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Chapter 1

Course information

1.1 Course content

Course details: This course is focussed upon applied probability, which is a rather complex academic
discipline. We will study discrete and continuous-time stochastic processes and their applications, that is
random variables that will vary according to a time parameter. This parameter can change either discretely
or continuously. In particular, we will focus upon three broad areas:

e Markov chains in discrete time
* Markov chains in continuous time (incl. Poisson, Birth-death processes)
* Brownian Motion: A Markov process in continuous time on a continuous state space

Applications: During the course we will look at genuine applications of these ideas, within the context of
finance, population genetics. Examples include

* The evolution of insurance claims over time.
* The time evolution of DNA sequences back to a most recent common ancestor.

* The evolution of a stock over a day of financial trading.

1.1.1 Syllabus

This module introduces stochastic processes and their applications. The theory of different kinds of pro-
cesses will be described and illustrated with applications in several areas.
The course covers the following topics:

* Discrete-time Markov chains: Chapman-Kolmogorov equations. Recurrent, transient, periodic, ape-
riodic chains. Returning probabilities and times. Communicating classes. The basic limit theorem.
Stationarity. Ergodic Theorem. Time-reversibility. Random walks. Gambler’s ruin.

» Poisson processes: Poisson processes and their properties; Superposition, thinning of Poisson pro-
cesses; non-homogeneous, compound, and doubly stochastic Poisson processes. Autocorrelation
functions. Generating functions and how to use them.

* General continuous-time Markov chains: generator, forward and backward equations, holding times,
stationarity, long-term behaviour, jump chain, explosion; birth, death, immigration, emigration pro-
cesses. Differential and difference equations and pgfs. Finding pgfs. Embedded processes. Time to
extinction.

* Brownian motion and its properties.

All parts of the lecture notes and problem sheets are potentially examinable.



A. E. D. Veraart Applied Probability Autumn 2022

1.1.2 Recent updates

The lecture notes were originally based on a set of notes by Prof. Ajay Jasra, who taught the course in 2010
and 2011, but they have been regularly updated subsequently.

The lecture notes have been revised substantially for the academic year 2020-2021, when more ex-
amples, case studies and implementations of examples in R have been included'. In particular, most of
the material which had typically been covered in the live lectures (but was not necessarily included in the
typed notes) is now included in the lecture notes to make the notes more self-contained and more suitable
for mixed-mode delivery.

In the academic year 2020-2021, further corrections have been made and a chapter on Brownian motion
has been added to reflect the new syllabus.

For the academic year 2022-2023, the material on discrete-time Markov chains has been shortened to
reflect the fact that both Y3 and Y4 students had a first introduction to this topic in the Y2 course Probability
for Statistics and the material on Brownian motion has been further extended.

1.2 Complementary reading

The lecture notes are self-contained. They are mainly based on the following textbooks:

e Grimmett & Stirzaker (20010): At times, the course relies quite heavily on this text, and reading this
book, as well as doing the exercises, will help quite a lot.

e Grimmett & Stirzaker (2001a): This is the solutions manual for the book Grimmett & Stirzaker
(20010).

* Norris (1998): This books is very suitable for independent complementary reading of the theoretical
aspects of Markov chains in both discrete and continuous time.

* Dobrow (2016): This book explains the underlying theory at a more intuitive level and contains
plenty of examples and R code. Students who are more interested in applications will most likely
find this book very enjoyable to read.

Other very good textbooks include Ross (2010), Pinsky & Karlin (2011), Durrett (2016).
For very motivated students, the references Billingsley (2012), Kallenberg (2002), Shiryaev (1996),
Williams (1991) might be of interest, but note that they are very advanced.

'However, note that programming skills in R are not required for any assessments.



Chapter 2

Preliminaries [Mainly reading material |

There are number of concepts that need to be known. You should be familiar with the material in this
section from your first year probability and statistics course. If you have forgotten some of the material,
however, then it is a good idea to start revising the material now before we start with the new material!

2.1 Cardinality of sets

Definition 2.1.1 (Finite, countably infinite and uncountably infinite sets).
e A set A is said to be finite, if it has a finite number of elements.

e A set A is called countably infinite if there is a bijection between the elements of A and the natural
numbers N = {1,2,... }.

e A set A is called countable if it is either finite or countably infinite.

o Ifthe set A is neither finite nor countably infinite, we call it uncountable or uncountably infinite.

2.2 The probability space

Recall that probability theory starts with a probability space which consists of a triple (€2, 7, P), where

* the set 2 is the sample-space (or state-space), which is the set of all possible outcomes. E. g. when
we role a die once, the corresponding sample space is given by Q = {1,2,3,4,5,6}.

» F is a collection of events/sets we can make probability statements about (we will make this precise
below).

* P is a probability measure which ‘measures’ the probability of each set A € F.
Let € be a set.

Definition 2.2.1. A collection F* of subsets of §) is called an algebra on () if it satisfies the following three
conditions:

1. O e F*;
2. if A € F*, then A¢ € F*;
3. l:f‘Al,AQ € F*, then A1 U Ay € F*.

Note that the above definition implies that Q = ()¢ € F*, and that if Ay, Ay € F*, then Ay N Ay =
(A U A$)° € F*. So we have seen that an algebra is stable under finitely many set operations.
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Definition 2.2.2. A collection F of subsets of ) is called a o —algebra on S} if F is an algebra such that if
Al,AQ,...,EF, thenufilAi e F.

Note that if F is a o-algebra and Ay, Ao, ..., € F,then N2, A; = (U2, A%)° € F. Hence a o-algebra
is stable under countably infinite set operations.

Definition 2.2.3. Ler () denote a set and let F be a o-algebra on ). We call the pair (0, F) a measurable
space. An element of F is called a F-measurable subset of ).

Definition 2.2.4. Let A denote an arbitrary family of subsets of ). Then the c-algebra generated by A is
defined as the smallest o-algebra which contains A, i.e.

o(A):=n{G : Gisao-algebra, A C G}.
Example 2.2.5. The smallest c—algebra associated with Q) is the collection F = o(Q) = {0,Q}.
Example 2.2.6. Let A be any subset of Q. Then o(A) = {0, A, A¢,Q}.

Example 2.2.7. A very important example is the o—algebra generated by the open subsets of R, which we
call the Borel o—algebra and which is denoted by B = B(R). One can show that B = o({(—oc0,y] : y €

R}).
Note that (—o0, y] = Nypen(—00,y + L) is a countable intersection of open sets and hence is in 5.

Definition 2.2.8 (Probability measure). A mapping P : F — R is called a probability measure on (2, F)
if it satisfies three conditions:

(i) P(A) > 0 for all events A € F,
(ii) P(Q) =1,

(iii) For any sequence of disjoint events A1, A, Az, -+ € F we have

[Note that by “disjoint events” we mean that A; N A; = 0 for all i # j.]

Summarising, we re-iterate that throughout the course, we always assume that we are on a probability
space (2, F, P), where

* the set €2 is the sample space and w € (2 is called a sample point;

e Fis a o-algebra on {2 which describes the family of events. An event is defined as an element of F,
i.e. an event is a F-measurable subset of (2;

* P is a probability measure on the measurable space (2, F).

2.3 Some rules of probability

As a reminder, and in a non-rigorous way, we have the following identities. All notation is as above and
we refer to any sets as above. Note that we use these ideas, without further reference, later in the notes.

* Complement: P(A°) =1 —P(A) forall A € F,
* Addition law: P(AUB) =P(A)+P(B) —P(ANB),forall A,B € F,
* Conditional probability: For B € F with P(B) > 0, define

P(A|B) = P(ﬁ(;)B)
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In this course, we will deal with conditional probabilities a lot! When we write down a conditional
probability, we will always (implicitly) assume that, the event on which we condition, does not have zero
probability!

Theorem 2.3.1 (Multiplication rule). Letn € N, then for any events Ay, . .., A, withP(AsN---NA,,) >0,
we have

P(A1 N NAp) = P(Ay|As N N A)P(Ao] A5 NN Ay) -
P(A’!L—2|ATL—1 N An)P(A’n,—l‘A7L)P(A’n,)7

where the right hand side is a product of n terms.

Note that the ordering of the events in the theorem above can be changed.

2.3.1 The law of total probability

Definition 2.3.2 (Partition). A partition of the sample space ) is a collection {B; : i € I} (for a countable
index set T) of disjoint events (meaning that B; € F and B; N\ B; = () for i # j) such that Q = J,.; B;.

Remark 2.3.3. We note that a partition of the sample space is often not unique and the choice of the
particular partition typically very much depends on the problem we want to solve!

Theorem 2.3.4 (Law of total probability). Let {B; : i € I} denote a partition of ), with P(B;) > 0 for
alli € T. Then, for all A € F,

P(A) =Y P(ANB;) =Y P(A|B)P(By).

icT i€T
Example 2.3.5. Given two events A, B € F such that 0 < P(B) < 1, we have
P(A) = P(A|B)P(B) + P(A|B°)P(B°).

Theorem 2.3.6 (Law of total probability with additional conditioning). Consider events A, E withP(E) >
0 and let {B; : i € I} denote a partition of Q, with P(B; N E) > 0 for all i € L. Then,

B P(ANB;NE)
P(A|E) = Z S T ZP(A|B7, N E)P(B|E).
i€l €L
2.3.2 Independence
Definition 2.3.7. Events A and B are independent if
P(ANB) = P(A)P(B).

Morve generally, a family {A; : i € T} is called independent if

P (NiegAi) = [] P(4),
ieJ

for all finite subsets J of L.

2.4 Random variables

Let us recall further important definitions.
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2.4.1 Pre-images

Definition 2.4.1. Consider a function with domain X and co-domain ), i.e. f : X — ).

e For any subset A C X, we define the image of A under [ as

JA) ={yeY:Twed: f(z) =y} = {f() :z € A}.
If A= X, then we call f(X) =Imf the image of f.
e For any subset B C ), we define the pre-image of B under f as
fY(B)={reX: f(x) € B}

Please not that the pre-image should not be confused with the inverse function (despite the fact that we

are using the same notation). The pre-image is well-defined for any function, whereas the inverse function

obviously only exists when the function f is invertible.
The definition of the pre-image implies that

re f1(B) & f(z) € B.

Note that in the case when B is a singleton, i.e. B = {b} for an element b € ), then we often simplify
the notation to f~1({b}) = f~1(b).

2.4.2 Random variables

Definition 2.4.2 (Random variable). A random variable on the probability space (0, F,P) is defined as
the mapping X : Q) — R which satisfies

X H(—o0,2)) ={weQ: X(w)<z}eF  forallz eR. (2.4.1)

Definition 2.4.3 (Cumulative distribution function (c.d.f.)). Suppose that X is a random variable on
(Q, F,P), then the cumulative distribution function (c.d.f.) of X is defined as the mapping Fx : R —
[0, 1] given by

Fx(z) =P({w € Q: X(w) < a}) = P(X~'((—00,2])),
which is typically abbreviated to Fx () = P(X < z).

Definition 2.4.4 (Discrete random variable). A discrete random variable on the probability space (2, F,P)
is defined as a mapping X : Q0 — R such that

(i) the image/range of Q under X denoted by ImX = {X (w) : w € Q} is a countable subset of R,
(ii)) X Hz)={weQ: X(w)=x} € Fforallz € R.

Definition 2.4.5 (Probability mass function). The probability mass function (pmf) of the discrete random
variable X is defined as the function px : R — |0, 1] given by

px(2) =P({w € Q: X(w) =z}) = P(X (). (2.4.2)
We typically shorten the notation significantly and write px (z) = P(X = z).
Definition 2.4.6 (Continuous random variable and probability density function). A random variable X is
called continuous if its c.d.f. can be written as

Fx(z)=P(X <z) = /I fx (u)du, forall x € R, (2.4.3)

where the function fx : R — R satisfies
(i) fx(u)>0forallu e R,
(ii) [72, fx(u)du = 1.
We call fx the probability density function (p.d.f.) of X (or just the density)."

'In a later analysis/measure course we will say that equation 2.4.3 means that the “c.d.f. of a continuous random variable is
absolutely continuous with respect to the Lebesgue measure”.
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2.4.3 Independence of random variables

Recall that in Definition 2.3.7 we defined independent events. Next, we want to define the concept of
independence of random variables.

Discrete random variables X and Y are independent if the events {X = 2} and {Y = y} are inde-
pendent for all x and y. More generally:

Definition 2.4.7. Let T C R denote an index set. A family {X; : i € I} of discrete random variables is
independent if for all finite subsets 7 C T and all v; € R, j € J, the following product rule holds:

P(X; =y, forallic J) = [[ P(Xi = ;).
1€J

Recall that we cannot define the independence of continuous random variables X and Y in terms of
events such as {X = z} and {Y = y}, since these events have zero probabilities and are hence trivially
independent.

We now state a definition of independence which is valid for any pair of random variables, regardless
of their types (discrete, continuous, etc.).

Random variables X and Y are called independent if the events {X < x} and {Y < y} are indepen-
dent for all =,y € R. More generally, we have:

Definition 2.4.8 (Independence of a family of random variables). Let Z C R denote an index set. A
family of random variables {X; : i € T} is said to be independent if for all finite subsets J C T and all
z; € R,j € J, the following product rule holds:

P (Njes{X; <a;}) = [ P(X; < ay).
jeg

2.5 Continuity of the probability measure

Definition 2.5.1 (Increasing and decreasing sets). A sequence of sets (A;)$2, is said to increase to A,
ie. A TAIfAL C Ay C - and UR | A; = A. Similarly, a sequence of sets (A;)$2, is said to decrease
to A, ie. A,iA, lfA1 DA D - andﬂfilfh = A

Note that A; T A if and only if A§ | A°.
Next we will state and prove the continuity property of the probability measure’.

Theorem 2.5.2. If A1, As,--- € Fand A; T Aor A; | A, then

lim P(4;) = P(A).

1—00

The above theorem states that, for increasing or decreasing sets, we can interchange the limit operation
and the probability measure, i.e. we have

17— 00 17— 00

where the set limit on the right hand side needs to be understood as taking an infinite union or intersection
for increasing and decreasing sequences, respectively.

2.6 Expectation of random variables

2.6.1 Definition of the expectation

Next we define the expectation of a discrete random variable.

ZRecall that a sequence of real numbers () is said to converge to a real number « if for all € > 0 there exists an ng € N such
that for all n > ngo we have |z, — z| < €.

10
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Definition 2.6.1 (Expectation of discrete random variable). Let X denote a discrete random variable, then
the expectation of X is defined as

E(X) =) aP(X =x)

whenever the sum on the right hand side converges absolutely, i.e. when we have Y |z|P(X = z) < c0.?

Definition 2.6.2 (Expectation of a continuous random variable). For a continuous random variable X with
density fx, we define the expectation of X as

Bx) - [ O; 2 fx (),

provided that [ _ |z|fx (z)dz < cc.

2.6.2 Law of the unconscious statistician (LOTUS)
Theorem 2.6.3 (LOTUS: Discrete case). Let X be a discrete random variable and g : R — R, then

E(g(X) = Y g@)P(X =),
relmX

whenever the sum on the right hand side converges absolutely.

Theorem 2.6.4 (LOTUS: Continuous case). Let X be a continuous random variable with density fx,
consider a function g : R — R, then

Blo(x) = [ " o) fx (@)da,

J —oo

provided that [~ _|g(z)|fx (z)dz < occ.

2.7 Conditional expectation and the law of total expectation

2.7.1 The discrete case

Definition 2.7.1 (Conditional distribution and conditional expectation). Let X denote a discrete random

variable on the probability space (0, F,P). Consider an event B € F such that P(B) > 0. The condi-

tional distribution of X given B is defined as

P{X =z}nB)

P(B)

Further, the conditional expectation of X given B is defined as

E(X|B)= Y aP(X =z[B),
zelmX

P(X =z|B) = , forx e R.

provided the sum is absolutely convergent.

Similarly to the ideas presented in the law of total probability, it can often be useful to consider a
partition of the probability space to compute an (unconditional) expectation via conditional expectations as
we describe in the following theorem.

Theorem 2.7.2. [Law of total expectation] Consider a partition {B; : i € T} of Q with P(B;) > 0 for all
i € L. Let X denote a discrete random variable with finite expectation. Then

E(X) =Y E(X|B;)P(B;),
1€

whenever the sum converges absolutely.

3This assumption matters in the case when ImX is infinite. If the sum converges absolutely, then the sum takes the same value
irrespectively of the order of summation.

11
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Conditioning on a random variable

Suppose (X,Y") are jointly discrete random variables. In the above definition, consider the event B =
{X =z} forsome z € Rsuchthat px (z) = P(X = z) > 0. Then the conditional distribution/probability
mass function of Y given X = x is given by

px.y(T,y)

, foryelR
px(x)

py|x(ylz) =P(Y =y|X =z) =
Also, the conditional expectation of Y given X = x is given by

Y(z) =EY|X =) Zypwx ylz),

provided the sum is absolutely convergent.
We call the random variable (X ) = E(Y'|X) the conditional expectation of Y given X .
Also, the law of the unconscious statistician (LOTUS) for conditional expectations says that

E(g(Y)|X =2) = Zg (¥)py | x (ylz).

Note that we can also formulate an independence condition in terms of conditional p.m.f.s: Discrete X
and Y are independent if and only if

PY =y|lX =2)=PY =y)

for all z, y such that P(X = z) > 0.

2.7.2 Continuous case

Let X, Y denote jointly continuous random variables with joint density function denoted by f(x y) and
marginal densities denoted by fx and fy, respectively. Then the conditional density function of Y given
X is defined as
f (X,Y) (z,y)

fx(z)

for any z, such that fx (x) > 0. Also, the conditional distribution function of Y given X = x is defined as

fyix(ylz) =

Fyixa(yla) = P(Y < y}X =) = [ " fyix(ole)de

for any x, such that fx (x) > 0.
Note that we can also formulate an independence condition in terms of conditional p.d.f.s: Jointly
continuous random variables X and Y are independent if and only if

fY\X(y‘I> = fr(y),

for all x, y such that fx (x) > 0.
Note that, by Tonelli’s theorem, see Theorem 2.8.1, we obtain the continuous version of the law of total
probability:

P(Y > ) = / )= / [ e e o)dads

B /_Z /yOC fix.vy(z,v)dvdx
N /_Z /yoc fyx (v]z) fx (v)dvdz

12
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=‘/f:)jgujfylx(vJﬂdvfx(x)dx

_ /Oo P(Y > y|X = 2) fx (2)da.

— 00

Definition 2.7.3 (Conditional expectation). For two jointly continuous random variables X,Y, we define
the conditional expectation of Y given X = z as

yfmx(ylw)dyz/_ ywdy,

oo

Y(x)=EY|X =2)= /

—00
provided that fx (x) > 0.
The continuous analogue of the law of total expectation reads as follows:

Theorem 2.7.4 (Law of total expectation). For jointly continuous random variable X, Y with E|Y| < oo,
we have

E(Y) = / EY|X =2z)fx(x)dz.
{:fx (2)>0}

Another variant of the law of total expectation/continuous law of total probability, which we will be
using frequently, is given as follows.

Suppose that A is an event and [ 4 is the indicator variables associated with the event A. Let X be a
continuous random variable with probability density function fx. Then we have

B(Ly) = B(E(LIX)) = [ B(LIX = o) fx ()da. @1.1)
Recalling that E(I4) = P(A), we get

P(A) = /P(A|X =) fx(x)dx, (2.7.2)

which we often also refer to as a continuous version of the law of total probability.

2.8 Interchanging sums, integrals, limits

Throughout the course, we will often need to interchange limits/sums/integrals/expectations. We will now
state important theorems which will justify such interchanges under suitable conditions.

I will not assume that you have seen these theorems before. We will now state these theorems (without
proofs), and we will apply them throughout the course.

Theorem 2.8.1 (Tonelli’s theorem). The order of integration, countable summation and (conditional) ex-
pectation can be interchanged whenever the integrand/summands/random variables are non-negative.

Proof. See (Kallenberg 2002, Theorem 1.27). O

There is a related result, called Fubini’s theorem, which applies in the setting when integrands/sum-
mands/random variables are not necessarily non-negative. However, an additional integrability condition
is needed for this more general theorem to hold.

We will now state the famous dominated and monotone convergence theorems. We note that they can
be expressed more concisely using measure theory. However, since knowledge of measure theory is not
assumed for this course, we will just state the versions of these theorems which will be needed during the
course, even if this appears rather repetitive!

We first state the dominated convergence theorem for real (deterministic) sequences, there will be no
randomness! See (Kallenberg 2002, Theorem 1.21).

13
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Theorem 2.8.2 (Dominated Convergence Theorem). Let T denote a countable index set. If ) ;. a;(n) is
an absolutely convergent series for all n € N such that

1. foralli € T the limit lim,,_, a;(n) = a; exists,

2. there exists a sequence (b;);cz, such that b; > 0 foralli € T and
n,i: |a;(n)| < b;.

iez bi < 00 such that for all

Then ), 7 |a;| < oo and
Zai = Znh_)néo a;(n) = nh_)rr;OZai(n)
i€T i€T s
Next, we study theorems which apply to sequences of random variables and will enable us to inter-
change limits and expectations.

Theorem 2.8.3. Suppose {Z,,} is a sequence of random variables with P(lim,,_,~, Z,, = Z) = 1, then
1. Monotone convergence (MON): If P(Z,, > 0) = 1 and P(Z,, < Z,,41) = 1 for all n, then

lim E(Z,) = E(lim Z,) =E(2).
n—oo

n—oo

2. Monotone convergence (MON2): IfP(Z,, > 0) = 1l and P(Z,, > Z,+1) = 1 foralln, E(Z;) < oo
then

lim E(Z,) =E(lim Z,)=E(Z).

n—oo n—oo
3. Dominated convergence (DOM): If P(|Z,,| <Y) = 1 forall n, and E|Y| < oo, then
lim E(Z,) = E( lim Z,) = E(Z).
n—oo

n—oo

4. Bounded convergence (BC) (special case of DOM): If P(|Z,,| < ¢) = 1 for some constant c for all
n, then

lim E(Z,) = E(lim Z,) =E(2).

n—oo n—roo

See Grimmett & Stirzaker (20015, p.179-180) and Kallenberg (2002, Theorem 1.19, Theorem 1.21,
Corollary 17.13, Theorem 6.1) for details and note that these convergence results can be extended to con-
ditional expectations as well!

An important consequence of the monotone convergence theorem is that, for non-negative random
variables {Z,, } with finite expectation,

E(izi>:E<1ganZ>MON Jim E (ZZ>_ 1gnooZE Z (Z),

whether or not the summation if finite.

2.9 Stochastic processes and their realisations/sample paths

In the first year probability courses we have only focused on random variables, now we extend this notion
to stochastic/random processes.

Definition 2.9.1. A stochastic process X = (Xi)ieT on (2, F,P) is a collection of random variables.
Le.

X:QxT—=E, (w,t) = Xi(w),

where T is some time domain (e.g. T = NU{0}, 7 = [0,T] or T = [0,00)) and E denotes the common
state space of the random variables.

14



A. E. D. Veraart Applied Probability Autumn 2022

Note that a stochastic process is a function in two variables: w and ¢, but we typically just write
X = (Xi)teT-

Note that we will be using the notation (X;), (X¢)ie7, { X+ } and { X }+<7 interchangeably for stochas-
tic processes.

Recall that the randomness in the random variable comes from w, more precisely, from the fact that we
do not know which w will appear in an experiment. For a random variable Y, say, as soon as w is known,
then Y (w) is known and typically called the realisation of the random variable Y.

In the context of stochastic processes, for any w € €2, we call the function

Xw):T—E, t— Xi(w)

arealisation/sample path/trajectory of X = (X;);c7. Le. when we talk about a sample path/realisation,
then the w is fixed and we consider only a function in ¢ and no longer a function in both ¢ and w.

End of lecture L. ... ...
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Chapter 3

Discrete-time Markov chains

Markov processes are one of the most important (if not the most important) of all stochastic processes.
Examples include Poisson processes, Brownian motion, diffusion processes etc. The underlying idea is to
encapsulate the dependence structure of the process using a simple property.

Andrei Markov (1856-1922) was a Russian mathematician, who is well-known for his influential work
on stochastic processes.

Figure 3.1: Andrei Markov

Informally, a Markov process has the property that conditional on the present value, the future is
independent of the past.

We will, of course, formalise this concept as the chapter progresses. Markov processes, are often the
term for a continuous time process, on a general (continuous) state-space. We will consider one such
a process towards the end of this course, but this chapter is focussed upon Markov chains, which, for
our purposes are Markov processes in discrete (or continuous time) on a discrete state—space. We begin
with discrete-time, discrete space Markov chains, and we will investigate a variety of properties, including
stationarity. In the next chapter, we then turn to continuous-time, discrete state, Markov chains.

3.1 Definition of discrete-time Markov chains
We begin by giving the basic set-up:
* Consider a probability space (92, F, P).

e Let Xy, X1, ... be asequence of discrete variables, each variable taking some value in a state space
E.

16
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* We always assume that E is countable. Often we assume that £ C 7Z, but E can be any finite or
countably infinite set.

e Let K = card(E) (i.e. the number of elements in the set F). If the state space F is finite, then
K < o0, if it is countably infinite, then K = co.

o We write N = {1,2,3,...} and Ny = NU {0}.

* A collection of random variables denoted by X = {X,, },cn, is called a discrete-time stochastic
process.

We already mentioned that, informally, a Markov process has the property that conditional on the
present value, the future is independent of the past. We will now describe this property mathematically.

Definition 3.1.1. A discrete-time stochastic process X = {X,, }nen, taking values in a countable state
space E is a Markov chain if it satisfies the Markov condition

P(X, =jlXn1=10,Xn 2=2n2,...,X0 = 20) = P(X,, = j| X1 =),
foralln € Nand forall xg,...,x,_2,1,j € E.

Here we see that the dependence, of X,,, conditional upon the sequence Xo.,—1 = (Xo,..., Xn—1),
isonlyon X, ;.

An important point to note is that X, is not in general independent of (say) X,,_o.

In the following, we will always work with time-homogeneous transition probabilities (unless stated
otherwise):

Definition 3.1.2. 1. The Markov chain { X, },cn, is time-homogeneous if
P(Xn41 = jlXn = i) = P(X1 = j| X0 = 19)
foreveryn € Ny, 1,7 € E.
2. The transition matrix P = (p;;); jcp is the K x K matrix of transition probabilities
pij = P(Xpt+1 = jlXpn =1).

Note that, if X,, = 7, we typically say that the Markov chain visits state ¢, or hits 7, at time n.
Definition 3.1.3 (Stochastic matrix). A square matrix P is called a stochastic matrix if

1. P has non-negative entries, p;; > 0 for all i, j.

2. P has row sums equal to 1; 3, p;j = 1 for all i.
Theorem 3.1.4. The transition matrix P is a stochastic matrix.
Proof. 1. p;; is a conditional probability and hence it is trivially non-negative.

2. Note that for each 7 € E, we have

S by = PG =ixp =iy = 3 PRI =X =D s PR 21 2 )G =)

J€E J€E = PEo=1) = P(X, = i)
1 1

=—— N PXo=iX, =j))P(X; =j) = =——P(Xy =14) =1,

P(X():i)jEZE (Xo =i|X1 = j)P(X1 = j) P(Xo =) (X0 =1) ,

where we used the law of total probability.
O

A useful tool in the context of Markov chains are so-called transition diagrams, where we draw a
node for each state in F and a directed edges between the nodes ¢ and j (i, j € E) if p;; > 0.

17
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Example 3.1.5. Let us consider an example of a Markov chain with three possible states {1,2,3} and
strictly positive transition probabilities p;; for i,j € {1,2,3}. The corresponding transition diagram is
given by

p11 D22 P33
P12 D23
P21 32
P31
b13

Figure 3.2: Example of a transition diagram of a Markov chain with state space £ = {1, 2, 3}.

Example 3.1.6. Let us assume that the weather in London can be modelled by a Markov chain (X,,) e {0,1,2,...
and for simplicity we assume that there are only three possible states: E = {1,2, 3}, where the three states
can be interpreted as follows: State 1: Rain, state 2: sun; state 3: fog. We assume the following:

* There are never two sunny days in a row. If it is a sunny day, then it is equally likely that the next day
will be rainy or foggy.

o [Ifit is rainy or foggy, then there is a 50% chance of having the same weather condition the next day.
o [f the weather changes from rain or fog, only half of the time is this a change to a sunny day.

Write down the transition matrix P.

