
For birth death chains, if 7 is stationary, then the chain is reversible with respect to 7.

Proof. Assume 7 is stationary. For a continuous time Markov chain, the balance equations are

w(0)r(0,1) = w(1)r(1,0)
m(1)[r(1,0) + r(1,2)] = m(0)r(0,1) + 7(2)r(2,1)
m(2)[r(2,1) +r(2,3)] = m(1)r(1,2) + 7(3)r(3,2)

O

The first balance equation is just the first detailed balance equation between o and 1. To get the remaining
detailed balance equations between states ¢ and ¢ + 1, just add the first ¢ + 1 equations. For j < ¢, there will
be am(j)r(j,7+ 1) and 7(j + 1)r(j + 1, j) on both the left and the right hand sides. The only terms that
do not cancel will be

r()r(i,i+1) =r@ + 1)r(3,2),

giving reversibility.

From a graph perspective, the balance equations enforce the rule that for any given cut, probability flow
from one side of the cut to the other is balanced by probability flow from the other to the original side. In
detailed balance (reversibility), flow from an edge from ¢ to ¢ + 1 must be balanced by flow from the edge

from i + 1 to ¢. But this is exactly the same as balance using the cut {0,1,...,4}) to {i + 1,7+ 2, ...}. So
really reversibility is guaranteed by the topology of the transition graph.

45.1 Births and deaths

One way to view these chains is as a population that changes from i to ¢ + 1 (called a birth) or from i + 1
down to ¢ (called a death). So (i, + 1) is the birth rate at state ¢ and r(i + 1,1) is the death rate at state
1 + 1. So simplify the notation, often

)\i = T(Z,Z+ 1)7 My = T(iai - 1)
Note the Greek letter lambda starts with the Roman letter ell, which also starts life, and the Greek letter mu
starts with the Roman letter em, which stands for the Latin mortis meaning death. (This is where English
words such as mortal and mortuary come from.)
45.2  The Poisson process
Recall that if P is a Poisson point process of rate A over [0, c0), then
Ny =#(P00,1])

is a Poisson process of rate A\. This Poisson process can only ever increase by 1 as time advances, so it is a
birth death chain where the rate of births is A and the rate of deaths is 0.

Because the state of this chain never stops increasing, there is no stationary distribution.
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45.3 Exponential growth chain

A simple model of population growth in organisms that reproduce via cloning (such as infected individuals
in a pandemic) is the *exponential growth birth death process. In this process, for all i,

i = Aiy g = i
for constants A and p.

When A > p there is no stationary distribution, but when p > A, the greater rate of deaths forces the chain
to converge to 0 with probability 1.

45.4 Stationary distributons of birth death processes

More generally, a birth death process will have a stationary distribution if and only if there is a point where
the rate of deaths is greater than the rate of births in a particular way.

Fact 109
A birth death process has a stationary distribution if and only if

NS VO VR ¥
=1 MiMo M

< 0.

Proof. Earlier, the equivalence of the balance and detailed balance equations was shown. Reversibility using
the birth notation is

(Vi) (m(i)A; = 7(i + D ptip),

or equivalently,

(V) <7r(i-|— 1) = 7(i) al ) .

Hit1

A simple induction uses these equations to show that for all 7 > 1,

Aoy o s
(i) = W(())M.
Haflo = Hipq
This means that Zzo 7(i) equals
O Ay e\
7(0) 0L T oo,

i=1 Kl = iy

and so the distribution can be normalized as a probability distribution if and only if the sum is finite. [

45.5 The M /M /1 queue

A model of a queue called M /M /1 in queueing theory, is a birth death chain that operates as follows
« There are constants A and p such that \; = A and p; = pforalli > 0.

« The constant A is called the arrival rate, and measures the rate at which new customers arrive to the
queue. The constant p is called the service rate, and measures the rate at which customers are served
and leave the queue.
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With this setup, a natural question to ask is what is the stationary distribution for this model? Since the

birth and death rates are all the same, ‘
K2

Ao A (é)
Hop oo Hig w)

If A < u, the sum of the above quantity is a geometric series that converges to yield
AN (A
(i) = (1 _ f) (7) .
w) \p

45.6  The Yule process

The Yule process (named after the British statistician Udny Yule) came about from a process that grows faster
than exponentially because of preferential attachment. Consider an Empire who population is naturally
growing exponentially fast, but as it grows it makes it more likely that people outside the Empire will wish
to join, resulting in faster than exponential growth.

Specifically, the model has a constant A, and for all ¢ > 1,

A, = N2 p; = 0.

?

Recall that an exponential of rate \i> has a mean of 1/[\i?], and so the average time to go from 1 to 2 is
1/, from 2 to 3is 1/(4\), from 3 to 4 is 1/(9X), and so on.

Then the time needed to get to infinity is

LS R S
12X 22\ 32) 24N

That is to say, the population (on average) becomes larger than any finite number after only 1.65/\ time!

When the state moves past any finite number in finite time, the model is said to have a population explosion!
Naturally, such models typically ignore effects (such as resource limiting) that come into play as a population
expands.

Problems

365. Consider an M /M /1 queue with A = 2 and p = 3. What is the stationary distribution for the chain?
366. Consider an M /M /1 queue with A = 5 and x = 8. What is the stationary distribution for the chain?
367. Prove that

o~ 1
Zﬁ<0®

i=1

368. Prove thatif y; = 0 for all i and \; = 2i'-5, that the population explodes.



Problem Solutions

Chapter 1

1. Fill in the blank: In a , the distribution of X, given X, ..., X,,_; only depends on the value
of X,, ;.

Solution. Thisis a

3. An alternate name for a martingale is what?

Solution. A martingale is also called a

5. Fill in the blank: A variable with partial information is a variable.

Solution. This would be a variable.

7. Suppose B; and B, are independent Bernoulli random variable with parameter 0.6. This means that
P(B; =1) = 0.6 and P(B; = 0) = 0.4 for i either 1 or 2. Whatis P(B; = B, = 1)?

Solution. Because they are independent:
P(B,=By,=1)=P(B; =1)P(By,=1) = (0.6)(0.6) ={0.3600 |.

9. Suppose you think that a company stock will go 10% with probability 70%, and will decline 5% with
probability 30%. Is the change in the value of the stock a random variable?

Solution. , because you only have partial information about the result.

Chapter 2

11. What is an indexed collection of random variables called?

Solution. This is a | stochastic process |

343
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12. IfE(X) = 3.2, what is E[2X + 3]?

Solution. Using linearity of expectation, this is

E[2X + 3] = 2E[X] 4+ 3 = 2(3.2) + 3 ={9.400 |

14. Suppose
E(X|W=0)=4.2
E(X|W=1)=32
P(W=0)=0.6
P(W=1)=04
Find E(X).

Solution. This can be done with an expectation tree:

EX)=EX|W=0PW=0)+EX|W=1P(W=1)
= (4.2)(0.6) 4 (3.2)(0.4)
= [3.800]
16.
Let

S=B,++B,
where the B, are iid Bern(0.3). (This means P(B; = 1) = 0.3, P(B;, = 0) = 0.7.

a. Find E(B;).
b. Find E(S).

c. Find E(S|B;).

Solution.  a. Thisis (0.3)(1) + (0.7)(0) =|0.3000 |.

b. Adding this together n times gives

c. This would be
E[S | By] =E[B; ++ B, | B]
=E[By | By] + E[By | By] + -+ E[B, | By]
= By + E[By] + -+ E[B,]
=B, +03(n—1)]
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18.

In a corner bet in Roulette, a player is allowed to bet $1 on four numbers simulataneously. If any of these four
numbers come up, the player wins $8 and their original bet is returned, otherwise they lose their original
bet.

(a) Suppose aplayer is playing American Roulette with 38 slots on the wheel where the chance of winning
a corner bet is 4/38. They start with $1 and play until their money is gone. If T is the number of
plays this takes, and E[T] exists, find E[T].

(b) Repeat part (a) where the player is on a European Roulette table where the chance of winning a corner
bet is 4/37.

Solution. Let D; = 8 if the player wins their bet, and D; = —1 if the player loses their bet. Then the
Fundamental Theorem of Probability (an expectation tree) gives:

E[T] = E[E[T|D,]]
= E[T|D, = 8|P(D, = 8) + E[T|D, = —1]P(D, = —1).

If D; = —1 the player loses immediately, making 7' = 1. If D; = 8, then for the player to lose all their
money, they must lose 8 + 1 = 9 individual dollars, one after the other. Including the first spin gives

E[T|D, = 8 = 1+ E[T} + -+ Ty] = 1 + 9E[T].

So
E[T] = P(D, =—-1)+ P(D; = 8)(1 + 9E[T)),

and since the two probabilities add to 1,
E[T)=1/(1 —9P(D; =3)).
(a) Plugging in P(D; = 8) = 4/38 gives E[T] = .

(b) Plugging in P(D; = 8) = 4/37 gives E[T] =[37]

Chapter 3
19.
State whether each logical statement is true or false.
a B<HA(T=T).
b. 3<4) A (7T=238).
c. B<4)Vv(T=T).
d 3<4)Vv(7T=238).

. since both statements are true.

o

=2

. since not all statements are false.
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c. since at least one statement is true.

d. since at least one statement is true.
21.
Evaluate

a. 3>4)A(7T>5).

b. —(3 > 4) A —(7 > 5).

a. Here

B>4)AN(T>5)=FAT

~[f]

b. Here

~(3>4)A=(T>5)=—-FA-T
=TAF

23.
State whether each logical statement is true or false.
a. (Vz € [3,4])(x < 5)
b. (3x € [3,4])(z < 5)
c. (Vz€]3,4])(z < 3.5)

d. (3z € [3,4])(x < 3.5)

Solution. a. since every number in the closed interval from 3 up to 4 inclusive is less than 5.
b. since the number 3 in the closed interval from 3 up to 4 inclusive is less than 5.
c. since the number 4 is in the closed interval from 3 up to 4 but is not less than 3.5.
d. since the number 3 is in the closed interval from 3 up to 4 and is less than 3.5.
25.
State whether each statement about sets is true or false.
a. 3€{1,2,3,4}.

b. 5€{1,2,3,4}
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c. {1,2} C{1,2,3,4}.

d. {1,5} C {1,2,3,4}.

Solution.  a.
b.
.
d.

27. Ifl(p) = 0(q) = 1, whatis l(p A q)?

Solution. From the rule,

I(p A q) = 1(p)I(q) = (1)(1) =[1]

Chapter 4
29.
Suppose that W takes on valuesin 1,2, 3, ..., and
P(W =) = (3/4)(1/4)"
fori e {1,2,...}.
a. What is P(W = 2)?

b. What is P(W # 2)?

Solution. a. Using the formula given, this is
P(W = 2) = (3/4)(1/4)% = 3/64 =|0.04688 |.
b. Using negation, this is

P(W#2)=1-P(W =2)=1-3/64=0.9531].

31. Suppose Q = {1,2,3,4,5} and {1, 2} are sets in a o-algebra F. Give three other sets that must also
bein F.

All o-algebras over {2 contain both the empty set and Q itself, so that’s two more sets. Finally, o-algebras
are closed under complements. So three sets also in F are

[{{3.4,5}.0,{1,2,3,4,5}} |

33.

Suppose f(x) = 3.
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a. Whatis f1([0,4])?

b. What is f~1([—1,4])?
Solution.  a. This would be|[0,4/3]|
b. This would be | [—1/3,4/3] |

35. Consider the following four intervals.

Al = [_17 1]7 A2 = [074]7 A3 = [_37_2]7 A4 = [_474]
Which pairs of these four sets are disjoint?

Solution. The set A, intersects everything, so cannot be part of a disjoint pair. A, intersects A;. That

leaves
{41, 45}, {4, 45} |

Chapter 5

37. Let X be a random variable such that
P(X=1)=02P(X=15)=0.2, P(X =2)=0.6.

Find E[X].

Solution. Since X is simple, this is

E[X] = (0.2)(1) + (0.2)(1.5) + (0.6)(2) =[ 1.700 .

39. If X is a finite random variable, show that X? is also a finite random variable.

Solution. X finite means that there exists {x, ..., x,,} such that P(X € {z{,...,z,}) = 1. So
P(X2eUr, 22) =1

Hence X?2 is also finite.

41.
Let U ~ Unif([0, 1]) so U is a continuous random variable such that forall 0 < a < b < 1,
P(U € [a,b]) =b—a.

Let
W=0-(U<1/3)403-0(1/3<U <2/3)+0.6-1(U > 2/3).
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a. Is W a finite random variable?
b. Does W < U hold with probability 1?
c. What is E[W]?

d. Give a lower bound for E[U] utilizing W.

