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PART B
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16 lectures MT 2020

Aims

This course is intended to show the power and range of probability by considering real examples
in which probabilistic modelling is inescapable and useful. Theory will be developed as required
to deal with the examples.

Synopsis

Poisson processes and birth processes. Continuous-time Markov chains. Transition rates, jump
chains and holding times. Forward and backward equations. Class structure, hitting times
and absorption probabilities. Recurrence and transience. Invariant distributions and limiting
behaviour. Time reversal.

Renewal theory. Limit theorems: strong law of large numbers, strong law and central limit
theorem of renewal theory, elementary renewal theorem, renewal theorem, key renewal theorem.
Excess life, inspection paradox.

Applications in areas such as: queues and queueing networks — M/M/s queue, Erlang’s
formula, queues in tandem and networks of queues, M/G/1 and G/M/1 queues; insurance ruin
models; epidemic models; applications in applied sciences.

Reading
e J.R. Norris, Markov chains, Cambridge University Press (1997)

e G.R. Grimmett, and D.R. Stirzaker, Probability and Random Processes, 3rd edition, Ox-
ford University Press (2001)

e G.R. Grimmett, and D.R. Stirzaker, One Thousand Ezercises in Probability, Oxford Uni-
versity Press (2001)

e S.M. Ross, Introduction to Probability Models, 4th edition or later editions, Academic Press
(1989+)

e D.R. Stirzaker, Elementary Probability, 1st edition or later editions, Cambridge University
Press (1994, 2003)
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This course is, in the first place, a course for 3rd year undergraduates who did Part A
Probability in their 2nd year. Other students such as MSc students are welcome, but should
note the prerequisites of the course. These are essentially an introductory course in probability
not based on measure theory. It will be an advantage if this included the central aspects of
discrete-time Markov chains. This will be relevant by the time we get to Lecture 5 in week 3.

This is a mathematics course. The name “Applied probability” suggests that we apply
probability. However, there is more to it. This course is about “probability” and “applications”
or application-driven probability theory. In particular, it is not just Part A Probability that we
apply, but also further probability building on Part A. Effectively, we will be spending a fair
share of our time developing theory so that we can analyse certain examples and applications.



Lecture 1

Introduction: Poisson processes,
generalisations and applications

Reading: Part A Probability; Grimmett-Stirzaker 6.1, 6.8 up to (10)
Further reading: Ross 4.1, 5.3; Norris Introduction, 1.1, 2.4

The aim of Lecture 1 is to give a brief overview of the course. To do this at an appropriate
level, we begin with a review of Poisson processes, which were treated at the end of the Part A
course. The material most relevant to us is again included here, and some more is on the first
assignment sheet.

For the rest of the course, let N = {0,1,2,...} denote the natural numbers including zero.
Apart from very few exceptions, all stochastic processes that we consider in this course will
have state space N (or a subset of N). Specifically, we have in mind that we are counting, and
studying the evolution of, numbers of people in a population, affected by a disease, of a certain
genetic type, in a queue, etc. or just balls in an urn, bacteria in a dish, numbers of claim-free
years for a motor insurance, the wealth of a gambler, numbers of defective items in a production
line.

However, most results in the theory of Markov chains will be treated for any countable, i.e.
finite or countably infinite, state space S. This does not pose any complications as compared with
N, since we can always enumerate all states in S and hence give them labels in N. Important
examples are Z, N? and finite sets such as {bachelor, married, divorced, widowed} or a set of
colours, car makes, universities, shops, or indeed sets like {0, 1}". For uncountable state spaces,
however, several technicalities arise that are beyond the scope of this course, at least in any
generality — we will naturally come across a few examples of Markov processes in R towards the
end of the course.

1.1 Poisson processes

There are many ways to define Poisson processes. We will use the following definition. We write
Z ~ Exp()\) to say “Z is an exponentially distributed random variable with probability density
function Ae=*, ¢t > 0”, for some A > 0.

Definition 1 Let Z,, ~ Exp()A), n > 1, independent, for some A\ > 0. Let T, = Z1 + - - - + Z,,,
n > 1. Then the process X = (X;,t > 0) defined by

Xi=#{n>1:T, <t}, t >0,
is called Poisson process with rate A\, abbreviated PP(X). For k € N, the process
Yi=k+ X, t>0,

is called the Poisson process with rate Astarted from k. Unless specified otherwise, a PP(\) is
always assumed to start from 0.

Think of T), as arrival times of customers (arranged in increasing order). Then X; is counting
the numbers of arrivals up to time ¢ for all ¢ > 0 and we study the evolution of this counting
process. Instead of customers, one might be counting particles detected by a Geiger counter or
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cars driving through St. Giles, etc. Something more on the link and the important distinction
between real observations (cars in St. Giles) and mathematical models (Poisson process) will
be included in Lecture 2. For the moment we have a mathematical model, well specified in the
language of probability theory. Starting from a simple sequence of independent random variables
Zn, n > 0, we have defined a more complex object (X¢,¢ > 0), that we call the Poisson process.

1.2 The Markov property

Discrete time Markov chains:

Let S be a countable state space, typically S = N. Let II = (m;5), scs be a Markov transition
matrix on S. An S-valued stochastic process M = (M,,n > 0) is called a discrete time Markov
chain with transition matriz II starting from ig € S if for all m > 1 and 41,...,7, €S

n
P(My =iy, ..., M, =in) =[] mi,_..,
j=1

It is often convenient to capture the initial state by writing IP;, instead of P. We then say that
M is starting from ig under P;,. We will use notation such as M, (M,,n > 0) and (My)n>0
interchangeably. Markov chains have the Markov property, which can be stated in several useful
ways:

e For all paths ig, ..., i,+1 € S of positive probability P(My = g, ..., M, = i,) > 0, we have

]P)(Mn+1 = in+1’M0 = io, ceey Mn = ’Ln) = ]P)(Mn+1 = in+1’M = Zn) = Win’inJrl.

e For all £ € S and events {(M;)o<j<n € A} and {(Mptm)m>0 € B}, we have: if
P(M,, = k, (M;)o<j<n € A) > 0, then

P((Mn4m)m=0 € B|My =k, (Mj)o<j<n € A) = P(Mptm)m>0 € B|M, = k) =Pp(M € B).

e The processes (Mj)o<j<n and (My4m)m>0 are conditionally independent given M, = k,
for all k € S. Furthermore, given M,, = k, the process (M, 4m)m>0 is a Markov chain with
transition matrix II starting from k.