0.5 0.25 0.25
P= 0.5 0 0.5
0.25 0.25 0.5

Example 3.1.7. Suppose that X = {X, }nen, is a sequence of independent and identically distributed
discrete random variables which take values in E = {1,..., K'}. We write

P(X, =7j) = pj, forall j € E,n € Ny.
Then Zﬁil p; = 1, and the transition probabilities are given by
pij = P(X1 =j|Xo=1) =P(X1 =j)=p;, foralli,jekE,

by independence. Hence

p1 p2 ... PK

p1 P2 ... PK
P = . . .

pr p2 ... PK

18



A. E. D. Veraart Applied Probability Autumn 2022

3.2 The n-step transition probabilities and Chapman-Kolmogorov
equations

We have looked at the 1-step transition dynamics of a Markov chain. However, it is often of interest to
consider the n-step transition dynamics, defined as follows.

Definition 3.2.1. Let n € N. The n-step transition matrix P,, = (p;;(n)) is the matrix of n-step transition
probabilities

pij(n) = P(X7n+n = ]‘Xm = Z),
with m € Ny.

Note that p;;(n) is the probability that a process which currently is in state ¢ will be in state j after n
steps.

For a Markov chain, we know that, given the present, the future is independent of the past. We can show
that given the most recent past, the future is independent of the past. We will now describe this property
mathematically.

Lemma 3.2.2. For a discrete Markov chain (X,,)n>0 on the state space E, we have
P(Xptm = Tpnam|Xn = Tny ..., Xo = 20) = P(Xntm = Tngm| Xn = ),
form € Nand forall x, 1, Ty, ...,20 € E.
Proof. See Exercise 1- 1. U

We can now formulate the Chapman-Kolmogorov equations, which can be used for computing n—step
transition probabilities.

Theorem 3.2.3. Let m € Ny, n € N. Then we have for any 1, j € E that

pm m+n val PIJ
leE

that is
Poin=P.,Py,
and
P, =P".

Remark 3.2.4. Note that in the case that K < oo matrix multiplication is well-defined. For the general
case we extend the definition in the natural way: Let X be a K—dimensional row vector and let P be a
K x K-matrix where K = co. Then

P); = Zmipij, (PQ)ik = Zpijpjka

i€cE jEE
fori, j, k € N. Similarly, we define P™ for any n > 0. Also P is the identity matrix, where (PO)Z-]- = 0.

Proof of Theorem 3.2.3. First we show that P,,,,, = P,,,P,, forallm € Nyg,n € N:
For any 7, 7 € E and integers m € Ny, n € N we have

p,;j(m + n) = P(XIIL+IL - 7‘X0 — 7,)

<;) ZP(XNL+IL - j|X7n - le() - L)P(Xm - Z|X() - L)
leE
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(*:*) ZP(XNL+7L = j|Xm = l)P(Xm - l|X0 - Z)

leE
=Y wii(n)pa(m) =Y pua(m)py(n).
leE leE

where we applied the law of total probability with additional conditioning (Theorem 2.3.6) in (*) and the
Markov property in (*%).

Next we show that P,, = P" for all n € N. We prove this by induction in n. For n = 1 the claim is
trivially true. For any ¢, j € E and any n € N we have

pij(n+1) = P(Xp41 = j|Xo = 19)
S P(Xpr = X0 = 1, Xo = )P(X, = 1| Xo = i)

leE
(: ZP(XH,+1 = ]‘Xn = Z)P(Xn = Z|XO — ”L)
leE
- Zpljpil(”) = Zpil(")]?z,j-
I€E I€E

where we applied the law of total probability with additional conditioning (Theorem 2.3.6) in (*) and the
Markov property in (**). Now we can apply the induction hypothesis to conclude that P,,,; = P,,P =
PP = P"*! which concludes the proof.

O

Example 3.2.5. Consider the following transition matrix of a two—state Markov chain on the state space

E=1{0,1},
a 11—«
P<6 1—/3)’

Jor o, B € (0,1). (Check whether this is indeed a transition matrix!). Let o = 0.7, = 0.4. What is
poo(4)? Note that poo(4) is the probability, that we will be in state 0 in four steps given that we are in state
0 now. We need to compute P*. Then

P2 _ 0.7 0.3 0.7 03\ [ 0.61 0.39
“ L 04 06 04 06 /)  \ 052 048 )’
pt— 0.61 0.39 0.61 039 \ [ 0.5749 0.4251
L 052 048 0.52 0.48 / — \ 0.5668 0.4332 /)~
Hence we have pgo(4) = 0.5749.

End of Lecture 2. ... ... o

3.3 Dynamics of a Markov chain

The equations are called the Chapman-Kolmogorov (CK) equations and are the most basic ingredient of
Markov chains. They help to relate the long-term behaviour of the Markov chain, to the local transition
dynamics (or transition matrix) of the chain. We can also use the CK equations to describe the marginal
distribution of the chain X = {X,, },,en,. for any time n € Nj.

Definition 3.3.1. We denote the probability mass function of X,, for n € Ny by
"™ =P(X,=i), icE.

Let K = card(FE). We denote by v"") the K-dimensional row vector with elements VZ-(n) fori e E;itis
called the marginal distribution of the chain at time n € Ny.
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Clearly, v > 0 foralli € Eand Y, , v = 1.
Example 3.3.2. Let E = {1,...,K}. Then
v = () = (P(Xa = 1), P(X, = 2),.. P(X, = K)).
Theorem 3.3.3. With the notation introduced above, we have
pmtn) — ,(mp  — v(mpn foralln € N;m € Ny.
Hence
v = Op, — V(U)P", for alln € N.
Proof. Forany n € N, m € Ny and for any 57 € F, we have

VJ('7n+n) = P(Xm+n = J) = ZP(Xm+n = J‘Xm = Zl)P(er = Z)

icE
=Y ™ =3 v pii(n).
< el

By the CK equations we know that P,, = P™ hence we can conclude that plmtn) — V("”)P,I, =p(mpn,
O

We have seen that the marginal distributions of the Markov chain are determined by the initial distribu-
tion 2(*) and the transition matrix P. Actually, an even stronger result holds.

Theorem 3.3.4. Let X = {X,}nen, denote a Markov chain on a countable state space E. Then its
initial distribution v%) and its transition matrix P determine all the finite dimensional distributions of the
Markov chain, i.e. forall 0 < ny < ng < --- < ngp_1 <ng (n; € Ng,e = 1,...,k), k € N and states
T1,...,2r € E we have

P(an = T1, X’ﬂz =225, an. = xk) = (V(O)Pnl)fbl (PnQ_nl)fL’lfl’z T (Pnk_nkil)zk—ll’k
= (V(O)Pnl):clp:cl:cg (n2 - nl) o Pag_qax (nk - nk—1)~

Proof. The result follows from applying the multiplication rule for intersections of events, see Theorem
2.3.1, and the Markov property and time-homogeneity of the Markov chain and finally Theorem 3.3.3:

P( Xy, =xp, Xnpo ) = The1y ooy Xnp = T2, Xy, = 1)
=P(X,, = 2| Xnp_, = Tho1y. .., Xy = T2, Xy, = 1) X
P(Xn, s =xp-1|Xn,_ s = The2y. oy Xy = 22, Xy, = 1)X
- P(Xp, = 22| Xy, = 21)P(Xp, = 21)
=P(X,, = x| X0, , =2p-1)P(Xp,_, = xp—1|Xn,_, = xp—2) - P(X,, = 22| X,,, = 21)P(X,, = 1)
= (P"+ho1) (PR (V((]>P7Ll):1;. )

Tl_1Tk
O

The dynamics of a time-homogeneous Markov chain are determined by the initial probability mass
function ~(°) and the transition matrix P.

Remark 3.3.5. Note that the CK equations are necessary for the Markov property, but they are not suffi-
cient. This is related to the fact that pairwise independence of random variables is weaker than indepen-
dence. You can find an example of a stochastic process, which satisfies the CK equations, but which is not
a Markov chain in Grimmett & Stirzaker (2001b, p. 218-219).
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Example 3.3.6. Let us revisit Example 3.1.6. Here E = {1,2, 3} where I=rain, 2=sun, 3=fog.

P =

0.5
0.5

0.25 0.25

0

0.5

0.25 0.25 0.5

Suppose that v(°) = (0.5,0.5,0). We would like to find v") and v(?).
Applying Theorem 3.3.3 leads to

v = OP = (0.5,0.5,0)

and

v® =P = (0.5,05,0)

0.4375 0.1875

= (0.5,0.5,0) 0.375
0.375 0.1875 0.4375

= (0.40625,0.21875,0.375).
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Figure 3.3: Marginal distribution (") of the weather Markov chain, see Example 3.3.6, at times n =
0,1, 2, 3,10 in the first row and at times n = 20, 40, 60, 80, 100 in the second row.
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Figure 3.4: Three simulated sample paths (X, (w;))neqo,1....,50}, for i = 1,2, 3, of the weather Markov
chain, see Example 3.3.6.

Example 3.3.7. Suppose that E = 7. A famous Markov chain is the simple random walk:

» ifj=i+1
0 o/w

for p € (0,1). Find the n-step transition probabilities.

Note that the simple random walk can be written as the sum

Xp = Z }/ia
=0

where Y7, Y5, ... are independent random variables taking the values -1, 1 with probabilities (1 — p) and
p, respectively. Also Xy = Y|, denotes the initial value.
We want to find

pij(n) = P(X, = j|Xo = i).
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Figure 3.5: Six simulated sample paths (X, (w;))nefo,1,....20}, for i = 1,2,3,4,5,6, of a simple random
walk with initial value Xy = 0. The parameter p is chosen as 0.25, 0.5, 0.75 in the first, second and third
row, respectively, see Example 3.3.7.

In order to get from ¢ to j in n steps, we could go up u times and down d times. Note that we require
n=u+d, i+u—d=j.
Solving for u and d we have

1 1
u:§(n—i+j), (i:§(7z—j+i) for u,d > 0.

There are (Z) possibilities of going up w steps, hence, we have
. - n u d
pij(n) =P(X, =j|Xo=1) = <u>p (1 —p)]
n 1 S 1/ .
o 3 (n—ityj) )3 (n—j+i)
= N L (I-p)z ,
(309 )
if n — i+ j is even and p;;(n) = 0 otherwise.

End of Lecture 3. . ...

We now discuss a variety of properties of Markov chains which will allow us to solve a number of
interesting questions associated to Markov chains.

We always denote the discrete-time, time-homogeneous Markov chain by X = {X,, },en, and its
countable state space by F unless stated otherwise.
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3.4 First passage/hitting times

Definition 3.4.1. We define the first passage/hitting time of X for state j € E as
T; =min{n e N: X,, = j}.

If X, # j foralln € N, then we set T} = oc.

The first passage time T; describes the first time (counting from 1 and not from 0!) that the chain ever
visits the state j. Note that, for n € N, we have

{Tj=n} ={Xp = j, Xn1 #J,.. X1 # ],

which implies that 7} is a stopping time, since T} : Q© — N U {oco} and the event {T; = n} only depends
on X1, Xo,...,X,, forn € N.

Definition 3.4.2. Fori,j € E,n € N we define the first passage probability
fij(n) =P(T; =n|Xo =1i) = P(Xp, = j, X1 # J,..., X1 # j|Xo = 1),
which is the probability that the first time we visit state j, is at time n, given we started in state 1 at time 0.
Remark 3.4.3. We note that we define f;;(0) = 0 foralli,j € E. Also, f;;(1) = p;; foralli,j € E.
Definition 3.4.4. We define
fij = P(Tj < 00| Xo = 1).

For i # j, fij is the probability that the chain ever visits j, starting at i; for i = j, fi; is the probability
that the chain ever returns to 1, starting at i. We often call f;; the return probability.

Proposition 3.4.5. Foralli,j € E, we have
fig = fi(n).
n=1

Proof. We use the law of total probability with additional conditioning, see Theorem 2.3.6, with partition
given by {{7; = n},n € NU {oo}}:

fij = P(Tj < 00|Xo = i)

=Y P(T; < oo|Tj = n, Xo = i)P(Tj = n| Xy = i)
n=1
+ P(T; < oo|T;j = 00, Xo = i)P(T; = 0| X = 1)

SR = alXo = i) = 3 fisln).

n=1 n=1

Example 3.4.6. Let £ = {1,2} and

NI

NN
SN~——

We want to find f11 and fos. We note that

DO | =
7N
=~ w
~
3
|
[\V]
~ |
=
@]
=
vV
N

1 11 131
Ju(l) =pn = §7f11(2) = ii’fll(g) = 511,...,1.&]‘11(7[) =
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Hence

0o n—2 n
1 1 3 1 1 3 1 1
— — — — - = — — — = - — :1
Jin nglfu(n) 2+8712(4> 2+8E, <4) 2+81—%

Similarly

N =

Fua(1) = = . Fal®) = 3. Fa®) = Y5 oo iefa) =

Hence

Oo\»—t
—_
I

> 3 1 N\N"?% 3 1 3
.f22—z,f22(”)—4+82_;2(2) =77" 8Z_:<) =5t

n=1

Lemma 3.4.7. Show that foralli,j € E,n € N, we have

pu qu ij n_l Zflj(l)p]](n_l)
=1

Proof. We note that f;;(0) = 0 forall ¢, j € E, hence the second identity holds trivially. For n = 1, note

that p;; (1) = pi; = fi;(1)p;;(0) = fi;(1).
For the general case, we consider the partition {{T; = (},] € NU {co}}. Then, using the law of total
probability (LTP) with additional conditioning and the Markov property:

pij(n) = P(X, = j|Xo = i)

LTP = . . .
= ZP(X’!I - 7‘T7 = laXU - Z)P(TY = ”XU - 2)

P(X,=jlXi=4,Xi1#J,.... X1 #j, Xo =9)P(Tj = l| Xo = i)

I
M:

l

Mnkuv ZP = j|Xl — J)P(T] — Z‘X() = L)

1

= ZPJJ 1) fi; (1) f” - Z fii(Dpjj(n—1).

=0

3.5 Recurrence and transience

Definition 3.5.1. Let {X,,},en, be a Markov chain on a countable state-space E. A state j € E is
recurrent if

P(X,, = jforsomen € N[ Xy =j)=1
that is, the probability of returning to j, starting from j is 1. If the probability is less than 1, the state j is
transient.

Le. a state can either be recurrent or transient. Recurrence is of interest, if we want to answer questions
about eventual returns to given states of the Markov chain.
‘We note that

{X, =jforsomen e N} ={3neN: X, =j} ={T;, < oo}

Hence, we note that state j is recurrent if f;; = 1 and it is transient if f;; < 1. We can now formulate a
very useful result for checking whether a given state is recurrent or transient.
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Theorem 3.5.2.
1. j € Eis recurrent if and only if Y~ p;;(n) = .
2. j € E s transient if and only if Y, pj;(n) < oc.

The two statements in the above theorem are equivalent, so one only needs to prove one of them.
We will provide the proof together with some related results, see Kirkwood (2015, p. 66-71).
Let N; denote the number of periods that the chain is in state j:

SN ; 1, if X, =7
N =D I, where I = Iix,= = { 0, if X, #j
n=0 k) n K

Theorem 3.5.3. Let j € E denote a transient state. Then
1. P(N; =n|Xo=j) = f}lfl(l — fjj) for n € N (geometric distribution with parameter f;;),
2. Leti # j, then

B [ 1= [y, if n =0,
P(N; =n|Xo =) = { Fi Y1~ f), ifneN.

Proof. 1. In order to get n € N visits to state j provided that X, = j, the chain needs to re-visit state
J (after the initial visit at time 0) n — 1 times, which happens with probability f;; each, hence f;’j_l
is the probability of n — 1 return visits, and then there must be no further return to state j afterwards

which happens with probability 1 — f;;. Hence P(N; = n|Xo = j) = I '(1 = f;;) forn € N,

2. Case n = 0: The probability that the chain never visits state j given that it starts in 7 is given by
1-— f” Hence P(N] = O‘Xo = Z) =1- f”
Case n € N: The first visit to state j starting from ¢ happens with probability f;;, then there need to
be n—1 return visits, which happen with probability fjnf !, and there must be no further return to state
J afterwards which happens with probability 1 — f;;. Hence P(N; = n| Xy =1i) = f;; fj’l(l — fij)

forn € N.
O
End of lecture d. .. ...
Corollary 3.5.4. Let j € E denote a transient state. Then
1
. 1
E(Nj|Xo =j) = : (3.5.1)
L= fij
2. Fori # j, we have
Jij
E(N;|Xo =1) = .
! L= fjj

Proof. 1. We will use the following property of the geometric series: Let ¢ € R with |¢| < 1. Set

Then
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Applying this result to ¢ = f;; < 1 (since j is transient) leads to

o0

BN X0 =) = Y nP(N X0 =) = Y nfi - i) =

n=0 n=1 a fjj

2. Fori # j, we have

BV = 1) = S aP(N, = nlXo = ) = S nfiuf5 10 - fy)

n=0 n=1

n— f?
= fu(1 ﬂj§j L

n=1

Theorem 3.5.5. Given that Xy = j, the expected number of visits to state j is given by
o0
E(N;|Xo =5) = > pjs(n), (3.5.2)

where the infinite series might diverge to co.

Proof. Recall that the so-called Tonelli’s theorem says that we are allowed to interchange the expectation
and infinite sum provided that all summands are nonnegative (even if we obtain the value co).
Then

BN, X0 = ) (zzwxo - j) SR (1% - )

n=0 n=0

=S P = X =) = S ().

n=0 n=0
since

E(I{|Xo=7)=0xP(IY =0|Xo = j) + 1 x P(IY) =1|X; = j)
- P(Xn - 7‘X0 - 7)

We can now provide the proof for Theorem 3.5.2.
Proof of Theorem 3.5.2. We need to prove two directions:

1. ” j transient = Y~ p;;(n) < oo”: Suppose that j is transient. Then we have, using equations
(3.5.1) and (3.5.2),

1
E(N;|Xo=j)= Zp]j =7 )<OO
Ji

since f;; < 1.

2.7 3% pjj(n) < oo = j transient ”: Conversely, suppose that >~ p;;(n) < oo. Then, con-
ditional on Xy = j, IV; is a nonnegative random variable with finite (conditional) mean and hence
must be finite. That 1mphes that starting from state j, the chain returns to state j only finitely many
times. Hence, there is a positive probability, that starting from state j, the chain never returns to j.
Le. 1— f;; > 0. Hence f;; < 1, hence j is transient.
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These results lead us to
Corollary 3.5.6. If j € E is transient then p;j(n) — 0 asn — oo foralli € E.

Proof. If j € F is transient, then >~ | p;;(n) < co. Hence pj;(n) — 0 asn — oo.
According to Lemma 3.4.7, we have for alli,j € E,n € N:

pij(n) = Zfij(l)pjj(n -1 = Z fij(Dpjj(n —1).
1=0 =1
Hence

> pij(n) =pi;(0) + Y pij(n)

n=0 n=1

=i (0)+ Z fij(Dpjj(n —1)

n=1[=1

=i+ > fi; ()Y piin—1)
=1

n=I

=05 + Z fij (1) Z pji(m)
1=1

m=0

=0+ fi(1) > pjj(m)

=0 m=0

=0ij + fij Z pj;(m)
m=0

< 6“ + ijj(l) < 00,
=0

where we used that f;; < 1. The necessary condition for the convergence of the infinite series is p;;(n) — 0

asn — oo. O

3.5.1 Mean recurrence time, null and positive recurrence
Recall that we define the first passage/hitting time of X as
T; =min{n € N: X,, = j}, forj e E.
If X,, # jforalln € N, then we set T = oo.
Definition 3.5.7. The mean recurrence time y; of a state i € E is defined as ; = E[T;| Xy = 1.

Theorem 3.5.8. Let i € E. We have P(T; = oo| Xy = i) > 0 if and only if i is transient; in that case

Proof. We have

P(T; = oo|Xg =1i) = P(X,, # i foralln € N| Xy = 1)
=1—-P(X, =iforsomen € N|Xg=1i)>0
<P(X,, =iforsomen € N|X¢=1) <1< iis transient.

29



A. E. D. Veraart Applied Probability Autumn 2022

Further, if 7 is transient, then
wi = E(T;| X =) = Z nP(T; = n|Xo = i) + coP(T; = 0| X = i) = oc.
n=1

O

Theorem 3.5.9. For a recurrent state i € E, we have
pi =BT Xo =] = Y nfii(n),
n=1
which can be finite or infinite.
Proof. For arecurrent state ¢ € F, we have P(T; = 00| Xy = i) = 0. Hence
w; = E[T;|Xo=1] = ZnP -—n|X0:i):anii(n).
n=1
O

Summarising we can say that

B . > nfi(n) if iisrecurrent
pi = E[T| Xo = i] = { 00 if 4 is transient.

Definition 3.5.10. A recurrent state i € E is called null if 1, = oo and positive (or non-null) if p; < oo.

Note that we will later show that, if the state space is finite, i.e. card(E) = K < oo, then all recurrent
states are positive. L.e. null recurrent states can only appear in the case when card(E) = K = cc.

Theorem 3.5.11. A recurrent state i € E is null iff p;;(n) — 0 as n — oo; if this holds then p;;(n) — 0
asn — oo forall j € F.

Proof. See Grimmett & Stirzaker (20015, p. 222, 232). O
Example 3.5.12. Let us re-visit Example 3.4.6. Here we have E = {1,2} and

1
P (1 3).
We want to find the mean recurrence times |1 and [iz.
%)n_2, forn > 2, hence f11 = 1, and fy3(1) =

We already showed that fi1(1) = %, fi1(n) = & (

n—2
Poo = %, fa2(n) = % (%) , forn > 2, Hence fao = 1.
Recall that for |q| < 1: 3707 (q" = (1—q)~", 207 ng" ' = (1-q)%

NN
NI NI

jo%s) 0o n—2 ) n—1
1 1 3 1 14 3
= onu =3 +53 0 (3) =5+ 55 (20 (3) ‘1]
-2
1 1 3 1 16 1
= — — 1—- —1| == 7_*:3
26 ( 4) 1 576 6

End of Lecture 5. .. ...
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3.5.2 Generating functions for p;;(n) and f;;(n) [Reading material]

Next we study the so-called generating functions of p;;(n) and f;;(n). Recall that you have studied so-
called probability generating functions in your Y1 probability course.

Definition 3.5.13 (Probability generating function (p.g.f.)). Let X denote a discrete random variable with
ImX C NU {0}. We denote by

Sx = {s eR: Z|s|"’P(X =1)< oo} .
x=0

Then the probability generating function (pgf) of X is defined as the function Gx : Sx — R given by
Gx(s) =E(s*) =) s"P(X = ).
=0
We observe that the pgf is well-defined for |s| < 1 since
o0
S sP(X =2) <)Y P(X =2)=1<o0.
=0

Also, Gx(0) = P(X = 0) and Gx(1) = 1. More generally, we can define generating functions for
any sequence (a, ), € Ny of real numbers:

Definition 3.5.14. For a sequence (a,)nen, of real numbers, we define its generating function

Glan(s) == a0+ ars +ags® + - = ans”, (3.5.3)

n=0
for all s for which Y |an||s|™ < oo.

One can show that a generating function of a real sequence specifies this sequence uniquely. Le., given a
sequence (a,, )nen,, One can compute its generating function 3.5.3. Conversely, given a generating function
G, one can Taylor-expand it around O:

G(s) = ap + ajs + azs® +-- -,

for small s, which is a unique series expansion which characterises (ay,),, € Ny uniquely.
Let us recall Abel’s theorem, which we will be applying later:

Theorem 3.5.15. If a,, > 0 foralln € No and G ,,)(s) = >, __ ans™ is finite for |s| < 1, then

li =
lim Glan(s) =Y an,

n=0
whether the sum is finite of equals +oc.
Note that s T 1 means that we are taking the left limit in 1, which is sometimes also denoted by s — 1—.
Definition 3.5.16. Fori,j € E, we define the generating functions

Gpiy(m (8) = Zpij(n)s",

n=0
9]

Gy (s) = D fis(n)s™,

n=0

for|s| < 1.
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G iy () (8) = 0ij + G115 (8) Gy (m)) (5),
where 0;; = 1 if 1 = j and 0 otherwise.

Proof. From Lemma 3.4.7, we know that

pij(n qu )pjj(n—1).

Multiply both sides by s™ and take the sum from n = 1 to oo:

> s"pij(n) = Z qu (Dpsi(n—1).

n=1 n=1

For the left hand side, we get

> 8" pig(n) = =i (0) + D "pij(n) = =0ij + Gy, () (5).

For the right hand side, we get by changing the order of summation (1 <[ <n < oco):

DY fiOp(n =0 =Y s fi;(1)s" 'pj(n = 1)
n=1 =1

n=11=1
= Zslfm ZS" 'pjj(n 1) Zslf,»j(l) > s™pji(m)
=1 m=0
—G<f“ NE )G(p“( » ()
Combining the left and right hand side leads to
=0ij + G piy(m) (8) = G55 m) (8) G o)) (5):

which is equivalent to

Gpi; () (8) = 0ij + G55 n)) ()G (5 (m)) (5)-

We now provide an alternative proof of Theorem 3.5.2 using generating functions.

Alternative proof of Theorem 3.5.2 using generating functions. Recall

G(pjj(“)) ZpJ] n’ G(f“ n)) ijg , fOI'|S| <1

n=0 n=0

Hence, taking the left limit when s tends to 1 (since |s| < 1) and applying Abel’s theorem (Theorem
3.5.15):

ljgl Gp;;(n) Z pjj(n hm G(;(n) (s Z fij(n) = fj;.

From Theorem 3.5.17 we deduce for |s| < 1:

1

G5 (8) = 1+ Ggy50) ()G 05 (n)) (8) & Gy ) (8) = T— 573 G
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Hence, taking the left limit when s tends to 1 leads to

> 1
2 i) = 1— fj;’

n=0

which could be of the form co = co. Note that f;; is a probability and hence in [0,1].  We can now
conclude:

1. jisrecurrent < f;; = 1< > p;;(n) = oo,
2. jistransient < f;; <1< > 7 pji(n) < oo,

O

3.5.3 Example: Null recurrence/transience of a simple random walk [Reading ma-
terial]

We return to the example of a simple random walk, see Example 3.3.7. We want to show that the state O is
null recurrent for p = 0.5 and transient otherwise.
From Example 3.3.7 we know that

2

poo(n) = (Z) (p(1 —p))"/?,

for even 1 and poo(n) = 0 otherwise.
We would like to find the generating function, for |s| < 1,

d n—
G (foo(n)) (8 ZS ' foo(n e G (fo0(n)) Zns ' foo(n

n=1

Applying Abel’s theorem, leads to

hmG (foo(n))(8) = hm Z s" foo(n Z foo(n) = foo,

n=0 n=0
o0
s G(foo = lim Z ns" " foo(n) = ; nfoo(n) = po-

For the latter, note that the derivative of a power series has the same radius of convergence as the original
power series. Hence Abel’s theorem is applicable here. We use Theorem 3.5.17 to relate the generating
functions of (foo(n)) and (poo(n)): For |s| < 1, we have

G oo () (8) = 1+ G (f0(n)) (5) G (pgo(n)) (5)-

Hence
Cor o (s) =1 !
n)\S) =1 —F———F=,
oo G (poo(n)) (5)
where, for |s| < 1,
— n - 2n n _2n
Glaoo(m(5) = D_ 5™ poo(n) = D _ ("7 ) (p(1 = p))"s
n=0 n=0
> /2n
=3 (M) wa-nr
n=0 ’
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Note that
i <2k)xk _ #, for |z| < 1
k=0 K Vi-ds '
Hence
Gpoo(n))(8) = 1— 4p1(1 —p)s?’
and

1
G(foo(n))(s) = 1_G7 =1—+/1—4p(1 —p)s2.
(poo

() (5)

Taking the limit leads to
. 1
foo = ISI%IG(fOO(n))(S) =1-V1-4p(l-p)=1-2p— 3|

Hence foo = 1 (and hence 0 is recurrent) for p = %, and fop < 1 (and hence 0 is transient) for p # %
Next we focus on the case when p = % and show that 0O is null recurrent. Note that

G foon))(8) =1 =1 —s2,

and hence
d 1 2—1/26, _ S
s C oo (8) = 5 (1= 87) 77728 = ——s,
and
o d
Ho = 1sl'IFrl1 %G(foo(”))(s) =0,

hence 0 is indeed null recurrent.

Exercise 3.5.18. Show that

= (2n 1 1
"= — for |x| < -. 3.54
SO k<] 654
Note that this is the generating function of the sequence ((21?))71 €Ny’ Hint: Proceed in four steps:
1. Show that
2 1 4 2 /(2
(n+1) _dn+t n neN
n+1 n+1\n
2. Show that

_1 !
2 ) =(~1 2 2 €N
(n+1> ( )n+1<n)’n 0

by using the definition of the general binomial coefficient.

(2:) _ (_1)n4n(_n§>,n € Ny.

34
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4. Use the generalise binomial theorem to show (3.5.4).