Solution.  a. , since P(W € {0,0.3,0.6}) = 1.

b. [Yes.| Since U > 0, W =0 < U. f W = 0.3 then U > 1/3 > 0.3 = W. Finally, if W = 0.6 then
U>2/3>06=W.Soinall cases, W < U.

c. Since W is finite, this is

E[W]=0-P(U < 1/3) + 0.3P(U € [1/3,2/3]) + 0.6P(2/3 < U < 1)
= (0.3)(2/3 —1/3) + 0.6(1 — 2/3)

=[0.3000]

d. Since W < U, E[W] is also a lower bound on E[U]. Hence | 0.3000 |is a lower bound on E[U].
43. Provethat E[I(X € A)] = P(X € A) for any A where P(X € A) is defined.

Solution. If P(X € A) is defined, then [(X € A) € {0,1}, and so is a simple random variable. Therefore,
E(XeA)]=0-P(X¢A)+1-P(XcA)=PXeA

as desired. [J

45. Let X ~ Exp(1) be a standard exponential random variable, so

b
P(X € [a,b)) :/ exp(—x) dz

forall0 <a <.
Suppose the random variable Y is defined as

Y =0-0(X<1)+1-0(1<X<2)+2-1(X>2).
Use Y to give a lower bound on E[X].

Solution. Since Y < X, E[Y] < E[X]. And Y is simple, so

E[Y]=0-P(X <1)+P(1 <X <2)+2P(X >2).
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The probabilities can be found using integrals:
2
P1<X<2) = / exp(—z) dz = exp(—1) — exp(—2),
1

P(X>2)= / exp(—x) dz = exp(—2),

2

sO
E[Y] = exp(—2) + exp(—1) ~|0.5032 |.

47. Some notation: for real numbers x and y,

x Vy = max(z,y).
Suppose that E[X V 0] = 7 and E[—X V 0] = 12. What is E[X]?
Solution. Since both the positive part of X and the negative part are finite, the mean of X is the positive
part minus the negative part, or 7 — 12 = .
49-

The supremum of a set of real numbers is the smallest number that is still an upper bound for the set. So for
instance, the intervals (1,2) and [1, 2] both have supremum 2, since that is the smallest number that is an
upper bound for all elements of the set. By convention, if the set has no upper bound the supremum is oo,
and a set that is empty has supremum —oo.

With that in mind, find the supremum of each of the following sets. You do not have to justify your answer.
a {z:3<x<10}.
b. {1,2,3,...}.
c. 0

Solution. The answers are

a. . This is since 10 is an upper bound because x < 10 is part of the set, and there is no smaller
upper bound.

b. [o0 ] Here the numbers in the set do not have an upper bound.

c. [—o0 ] Every number is an upper bound for the empty set, and so the supremum is infinitely small.

Chapter 6
51. Suppose 7 is a o-algebra for sets and for all i € {1,2,3,4, ...},

m(i) = (1/3)".

What is m({1,2,3,...})?
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Solution. Since {1}, {2}, ... are disjoint sets,
m({1,2,3,...})

m({1}) + m({2}) + -
1/3
1—1/3

1/2 — (05000

53.
Suppose 11([1,2)) =1, p([2,3)) = 2, and p([3, 4]) = 3.

a. What is 1[11,2) 1dp?
b. Whatis [ I(z € [1,2)) du(z)?
Solution.  a. This is just the u measure of [1, 2), which is .
b. This is also just the 1 measure of set inside the indicator, which is p([1,2)) = .

55. Suppose f(z) < g(x) for all = and are measurable functions with respect to u. If

[ @) duta) = 0.7

what can be said about

[ ot@) dutoy?

Solution. Because g(x) dominates f(x), its integral has to be larger. That is

/ g(x) du(x) > 0.47 |

That’s all that can be said with this information.

57. Suppose

—
-

—~
E

&

5
—
®

IAIA A

S e s

EE

ok
—~
&

are all measurable with respect to p. Moreover,

[ £ dut) = 12, [ () dute) =83, [ () duta) = 1.7

What can be said about

[ 9@ dutay?

351
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Solution. Because g(x) dominates f, (), f5(), f3(x), its integral has to be larger than each of the three
integrals. That is

/g(x) dp(x) > 8.3 |

That’s all that can be said with this information.

59. Suppose that random variable W has density
fw(w) = (1/2)U(w € [2,4]).

which respect to Lebesgue measure m.

What is P(W > 3)?

Solution. Setting up the integral, this is

P(W >3) = / (2/4)(w € [2,4]) dm(w).

we([3,00)
Note that the only time I(w € [2,4]) > 0 when w > 3 is when w € [3, 4]. So this integral becomes
PW >3) = (1/2)/ 1 dm(w)
we(3,4]
= (1/2)m([3,4])
=10.5000 |

61. Continuing with X from the last problem, what is E[X?]?

Solution. From the fact above, the square that is applied to the random variable X inside the mean is
applied to the variable of integration inside the integral. So

E[X?] = /522 exp(—2s)l(s > 0) ds
:/ 25% exp(—2s) ds
s>0

— [0:5000

Chapter 7

63. For X a Zipf Law random variable, show that E[X?] is only finite when o > 4.

Solution. Here

which only converges when the exponent of 7 in the denominator is greater than 1. Soa—3 > 1, so .
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65. Suppose X;, Xy, ... = Y with probability 1. What can you say about the convergence in probability
of the X, to Y?

Solution. Since convergence with probability 1 implies convergence in probability, it holds that X, con-
verges to Y in probability.

67. Give an example of a strictly increasing sequence of random variables X that converge to X with
probability 1.

Solution. Just set X; = X — 1/i. Then the X are strictly increasing, and converge to X with probability
1.

69. Lett > 0. Given that exp(tz) is a convex function for ¢ > 0, if E[exp(¢X)] < oo, what can you say
about this value and E[X]?

Solution. By Jensen’s inequality, the convex function can be pulled out of the expectation at the cost of
making the value smaller. Hence the result is

exp(tE[X]) < Elexp(tX)].

Chapter 8
71. Suppose that X, X, ... are independent and P(X, € A;) = 1/i. What is

P(X, €A, X, €Ay, Xq€ A3)?
Solution. Because the X, are independent,

3
P(X, € A, X, € Ay, Xy € Ag) = [[P(X, € 4) = (1/1)(1/2)(1/3) =] 0.1666 ... |
i=1
73. Suppose By, B,, ... are independent and B; ~ Bern((1/3)%). What is

?

E [i B,
=1

Solution. Because Bernoulli random variables are nonnegative, the partial sums
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are increasing, so by the monotone convergence theorem

F [nlggo Sn} lim E[S,]

n—0o0

n—oo

oo

> /3y

=1
. 1/3
1-1/3

75-

Suppose U is a standard uniform over [0, 1].

a. Find E[1//T).

b. Find
E { lim _2$0U) } .
n—=oo 1 4+ n2/U
Solution.  a. Using the law of the unconscious statistician,

CHAPTER 45. BIRTH DEATH CHAINS

lim E[B,]+ E[By] + - + E[B,,]
Tim (1/3) + (1/9) + - + (1/3)"

E[1/VU] = /(1/ﬁ)u(u € [0,1]) du

1
:/ w2 duy
0

=u'?/(1/2)|5

_[3]

b. Note that for U € [0,1] and n > 1, sin(U) < 1, so

nsin(U) n 1

1

T+ 2V = T T S VT

The right hand side is integrable (in part a you found it was 2), so the Dominated Convergence Theo-

rem says that

n—0o0

[E[lim nsin(U)/(1 +n*VU| = lim E
n—oo

<

lim E

n—oo

<

lim E

n—oo

g, 2

_[0]

" nsin(U) }
:1 +n2VU

:1+:2\7U}
1
]
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77. Let T be a nonnegative random variable. The notation A can also be used for minimum, so t AT =
min(t,T'). Note that ¢ A T is an increasing sequence in ¢. When P(T" < co) = 1, it holds that

limtANT =T

t—o0

since eventually ¢ will be larger than the finite value of 7" with probability 1.
For T such that P(T" < oo) = 1, what can be said about

lim E[t AT)?
t—o0

Solution. Since t AT is increasing in T, the MCT says that

lim E[¢ A T] = E[ lim £ A T] = E[T].
—00

t—o0

Chapter 9
79-
Consider the sequence 0,1,0,1,0,1, ....
a. What is the limit inferior of the sequence?

b. What is the limit superior of the sequence?

Solution.  a. If you skip the first n entries in the sequence, the smallest value is o and there will always
be another o. So

liminf{0,1,0,1,...} =[0]
b. If you skip the first n entries in the sequence, the largest value is 1 and there will always be another

1. So
limsup{0,1,0,1,...} = .

81.
Suppose that X ~ Geo(1/2).

a. Form € {1,2,...}, find
P(X Am=m)?

b. What is lim E[X Am]?

™m— 00

Solution. a. X A m rounds down to m if X is larger than m. So
P(X Am=m)=P(X >m)=|(1/2)"|

b. From our last theorem, this is E[X] = .
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83.  Suppose that you are given random variables R, R,, ... such that liminf R, = X where X ~
Unif([0, 4]). Give a lower bound on
liminfE(R;).

Solution. By Fatou’s Lemma,

liminf£(R;) > E(liminf R;) = E[X] = '

85. Suppose the S; are random variables where |S;| < 10 with probability 1, and limS; ~ A where
A ~ Exp(4). What can be said about lim E(S;)?

Solution. By the Bounded Convergence Theorem, the limit can be brought inside the expectation to say

limE(S;) = E(lim S;) = E(A) = 1/4 = [0.2500].

Chapter 10
87. Suppose E(X]Y) =3Y and E(W|Y) = —4Y. Whatis E(2X + 5W|Y)?

Solution. By linearity of conditional expectation, this is

2E(X|Y) + 5E(W|Y) = (2)(3Y) + (5)(—4Y) = 6Y — 20Y =[—14Y |.
89. Suppose E(W) =4, E(W|S) = 3/S, and E(S|W) = 3W. What is E(5)?

Solution. By the Fundamental Theorem of Probability,

E(S) = E(E(S|W)) = E(3W) = 3E(W) =|12].

91.
Suppose that { M} form a martingale.
a. What is E[M; | M,]?
b. What is E[Mj | Mj, M, ]?

c. What is E[Mj | M,]?

Solution. With a martingale, the mean of a future state will be the latest state that we have information
for. So

®

o
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93. Let {R,} be a martingale with R, = 10. What is E[R,5]?

Solution. This is

[E[Rm] = [E[[E[Rw | ROH = [E[Ro] = ~

Chapter 11
95. Consider random variable X in space 2 = {1, 2, 3} with

a(X) ={0,{1,2},{3},{1,2,3}}.

True or false: X is measurable with respect to

F = {®7 {1}7 {2}3 {3}7 {17 2}7 {17 3}7 {27 3}7 {17 2, 3}}?
Solution. This is true, since o(X) C F.
97. For h(x) = 22 + 1, what is h~1([0, 4])?

Solution. Since z? +1 > 0+ 1 = 1, only the h~!([1,4]) contributes. To get 22 + 1 < 4 requires 2% < 3
which happens when z € | [—V/3,V/3] |

99. Let P(A) denote the power set, the set of all subsets of the set A. Then for F; = P({1,2,...,i}), does
F; form a filtration?

Solution. , this does form a filtration. For A C B, it holds that P(4) C P(B). Therefore, for all
positive integers ¢ it holds that P({1,...,i}) C P({1,...,7 + 1}), which means &; C F, ;. That is the
definition of a filtration.

101. If A€ F,but A ¢ F,,is it possible for the F, to form a filtration?
Solution. , since any element of ', will also be an element of # ; for j > i in a filtration.
103. Say 7, is the adapted filtration for X, X, .... Is X; necessarily measurable with respect to 7 ,?

Solution. Note that
Fio=0(Xgs -, X10),

so X | is necessarily measurable ‘With respect to F ;.

Chapter 12

105. Suppose E(X|R) = R?. Also, P(R? € [0,1] = 0.3) and E(R?I(R? € [0,1]) = 0.1). What is
E(XI(R% €[0,1]))?
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Solution. By the definition of conditional, expectation,

E(XI(R? € [0,1])) = E(R?I(R? € [0,1])) = 0.1000 |
107. Suppose E[X | Y] = 4.2Y. Write E[X] in terms of the mean of Y.

Solution. Taking the expected value of E[X | Y] returns E[X]. So

E[X] = E[E[X | Y]]
= E[4.2Y

109. Suppose U ~ Unif([0,1]), and W = (U > 0.2). Find

E[U | W].
Prove that your answer is correct.

Solution. First, [U | W = 0] ~ Unif(]0,0.2) so E[U | W = 0] = 0.1.
Second, [U | W = 1] ~ Unif([0.2,1]), so E[U | W = 1] = 0.6.

These statements can be combined to say that

\ﬂU\Wﬂ:OJ+05Wﬂ

Proof. To prove this is the right answer it is necessary to know the elements of o(W). Since W is either o
or 1, these are

W ({)) =0
WL({0}) = [0,0.2)
W (1)) = [0.2,1]

W-1({0,1}) = [0, 1].