Informally: no matter how we got to a state, the future behaviour of the chain is as if we
were starting a new chain from that state. This is one reason why it is vital to study Markov
chains not starting from one initial state but from any state in the state space S.

The Markov property for Poisson processes:

Proposition 2 Let X = (X;)i>0 be a Poisson process of rate A started from 0. Fizt > 0, then
conditionally on X; = k, the processes (X, )o<r<t and (Xiys)s>0 are independent and (Xi1s)s>0
is a Poisson process of rate A started from k.

Remark 3 1. We could, equivalently, have said that (Xiys — Xt)s>0 is a Poisson process of
rate X started from 0 independent of (X, )o<r<t-

2. This property will be later generalized to the strong Markov property.

We will need the following facts about Exponential random variables for the proof:
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Lemma 4 (Extended memoryless property) Let E ~ Exp(\) and let x,y > 0. Then
P(E>z+y|E>y)=PE >z)=e 7

Let L > 0 be a non-negative random variable independent of E. Then
P(E>2z+LIE>L)=PE >z)=e

so conditionnally on E > L we have E — L ~ Ezp(\) and is independent of L.

See p.s.# 1 for the proof.

Proof: [Proof of Porposition 2] DeﬁneNX s = Xt1s and remember that we are working condition-
ally on X; = k. Clearly, Xo = k and X is a right-continuous, integer valued, increasing process.
Let us write Zl, Zg, ... for the holding times of X (see next section for why this is well defined).
Observe that
Zl = Zpi1 — (t —Ty), Zn:Zk+nanZ 2.
Furthermore,
{Xt = k} = {Tk <t< Tk+1} = {Tk < t} N {Zk+1 >t — Tk}.

By the extended memoryless property, conditionally on Zp,; > t — T) we have that Z) =
Zy+1— (t—T)) ~ Exp(}) indpendently of Ty. Since Zyy2, Zg43, . .. are i.i.d. Exp(A) independent
of Z1,Zs, ... Z; wesee that Z1, Zs, ... areii.d. Exp(\) independent of Z1, Zy, ... Zj. Since, given
X =k

n
Xe=#{1<n<k:> Zi<r}, r<t
i=1

)N(Sz#{n21:zz-§s}, s>0
=1

we see that (X;),<¢ and (XS)SZQ are conditionally independent and that ()N(S)SZO is a PP(\)
started from k. O

Markov models (stochastic processes that have the Markov property and that model real-life
evolutions, natural or man-made) are useful in a wide range of applications, e.g. price processes
in Mathematical Finance, evolution of genetic material in Mathematical Biology, evolutions of
particles in space in Mathematical Physics. The Markov property is a property that makes the
model somewhat simple (not easy, but it could be much less tractable). We will develop tools
that support this statement.

1.3 Properties and characterization

Let us collect some properties that, apart from some technical details (to do with handling un-
countably many random variables), can serve as an alternative definition of the Poisson process.

Proposition 5 A process X ~ PP()) has the following properties:
(i) Xt ~ Poi(At) for all ¢ > 0, where Poi(At) refers to the Poisson distribution with mean At.

(ii) X has independent increments, i.e. for all tp < --- <, the random variables X;, — Xy, _,
1 < j < n, are independent.

(ili) X has stationary increments, i.e. X;ys — Xy ~ X for all ¢ > 0, s > 0, where ~ means
“has the same distribution as”.
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Proof: Start with (i). We are going to use that T;,, = > | Z; is a sum of n independent Exp(\)
r.v.’s and thus T}, ~ I'(n, \) with density fr,(s) = A"s""le™*%/(n — 1)!. Hence, since they are
independent, T,,, Z,,+1 have joint density

)\nsn—le—/\s

-z
RSN

an,Zn-!—l (87 Z) =

and we get

P(Xy=n)=P(T, <t,Z,n>t—1T),)

t 00
= / an7Z’rL+1 (S? Z)deZ
0

t—s
t ynn—1_—MAs
_/ A (s ;3)‘ o AE=5) 74
0 n — .
t )\nsnflef)\s
:/ 7( 1)‘ e_A(t_S)dS
0 n — !
6—>\t t 1
= 7(71 — 1)!/0 s ds
_ e—)\t()\t)n
N n!

For (ii), Take n > 1, 0 = to < t; < ... < t, < oo and 4y,...,i, € N. Define Ay =
{Xi, — Xt,_, =ix}. Then, using the Markov property

P(NF_y Ag) = P(A| NEZ] Ap)P(NPZ1 Ay)

n—1 n—1 n—2
=P(Xy, =in+ Zik|th71 = Z%thfa = Zika s Xy = i)P(MEZ Ag)
k=1 k=1 k=1
n—1 n—1
= P(Xy, = in+ Y ikl X,y = ) in)P(MpZ1 Ax)
k=1 k=1
= P(Xy, — X, = in)P(MJZ{ Ag)
= P(An)P(NZ] Ag)

by induction. This proves (ii). (iii) is a direct consequence of the fact that (Xiys — Xt)s>0 is a
PP(M). O

Remark 6 In fact, we will see that if X is a right-continuous random process, then X is a
Poisson process with rate X if and only if it satisfies properties (1),(2) and (3) of Proposition 5.