Remark 3.5.19. We have shown that the state 0 in a symmetric simple random walk on E = 7 is (null)
recurrent. We will soon show that this is true for all other states in E. If one considers a symmetric random
walk on the plane 7> where one can either move up, down, left or right with probability i each, one can
show that such a random walk (often called the drunkard’s walk) is also recurrent. However, a symmetric
random walk in 73 is transient. Hence there is the famous quote by the mathematician Shizuo Kakutani
saying,

”A drunk man will find his way home, but a drunk bird may get lost forever.”

3.6 Aperiodicity and ergodicity
Definition 3.6.1. The period of a state i is defined by
d(i) = ged{n : pi;(n) > 0}

the greatest common divisor of the epochs at which return is possible. If d(i) > 1 then the state is periodic
otherwise it is aperiodic.

Example 3.6.2. Consider the Markov chain with state space E = {1,2,3,4} and transition matrix

0

_ o0 o O
S O O
o= O O

1
0
0

can easily see that for i € {1,2, 3,4} we have p;;(n) =1 > 0 forn € {4,8,12,...}. Hence d(i) = 4.

Exercise 3.6.3. Suppose that i € E is a periodic state with period d(i) = ged{n € N : p;;(n) > 0} > 1.
Do we always have that p;;(d(i)) > 0? No! Counterexample: Consider a Markov chain with state space
E ={1,2,3,4} and transition matrix

0 1 0 0
0 0 1 0
b= 0 0 0 1
05 0 05 0

Then Ay :={n € N:pi1(n) >0} ={4,6,8,10,...} and d(1) = gcd(Ay) = 2. However, p11(2) = 0.

Definition 3.6.4. A state is ergodic if it is positive recurrent and aperiodic.

3.7 Communicating classes

In this section we study how we can divide the state space of a Markov chain into equivalence classes,
where the states in each class share important properties.
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Definition 3.7.1. 1. We say that state j is accessible from state i, written i — j, if the chain may ever
visit state j, with positive probability, starting from i. In other words, i — j if there exist m € Ny
such that p;;(m) > 0.

2. i and j communicate if i — j and j — 1, written i <> j.
Clearly, if i # j, 1 — jiff fi; > 0.
Theorem 3.7.2. The concept of communication is an equivalence relation.
Proof. 1. Reflexivity (i <+ 7): Note that we have p;;(0) = 1 since
pij(0) = bi; = { é’ ﬁj y j
2. Symmetry (if ¢ <+ j, then j <+ ¢): This follows directly from the definition.

3. Transitivity (if ¢ <+ j and j <> k, then ¢ <> k): ¢ <+ j and j <> k imply that there exist integers
n,m > 0 such that p;;(n) > 0 and p;;(m) > 0. Hence (using the CK equations and the positivity
of the transition probabilities)

pir(n +m) Zpﬂ n)pik(m) > pij(n)pjr(m) >0 =i — k.
I€E

Similarly, one can show that 7 < k.
O

Remark 3.7.3.  The totality of states can be partitioned into equivalence classes, which are called
communicating classes. Note that the states in an equivalence class are those which communicate
with each other:

* Note that it may be possible starting in one equivalence class to enter another class with positive
probability. In that case, we could not return to the initial class (else the classes would form a single
equivalence class).

* These findings will be formalised in Theorem 3.7.9.

We will now show that states which communicate with each other share properties such as recurrence,
transience and periodicity.

Theorem 3.7.4. Ifi <> j then
1. i and j have the same period
2. i is transient if and only if j is transient
3. i is recurrent if and only if j is recurrent.
4. i is null recurrent if and only if j is null recurrent.

Proof. We only show the recurrence and transience: Let ¢ <> j.
Then there exist integers n, m > 0 such that

pij(n) >0, pji(m) > 0.

For any integer [ > 0, we have (using the CK equations twice):

pii((m+1)+n) =" pir(m+ Dpxj(n) > pji(m + Dpi;(n),
keE
pii(m+1) =" pir(m)pri(l) > pji(m)pi(l).
keERE
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Hence
pjj(m+1+n) > pji(m)pi(1)pi;(n),

where p;;(m) > 0,p;;(n) > 0.
Then

o0

ijj Z m +1+ n) > p]l pm Zpu
=1 =1

Case 1: Suppose that ¢ is recurrent. Then

o0 oo
Zpﬁ Z pji(m+1+n) > pji(m)pi;(n an =
=1 =1

Hence, since p;;(m) > 0,p;;(n) > 0, >;2, p;;j(I) = oo which is equivalent to j being recurrent by
Theorem 3.5.2.
Case 2: Suppose that j is transient. Then

oo o0
OO>ijJ Z Pjj m+l—|—n)>pﬂ ng an
=1 =1

Hence, since p;;(m) > 0,p;;(n) > 0, >, pii(l) < co which is equivalent to i being transient. O
See Grimmett & Stirzaker (20015, p. 224) for the complete proof.

Definition 3.7.5. A set of states C'is
1. closed if it is impossible to leave the class, i.e. for alli € C, j & C we have p;; = 0.
2. irreducible if all states in the set communicate with each other, i.e. i < j forall i,j € C.

What the definition tells us, is once we enter a closed set, we never leave; if a closed set only contains
one state, i.e. C = {i} foran i € F, then i is called absorbing.

An irreducible set is aperiodic (or null recurrent etc) if all the states in C' have this property; thanks to
Theorem 3.7.4, this makes sense.

Importantly, if the entire state-space E is irreducible, then we say that the Markov chain is irre-
ducible.

Theorem 3.7.6. Let C' denote an closed communicating class. Then the transition matrix P restricted to
C' is stochastic.

Often we write P(C) (or P¢) for the restriction of P to C'.

Proof. Since all elements of P are non-negative, this is also true for P(C). Further, we know that
leeEpij = 1foralli € E. Leti € C, then p;; = 0 for [ ¢ C. Hence, we have

1= szy = Zpij + Z Pij = szzj-

jeE jec JEE\C jeC

Example 3.7.7. Let E = {1,2,3} and

O 0|
B[00 | b0 | =
= O O
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Find the communicating classes and determine whether they are closed. Write down the transition matrices
restricted to the communicating classes. We have two communicating classes: Cy = {1,2},Cy = {3}. We
observe that C1 is closed and Cs is not closed. Further, we find that

ren=(1 1), Pea-().

We note that P(Ch) is a stochastic matrix (since it is associated with a closed class), whereas P (Cs) is not
a stochastic matrix.

3.7.1 The decomposition theorem
Theorem 3.7.8. Let C denote a communicating class consisting of recurrent states. Then C'is closed.

Proof. We prove this statement by contradiction: Suppose there exists an i € C, j ¢ C, such that p;; > 0.
Hence, i — j, but j /4 i. Then

P(X, #iforalln € N| X, =1) > P(X; = j|Xo=1) =pi; >0,
which implies that
P(X, =iforsomen € N|Xo =1i) =1—-P(X, #iforalln € N|X, =1) < 1.

This is a contradiction to the recurrence of <.

Theorem 3.7.9. The state-space E can be partitioned uniquely into

E=TU (UC)

where T is the set of transient states, and the C; are irreducible, closed sets of recurrent states.

Proof. From the properties of equivalence relations, we know that the equivalence classes of <+ partition
the state space uniquely. From Theorem 3.7.4, we know that transience and recurrence are class properties.
Hence it only remains to show that the recurrent equivalence classes are closed, and this follows from
Theorem 3.7.8. O

Remark 3.7.10. Note that in the decomposition theorem above T' is not assumed to be a communicating
class. More precisely, in general we can denote by T, T, . .. the transient communicating classes, then
T = U;T; is the collection of all transient states of the Markov chain.

This result helps us to understand what is going on, in terms of the Markov chain. If we start the chain
in any of the C; then the chain never leaves, and, effectively this is the state-space. On the other hand, if
the chain starts in the transient set, the chain either stays there forever, or moves, and gets absorbed into
a closed class. Note, however, that in the case when card(E) < oo, the chain will not be able to stay in
transient states forever, but will eventually move to a closed class.

End of IeCture 6. . ... ..o

Theorem 3.7.11. Let K < oo. Then at least one state is recurrent and all recurrent states are positive.

Proof. Part 1: Suppose that all states are transient; then according to Corollary 3.5.6 lim,,, 4 oo p;j(n) = 0
for all i. Since the transition matrix is stochastic, we have > jer Pij (n) = 1. Since the state space is finite,
we can interchange limit operations and finite summation: Take the limit through the summation sign leads
the following contradiction:

1= lim NDOEDY Jimpyj(n) = 0.
jeE jeE
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Part 2: Suppose there is a non-empty communicating class consisting of null recurrent states denoted
by C;«. Then C;- is closed and P(C;+) is stochastic. Hence, for all i € C;+, we have

1= pin) = > pir(n).
keE keC;x

Since all states in the class C;~ are null recurrent, we have lim,, ., p;x(n) = 0 for all k£ € C}, according
to Theorem 3.5.11. As before, we take the limit through the summation sign to obtain the contradiction

L= lim > py(n)= ) lim pu(n)=0.
keC;x keC;x

O

Theorem 3.7.12. Let C be a communicating class which is finite (i.e. card(C') < 0o) and closed. Then all
states in C' are positive recurrent.

Proof. We can argue exactly as in the proof of Theorem 3.7.11: Since C' is closed P(C) is stochastic.
Hence, for all 7 € C, we have

1= Sl = Y palo).

keE keC

Suppose that all states in C' are transient. Then lim,,_,~, p;x(n) = 0 for all k£ € C according to Corollary
3.5.6. As before, we take the limit through the summation sign to obtain the contradiction

1= nILH;O Zpik(n) = Z nlglolopik(n) =0.
keC keC

Hence all states in C' must be recurrent, and in fact positive, since we have already shown that null recurrent
states do not exist on a finite state space. O

3.7.2 Class properties

‘ Type of class H Finite Infinite
positive recurrent
Closed positive recurrent null recurrent
transient
Not closed || transient transient

We can use the results listed in the table above to classify the states of a Markov chain. We will
demonstrate this in the following example.

Exercise 3.7.13. Suppose we have a Markov chain with state space E = {1,2, 3,4} and transition matrix

o O O
—_a— O O

w

I
[ RN FNNIE
(e PNTEEN TP

Draw a transition diagram an find the communicating classes! Determine whether the classes are (positive)
recurrent or transient.

Solution. The transition diagram is given by:
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0.5 0.25 0.5 1
0.25
0.75 025

Figure 3.6: Transition diagram for the Markov chain described in Exercise 3.7.13

We have three communicating classes:
1. Cy = {1, 2} is finite and closed, hence positive recurrent;
2. E; = {3} is not closed, hence transient;

3. Cy = {4} is finite and closed, hence positive recurrent, and, in fact, absorbing.

3.8 Application: The gambler’s ruin problem
3.8.1 The problem and the results

Now we study a very famous example: The Gambler’s ruin problem.
Let N > 2 be an integer. Consider a gambler with an initial fortune of ¢ € {0,1,..., N}. At each play
of the game, the gambler has the

* probability p of winning one unit;
e probability ¢ = 1 — p of losing one unit;
* Assume that successive games are independent.

What is the probability, that if the gambler starts with 7 units, that the gambler’s fortune will
reach N before reaching 0?

Let X,, denote the gambler’s fortune at time n. Then {X,, },en, is @ Markov chain with transition
probabilities

Poo = PNN = 1,
Di(i+1) =P =1 = Piti-1)s i=1,2,...,N —1.

—_

Y p N
GolFonhoahofioNeEnan o)

Figure 3.7: Transition diagram for the gambler’s ruin problem.

This Markov chain has three communicating classes:

Cy={0},Th = {1,2,...,N — 1},Cy = {N},
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where the classes C; and C) are positive recurrent (since they are finite and closed) and the class 77 is
transient (since it is not closed).

A transient class on a finite state space will only be visited finitely many times. Hence after some finite
amount of time, the gambler will either win /N or be ruined.

Note the Markov chain describing the gambler’s fortune is a simple random walk with two absorbing
barriers, one at 0 and one at V.

Fori = 0,1,..., N, define the first time X visits state ¢ when we consider all possible time points in
NQZ

Vi =min{n € Ny : X,, =i}.

[Note that this is different from the first passage time 7; which considers the minimum over the time points
in N rather than Nj.]
We are interested in the event that the gambler’s fortune reaches N before reaching 0, i.e. {Vy < Vo }.
We define

hi = hZ(N) = P(VN < V()‘X() = i),

which is the conditional probability of the gambler’s fortune reaching N before going bankrupt when
starting with ¢ units.

Note that 1 — h;(N) denotes the corresponding conditional probability of the gambler’s ruin.

From the definition of V;, we deduce that

ho = ho(N) =P(Vy < V| Xo =0) =0,
hy = hy(N) = P(Vy < Vol Xo = N) = 1.

We would like to find h;(N) for 0 < ¢ < N. In order to tackle this problem, we carry out a so-called
first step analysis, where we condition on the outcome of the first game. Define the events

F := gambler wins first game, P(F) =p,
F¢ = gambler loses first game, P(F¢)=q=1-p.

If he wins, then he has 7 + 1 otherwise he has 7 — 1.
By conditioning on the outcome of the initial game and applying the law of total probability (for con-
ditional probabilities), we get, for 0 < i < N,

hi = P(Viy < Vol Xo = i)
=P(Vy < VWH{Xo =i} NF)P(F|Xo =1) + P(Vy < V|{Xo =i} N F°)P(F°| Xy = 1)
= P(Vy < Vol Xo =i, X1 =i + 1)P(F) + P(Viy < Vo|Xo =i, X; =i — 1)P(F°)
=hip1p+hi—1(1—p),

where we used that the events F' and { X = i} are independent and that X is a homogeneous Markov
chain. I.e. we have derived the recurrence relation

hi:hi+1p+hi_1q, L:172,7N71
We get the following result:

Theorem 3.8.1. In the gambler’s ruin problem described above, we have

A/ e 41
hi = hi(N) = { Sl i #

(3

N ifpz%-

We depict simulated sample paths of the gambler’s fortune in Figure 3.8. Moreover, we plot the proba-
bilities h;(N) for the symmetric case in Figure 3.9 and for the asymmetric case in Figure 3.10.
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N=50,i=25,p=0.4 N=50,i=25,p=0.5

a
o

30

N
o

N

o
W
o

Gambler's fortune
N
o

Gambler's fortune

R
o

B
o

o

o 100 200 300 400 500
time

N=50,i=25,p=0.6

50

40

Gambler's fortune
Gambler's fortune

20

o 100 200 300 400 500 o 100 200 300 400 500
time time

Figure 3.8: Each of the four pictures depicts ten sample paths of the gambler’s fortune recorded at time
points 0,1, ...,500 for N = 50. In the first column we set the initial wealth to ¢ = 25 and consider two
choices for p € {0.4,0.6}. In the second column, we set p = 0.5 and vary the initial wealth i € {25,10}.

hi(N) in the case when p=gq=0.5

204

154

Probability
1.00

0.75

10 0.50

Target profit N

0.25

0.00

10 15 20
Initial wealth i

Figure 3.9: We consider the symmetric case when p = ¢ = % and depict the probability h;(N) = %, for
i,N e{1,...,20}.
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hi(N) in the case when p=0.2 hi(N) in the case when p=0.4
20+ 20
154 Probability 154 Probability
> 1.00 > 1.00
5 0.75 5 0.75
o o
g 10 0.50 g 10 0.50
2 2
© 0.25 © 0.25
5+ 5
0 L T T T T T 0 T T T T T
0 5 10 15 20 0 5 10 15 20
Initial wealth i Initial wealth i
hi(N) in the case when p=0.6 hi(N) in the case when p=0.8
20+ 20
154 Probability 154 Probability
> 1.0 > 1.00
ﬁ 0.8 ﬁ 0.95
o o 0.90
g 10 g 10
=) 0.6 =) 0.85
< <
= = 0.80
0.4
5+ 5+
0 L T T T T T 0 T T T T T
0 5 10 15 20 0 5 10 15 20
Initial wealth i Initial wealth i

Figure 3.10: We consider the asymmetric case when p # ¢ and depict the probability h;(N) = A-(a/p)’

T 1=(a/m
fori, N € {1,...,20}.
Let us study the limit as N — oo.
Theorem 3.8.2. In the gambler’s ruin problem described above, we have
Ny = By = L L@/ ifp>1)2,
pm hi(N) = hi(o0) _{ 0 ifp<1/2,
N
Proof 1fp> %, then ¢ < 1 = limy o (g) —0.
N
Ifp < dothen £ > 1 = limy o (£) = o0, O

Note that h;(co) describes the probability that the gambler will obtain an infinitely large fortune if he is
allowed to play forever unless ruined. We find that if p > 0.5 (i.e. the gamble has to be strictly better than
a fair game), there is a positive probability that the gambler’s fortune will increase indefinitely. However,

if p < 0.5, then the gambler will be ruined with probability 1 (assuming he plays against an infinitely rich
adversary).

3.8.2 Proof
We still need to prove Theorem 3.8.1. We will show two approaches.

Method 1

We need to solve the difference equation

hi = hit1p + hi—1q, 1=1,2,...
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We guess a solution to the difference equation. In particular, let us try the choice h; = cz’. Then

1

R

cxt = epx
Hence we get the auxiliary/characteristic equations:

r=pr*+qe0=pr®—z+q,

The solutions are 2z = ¢/p and x = 1. We need to distinguish the two cases when we have two distinct

roots, i.e. when p # ¢, and the case when we have one root, i.e. when p = ¢ =

5
The general solution is given by

hi — C1 (%) + ca, lfp 7& %7
c11 4+ co ifp= %,

for constants c1,co and fori =0,1,..., N.
Next we use the boundary conditions hg = 0 and hy = 1 to find the constants c1, co.
i
Forp #q: hi =1 (q> + co, we find

P

0=hog=c1+co & c1 = —co,

=imea(3) resalG) ) en- ()
ORI O

Forp = q = %: hy = c1i + ¢z, we have
0=hg=c10+cy < o =0,

1
1:h/N:C1N+(72261N<:>(71:N.

This concludes the first proof.
Method 2
Next we show how we can solve the recurrence equation directly. For: = 1,2..., N — 1 we have
hi = hitip + hi—1g.
Since p + g = 1, the above equation is equivalent to

phi + th = h/iJrlp + hzjflq = q(hz — hifl) = p(hzqu — hz) = (hi+1 — hl) = (hl — hifl).

ESH RS

Recall the boundary conditions hy = 0, hy = 1. Hence we get

}LQ — hl = g(hl — h()) = ghl,
p p
2
hy — ha = L(hy — hy) = (q) hi,...,
p p
q q "
hiy1 —hiy = =(hy — hgp—1) = <) ha,
p p
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fork=1,...,N — 1.
Next we sum the left and right hand side over all k = 1,...,2for¢ = 1,..., N — 1 and get, using

results for telescoping sums,
i i q k i
Z(hk+1 — hk) = hlqu —hy = Z (p> h1 < hi+1 = Z

k=1 k=1 k=0

where we note that the last equation trivially also holds for i = 0.
Case 1: p # g: We use the finite geometric series expansion:

i+1
~(q\" (1)
hi+12(p> hi=h———
p

k=0

Next choose i« = N — 1 and use the boundary condition h = 1, which leads to

N
- (3)

1=hy =h ¢ < hy = pN.
SN

P

Hence

i+1 i+1

EOMEERRE(

_ ’ P _ g
hivr = 1_4 N~ N

T )

P P

fori =0,1,..., N — 1. Including the boundary cases, we have
- ()
hy = — 22 for i=0,1,...,N.

(1)

Case2: p=¢q = %: Here we have
N-1 1
1—hy = 2h1:(N71)h1<:>h1:N.

Hence, forall: =0, ..., N, we have h; = ﬁ

k
o)
p

End of IeCtUre 7. . ...

3.9 Stationarity

We will (finally) start to use the theory that we have been building up on Markov chains. The question
we look to answer here is the following: ‘what can we say about the probabilistic behaviour of the chain;
is there a ‘stationary’ behaviour?” To answer this question, we begin with the concept of a stationary

distribution.

Definition 3.9.1. 1. A row vector X\ is called a distribution on F if

Vj€EX >0 and Y A =1
JjER
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2. A row vector X with non-negative entries is called invariant for the transition matrix P if
AP =\
3. A row vector T is a invariant/stationary/equilibrium distribution of a Markov chain on E with
transition matrix P if:

(a) it is a distribution: for each j € E, m; > 0 and ZjeE 7 =L
(b) it is invariant: ™ = P, that is,V j € E, m; = Y, p TiDij.

The term stationarity is used for the following reason:
7P’ = (PP =7nP =7

that is

P =m (3.9.1)
for any n € N. Also, if v = 7, then using Theorem 3.3.3 and (3.9.1) we get that

v = pO0pr — P = Vn € Ny.

That is to say, if 7 is the initial distribution of the Markov chain, then the marginal distribution for any
subsequent time instant is also 7r.
3.9.1 Stationarity distribution for irreducible Markov chains
We formulate a very important theorem, which we will prove in detail.

Theorem 3.9.2. An irreducible chain has a stationary distribution 7 if and only if all the states are positive
recurrent; in this case T is the unique stationary distribution of the chain and is given by m; = u; ! for
each i € E and where p; is the mean recurrence time.

We will divide the proof into several parts and formulate intermediate lemmas to structure the presen-
tation of the rather long proof.

Lemma 3.9.3. For a Markov chain X, we have for all j € E and for all n,m € N

fism+n) =" L(m)fi;(n), (3.9.2)
i€E i)
where
lii(n) =P(X,, =4,T; > n|Xo =j), i#J, (3.9.3)

denotes the probability that the chain reaches state i in n steps without intermediate return to its starting
point j.

Proof. Letj € E' and n, m € N. Then, using the law of total probability,
fiz(m +n) =P(Tj = m +n|Xo = j) = P(Tj = m +n, Xo = j)[P(Xo = j)] !
=P(Xomgn = J, Xongn—1 # J, - X1 # J, Xo = J)[P(Xo = j)]

Z P(Xm-‘rn = j7 X7n+n—1 3& ja cee 7X1 7é .j7 XO = .j7 Xm = 7)[P(XO = j)]il
ICE itj

Z P(X771,+71, - j7 X7n,+n—1 3& ja cee 7X'm,+1 ?é j‘Xm = i, Xm—l ?é ] .. Xl ?A ja XO = 7)
i€EE,i#£]
P(Xpm =i, X1 # o X1 # j, Xo = J)[P(Xo = j)]
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Markov . . . .
— Z P(Xm+n:j7Xm+n71 7&]7-'-3Xm+1 #Jle:Z)

i€E,i#j
P(Xp =4, Xon1 # 7, X1 # 71 X0 =)
ime—hom. . . ) )
= Z P(X, =4, Xn1 #Js- -, Xu # | Xo =)
i€E,i#]
P(Xp =i, Xon1 #J,... X1 # §| X0 = 7)

TS BT = nlXo = )P(Xp = i, T; = m|X = j)
I€E,i#]
= Y fu(n)li(m).
I€E,i#]
O
Since the [j;(m) and f;;(n) are probabilities and hence non-negative we get the following result.
Corollary 3.9.4. For a Markov chain X, we have for all i,j € E,i # j and for alln,m € N
fij(m+n) = Li(m) fij(n). (3.9.4)
We formulate a recursive formula for ;;(n) which will be useful in the proof of the main theorem.
Lemma 3.9.5. Let i # j. Then l;;(1) = pj;;, and for integers n > 2,
Litn)= Y priljp(n—1). (3.9.5)

rek:r#j

Proof. Leti # j. Clearly, 1;;(1) = pj;;, and for n > 2, by the law of total probability and the Markov
property, we get

l]z(n) = Z P(Xn = Z.7)(77,—1 =T, Tj Z n‘XO = ])

reE:r#yj
= Z P(Xn = i‘Xn—l =, Tj >n, Xy = J)P(Xn—l =r, Tj > n‘XO _ J)
reE:r#yj
= Y PXp=ilXy1=r)P(Xy1=7T; >n—1Xy =)
reE:r#yj
= Z priljr(n —1).
reE:r#yj

Construction of an invariant vector for irreducible, recurrent chains:

Fix a state j € F and define for any ¢ € E by N;(j) the number of visits to the state i before visiting
state j (when counting from time n = 1 onwards), i.e.

[e%s) T;
N;i(j) = ZH{Xn:i}ﬁ{TjZn} = Zﬂ{xn:i}~
n=1

n=1

Clearly, N;(j) = 1. Note that

Z Ni(j) = Z Z Lix, =iy i, >n)

icE i€eEn=1
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Tonelli Z H{Tj>n} ZH{X,,—Z} — Z H{T >n} = Z 1=1j, (3.9.6)

S

where we used Tonelli’s theorem to justify swapping the sums for non-negative addends.
Next we define p;(j) to be the expected number of visits to the state i between two successive visits
to state j, i.e.

pi(j) = B[N;(j)|Xo = j], (3.9.7)
where p;(j) = 1. From the definition of the mean recurrence time and equation 3.9.6 we deduce that

E|> NG |Xoj]

i€ER

PEESTEINGG)Xo =41 = Y pili). (3.9.8)

el i€E

pj = E(T51Xo = j)

We write p(j) for the the row vector consisting of elements p;(j) for i € £ with p; = >, 5 pi(j).
Recall that, if the chain is positive recurrent, then j; < oo and if it is null recurrent, then p; = oo.
We can now prove that the elements p;(j) are finite and p(7) is invariant for P:

Lemma 3.9.6. For any state j € E of an irreducible, recurrent chain, the vector p(j) satisfies p;(j) < oo
Sor all i, and furthermore p(j) = p(j)P.

Proof. First we prove that p;(j) < oo for all ¢ # j (recall that p;(j) = 1).
Applying Tonelli’s theorem and using the fact that the conditional expectation of an indicator variable
is equal to the conditional probability that the indicator variable is equal to one, we get

pi(7) = E[N;(j)|Xo = j] ZH{X,L—Z}O{T >n}| Xo = ]]
n=1
Tonelli = . = . .
=0 E [Lixu=ngrzn | Xo =] = Y P(Xa =4,T) 2 n|Xo = j)
n=1 n=1

= Li(n)

Since the chain is irreducible, there exists an n* € N such that f;;(n*) > 0. Hence, by equation (3.9.4)
we have, for allm € N,

fig(m+n7) > 1i(m) fij(n") < 1ji(m) < W
Hence
i S j(m+n*)
=1 m=1
IR 1 !
( ijj il(n*>fjj—m<oo.

Next, we prove that p(j) = p(j)P, which is equivalent to showing that for all i € E we have p;(j) =
> rer Pr(j)pri. Recall that

= ()
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Also, by Lemma 3.9.5, we have [;;(1) = p;;, and for n > 2, we get
lji(n) = Z priljr(n — 1).
reE:r#yj

Hence, for all i € F, we have

pild) =D Li(n) = Ls(1) + D Lji(n)
n=1 n=2

=pji + Z Z priljr(n —1)

n=2recE:r#j

oo
p;(7)=1,Tonelli .
’ = pj(j)p]l + Z prizlj'r(n_ ]-)
reE:r#y n=2

=pi(pji+ Y. P Y Lir(n)

reb:r#yj n=1

=pi(Dpji + > pripe(G) =D pr(d)pris

reE:r#yj rck

which concludes the proof. O
End of lecture 8. . ... .o

Lemma 3.9.7. Every irreducible, positive recurrent chain has a stationary distribution.

Proof. From Lemma 3.9.6 we get the representation result p(j) = p(j)P. From equation (3.9.8) we know
that p1; = 3, ;> pi(j), which is clearly nonnegative. Also the 1; are finite for any positive recurrent chain.
Define

e Pi)
1
Then 7; > 0 for all ¢ and Zie p T = land m = 7P, hence 7 is a stationary distribution. O

We can now summarise our findings in the following theorem.

Theorem 3.9.8. If the chain is irreducible and recurrent, then there exists a positive root X of the equation
x = xP, which is unique up to a multiplicative constant. Moreover, the chain is positive recurrent if
Yo < ooandnull if Y, x; = oc.

Proof. The existence of the root is an immediate consequence of Lemma 3.9.6. This root is always non—
negative and can in fact to be taken strictly positive (this can be shown using similar arguments as the
ones used in the context of equation (3.9.9) below). The proof of the uniqueness is left as an exercise, see
Exercise 2- 16. O

Lemma 3.9.9. Let T be a nonnegative integer-valued random variable on a probability space (), F,P)

and let A € F be an event with P(A) > 0. Show that

E(T]A) = i P(T > n|A).

n=1

Proof. The proof is left as an exercise, see Exercise 2- 17. U
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We are now in a position to prove Theorem 3.9.2.
Recall that we already proved that any irreducible, positive recurrent chain has a stationary distribution.
Hence, we need to show:

* If an irreducible chain has a stationary distribution, then the chain is positive recurrent.
e T = 1 / i
Note that the uniqueness of the stationary distribution will follow from Theorem 3.9.8.