Now find the means times the indicators for U:

E[UI(U € 0)] =0

/ u du = 0.02
u€[0,0.2)

/ u du = 0.48
ue[0.2,1]

E[UNU € [0,1])] = / o ]udu =0.5

E[UI(U € [0,0.2)]

E[UNU € [0.2,1])]
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Now do the same with the proposed value of E[U | W].

E[(0.1 4+ 0.5W))(U € 0)
E[(0.1 4 0.5W)I(U € [0,0.2)
E[(0.1 + 0.5W)I(U € [0.2,1])

E[(0.1 4+ 0.5W)I(U € [0,1])

(0%( 1) =0.02
(0.8)(0.6) = 0.48
(0.2)(0.1) + (0.8)(0.6) = 0.5

]
]
]
]

They match, so the proof is complete! O

111. Let Uy, U,, Us, ... be iid uniform over [—1, 1]. Set
M;=>"U,.
=1

Prove that { M, } is a martingale with respect to the adapted filtration.

Solution. First, the M,, values will be measurable with respect to the adapted filtration.

Second,
i=1
<> 1l
i=1
<n,
so E[|M,]] <n < oco.
Third,
[E[Mn+1|~¢n]: {M +U+1|~¢]
= Mn + [E[Un+1]

=M,.
So the three properties of a martingale are satisfied!

Chapter 13
113. For a sequence a; = (—1), find

{1 €{0,1,2,3,...} : a, = 1}.

Solution. The value of (—1)° = 1 when i is an even number. Hence this is

{0,2,4,6,..} |
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115. Suppose a player is playing a fair game where they either win or lose a dollar on each (independent)
play with probability 1/2. If they start with 4 dollars, and quit when they hit o or 16 dollars, what is the
chance that the player walks away with 16 dollars?

Solution. Let M, denote the money the player has after ¢ plays of the game. Set
T = inf{t : M, € {0,16}}.

Then P(T < oo) = 1, since the chance that there are 16 wins in a row is (1/2)'6 > 0, making P(T >
16k) < [1 — (1/2)'6)* for all k. Note that (T' = oo) — (T > 16k) for all k. Therefore

P(T = < inf 1—(1/2)1%1% = 0.
( o) _ke{ll,IQI,S,.”}[ (1/2)"]

Then M, is a martingale so for all ¢,

E[M, ] = E[My)]

and
tlggo E[M, 7] = E[M,).

Since |M,, | < 16, the limit can be brought inside the mean by the DCT, and using P(T < co) = 1 gives

[E[tlggo M, ] = E[M7p] = E[M,].

Finally, My € {0, 16}, so
E[My] = 16P(Mp = 16) + OP(My = 0) =4,

yielding P(M, = 16) =[0.2500 |

117.
Consider a stochastic process where each X, € {0, 1, 2}, with outcome
X, Xy, =1,1,2,1,2,2,2,2,1,0,1,2,0,0,2, 1, ...
a. Let T} = inf{t : X, = 0}. What is T} for the outcome given above?

b. Let T, = inf{¢ : X, = 3}. What is T}, for the outcome given above?

Solution. a. Here the first time X, = O is at ¢ = 10, so here.
b. Since there are no 3’s in the sequence, .

119. Suppose My, My, M, ... = 3,5,2,5,3,4,1,3,4,—4,5,..., and T" = 3. What does the first eleven
terms of the sequence M, , look like?

Solution. This sequence is the same as M, up to ¢t = 3, then it stays at the value M; after that. So

Mt/\T = 3’57275757575,5,575,5, e |
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121. Consider two players playing a fair game where one player gives the other player $1 with probability
1/2. Each play of the game is independent of the previous games. Let M, be the amount of money owned
by the first player after ¢ steps in the game.

Then M, forms a martingale with respect to the natural filtration. Let T = inf{t : M, € {0,20}}. If
P(M, = 3) = 1, prove that P(T < c0) = 1.

Solution. Every 20 moves, there is a (1/2)2° chance that the next 20 games are won by the first player,
which would result in M, = 20 sometime during those 20 wins. The next 20 games are independent of the
first, and so on, so after 20k games (for £ a positive integer), the chance of not reaching state 20 is at most

(1—(1/2)*).
Therefore, as k — oo, P(T" > 20k) — 0, which is equivalent to saying P(T < co) = 1.

Chapter 14

123. Suppose that I play an unfair game where I have a 60% chance of winning $1 and a 40% of losing $1.
I start with $10, and quit when I reach $20 or $o. What is the probability that when I quit I have $0?
Solution. Let M, be the amount of money that I have at time ¢, and let

40
Ny = (@)

Since N, is a function of M, and M, it is measurable with respect to the natural filtration F,.

M,—M,

Next,
E|N,| < (60/40)! < oco.

and

E[N, 1 |F;] = (0.6)(40/60)M:+1=Mo 1 (0.4)(40/60)M:~1~Mo
= (0.4)(40/60)M:=Mo t (0.6)(40/60)M:=Mo
= (40/60)M:=Mo = N,

Hence NV, is a martingale. Let
T = inf{t : N, € {(40/60)~'°, (40/60)°}}.
Then N, , is also a martingale, and

lim E[N,, ;] = E[N,] = 1.

t—o0

Since winning 20 times in a row results in stopping,

P(T > 20k) < (1— (0.6)%)*,
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and taking the limit of both sides as k goes to infinity gives P(7 = oco) = 0.

Since N, € {(40/60)'°, ..., (40/60)71°} is bounded, the limit can be brought inside to give
E[Ny] =1.

That means

1 =E[Ny]
= (40/60)'°(1 — P(My = 0)) + (40/60)°P(Mp = 0)
1 — (40/60)1°
(40/60)~10 — (40/60)'0

~[00r7od]

P(My = 0) =

125. Suppose that I play an unfair game where I have a 60% chance of winning $1 and a 40% of losing $1.
I start with $10, and quit when I reach $20 or $o. What is the expected number of steps until I reach $o or
$20?

Solution. Let M, be the amount of money that I have at time ¢, and let

R, = M, — 0.2t

Since R, is a function of M,, it is measurable with respect to the natural filtration F,.

Also,
|R,| < |M;|+]—0.2t]| <104t + 0.2¢,

so E|R,| <10+ 1.2t < 0.
Next,

[E[Rt+1|Ft] = [E[Mtﬂ —0.2(t + 1)|F]
=—0.2(t+1)+ (0.6)(M, + 1) + (0.4)(M, — 1)
=—02—-02+M,+06—-04
=M, —02t=R,.

Hence R, is a martingale. Let
T = inf{t : M, € {0,20}}.

Then R, is also a martingale, and
E[R;\7] = E[Ro] = 10.

On the other hand,
E[R;\r] = E[M;\p] — 02E[t A T]

The first term is bounded and since P(T" < oo) = 1, you can bring lim, , _ inside the mean by the DCT.
You can also bring lim,_,  inside the second term using the MCT. That gives

E[M,] — 0.2E[T] = 10,
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so E[T] = (E[M;] — 10)/0.2.

From the last problem,

1— (40/60)° )

E{dMr] =20 (1 " (40/60)~10 — (40,/60)10

which gives E[T] ~ | 48.29 |.

127. Suppose M, is a process where M, = 0 and

P(M,,, = M, +1|F,) = 0.30
[P(Mt+1 = M,|7,) =0.10
P(M,,, = M, —1|7F,) = 0.60

Find a value 7 # 1 such that N, = r™: is a martingale with respect to the natural filtration generated by
M,.

Solution. Certainly N, = ¢ is measurable with respect to M, and hence the natural filtration. Also,
|M,| < t which means that | N,| < max(r’, (1/r)"). That means the NN, are bounded, and so are integrable.
The key then is

E[N,|F,] = E[rM:|F ]
= 0.3rM:t1 4+ 0.1rMe 4+ 0.6rMe 1
= rM]0.3r" + 0.1 4 0.6r7'].

Since r™: = N,, it is necessary to find 7 such that 0.3r + 0.1 + 0.6 /r = 1. This is equivalent to
0.3r2 —0.9r + 0.6 = 0.

One of the solutions is 7 = 1 because this makes NV, identically 1 and a martingale. However, this is
unhelpful when it comes to solving problems.

It does give us a way to reduce this to a linear problem by dividing by the factor (r — 1) to give

0.3r—06=0

which solves to give .

129. Suppose I play an unfair game where I have a 30% chance of winning $1, a 20% chance of losing $1,
and a 50% chance of staying at my current dollar amount. If I start with $10, and quit when I reach $20 or
$o, what is the chance that I quit when I have $0?

Solution. Note
E[rMet1|F,] = rMe[0.3r 4 0.2r 1 +0.5].

To make the right hand side 1, set r = 20/30, the ratio of the win chance to the lose chance.
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Let M, be the amount of money that I have at time ¢, and let
20
N, ==

' (30)

Since NV, is a function of M, and M,,, it is measurable with respect to the natural filtration F,.

Mt_MO

Next,
[E|Nt| < (30/20)t < 00.

and

E[N, 1 |F,] = (0.3)(20/30)M:+1=Mo 4 (0.5)(20/30)M:=Mo 4 (0.2)(20/30)M:~1~Mo
= (0.2)(20/30)M:=Mo 4 (0.5)(20/30)M:=Mo 1 (0.3)(20/30)M:=Mo
= (20/30)M:~Mo = N,.

Hence N, is a martingale. Let
T =inf{t : N, € {(20/30)7'°,(20/30)°}}.
Then N, is also a martingale, and

tlggo E[N;ar] = E[Ng] = 1.

Since winning 20 times in a row results in stopping,
P(T > 20k) < (1 —(0.2)20)%,
and taking the limit of both sides as k goes to infinity gives P(T = oco) = 0.

Since N, € {(20/30)1, ..., (20/30)71°} is bounded, the limit can be brought inside to give

E[N,] = 1.
That means
1 =E[Ng]
= (20/30)19(1 — P(My = 0)) + (20/30) °P (M, = 0)
o 1—(20/30)"°
P(My =0) = (20/30)~10 — (20/30)10
-
Chapter 15

131. Let G ~ Geo(1/2). What is limp_, . E(GI(G > B))?

Solution. Since G is integrable, this is @
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133. Let U ~ Unif([0,1]),and W,, = v/n-1(U < 1/n). Show that the set of {W,, } is uniformly integrable.

Solution. You can show this directly using the definition, or by swapping limits and means.

First show it directly from the definition.

Proof. Let Zp ,, = |W,|I(|W,| > B). Then Zp,, = 0if B > \/n,and Zg,, = W, if \/n > B. Now
EW,] = vn(l/n) = 1/yn. SoE[Zp ] = (1/v/n)i(vn > B).

Asa functionof n, Z ,, = 0 whenn < B?, and is a decreasing function forn > B2 Hencesup E[Z ] =
1/vB?2 =1/B.Now limg_,, 1/B = 0, so the {W,,} are u.i. O

The second proof uses swapping means and limits. Since the random variables are nonnegative, it is uni-
formly integrable if and only if you can swap the mean and limit as n — oo.

W,

n

Proof. Note that lim = 0 with probability 1. So E[lim,,_, ., W, ] = E[0] = 0.

n—oo

Also, E[W,] = v/n(1/n) = 1//n. Solim,,_, ., E[W, | = lim,,_, . 1/y/n = 0. Hence you can swap the limit

and mean, and so the {W,, } must be uniformly integrable. O
135. Let Dq, D, ... be iid Unif({—1,1}), and X, = Z:Zl D,. Then X, is a martingale, and 7' = inf{¢ :
X, = 1} is a stopping time with respect to the natural filtration.

If you are given the fact that P(7" < co) = 1, use this to show that {X,,r} are not uniformly integrable.
Solution. Proof. Since P(T' < o0) = 1, lim, , X, = X, wp 1. Since X, is a martingale, X,, is a
martingale as well. Hence E[X,,] = E[X,] = 0 for all ¢. Hence

Jim E[X,7] = 0.

However,

E nggo Xt/\T] =E[X7]=1.
Hence limE[X,, ] # E[lim X, , 7], so {X,,r} cannot be uniformly integrable. O
137.

Let Dy, D,, ... be iid Unif({—1,1}) and consider the martingale

For a fixed positive integer a, let
T =inf{n: M, € {—a,a}}

a. Use the Martingale Convergence Theorem to show that P(T < o0) = 1.
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b. Find P(M; = a).
Solution. a. Here is the proof.

Proof. The stopped martingale process M, 1 lies in [—a, a], and so is bounded, hence uniformly inte-
grable. Therefore the Martignale Convergence Theorem implies that lim,,_, ., M, exists.