1.4 Continuous-time random processes

We have been very careful so far to define a Poisson process (X, ¢ > 0) entirely through the
sequence of holding times (Z,),>1. That is because working with infinite sequences of random
variables does not create (too many) measure-theoretical difficulties.

However, we can’t always use this trick when working with more general random processes. In
that case, it is useful to observe that (X;,t > 0) is not just an uncountable family of (dependent!)
random variables but indeed that ¢ — X is a random right-continuous function. This point of
view is very useful since it is the formal justification for pictures of “typical realisations” of X.
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Let S be a countable set. A continuous-time random process
(Xe)i>0 = (X4 : 0 <t < 0)

with values in S is a family of random variables X; : Q +— S.

When we talk about the law of the process X, we mean a probability measure that should,
in principle, be able to handle any event associated with X. We want to be able to deal with
quantities such as P(X; = i) or P(X, = io, Xy, = i1,..., Xy, = in), or P(X; = i, for some ¢ > 0).

There are subtleties in this problem not present in the discrete-time case. They arise because
P (Undn) =Y P(Ay),
n

whereas for an uncountable union U;>0A; no such rule exists.

To avoid these subtleties as far as possible we only consider processes (X;):>0 which are
right-continuous. Since our state-space S is countable this means that for all w € Q and ¢ > 0
there exists € > 0 such that

Xs(w) = Xi(w) fort <s<t+e.

By a standard result of measure theory (see section 6.6 in Norris) the law of a right-continuous
process is completely determined by its finite-dimensional distributions, that is from the proba-
bilities

P(Xy, = i0, X, =01y, X4, = in)

n

forn>0,0<ty<t; <...<t,andig,...,in €S.
Example 7

P(X; =1, for somet >0)=1— nlggl() | Z#P(qu =Jj1,...,Xq, = Jn)
J1ye-InFl

where q1, qo, . .. 18 an enumeration of the rationals.
Every path t — X;(w) of a right-continuous process must remain constant for a while in

each new state, so there are three possibilities for the sort of paths we get. In the first case the
process makes infinitely many jumps but only finitely many on any time-interval [0, ¢].

Kilw)y s -
$—0 ? P e
Jo=0 B Js A
8 ’é‘ S 75‘53’5‘ S1 ’i‘ Ss ’§‘ S6
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Xt(w) A
Jo=0 J Jy t
Sl Sg S3=OO
Xt(w)w : Do .o : :
: SR P
5 i
R o R —
—
W0 B eI i t
O
St S 5SS :

The second case is where the path makes finitely many jumps and then becomes stuck in
some state forever.

The last case is when the process makes infinitely many jumps in finite time. In this case,
after the explosion time ( the process can start-up again; it may explode again or it may not.

Coming back to our statement of the Markov property for a Poisson process (Xi):>0, we
are really treating each of (X, ),<; and (X15)s>0 as a random variable in its own right (with
values in the sets of integer-valued right-continuous paths) rather than a collection of random
variables.

An example of an event for such a random variable is
{(XT)T’ZO € A}
where
A = { right-continuous functions f : [0,¢] — S such that f(r) < 2 for all r < t}.
Of course, this is usually written simply as

{X, <2for 0 <r <t}
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When we say that for a Poisson process (X¢):>0 the variables (X, ),<¢ and (X¢ts)s>0 are con-
ditionally independent given X; = k, we mean that for all measurable sets of paths A and
B

P((Xt+s)820 € B, (Xr)rﬁt € A|Xt = k) = P((Xt-i-S)SZO € B|Xt = k)P((XT)TSt € A|Xt = k)

Moreover, since the finite dimensional distributions characterise such processes, this is equivalent
to having

]P)(Xrl =T1y.-- ,er = xm7Xt+s1 =Y1,.--. 7Xt+sn - yn|Xt = k)
= P(Xrl =T1,... ,er = [Em’Xt = k)P(XH_Sl = Y1y -- 7Xt+sn = yn’Xt = k)

foralln,m,r1 < ...<rp, 1< ... <8, 21 < ... <y <k<y; <... < Yn.

1.5 Brief summary of the course

Two generalisations of the Poisson process and several applications make up this course.

e The Markov property of Proposition ?7(i)-(ii) can be used as a starting point to a big-
ger class of processes, so-called continuous-time Markov chains. They are analogues of
discrete-time Markov chains, and they are often better adapted to applications. On the
other hand, new aspects arise that did not arise in discrete time, and connections between
the two will be studied. Roughly, the first half of this course is concerned with continuous-
time Markov chains. Our main reference book will be Norris’s book on Markov Chains.

e The Poisson process is the prototype of a counting process. For the Poisson process,
“everything” can be calculated explicitly. In practice, though, this is often only helpful
as a first approximation. E.g. in insurance applications, the Poisson process is used as
a model to count claim arrivals. However, there is empirical evidence that inter-arrival
times are neither exponentially distributed nor independent nor identically distributed.
The second approximation is to relax exponentiality of inter-arrival times but to keep
their independence and identical distribution. These counting processes are called renewal
processes. Since exact calculations are often impossible or not helpful, the most important
results of renewal theory are limiting results. Our main reference will be Chapter 10 of
Grimmett and Stirzaker’s book on Probability and Random Processes.

e Many applications that we discuss are in queueing theory. The easiest, so-called M/M/1
queue consists of a server and customers arriving according to a Poisson process. Inde-
pendently of the arrival times, each customer has an exponential service time for which he
will occupy the server, when it is his turn. When the server is busy, customers queue until
being served. Everything has been designed so that the queue length is a continuous-time
Markov chain, and various quantities can be studied or calculated (equilibrium distribu-
tion, lengths of idle periods, waiting time distributions etc.). More complicated queues
arise if the Poisson process is replaced by a renewal process or the exponential service
time distribution by any other distribution. There are also systems with £ = 2,3,...,00
servers. Abstract queueing systems can be applied in telecommunications, computing
networks, etc.

e Some other applications include insurance ruin models and the propagation of diseases.