Proof of Theorem 3.9.2. Suppose that 7r is the stationary distribution of the chain. Assume there exists
a transient state. Since the chain is irreducible that implies that all states are transient. If all states are
transient then p;;(n) — 0, as n — oo, for all ¢, j, by Corollary 3.5.6. Since wP™ = 7, for any j

. . DOM .
;= lim w; = lim E mipii(n) = E m; lim p;i(n) =0
J n—00 J n—o00 me( ) ’Ln—>oopl‘7( ) ’
iclE i€l

thus, 7 could not be a stationary vector (see Definition 3.9.1); all states are recurrent. This follows from
switching the order of summation and limits using the dominated convergence theorem. Recall Theorem
2.8.2:

Theorem (Dominated Convergence Theorem). Let T denote a countable index set. If ), a;(n) is an
absolutely convergent series for all n € N such that

1. foralli € T the limit lim,, _, o a;(n) = a; exists,

2. there exists a sequence (b;);cz, such that b; > 0 foralli € T and
n,i: |a;(n)| < b;.

iez bi < 00 such that for all

Then ), 7 |a;| < oo and

Za,; = angrréo a;(n) = nl;rr;OZal(n)

i€L i€L i€L

Here we have a;(n) = m;p;j(n). Clearly, ) . a;(n) is absolutely convergent for all  since ) . |m;p;;(n)| =
Zi mpw(n) =Ty <1< oo

Also lim,, , a;(n) = 0 =: a; for all 4.

Next, |a;(n)| = mpij(n) < m =:b; > 0and ), b; = > . m = 1 < co. Applying Theorem 2.8.2
concludes the proof.

Now, we show that the existence of 7 implies that all states are positive (recurrent) and that m; = pi_l
for each 4. Suppose that Xy ~ 7 (i.e. P(Xo = i) = m; for each ¢), using Lemma 3.9.9,

min; = P(Xo = §)E(T}|Xo = ) = > _ P(T; > n|Xo = j)P(Xo = j)

n=1

- ZP(Tj >n, Xo = 7).
n=1

But, P(T; > 1, Xy = j) = P(X, = j) (since T; > 1 by definition). Then for n > 2, we have

=PX,,#j1<m<n-1)—-PX,, #5,0<m<n-1)
=PX,, #5,0<m<n—-2)—P(X,, #5,0<m <n-—1)

= 0p—2 — An-1,
where we have used homogeneity and define

an =P(X,, #7,0 <m <n).
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Note that we have used the law of total probability again:
PXm#51<m<n—-1)=PXo=4Xn#41<m<n—-1)+P(Xo#j,Xm#j51<m<n-1),
hence
P(Xo=j Xm#jl<m<n—1)=P(Xp#j,1<m<n—1)-P(Xo#jXn#j,1<m<n—1).

Then, summing over n (telescoping sum!)

Tl = P(XO = j) + Z(anf2 - anfl)

n=2

= P(Xo = j) + P(Xo # j) - lim a,

=1-— lim a,.
n— oo

However,

lim a, = P(X,, #j, Ym) =0

n—oo

by recurrence of j. That is, 1 pgif ;> 0.
To see that 7; > 0 for all j, suppose the converse; then

0=m; =Y mpi(n) > mipi;(n), (3.9.9)
1€l

for all 7, n, yielding that m; = 0 whenever ¢ — j. However, the chain is irreducible, so that 7m; = 0 for each
1 - a contradiction to the fact that 7 is a stationary vector. Thus p; < oo and all states are positive.

To finish, if 7r exists then it is unique and all states are positive recurrent. Conversely, if the states of
the chain are positive recurrent then the chain has a stationary distribution from Lemma 3.9.6. O

Remark 3.9.10. Note that Theorem 3.9.2 provides a very useful criterion for checking whether an irre-
ducible chain is positive recurrent: You just have to look for a stationary distribution!
Note that the stationary distribution is a left eigenvector of the transition matrix.

w =7P.
Example 3.9.11. Ler E = {1, 2} and the transition matrix is given by
0.5 0.5
P = ( 0.25 0.75 ) '
Find the stationary distribution. We need to find a solution to the following equation
(71'17 7'('2) = (7T1, ’/TQ)P.

We get the following system of equations:

1 1 1
771:*71'1—{—*71'2, Mg = =T + —T2.

2 4 2 4

Also, we can use the ‘probability condition’ that 1 + w2 = 1. We obtain (71, m2) = (%, %) Compute the
mean recurrent times. 13 = 1/m = 3, po = 1/m9 = 3/2.
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3.9.2 Limiting distribution

Definition 3.9.12. A distribution T is the limiting distribution of a discrete-time Markov chain if, for all
states i,j € E, we have

nh_)rlgop” (TL) =Tj.

An important question to answer is, when is the limiting distribution (as the time parameter goes to oo)
also the stationary distribution?
A problem arises when the chain is periodic:

Example 3.9.13. Ler E = {1, 2} and transition matrix P with p1o = pa1 = 1,p11 = paa = 0. Then the
Markov chain is irreducible and periodic with d(1) = d(2) = 2. Then we get that

P2" = Iy, P2t = p, Vn € No.

Hence P" does not converge as n — oo. So this Markov chain does not have a limiting distribution.
However, it has a unique stationary distribution given by = = (0.5,0.5).

Theorem 3.9.14. For an irreducible aperiodic chain we have

1
lim p;j(n) = —

The proof is quite long and can be seen in Grimmett & Stirzaker (2001b, p. 232-235). We conclude
this section with some important remarks:

Remark 3.9.15. * Ifthe irreducible chain is transient or null recurrent, then ji; = oo and

lim p;j(n) =0, Vi,je€E.

n—00

e [fthe chain is irreducible aperiodic and positive recurrent then we have:

1
lim p;j(n)=mn;=— Vi,jekE,

where T is the unique stationary distribution.

e The limiting distribution of an irreducible aperiodic chain does not depend on the starting point
(Xo = i)/the initial distribution v, but forgets its origin, hence we have by Theorems 3.3.3 and

2.8.2,

lim P(X, =j) = lim v\")

n—r00 n—00
= lim Y P(Xo = i)py(n) = lim Y v"pi;(n)

el i€l
DOM ) 1. R ol 1
DSt g = Y0 L= L
i€E i€cE J J

3.9.3 Ergodic theorem
Now we formulate the ergodic theorem which is concerned with limiting behaviour of averages over time.

Theorem 3.9.16 (Ergodic Theorem). Suppose we are given an irreducible Markov chain { X, }ren, with
state space E. Let 1; denote the mean recurrence time to state i € E and let

n—1
Vi(n) = Z 1ix,=i}s

k=0
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denote the number of visits to ¢ before n. Then V;(n)/n denotes the proportion of time before n spent in

state i. Then
f 1
P<V(n)%, asn%oo)l.
n Hi

See Norris (1998, Chapter 1.10) for a proof.

Altogether, we get the following results. If the chain is irreducible and positive recurrent, then V;(n)/n —
m; (the unique stationary distribution) as n — oo. If it is irreducible and null recurrent or transient, we
have V;(n)/n — 0 as n — oc.

Summary: Properties of irreducible Markov chains

There are three kinds of irreducible Markov chains:

1. Positive recurrent

(a) Stationary distribution 7 exists.
(b) Stationary distribution is unique.
1

(c) All mean recurrence times are finite and p; = =

(@ Vi(n)/n — m; as (n — 00), where V;(n)/n denotes the proportion of time before n spent in
state 4.

(e) If the chain is aperiodic, then

lim P(X,, =) =m, Vi€E.

n— oo
2. Null recurrent

(a) Recurrent, but all mean recurrence times are infinite.
(b) No stationary distribution exists.
(c) Vi(n)/n — 0as (n — o)

(d)
lim P(X,, =) =0, Vie€kE.

n— o0
3. Transient

(a) Any particular state is eventually never visited.
(b) No stationary distribution exists.

(¢) Vi(n)/n — 0as (n — o)

(d)

lim P(X, =i)=0, VieE.
3.9.4 Properties of the elements of a stationary distribution associated with tran-
sient or null-recurrent states

Before moving on to Markov chains on a finite state space, we formulate an important result which can
be derived using the same arguments as in the proof of Theorem 3.9.2, where we applied the dominated
convergence theorem.

Theorem 3.9.17. Let X denote a time-homogeneous Markov chain on a countable state space E. If  is
a stationary distribution of this Markov chain and a state i € E is either transient or null-recurrent, then
T, = 0.
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We note that the theorem above does not claim the existence of a stationary distribution for general
Markov chains, but states that if there is one (or possibly many) stationary distribution(s) of the Markov
chain, then the elements of the stationary distribution associated with transient and null-recurrent states are
equal to 0.

This is a very useful result, since it means that, in practice, when computing stationary distributions,
we can focus on the states which are positive recurrent and set the remaining elements of the stationary
distribution to O (provided it exists).

Proof. Suppose that 7r is a stationary distribution of the chain. Assume that state j € E is either transient
or null-recurrent. Then pij(n) — 0, as n — oo, for all ¢, by Corollary 3.5.6 and Theorem 3.5.11. Since
wP" = 7, we have

. . DOM .
m; = lim 7; = lim E mipii(n) = E m; lim p;i(n) = 0.
J n—oo J n—oo Zpl]( ) 7'n~>oopw( )
icE i€E

This follows from switching the order of summation and limits using the dominated convergence theorem
(DOM, Theorem 2.8.2). For the DOM, note that we can set a;(n) = m;p;;(n). Clearly, >, a;(n) is abso-
lutely convergent for all n since ), |m;pi;(n)| = >, mipij(n) = 75 < 1 < oco. Also lim,, o ai(n) =
0 =: a; for all i. Next, |a;(n)| = m;p;j(n) <7 =:b; >0and Y, b; = >, m =1 < o0.

O

Remark 3.9.18. We note that in the case of a finite state-space, the proof of Theorem 3.9.17 simplifies. In
that case, null-recurrent states do not exist, so only transient states need to be considered. We are allowed
to interchange the limit and the finite sum in the above proof, without the need to appeal to the dominated
convergence theorem.

End of lecture . .. ... oo

3.9.5 Existence of a stationary distribution on a finite state space

So far, we have studied general Markov chains in discrete time with a countable state space. As mentioned
before, the state space I could be any countably infinite set, e.g. £ = N. There are however, many
examples where the state space is indeed finite, i.e. K = card(E) = |E| < oo, e.g. E = {1,2,3} or
E = {sunny, rainy} etc.. In that case, the theory simplifies and we obtain some very nice results which are
very useful in applications.

The main results we will establish in this subsection are the following ones:

Existence: A discrete-time Markov chain on a finite state space always has (at least) one stationary distri-
bution.

Uniqueness: Every Markov chain with a finite state space has a unique stationary distribution unless the
chain has two or more closed communicating classes.

We already proved that on a finite state space there is at least one positive recurrent class.

Theorem 3.9.19. If the state space is finite, then there is at least one positive recurrent communicating
class.

Proof. This is an immediate consequence of Theorems 3.7.11, 3.7.8, 3.7.12.
We can now formulate an important result.

Theorem 3.9.20. Suppose we have a finite state space. The stationary distribution T for a transition matrix
P is unique if and only if there is a unique closed communicating class.
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Proof of Theorem 3.9.20. First suppose there is a unique closed communicating class C. Write P(C) for
the restriction of the matrix P to the states in C. From Theorem 3.7.6, we concluded that P(C) is a
stochastic matrix, and from Theorem 3.7.11 we obtain that all states in C' are positive recurrent, hence we
can apply Theorem 3.9.2 to conclude that there exists a unique stationary distribution 7r10:|0‘ for P(C). Let
7 be a stationary distribution on F satisfying w = wP. Theorem 3.9.17 tells us that 7; = 0 whenever
i ¢ C. Hence 7 is supported on C' only.

Consequently, for i € C, we have

c
T = E TjiPji = E TjiPji = E TPy
JEE jec jecC

where 7 restricted to C is stationary for P(C'). Since the stationary distribution for P(C) is unique, we
get m; = ¢ forall i € C. Altogether we have

(3.9.10)

o 7¢, ifieC,
=Y 0, ifigcC

and the solution ™ = 7P is unique.

Now suppose that there is a unique stationary distribution and two distinct closed communicating
classes for P, say C' and (5. Clearly, the restriction of P to each of these classes is irreducible. Therefore,
for each i = 1, 2 there exists a distribution 7() supported on C; which is stationary for P(C;). We can see
(check it!) that each 7(") is stationary for P. Hence P has a stationary distribution, but it is not unique.

O

The arguments presented in the above proof, allow us to deduce the following useful result. Consider
a Markov chain with a finite state space and at least two closed classes. Then every stationary distribution
can be represented as a linear combination of the stationary distributions associated with the closed classes
and extended to the whole space.

Corollary 3.9.21. Consider a Markov chain with a finite state space and N > 2 closed classes. Let C;
denote the closed classes of the Markov chain and we denote by ') the stationary distribution associated
with class C; using the construction

i 0, ifigC

J
Then every stationary distribution of the Markov chain can be represented as

N
i=1
for weights w; >0, 31" | w; = 1.

Finding the stationary distributions for Markov chains with a finite state space
Suppose we have a Markov chain with a finite state space. Then:
* A stationary distribution always exists.

» The stationary distribution is unique. < There is a unique closed communicating class. < There is
a unique positive recurrent communicating class.

If you need to find a stationary distribution, proceed as follows:

* Find all (/V, say) closed communicating classes C; (e.g. by looking at the transition diagram or by
examining the transition matrix P).
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For each closed communicating class C;, ¢ = 1,2,..., you need to solve a system of equations.
Le. if C; is such a closed communicating class, let 7% denote a card(C;)-dimensional row vector
with non-negative entries. Solve 7P (C;) = w such that all elements of w" are non-negative
and sumupto 1.

One possible stationary distribution is then given by the row vector 7v(*) which consists of the cor-
responding elements of the vectors 7w and of zeros corresponding to the transient states, see the
construction (3.9.11). You need to be careful to get the order of the elements right. We often study
“nicely blocked Markov chains” in this course, but that does not need to be the case in a real appli-
cation!

In a final step, you can represent all possible stationary distributions by

N
S wim,
=1

for weights w; > 0, 3" | w; = 1.

You might also want to check, that if you only found one closed class, the above conditions should
lead to a unique stationary distribution. If you still have some free parameters, then there has to be a
mistake in your calculations!

As homework, try using the strategy described above to answer the following exam question.

Exercise 3.9.22 (Exam question 2020). Consider a discrete-time homogeneous Markov chain { X, }nen,
with state space E = {1,2,3,4,5,6,7,8} and transition matrix given by

o

0 0 0 0

OO OO Ow ORI
OO OO OoOw
OO OO OoOw ORlw
O O OwikIm O O
O O OwWklw O O O
O OO O OO
o, O O oo
O OO OO oo

1. Draw the transition diagram.

2. Specify the communicating classes and determine whether they are transient, null recurrent or posi-
tive recurrent. Please note that you need to justify your answers.

3. Find all stationary distributions.

Solution. 1. The transition diagram is given by

5% @) (@il e

4 3

=l

=
—

Figure 3.11: Transition diagram for the Markov chain described in Exercise 3.9.22

2. We have a finite state space which can be divided into five communicating classes: The classes
T, = {1,3}, T, = {8} are not closed and hence transient.

The classes C7 = {2},Cy = {4, 5}, C5 = {6, 7} are finite and closed and hence positive recurrent.
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3. This Markov chain does not have a unique stationary distribution 7 since we have three closed
communicating classes. For the transient states we know from the lectures that m; = 0 for7 = 1, 3, 8.

13
For the positive recurrent states, we solve my-1 = 7y, (74, 75) = (74, 75) < t 3 ) and (7g, 77) =
3 3

(7T677T7> ( 2 g-) >, Wthh leads to Mo = T, Ty = %7‘(4 and Tg = 7.
There are various ways of representing all possible stationary distributions (only one is needed!),
e.g.

* T = (0:'/T2; 0, my, %7'(4,71'6, 6, 0) for all 7o, w4, Mg > 0 with o + %71’4 +2mg =1,

o w=(0,m2,0, §7s5, 75, M6, 76, 0) for all ma, 75, 6 > 0 with mo + 275 + 276 = 1,

« m=a(0,1,0,0,0,0,0,0) +b(0,0,0, 5, 35,0,0,0) +¢(0,0,0,0,0, 3, 5,0) forall a,b,c > 0
witha +b+c=1.

O

3.9.6 Limiting distributions on a finite state space

We have already discussed that limiting distributions might not always exist. We can show, however, that
if there is a limiting distribution on a finite state space, then the limiting distribution is a also a stationary
distribution.

Theorem 3.9.23. Let K = |E| < oo. Suppose for some i € E that

lim pm(n) = Ty, VJ e k.

n—oo
Then T is a stationary distribution.

Proof. Homework, see Exercise 2- 20. O

End of lecture 10. . ......... ..

3.10 Time reversibility

An interesting concept in the study of Markov chains is that of time reversibility. The idea is to reverse the
time scale of the Markov chain; such a concept, as we will see in a moment, is very useful for constructing
Markov chains with a pre-specified stationary distribution. This is important, for example for Markov chain
Monte Carlo (MCMC) algorithms.

Define an irreducible, positive recurrent Markov chain { X, },,c10,1,...,n} for an N € N. We assume

that 7r is the stationary distribution, and P is the transition matrix, and that for any n € {0,1,..., N} the
marginal distribution v(") is equal to 7. The reversed chain is defined to be, for any n € {0,1,..., N}
Yo=XN_n-

Theorem 3.10.1. The sequence Y is a Markov chain which satisfies
. . 5
P(Yoi1 = jYn =1) = ;{Pﬁ.
Proof.

P(YnJrl = Z.7H~1Dfn =ip, Y1 = Z‘nfla ) YO = ZO)
CP(YVp =i, 0<k<n+1)
P(Yk = Z‘k’vo S k S n)
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 P(Xy_r =i, 0<k<n+1)
P(Xn_r =ir,0<Fk<n)

Now we apply Bayes theorem and the Markov property to deduce that

P(Xn_p =i, 0 <k <n+1)

=P Xy =ig|Xn-k =ik, 1 <k <n+ 1 )P Xy_gp =i, 1 <k<n+1)

= P(Xy = io|Xn_1 = i)P(Xy_p = ip, 1 Sk <n+1)

— P(Xy = io| Xno1 = i1)P(Xn_1 = i1| X2 = i2) - P(Xn—n = in| Xyt = ins1)
P(XN-n-1=tnt1)

= Mipg1Pinyrin -+ Pivio-

Hence

. Tipt1Pinyrin - - - Pivig
,YO — ZO) — n-+4 n+1tn
7Tinpinin—1 te 'piliO

i1 Piprin

P(YILJrl - in+1‘Yn - 'L‘n»yvnfl - Z‘nflv cee

Uy

‘n

Similarly, we get that

P(Yi1 = ins1, Yy = in P(XNnt = inet. Xy = i
P(Y’ﬂ+1 :in+1|Yyl :Zn) = ( +1 tnt1 t ) _ ( N 1 In+1 N 7 )

P()/n - 7:71,) P(XN—n - 7:71,)
_ P(XN—TI, = Z.TL|XN—’YL—1 = Z.n-Q—l)P()(N—n—l = i7a+1) _ Tipt1Pini1in
P(Xan - ln) T,
So overall we have shown that for any n € N and for any states 7, ...,%,+1 € F we have that

P(Yn+1 = in+1|Yn = in7 Ynfl = Z'nfla ceey YYO = Z‘()) = P(Yn+1 = in+1|Yn - Zn)

~ Tiny1Dingrin

)
us

n

which completes the proof.
O

Definition 3.10.2. Ler X = {X,, : n € {0,1,...,N}} be an irreducible Markov chain with stationary
distribution 7 and the marginal distributions are given by v("") = 7 forall n € {0,1,..., N}. The Markov
chain X is called time-reversible if the transition matrices of X and its time-reversal Y are the same.

Theorem 3.10.3. {X,,},,c(0,1,... n} is time—reversible if and only if for any i, j € E

TiPij = T;Pji- (3.10.1)
Note that the condition (3.10.1) is often referred to as detailed—balance.
Proof. Let @ be the transition matrix of { Yn}ne{m,w ~}- Then from the above arguments, we have

T
Qij = Pji—
J L

thus g;; = p;; iff (3.10.1) holds. O

Theorem 3.10.4. For an irreducible chain, if there exist a probability vector w such that (3.10.1) holds, for
any i,j € I, then the chain is time—reversible (once it is in its stationary regime) and positive recurrent,
with stationary distribution .
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Proof. Given the detailed balance condition and any j € F, we have
D Ty =Y WP =T Y P =
i€E i€E i€E
thus 7 is stationary. The remainder of the result follows from Theorem 3.9.2. O

Essentially, the result tells us, if we want to construct a chain with stationary distribution 7r, then one
way is through the detailed balance condition.

Remark 3.10.5. Note that it is possible to extend the definition of time reversibility to an infinite time set
{0,1,2,...}, or even to a doubly-infinite time set {...,—2,—1,0,1,2,...}.

Exercise 3.10.6. Let {X,, }ncn, denote a Markov chain with state space E = {1,2,3} with transition
matrix

0 P 1—p
0 for0 <p< 1.

o3

Is the Markov chain reversible?

Solution. The Markov chain is irreducible, with finite state space. Hence there is a unique stationary
distribution, which is given by = = (1/3,1/3,1/3). [Since the transition matrix is doubly-stochastic, the
uniform distribution is the stationary distribution.]

Now we check the detailed balance equations: m;p;; = 7;p;;. Here we need %p” = %pji, ie. p;j =
pji, for any 4, j € {1,2,3}. These equations only hold if and only if p = 1 — p < p = 1/2. So, the chain
is reversible if and only if p = 1/2. O
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Chapter 4

Properties of the exponential
distribution

In this chapter we will discuss various important properties of the exponential distribution which will play
a central role in our study of Poisson processes and, more generally, continuous-time Markov chains.

4.1 Definition and basic properties

Let us briefly recall the definition of the exponential distribution.

Definition 4.1.1 (Exponential distribution). A continuous random variable X is said to have the exponen-
tial distribution with parameter X > 0, i.e. X ~ Exp()), if its density function is given by

. . Xe M ifr >0,
Fx(@) = { 0, otherwise.

Its cumulative distribution function is given by

_ 0, ifr <0,
FX(I)_{ 1—e ™, ifz>0.

We observe that the so-called survival function of the exponential distribution is given by

1, itz <0,
P(X>I){ e ifz > 0.

The probability density function and cumulative distribution function of an exponential variable with
various choices of the rate parameter \ are depicted in Figure 4.1.

Theorem 4.1.2. Let X ~ Exp()\) for A > 0. Then
1. B(X) = 1.
2. AX ~ Exp(1).
Proof. 1. Using integration by parts or the Gamma function, we deduce that

o0 e ) .
E(X) :/0 xAe Mdy = 3 /0 zAe M \dx = XF@) =5

2. Letx < 0, then P(AX < ) =0, for x > 0, we have
PAX <z)=P(X <z/)\) =Fx(z/A)=1—e"7,

which is the cdf of an Exp(1) random variable.
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Fx(I)

Figure 4.1: Plot of the p.d.f. (left) and the c.d.f. (right) of a random variable X ~ Exp(\) for A €
{0.5,1,2}.

Theorem 4.1.3. Letn € Nand \ > 0. Consider independent and identically distributed random variables
H; ~Exp(\) fori=1,...,n. Let J,, :== Y. H;. Then J,, follows the Gamma(n, \) distribution, i.e.

A" et
t) = " Lt > 0.
fjn( ) F(n) e ’ >

Proof. There are a few ways to prove this, but the simplest, is to use the uniqueness of the Laplace trans-
form.
Let © > 0. By definition

n
E(efu,]n) — E(eiu > H7) indepgdence H E(67UHi)
i=1
identical distribution [E(e,qu )]n

For v > 0, we have

A
A4 u

?

E(e‘“Hl) :/ e NNy =
0

A n
—udn)
E(e ) - (}\ T ’LL) )

which is the Laplace transform of a Gamma(n, \) random variable.
To see this, note that if Y ~ Gamma(n, A), then for u > 0,

o0 An
Efe— %Y — —uy n—1_,-Ay
(") /O LA dy

and hence
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A" /OO —(u+A)y, n—1
= e y"dy
I'(n) Jo

N Oce—(u-‘r)\)y v n=1(y,
T'(n) (u+ X" /0 [(u+A)y] (u+ N)dy

A1 <
- - - z.mn d

T(n) <u+A>"/o c "

AP 1 A"

=T T

End of lecture 10, . ... ...

We state some additional useful properties of the exponential distribution, which are fundamental for
continuous-time Markov chains.

Theorem 4.1.4. Let n € Nand \y,..., )\, > 0. Consider independent random variables H; ~ Exp(\;)
fori=1,...,n. Let H := min{Hy,...,H,}. Then

1. H~Exp(} i, \).
2. Foranyk =1,...,n, P(H = Hy) = X\e /(31— \).
Proof. See Exercise 3- 22 on the problem sheet. O

The result in Theorem 4.1.4 can be strengthened to the case of countably many random variables, see
Norris (1998, p.72).

Theorem 4.1.5. Consider a countable index set E (later this will be the state space) and {H; : i € E}
independent random variables with H; ~ Exp(\;) for all i € E. Suppose that ), \i < oo and set
H = inf,‘eE HL

Then the infimum is attained at a unique random value I of E with probability 1. Moreover, H and I
are independent, with H ~ Exp(}_,cp Ai) and P(I = i) = N/ D> ) cp Ak

Proof. We set I = i if H; < H; for all j # i, otherwise let I be undefined. Then, using the continuous
law of total probability, see (2.7.2),

PI=14,H>y)=P(H; >y, H; > H;Vj #1)

= / P(H; >y, H; > H;Vj # i|H; = x;) fu, (vi)d;
0

i zer / P(Hj > 2;Vj # 1) fu, (2;)dz;

Yy
)
(H;) indep. _ s
= H e NiTi N e N,

Y jeBj#i
= 7)% e~ EREE/\H/.
2ken Mk
Hence P(I =i for some i) = > .~ Ai__ — 1 and H and I have the claimed joint distribution. O

i=1 EkEE Ak

Exercise 4.1.6. Suppose that blue and red cars arrive at a petrol station. Let X denote the waiting time to
the arrival of the next red car and assume that X ~ Exp(Ax). Also, let Y denote the waiting time to the
arrival of the next blue car and assume that Y ~ Exp(A\y ). What is the probability that a red car arrives
before a blue?
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Solution to Exercise 4.1.6. Using the (continuous) law of total probability:

o0

P(X <Y) = / P(X < YIY = )y (y)dy

— 00

— / | P(X <ylY =y)fy(y)dy

J —oo

X,Y independent e 3
et [P < )y

J —00

= /x Fx(y) fy (y)dy

— 00

[e’e) Yy
/ {/ )\Xe_)‘x""'da:} )\ye_)‘"ydy
0 0

Ax
Ax + Ay

O

Remark 4.1.7. Note that, rather than doing the computations in Exercise 4.1.6 above, we could have
applied Theorem 4.1.4 to conclude that

Ax

X Y

4.2 Lack of memory property

Theorem 4.2.1 (Lack of memory property). A continuous random variable X : Q — (0,00) has an
exponential distribution if and only if it has the lack of memory property:

P(X>z+y|X >z)=P(X >y), Y,y > 0.

Proof [Reading material. ]
Suppose X ~ Exp(\), then we have for all 2,y > 0,

P(X>z+4y, X >u2)

PX>z+ylX >zx) =

P(X > x)
_ PX>z+y) e Etw
P(X >x2) = e

=e MW =P(X >y).
Now suppose that X has the lack of memory property whenever P(X > x) > 0. Set G(z) = P(X >

x), then G is continuous (since X is continuous) and monotonically decreasing. Moreover, for all z,y > 0,

Glx+y)=PX>z+y)=PX >z +ylX >z)P(X > 1)
lack o;mem. P(X > y)P(X > J]) — G(J])G(:U) 4.2.1)

Using equation (4.2.1) and induction, we can then show that
G(2) =G +1) =[G,

and
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Also, since X is assumed to be positive, i.e. X > 0, there exists an m € N such that G(1/m) =

P(X > 1/m) > 0.
c=(L s Y=o (L]0

hence

So
a(2)=c (; T ;) - {G (;)F — Gy

Hence, we obtain, by the same arguments, that, for all positive rational numbers x = ol

Glz) = G () =[G =[G

m
Hence, for rational z > 0
P(X > z) = G(x) = [G(1)]" = e"'e(G() — ¢=2% for X = —log(G(1)).