However, if T' = 0o, then the stopped martingale is changing by 1 at each step, and does not converge.
Because it does converge with probability 1, P(T' < o0) = 1. O

b. Since P(T < o0) = 1, that means M = lim,_, ., M, = M. So
E[Mp|M, = 0] = 0.
Again since P(T' < o0) = 1, M € {—a,a}, hence
E[M|M, = 0] = P(M; = a)a + (1 — P(My = a))(—a) =0,

and solving for P(M} = a) gives

P(My = a) = oo = 5 =[05000]

regardless of a.

Chapter 16
139. If T}y =3 and T35 = 7, call [3,7] an of [10, 15].

Solution. This is what is means to be an | upcrossing

140. Suppose that the B,Unif({—2,—1,1,2}) are iid. Show that

is not uniformly integrable.

Solution. First show that W, is a martingale with respect to the natural filtration 7 ,.
By the definition of the natural filtration, W, is &, measurable for all .
By the triangle inequality,
(Wl < z; 1B, <2t
so E[|W,] < 2t and all the W, are integrable.

Finally,
EW1|F ] = EW, + B, |F ] = W, +0,
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since B, is independent of ', and has mean o.
Hence W, is a martingale. Moreover, |W, ; — W,| > 1, so the W, does not converge. Hence by the
martingale convergence theorem, it cannot be uniformly integrable.
141.
Suppose D is a random variable that is 3 with probability 1/4, and —1 with probability 3/4.
a) What is E[D]?

b) Let D;, D,, ... be iid with the same distribution as D. Then

n
Mn = Z D 4
i=1
is a martingale. Prove that it is not uniformly integrable.

Solution. a) This is

3(1/4) + (—1)(3/4) = [0]

b) Since |M, ., — M, | > 1, the sequence can not converge to a single value. Hence it cannot be
uniformly integrable.

143. Suppose that R € [0, 1] with probability 1 and that E[R] = 0.3. Then for R,, R,, ... iid with the same
distribution as R,

M, = Zn:(Ri —0.3)/2!

is a martingale. Show directly that no matter what the values of R; are, that lim M,, exists.

n—oo

Solution. Note that
|(R, —0.3)/2¢ <0.7/2¢,

and

i 0.7/2¢
i=1

exists. So by the comparison test,
o0
> (R, —0.3)/2
i—1

(3

converges no matter what the values of the R, are.

145.
Consider Polya’s Urn, and suppose that it starts with 2 red and 1 blue marble.

a) After one step, what is the distribution of the number of blue marbles?
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b) After two steps, what is the distribution of the number of blue marbles?

Solution.  a) After one step, the number of blue marbles can go 1 — 1 or 1 — 2. The first happens
when a red marble is chosen with probability 2/3 and the second happens when a blue marble is
chosen at the step with probability 1/3. So if N; is the number of blue marbles after 1 step,

[P(N =1)=1/3,P(N =2) = 2/3],

b) After two steps, the number of marblescangol -2 —+3,1 -1 —-2,1 -2 —20orl -1 — 1.
Taking these possibilities and adding gives

P(N =1) =6/12, prob(N =2) = (2+2)/12, P(N = 3) = 2/12,
or simplifying
P(N=1)=1/2, prob(N =2)=1/3, P(N =3) =1/6,

Chapter 17

147. Suppose that M, is a martingale where M, = 0 and with stopping time 7" such that M, , - is uniformly
integrable. What can be said about E(M)?

Solution. Since the stopped process is uniformly integrable, the Optional Sampling Theorem says that

[E(MT) = [E([(MT|MO)) = [E<M0) = @

149. If M, is a martingale with stopping time T, and M, is uniformly integrable, must it be true that
T < oo with probability 1?

Solution. . The random variable M exists by the Optional Sampling Theorem, but if " = oo, then
My = M, the random variable that the martingale converges to.

151. Suppose W, is a martingale with stopping time S. Say W, = 0 and |W,, 5| < 40. What is E[IWg]?

Solution. Since |W,,g| < 40, the stopped process is bounded and hence is uniformly integrable. Therefore
the Optional Sampling Theorem applies to give

E[Wg] = E[W,] =[0].

153. A gambler is trying to develop a betting scheme B, based on a game that wins B, with probability 0.4
and loses B, with probability 0.6 at each play of a game. Is there any betting scheme where 1 < B, < 1000
at each step where the player quits at the first time 7" where B, > M, or M, > 1000 such that E[My|M,] >
My?

Solution.
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Let Dy, D,, ... be iid where P(D, = 1) = 0.4 and P(D; = —1) = 0.6. The amount of money the gambler
has will be

t
Mo+ D;B;.

=1

The stopping time is 7' = inf{¢ : B, > M, Vv M, > 1000}.
First show that M, is a supermartingale with respect to the natural filtration.

Since .
|M,| < [My| + > ID;||B;] < | M| + 1000t < oo,
i=1

each M, is bounded and so is integrable.
Finally,

E[My 1 |F ) =E[M, + Dy yy By 1| T 4]
= M, + B, 1 E[D; 4]
= M, + B, ,,(0.4— 0.6)
< M,

so M, is a supermartingale, and so is M, .

Fort < T, |M,| < 1000, and each bet is at most 1000, so |M,,p| < 2000 for all . Hence the stopped
process is uniformly integrable.

Therefore the Optional Sampling Theorem says that

E[M|My] < My

Chapter 18

155. If X, is a Markov chain, what can you say about the values of
P(X,=c|X,=a,X; =b)

and

P(X, =c|X,=d, X, =b)

Solution. Because the distribution of X, only depends on X; and not on X, these two values will be

el

157. If'Y, is a time-homogeneous Markov chain, what can you say about the values

P(Y, = d|Y, = a) and P(Y; = d|Yy = a)?

Solution. Because of time-homogeneity, these both represent the probability of a particular step in the

Markov chain, and will be .
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159. For {X,} a time-homogeneous Markov chain, what can you say about P(X; = a|X5 = b) and
P(X1p = alXyy =0)?

Solution. Since 5 — 3 = 12 — 10 = 2, in either case we are taking two steps in the Markov chain. Since

the probabilities for the chain are the same across time, these probabilities will be the [ same |

Chapter 19

161.

Suppose a Markov chain with states {a, b, c} has transition matrix

03 0 0.7
A= 0 05 05
01 09 O

a. Whatis P(X, = ¢|X, = b)?

b. What is P(X; = a| X4 = a)?

Solution. a. This is the entry for the second row (corresponding to b) and third column (corresponding

to c). This is .

b. Moving one step from time 6 to 7 still uses the transition matrix, so this is just the (a, a) entry which

163. Suppose that there is a sequence D, that are iid draws from the uniform distribution over {—1,1}.
Prove that

X, = D,

M~

[

1=

is a Markov chain formed from the filtration ¥, = o(D¢, ..., D,).

Solution. Let ¢ be a nonnegative integer. Then X, = 0, and X, is a function of Dy,...,D,, so is
o(Dy, ..., D,) measurable.

Also, X, ; = X, + D, ¢, 50
[(Xi 1| F o] ~ Unif({X, — 1, X, +1})

which is the same as [ X, ;|X,].
An alternate way to show the second property is to note that for update function
flz,d) =x+d,
then [X, ,|7,] ~ f(X,, D, ;) where D, is independent of . This makes X, a Markov chain.
165.

Suppose that there is a sequence D, that are iid draws from the uniform distribution over {—1, 1} and

Xt:ZDt

t
i=1
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a. Let T = inf{t : X, = 2}. Prove that M, = X,,, is a Markov chain with respect to the natural
filtration.

b. Prove that M, = X,, 14 is not a Markov chain.

Solution. a. Since the natural filtration is being used, M, is F', measurable. Moreover,
[My1]F 4]

is equal to {2} with probability 1 if M, = 2, and uniform over {M, — 1, M, + 1} if M, # 2. Hence
the distribution is the same as [M,_ || M,].

This could also be shown to be a Markov chain by noting that for
flz,d) =2+ dl(z #2)
then [ X, 4 [F] ~ f(Xy, Dyyy)

b. The M, process stops at the value one time step past where the stopping time occurs. So example
sequences would be 0,1,2,1,1,1,1,...0r 0,1,0,1,2, 3,3, 3, 3, 3, ... This means

P(M, =1|My =0,M, =1,M, =2, M, = 1) = 1

while
IP(M4 = 2|M0 = O’Ml = —]_7M2 = 07]\43 — ]_) — 1/27

50 [My|F 5] » [My|Ms).

167. IfP(X,,, =i|X, = 1) = 1, call the state i of the Markov chain absorbing.

Given transition matrix

1 0 0 0
0 1 0 0
B= 0 05 04 01}’

0 0 01 09

for state space {a, b, ¢, d}, which states are absorbing states?

Solution. The absorbing states are

Chapter 20

169. This Markov chain models a telecommunications circuit that is either on or off.
0.6

i (@ @ )o-
0.3

If the state at time o is off, what is the chance that in three steps the state is on?
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Solution. Putting columns and rows in order (off, on), the transition matrix is
04 0.6
A= (0.3 0.7>

This can be put into R with

A <- matrix(c(0.4, 0.6,
0.3, 0.7),
byrow = TRUE,
nrow = 2)

Raising it to the 3rd power gives:
A %" % A %*% A
## [,1] [,2]

## [1,] 0.334 0.666
## [2,] 0.333 0.667

So after three steps, the chance that the chain moves from off (row 1) to on (row 2) is | 0.6660 |

171.

Consider a Markov chain with transition matrix over state space {1, 2, 3,4}:

0 01 09 O
0 03 03 04
0 05 05 0
0 0 03 07

A:

a. Find the limiting distribution by raising the transition matrix to a high power.

b. Verify that the limiting distribution is a stationary distribution.

Solution. a. First enter the transition matrix into R.

A <- matrix(c(0, 0.1, 0.9, O,
0, 0.3, 0.3, 0.4,

0, 0.5, 0.5, 0,
0, 0, 0.3, 0.7),
byrow = TRUE,

To raise the transition matrix to a high power, the %" % operator can be used in R.
A % % 1000

## [,1] (.21 [,3] [,4]
## [1,] 0 0.2678571 0.375 0.3571429
## [2,] 0 0.2678571 0.375 0.3571429
## [3,] 0 0.2678571 0.375 0.3571429
#4 [4,] 0 0.2678571 0.375 0.3571429
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From this result, the limiting distribution (to 4 sig figs) is

(0 0.2678 0.3750 0.3571) |.

b. To verify that this is a stationary distribution, multiply it by the original transition matrix.
(A %A% 1000)[1,] %*% A

#i#t [,1] (.21 [,3] [,4]
## [1,] 0 0.2678571 0.375 0.3571429

The result is once again the limiting distribution, making it also stationary!

173.
Consider a Markov chain with transition matrix over state space {a, b, ¢, d }:

04 06 0 O
06 04 0 O
0o 0 03 07
0 0 04 06

T =

a. Find lim, ,_ T" by raising T to a high power.

b. Does this chain have a limiting distribution?

Solution.  a. Using {{0.4, 0.6, 0, 0}, {0.6, 0.4, 0, 0}, {0, O, 0.3, 0.7},
{0, 0, 0.4, 0.6}}~{1000} in Wolfram Alpha returns

0.5 0.5 0 0
0.5 0.5 0 0
0 0 0.3636 0.6363
0 0 0.3636 0.6363

b. Since the first two rows are different from the last two, starting in one of the first two positions will
get you the dist (0.5, 0.5, 0, 0) and starting in the last two positions will get you (0, 0, 0.3636, 0.6363),
Since these are different, there is single limiting distribution.

175.

A poker player either wins $1 or loses $1 with equal probability. The player starts with $2, and quits when
reaching $o or $5.

a. Write this down as a transition matrix where 0 and 5 are absorbing states.

b. Raise the transition matrix to a high power to discover the probability that the poker player ends up
with $5.

c. Was this what you expected from martingale theory?
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Solution.

a. The transition matrix is

CHAPTER 45. BIRTH DEATH CHAINS

0 0 0
0 1/2 0
12 0 1/2
0 1/2 0
0 0 1/2
0 0 0

One way the matrix can be raised to a high power by multiplying it by itself several times. Repeated
squaring is the fastest way to use the % * % operator to raise the matrix to a large power.

A2 <- A %"% A

Ad <- A2 %% A2

A8 <- A4 %*% A4

Al6 <- A8 %"% A8

A32 <- A16 %"% Al6

A64 <- A32 %"% A32

A128 <- A64 %% A64

A256 <- A128 %*% A128
A512 <- A256 %"% A256
A1024 <- A512 %*"% A512
A1024

H# [,1] [,2]

## [1,] 1.0 0.000000e+00 O.
## [2,] 0.8 1.549371e-95 0.
## [3,] 0.6 0.000000e+00 4.
## [4,] 0.4 2.506935e-95 0.
## [5,] 0.2 0.000000e+00 2.
## [6,] 0.0 0.000000e+00 O.