Lecture 2

Simple birth processes and explosion

Reading: Norris 2.2-2.3, 2.5; Grimmett-Stirzaker 6.8 (11),(18)-(20)

In this lecture we introduce birth processes as a generalisation of the Poisson process. This
definition and similar definitions (also for Markov chains) answer the following questions: given
the current state is m, how does the process behave in the future, and (for the purpose of an
inductive description) how does it depend on the past? (Answer to the last bit: conditionally
independent given the current state, for certain processes this can be expressed in terms of
genuine independence).

2.1 Definition and example of a simple birth process

If we use the Poisson process as a model for a growing population, we assume that new members
are born at the same rate irrespective of what the size of the population is. This is often
not realistic. We would rather expect this rate to increase with size (more births in larger
populations). Some saturation effects may occur, as well.

Also, the use of the Poisson process as a counting process of alpha particle emissions of a
decaying radioactive substance becomes questionable when the half-life time is short. We may
prefer a model where rates decrease with the number of emissions.

Here is a definition that gives ample modelling choice for these and other examples.

Definition 8 (Simple birth process) A random process (X;)¢>¢ of the form
Xe=k+#{n>1:2Z1+ -+ Z, <t} is called a simple birth process of rates (An)n>0 starting
from Xo = k € N, if the inter-arrival times Z;, j > 1, are independent with Z; ~ Exp(Ag4j—1),
j > 1. We also refer to X = (X¢,t > 0) as a (k, (A\n)n>0)-birth process.

Note that the parameter A, is attached to state n. The so-called holding time of X in state
n has an Exp(),) distribution, even if the chain starts in state k& > 0. The first holding time
Z1 ~ Exp(Ag). Hence, when the chain first reach the state n it waits for an Exp()\,,) distributed
time and then jumps to n + 1.

“Simple” refers to the fact that no two births occur at the same time, which one would call
“multiple” births. Multiple birth processes can be studied as well, and given certain additional
assumptions, these are also examples of continuous-time Markov chains.

Example 9 Consider a population in which each individual gives birth after an exponential
time of parameter A, independently and repeatedly. Denote by X; the population size at time
t > 0 and suppose that Xy = 1. Let us show that (X, ¢ > 0) is a simple birth process.

Clearly, the first birth occurs at Z; ~ Exp()). For the second birth, two Exp()) times
(“clocks”) compete, independently of Z;. We can study the inter-birth times Z,,, n > 2, induc-
tively, using parts of the theory of competing exponentials

Lemma 10 (Theory of competing exponentials-1) Let E1, ..., E, ben independent ~ Exp(\)
random variables. Define W := min{Ey,...,E,}. Then W ~ Exp(n\). Furthermore, the n — 1
residual times O; = E; — W are independent Exp(\), and are also independent of W (a form of
the lack of memory property of the exponential distribution).

Proof: See p.s. #1. O
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Here is the induction step for our population model: if the population size is n, with n
(residual) times to birth independent of Z1, ..., Z,_1, the next birth occurs after Z,, ~ Exp(nl),
by the theory of competing exponentials. By lack of memory, there are n—1 independent Exp(\)
residual times to birth. With two more independent Exp(A) times for the new individual and
the individual who has just given birth, the induction proceeds with new population size n + 1.

Since Xy =1+#{n>1: 21+ -+ Z, < t}, with Z; ~ Exp(j\), the process (X;,t > 0) is
a simple birth process with A, = nA, a (1, (nA),>0)-birth process.

Example 11 In the setting of the previous example, what is m(t) = E(X;)? We will condition
on 11 = Z; as in Example 139. We can write X7 45 = ngl) + Xf), where Xgl) and Xs(2) are

separate counts of the numbers of descendants of the two individuals after time 77. By model

assumption, (X 5(1), s >0) and (X 5(2), s > 0) are independent, independent of 77 and distributed

as (Xs,s > 0). Therefore, by Proposition 135(c) in the Appendix

[e.9]

e ME(X,|T) = t)dt
u
e ME(X,|T) = t)dt + e
e ME(Xpy o) Th = t)dt +e
u
e ME (XQ(LI_)T1 + Xl(LQ_)T1 ‘ T = t) dt + e

AeME (Xf}_)t + Xff_)t) dt + e

u
e Mom(u — t)dt + e M

o\o\o\o\:o\o\

also using that X, = Xo = 1 if 71 > u, the population split X, 4+ = Xs(l) + X§2) noted above
and Fact 138. Setting r = u — t, we can proceed as in Example 139:

eMm(u) =1+ 2)\/ e m(r)dr.
0

differentiated yields ,
m’(u) = Am(u)

so the mean population size grows exponentially, and Xy = 1 gives m(0) = E(Xp) = 1, so that

E(X;) =m(t)=e, t>0.

2.2 The explosion phenomenon for simple birth processes

If the rates (A,)n>0 increase too quickly, it may happen that “infinitely many individuals are
born in finite time”. We call this phenomenon ezplosion and say X explodes. Formally, we can
express the possibility of explosion by P(T, < 00) > 0, where Too = limy, 500 T, = i>1 Zj. It
is easy to see that this can indeed happen, with probability 1 in fact: by Tonelli’s theorem,

E(Tw)=E (> 7| =) EZz) =) A;; (1)
=0 =0 j=0 """

so this expectation is finite if the series of inverse birth rates is summable (avoid this when
modelling!), and then we have P(T < o) = 1, i.e. explosion with probability 1.
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Since such birth processes are hardly useful for applications, it will be more useful to have a
criterion under which explosion does not happen, i.e. under which P(T, = 00) = 1.

Remember that it is not a valid argument to say that this is ridiculous for the application
we are modelling and hence cannot occur in our model. We have to check whether it can occur
under the model assumptions. And if it does occur and is ridiculous for the application, it means
that the model is not a good model for the application. For simple birth processes, we have the
following necessary and sufficient condition.