Since G(1) is a probability, we note that A = —log(G(1)) > 0. Now, consider an irrational positive
number = > 0 and any rational numbers u, v such that v < z < w. Since G is non-increasing

G(u) < G(z) < G(v) & [GA)]" < Gl) < [GA)]".
Now we take the limits (through the rational numbers) as v 1 = and u | x to conclude that, for all z > 0
P(X > z) = G(x) = [G1)]" = e”'e(G() — ¢=2% for X = —log(G(1)).

Hence G is the survival function of the exponential distribution with parameter A\, which concludes the
proof. O

Remark 4.2.2. Note that the continuity assumption in the above theorem can be dropped and one can
show the following stronger result: A random variable X : Q@ — (0, 00) has an exponential distribution if
and only if it has the lack of memory property:

PX>2+ylX >z)=P(X >y), Va,y>0.

This can be proved using a very mild modification of the above proof, see e.g. (Norris 1998, p. 70-71) or
Nelsen (1987) for details.

4.3 Criterion for the convergence/divergence of an infinite sum of
independent exponentially distributed random variables

We will now study a criterion for the convergence/divergence of an infinite sum of independent exponen-
tially distributed random variables. This result will be fundamental when we study birth processes, which
are special cases of continuous-time Markov chains. In particular, we would like to know when such pro-
cesses explode. In particular, we will describe how explosion relates to the convergence/divergence of the
sum of the expected inter-arrival times of such processes.

Theorem 4.3.1. Consider a sequence of independent random variables H; ~ Exp()\;), for 0 < \; < oo
foralli € Nandlet Joo =Y., H;. Then:
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1L Ifo; /\% < 00, then P(Jp < 0) = 1;
2. If 372, & = 00, then P(Joo = 00) = 1.

Proof of Theorem 4.3.1 (1.) Suppose that Y .=, )% < oo. Let J,, = > | H,. Note that J,, T Joo, i.e. J,
monotonically increases to J., as n — co. Hence by the monotone convergence theorem (MON), see
Theorem 2.8.3, we can interchange the limit and expectation and get

1\/ION 1 by assumption
B 8 iy 371 ) 2 iy 3 <3
1=1 =1

E(Jx) < oo implies that P(J. < 00) = 1.
To see this note that, using the continuity property of the probability measure (Theorem 2.5.2) and the
Markov inequality, we have

P(J = 00) <ﬂ{J >K}>_P(1\;i_r>nocﬁ{Joo2K})

- (Jin 0= 2 )

Theorem 2.5.2

8

lim P(Jo > N)
N—o00

Markov inequality E(.J
< lim M

- N—ooco N =0

Alternatively, we could write,

00 > E(Jx) = E(Joo|Joo < 0)P(Jo < 00) 4+ E(Jo|Joo = 00)P(Joo = 00)
Joo>0
> E(Jx|Joo = 00)P(Jo = ),
which implies that P(J. = oco) = 0.
[Note that E(J) = oo does not imply that P(Jo, = 00) > 0.]
O

Proof of Theorem 4.3.1 (2.) We show that E (exp(—J)) = 0 since this will imply P(Jo, = o0) = 1.

We can apply the monotone convergence theorem for decreasing sequences, see Theorem 2.8.3, use the
result for the Laplace transform E(exp(—H;)) = (1 + 1/X;)~!, and the independence of H;, to deduce
that

E (exp(—J. (H exp(— ) MON2 an (H exp(— )

(H;) independent

lim HE(exp(—Hi))

n—00 4
use Laplace transform of H; i 1
n 1;[1 L+1/)\°
Taking logs, we get
—log (E (exp(— Zlog (1 + ) (4.3.1)

We will now show that — log (E (exp(—Js))) = 00, which implies that E (exp(—Jx)) = 0. So we can
conclude that P(J, = 00) =

Consider )_;° | log (1 + )} ) Two cases are possible:
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* Either \; < 1 for infinitely many ¢, in which case log(1 + 1/);) > log(2) for each such i and the
sum in (4.3.1) diverges,

e or \; < 1 for only finitely many ¢. Note that if \; > 1, then log(1 + 1/\;) > log(Z)%. Since
the series Y ;- 5+ diverges, the sum Y . <=1y, >1}, which is obtained by omitting finitely many
terms, must also diverge. Hence the sum (4.3.1) diverges, too.

Note that

. 1 N>
{21} = 0, otherwise.

In the proof above we used the fact that if A; > 1, then log(1+1/X;) > log(2)+-. This can be checked
using standard methods from analysis: '

Lemma 4.3.2. For x > 1, we have

1 1
log (1 + ) > log(2)—. (4.3.2)
x x
Recall the following inequality for the logarithm:

log(1+ z) > for x> —1. (4.3.3)

x
x+1
Proof of Lemma 4.3.2. Note that proving inequality (4.3.2) is equivalent to showing that
1
f(z):==zlog 14+ —) —log(2) >0, forz>1.
T

We note that f(1) = 0 and

1 1+ 1 1
/ R — 1 > — €z :0
F@) x—i—og( x ) 1+x+%+1 ’

for > 1, where we used (4.3.3), which implies that f(1) = 0 and then is monotonically increasing for
x > 1, which concludes the proof. U

Alternatively, one could argue as follows: Inequality (4.3.3) implies that for A; > 1, we have

lo 1+i> UL S
SUTN) Tl T 1 A T oy

The simpler inequality above would also lead to a divergent series.

End of lecture 12, .. ...
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Chapter 5

Poisson processes

We will now start our discussion of continuous-time stochastic processes, where, as in the discrete-time
case, we will (mainly) focus on processes taking values in a countable state space. We will start with some
general remarks before introducing Poisson processes formally.

5.1 Remarks on continuous-time stochastic processes on a countable
state space

The following summary is based on Norris (1998, p.67-70).

As in discrete-time, we denote by F a countable set (the state space). We recall that a continuous-time
stochastic process denoted by X = (X;);>0 with values in E is a collection of random variables. How
can we characterise the law, i.e. the probabilistic behaviour, of such a process? For instance, we might
be interested in computing probabilities such as P(X; = i), P(X:, = io,...,Xt, = in) or P(X; =
i for some t).

We have the sigma-additivity property of the probability measure that for disjoint (A;), the probability
of the countable union satisfies

n

P(U;4;) = > P(A)).

However, as soon as the union is not countable such as U;>( A, the sigma-additivity property is not appli-
cable.

In order to overcome this problem, we typically work with right-continuous processes. One can show
that any event depending on a right-continuous process can be determined from its finite-dimensional
distributions, which are the probabilities

forn € Np,0 <ty <t; <---<t,andg,...,i, € E.

A path/realisation ¢ — X;(w) of a right continuous process on a countable state space resembles a
step-function, i.e. it stays constant for some time before jumping to a new state. More precisely, there are
three possible scenarios:

1. The path has infinitely many jumps, but only finitely many in any finite time interval [0, ¢]
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Xifw)

— | —
2 —-
; ; ; ; t

JO Hl Jl H2 J2 H3 J3 H4 J4

Figure 5.1: Scenario 1: One realisation of a continuous-time process with infinitely many jumps, but only
finitely many on any finite interval.

2. Absorption: The path has only finitely many jumps and gets absorbed in one state where it stays

forever:
Xi(w)
4t . -
0—0
2 |1
N N t
JO H1 Jl HQ J2 H3 = 00

Figure 5.2: Scenario 2: One realisation of a continuous-time process with absorption.

3. Explosion: The path has infinitely many jumps in a finite time interval [0, ¢], i.e. the process explodes.
Afterwards the process starts again and might explode again or it might not.
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Figure 5.3: Scenario 3: One realisation fo a continuous-time process with explosion.

We call Jy, Ji, ... the jump times of X = {X;};>0 and Hy, Hy, ... the holding times. They can be
derived from X as follows:

Jo = 0, Jn+1 = iIIf{t > J, Xy 75 X.]n}, n e N(],
where inf ) = co. Moreover, forn € N,

H = Jn_Jnflv if Jnfl < 00,
e 0, otherwise.

Due to right-continuity we have that H,, > 0 for all n € N. If J,,; = oo for some n, then we define
X = X, , 1.e. we set it to the final value of the chain, otherwise X, is undefined.
Note that

g = ZH

The (first) explosion time is defined as

oo
Joo := sup J, = Z H,.
neNg

n=1

We can define the jump process associated with X = (X;);>, or jump chain if X is a Markov chain,
as the discrete-time process (Z,,)nen, With Z,, := X; . (Note that you will sometimes see the notation
Zy = X, + which indicates that we are working with the right limit if right-continuity is not explicitly
assumed.) The jump chain is just the sequence of all the values X takes up to explosion.

We are typically not interested in what happens to the process after explosion, but consider minimal
processes: We can extend the state space E by adding the state oo, say, and set X; = oo if ¢ > J,. The
term “minimal” here means that we are looking at a process which is active only for a minimal time, since
its activities cease after the time of explosion.

We remark that a minimal process can be constructed from its holding times and jump process. In
particular, this enables us to compute probabilities associated with X = (X);>¢ via countable unions. For
instance,

P(X; =) = ZP(Zn =i, Jpy <t < Jut1),
n=0
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and
P(X, =iforsomet € [0,00)) = P(Z,, =i for some n € Ny).

This will turn out to be very useful when proving properties for continuous-time Markov chains, since we
will often relate them to the properties of the corresponding jump chain, where we have already derived
many important results.

5.2 Introduction to Poisson processes

After having studied Markov chains in discrete time, we want to study Markov chains in continuous time.
The general theory will be introduced in the next chapter. Here we start off with one particular example of
a Markov process in continuous-time, the Poisson process. As a digression, the Poisson process (as well as
Brownian motion) is a Lévy process.

(@ (b)

Figure 5.4: The Poisson process is named after Siméon-Denis Poisson, see Figure (5.4a), a French math-
ematician, geometer, and physicist who lived from 21 June 1781 to 25 April 1840. Lévy processes are
named after Paul Pierre Lévy, see Figure (5.4b), a French mathematician who lived from 15.09.1886 to
15.12.1971.

Poisson processes are the most basic form of continuous-time stochastic processes. Informally, we
have a process that, starting at zero, counts events that occur during some time period; a realisation of the
process is displayed in the following figure.
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10

M)
1)
—]

1 .

o.o 2.5 5.0 7.5 10.0 o.o 2.5 5.0 7.5 10.0
Tt Tt

Figure 5.5: One realisation (N¢(w));¢ [0,10] (Ieft) and ten realisations (for ten different choices of w) (right)
of a Poisson process with rate A = 0.7.

Such a process is very useful in practice: it can be used as a model for earthquakes, queues, traffic etc.
More interestingly, it can be combined with more complex processes to describe: jumps in the value of a
stock and a process for mutations on a genealogical tree.

During this chapter we will prove a variety of properties associated to a Poisson process including:

* The number of events that occur in some interval [0, ¢] is a Poisson random variable of rate \¢.

* The time to the next event is independent of all previous times and is exponentially distributed of
parameter .

th

¢ The time to the n*"* event is a Gamma random variable.

One of the key points to remember throughout is that a Poisson process is not a Poisson random vari-
able: this sounds obvious but many students confuse this issue.
There will be many extensions/aspects to (the basic) Poisson processes including:

¢ Thinning
* Non-Homogeneity
 Birth Processes

These ideas are important extensions of Poisson processes.

5.3 Some definitions

We begin by introducing the notion of a counting process. This will help to define the basic idea of the
Poisson process. A first rather informal definition is given as follows.

A first definition: A stochastic process { N, };>¢ is said to be a counting process if N, represents the
total number of ‘events’ that have occurred up to time t.

That is a counting process has the following properties:

1. No =0,
2. VtZO, Nt GNO,
3. If0<s<t, Ng < N;.
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4. For s < t, N; — N, equals the number of events that occur in the time interval (s, t].
5. The process is piecewise constant and has upward jumps of size 1 (i.e. Ny — N;— € {0,1}).

Note that V;_ = limg IV, which is the left limit at time ¢.
You can formalise the above definition in terms of the arrival times of events:

Definition 5.3.1. Let (J,,)nen, be a strictly increasing sequence of positive random variables with Jy = 0
almost surely. The process {N;}1>o defined by

Ny = Z Iy, <eys
n=1

which takes values in Ny is called the counting process associated to the sequence (J,,)ncn,-
Recall that

1, if Ju(w) <,
Lg <ty = Liwe:t, (w)y<t) (W) = { 0, if J;(w) St

You can interpret J,, as the (random) time at which the nth event occurs or, equivalently, as the nth jump
time.

Note that we typically add further assumptions, e.g. we are interested in stochastic processes which
have independent and/or stationary increments.

5.3.1 Poisson process: First definition

We would like to give a first definition of a Poisson process. For this, we need to recall the so-called o(+)
notation:
A function, f, is o(9) if

lim 10)

510 0 =0

Example 5.3.2. 1. Show that the function f(x) = x2 is 0(J).
2. Show that if f(-) and g(-) are o(9), then so is f(-) + g(-).
3. Show that if f(-) is 0(6) and ¢ € R, then cf(-) is o(9).

Definition 5.3.3. A Poisson process { N, },>o of rate A > 0 is a non-decreasing stochastic process with
values in Ny satisfying:

1. Ng =0

2. The increments are independent, that is, given any choicen € Nand 0 < tg <t1 <ty < - - <tp,
the random variables Ny,, Ny, — Nyy, Ny, — Ny, Ny — Ny, ..., Ny, — Ny, are independent.

3. The increments are stationary: Given any two distinct times 0 < s < t and for any k € Ny:

P(N, — N, = k) = P(N,_, = k).

4. There is a ‘single arrival’, i.e. foranyt > 0and § > 0,5 — O:

P(Nt+5 — Nt = 1) =\ + O((S),
P(Nt+§ — Nt 2 2) = 0(6),

I'Technically, we only require that No = 0 almost surely, i.e. P(Ng = 0) = 1.
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A simple interpretation of the conditions:
* Condition (1) means that the process starts at 0.

* Condition (2) means that the increase of the number of events, in disjoint intervals of time:

[0,t0], (to,t1], -y (tn—1 — tu]
are independent.
 Condition (3) means that the probability law is not affected by translation of the time parameter.
¢ Informally, condition (4) means that in an infinitesimal period of time there is either one or no event.

Also note that the single arrival property implies that
P(Niys — Ny =0) =1—Xd + o(9).

Note that a Poisson process is a counting process.

5.3.2 Poisson process: Second definition

If that definition is a little unclear, let us consider a second definition.

Definition 5.3.4. A Poisson process {N,},>o of rate A\ > 0 is a stochastic process with values in N
satisfying:

1. Ny = 0.

2. The increments are independent, that is, given any choicen € Nand 0 < tg <t1 <ty < - - <tp,
the random variables Ny,, Ny, — Ny, N¢, — Ny, Nyy — Niy, ..., Ny, — Ny, are independent.

3. The increments are stationary: Given any two distinct times 0 < s < t and for any k € Ny:

P(N, — N, = k) = P(N,_, = k).

4. Foranyt > 0, N; ~ Poi(\t), i.e. for all t > 0 and for all k € Ny we have

This definition is a little more concrete, as the probability distribution of the increments of the process
is now explicitly given. In most rigorous probability work, the first definition is, essentially, a by-product
of the definition of a Lévy process. However, perhaps, here, the second helps us to understand what is
happening.

We note that in the second definition we do not need to add the assumption that the process is non-
decreasing since this is implied by conditions 3.) and 4.).

Note that, in the definition above, we could combine the 3.) and 4.) conditions and assume the equiva-
lent condition that, for any 0 < s < t, k € Ny, we have

(At = 8))*e 20—

P(N,— N, =k) = o

That is, the number of events in [s, ] is a Poisson random variable, of mean (¢ — s).
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5.3.3 Right-continuous modification

Note that when we have two stochastic processes {X;};>o and {Y; };>0, we say that X is a modification
of Y if

X; = Y;, almost surely for each t > 0,
ie.
P(X; =Y;) =1,foreacht > 0.

One can show that for each Poisson process there exists a unique modification which is cadlag and
which is also a Poisson process.

The term “cadlag”’comes from the French expression: continue a droite, limitée a gauche, which means
right continuous with left limits.

Throughout the course, we always work with the cadlag modification of a Poisson process.

In fact one can show that for each Lévy process there exists a unique modification which is cadlag and

which is also a Lévy process.

51 Ny(w)
4 —
3 —o
2 ——— 0
1 — o
— o ¢

2 1 6 8 10

Figure 5.6: A right-continuous path of a Poisson process (N¢(w))¢c(o,10]-
Remark 5.3.5. We note that the jump chain of the Poisson process is given by Z = (Z,)nen,, wWhere
Zn =mn, forn € N.

5.3.4 Equivalence of definitions

Clearly, we cannot have two definitions for a process that do not coincide. We have the first main result of
the chapter.

Theorem 5.3.6. Definitions 5.3.3 and 5.3.4 are equivalent.

End of lecture 13, .. ...

Proof that Definition 5.3.3 implies Definition 5.3.4

We will introduce two methods for proving that Definition 5.3.3 implies Definition 5.3.4, the other
direction will be left as an exercise.

The first method uses the Laplace transform of a Poisson random variable. Recall that, for a random
variable X with discrete support X, the Laplace transform is, for u > 0

Lx(u) =E[e ] = Z e "P(X = x).
zeX

Let us derive the Laplace transform of a Poisson random variable first.
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Lemma 5.3.7. The Laplace transform of a Poisson random variable of mean X\t (i.e. X ~ Poi(\t)) for
A > 0,t > 0 is given by

Lx(u) = exp{Atle”" — 1]}, Yu > 0.

Proof. Foru > 0, we have

Ex(u) 7uX Z F*UTP )

=y e (/\;)w exp(—At)

oo

= exp(— Z ¢’ M

=0
= exp(—At)exp (e “)\t) =exp (At(e " —1)).

O

We prove the direction that Definition 5.3.3 implies Definition 5.3.4. We note that conditions (1), (2)
and (3) are identical in both definitions, so they are trivially satisfied. Hence we only need to show that
condition (4) holds. L.e. we need to prove that N; ~ Poi(\t).

Proof of Theorem 5.3.6 (using Laplace transforms). We begin by deriving a differential equation for £y
as follows. For § > 0, ¢ > 0 and for u > 0,

Ly(t+0,u) := Ble™News] (multiply by 1 inside E(-))

= E[euNe+s—Nel g—ule] (use independent incr.)
= E[e uNe+s —Ne]|g[e—ulNe) (use stationary incr.)
= E[e™“No) L (t, u). (5.3.1)

The third line follows via the independent increments property and the last by the stationarity.
Now consider

_“N‘* Ze_“'P =x)

x=0

— ef'u-OP(N(S _ 0) 771P + pruzP )

Recall the single-arrival property: P(Ny1s—N; = 0) = 1—Ad+0(0) and P(Nyys — Ny = 1) = Mo +0(0),
P(Niys — Ny > 2) = 0(0). Also, for u > 0:

Z “uP(Ny = 2) < 3 P(Ns = ) = P(N5 > 2) = o(9).
Hence:
Ele™No] =1-(1 =6+ 0(8)) + e “(A5 + 0(0)) + o(6)
=1 A6+ e\ + o(6). (5.3.2)

Combining (5.3.1) and (5.3.2) yields
Ly(t+0,u) =Lyt u)[l =X+ e “ o] + o(d)
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then it follows that
Ln(t+00,u)— Ly(t,u) =Lyt u)Ad[—1+ e ] + o(d),

then
Ln(t+00,u)— Ln(t,u)

=Lyt u)\e™ — 1] + @

)
taking limits as § | 0 yields
8/31\/ (t, u) _
AT T u 1
5t Ly (t,u)M\e ]
that is
EMN (t, u) 1 _
= AMe " —1].
ot Cniw L ]

Since L (0,u) = E(e~*No) = E(e~*") = 1, and integrating both sides w.r.t  we obtain
log[Ln (t,u)] = At[e™ — 1]
ie.
L (t,u) = exp{At[e™ — 1]}

this is the Laplace transform of a Poisson random variable of mean A¢. That is (due to the uniqueness
property of Laplace transforms) [V, is a Poisson random variable, as specified in (3) of Definition 2.2.4.
Note that we have shown that N; ~ Poi(At). O

Remark 5.3.8. In the proof above, we showed that the Laplace transform of N; (when considered as
a function in t) is differentiable from the right. Strictly speaking, we should check the continuity and
differentiability from the left and the right. These results follow easily from our computations above. Please
convince yourself that this is true!

Proof of Theorem 5.3.6 (using forward equations). An alternative way is via the forward equations. It is
very important to understand this concept. Again, we prove the direction that Definition 5.3.3 implies
Definition 5.3.4.

Define, for n € Ny, t > 0

pn(t) = P(Ny = n).

Using the properties of Definition 3.2.3, it must be that the probabilities will coincide with that of a Poisson
random variable. Let n = 0,¢ > 0,6 > 0, then

po(t +9) = P(Npys = 0) = P(no event in [0, + ¢])

= PEno event in[0, ¢] and no event in(¢, ¢ + §])
=P(N; = 0,Ni5 — Ny = 0)
REZT PN, = 0)P(Nyys — Ny = 0)
stat. incr. P(N, = 0)P(Ns = 0)

singl arival v A 1+ o(0)].

Hence we have

po(t+9) — po(t) 0(5).
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Letting § | 0, we get

dpo(t)
dt

= _>‘p0 (t)a

with po(0) = P(Ng = 0) = 1. Using the same approach as above, it clearly follows that
po(t) = e

Forn € N;t > 0,6 > 0, we have

pn(t + 5) - P(Nt+(§ = ’n,)

=Y P(Niys =n|N, = k)P(N, = k) (Law of total probability)

k=0
Note that
P(Niys = n|Ny = k) = P(Nyps — Ny =n — k|N, = k)
indep. incr.
T P(Niys — Ny =n— k)
statgncr. P(N(; - NO o ]{‘)
N0 p(Ny = n — k)
el ol 0(9) k=0,1,...,n—2,
smge:arrlva A5+0(5)’ k:ni 1’
1- A5 +0(5), k=n.
Hence

- 7)\pn(t) + Ap’n,—l(t) =+ @

Letting § | 0 we have

dpy, (t)
dt

= = Apn(t) + Apn—1(t).
The probabilities can then be obtained by induction. Let n = 1, then we have the ODE

dp1 (1) L=t
pm + Ap1(t) = de™ M.

Recall to solve the (1-d, positive ) ODE

Ty @)@ = gta)
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we have

_ fox g(u)M(uw)du + C
a M(x) ’

M(z) = exp (/0 a(u)du> .

In the case when «v and g are continuous functions (on an open interval), we also know that the solution to
the ODE is unique.
In our case, the integrating factor is

f(x)

where M is the integrating factor

M(t) = e
and the solution is
[V A\ds +C
1 (t) = OT

since p1(0) = P(Ny = 1) = 0 we have the solution
p1(t) = e .
We can easily complete a proof by induction, solving the ODE as above and using the induction hypothesis:

_ (A" e
pn(t) = ¢
(exercise).
Hence we have shown the required property. O

Remark 5.3.9. As before, in the proof above, we showed that the pmf of Ny (when considered as a function
in t) is differentiable from the right. Strictly speaking, we should check the continuity and differentiability
from the left and the right. These results follow easily from our computations above. Please convince
yourself that this is true and possibly consult (Norris 1998, p. 76-77) if you get stuck.

Proof that Definition 5.3.4 implies Definition 5.3.3
It remains to prove that Definition 5.3.4 implies Definition 5.3.3, which we leave as an exercise.

Exercise 5.3.10. Prove that Definition 5.3.4 implies Definition 5.3.3.

It is important that you try this exercise yourself! After you have completed it, you can compare your
proof with the following model solution:

Solution to Exercise 5.3.10. We need to check the four conditions in Definition 5.3.3:

Conditions (1), (2) and (3): Conditions (1), (2) and (3) are trivially satisfied. Hence we only have to show
that there is a single arrival.

Single arrival: We apply conditions (3) and (4) of Definition 5.3.4. For k € Ny, t > 0 and § > 0:

1

P(Nt+5 - Nt = k) = k'

(AG)ke0.

Recall the Taylor series expansion of the exponential function:

T I U

n=0 n=1
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The case k = 1: Hence for k& = 1, we have
P(N, Ny=1)=Ne =)\ [1 o~ (M) =\ + 0(0)
(t+5— t = 1) = Aoe = +Z o = + 0(0),
n=1

since

DY D N GO Y )
iy P < g S o

The case k > 2: Also, we have

P(Nt_;,_(s — Nt Z 2) = 0((5),

since
PNy =N >2) o R P(News — Ne=k) L 3, (Ad)Fe
lim = lim = lim
§—0 1) §—0 1) §—0 1)
1 — 1 ks(k—1) —X\6 _
= glgé kZ_Q H)\ 1) e =0.

Alternatively, you could argue as follows:

L (=A™
P(NH(;—Nt:0):exp(—>\6):1—)\5+z( n,) =1—X5+0(d),
n=2 :
since
o lem (AT s ()t
%5%5;2 nl _(%13%7; o
Then:

P(Nigs — Ny >2) =1 —P(Nijs — Ny <2) =1 = P(Nyps — Ny = 0) — P(Nyps — Ny = 1)
=1—(1-X3+0(8)) — (A5 + 0(8)) = o(6).

End of lecture 1. .. ... e

5.4 Some properties of Poisson processes

Now that we have a definition of our stochastic process, let us consider some properties of it.

5.4.1 Inter-arrival time distribution

We have a process that counts events. A natural question is then: “What is the time between events?’. To
help answer this question, we derive the inter-arrival time distribution. That is, the distribution of the time
to the next event.

Theorem 5.4.1. Let {N,},>¢ be a Poisson process of rate X\ > 0. Then the inter-arrival times are inde-
pendently and identically distributed exponential random variables with rate parameter \.
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Recall, that a continuous random variable taking non-negative values has the lack-of-memory property
if and only if it follows the exponential distribution. We will re-visit this result on the problem sheet. In-
tuitively speaking, the fact that the inter-arrival times are independent and exponentially distributed means
that the Poisson process has no memory and restarts itself every time an event occurs. We will come back
to that concept when we study general Markov processes in continuous time in the next chapter.

Proof of Theorem 5.4.1. Let (Hy,...,H,) := Hj., be the inter-arrival times for the first n events. Now
consider, fort > 0
P(H; > t) = P(no events in[0, t]) = P(N; = 0)
=e M
P(H; > t) is sometimes called the survival function of Hy. We can now easily compute the cumulative
distribution function of Hy:
Fy,(t)=PH, <t)=1-PH; >t)=1—-e".
Hence the density function is:
frr, () = Ae ™,

which we recognise as an exponential density function, of rate A, i.e. H; ~ Exp(\).
Consider the second inter-arrival time, for ¢ > 0, by the continuous law of total probability, we have

P(HQ > t) = /OC P(HQ > t|H1 = tl)le (tl)dtl.
0

P(Hy > t|Hy = t1) = P(noeventsin (t1,¢; + t]|Hy = t1)
= PNyt — Niy = 0|Hy = 1)

indep. incr.

P(Niy 41 — Nty =0)

statgncr. P(Nt _ 0)
=e M,

L.e. Hy is independent of H; and

P(H2 > t) = / P(H2 > t|H1 = tl)le (tl)dtl
J0O

= eiAt/ le (tl)dtl =e M,
0

That is, the random variable Hs is exponentially distributed with parameter A, i.e. Hy ~ Exp(\).

Here we have used the independent and stationary increment property of the Poisson process (also note
that we consider inter-arrival times, so we consider the number of events in the interval (¢;, 1 + t])%.

This construction can be repeated for any n € N with n > 2 (conditioning on H;.,_1). In particular,
setT' =ty +---+1t,_1. Thenfort > 0

P(Hn > t|H1 =t1,..., H,_1= tn—l)
=P(noeventsin (T, T +t||Hy =t1,...,Hp—1 =tn_1)
=P(Nryt — Np=0|Hy =t1,...,Hp1 =tn—1)

indep. incr.

P(NT+t - NT - 0)
statgncr. P(Nt _ 0) _ 6_)\t.

Using induction on n leads the result.
O

Note that we can consider the interpret P(Ho > t|Hy = t1) as P(Hy > t|Hy = t1) = lim. o P(H2 > t|H1 € [t1 —
e,tl]) = liméu) P(H2 > t‘Ntl = 1,N(t176)7 = 0) = liméu) P(H2 > thtl — N(t176)7 = 1,N(t175)7 — Ng = 0)
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5.4.2 Time to the n'" event

Let {Nt}tZO be a Poisson process of rate A > 0. Define Jy = 0, and, for n € N,

Jh ::§§:]¥h
i=1

denotes the time to the n'" event (also called the time of the n** jump).