[,3]
000000e+00
000000e+00
056306e-95
000000e+00
506935e-95
000000e+00

SO ONO

[,4]
.000000e+00
.506935e-95
.000000e+00
.056306e-95
.000000e+00
.000000e+00

SO r ONOO

.000000e+00
.000000e+00
.506935e-95
.000000e+00
.549371e-95
.000000e+00

[,5] [,6

Starting from state 2 (row 3), the probability of ending at state 5 (column 6) is | 0.4000 |.

c. From the martingale perspective, where

M, =)D,

t
=1

O oo oco-H

S 0N O
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with Dy, D,, ... iid Unif({—1,1}),
T =inf{t: M, € {0,5}}

is a stopping time, and M, , 1 is a uniformly integrable martingale. Since M, ,; cannot converge until
M, € {0, 5}, the Martingale Convergence Theorem gives that P(T' < oo) = 1, and

[E[MoolMO = 2] = [E[MT‘MO = 2] =2,
and

2=P(Myp =5|My = 2)(5) + P(My = 0|M, = 2)(0),

as with the Markov chain approach.

hence

177.

Consider a Markov chain on state space 2 = {a, b, ¢} with transition matrix
03 04 03
02 08 0
0 01 09

a. Does this Markov chain have a limiting distribution?

Raise the matrix to a high power.

b. Find a stationary distribution for the chain.

Solution. a. With the expm library in R loaded, the %" % operator raises a matrix to a high power.

matrix(c(0.3, 0.4, 0.3,
0.2, 0.8, 0,
0, 0.1, 0.9),
byrow = TRUE,
nrow = 3) %% 1000

## [,1] (.21 [,3
## [1,] 0.1333333 0.4666667
## [2,] 0.1333333 0.4666667
## [3,] 0.1333333 0.4666667

O O O
N N N

So the limiting distribution vector is

\ (0.1333....,0.4666 ..., 0.4000) \

b. Any limiting distribution is a stationary distribution as well, so

[(0.1333....,0.4666 ..., 0.4000) |

is also stationary.
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179.

Consider the following Markov chain:

0.5

(a) Write down the transition matrix for the chain. [Notice that the matrix you find is in block form.]

(b) What does the transition matrix look like after taking a lot of steps in the Markov chain?

Solution. (a) The transition matrix is:

0 07 03 0 O
05 0 05 0 O
04 06 0 0 O

0O 0 0 O 1

0 0 0 05 05

(b) The limiting transition matrix is:

0.3139 0.3946 0.2915 0 0
0.3139 0.3946 0.2915 0 0
0.3139 0.3946 0.2915 0 0
0 0 0 0.3333 0.6666
0 0 0 0.3333 0.6666

Chapter 21

181.
Suppose a Markov chain has communication classes {a, b}, {c}, {d, e}. States a, ¢, d are all recurrent.
a. Is state b recurrent or transient?

b. Is state e recurrent or transient?

Solution. a. Because b is in the same communication class as state a it must also be | recurrent |.

b. Because ¢ is in the same communication class as state d it must also be | recurrent |.
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183. Suppose a Markov chain over state space {1, 2, 3} has transition matrix

03 07 O
A=106 04 0].
0 0 1

Classify each state as either recurrent or transient.

Solution. States 1 and 2 communicate with each other, and 3 communicates with itself. So the communi-
cation classes are {1, 2}, {3}.

Since each communication class has no outgoing edges, all the classes are recurrent. That is,

1,2, 3 are recurrent ‘

185.
This Markov chain models a telecommunications circuit that is either on or off.

0.6

W@ @D

0.3

a. What is the transition matrix for the chain?
b. Find the limiting distribution by raising the transition matrix to a high power.

c. Verify that the limiting distribution is a stationary distribution.

Solution. InR, use the expm library to raise matrices to a high power. (Use install.packages ("expm")
if the library is not installed on your system.)

library (expm)

(a) Putting columns and rows in order (off, on), the transition matrix is

04 0.6
A= (0.3 0.7)

(b) Raising this to a high power gives
A <- matrix(c(0.4, 0.6,
0.3, 0.7),
byrow = TRUE,
nrow = 2)
A %% 100
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## [,1] [,2]
## [1,] 0.3333333 0.6666667
## [2,] 0.3333333 0.6666667

(c) The numerical method cuts off after 7 sig figs, but the real limiting distribution is (1/3,2/3).

To verify that this distribution is also stationary, multiply on the right by the transition matrix:

(1/3 2/3) (8; 8:3):([4/30%/30] 13/30 + 14/30]) = (1/3  2/3)

so the limiting distribution is also stationary!

187.
Consider a Markov chain with transition matrix over state space {a, b, ¢, d }:

04 06 0 O
06 04 0 O
0o 0 03 07
0 0 04 06

T =

a. Find lim, , T by raising T to a high power.

b. Does this chain have a limiting distribution?

Solution. a. Using {{0.4, 0.6, O, 0}, {0.6, 0.4, 0, 0}, {0, O, 0.3, 0.7},
{0, 0, 0.4, 0.6}}7{1000} in Wolfram Alpha returns

0.5 0.5 0 0
0.5 0.5 0 0
0 0 0.3636 0.6363
0 0 0.3636 0.6363

b. Since the first two rows are different from the last two, starting in one of the first two positions will
get you the dist (0.5, 0.5, 0, 0) and starting in the last two positions will get you (0, 0, 0.3636, 0.3636),
Since these are different, there is single limiting distribution.

189.

A poker player either wins $1 or loses $1 with equal probability. The player starts with $2, and quits when
reaching $o or $5.

a. Write this down as a transition matrix where 0 and 5 are absorbing states.

b. Raise the transition matrix to a high power to discover the probability that the poker player ends up
with $5.

c. Was this what you expected from martingale theory?
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Solution.

a. The transition matrix is

379

b. A matrix in R can be created with the matrix command. Entries are placed by columns, so the t ()
function transposes the matrix to rows.

The matrix can be raised to a high power by multiplying it by itself several times.

A2 <-
Ad <-
A8 <-

Al6 <-
A32 <-
A64 <-
A128 <-
A256 <-
A512 <-

A1024
A1024

H#
H#
H#
##
##
H#
H##

[13
[2,]
[3,]
[4,]
[5,
(6,

A %*% A

A2 %" % A2

Ad %*% A4

A8 %"% A8

Al6 %*% A16

A32 %*% A32

A64 %*% A64
A128 %*% A128
A256 %*% A256
A512 %*% A512

< -

—
U=y

S OO OO .,

[,2]
.000000e+00 O.
.549371e-95 0.
.000000e+00 4.
.506935e-95 0.
.000000e+00 2.
.000000e+00 O.

]

]
]

OO0 O
SO NO RO

[,3]
000000e+00
000000e+00
056306e-95
000000e+00
506935e-95
000000e+00

SOk ONO

[,4]
.000000e+00
.506935e-95
.000000e+00
.056306e-95
.000000e+00
.000000e+00

O Rr ONOO

.000000e+00
.000000e+00
.506935e-95
.000000e+00
.549371e-95
.000000e+00

[,5] [,6

Starting from state 2 (row 3), the probability of ending at state 5 (row 6) is | 0.4000 |

c. From the martingale perspective, where

M, =)D,

t
=1

OO OO oY

S 00 NO
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with Dy, D,, ... iid Unif({—1,1}),
T =inf{t: M, € {0,5}}

is a stopping time, and M, , 1 is a uniformly integrable martingale. Since M, ,; cannot converge until
M, € {0, 5}, the Martingale Convergence Theorem gives that P(7' < co) = 1, and

E[M o[ My = 2] = E[My| M, = 2] = 2,

and
2 = P(M; = 5|My = 2)(5) + P(My. = 0]M, = 2)(0),

hence

as with the Markov chain approach.

191.

Consider a Markov chain on state space {2 = {a, b, ¢} with transition matrix
03 04 03
02 08 0
0 01 09

a. Does this Markov chain have a limiting distribution?

Raise the matrix to a high power.

b. Find a stationary distribution for the chain.

Solution. a. With the expm library in R loaded, the %/ % operator raises a matrix to a high power. {r}
matrix(c(0.3, 0.4, 0.3, 0.2, 0.8, 0, 0,
0.1, 0.9), byrow = TRUE, nrow = 3) %"% 1000
So the limiting distribution vector is

\ (0.1333....,0.4666 ..., 0.4000) \

b. Any limiting distribution is a stationary distribution as well, so

\ (0.1333...,0.4666 ..., 0.4000) \

is also stationary.

193.

Consider the following Markov chain:
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0.5

(a) Write down the transition matrix for the chain. [Notice that the matrix you find is in block form.]

(b) What does the transition matrix look like after taking a lot of steps in the Markov chain?

Solution. (a) The transition matrix is:

0 07 03 0 O
05 0 05 0 O
04 06 0 0 O

0O 0 0 0 1

0 0 0 05 05

(b) The limiting transition matrix is:

0.3139 0.3946 0.2915 0 0
0.3139 0.3946 0.2915 0 0
0.3139 0.3946 0.2915 0 0
0 0 0 0.3333 0.6666
0 0 0 0.3333 0.6666

195.

Consider this Markov chain:

0.2
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(a) What are the communication classes?
(b) Which communication classes are transient?
(c) What is the limiting distribution 7?

(d) What is m(7) for the transient states ?

Solution.  (a) Since there is a path from a to b and b to a, they are in the same class. Similarly a path
from c to d and d to ¢ puts them in the same class. Since there is no path from c to a they are in
different classes. The resulting communication classes are:

roxen)

(b) Since only the class has edges leaving it, this is the only class that is transient.

(c) To find the limiting distribution, raise the transition matrix to a high power:

04 02 03 0.1
A |01 07 0 02
0o 0 06 04f

0 0 05 05

SO
9.89157 x 10~ 3.52293 x 10713 0.555556 0.444444
4100 _ 1.76147 x 10713 6.27356 x 10713 0.555556  0.444444
- 0 0 0.555556  0.444444
0 0 0.555556  0.444444

and

5.56104 x 107123 1.98059 x 107122 0.555556 0.444444
41000 _ 9.90297 x 107123 3.52699 x 107122 0.555556 0.444444
- 0 0 0.555556  0.444444
0 0 0.555556  0.444444

So the limiting distribution is

(0.000 0.000 0.5555 0.4444) |

(d) The transient states {a, b} both have limiting distribution @

197. In a random walk on an undirected graph you start at a node on the graph, and then take a step
uniformly at random to move to a node that there is an edge to. For instance, consider the following graph.
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N

The node a is connected by an edge to three other nodes, b, ¢, and d. Hence @ has a 1/3 chance of moving
to b, a 1/3 chance of moving to ¢, and a 1/3 chance of moving to d.

Write down the transition matrix for this Markov chain.

Solution. This would be

0 1/3 1/3 1/3
/2 0 0 1/2
/2 0 0 1/2
1/3 1/3 1/3 0

0 0 0 0

0 0 0 0

O O O oo
O — O O oo

Chapter 22

199. Give an example of a finite state aperiodic recurrent Markov chain (so exactly 1 recurrent communi-
cation class) with at least 4 states and stationary measure p(i) = 1 for all i € Q.

Solution. There are many ways to do this. One way is to have every state communicate with every other
state. If each state sends out its probability equally to every other state, then (1,1, 1,1) will be a left (and
right eigenvector). Hence one such transition matrix is

1/4 1/4 1/4 1/4
1/4 1/4 1/4 1/4
1/4 1/4 1/4 1/4
1/4 1/4 1/4 1/4

201. Consider a Markov chain M on state space 2 = {a, b, ¢} with transition matrix

0.3 04 0.3
02 08 O
0 01 09

Consider the measure
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What is M (u)?

Solution. M () assigns 3(0.3) + 2(0.2) + 5(0) = 1.3 for state a, 3(0.4) + 2(0.8) 4+ 5(0.1) = 3.3 to state
b, and 3(0.3) 4+ 2(0) + 5(0.9) = 5.4. So the measure is

| M(p)(a) = 1.3, M(p)(b) = 3.3, M(pr)(c) = 5.4/

203. Let M, be a Markov chain on state space z,y, z. Suppose that X, = z, and Xp = x where
R, = inf{t > 0 : X, = z}. During the trip from z back to z, y is visited an average of 3.2 times, and z is
visited an average of 2.7 times.

Give a stationary measure for the Markov chain.

Solution. The number of vists of « during this loop (not counting the last visit) is 1. Hence the stationary
measure is

(@) =1, uly) =32, ulz) =2.7]

205.

Suppose a Markov chain has a single communication class {1, 2, 3,4}. If you start at state 1, the expected
number of visits to the other states before returning to 1 are

E[N,] = 4.3
E[N,] = 1.2
E[N,] = 0.6

a. What is E[R,]?

b. Give at least one stationary measure for this chain.

Solution. a. Including the last step that takes us back to 1, this is

1+43+1.2+0.6 =[7.100]

b. One stationary measure has vector

(1,4.3,1.2,0.6)

where the entries are just the expected number of visits to each state in between visits to 1 (including
zero steps).