Proposition 12 Let X be a (k, (An)n>0)-birth process. Then

— 1
X does not explode <= P(Tyo =00)=1 <= P(Tx =00)> ZA—

m=k

Proof: The first equivalence is the definition and the others are logically equivalent to

= 1
P(To < 00) >0 = P(Th <0) =1 <= Z)\—<oo

m=k

As noted above, the calculation in (1) gives >, 1/A\p < 00 = P(Ts < 00) = 1. Trivially
P(To < 0) =1 = P(T < o0) > 0. It remains to show > o, 1/, = 00 = P(To = o0) = 1.
In the following we use extended functions exp: [—00, 0] — [0, 00] and log: [0, c0] — [—00, 00].
Using dominated convergence, continuity of exp and log, and the independence of Z;, j > 0,

n—1
—1ogE (exp(—Tw)) = —logE | exp —HILIQOZOZj = —nlgrgologE exp —ZZ]-
= -
[e.9]
_ - _ z
= nhﬁn;@logE H)e J nlgl;olog I_IOIE Z;logE(e
J J =

Z log <1 + ) if A, <1 infinitely often.

SUERE

Zlog <1—i— ) if A, > 1 for all n>ng>k,

n=ng

In both cases, the series is infinite, as we see using, respectively, log(1+1/ /\m) > log(2) and
log(1+1/An) > log(2)/An. Hence, 3, <1 1/ Ay =00 = E(e™ To) =0 = P(Ty = 00) = 1. O

We have not explicitly specified X after T if Too < oco. In a “population size model”,
X; = oo for all t > T, is a reasonable convention. Formally, this means that X is a process
in N = NU {oo}. This process is called the minimal process. It is “active” on a minimal time
interval. We will show the Markov property for minimal processes. It can also be shown that
there are other ways to specify X after explosion that preserve the Markov property. The next
natural thing to do is to start afresh independently after explosion. Any such process is then
called non-minimal.

Example 13 In the setting of Example 9, we have \,, = mA, hence > -, 1/\, = co. By
Proposition 12, a (k, (mA)m>0)-birth process X does not explode. We knew this already since
we showed in Example 11 that E(X;) < oo for all t > 0, and if X did explode, we would have
P(X: = o00) = P(Tx < t) > 0, at least for ¢ sufficiently large (actually for all ¢ > 0).



Lecture 3

The Markov property of simple birth
processes

Reading: Norris 2.4-2.5; Grimmett-Stirzaker 6.8 (21)-(25)

In this lecture we discuss in detail the Markov property for birth processes. We will use
the Markov property for Poisson processes in the construction and analysis of continuous-time
Markov chains.

3.1 Statements of the Markov property

Proposition 14 (Markov property) Let X be a (k,(An)n>0)-birth process, t > 0 and £ > k.
Then the processes (Xr)r<t and (Xiys)s>0 are conditionally independent given X; = ¢, and
X = (Xiys)s>0 is an (£, (An)n>0)-birth process. We use the notation

(Xo)r<e ] (Kige)szo =t X ~ (£, (An)nz0)-birth process.
Xi={(

To apply the Markov property, recall from our discussion of the Markov propertuy of Poisson
processes (see also Fact 137 in the appendix) that the statement of conditional independence is
actually equivalent to the following statement. For all 0 <r; < - - <r, <t,0< 51 <+ < S,
i, €Ny J1,. .., Jm €N,

P(Xrl = ila"' 7XT'n = inaXt+31 :jl?‘ . "Xt+8m :]m|Xt = E)

=P(X,, =i1,..., Xy, =in| Xy = OP(Xs, = J1,..., Xs,, = Jn)-
The most useful case is often m =n = 1:
P(X, =i, Xiys = j|X; = 0) = P(X, = i|X; = O)P(X, = j).

In words, we can express the Markov property as “past and future are (conditionally) inde-
pendent given the present”, which we can reformulate as “the past is irrelevant for the future,
provided we know the present”.

Mathematically, we can reformulate using an argument most economically written, as follows.
The conditional independence statement in the Markov property is about three events

past E = {(X,)r<t € A}, future F = {(X¢45)s>0 € B} and present C = {X; = ¢}

and states P(E N F|C) = P(E|C)P(F|C). This is a special property that does not hold for
general events E, F' and C. If P(ENC) > 0, we can always use the definition of conditional
probabilities to obtain

P(ENFNC) PFIENC)P(ENC)

P(ENFIC) = ——p— = PO = P(F|E N C)P(E|C),

so that, by comparison, we here have P(F|E N C) = P(F|C), and we deduce

11
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Corollary 15 (Markov property, alternative formulation) For allt > 0, ¢ > k and sets
of paths A and B with P(X; = ¢, (X,),<t € A) > 0, we have

P((Xits)s>0 € B|Xy = €, (Xy)r<t € A) = P((Xi4s)s>0 € B Xy =€) = P((Xs)s>0 € B),
where X is an (L, (An)n>0)-birth process.

In fact, the condition P(X; = ¢, (X, )<t € A) > 0 can often be waived, if the conditional
probabilities can still be defined via an approximation by events of positive probability. This is
a delicate statement, but it is useful for illustration:

Example 16 Recall in Example 11 we conditioned a (1, (nA),>0)-birth process X on 77 and
carefully showed that E(X,|T) = t) = 2E(X,_;) for all ¢ € (0,u) using the independence of T}
and the descendants of the two individuals at time T7. Note that 77 = inf{t > 0: X; = 2}. This
means that

{Ih =t} ={X, =1,r <t; Xy =2} C {X; =2}
If we ignore the fact P(77 = t) = 0, the Markov property yields for all n > 0
P(X,=n|Ty =t) =P(X, =n|X, =1,r <t; X; =2) = P(X, = n|X, =2) = P(X,_; = n),
where X is a (2, (n\)n>0)-birth process. This also gives

E(Xu|Ti =t) =Y nP(Xy=nT =t) =Y nP(Xy_¢ =n) =E(Xu) = 2E(Xu),
neN neN
since, by model assumption, the families of two individuals evolve completely independently like
separate populations starting from one individual each.