Theorem 5.4.2. Then, for any n € N, the time to the n'" event .J,, follows a Gamma(n, \) distribution,
i.e. its density is given by

A" n—1_—M\t
t) = t t .
f']n( ) F(n) e R >0

5 | Ni(w)
4 -—
H4(w)
3 —o
Hj(w)
2 — 0
Hj(w)
1 e——0
Hi(w)
& . . . £
Jo(w)  Ji(w) Ja(w) J3(wYa(w)

Figure 5.7: Sample path of a Poisson process with corresponding realisations of the inter-arrival times
H,, Hy, Hs, Hy and jump times Jo, J1, J2, J3, Jy.
Proof. This follows directly from Theorem 4.1.3. O

An alternative proof is based upon considering the quantity P(.J,, < t), and using the properties of the
Poisson process.

Alternative proof of Theorem 5.4.2. Note that, fort > 0, n € Ny,

Jn <t N> n.

Hence
2 (F
E]n(t) = P(fjn S t) - P(Nt Z ’I’L) = Ze At( k')
k=n

Now you only need to differentiate with respect to  to obtain the density f; : In particular, we have?

d S 0 &, ME ORI
fJn(t):%Ze A k:') :Z<e /\(_)\)(k!) +e /\((k)—l)'>

k=n ' k=n

3The interchange of the derivative and the infinite sequence % pDraa e~ % =30, %e_)‘t %

noting that the latter sum converges uniformly.

can be justified by
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e k k—1
e\ (Z(—U(Akt!) +E2t) )>

—1)!
k=n
_ -t o () ()
| L S
k=n k=n—1
)\ntn—l )\ntn—l
—At —At
= — = , Vi>0,
-1 ¢ Tm 7Y

which is the density of a Gamma(n, \) random variable.
U

Example 5.4.3. You call a telephone hot-line, and ‘service’ occurs according to a Poisson process of rate
\ per minute. You are told that you are the n'" customer in line (n > 1):

1. How long, on average, will you have to wait to be served?
2. What is the probability that you have to wait longer than 1 hour?

1. The mean of the time to the n'"* event is:

n

3
2. The probability that you have to wait more than I hour is
AN a1
t"T e Mt
/60 L'(n)

This integral is not available analytically and needs to be approximated numerically.

5.4.3 Poisson process: Third definition

The properties we just derived can actually be used to define a Poisson process, which leads us to a third
definition of a Poisson process

Definition 5.4.4. A Poisson process {N,},>o of rate A\ > 0 is a stochastic process with values in N
defined as follows:

1. Let Hy, Hy, ... denote independent and identically exponentially distributed random variables with
parameter A > Q.

2. Let Jo=0and J, =%, H;
3. Define

Ny =sup{n € Ny : J, <t}, Vt>0.

Theorem 5.4.5. Definitions 5.3.3, 5.3.4 and 5.4.4 are equivalent.

Proof. The derivations in the previous section (Theorem 5.4.1) contain the proof that a Poisson process
according to Definition 5.3.4 is also a Poisson process according to Definition 5.4.4. It remains to show
that Definition 5.4.4 implies Definition 5.3.4, which is left as an exercise, see Exercise 3- 25 on the problem
sheet. O
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5.4.4 Conditional distribution of the arrival times

Let J,, denote the time of the nth event. We now derive the conditional distribution of Jy, ..., J, given
that IV, = n (i.e. that n events have occurred on an interval [0, t]).

Theorem 5.4.6. Let {N,}i>0 be a Poisson process of rate X\ > 0. Then for any n € N, t > 0 the
conditional density of (J1, ..., Jy), given N = n is given by:

n! :
o ) o<ty <---<t, <t,
f(Jl,...,Jn,)(tlv cee 7tn|Nt ’IL) { O7 otherwise.

Le. the arrival times conditional on N; = n have the same joint distribution as the order statistics
corresponding to n independent random variables uniformly distributed on the interval [0, ¢].

Proof. We prove the case: n = 1. Le. we know that one event has happened on an interval [0, ¢]. Given
this information, what is the distribution of the time (.J;) at which the first event occurred?
Let t; < t. Then

P(J1 <t1,N; =1)

P(Jl S tl‘Nt - 1) -

P(N;=1)
_ P(leventin [0,t],0 events in (t;,1])
o P(Ntl = ].,Nt - Nt1 = O)
indcp:.incr. P(Ntl = I)P(Nt — Ntl = O)
P(N,=1)
stat. incr. P(Ntl - 1)P(Nt—t1 = O)

)\tlef)\tl efA(tftl) tl
N e~ At ot

Hence we see that the time of the first event, given that there has been one event in [0, ], is uniformly
distributed over [0, ¢].
Suppose that 0 < ¢; < --- < t,. Then we have

P(Jl S [O,tl],Jg S (tl,l‘,g},. coydn € (tn—lyt’n,HNt = ’fl)
P(Jl S t17t1 < J2 S t27'-'7tn71 < Jn g tn|Nt = n)
_ P(Jl < tlatl < J2 < ﬁ2---atn—1 < Jn < t’ruNt :n)

P(Nt = ’n,)
n!e/\tP N X N . ;
= W ( [0,81] = Lo oo IV (t—1,tn] = 4V (Ep,t] = ),
where we have written the number of events upon an interval (t;,¢; 1] fori = 1,...,n — 1 as Ny, 4, ]

Note that Nz, ¢, ) = N¢, .y — Ny, and Ny, g = Ny — Ny,
Using the independent increments property of a Poisson process we obtain

P(Ji <ti,t1 < Jo <t .ot < Jpp < t|Ny =n)
At

!
B zil\i)n)‘tle_)\tl X X )‘[tn - tnfl]e_)\[t"_tnfﬂe_k[t_t”]
nler |~ o+l
= oo [T —ticn) [ exp | -AD (ti —tin) |
7 L=t i=1
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where ty = 0,%,,4+1 = t. Thus it clearly follows that

n!
P(Jy Stity < Jo <to,.o ity < Jo St Ny =n) = — [](t: — ti1).

> m

Computing the partial derivative w.r.t t,, then ¢,,_; etc. gives the desired result.
To see that, define

n!
G(th' .. »tn) = P(Jl < t1>t1 < JZ < t2>~ .. 7tn—1 < Jn < tn|Nt = Tl) = tfﬂ H(ft - ti—l)a

which is differentiable. To simplify the exposition, letus write f(t1,...,t,) := fiy, . g (t1, - tn| Ny =
n) and consider the representation

t1 ta tn
G(t17~--;t'n,):/ / / flay, .o xp)dey, - - - dy
0 J tno1

Then
OG(t1,. .. not
( 1’ 7 / / / $17~- sy Tn—1, n)dxn 1° dxl»
t1 tn—2
0?G(t1,...,t,) t2 n—2
ai 18t . / / / 3'17” y Typ— 27 n—1,"0 n)dTn 2 dI‘l,...,
n-— tn—3
O"G(t1, ... tn)
Y — ft, . ).
atn . atl f( 1 )
So we get indeed the conditional density function from partially differentiating the function G. U

Remark 5.4.7. The above theorem says that conditional on the fact that n events have occurred in [0, t], the
times Ju, . .., J, at which events occur when considered as unordered random variables are independently
and uniformly distributed on [0, t].

Exercise 5.4.8. Show that the expectation of the k'" value (1 < k < n) of n uniformly distributed order
statistics* on [0, ] is

tk
n+1

Exercise 5.4.9. Individuals arrive at a train station according to a Poisson process of rate \ per-unit time.
The train departs at time t; what is the expected time that all the individuals (arriving in (0,t)) have to
wait?

Solution to Exercise 5.4.9. The problem asks us to calculate E[Zfi‘l [t — J;]]. Conditioning upon Ny = n
we have that

E li[t = Ji

i=1

n

n .t
Nt:nl :nt—ZE[JANt:n]:nt—Zn:l

i=1 i=1

=nt —

- t 1 t
S i=nt— nntl) ., n
n+1 pt n+1 2 2
where we have used Theorem 5.4.6 and Exercise 5.4.8. Thus we conclude

Ny

>lt- Ji}] = %E[NtL

i=1

E

4Probably you have studied order statistics in Y2
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that is,

End of lecture 15, .. ...

5.5 Some extensions to Poisson processes

5.5.1 Superposition

Suppose now, that we are given two independent Poisson processes {Nt(l)}tzo and {Nt(z)}tzo (of rates
A1 > 0and Ay > 0), and we define a new stochastic process

N,=NY + N®.
Exercise 5.5.1. Show that {N,}:>¢ is a Poisson process of rate A1 + Xo.
Proof. See Exercise 3- 26 on the problem sheet. O
More generally, we have the following result.

Theorem 5.5.2. Given n independent Poisson processes {Nt(l) >0, {Nt(n) }i>0 with respective rates
ALy ooy Ay > 0, define

N =Y NP, fort>0.
i=1

Then {N;},>0 is a Poisson process with rate X\ = >."" | \; and is called a superposition of Poisson
processes.

We revisit Example 4.1.6.

Exercise 5.5.3. Suppose that blue cars arrive at a petrol station according to a Poisson process of rate \y
and red cars arrive, independently, according to a Poisson process of rate \x. What is the probability that
N cars arrive in [0,t]?

Solution to Exercise 5.5.3. Here, Ny ~ Poi((Ax + Ay)t). Le.

[(AX + /\Y)t]Nef(/\XJr/\y)t‘

P(N, = N) = i

5.5.2 Thinning

Now, suppose in the context of Example 5.5.3, that we know that all cars arrive according to a Poisson
process (of rate \), but, that we are only interested in the process, of (say) green cars, which are observed
independently of the Poisson process, with probability p € (0,1); what can we say about this process?
Writing { N/} as this process, we have the following result.

Exercise 5.5.4. Show that { N/} is a Poisson process of rate \p.

Proof. See Exercise 3- 28 on the a problem sheet. O
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More generally, we have the following result.

Theorem 5.5.5. Let {N;},>o denote a Poisson process with rate X > 0. Assume that each arrival, in-
dependent of other arrivals, is marked as a type k event with probability py, for k = 1,...,n, where

S pi =1 Let Nt(k) denote the number of type k events in [0,t]. Then {Nt(k)}tzo is a Poisson process
with rate \py, and the processes

) P R e
are independent. Each process is called a thinned Poisson process.

We illustrate the concept of thinning of a Poisson process in the Figure 5.8. Here we first simulated
one sample path (which is the same as a realisation) of a Poisson process {Nt}te[o,lo] of rate A = 2. We
then thinned the process using p; = 0.4 and p» = 1 — p; = 0.6. We obtain two new (independent)
thinned Poisson processes: the Poisson process {Nt(l) He [0,10) With rate Ap; = 0.8 and the Poisson process

tefo.10] With rate Apo = 1.2. We note that N; = + ,forall¢ € |0,10].
N 0,10 with rate Apy = 1.2. Wi hat N, = N + N2 forall t € [0, 10

MN(e0) NP (eo) N (e0)
*
-
15 * 15 15
L d
L 3
L d
* -
10 b 10 10 L3
* -
* -
L g -
- - .
5 - 5 L 2 5 L 2
- L 2 -
- L 3 L d
- - -
L 2 L 2 L 2
0 e 0 e 0O e
0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0
t t t

Figure 5.8: Left: Sample path of a Poisson process { N¢(w)}+e[o,10] With rate A = 2. We thin the Poisson
process (with probabilities p; = 0.4, po = 0.6) and split it into two parts such that N;(w) = Nt(l)(w) +
Nt(Q) (w). Middle: Sample path of the thinned Poisson process {Nt(l)(w)}te[g_,w] with rate Ap; = 0.8.
Right: Sample path of the thinned Poisson process {Nt(z) (w) }ee[o,10) With rate Apy = 1.2.

5.5.3 Non-homogeneous Poisson processes

Definition 5.5.6. Ler \ : [0,00) — (0,00) denote a non-negative and locally integrable function, called
the intensity function. A non-decreasing stochastic process N = {N,},>¢ with values in Ny is called a
non-homogeneous Poisson process with intensity function (\(t)):>o if it satisfies the following properties:

1. Ny = 0.

2. N has independent increments.
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3. ‘Single arrival’ property: Fort >0, § > 0:
P(Nt_;,_(; — Nt = 1) = )\(t)5 + 0(6),
P(Nt_;,_(; — Nt Z 2) = 0(5),
that is, the rate/intensity is now dependent upon the time parameter.

Also note that the single arrival property implies that

We would like to derive the marginal distribution of N;. More specifically, we would like to prove the
following result.

Theorem 5.5.7. Let N = {N,},>¢ denote a non-homogeneous Poisson process with continuous intensity
function (\(t))i>0. Then

t
N; ~ Poi(m(t)), where  m(t) = / A(s)ds,
0
i.e, forallt > 0 andn € Ny,
P(Nt — n) — [m(t>] /e—m(t).

n!

Remark 5.5.8. Please note that, in the Poisson distribution above, you need to work with the integrated
intensity function m(t) and not with the intensity function \(t) directly. This is a common source for errors
in calculations. Hence, if you would like to compute probabilities involving non-homogeneous Poisson
processes, make sure that you integrate the intensity function over the time interval of interest first before
"plugging” it into the Poisson probability mass function.

Proof of Theorem 5.5.7. We prove the result using forward equations and induction in n. First we derive
the forward equations. Define, for n € Ny, ¢t > 0

pn(t) = P(Ny = n).

‘We want to show that, for all ¢ > 0 and n € N,

P(N; = n) = [mff!)]ne*m@ (5.5.1)

We check the base case n = 0. Then, for¢ > 0,6 > 0,

po(t + 6) = P(Nt-‘ré = O) = P(Nt = O7Nt+6 - Nt = O)
ind.:incr. P(Nt _ O)P(Nt+§ o Nt _ 0)
single arrival
=T po (DL = A()8 + 0(0)].

Hence we have

po(t+96) —pol(t) _ o(9)
PRETOZRO — A Bpo() + 25
Letting § | 0 we get
dpo(t)
0]

with boundary condition po(0) = P(Ng = 0) = 1.
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Hence, we obtain
t t 0
pO(t) = exp (—/ )\(S)dS) — %e—m(t).
0 !

Next, we consider the case whenn € N. Fort > 0,9 > 0, we have

pn(t + 5) =P Nt+5 = n)

=Y P(Niys =n|N: = k)P(N: = k) (Law of total probability)

k=0
Note that
P(Nt+§ = H‘Nt = k) = P(Nt+5 — Nt =n — k|Nt = k)
indep. incr.
= P(Nips — Ny =n— k)
inele arrival o(9) k=0,1,...,n—2,
5mge:arrlva )\(t)5+0(5)7 k:n—]_7
1=At)d+o0(5), k=n.
Hence

k=0

n—2
=Y 0(6)P(N; = k) + (A(£)3 + 0(8))P(N; = n — 1)
k=0

+ (1= A(£)3 + o(8))P(N; = n)
= (1 = A()6)pn(t) + A(t)dpn-1(t) + 0(d).

Hence we have

Pult + 52 —pa(t) _ —A()pn(t) + A(t)pr—1(t) + OT(S)'

Letting § | O we have

dpy,(t)
dt

If we define p_;1 = 0, then equation (5.5.2) describes the forward equations for all n € Nj.

Now we do the induction step. Suppose that (5.5.1) holds for an n € Ny, then we want to show that it
also holds for n + 1.

From the forward equations, we get for n + 1:

dpn+1(t)
dt

= 7)‘(t)pn (t) + )‘(t)pnfl(t)' (552)

= —)\(t)pn_;,_l(t) + A(t)pn(t)'

From the induction hypotheses we get

and hence
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Recall that in order to solve the (one-dimensional) ordinary differential equation

L va@i@ =g, a0,
we have
B I g(w)M (u)du + C
oy = Do g C

where M is the integrating factor

M(z) = exp (/Ow a(u)du> .

Here the integrating factor is given by
M(z) = exp ( /O ' )\(u)du) — exp(m(z)).
Then
poatt) = ([ stpstan+0) ae
_ (/Otg(u)M(u)du> M)~
= /0 t A(@Wdu e~

Since pp,41(0) = P(Ng = n+ 1) = 0, we have that C' = 0.
ILe. it remains to show that

This is an application of the chain rule: Define

n+1

flu) = %u", m(u) = /Ou A(s)ds.

Note that m/(u) = A(u). Let

F(t):= ./0 flw)du = ﬁt"+1.

Then, since m(0) =

0,
| Hmym = Pl = Fln@) = o)

which concludes the proof. O

Remark 5.5.9. We note that we have again focused on right-differentiability in our proof above. The
case of considering left-limits follows similarly. We added the assumption that the intensity function is
continuous to avoid complications when considering the left and right-limits of the intensity function A
(which are identical for continuous functions).
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Exercise 5.5.10. Derive the distribution of the increment Ny — N, for 0 < s < t. Does a non—
homogeneous Poisson process have stationary increments?

Solution to Exercise 5.5.10. Let0 < s < t. We have shown that N; ~ Poi(m(t)). Also, Ny ~ Poi(m(s)).
Observe that

N; = (N; = N,) + (N, — No),
since Ny = 0. Now, use the Laplace transform. We know that for u > 0

E (exp(—ulVy)) = exp(m(t)(exp(—u) — 1)).
Also,

E (exp(—uNy)) = exp(m(s)(exp(—u) — 1)).
Using the independence increment property, we get
E (exp(—ulN;)) = E (exp(—u(N;y — Ny + No — No))) = E (exp(—u(N; — Ny))) E (exp(—u(Ns — No)))
Hence

E (exp(—ulNy)) [E (exp(—u(Ns — No)))| ™" = E (exp(—u(N, — Ny)))

Now we only have to plug in the results for the Laplace transform of V¢, and N and we get

E (exp(—u(N; — Ny))) = exp(m(t)(exp(—u) — 1)) exp(—=m(s)(exp(—u) — 1))
= exp((m(t) —m(s))(exp(—u) — 1)),

which is the Laplace transform of a Poisson random variable with rate

m(t) —m(s) = / AMu)du.

Hence, we see that the increments are generally not stationary. O

Exercise 5.5.11. Revise the material on conditional distribution, mass, density and conditional expectation
from your first and second year probability courses. E.g. you can read Grimmett & Stirzaker (2001b, p. 67—
68 (Section 3.7) and p. 104—106 (Section 4.6)).

End of lecture 16. . ... ...

5.5.4 Compound Poisson processes

An interesting extension of the Poisson process (which is also a Lévy process) is called the compound
Poisson process.

Definition 5.5.12. Let {N,},>0 be a Poisson process of rate X\ > 0. In addition, let Y1,Ys,... be a
sequence of independent and identically distributed random variables, that are independent of {N;}¢>o.
Then the process {S; }1>0 with

i=1

is a compound Poisson process.
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Figure 5.9: Left: Sample path of a Poisson process { N¢(w) }+c[o,10) With rate A = 2. Right: Sample path

of a compound Poisson process {S(w)}¢e[o,10) With S;(w) = Zf\f:tfw) Y;(w). We use the same realisation
of NV as in the left picture and consider jump sizes Y; ~ N(1,5). Note that a compound Poisson process is
not in general a counting process and it can take values in R (if Y; take values in R).

Theorem 5.5.13. Let {S;},>0 denote a compound Poisson process as defined in Definition 5.5.12. Then
fort >0,

E(S;) = ME(Y1),  Var(S;) = ME(Y?).

Proof. When proving results for the compound Poisson process, we typically condition on N, in the first
step. Here we will use the law of total expectation:
Using the law of total expectation, we have

E(SL) - ZE(SI|NL - TL)P(NL = TL),

n=0

where for n € Ny

Nt n
E(S(|N; =n) =E (Z Y;|N, = n) —E (Z Y;| Ny = n>
i=1 =1

n
(Y3),N indep. (Y;) identically distr.
=" E (Y, e nE(Y7),

i=1

Hence

E(S) = Y E(Si|Ne = n)P(N; = n) = Y nE(Y1)P(N; = n)

n=0 n=0
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Ny ~Poi(At

- i nP(N, = n)E(Y1) = E(N,)E(Y;) ) ME(Y:).
n=0

Note that we can shorten the proof slightly, by using the short-hand notation for the law of total expec-
tation, where we write

E(St) = E[E(St‘Nt)]

instead of the long version

E(Sy) = Y E(Si|Ny = n)P(N; = n).

n=0

Since we have shown that E(S;| Ny = n) = nE(Y7) for all n € Ny, we can conclude that
E(S;|Ny) = N;E(Y?1),

and then, by the linearity of the expectation,

E(5:) = E[E(S¢|Ny)] = EINE(Y1)] = E[NJE(Y1) = ME(Y1).

Similarly, for the variance, we use the law of total variance, which (using the short-hand notation) reads
as follows:

Var(S;) = Var (E (S¢| N¢)) + E (Var (S¢| Ny)) . (5.5.3)

(If formula (5.5.3) is new to you, then prove it at home as an exercise!
Let us compute the conditional variance first: For all n € Ny, we have

Ny n
Var(S;|N; = n) = Var (ZYW\Q = n) = Var <Z Yi|N, = n)

=1 i=1

n
(Y;),N indep. (Y;) ind. & identically distr.
= Var E Y; = nVar(Y7).

i=1

Then

E (Var (S| Ny)) = > Var(S¢| Ny = n)P(N; = n)

n=0

= Z nVar(Y1)P(Ny = n)
n=0

= Var(Y1) i nP(N; = n) = Var(Y1)E(Vy)
n=0

N Boi0) AtVar(Y7).

Alternatively, we can argue that, since Var(S;|N; = n) = nVar(Y1) for all n € Ny, we have
Var(St ‘Nf) = NtVar(Yl),
and, hence,

E (Var (S| N;)) = E[N;Var(Y1)] = E[N¢]Var(Y1) = MtVar(Y7).
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Also, using the short-hand proof only, we have
Var(E(S¢|N;)) = Var(N;E(Y7)) = Var(N;)(E(Y71))? = M(E(Y1))2

Recall that if you take constants (in our case E(Y7)) out of the variance, you need to square them!
Using formula (5.5.3), we get

Var(S;) = MVar(Y1) + M(E(Y7))? = ME(Y?).

O

Exercise 5.5.14. Suppose that asteroids fall to the earth according to a Poisson process of rate A > 0.
In addition, and independent of the arrival of the asteroid (and other asteroids), the asteroid will cause a
human fatality with probability p € (0,1). Let S; denote number of human fatalities at time t. Find the
probability generating function (pgf) of Sy, and, using the pgf, show that the expected number of human
fatalities is \tp.

Solution to Exercise 5.5.14 . From the problem, a convenient model is

Ny
St = Z }/:L'v

i=1

where each Y; is a Bernoulli random variable with parameter p.
By the law of total expectation we have, for ¢ > 0,
Gs,(u) = E(u™) = E[E(u™|Ny)],
where we have for all n € Ny
E(USt‘Nt — n) = E <u25\21 Yi Nt — n) = E (UZTzl Yi

(YL,)’N:indeP- E (UZ:L:I Y7>

Nt:n)

(Y3) ind;pendent H E(U,Yl)

i=1

(Y;) identically distr. [

E(™)]" =[Gy, (w)]".
Hence
E(u|N;) = [Gy, (w)] ™"
and
Gs, (u) = E[EW®|N)] = E[[Gy, (u)]™*] = G, (G, (u)).
Next we need to derive the pgfs of Y7 and [V, (or recall them from Y1!): We have

Gy, (u) = E(u") = u"P(Y; = 0) + u'P(Y; = 1)
=1l—-ptup=1l+plu—1)=:z

and

GNt(Z) = ZZ"P(Nt — n) _ 2271&6_)@ _ Z (Z/\t) e_)\t
n=0 n=0

n!
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= exp(At(z — 1)).
Hence
Gs,(u) = Gn,(Gy, (u)) = exp(At(z — 1)) = exp(Atp(u — 1)).

We deduce that .S; follows the Poisson distribution with parameter Atp. Also,

d
E(S) = @Gst (u) = AP \gy) = Atp.

u=1 u=

O

Remark 5.5.15. In the exercise above, we could have worked with a thinned Poisson process instead of
the compound Poisson process with Bernoulli jumps. Both processes are equivalent.

Whilst this application is perhaps a little ‘unrealistic’, compound Poisson processes are used in a variety
of important applications in insurance and finance (for example). In financial applications, they are often
used in stochastic volatility models, to help reflect jumps in a volatility (standard deviation of financial
instruments) process. We will study an example from insurance mathematics in the following.

5.6 The Cramér-Lundberg model in insurance mathematics

The compound Poisson process is often used in insurance mathematics to model the total amount of insur-
ance claims. Let us study the Cramér-Lundberg model, which can be regarded as the basic insurance risk
model.

Note that you can find more details in the excellent textbooks Embrechts et al. (1997) and Mikosch
(2009).

Definition 5.6.1. The Cramér-Lundberg model is given by the following five conditions.

1. The claim size process is denoted by Y = (Y )xen, where the Yy, denote positive i.i.d. random
variables with finite mean ;i = E(Y1), and variance o® = Var(Y;) < cc.

2. The claim times occur at the random instants of time

O< i<y < -+ as..

3. The claim arrival process is denoted by
Ny =sup{neN:J, <t}, ¢t>0,
which is the number of claims in the interval [0, t]. (Note that sup () := 0).
4. The inter-arrival times are denoted by
Hy=J1, H = Jy — Jp_1, k=2,3,...,
and are independent and exponentially distributed with parameter \.

5. The sequences (Y}.) and (Hy,) are independent of each other.

Exercise 5.6.2. Convince yourself that the process {N },>o defined above is a equivalent to the Poisson
process defined in the (third) Definition 5.4.4.

Definition 5.6.3. The total claim amount is defined as the process (S;)i>0 satisfying

Ny
St: Eizl ng Nt >0;
0, N, =0.
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We observe that the total claim amount is modelled as a compound Poisson process.
We can derive the fotal claim amount distribution.

Theorem 5.6.4. The total claim amount distribution is given by
— ()" )\t
P(Sy<a)=) e ZY<‘L ,  x>0,t>0,
n=0
and P(S; < x) =0 forz < 0.
Proof. Letx > 0, then

P(St S l’) Law of t%tal prob. ZP(St S {E,Nt _ n)
n=0

S (S an)

n=0 i=1

(Y3),N independent Z P (ZYl < l) P(N; =n)

n=0 =1

Ny ~Poi(At) Z —At )\t <Zy < x) .

n=0

Definition 5.6.5. The risk process {U, },> is defined as
U =u+ct— 5, t>0,
where u > O stands for the initial capital and c > 0 denotes the premium income rate.
Exercise 5.6.6. Draw a sample path of the risk process U!
Now we can define the ruin probability.

Definition 5.6.7. 1. The ruin probability in finite time is given by

Y(u,T) =P(Us <0 forsomet <T), 0<T < oo,u>0.

2. The ruin probability in infinite time is given by

(u) == (u,00),u > 0.
‘We can derive a useful result:

Theorem 5.6.8.
E(Uy) =u+ct — Mp=u+ (¢ — Au)t.

We can use the above result in order to come up with a first guess on how to choose the premium rate
¢: Note that we wish to choose ¢ such that the ruin probability ¢ (u, T') (for given u and T') is “small”.
A minimal requirement when choosing the premium could be

c > A,

which is often referred to as the net profit condition.
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It implies that the risk process has positive mean (for all ¢ > 0), i.e. the premium income is sufficiently
high to cover the claim payments. Also

lim

t—o00

() =c— >0
; .

One can show that if the net profit condition is not satisfied, then ruin is certain (i.e. the ruin probability is
1) in the Cramér-Lundberg model.

We illustrate the importance of the net profit condition in Figure 5.10. Here we simulate 10 sample
paths of the risk process U when the net profit condition is not satisfied (left) and when it is satisfied
(right). We observe a strikingly different behaviour of the sample paths, where ruin happens for all 10
sample paths considered in the time interval of interest (on the left), whereas we do not observe a ruin on
the right hand side when the net profit condition is satisfied. We note that a simulation with only 10 paths
is very small and you should typically consider many more paths before drawing any conclusions!

A=3, E(Y1)=10, c=10, u=50, c—AE(Y1)=—20 A=3, E(Y1)=10, c=50, u=50, c—AE(Y,)

60
300

W
v

20
/ 100
o

0.0 2.5 5.0 7.5 10.0 0.0 2.5 5.0 7.5 10.0
time time

==

D
o

200

Risk process U
Risk process U

Figure 5.10: Each picture depicts 10 realisations of the risk process U; = u + ¢t — S;, where in both cases
we have that A = 3, E(Y7) = 10 (where the Y; follow an exponential distribution), v = 50. The premium
income rate varies and is set to ¢ = 10 on the left and to ¢ = 50 on the right. The corresponding net profits
are given by —20 and 20, respectively.