Chapter 23

207. A finite state Markov chain has one communication class, {a, b, c}. How many stationary distribu-
tions 7 for the chain have 7({a,b,c}) = 1?

Solution. There is exactly stationary distribution for the one recurrent class.
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209.
State if state x is recurrent (but not positive recurrent), positive recurrent, or transient.
a. E[R,] =4.2.
b. E[R,] = o0, P(R, < 00) = 1.

c. P(R, = 0) =0.3.

Solution. a. Here the mean return time is finite, so it is | positive recurrent. ‘

b. Here the mean return time is infinity, but the return time is finite with probability 1, so it is .

c. Here the probability it does not return to the state is positive, so it is .

211. Suppose that a Markov chain has recurrent communication class {a, b, ¢} with stationary distribution

(0.3,0.2,0.5). What is E[R,]?

Solution. This is the inverse of the stationary distribution at c, so
1
— =2
o5 2]

Chapter 24

213. Suppose a Markov chain has state space {a, b, c}, where {a, b} is a recurrent communication class
and {c} is a transient communication class. Does the chain have a limiting distribution?

Solution. Because the chain has exactly one recurrent communication class, by the ergodic theorem
it is guaranteed to have one stationary distribution that is also the limiting distribution.

215.
Suppose X ~ Unif({1,2,3}) and Y ~ Unif({1,2, 3,4, 5}).

a. By adding in all elements with P(X = a) > P(Y = a), find the set A C {1,2,3,4,5} such that
P(X € A) —P(Y € A) is as large as possible?

b. What is the set B C {1,2,3,4,5} such that P(Y € B) — P(X € B) is as large as possible?
c. What is the relationship between A and B?

d. What is the total variation distance between X and Y'?

Solution. a. Note that

P(X € A)—P(Y € A)=> P(X=a)—P(Y =a).

acA
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So for A to be as large as possible, all a such that P(X = a) > P(Y = a) should be included. This

makes| A = {1,2,3} |
b. Similarly, including all elements b € B such that P(X = b) > P(Y = b) gives| B = {4,5} |
c. The sets A and B are of each other.

d. The total variation distance then is

P(X € A)—P(Y € A)=1-0.6=[0.4000|=P(Y € B)—P(X € B) =2/5—0.

217.

Consider the Markov chain with transition graph:

If the chain has period %, then it holds that {¢ : P(X, = a| X, = a) > 0} C {k, 2k, 3k, 4k, ...}.
(a) Find enough elements in the set {¢ : P(X, = a|X, = a) > 0} to show that the chain is aperiodic.

(b) Find the limiting distribution of the chain.

Solution.  (a) Consider: P(X; = a|X, = a) = P(X, = a|X, = a) = 1/2 > 0. Hence {3,4} C
{k, 2k, 3k, ...}. But the only k for which this is true is £ = 1, so the chain is aperiodic.

(b) Since the chain is recurrent and aperiodic, the stationary distribution is also the limiting distribution
by the Ergodic Theorem for finite state Markov chains, and so is also

(0.2857 0.1428 0.1428 0.1428 0.1428 0.1428)

219. Suppose that transition matrix A has eigenvalues 1 and —1, but there are no other eigenvalues that
when raised to a nonnegative integer power equals 1. What is the period of A?

Solution. Since (—1)2 = 1, the period is a multiple of 2. Since there are no other eigenvalues that when
raised to a power equals 1, the period must be .

Chapter 25

221.
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Consider a two state Markov chain with transition matrix.
0.4 0.6
4= (0.5 0.5) ’
a. What is the expected travel time from b to a?

b. What is the expected return time to a?

c. What is the stationary distribution of a?

Solution.  a. Starting at b, at each step there is a 1/2 chance of moving to a. Hence | E[T;, = 2] |

b. From state a, there is a 0.4 chance of returning to a in one step, and a 0.6 chance of moving to b, then
requiring [E[T},] more steps. Now, since the state stays at b before moving to a, T}, is a geometric
random variable with parameter 1/2. That makes the mean value 1/(1/2) = 2, so

E[R,] = 0.4(1) +0.6(2) = [1.600].

c. The stationary distribution of a is 1/1.6 = 1/(8/5) = 5/8 =|0.6250 |

223. Consider the following four state Markov chain transition matrix.

0.1 03 04 0.2
A - 0 05 0 05
03 01 02 04
0 0 1 0

What is the expected time needed to travel from state a to state d? Calculate this through the artificial node
method.

Solution. Add an artificial node e where p(d, e) = p(e,a) = 1 to get transition matrix

01 03 04 02 O
0 05 0 05 O
B=103 01 02 04 O
1
0

10 0 0

Then
B <- matrix(c(0.1, 0.3, 0.4, 0.2, O,

0, 0.5, 0, 0.5, O,

0.3, 0.1, 0.2, 0.4, O,

0, 0, 0, 0, 1,

1, 0, 0, 0, 0),

byrow = TRUE,
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In this case, the chain has a limiting distribution.
B1000 <- B %% 1000

B1000

## [,1] (,2] (,3] [,4] [,5]
## [1,] 0.2702703 0.1891892 0.1351351 0.2027027 0.2027027
## [2,] 0.2702703 0.1891892 0.1351351 0.2027027 0.2027027
## [3,] 0.2702703 0.1891892 0.1351351 0.2027027 0.2027027
## [4,] 0.2702703 0.1891892 0.1351351 0.2027027 0.2027027
## [5,] 0.2702703 0.1891892 0.1351351 0.2027027 0.2027027

So one over the stationary distribution for e minus 2 gives the expected travel time from a to d.

1 / B1000[1, 5] - 2

## [1] 2.933333

So the answer to four sig figs is | 2.933 |

225.
Consider simple symmetric random walk with partially reflecting boundaries on states {0, 1, ..., 10}.
a. What is the expected time needed to return to state o starting from state 0?

b. What is the expected time needed to return to state 7 starting from state 7?

Solution. a. From our calculations above, this will be 1/11 ={0.09090 ... |
b. Thisisstill 1/11 =|0.09090... |

Chapter 26

227. Suppose A ~ Unif({1,...,90}) and B ~ Unif({10,11,...,110}) have a coupling where there is a 0.4
chance the states are equal. What can be said about the total variation distance?

Solution. If there is a 0.4 chance of the states being equal, there is a 0.6 chance that they are unequal.

Hence the total variation distance is at most | 0.6000 |.

229. Suppose X ~ Exp(1/2)andY ~ Unif([0, 1]) have a 0.1 chance of being equal with a certain coupling.
What can be said about the total variation distance?

Solution. By the coupling lemma, ‘ disty (X, Y) < 0.9000 ‘

231.

Consider X ~ Unif([0,2]) and Y ~ Unif([1, 3]). Note that P(X € [1,2]) and P(Y € [1,2]) both are 1/2.
Also recall that for W a uniform random variable over set B, for A C B, [W|W € A] ~ Unif(A). This
gives a way to couple uniform random variables.
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Let B ~ Bern(1/2) and U ~ Unif([0, 1])
a. Let X =2U and Y =1+ 2U. Whatis P(X #Y)?

b. Let X = B(14+U) + (1—B)(U)and Y = B(1+U) + (1 — B)(2+ U). What is P(X # Y)?

Solution. a. This is , since the values are always different.

b. Note if B =1, then X =Y, and if B = 0, then X # Y. So the answer is | 0.5000 |.

233.

Suppose that X, = z, and Y; ~ 7 are two copies of a Markov chain which has 7 as the stationary
distribution. Suppose P(Y; # X,) < 10exp(—t/5).

a. What can be said about disty, (X, Y;) when ¢t = 20?

b. What can be said about disty, (X;,Y;) when ¢t = 30?

Solution. a. The coupling lemma says that the total variation distance can be bounded above by

(01851

b. The coupling lemma says that the total variation distance can be bounded above by [ 0.0.2478 ... |

Chapter 27

235. Suppose two copies of a Markov chain { X, } and {Y,} are coupled together so that each follows the
same transition matrix.

Further, say that X, = x;, where 2, € Q, Y ~ 7, and P(X;y = Y100/ Xy = 2o) = 0.99. Bound the total
variation distance between Xy, and 7.

Solution. By negation, the chance that X, does not equal Y}, is 1 — 0.99 = 0.01. By the Coupling
Lemma, it holds that

distyy ([X;00] X = 7], 7) <
237. Suppose that for all states = and y,
P(X100 = Y100l Xo = 2, Yy = y) = 0.1,
and that if X, =Y, then X,, =Y}, forall ¢’ > t. Create an upper bound for
P(X500 = Ya00)

Solution. In order for Xy, # Y5 it needs to be true that the two chains failed to meet in the first 100
steps, and then they failed to meet again in the second set of 100 steps. Therefore, the chance that they don’t

meet is at most 0.9% = 0.81. So the complement gives P(X,5y, = Y500) > |0.1900 |
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239. Suppose (X;,Y;) is a coupling for two copies of a Markov chain such that
P(X, #Y,) < 100exp(—t/10).
Give an upper bound on 7 5.
Solution. The total variation distance is at most 100 exp(—t/10), so the goal is to get this number to be at

most 0.05. This happens when

100 exp(—t/10) = 0.05
exp(—t/10) = 0.0005
—t/10 = In(0.0005)
¢ = 101n(1/0.0005)
t=76.009...,

so the best that can be said is that 7, o5 < .

241.

Suppose that
(Va, € Q)(distry ([X,| Xy = 2], 7) < 1000 exp(—t/100)).

a. Give an upper bound on 7 ;.

b. Give an upper bound on 7 ¢90001-

Solution. a. We need
1000 exp(—t/100) < 0.01,

which solves to give
t > 1001n(1000/0.01) = 1151.29 ...,

which means | 1152 |is an upper bound on 7 ¢;-
b. Here the need is to find ¢ such that
1000 exp(—t/100) < 107,

which solves to give
t > 1001n(1000/0.000001) = 2072.32...,

which means| 2073 |is an upper bound on 7 s.

Note that by doubling our number of steps, the total variation distance has gone down by a factor of
10000.

Chapter 28
243.

State if the following are true or false. (You do not need to justify your answer.)
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a. In finite state Markov chains, recurrent communication classes are also positive recurrent.
b. In countable state space Markov chains, recurrent communication classes are also positive recurrent.
c. Positive recurrent communication classes are always aperiodic.

d. In a countable state space Markov chain with one recurrent communication class, there is always a
stationary measure.

Solution. a. Thisis .

b. This is .
c. This is .
d. This is .

245. Give an example of a Markov chain with a countably infinite state space that has one recurrent
communication class of period 2.

Solution. There are of course an infinite number of ways to do this. One way is to just use simple symmetric
random walk on the integers:

(Vt € Z)([P(Xt =X, 1+ ]-|th1) = [P<Xt =X, 1- 1|Xt71) = 1/2)~

247.

Consider a Markov chain on the nonnegative integers that has 7(i) = (1/2)*! as a stationary distribution.
a. Is this enough information to find E[R]? If so, what is it?
b. What if we add the extra condition that (V4, 7)(3¢)(P(X, = j|X, = i) > 0), and P((3t)(X, =

0|X, = 0)) = 1? Now do we have enough information to find E[R,], and if so, what is it?

Solution. a. To find E[R,)] it is necessary to use the ergodic theorem for countable state spaces,
which in turn requires that there be a single communication class. It could be that P(X, = i|X, ; =
1) = 1, and there are an infinite number of communication classes.

b. With this information, the state space has a single recurrent communication class, and since 7
is stationary over this single class, E[R,] = 1/7(0) = .

249. Suppose a Markov chain on 2 = {2, 4,6, ...} has stationary distribution
C

ﬂ-(Z) = Z-E)
where C' is a constant.

Suppose
(Vi e Q)(P(X, =i|X,=2)>0),
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and
(Vie Q)(P(X, =2|X,=1)>0),

Prove that this chain has one positive recurrent communication class.

Solution. First consider any two states ¢ # j in €. Then
P(Xy = jlXo =) > P(X; =2|X, =9)P(X; = j|X; =2) >0,

so every pair of states communicates, and there is only one communication class.

Therefore, because there is only one communication class with a stationary distribution, that class is positive
recurrent by the Ergodic Theorem, and the proof is complete. o

251.

Consider the following Markov chain:

a. What are the communication classes of the chain?

b. Write down the balance equations for the chain.
c. Does a stationary distribution for this chain exist? If so, what is it?

d. For each communication class, state if it is recurrent or transient.