3.2 Proof of the Markov property

Proof: The general case k > 0 follows from the special case k = 0 since for X is a (k, (An)n>0)-
birth process if and only if (X; —k);>0 is a (0, (Ag4n)n>0)-birth process, and the Markov property
of one implies the Markov property of the other.

We now assume k = 0. On {X; = ¢} = {1y <t < Ty41} we have

n—1 n—1
Xo = Xppa=#4n>1: Y Zj<t+sp=(+H#n>l+1: Y Z—t<s
§=0 §=0

m—1
= [+ # leZZZjSS ,
§=0

where Zj = Ziyj, j =1, and 20 = Ty11 —t. Therefore, X has the structure of a birth process
starting from ¢, since given X; = ¢, the Z; ~ Exp(A,+;), j > 1, are independent. For j = 0 note
that

P(Zo> 2| X, =0 =P(Zy > (t —Ty) + 2| Ze >t —T; > 0) = P(Z; > 2)

where we applied the lack of memory property of Z, to the independent threshold t — Ty. This
actually requires a slightly more thorough explanation, since we are dealing with repeated con-
ditioning (first X; = ¢, then Z; > ¢t — Ty), but we leave this to the reader and only point out
that the key result that we need is Lemma 4 below.

This shows that X is an (4, (An)n>0-birth process. To complete the proof we also have to
establish conditional independence from (X ),<; given X; = £. Again by the lack of memory
property we see that Z (as well as the Zj, j > 1) are conditionally independent of Zy, ..., Z;_1
given X; = £, and the assertion follows. We refer to the optional Exercise A.2.7 for details. O
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3.3 The strong Markov property

The Markov property means that at whichever fixed time we inspect our process, information
about the past is not relevant for its future behaviour. If we think of an example of radioactive
decay, this would allow us to describe the behaviour of the emission process, say, after the
experiment has been running for 2 hours. Alternatively, we may wish to reinspect after 1000
emissions. This time is random, but we can certainly carry out any action we wish at the time
of the 1000th emission. Such times are called stopping times.

We will mainly be interested in stopping times of the form

Tiy =inf{t >0: Xy =n} or Te=if{t>0:X;,€C}
forn € Nor C CN (or later C C S, a countable state space).

Proposition and Fact 17 (Strong Markov property) (i) Let X be a (k, (An)n>0)-birth
process and T > 0 a stopping time. Then for all £ € N with P(Xp = {£) > 0, we have that
(Xy)r<r and (Xr74s)s>0 are conditionally independent given X = £, and the conditional
distribution of (X14s)s>0 s a (£, (An)n>0-birth process.

(ii) Let X ~ PP(N). Then (Xr4s — X1)s>0 ~ PP(\) starting from 0, independent of T' and
of (Xy)r<1, provided that we have one of the following:

(a)
(b) or T = R for a random time R independent of X,
)

(c

The proof of the strong Markov property (in full generality) is beyond the scope of this course,
but we will use the result from time to time. See the Appendix of Norris’s book for details.
The proof of the strong Markov property for first hitting times 7; is straightforward since then
P(X7, = i) = 1, so the only relevant statement is for £ = i, and (X, ),<7, can be expressed in
terms of Z;, 0 < j <i—1, and (X745 — X71)s>0 in terms of Z;, j > 4. Specifically, conditioning
on {X7, =i} is like not conditioning at all, because this event has probability 1. Furthermore,
it is enough to establish independence of holding times, because “can be expressed in terms of”
is actually “is a measurable function G of”, where the first function e.g. goes from [0, c0)? to a
space

T =S for a stopping time S,

or T = min(R, S) for a stopping time S and an independent time R.

X = {f :[0,t] = N, f right-continuous, ¢t > 0}.

Now, there is a general result saying that if G: A — X and H: B — Y are (measureable)
functions, and A and B are independent random variables in A and B, then G(A) and H(B)
are also independent. To prove this using our definition of independence, just note that for all
FE c X and F C Y (measurable), we have

P(G(A) € E,H(B) € F) = P(Ae G \(E)
= P(AeG(E)
= P(G(A) e E)P

,B e H\(F))
)IP’(BEH H(F)
(H(B) € F).

Ac
Ae

A more formal definition of stopping times is as follows.

Definition 18 (Stopping time) A random time T taking values in [0, 00] is called a stopping time
for a continuous-time process X = (X;);>o if, for all t > 0, the event {T' < ¢} can be expressed (in a
measurable way) in terms of (X;),<;.
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This definition makes sense for processes X that are not simple birth processes. In the next lecture
we have several independent processes on the same time scale. The easiest example is two independent
birth processes X = (X ' (2)) modelling e.g. two populations that we observe simultaneously.

Example 19 1. Let X be a simple birth process starting from Xo = 0. Then for all ¢ > 1, T; = inf{t >
0: X, =1} is a stopping time since {T' <t} = {Is <t: X; =i} = {X; > i} (the latter equality uses the
property that birth processes do not decrease; thus, strictly speaking, this equality is to mean that the
two events differ by sets of probability zero in the sense that we write E = F if P(E'\ F) = P(F\ E) = 0).
T; is called the first hitting time of i. Clearly, for X modelling a Geiger counter and ¢ = 1000, we are in
the situation of our motivating example.

2. Let X be a simple birth process. Then for ¢ > 0, the random time T, = inf{T; > T : T;-T;_1 < €},
i.e. the first time that two births have occurred within time at most € of one another, is a stopping time.

In general, the first time that something happens, or that several things have happened successively,
is a stopping time. It is essential that we don’t have to look ahead to decide. In particular, the last time
that something happens, e.g. the last birth time before time ¢, is not a stopping time, and the statement
of the strong Markov property is usually wrong for such times.