5.7 The coalescent process
To finish the chapter, we will look at a genuine application of the Poisson process, which is used in popula-

tion genetics. Due to the complexities of such models, we will look at the most basic ideas, but hopefully,
it is clear that Poisson processes play a vital role in stochastic modelling of real processes.
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5.7.1 Problem

* We are given a collection of n individuals, for which we have observed (for example) a DNA se-
quence from that individual.

* A DNA sequence is a collection of letters A, C, T and G, for simplicity, we assume that only one
letter (base) is observed.

» The coalescent process helps to provide a genealogical tree representation of this data. That is, a
tree like structure that, probabilistically represents the history of the individuals backward in time,
where individuals join together (coalesce) until there is only one individual: the most recent common
ancestor.

A coalescent tree can be seen in Figure 5.11, which also describes mutation (although we do not con-
sider this below).

A

C A G

Figure 5.11: A Coalescent graph. The letters denote the types of the three observed chromosomes. Going
up the figure (backward in time), the points where the graph join are coalescent events and the arrows
denote a mutation of the type of a chromosome to another (forward in time).

5.7.2 Process

We will describe a very water-downed version of the coalescent process see for example the article Nord-
borg (2000), and also Nordborg (2004), for a detailed introduction.

At the beginning of the process there are n (n € N, n > 2) individuals (all of the same DNA base),
and

» each pair of individuals coalesce according to an (independent) Poisson process of rate 1.

(2

pairs, the time to the first coalescent event is an exponential random variable of rate (3), since we

are considering the minimum of (Z) independent Exp(1)-distributed random variables, see Theorem
4.1.4.

¢ Since there are
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At the first event, two individuals are picked uniformly at random and combined.
* This continues until there is only one individual (the most recent common ancestor);

¢ hence there are n — 1 coalescent events.

* The model, assumes all individuals have the same DNA base, so clearly another mechanism is needed
for real data - a mutation process.

* Note that in this process the number of individuals decreases, and is our first example of a death
process.

5.7.3 Time to the most recent common ancestor

The time to the most recent common ancestor, i.e. the height of the tree, can be estimated by

n—1
E(ZHk), for neN,n>2
k=1

where H), is the time to k" coalescence.

Since
() ()

it follows that

k=1 k=1
S =k & 2n—k - 1)
_2((71—1«—1)!2!) _;(n—k—&-l)!
n—1

2 e 2
(n—k+1)(n—k) _;k(k+1)'

Note that

Further, since H,,—1 ~ Exp( (g) ), we find that
E(H,1)=1.

We interpret this finding as follows: The expected time during which there are only two branches is greater
than half of the expected total tree height.

End of lecture 17.
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Chapter 6

Continuous-time Markov chains

We now look at Markov chains in continuous time, i.e. 7 = [0,00), but on a countable state-space F,
where often £ C Z with K = Card(E). As in the discrete case, we could in fact choose any finite or
countably infinite set as the state space. These processes are much more complex than in discrete time (in
particular if K = o0), and it will take much more sophisticated machinery to deal with such processes
rigorously. As a result, we will sometimes only discuss the intuition behind some proofs rather than all
technical details. This chapter is based on Grimmett & Stirzaker (20015, Chapters 6.9 & 6.11).

6.1 Some definitions

We begin with a basic definition. Throughout, we assume that F is a countable state space.
Definition 6.1.1. A continuous-time process { X }.c[0,00) satisfies the Markov property if

P(X:, =Xy, =d1,..., X, , =in1) =P(Xy, =71 X4, . =tn_1)

n—1

forall j,i1,...,1n,_1 € E and for any sequence 0 < t; < --- < t, < oo of times (withn € N).

Comparing with the definition of Markov chains in discrete time, we can see that the main modification
is with the inclusion of the process at a finite number of times. If we think, intuitively, the process is a path
and hence we consider the dependence upon the path on a finite number of points up-to ¢,,_1; there is a
technical way to describe this dependence through filtrations, again, we do not explore this definition, and
we restrict ourselves to finite dimensional behaviour.

In discrete-time, we looked at the mechanics of the chain via the transition matrix. However, in
continuous-time, there is no direct analogue; there is no notion of unit time. The way out is to use the
idea of the generator, and we now look to introduce this concept.

Definition 6.1.2. The transition probability p;;(s,t) is, fors <t,i,j € E
pij(s,t) = P(X; = j| X, =)
and, in addition, the chain is homogeneous if
pij(s,t) = pi;(0,t = s)
writing p;; (t — 8) = p;;(s,t) in this case.

From herein, it is assumed that the chain is homogeneous and the probabilities are con-
tinuous in ¢.

Let P, = (pi;(t))). Then we have the following result:

Theorem 6.1.3. The family {P; : t > 0} is a stochastic semigroup; that is, it satisfies
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1. Py = Ik« Kk, the identity

2. Py is stochastic, that is P, has non-negative entries with rows summing to 1.

3. the Chapman-Kolmogorov equations hold: Py, = P P, forall s,t > 0.
Proof. 1. Part 1 follows since for ¢, j € E, p;;(0) = 1 and p;;(0) = 0 for i # j.

2. Then (using the law of total probability), for all 7 € F,

o PXe=j,Xo=14) PXo=1i)
é]’u(t)—.; P(Xo = i) —P(XO:Z,)—I.

3. Using the law of total probability (with additional conditioning) and the Markov property, we have,
foralli,j € FE,s,t >0,

pij(s + t) = P(Xs+t = J|X0 = ’L)
=Y P(Xowr = jI X, =k, Xo = i)P(X, = k| Xo = i)

keE

= > P(Xesr = j1X = F)P(X, = k| Xo = )
kel

= Zpik(s)pkj(t).
keE

O

As in the discrete-time case, the evolution of the Markov chain is specified by the stochastic semigroup
{P.} and the distribution of Xj.

Warning: We will not study the general theory of continuous-time Markov chains in this course in
detail, but rather focus on some applications. Hence, we only sketch some important results in the following
without giving all technical conditions and rigorous proofs!

We have not yet defined the generator, but note that much of the transition dynamics of the Markov
chain can be expressed in terms of the semigroup. The continuity assumption can be expressed as follows:

Definition 6.1.4. The semigroup {P.} is called standard if

ImP, =1 (=Py),
t10

where I = I« i denotes the K x K-dimensional identity matrix.

Note that a semigroup is standard if and only if its elements p;;(¢) are continuous functions in ¢,
cf. Exercise 4- 35. (Recall: A function f is continuous in y € R if, Ve > 0, 30 > 0 such that Vz € R with
[z —y| <6, wehave [f(z) — f(y)| <o)

In the following, we only consider Markov chains with standard semigroups of transition proba-
bilities.

Exercise 6.1.5. Show that a Poisson process { Ny }>o with rate A > 0 is a Markov chain in continuous
time.

Solution to Exercise 6.1.5. This result is an immediate consequence of the independent increment property.
To see this, note that for any j,1,...,%,—1 € E and for any sequence 0 < ¢; < --- < t,, < oo of times
(with n € N), we have

P(N, = jINt, =i,..., N,y = in-1)
P(Ntn :j, Ntn—l = 7:”,_17...,Nf,1 = 7,1)
P(Ntn71 = in—l, .. .7N151 = ’Ll)
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~ P(Nt, =Nty =j—tin-1,Nt, _, —Nt, _» =tin-1—in2,...,Ne, — Ny =ia — i1, Niy =i1)
P(Ny, , — Nt, o =in-1—in_2,..., Nty — Nyy =iz — i1, Ny = i1)
indep. incr. P(N¢, = N¢,, , =7 —in—1)P(Ny,, y = Nipy p =in—1 —in—2) PNy, — Ny, =ia — i1)P(Ny, =41)
a P(Ny, , — Nt 5 =tn—1—in—2) - P(Nyy — Ny, =12 —i1)P(Ny, = i1)
=P(Ni, — Nt =J —in_1).

n—2

Also,

P(Ne. = j|No = in 1) = P(Nt, =J,Nepoy =in-1) PNy, = Nipy oy =j —in—1, Nty oy = in1)
T e T S BN, =) P(Ne,_, = in-1)

indep. incr. P(Ntn - Nt",l - ] - in—l)P(Nt",l - in—l)
P(Ntnfl =in-1)

=P(Ne,, = Ni,oy = — iin-1).

Hence, the Markov condition is satisfied. O

Example 6.1.6. Let us consider a Poisson process { Ny }>o with rate X > 0. Let i, j € Ny. The transition
probabilities are given by p;;(t) = 0 for i > j, and for i < j by

pi‘j(t) = P(Ns+t :j|Ns = Z) = P(Ns+t - Ns :] _Z)

stat. incr. . . (/\t)J_1 —A(j—i
= P(N; = j—1) = -—"—=e€ J 7’).
We=d=0 =G

Le. the stochastic semigroup of the Poisson process with rate ) is given by

0 1 2
0 e  (A)e ™M (Mt)Ze /2
11 0 e (At)e= M
P, =
21 0 0 e~ M

6.2 Holding times and alarm clocks

6.2.1 Holding times

We will now introduce the concept of holding times and show that they are exponentially distributed.
Suppose { X, };>0 is a continuous-time homogeneous Markov chain.
Suppose that ¢ > 0 and, for ¢ € F, we have X; = ¢. Given X; = i, define

Hj; =inf{s >0: X, # i}

to be the holding time at state i, that is the length of time that a continuous-time Markov chain started in
state ¢ stays in state ¢ before transitioning to a new state. Note that the holding time does not depend on ¢
since we work under the time-homogeneity assumption. L.e.

inf{s >0: Xppy £ i}X, =i "2 inf{s > 0: X, # i} Xo = i.
Remark 6.2.1. Note that we denote by H; the ith holding time (in time) and by H|; the holding time
associated with state © which are not in general the same objects. E.g. for a Poisson process (starting at
0), we would have that Hy = Hq, Hy = H|y,..., for a birth process starting in k say, i.e. Ny = k, we
would have, Hy = H\, Hy = H|p41,.... For a general Markov chain we have for n. € N, given that
X, .+ = 1@ (which is the right-limit of X at time J,,_1), that H,, = H‘XJ"? = Hj; fori € N, i.e. we
associate

1+
Hn|XJn71+ = H‘XJ,L,1+'
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5 1 Xy(w)
H3 = H|4

4 + &——O

= H Hy=Hp
3 &—o ::o
2 —
1 &——O

‘ ‘ ‘ 1
J() jl ej2 j?) j4

Figure 6.1: This picture clarifies the notation we use for holding times: We depict a path of a Markov chain
with its corresponding holding times and jump times (where we suppress the ws to make the picture easier
to read).

Theorem 6.2.2. The holding time H);, for i € E, follows an exponential distribution.
Proof. By time homogeneity assume without loss of generality that Xy = 7. Note that for z,y > 0, we
have

distr.

{IZ"2 >IE} = {Xt:i, fOI‘OStSJ}},

distr.

{H;>z+y} = {X; =1, for0 <t <x+y}.
Then

P(H|Z >x+y|H‘i >CE)
=P(X; =i, for0<t<z+ylX; =1, for0 <t <uzx)
P(X; =i, for0<t<uz,X,=14 fore <t<z+y)
P(X; =14, for0 <t <ux)
=P(Xy=iforz<t<az+4+ylX,=1 for0 <t <x)

Markov

P(X, =i forz<t<z+ylX,=1)
time;honh P(Xt =i, for0<t< y|X0 = z) = P(H|1 > y)

Hence H|; has a continuous distribution satisfying the lack of memory property, hence it follows the
exponential distribution.

End of lecture 18. . ... e

6.2.2 Describing the evolution of a Markov chain using exponential holding times

Let us now describe how a continuous-time Markov chain evolves in time using the concept of exponential
alarm clocks. The following presentation follows closely Dobrow (2016, p.269-272).
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For each ¢ € E, let us denote by ¢; > 0, the parameter of the exponential distribution associated with
H);. We shall assume that 0 < ¢; < oo.

Technically, the boundary cases could be considered, but we will not do so in the following: If ¢; = 0,
then that would mean that ¢ is an absorbing state, i.e. when ¢ gets visited, the process stays there forever.
If ¢; = oo, then ¢+ would be an instantaneous state, meaning that the process would leave ¢+ immediately
after visiting it. This would allow for infinitely many transitions in a finite time interval and hence would
lead to explosion.

Assuming that the Markov chain is neither absorbing nor explosive, then its evolution in time can be
described as follows.

* Suppose the process starts in state 7.

* It stays in ¢ for an exponentially distributed length of time with parameter ¢;, i.e. the mean length of
stay in state 7 is E(H);) = 1/q; time units.

¢ Then it transitions into a state j # ¢, with some probability which we denote by pg

* It stays in j for an exponentially distributed length of time with parameter ¢;, i.e. the mean length of
stay in state j is E(H|;) = 1/q; time units.

* Then it transitions into a state k& # j, with some probability which we denote by ijk.

If we ignore time, we see a sequence Zg, 41, Zo, ..., where Z,, denotes the nth state visited by the
continuous-time Markov chain X. As mentioned earlier Z = (Z,,),en, denotes the jump chain, which is
sometimes also called the embedded chain associated with X. The jump chain Z is a discrete-time Markov
chain with transition matrix P% = (pzZ])l jer, where the diagonal elements are all zero, i.e. pZ = 0 for all
1€ E.

[In the case of i being an absorbing state, we would have that pZ = 1. ]

Example 6.2.3. Let us consider a Poisson process with rate A\ > 0. Here, q; = A for all © € Ny. The jump
chain is given by Z, = n for n € Ny and the transition matrix of the jump chain is given by

0 1 2
0,0 1 0

pz_ 1[0 0 1
2|10 0 0 1"

6.2.3 Describing the evolution of a Markov chain using exponential alarm clocks
and transition rates

Another way of describing the evolution of continuous-time Markov chains is by specifying transition
rates between states and using the concept of exponential alarm clocks:

* For each state ¢ € E, we denote by n; the number of states which can be reached from state .

» We associate n; independent, exponential alarm clocks with rates ¢;; provided that state j can be
reached from state ;.

* When the chain first visits state 7, all n; exponential alarm clocks will be set simultaneously.

* The first alarm clock which rings, determines which state the chain transitions to. Suppose the clock
with rate g;; rings first, then the chain moves to state j.

» As soon as state j has been reached, we set the n; independent exponential alarm clocks associated
with state 7 and continue as before.
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We call the g;; the transition rates of the process.
We will now describe how we can derive the holding time parameters and the transition probabilities

of the

In

embedded chain from the transition rates.

Let i # j and let ¢;; > 0 denote the transition rates when state j can be reached from state 7.
Leti # j, set ¢;; = 0 if j cannot be reached from i.
Also, we set ¢;; = 0 forall: € E.

Suppose the process starts in state . We set the n; exponential alarm clocks and wait for the first one
to ring.

According to Theorems 4.1.4 and 4.1.5, the minimum/infimum of these exponential alarm clocks
follows an exponential distribution with rate

qi = Z GQij-

JEE

The probability that the chain moves from ¢ to j is the probability that the minimum/infimum of the
exponential waiting times until the first alarm clocks rings is equal to the waiting time until the alarm
clocks associated with rate ¢;; rings. According to Theorems 4.1.4 and 4.1.5, this probability is equal
to

qij
di
Hence, the transition probabilities of the embedded chain Z are given by

V4 qij
" qi

the above construction, we assumed again that 0 < ¢; < co. In the case of ¢; = 0 (i.e. when ¢ is an

absorbing state), then p7 = 1.
Similar to the transition diagrams for discrete-time Markov chains, we can draw transition diagrams
using the transition rates of the continuous-time Markov chains:

Example 6.2.4. Consider the three-state Markov chain with E = {1, 2,3} and transition rates and holding
time parameters given by

(q1,92,93) = (12 + @13, @21 + @23, q31 + ¢32)-

We assume that q; # 0 foralli = 1,2, 3.

Figure 6.2: Transition diagram displaying the transition rates of a three state continuous-time Markov

chain.
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The transition matrix of the embedded chain is given by

1 2 3

s 1 0 q2/a @iz/a
P"= 2 g/ 0 q23/q2 |

3 \g31/a3  q32/q3 0

6.3 The generator

We will now link the notion of transition rates to the concept of a generator for continuous-time Markov
chains, see Dobrow (2016, p. 273-275).

Recall that the derivative of a function describes its rate of change. In the case of continuous-time
Markov chains the derivative of the matrix of the transition probabilities is hence closely linked to the
transition rates as we shall see in the following.

Recall that, as in discrete time, we also have that P, = I, which is the card(F) x card(E)-identity
matrix.

Definition 6.3.1. The generator G = (gij)i jer of the Markov chain with stochastic semigroup P, is
defined as the card(E) x card(FE)-matrix given by

1 1

that is, Py is differentiable at t = 0.

We will now provide some heuristic arguments, to link the elements of the generator to the transition
rates we studied earlier. Please note that the following discussion is not completely rigorous.
Suppose that X; = 4, then the instantaneous transition rate of hitting state j # 4 is given by

E(number of transitions to j in (¢,t + ]| X; = )

i 5

® i P(Xiys5 = jI X =) ~ lim P(X5 = j|Xo = 1)
510 1) 510 1)

o pig(8) L pig(6) —pii(0)

= 161?& 75 = l(slﬁ)l B —pij(o)a

where equality (%) can be justified as follows: If 0 is very small, then the number of transitions in a time
interval of length ¢ is either 0 or 1. The p;;(0) instantaneous transition rates are identical to the transition
rates ¢;; we introduced above. Le.

9i5 = 4ij = P (0)-
Note that we can also say that, for i # j,

pij(é) ~ gij6~

Also, we have, forall: € F,

)~ pu®) | puld) 1
o= =1 ])“(7” -1 i
Gii pn(o) 61,{1(,)1 S 61%
=2 jen#iPii(0) () pij (9)
— i JEE,jFL =) li ij _ r
i ; D lm= B0
JEE,j#i JEE,j#i
== > Gi=-Y ¢;=—a

JEEjFi JjeE

105



A. E. D. Veraart Applied Probability Autumn 2022

where we assume for our heuristic discussion that the interchange of limit and (potentially infinite) sum in
(%) is valid. Note that we can also conclude that

Pii(6) = 1+ gii0.

6.3.1 Transition probabilities of the associated jump chain

We can now derive the transition probabilities of the embedded/jump chain and express them in terms of
the generator:

If X; = i it stays there for an exponentially distributed time with rate —g;; = ¢; (assuming ¢; # 0),
and then moves to some other state j. The probability that the chain jumps to j # 4 is —g;;/gi;. To see
this, note that we have for § > 0 and 7 # j that

P(Xits = 71Xy =1, Xyy5 # 1)
P(Xt+6 = ja Xt = 7:7 Xt+5 # 7’)
P(X; =i, Xyys5 # 1)

_ P(Xiys =4, Xy = 1)P(X; =4)
P(Xy =i, Xeys # )P (Xy = 1)
_ P =glXe=0) _ _pi(0) . gi as 81 0.
P(Xiys #i| Xy =14) 1 —piu(0) Gii
Le., fori # 7,
Yij ij
Gii q;
which is equivalent to
qij = qipiZj'

Note that for a discrete-time Markov chain, the transition matrix together with the initial distribution
characterises the probabilistic properties of the process completely. In continuous-time, the generator plays
the role of the transition matrix and together with the initial distribution characterises the probabilistic prop-
erties of the process completely. However, it is important not to confuse these two. While the transition
matrix for a discrete-time chain is a stochastic matrix consisting of (1-step) transition probabilities, the gen-
erator is not a stochastic matrix (it has negative elements on the diagonal) and its row sums are (typically)
equal to 0 and not to 1. Also, transition rates are not probabilities, so they can take any positive value and
are not bounded between 0 and 1.

End of lecture 1. .. ...

6.4 The forward and backward equations

We have seen that it is possible to find G, given {P;}, by setting G = P, but the converse is also usually
true. The matrix of transition functions {P;} can be derived for a given generator G by solving either
Kolmogorov’s forward or backward equations (subject to regularity conditions):

Theorem 6.4.1. Subject to regularity conditions, see Section 6.9, a continuous-time Markov chain with
stochastic semigroup {P} and generator G satisfies the Kolmogorov forward equation

P, = P,G,
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and the Kolmogorov backward equation
P, = GP;,
forallt > 0.

Proof. Lett > 0 and § > 0. Using the Chapman-Kolmogorov equations, we know that P, s = P;Ps.
Hence

Pis — P _ P,Ps; - P, _ P,(P;—1) _p (Ps — Py)
5 5 5 s
Hence, taking the limit 6 | 0 on both sides leads to
. Pus—Py
P, = %%1 — = P;G.

Also, using the Chapman-Kolmogorov equations again, we know that also P, s = PsP;. Hence

Pys—P, PP, —Py  (Ps—DP, (P;—Po)

= = = P,.
5 5 5 § K
Hence, taking the limit 6 | 0 on both sides leads to
. Pis—Py
P, = %ﬁ)l — 5 = GP,.

As aresult, we are able to express the semigroup in terms of the generator.

6.4.1 Matrix exponentials
It is often (but not always!) the case that the differential equations with boundary condition Py = I can be
solved uniquely, with a solution of the form

(oo}

P, =) —G" (6.4.1)
0 n:

Note that we have powers of matrices here and G° = 1.
We can express (6.4.1) as

Pt — etG

)

where e is the abbreviation for )~ | 1, A™ for square matrices A..
Hence

— 1" t2 ¢
_ G _ no__ 2 3
P, =c —ZEG‘—I—MGﬁ-?G + G
n=0

It can be tricky in practice and computationally challenging to compute such matrix exponentials. The
situation is significantly easier, if we can diagonalise G and hence diagonalise e'©.
Recall that K = card(F), hence G is a K x K-matrix. Suppose that G is diagonalisable with

G =SDS !,

where D = diag(A1, ..., Ak) is a K x K-diagonal matrix with the eigenvalues of G on the diagonal and
the columns of the invertible matrix S contain the corresponding eigenvectors. Then, for any n € Ny, we
have

G" = (SDS™!)" = SD"S! = Sdiag(\?,..., \’%)S 1,
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and hence

X n o tn
Pt :etG = ﬁGn = ZﬁSdlag()\?,,)\?{)Sfl
’ n=0 "

n=0

N . e
:Szﬁdlag()\l,...,)\K)S !

n=0 "

=t N
= Sdiag (ZH!A“..,Z”!MJS !
n=0 n=0

= Sdiag (e)‘lt, cee e)""t) S

which is typically much easier to compute in practice.

Example 6.4.2. Let £ = {1,2}, a, B € R™. There are two equivalent ways to describe the chain:

—a  «
G = .
(5 %)
2. Use the holding times: If the chain is in state I (resp. 2), it stays there for an exponential time of
parameter « (resp. 3) before jumping to 2 (resp. 1).

1. X has a generator

The forward equations take the form

P (t) = —apii(t) + Bpia(t)

and the system of equations may be solved to yield the transition probabilities.

6.5 Irreducibility, stationarity and limiting distribution

We also extend the notions of irreducibility, stationarity and the limiting distribution.
We can define accessibility, communication and irreducibility as in the discrete case.

Definition 6.5.1. The chain is irreducible if for any i, j € E we have p;;(t) > 0 for some t.
We have the following result:
Theorem 6.5.2. If p;;(t) > 0, for some t > 0, then p;;(t) > 0 for all t > 0.

Proof. See Dobrow (2016, p. 285) for an explanation of the intuition behind the proof of this result and
(Norris 1998, p. 111) for the proof. O

This result implies in particular that, in a continuous-time setting, the concept of periodicity is no longer
relevant and is hence not considered/defined since all states are essentially aperiodic”.
Recall that a distribution is defined as a row vector with non-negative elements which add up to 1.

Definition 6.5.3. A distribution 7 is the limiting distribution of a continuous-time Markov chain if, for all
states i,j € F, we have

Hm i (£) = m;

Definition 6.5.4. A distribution 7 is a stationary distribution if m = wP, forallt > 0.
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One can show, that if there exists a limiting distribution, then it is also a stationary distribution (as we
discussed in the discrete-time case (for a finite state space)). The converse does not hold in general, but
depends on the class structure of the Markov chain.

To find the stationary distribution, in discrete-time, we solved the vector equation m = 7wP. There is a
similar situation in continuous-time, but, there is another way, through the generator.

Theorem 6.5.5. Subject to regularity conditions, we have ® = wP; for all t > 0 if and only if G = 0.
Proof. A sketch proof. Using (6.4.1) and G = I:

G =0&7G" =0 foralln €N

o t”
= Zaw(}" =0 forallt>0
n=1

T

o0 tL
@ﬂZmG":ﬂ' forallt > 0
n=0

< Py =m forallt > 0.

This helps us to find stationary distributions, given their existence.
As in discrete time, if () is the marginal distribution of X, then we have

v — I/(O)Pt.

We finish the section with the ergodic theorem.

Theorem 6.5.6. Let X be an irreducible Markov chain with a standard semigroup {P:} of transition
probabilities.

1. If there exists a stationary distribution T then it is unique and for any i,j € E

lim p,J(f) = Ty.

t— o0
2. Ifthere is no stationary distribution then

lim p;;(t) =0

t—+oo
foralli,j € E.
Note that this theorem holds exactly as stated. We did not skip any conditions here!

Proof. A sketch proof: Fix § > 0 and define Y,, := Xj,,. Then one can show that {Y,,} is an irreducible
aperiodic discrete-time Markov chain, which we call skeleton. If Y is positive recurrent, then it has a
unique stationary distribution 7r(®) and

pij(nd) =P, = j|Yo =1i) = 7r](45), as n — 0o,

otherwise p;;(nd) — 0 as n — oo. Apply this argument to two rational values d1,92: Then the
sequences {nd; : n € Ny}, {ndy : n € Ny} have infinitely many points in common and hence (%) =
7(%2) in the positive recurrent case. Hence the limit exists along all sequences {nd : n € Ny} of times with
rational §. Next use the continuity of the transition semigroup to fill in the gaps!

End of lecture 20. . ...
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6.6 Jump chain and explosion

We have already discussed the concept of jump chains (also called embedded chains) associated with a
continuous-time Markov chain on a countable state space E. We briefly review the notion of such jump
chains again.

Subject to regularity conditions not stated here, we can construct the jump chain Z from a continous-
time Markov chain X as follows:

* Let J, denote the nth change in value of the chain X and set Jy = 0.

* The values Z,, = X, + of X (i.e. the values right after the jump, i.e. the right limit) form a discrete-
time Markov chain Z = {Z,, } ,en, -

+ The transition matrix of Z is denoted by P and satisfies
- Pi = gi;/9i if gi := —gii > 0,
— if g; = 0, then the chain gets absorbed in state ¢ once it gets there for the first time.

e If Z,, = j, then the holding time H, 1 = Jn41 — Jn = H); has exponential distribution with
parameter g;.

* The chain 7 is called the jump chain of X.

Let us look at the converse to the above statement: Suppose Z = {Z,, }nen, is a discrete-time Markov
chain on a countable state space /. We want to find a continuous-time Markov chain, which has Z as its
jump chain. Many such chains X exist!

* Let PZ denote the transition matrix of the discrete-time Markov chain Z taking values in £. Assume
pZ = 0foralli € E. This assumption is not very important. It only accounts for the fact that you
cannot see jumps from any state ¢ to itself in continuous time!

» Fori € F, let g; denote non-negative constants. Define
9ij = { 9iv 1fz 75 ‘7:’
—qg; ifi=7].
The construction of the continuous-time Markov chain X = {X},> is done as follows:
e Set Xy = Zy.
* After a holding time [y = H)z, ~ Exp(gz,) the process jumps to state Z.
* After a holding time Hy = H|z, ~ Exp(gz, ) the process jumps to state Z3, etc...

* More formally: Conditional on the values Z,, of the chain Z, let Hy, Ho, ... be independent random
variables with exponential distribution H; ~ Exp(gz,_,),i=1,2,....Set J, = H; + -+ + H,,.

¢ Then define

Y, Ly, it J, <t < Jyy for some n,
R otherwise, i.e. if Jo, < t.

* Note that the special state co has been added in case the chain explodes.

Recall that J, = lim,,_,~ J,,. J is called explosion time and we say that the chain explodes if
P(Js < 00) > 0.

One can show that:
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* X is a continuous-time Markov chain with state space F' U {o0}.
¢ The matrix G is the generator of X (up to the explosion time).
* Z is the jump chain of X.

It is possible to define the process X in different ways at time of explosion. Note that in the case of a
finite state space |F| = K < oo it is not that difficult to prove the above properties. Things get much more
complicated in the case of an infinite state space.

Note that the chain X constructed before is called minimal, since it is “active” for a minimal interval
of time. Next we study conditions which ensure that the process does not explode.

Theorem 6.6.1. The chain X constructed above does not explodes if any of the following three conditions
hold.