Solution. a. States o and 1 communicate, and every state ¢ and j with ¢ > 2 and j > 2 communicate,
so their are two communication classes:

1{0,1},{2,3,4,..} |
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b. States o, 1, and 2 are different from the rest:

v 0.57(0) + 0.57(1)
(1) = 0.57(0) + 0.37(1)
T 0.27(1) + 0.87(2) + 0.87(3)

and for all 7 > 2:
(i) =0.2m(i — 1) + 0.87(i + 1).

c. Yes, it does! First, since 0 and 1 are transient, set 7(0) = 7(1) = 0. Next, we have
7(2) = 0.87(2) + 0.87(3) = m(2) = 47 (3).

That in turn gives:
m(3) = 0.27(2) + 0.87(4) = 7(3) = 4w (4).
This pattern continues, in general

m(i) = 4n(i + 1).

Put another way, for ¢ > 2, w(i + 1) = (1/4)7(4). Since

> ra/9= = 8~ /) -1,

=2

we know that 7(2) = 3/4. Hence the stationary distribution is

d. Because the class {0, 1} has edges leaving the class, this class is transient. Because the class {2, 3, ...}
has a stationary distribution with probability 1 of falling in the class, it is recurrent. so the answer is

’ {0, 1} is transient, {2, 3, ...} is recurrent.

Chapter 29

253.

State whether or not the following are true. You do not have to justify your answer.
a. All connected countable state space chains are Harris.
b. All Harris chains have a countable state space.
c. Periodicity is not necessary for a Harris chain to have a limiting distribution.

d. Harris chains always return to the set A in the definition with probability 1.
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Solution.  a. This is|true
b. This is | false |
c. This is | false |
d. This is| false |

255. Show that if Uy, ..., Uy, are iid Unif([0, 1]), then P(U, + --- 4+ Uy, € [6,6.1]) > 0.

Solution. If U, € [6/10,6.1/10] for all ¢ from 1 to 10, then 221 U, € [6,6.1]. Since P(U, €
[6/10,6.1/10]) = 6.1/10 — 6/10 = 0.01, the chance that >_ U, is in [6, 6.1] is at least (0.01)'0 > 0.

257. Leta < a’ < b’ <b. Show that if X ~ Unif([a,b]), then [X|X € [a’,b’]] ~ Unif([a’, V']).

Solution. Proof. One way to show that a distribution is correct is to find the cdf of the random variable.
Let o € [a/,b’]. Then

P(X <a,X €d,b])
P(X € [a’,V'])

_ (a—a’')/(b—a) _ a—a
v —a)/(b—a) V—a

P(X < alX € [d,b]) =

which is exactly the cdf of a uniform over [a’, b’]. Therefore [X|X € [a’,b] ~ Unif([a’, b']). O

Chapter 30

259. Suppose that p(a, a) = 0.3 and the communication class containing a is recurrent. What can you say
about the period of the class containing a?

Solution. Because it has a holding probability at a, the communication class containing a must be aperiodic.
That is, it has period .

261. Suppose that {1,2,3,...} is a recurrent communication class in a Markov chain with stationary
distribution 7 where 7(4) = 0.3. What can you say about E[R,]?

Solution. Because the communication class is recurrent with a stationary distribution, it is positive recur-

rent, and E[R,] = 1/7(4) =[3.333... |

263.

Suppose that the state space is {0, 1,2, ...} with (for i > 1) p(0,0) = p(i,i —1) = 0.9 and p(¢,i+ 1) = 0.1.
a. Find the unique solution to the balance equations.

b. Find E[R,] exactly.
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Solution. a. The balance equations are
7(0) = 0.97(1) + 0.97(0)
m(1) = 0.97(2) + 0.17(0)
m(2) = 0.97(3) + 0.17w(1)

The solution to the first equation is 7(0) = 97(1). This then plugged into the second equation is
(1) = 9m(2). This continues to give

(i) = (8/9)(1/9)'

b. This will be

1/pi(1) = 81/8 =[10.125]

Chapter 31

265. Suppose X, X, ... are iid uniform over {0, 1,2}, and P(W = 0) = 0.2, P(W = 2) = 0.8. What is
the generating function of

Solution. This will be
gfs(a) = ng (ng (a>)a
where X ~ Unif({0, 1,2}), so

gf (a) = (1/3)(1 4+ a +a?), gfy,(a) = 0.2+ 0.80°.

Hence
gfyy (gf(a)) = 0.2+ 0.8([(1/3)(1 + a + a?)]?)
= 0.2+ 0.8/9 + 2(0.8/9)a + 3(0.8/9)a? + 2(0.8/9)a® + (0.8/9)a’
= (1/45)[4a" + 80> + 124 + 8a + 13] |

267. Suppose a branching process has a number of children that is uniform over {0, 1, 2, 3}. What is the
extinction probability of this branching process?

Solution. The number of children has the uniform distribution. That is, Y ~ Unif({0,1,2,3}). So the
generating function is
gty (a) = (1/4)[a® + a' + a® + a?).

Setting a = gf,.(a) gives

0= (1/4)a® + (1/4)a® — (3/4)a+1/4 — 0 = a3 + a> — 3a + 1.
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Recall a = 1 is always a solution, giving
0=(a—1)(a®+2a—1).

Then the quadratic formula gives r; = (=2 + /4 +4)/2 and r, = (—2 — v/4 4+ 4)/2. Since ry < 0, only
r; € (0,1), making the answer

—2+/8

269. Suppose in a branching process where each individual has Y children

P(Y=0)=0.1, PY=1)=0.6, P(Y =3)=0.3.
What is the extinction probability of this branching process?

Solution. The extinction probability satisfies the equation

a= ¢Y(a)>

or in this problem:
a = 0.1+ 0.6a + 0.3a>.

Rearranging gives

0.3a® — 0.4a + 0.1 = 0.

Plugging in a = 1 works, so use that to factor the equation using polynomial long division:
0.3a® — 0.4a + 0.1 = (a — 1)(0.3a% + 0.3a — 0.1).
So the quadratic formula gives the other roots as:

~ —03+ 021 . —03—0.21

TS0 0 PT T 06
Only r; € (0,1), and is approximately | 0.2637 |

Chapter 32

271. Suppose
P(W =0)=0.5, P(W=2)=0.5

What is the generating function of W?

Solution. This would be

| by (x) = 0.5+ 0.522 |

273. Suppose
P(W=0)=05 P(W=2)=0.5

is the distribution of the number of children for an individual in a branching process. Starting with 1 person,
what is the probability that the population is extinct at the 3rd generation?
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Solution. This would be
(pododog)0).
This is
(¢odod)(0) = (¢09¢)(0.5)
= ¢(0.5+0.5-0.5?)
= ¢(0.625)
=0.5+0.5-0.6252

06953

275. Suppose P(R = 0) = 0.3 and P(R = 2) = 0.7 is the distribution for the number of children in a
branching process. Find the probability of extinction starting with 1 person in the population.

Solution. To find this, solve

to get the root in (0, 1), which is | 0.4285

277.

x=0.3+0.722

Suppose that in a branching process, each individual has a number of children that is Poisson distributed
with parameter A. Such a distribution has generating function equal to exp(—A(1 — x)).

a) If A = 1, find the probability that the population is extinct at the 2nd generation.

b) If A = 0.6, find the probability that the population is extinct at the 2nd generation.

Solution.  a) Using the generating function

(¢ ¢)(0) = d(exp(—1(1-0)))
= exp(—1(1 —exp(—1)))

(0514

b) Using the generating function

(@2 ¢)(0) = ¢(exp(—0.6(1 —0)))
= exp(—0.6(1 — exp(—0.6)))

 [0r025..]

Chapter 33
279.
Let B, be a standard Brownian motion.

a) What is the mean of By — B,?
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b) What is the variance of Bg — B,?

Solution. a) Increments of Brownian motion have mean @

b) The variance of an increment of Brownian motion is the length of time of the interval, so in this case

8—4=|4]

281. Let B, be a standard Brownian motion. What is the distribution of B, — B, 5?

Solution. Increments of Brownian motion have a normal distribution with mean o and variance equal to

the length of the interval. So in this case, the result is | N(0, 2.5) |

283. Let B, be a standard Brownian motion. What is the probability that B, is continuous?
Solution. Standard Brownian motion is continuous with probability 1?
285. Suppose B, is standard Brownian motion. Find P(B; > 2).

Solution. Since By =0,
P(By >2) =P(By— By, >2)=1-P(\5-Z<2),
where Z ~ N(0, 1) is a standard normal random variable.

This can be foundinRwithr 1 - pnorm(2 / sqrt(5))
So the answer is | 0.1855 ... |

Chapter 34

287. Suppose B, = —2.4 for B, standard Brownian motion. What is the distribution of B;?

Solution. Because By — B, ~ N(0, 1), ‘ By ~ N(—2.4,1) ‘

289. Suppose B; = 1.3 and B, = —2.4 where B, is standard Brownian motion. What is the distribution
of By?

Solution. This is an interpolation problem. Here
A="—=1/3

Hence the mean is
1.3+ (1/3)(—2.4 — 1.3) = 0.06666 ... .

The variance is

(4—1) = 0.6666 ...

W=
[SUIRN)
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The distribution is normal, so

[By|B, = 1.3,B, = —2.4] \ N(0.06666, 0.6666) \

291. Suppose B, = —2.4 for B, standard Brownian motion. What is the distribution of B, ?

Solution. Because B, = 0, this is an interpolation problem. First find A:

1-0
A=——=1/4.
4-0 /

This makes AB, 4+ (1 — A\)B, = (3/4)(—2.4) = —1.8 and A(1 — X)(4 — 0) = 0.75.

[B,|B, = —2.4, By = 0] ~| N(—1.8,0.75) |

Chapter 35

293. Suppose that a continuous time Markov chain has infinitesimal generator
—34 34
1.2 —-12)°
Approximate P(X, ggg7 = 2| X, = 1) using the first order approximation.

Solution. The first order approximation is

A(1,2)(0.0007) = 3.4(0.0007) =[0.00238].

295. Suppose that a continuous time Markov chain has infinitesimal generator
—34 34
1.2 —-1.2)°
What is P(X, » = 2| X, =1)?

Solution. The transition matrix at time 4.1 is
exp(0.7A),

which can be found in R using the expm package.
library (expm)

The function call is then

399
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expm(0.7 * matrix(c(-3.4, 3.4,
1.2, -1.2),
nrow = 2,
byrow = TRUE))
## [,1] [,2]

## [1,] 0.2904016 0.7095984
## [2,] 0.2504465 0.7495535

The (1, 2) entry then gives the probability: | 0.7095 ... |

297. Suppose that a continuous time Markov chain has infinitesimal generator
—34 34
1.2 —-1.2)°

Find the eigenvector associated with eigenvalue o and normalize to get the unique stationary distribution

Solution. In R, the left eigenvectors and their eigenvalues can be found with:
A <- matrix(c(-3.4, 3.4,

1.2, -1.2),

nrow = 2,

byrow = TRUE)
eigen(t(A))

## eigen() decomposition

## $values

## [1] -4.600000e+00 -2.220446e-16
Hi

## $vectors

## [,1] [,2]

## [1,] -0.7071068 -0.3328201
## [2,] 0.7071068 -0.9429903

One eigenvalue is -4.6 while the second is below machine epsilon, so that is the one being sought. Normalize:

v <- eigen(t(A))$vectors[, 2]
v / sum(Vv)

## [1] 0.2608696 0.7391304

So the stationary distribution is about

’(0.2608.n,(l7391.n)L

Use the Ergodic Theorem to check!
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expm(20 * A)

HH [,1] [,2]
## [1,] 0.2608696 0.7391304
## [2,] 0.2608696 0.7391304

Looking good!

299.
Suppose a CTMC has infinitesimal generator
—10.3 4.1 6.2
B=1] 50 —-93 43
6.2 3.7 =99
and states {a, b, c}.
a. If the current state is a, what is the chance that the next jump is to b instead of ¢?

b. At what rate is the chain jumping away from state a?

Solution. a. The probability of where the state jumps to is proportional to the rate of moving to that

state. So the answer is " N
11+62 103 0.3980... |

b. The rate at which a chain jumps away from a state is the sum of the rates leaving the state. For state

a, thisis 4.1+ 6.2 =[10.30]

Chapter 36

301. Arrivals to a queue are modeled as a Poisson point process with constant rate. If on average their are
3 arrivals in the first two hours, what is the rate of the PPP?

Solution. This is 3 arrivals per 2 hours, or 3/2 = | 1.500 per hour |

303. Arrivals to a queue are modeled as a Poisson point process of rate 2.3/hour. What is the chance that
the third arrival occurs more than 10 minutes after the second arrival?

Solution. Ten minutes is one sixth of an hour, so in terms of arrival times, the question is asking to find
P(T3 — T, > 1/6 hours)?

Since Ty — T, ~ Exp(2.3/hour), the survival function gives

P(T3 — T, > 1/6 hours) = exp(—(2.3/hour)(1/6) hour) = exp(—2.3/6) = .

(Note that the time units cancel out in the survival function.)
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305. Arrivals to a queue are modeled as a Poisson point process of rate 2.3/hour. What is the chance that
there is exactly 1 arrival in the first five minutes?