Lecture 4

Continuous-time Markov chains

Reading: Norris 2.1, 2.6
Further reading: Grimmett-Stirzaker 6.9; Ross 6.1-6.3; Norris 2.9

In this lecture, we generalise the notion of a birth process to allow deaths and other transi-
tions. We will allow, in principle, transitions between any two states in a countable state space
S, just as for discrete-time Markov chains.

Continuous-time Markov chains are similar in many respects to discrete-time Markov chains,
but there are also important differences. Roughly, we will spend Lectures 5 and 6 exploring the
differences and tools to handle these, then we will turn to similarities in Lectures 7 and 8.

4.1 Definition and terminology

A (v,II)-Markov chain (M,,n>0) is a discrete-time Markov chain on a countable state space S
with initial distribution v = (v;);cs and transition matrix II=(7; ;); jes. Its distribution is given
by . . . .
]P)(MO =10y.-- ,Mn = Zn) = VigTig,i1 """ Tip_1,ins 20, .--,0p € S,n > 1.
Recall also that for £ ~ Exp(1) and A € (0,00), we have Z = E/\ ~ Exp(\). We will extend
the family of exponential distributions and use the convention Z = E/\ = oo when A = 0.

We are going to see three equivalent definitions of a continuous-time Markov chain with
countable state space S. The first one is that it is a discrete-time Markov chain which spends a
random amount of time in each state.

Definition 20 (Jump-chain and holding time definition) Let (1,),>0 be a (v, II)-Markov
chain. Let \; > 0, ¢ € S, and (Z,)n>0 such that conditionally given My = ig, ..., M, = iy, we
have Z; ~ Exp()\;;), 0 < j < n, independent, for all i, ...,i, €S and n > 0. Define

X, — M’na TnSt<TTL+17n207
oo, Too <t < 00, if Too < 0,

where Top = 0, T, = Zop + -+ + Zp—1, n > 1. Then (Xt)¢>0 is called minimal continuous-time
Markov chain with initial distribution v, jump probabilities (7;;); jes and holding rates (\;)ies -

Remark 21 1. In other words, when in state i € S the chain waits for an ~Ezp(\;) time
and then jumps to a new state chosen according to the transition probabilities I1 = (p; ;).

2. The qualifier “minimal” is only relevant when P(Tx < 00) > 0, i.e. when X can explode.
We will essentially always work with continuous-time Markov chains with P(Ts < 00) = 0,
i.e. P(T = 00) = 1. We studied the explosion phenomenon in Lecture 8 for the special
case of a birth process. A “non-minimal” continuous-time Markov chain would be one that
is not absorbed in a state oo at time T, but may continue to evolve in S after T, if
Ts < o0o. Clearly, this requires further specification — this is beyond this course in any
generality. We will include the qualifier “minimal” whenever we make general statements
that may fail for non-minimal chains. We will omit the qualifier “minimal” when we
already know that P(To, = 00) = 1.

15
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3. We may write Z,, ~ Exp(Anr,,) given M, as short-hand for Z, ~ Exp()\;) conditionally
given M, =i, for alli € S. Similarly, Definition 20 says that Z, ~ Exp(An,,), n >0, are
“conditionally independent given (Mpy)n>0”. This is informal, since while S is countable,
the space SN of sequences in S where (My)n>0 takes its values, is not countable, and
Definition 136 in the Annex of conditional independence does not apply. Definition 136
in the Annex does apply to finite sequences in S, and gives rigorous meaning to Definition
20.

Example 22 (Simple birth processes) For (k, (A, )n>0)-birth processes, we have M,, = k+n
deterministic, i.e. v, = 1, m ;41 = 1. Conditional independence of the Z,, follows since they
are unconditionally independent to start with, and Exp(Ays, ) = Exp(Agtr) is the unconditional
distribution of Z,,. Hence, simple birth processes are minimal continuous-time Markov chains.

Observe that there is no loss of generality in supposing that m;; € {0,1} for all ¢ € S, and
that A\; = 0 if and only if m;; = 1. Indeed, we can always modify II and (\) without changing
the behaviour of the chain to have those properties:

o If, m;; € (0,1), then not all “jump times” T;, are jump times. More precisely, starting from
M = i we have G = inf{n > 1. M, # i}
~ geom(l — m;;) and Zy + --- + Zg_1 ~ Exp(m;;\;i), so we can define \; = m;;\; and
T =0, Tij = w5/ (1 —mis), § # 1,

e if \; = 0 while 7;; # 1, we can define m;; = 1 and m; ; =0, j # i

It is customary to represent the transition probabilities m; ; and the holding rates A; in a
single matrix, called the Q-matrix @ = (g; )i jes, as follows.

Definition 23 (Q-matrix) A Q-matrix on S is any matrix Q = (¢;; : i,j € S) which satisfies
the following conditions

1. 0 < —g;; < oo for all ;
2. Gij = Oforalli,j €S

3. ZjES qij = 0 for all ¢ € S.

Definition 24 (Q-matrix and continuous-time Markov chains) Given jump probabilities
(mi5)ijes and holding rates (N;)ies satisfying m;; € {0,1} and \j =0 <= m;; = 1, the matrix
Q defined by

Gij=NiTij, JES,jFi and  gi=-N, (€S
is a Q-matriz. Conversely, we can express (\;)ies and I in terms of Q, as follows:

{0 'if)\i>0, _{ Qi,j/)\i if)\i>0,
i,j —

AiS S M= g =, 0 if \i = 0.

)

A (minimal) continuous-time Markov chain X with initial distribution v, jump probabilities
(mij)ijes and holding rates (\;)ies satisfying mi; € {0,1} and \j =0 <= m;; = 1 is called a
(v, Q)-Markov chain.