1. The state space E is finite.
2. SUp;ep gi < 00.
3. Xo = 1 where 1 is a recurrent state for the jump chain Z.

Proof. Clearly (1.) implies (2.). Hence we only need to check conditions (2.) and (3.).
We start with condition (2.).

* Suppose that g; < v < oo for all 7.

* For the nth holding time we have H,, ~ Exp(gz,_, ).

* Clearly, if gz, _, > 0,thenV,, = gz, _, H, ~ Exp(1), see Theorem 4.1.2.
e If gz, , = 0, then H,, = oo almost surely.

* Hence

J. = 00, if gz, , = 0 for some n,
Voo = Sl v Hy >3 Vi, otherwise.

* Similarly to the proof of Theorem 4.3.1 one can then show that the sum is almost surely infinite and
hence there is no explosion.

Now assume that condition (3.) holds.
e If g; = 0, then X; = ¢ for all ¢, and there is nothing to prove!

* The case g; > 0 is more interesting. We know that Z, = 7 and i is a recurrent state for Z. Hence Z
visits ¢ infinitely many times at times No < N7 < - - - say.

¢ Then

9iJoo = ZQ¢H|ZNJ, where Hz, ~ Exp(gi), Vj € No.
j=0

* Again, as in the proof of Theorem 4.3.1 one can then show that the sum is almost surely infinite and
hence there is no explosion.

O
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6.7 Birth processes

In the previous chapter, we have looked at Poisson processes as well as various extensions. However,
an important extension is the birth process. This is a stochastic (counting) process, which describes the
arrivals of individuals in a more general way than a Poisson process.

Definition 6.7.1. A birth process with intensities Ao, \1,--- > 0 is a stochastic process {N,},>o with
values in Ny such that

1. Non-decreasing process: Nog > 0; if s < t, then Ny < Ny,

2. There is a ‘single arrival’, i.e. the infinitesimal transition probabilities are fort > 0, 6 > 0, n,m €

No.'
1—=Xd+0() ifm=0
P(Nt+($ =n-+ m|Nt = n) = )\715 + 0(6) ifm=1
0(9) ifm>1,

3. Conditionally independent increments: Let s < t, then conditional on the value of N, the increment
Ny — Ny is independent of all arrivals prior to s.

Note that by conditionally independent increments, we mean that for 0 < s < ¢, conditional on the
value of Ny, the increment N; — Ny is independent of all arrivals prior to s. Le. for k, [, z(r) € {0,1,2,...}
for 0 < r < s, we have

P(N; — Ny = k[N, =, N, = a(r) for 0 < r < s) = P(N; — N, = k[N, = I).

Note that a birth process is a continuous-time Markov chain. In fact, the Markov property is an imme-
diate consequence of the conditionally independent increments. (You can briefly check this yourself as an
exercise!)

A Poisson process is a a special case of a birth process (with \,, = X for all n € Ny). In the case of a
(general) birth process, the birth rates depend on the current state of the process.

Example 6.7.2. A simple birth process is a model with \,, = n\. This models the growth of a population,
in which each individual may give birth to a new one with rate X > 0; no deaths occur. Then, fort > 0,
0 >0,n,me Ny (andm < n):

P(Nyis =n+m|N, =n) = <:7) (A)™(1 — A6)™™™ + o(6)
(1= A8)" + 0(5) =3 (=N +0(8) =1—nAs+0(8), ifm=0
=0 A1 = A" 4 o0(8) =nA ) ("I (AT = nAd + o(d), iftm=1
0(9), ifm > 1.

Example 6.7.3. A simple birth with immigration. This is a model with \,, = n\ + v, with v > 0. Here
each individual can give birth, but there is a constant rate of immigration.

Example 6.7.4. Let us study the generator of a birth process. For i,j € Ny, we have pi(i+1)(5) =
Aid +0(6) and py; (0) = 1 — X0 + 0(9).

Hence
pi(6) —1 Pi(i+1)(0)

Gii = lim _)\i7 Gii+1 = lim

510 %) o 510 5 =X

and otherwise g;; = 0, ift > jor j > i+ 1. That is

-Xo o 0 0 0
0 - X X 0 0
0

End of lecture 20, .. ...
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6.7.1 The forward and backward equations

We will now derive the forward and backward equations for birth processes.
Let {NV;} be a birth process with positive intensities Ao, . ... Recall that the transition probabilities are
defined as

pij(t) = P(Niegs = j|Ns; = i) = P(Ny = j|No = i), fori,j € E, (6.7.1)
(note that this is time-homogeneity).

Theorem 6.7.5. Fori,j € E, i < j, t > 0, the forward equations of a birth process are given by

djt( ) = —)\jpij(t) + Ajflpiajfl(t%
with A_1 = 0, and the backward equations are given by
dpi' t

In both cases, the boundary condition is given by p;;(0) = 0;;.
Recall that §;; denotes the Kronecker delta with §;; = 1if i = j and §;; = 0if i # j.

Proof. Leti,j € E,i<j,andset \_; =0.Lett >0, > 0.
We consider the forward equations first. Then, by the Chapman-Kolmogorov equations and the single-
arrival property

pij(t+96) = Zpil(t)ng‘@)
ICE
= Pij—1(t)pj-1,5(8) + pij (H)p;; (8) + 0(9)
= pi,j—1(H)Aj-10 + pij (1) (1 = A;6) + 0(9).
Then rearranging and taking the limit ¢ | O it follows

dpi;(t)
# = —=\jpij(t) + Nj—1pij-1(t),

with the boundary condition p;; (0) = d;;.
The backward equations may be derived in a similar fashion. The only difference is that we apply the
Chapman-Kolmogorov equations “the other way round”:

pij(t+6) = pu(8)pi; (t)
IeE

= pii(0)pij () + pPiiv1(0)pit1,;(t) + 0(d)

= (1 = Nid)pij (t) + Aidpit1,5(t) + o(d).
Rearranging, and taking § | 0 as before we obtain

dpi;(t)

dt

with the boundary condition p;;(0) = d;;.

= —A\ipij(t) + Aipig1,(t),

O

As we can see, we have two ODEs which are satisfied by the transition probabilities. The solutions
of these ODEs give us the transition probabilities; this helps us to answer questions about the size of the
population.

We conclude the section with an important result:

Theorem 6.7.6. Let {N;},>¢ be a birth process of positive intensities \o, A1, . . .. Then the forward equa-
tions have a unique solution, which satisfies the backward equations.
Proof. See Grimmett & Stirzaker (2001b, p. 251). O
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6.7.2 Explosion of a birth process

If the rate \p, A1, . .. in the birth process increase too quickly, it may happen that infinitely many individuals
are born in finite time. Such a phenomenon is called explosion. More formally, we have the following
definition.

Definition 6.7.7. Let Jy, J1,... denote the jump times of a birth process N
Jo =0, Jn+1 = inf{t > Jn: Ny 75 NJn}, n € Np.

Further, let Hy, Ho, . . . denote the corresponding holding times. As before, we write
oo
Joo = lim Jy =) H;.
i=1

Then we say that explosion of the birth process N is possible if
P(Jso < 00) > 0.
Theorem 6.7.8. Let N be a birth process started from k € Ny, with rates \j;, \g+1, ... > 0. Then:
LIfY 2, 5 <00, then P(Joo < 00) = 1, i.e. explosion occurs with probability 1;
20857, )\i = 00, then P(J» = o0) = 1, i.e. the probability that explosion occurs is 0.

Theorem 6.7.8 follows immediately from the arguments used in the proof of Theorem 4.3.1 since the
holding times are exponentially distributed with H|; ~ Exp();) forall i > & and, conditionally on Ny = &,
independent.

6.8 Birth-death processes

Recall the definition of a birth process. This is a non-decreasing Markov chain for which the probability of
moving from n ton+1in (¢,t+6) is A0 + 0(0). More realistic models for population growth incorporate
death also. Suppose we are given the following process { X; }+>0:

1. {X:}i>0 is Markov chainon £ = Nj
2. The infinitesimal transition probabilities are (fort > 0,6 > 0, n € Ny, m € Z):

L — (A + pn)d +0(0), if m=0,

_ N And + 0(9) ifm=1
P(Xits =n+m|X;=n) = 1 + 0l0) Fm— 1
0(9) iflm| > 1

3. The birth rates \g, A1, ... and the death rates p, j41, . . . satisfy

Ai>0 p; >0 peg=0.

Then the process is called a birth-death process.
The generator is given by

-0 Ao 0 0 0
p —(Ar+ ) A1 0 0
G — 0 112 —(A2 + p2) A2 0

0 0 13 —(A3+pu3) Az
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The transition probabilities can be calculated using the birth and death rates; although these can be very
complicated.

However, it is often of interest (and easier) to look at the asymptotic behaviour of the process. Suppose
that 1;, A; > 0 for each ¢ where the rates make sense. Then using the claim wG = 0;

—Aomo + p1m =0
An—1Tp—1 — (An + Mn)ﬂn + fnt1Tnt+1 = 0 n>1

Example 6.8.1. Show, using induction

Ao X - X Apq
Ty = ————— T
1 X e X iy,
foranyn € N.

Such a vector 7 is a stationary distribution if and only if ) m,, = 1; that is

oo

Ao X - X Ay
DA RARRARA = N 6.8.1)

n=0 1 X e Xy,

with the first term (n = 0) defined to be 1, i.e. A\gA_1/ 10 := 1. Given this condition, it follows
>0 Mot
X oo X Ap
o = Z 0 1 .
n—o M1 XX Hn

By Theorem 6.5.6 we have that the process settles into equilibrium if and only if (6.8.1) holds; i.e. that the
birth rates are not too large relative to the death rates.

Example 6.8.2 (Simple death with immigration). Suppose that we have a continuous-time Markov chain
{X:} such that Xo = 1. In this population of individuals, there is no reproduction (i.e. birth) but new
individuals migrate into the population according to a Poisson process of rate A € R,. Each individual
may die in (t,t + J) (where § > 0) with probability ud + o(6), p > 0. The transition probabilities are
(4,7 € No):

P(j — ¢ arrivals, no deaths) + o(6) ifj >

pij(0) = P(Xeys = j1X0 =) = { P(i — j deaths, no arrivals) + o(0) ifj <4

since the probability of two or more changes in (t,t + §) is 0(0). As a result
Piit1(8) = A5(1 — pd)" + o(8) = Ad + 0(9)
pis-1(0) = (1= 38) ()80 8)" =1+ 0(6) = i+ o),
pii(0) =1 = (A +ip)d + o(9),
pij(6) = 0(8) if|j —il > 1,
which is birth-death process with parameters A\, = \, L, = Nfi.
We study a simple birth-death process in the following in more detail.

Example 6.8.3 (Simple birth-death process). We are given a biological system, where organisms give
birth and die, independently. Suppose, that in (t,t + §), each individual alive gives birth with probability
Ad + 0(0) and dies with probability ud + o(9); in other words X; = n, the number of organisms in
the system, evolves by increasing by 1 with probability And + o(9) and decreases by I with probability
und + o(0). The initial population, at time 0, is size no. Suppose that \ # p. Using the forward equations,
show that the probability generating function of X; is

p(l—5) = (= As)e" =m0
A1 —8) = (u— As)e=(A—mt

G(s,t) = B(sXt) = {
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If X # u, what is the probability that extinction has occurred at, or before time t?
Let P(X; = n) = p,(t) and use the convention that p_1(t) = 0, then the forward equations for any
n € Ny are

Pu(t) = —n(A+ p)pn(t) + (n+ Dppnia () + (0 — 1)Apn1(2),

with boundary condition p,,,(0) = 1. By definition

oo

G(s,t) =B(s¥) = > s"pa(t),

n=0
and note (assuming we can interchange the derivative and infinite series)

o0

aGSt anl

and

8G (s,t) ins Lo (t

Thus multiplying the nth forward equations by s™, on both sides, and summing over n yields

aGegt i s(A+ nzons Plt) + “;(" + 1)s"pnaa(t) + A,;(n = 1)s"pn-1(1).

Clearly the first expression on the R.H.S. is

9G(s,1)

—(A+p)s—p-

The second is

= n = 0G(s,t
P (418" pusa(t) = p Y ns" pu(t) zu%;

n=0 n=1
and the third is

0G(s,t)
2 )
As Os

Thus we need to solve the PDE

OG (s,t)

0G(s,t)
ot ’

= (s — (s — )

Either you solve this PDE using standard methods, or you show that the given solution satisfies the PDE!
Let p := \/p (recall X # ). The extinction probability is given by

_ e—(A=m)ty "o

_ o e pe

() = P =0) = Glo.0) = { 5=
Then, as t — oo,

L ifp<1,
p~"0, ifp>1.

n(t) — {
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6.9 Uniform semigroups [Reading material]

Remark 6.9.1. If you would like to learn more about the technical details we skipped in our heuristic
proofs, then please read Chapter 6.10 on “Uniform semigroups” in Grimmett & Stirzaker (2001b)!

Definition 6.9.2. A semigroup {P.} is called uniform if P, — T uniformly ast | 0, i.e.
pii(t) =1 ast] 0, wuniformlyini€ E. (6.9.1)

Since p;;(t) < 1 — p;;(t), equation (6.9.1) implies that p;;(t) — 0 for i # j. Clearly, a uniform
semigroup is standard. The converse statement does not hold in general, but is true when the state space is
finite. One can show the following result.

Theorem 6.9.3. The semigroup {P} is uniform if and only if sup,(—g;;) < oc.

Using the stronger condition we can now formulate the precise result on the forward and backward
equations:

Theorem 6.9.4. If {P,;} is a uniform semigroup with generator G, then it is the unique solution to both the
forward equation P, = PG and the backward equation P, = GPy, subject to the boundary condition
Py = 1. Moreover,

P, = ¢'C and Gl =0
In the statement above 0 and 1 denote row vectors consisting of Os and 1s, respectively.

End of Jecture 22, .. ...
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Chapter 7

Brownian motion

7.1 Introduction

Brownian motion is one of the most important building blocks of stochastic processes and is applied rou-
tinely in many areas including: statistics, finance, economics, physics, chemistry and many more. Due
to the complexity of the mathematics, we will not see a rigorous construction of Brownian motion. For
those students interested in learning more, the reference Karatzas & Shreve (1991) is a good place to start.
Brownian motion, can be thought of as a random walk in continuous time and on continuous state-spaces.
It is an example of Markov process, a diffusion process and is also a martingale. This chapter is quite
short, and as noted above, it is not possible to fully understand Brownian motion on the basis of what we
study here. However, it will give you a flavour of some of the nice properties a Brownian motion has. This
chapter is based on Ross (2010, Chapter 10).

7.2 From random walk to Brownian motion

Let us study a (discrete—time) symmetric simple random walk. Such a process is a Markov chain (X,,) on
E = 7 with transition probabilities

0.5, ifj=i+1
piy =14 05, ifj=i—1, fori,jeZ.
0, otherwise,

Then

where the Y; (i = 1,2,...) are assumed to be independent with Y; taking values in {—1,1} and Yy
denotes the (deterministic) initial value. Here we choose Y; = 0. By definition, the increments are i.i.d.:
X, — X,—1 =Y,,inparticular, X,, = X,,_1 + Y,,.

A simulated path of a symmetric simple random walk is depicted in Figure 7.1.
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Figure 7.1: Simulated path of a symmetric simple random walk.
Exercise 7.2.1. Compute the mean and the variance of the symmetric simple random walk X,,. (Recall
that we chose Yy = 0.)

Solution to Exercise 7.2.1 . Clearly, X, can only take values in {—n,—(n—1),...,(n—1),n}. Then, for
any i € N,

E(Y;))=0.5-1+0.5-(-1) =0,
Var(V;) =E(Y?) =0.5-12+0.5- (-1)* = 1.

Hence E(X,,) = 0 and Var(X,,) = n. O

7.2.1 Modes of convergence in distribution, Slutsky’s theorem and the CLT

We briefly recall the following modes of convergence, which have been studied in Y2.

Definition 7.2.2 (Convergence in probability). A sequence of random variables X1, X, ... converges in
probability to X, written X, B x if, for each ¢ > 0

nlgrolo PHw: | Xp(w) — X(w)| > €}) = lim P(|X,, — X|>¢€)=0.

n—oo

Definition 7.2.3 (Convergence in distribution). Let the cumulative distribution function of X,, and X be
denoted by F), and F, respectively. Then, X,, converges in distribution/weakly to X, written X,, i> X if,

lim F,(z) = F(x), for every continuity point x of F(x).

n— o0
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We state without proof the famous Slutsky’s theorem.

Theorem 7.2.4 (Slutsky’s theorem). Suppose that X, a4 x LA, L a, and B, L b, where a and b are
(deterministic) constants. Then

Ap X, + By, % aX +b.
Recall the central limit theorem:

Theorem 7.2.5. Let 71,75, ... be a sequence of independent, identically distributed random variables,
each with finite mean v and finite variance o®. Then the distribution of

1 n
— Z; —
= (o)

tends to the standard normal distribution as n — oo.

From the CLT, we immediately get that

Now define

X X ] X
Lﬂsz:ﬂ—k fork = |nt],k <nt <k+1

B(n):
N N AN TN

Note that -~ Lnt]

v — v/t asn — oo. Hence, by Slutsky’s Theorem, we have

X\_nt]
Jn

iN(O,t), as n — oo.

Note that % denotes convergence in law/in distribution/weak convergence. Also, |nt| denotes the largest
integer less than or equal to nt.
In fact, we get an even stronger result: The rescaled symmetric simple random walk converges in
distribution to the Brownian motion, i.e. fort > 0
X [nt] d X ln] d
——= — By, and more generall — — B,
\/ﬁ t g y \/ﬁ
as n — oo.
The latter result is due to Donsker’s Theorem.
We depict the paths of a rescaled random walk for n. € {10, 100, 1000} in Figure 7.2.
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Figure 7.2: Simulation of a rescaled random walk for n € {10, 100, 1000}.

7.3 Brownian motion

Definition 7.3.1. A real-valued stochastic process B = { B, };>¢ is a standard Brownian motion if
1. By = 0 almost surely;
2. B has independent increments;
3. B has stationary increments;

4. The increments are Gaussian, for 0 < s <t

By — Bg ~ N(O/ (t - 5));

5. The sample paths are almost surely continuous, i.e. the function t — DBy is almost surely continuous
int.

Definition 7.3.2. Let B = {B;};>0 denote a standard Brownian motion. The stochastic process Y =
{Yi}i>0 defined by

Y, = 0B, + ut, forallt > 0,
is called a Brownian motion with drift parameter 1. € R and variance parameter o2, where o > 0.

Note that for 0 < s < t,Y; — Y, ~ N(u(t — s),0%(t — 5)).
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7.4 Historical background

The Scottish botanist Robert Brown (1773 —1858) observed jittery motion of pollens in water (1828)

The Danish astronomer, actuary and mathematician Thorvald N. Thiele (1838 —1910) described the
mathematics behind Brownian motion (1880)

¢ The French mathematician Louis J. A. Bachelier (1870 —1946) introduced the Brownian motion in
Finance (1900)

The German (later Swiss and American) physicist Albert Einstein (1879 — 1955) studied the Brow-
nian motion in physics (1905)

e The American mathematician Norbert Wiener (1894 —1964) was the first one to prove the existence
of the Brownian motion (1923) (which is a deep mathematical result!)

7.5 Finite dimensional distributions and transition densities

We remark on some ideas of stochastic processes. In general, and in continuous time, we have an under-
lying probability space (2, F,P), and for w € Q, X;(w)isamap X : T x Q — E. (In this chapter we
choose 7 = [0,00). ) Intrinsically, this means that, when constructing the underlying probability space,
we need to think about probability measures on paths, that is on an infinite number of random variables. It
is simpler (and technically possible due what is known as the Kolmogorov existence theorem) to consider
the finite dimensional distributions (FDDs):
P(Xt1 S T, 7Xt” S xn)

with 0 < t; < --- < t,. This is the joint distribution of a finite collection of random variables from the
process. As stated above, it is possible (under the Kolmogorov consistency conditions) to construct a
(unique) probability space defining only the FDDs. Throughout, we mention only the FDDs, but it should
be noted that there is a much deeper theory than what is presented here.

Let B = {B,};>0 denote a standard Brownian motion. Letn € Nand 0 < ¢; <ty < --- < t,. We
want to find the joint density function of

By, By, ..., By,.

n

Note that the set of equalities

Bt1:$17Bt2:x2,...,Bt = Tn,

n

for x1,...,x, € Ris equivalent to

By, =x1,Bt, — By, =22 —71,..., B, = Bt, |, =%y —Tp1.
We can us the transformation formula for multivariate densities (see the Y1 lecture notes for the bivariate
case) and the fact that B has independent, stationary, Gaussian increments, to deduce that

fBey B @15 wn) = [, (1) fB,,-B,, (X2 —21) - [, — B0, (T — Tp1).

n—1

2

2 ",
exp <7%{%1+ (xf;_“g) ++M})

\/(27T)n(t1 (tQ - tl) U (tn - tnfl)

From this equation, we can compute any desired probabilities. =~ We spend some time discussing the
transition densities of Brownian motion.

f(Btl,..A,Btn)(.T/‘l, .. ,_77,”) _
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E.g. suppose we want to compute the conditional density of B, ; given that B, = z for 0 < s, ¢.
Then

thJrS‘BS (y|T) _ st,Bt+s (I7 y) _ st (x)th,Jrs—Bs (y B I)

IB.(x) [, (%)
1 1
= NorT exp (_%(y — x)Q) .

In order to shorten the notation, we write

1 1 )
pe(yle) = pe(w,y) = o P (—Qt(y — ) ) ;
which is called the Gauss kernel, or sometimes the heat kernel.
A very interesting property of the density (called the Gauss/heat kernel) is that it provides a probabilistic
interpretation to a solution of a partial differential equation:

Theorem 7.5.1. Let f : R — R be a continuous function satisfying some additional regularity conditions.
Then the unique (continuous) solution u.(x) to the initial value problem

9 1 02
aut(x) = 5@%‘(@
uo(x) = f(x)

is given by
w(e) =BG = [ puCen) i)y

where {W}'} is a Brownian motion started at .

The PDE is called the heat equation. The interesting point is that the solution of the PDE is now written
as an expectation w.r.t. a Brownian motion, which gives a numerical scheme to approximate its solution
(very important in high dimensions, where finite difference methods do not work well).

A verification of the result can be yielded by taking partial derivatives of the expectation w.r.t ¢t and
then showing that

Opi(z,y) _ 10°pi(x,y)
ot 2 022

Exercise 7.5.2. Verify the result in Theorem 7.5.1.

End of lecture 23, ... o

7.6 Symmetries and scaling laws

We look at the following result:

Proposition 7.6.1. Let { B, };> be a standard Brownian motion. Then each of the following processes is
also a standard Brownian motion:

{=Bt}i>0 [Reflection]
{Bit+s — Bs}i>0 fors > 0, [Translation]
{aBy)q2}i>0 fora > 0, [Rescaling]
{tBy/t}t>0 [Inversion].
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7.6.1 Some remarks

Now these results have some important implications. First we look at the maximum and minimum pro-
cesses:

Mt = max{B,:0 < s <t}
M; :=min{B;:0< s <t}

These are well-defined, because the Brownian motion has continuous paths, and continuous functions
always attain their maximal and minimal values on compact intervals. Now observe that if the path B;
is replaced by its reflection —B; then the maximum and the minimum are interchanged and negated. But
since — B, is again a Brownian motion, it follows that A/;" and — M/, have the same distribution:

ML

where our notation means ‘equal in distribution’. The property that {a 53, .2 } is again a Brownian motion
is called the Brownian scaling property (Exercise: Prove it!). It is perhaps the most useful elementary
tool in the study of BM. As a first example, consider its implications for the distributions of the maximum
random variables M,". Fix a > 0, and define

Bt = CLBt/az
M := max B

0<s<t

= cLAMt"/'a2

By the Brownian scaling property, B} is a standard Brownian motion, and so the random variable ]W;r o
has the same distribution as ]Wt* . Therefore,

M; £ aMyy,,.

On first sight, this relation appears rather harmless. However, it can be shown, it implies that the sample
paths of a Brownian motion are with probability one, nowhere differentiable.

7.7 The reflection property and first-passage times

We now look at some well-known properties of Brownian motion.

Proposition 7.7.1. Let x > 0 then
P(M;" > z) = 2P(B; > z) = 2 — 2®(x/\/1),
where ® is the normal c.d.f.

Before we prove this result we give the following fact, which is not proved (due to the complexity of
the proof, interested students can check Billingsley (2012).)
Letx > 0 and

7:=min{s: Bs > x}.
Then

B _ By if t<71
Lt x—(Bt—CL') if t>171

is a Brownian motion. This is termed the reflection principle. Formally 7 is a stopping-time.
Note that the new path B}’ is obtained from B; by reflection: For ¢ > 7 we reflect B; about the
horizontal line at height = > 0.
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Proof. Let 7" = min{t : B; > x}, which is the same as 7 (due to the definition of B;’). Now we have
that

P(M;" > x)=P(r <t)

which simply means that the probability that the maximum of the Brownian motion, on [0, ¢], exceeding x,
is the same as the probability that the first time the Brownian motion is greater or equal to x is less than .
Then using the law of total probability, we have

P(Tgt):P(Tgt,BtSl‘)-'-P(TSt,Bth)
=P(r" <t,B] <x)+P(r <t,B; > x),

where we have used the equivalence of 7"/ and 7 and the fact that B;’ is a Brownian motion. Now condi-
tional on 7/ < t (i.e. 7 < t) we have that

B! <z <+= 21— B, <x <= B, >u.
Hence

P(r<t)=P(" <t,B; >x)+P(r <t,B; > )
=P(r<t,B, >z)+P(r <t B >ux).

Then
P(T S t,Bt Z :c) = P(Bt 2 l)

due to the intermediate value theorem (recall B; is continuous, By = 0, and = > 0). Hence

P(M;" > z) = 2P(B, > z) = 2{1 - @(\2”

During the course of this proof we have seen that:
P(r<t,By>a)=P(r <t,B; <)

which can be interpreted as, if we hit the level x, the probability that the Brownian motion is above the
level, is exactly the same as being below the level. This is, essentially the argument behind the proof of the
reflection principle, which we have used here.

An obvious corollary of this result is that

0 = x Iz
p‘f‘(’)_\/ﬁexp _E

which is the density function of the first hitting time of a Brownian motion.

7.8 A model for asset prices

A rather well-known model for describing the movement of an asset price {S;}o<i<7, St € RT is as
follows

Sy = Spexp{(u — 0?/2)t + o B;}

where S is the initial value of the underlying (e.g. the value of the stock at the start of trading), u € R is
the risk-free interest rate and o is the volatility (i.e. the instantaneous standard deviation of the stock). This
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process is known as geometric Brownian motion, and is the solution of what is known as a stochastic
differential equation.

In practice, this model is routinely used in most, if not all, major investment banks and hedge funds,
to calculate what is known as option prices and hedge financial derivatives (essentially, for firms to protect
themselves from losing money in financial contracts).

From the point of view of statistics and econometrics, it is well-known that this model does not fit the
stylized features of financial returns data. That is, real financial data does not follow the dynamic above;
this is because in practice the volatility of asset prices is typically not constant, and often responds to a
variety of market conditions (for example, September 2008, the volatility of many banking stocks was very
high, due to the collapse of the investment bank Lehman Brothers).

We typically observe time-varying volatility clusters. We demonstrate this by looking at daily data
from the S&P500 before, during and after the financial crisis.
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Figure 7.3: The daily index and log returns of the S&P 500 index between 3rd January 2000 to 9th March
2012. The data are based upon the adjusted closing prices.

This has yielded much academic and industrial research into cases (which goes back to at least the late
1970s) where ¢ is a stochastic process, e.g:

1t t
S; = Spexp { (ut — 7/ afds) +/ asst}
2 Jo 0

ot = og exp{yt + nW;}

where W, is an independent Brownian motion; such a model is termed a stochastic volatility model and
there are a great variety of these. (The model for o given above is in fact not a good one since we would
typically require the volatility to be a mean-reverting process.)

* Stochastic volatility is a key concept in financial (and in many other!) applications.

* It poses many probabilistic as well as statistical challenges, e.g.:
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— How can stochastic integrals with respect to Brownian motion be defined?

— How can we estimate stochastic volatility?
* Stochastic volatility can be studied both in continuous and in discrete time.

* Those of you who have taken the time series course, might have heard of the famous autoregressive
conditional heteroskedastic ARCH model, which was developed by Robert Engel (1982), who won
the Nobel Prize in Economics in 2003 “for methods of analyzing economic time series with time-
varying volatility (ARCH)”. This class of models has later been generalised to GARCH models by
Tim Bollerslev (1986).

End of lecture 24.
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