Solution. This will be the probability that a Poisson with parameter (2.3)(1/20) equals 1. Note that 5
minutes equals 1/20 of an hour. This will be

(2.3/20)" exp(—2.3/20)/1! =[0.1025 ...

307.
Suppose that the arrivals of airport shuttles at a particular stop follow a Poisson process of rate 1/[10 min)].
a. On average, how many shuttles will arrive in an hour?
b. What is the chance that there are no shuttles in the first 20 minutes?

c. What is the chance that the second shuttle arrives somewhere in [15, 25] minutes?

Solution. a. One hour is 60 minutes, so on average there are 60/10 = @ arrivals.

b. In the first 20 minutes, there are on average 20/10 = 2 arrivals. Therefore, the chance of zero is

exp(2) 01553 -

c. Use the gamma distribution with parameter 2 and 0.1 to get

25
/ 0.12t exp(—0.1¢) /(2 — 1)1 =[0.2705 ... |

15

309. A webpage receives hits at rate 4 per minute. Suppose that five hits are received in the first five
minutes. What is the chance that exactly three of them arrived in the first two minutes?

Solution. Each hit is uniform over [0, 5], and so has a (2 — 0)/(5 — 0) = 0.4 chance of falling into [0, 2].
Each hit is independent of the others, and so the number that fall in [0, 2] is binomial with parameters 5 and

0.4. Therefore, the answer is
5
<3) (0.4)3(0.6)2 =10.2304 |.

Chapter 37

311. The stationary distribution 7 is a left eigenvector for the intfitesimal generator with what eigenvalue?

Solution. This is @

312. For a continuous time Markov chain with states {a, b, ¢} and infinitesimal generator

-1 1 0
05 —2 15 |,
04 02 —0.6

what is p(b, ¢) in the discrete time underlying Markov chain?
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Solution. This will be

1.5
L5 _ [o750]

313. Consider a Markov chain on {0, 1,2, ...} which A(i,i+ 1) = 2fori > 0 and A\(¢,7—1) = 3 fori > 1.
Show that this is an irreducible continuous time Harris chain.

Solution. Note A(7,7) # 0 for every state ¢ in the chain.

Consider two states 7 < j in the chain. Then there is a path from 7 to j that is (¢,7 + 1, ..., j) where the A
value is positive for every step in the path, so A(k,k + 1)/ — A(k, k) > 0 as well.

Similarly, (7,7 — 1, ..., 1) is a path from j down to ¢. Hence ¢ and j communicate for all ¢ < j, making the
chain irreducible.

315. Consider the continuous time Markov chain with infinitesimal generator

—23 11 1.2 0
3.2 =50 1.0 0.8
0.6 0.6 —-32 20
1.1 0.5 21 3.7

A:

Find the Jordan Normal Form of this generator.

Solution. Using

jordan form of {{-2.3, 1.1, 1.2, 0},
{3.2, -5.0, 1.0, 0.8},
{0.6, 0.6, -3.2, 2.0},
{1.1, 0.5, 2.1, -3.7}}

at wolframalpha.com gives for this matrix A

A=8J51,
where
—0.9040 1 —0.3267 —1.351
S~ 4661 1 2455 —0.9528
T —1.636 1 —1.340 1.385
1 1 1 1
58 0 0 0
T~ 0 0 0 0
- 0 0 —b5.645 0
0 0 0 —2.754
—0.2905  0.4358 0.4358 —0.5810
61 A 0.3624 0.1360 0.3064  0.1950
~ 1 0.2708 —0.5024 —0.8934 1.124

—0.3428 —0.06941 0.1512 0.2610
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317. For the continuous time Markov chain with infinitesimal generator

—23 1.1 1.2 0

3.2 —=5.0 1.0 0.8

0.6 0.6 —-32 20 |’
1.1 0.5 21 =37

A:

find the limiting distribution by calculating exp(tA) for ¢ large.

Solution. In R, this can be done with the expm () function,

A <- matrix(c(-2.3, 1.1, 1.2, 0,
3.2, -5.0, 1.0, 0.8,
0.6, 0.6, -3.2, 2.0,
0.5

1.1, , 2.1, -3.7),

byrow = TRUE,

nrow = 4)
expm: :expm(100 * A)
#it [,1] [,2] [,3] [,4]
## [1,] 0.3624792 0.1360239 0.306442 0.1950549
## [2,] 0.3624792 0.1360239 0.306442 0.1950549
## [3,] 0.3624792 0.1360239 0.306442 0.1950549
## [4,] 0.3624792 0.1360239 0.306442 0.1950549

So the limiting distribution is about

\ (0.3624, 0.1360, 0.3064, 0.1950) \

Chapter 38
319. For the CTMC model of exponential growth 3" = ky, if A(2,3) = 10, what is k?

Solution. Here k(2) = 10, so .

321.
For the state space {0, 1,2, ...}, and CTMC where A(7,7 4+ 1) = 3i for all i, answer the following.
a) What is the expected time spent in state 4 before jumping?

b) Will the state of the chain converge?

Solution.  a) Since the time until jump is an exponetial of rate (3)(4) = 12, the expected time until

jumping is 1/12 ={0.08333 |.

322. Suppose that from state (¢, j) there are positive rate edges to (i + 1,5 — 1) and (: — 1,5+ 1). What
simple linear function of the 7 and j is being conserved here?

Solution. In this case is not changing.



45.6. THE YULE PROCESS 405

Chapter 39
324. Suppose E[X?] < 5foralli € {0,1,2,...}. Are the {X;} uniformly integrable?

Solution. , because they are square integrable, and square integrability implies uniform integrability.
325. Suppose E[Y?] =i foralli € {0,1,2,...}. Are the {Y;} uniformly integrable?

Solution. , because for any value of M, [E[YAQ/[H] > M.

326. Suppose E[A?%] < 10. Show that E[|A|I(|A] > 4)] < 10/4 = 2.5.

Solution. If I(|A| > 4) = 1, then |A|/4 > 1, and it is always true that |A|/4 > 0 so even when [(|A| >
4) = 0 it holds that

1(]4] > 4) < @
4
Therefore 4
|AII(JA] > 4) < \A|% = A2/4.
Hence

E[JAIN(|A| > 4)] < E[42/4] < 10/4 = 2.5,

completing the proof.

Chapter 40

327. Suppose P(X = 0) = 0.3 and P(X = 2) = 0.7. Say X;, X, ... with the same distribution as X.
What is E[T] for
T =inf{t: X; + X, +--+ X, =10}?

Solution. Here

T
> X, =10,

=1

and the X, > 0, which means Wald’s Identity can be used to say that
E[X]E[T] = [(2)(0.7) + (0)(0.3)]E[T] = 10,

and

£l = 15 =[7142..]

329. Suppose X € [0,1], and E[X] = 0.7. Say X, X,,... with the same distribution as X. Give the
tightest bound you can on E[T] for

T=inf{t: X; + X5+ + X, > 10}?
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Solution. Because X € [0, 1], it holds that
T
> X, €10,11).

i=1

Therefore, because the X are positive Wald’s Identity applies, and

E [ET: Xl.} = E[T)E[X],
=1

SO
0.7E[T] € [10, 11).
and 100 110
g e [0 O
| ]6{ 707 }

CHAPTER 45. BIRTH DEATH CHAINS

331. Let B;, B,, ... be iid Bernoulli random variables with mean p. Given that a geometric random variable

can be defined as
G =inf{t: B; + - B, = 1},

use Wald’s Equality to find E[G].

Solution. Here the B, > 0, so Wald can be applied. Note that

> B =1,

G
i=1

SO

and since E[B;] = p, the resultis | E[T] = 1/p |

333. Suppose X = —1 with probability 0.6 and X = 1 with probability 0.4. For X, X,, ... iid X, find the

expected value of T', where

T =inf{t: X; +- + X, = —10}.

Solution. The X, are not nonnegative, so to use Wald it is first necessary to show that E[T] < cc.

Let

T, =inf{t: X| + -+ X, € {-10,a}}.

Then |T,| < max{10,a}, so T, is integrable and Wald’s Equation gives

E (Z Xi) = E[T,]E[X,)].

Since the left hand side is at least -10 and E[X;] = —1(0.6) + 1(0.4) = —0.2,

—10 < E[T,](—0.2),
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or

The T, are increasing and converge to 7', hence the Monotone Convergence Theorem gives that E[T] < 50.
Therefore, Wald can be applied to say:

E (ZT: Xi) = E[T)E[X,].

This gives
10 = E[T]ELX,),
or
E[T] = —10/(—0.2) =[50]
Chapter 41
335. What is

10
| aas,
t=0

where S, = 50 + 600(¢t > 4).
Solution. The 4 shares cost (4)(50) = 200 at time o and (4)(110) = 440 at time 10, so the profit is .
337. What is the distribution of
20
W = / [3I(t € [0,10)) + 50(¢ € [10,20])] dB,.
t=0
Solution. This is a simple strategy, so the result is

3(B1p — By) + 5(Byy — Byg)-

Since B;; — By ~ N(0, 10) and By, — By, ~ N(0, 10) are independent, this linear combination will also
be normally distributed with mean 3(0) + 5(0) = 0 and variance 3%(10) + 52(10) = 340. So

W ~|N(0,340) |

339. What is
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Solution. Following the rules for second moments of Ito integrals:

30 2 30
E / (t+B,) dB, :/ E(t+ B,)2 dt
t=0 t=0

30
= / E(t? + 2tB, + B?) dt
t=0

30
:/ t2+0+1)dt
t=0

= (£2/3+2/2)°

- [5550]

Chapter 42

341.

Say f(t,z) = dexp(3t — x).
a) Find df/0t.
b) Find Of /0.
¢) Find 92 f /022

Solution.  a) Thisis|12exp(3t —x) |
b) Thisis| —4 exp(3t —z) |
c¢) Thisis|4exp(3t —x) |

342. Say f(t,x) = 4dexp(3t — x).

Find df (¢, B,) in terms of dt and d B,.

Solution. Using Ito’s Formula:

10%f
2 0x2

df<ta Bt) = |:g{(ta Bt) +

of

(t,B,)| dt+ e

(t, B,) dB,,

and plugging in these partial derivatives gives

| df(t,B,) = 14exp(3t — B,) dt — dexp(3t — B,) dB,. |

344. For R, = B?, write

T
| v.ar,
t=0

as a stochastic integral with respect to d B, using Ito’s Lemma.
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Solution. Here f(t,b) = b2, so
of of 0% f

ot =" e
SO
dR, = (1/2)2B, dt + 2dB,
and
T T T
/ Y, dR, = / YtBtdzH—/ 2Y,dB, |
t=0 t=0 t=0
Chapter 43

346. What is the stationary distribution of a Markov chain whose transition matrix is symmetric?

Solution. This is over the state space.

348. Suppose a Markov chain has two states a and b, and that p(a,b) = 0.6 while p(b,a) = 0.4. Show
that this chain is reversible with respect to the probability vector (0.4,0.6).

Solution. Here
m(a)p(a,b) = (0.6)(0.4) = p(b, a)7(b),

so the chain is reversible.
349. Create a Markov chain whose limiting distribution is uniform over {a, b, ¢, d, e}.

Solution. There are many solutions, but not every chain works. From the ergodic theorem the limiting dis-
tribution will be stationary if the chain is irreducible and aperiodic. Aperiodicity can be enforced by putting
aholding probability of 1/2 on each state. The stationary distribution will be uniform if the transition matrix

is symmetric. So one example is
0.5 0.25 0.25
025 0.5 0.25

0.25 0.25 0.5

Chapter 44
351.

Suppose a chain has p(a, b) = p(b, a) = 0.4. The goal is to create a chain with stationary measure w(a) = 4
and w(b) = 5 using Metropolis-Hastings.

a) What is the chance of accepting a move from a to b?

b) What is the chance of accepting a move from b to a?

Solution.  a) Thisis
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b) This is

min (3.1) (03000

352.

Suppose a chain has p(a,b) = 0.6 and p(b,a) = 0.5. The goal is to create a chain with w(a) = 4 and
w(b) = 5 using Metropolis-Hastings.

a) What is the chance of accepting a move from « to b?

b) What is the chance of accepting a move from b to a?

Solution.  a) This is
on (582,
b) This is
an (8.
Chapter 45

353. Consider an M /M /1 queue with A = 2 and = 3. What is the stationary distribution for the chain?

Solution. Using the formula for stationary distribution gives

= 125015 (3) |

355. Prove that

o~ 1
Zﬁ<0®

i=1

<1
/1xl5d$

is finite, then so is the sum. An antiderivative of =1 is 2795 /(—0.5). Hence

Solution. The integral test says that if

1
/ Fdx:lim2~1_0'5—2-b_0'5<oo.
r=1

Therefore the sum Zzl i15 < 00 as well.
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