Remark 25 We have ¢;; = — ZjGS: i Bisj for each ¢ € S, since either EjGS: j£iTij = 1or
A; = 0. As a consequence, the row sums of a Q-matrix vanish.
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Often, a continuous-time Markov chain will start from a fixed state 7g. We use notation

1 i—i
1/1-:5@-72-0:{ 0 27&22 or short v =i,

where 0; ;, with two indices, here 7 and 4o, is called the Kronecker delta, while d;, as a distribution
only charging one point, here ig, is called the Dirac delta.

Example 26 (Simple birth processes) For a (k, (\,)n>0)-birth processes, we obtain

o Ao 0 0
0 )\ M\ 0
Q= 0 0 g Ao

A (k, (An)n>0)-birth process is a (d, @)-Markov chain.

4.2 Second construction

Firs we need a key result about sequences of Exponential random variables and their minimum:
Recall that Z = E/\ ~ Exp(\) for E ~ Exp(1). If A = 0, this means that P(Z = oc0) = 1.

Lemma 27 (Theory of competing exponentials) Let o; >0, j >0, with A::ijo o < 00.
Let C; ~ Exp(a;), 7 > 0. Then W = min{C},j > 0} ~ Exp(\). If A >0, let M = j if W = C}.
Then M is independent of W with distribution P(M = j) = oj/\. Furthermore, conditionally
given M = j, the residual times Cy, — W are independent Exp(ayg), k # j.

Proof: First separately

P(W > t) =P(C; >tj>0:H (Cj>t) =exp qu = exp(—At).

so W ~ Exp(). Similarly V; = mln{Ck, k 7& J} ~ Exp(A — o).
@)

P(M=j)=PC; <V;) = ——— =qa;/\
( 7) (e 5) a+ (A —a) i/
For independence and residual times, we refer to the argument in Exercise A.1.5, which extends
to the present setting, using appropriate vector notation for the overshoots Cp — W. O

Proposition 28 (Jump rates construction) Start with an initial state Xo = Yo with dis-
tribution v. Let (S!,: n > 1,i € S) be a collection of independent Exponential variables of
parameter 1. Then inductively forn=0,1,2,..., if Y, = i we set

Z7Jz+ = fz+1/%',j for j #1,

Z, fz7

n+l = ;I;éz n+1°
_ ] Zf Zn+1 = Z;ZLJrlv
1 Zf Zn+1 = 0

Form=1,2,...setTp, =21+ 2Zo+ ...+ Z, and fort > 0 let

X {Yn if Ty, <t <Tyq1 for somen
t p—

Yn+1

oo otherwise.
Then (X¢ :t > 0) is a (v,Q)-Markov chain.

Proof: 1t is a straightforward consequence of Lemma 27 that (Y;,,n > 0) is a discrete time (v, IT)
Markov chain. Then conditionally on (Y,,,n > 0), the same Lemma shows that the holding times
Zy are independent exponential with parameter \y;,. O
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4.3 Third construction

Our third and final construction of a Markov chain with generator matrix ¢ and initial dis-
tribution and v is based on the Poisson process. Imagine the state-space S as a labyrinth of
chambers and passages, each passage shut off by a single door which opens briefly from time
to time to allow you through in one direction only. Suppose the door giving access to chamber
J from chamber ¢ opens at the jump times of a Poisson process of rate ¢; ; and you take every
chance to move that you can, then you will perform a Markov chain with Q-matrix ). In more
mathematical terms,

Proposition 29 (Poisson processes construction) Start with an initial state Xo = Yo with
distribution v, and with a family of independent Poisson processes {(N;’,t > 0),4,j € S,i # j}
having respective rates q; ;. Then set Ty = 0 and define inductively forn =0,1,2,...

Tpi1 = inf{t > T, : NJ" # N3 for some j # Y,

and
Yoi1 = { Jif Tw1 < o0 and Ny?J # Ny .

Fort >0 let
X {Yn if T, <t <Tyq1 for somen
t pr—

0o otherwise.

Then (X¢ :t > 0) is a (v,Q)-Markov chain.

Proof: We have to check that the process defined here has the correct jump chain, holding
times and dependence structure. Clearly Xg = My has the right initial distribution. Given
My = ig, the first jump occurs at the first time at which one of the Poisson processes N7,
j # i, has its first jump. This time is a minimum of independent exponential random Varlables
of parameters g;,;, Ty = inf{T1%,j # io}. By Lemma, 27, (Mo, Zo, M1) have the distribution as

required, and the post-T; Poisson processes (NTOJJr NP ) s>0 are independent of (Mo, Zy, M7).

It is easy to see that the post-77 Poisson processes (NT] ts
independent Poisson processes since T} is independent of these N%. Inductively, assuming we

have (Mo, Zo, ..., Mp_1, Zn_1, M), as required, and independent (N%j +s Nz ! )s>0, the same

argument applies to give (Mo, Zo, . .., My, Zn, My, 11) independent of (N T +1+S—NTJ +1)SZO This
completes the induction step and hence the proof. O

N;{)s>0 for i # 19, j # i, are also

4.4 Markov property for continuous-time chains

Corollary 30 (Markov property and strong Markov property) Let X be a (v, Q)-Markov
chain, t > 0 a fived time and ¢ € S. Then

(X7 )r<t H (Xtts)s>0 = X ~ (84,Q)-Markov chain.
X=t

Let T be a stopping time and £ € S. Then

(Xr)r<r H (X74s)s>0 =t X ~ (6¢, Q)-Markov chain.
Xr=/

Proof: The post-t Poisson processes Nii = (Ntli s—IVy J )s>0 are Poisson processes independent of
the pre-t Poisson processes (N,’ Jo<r<t. The pre-t process (X, )r<t is a function of X( and of the
pre-t Poisson processes, while the post-t process X is constructed from Xo = X; and (N 7, jes
just as X is constructed from Xy and (N%); jes in Proposition 29. Hence, we have conditional
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independence given X; = /¢, as required, and since )?g ~ ¢y conditionally given X; = £, the
process X is a (¢, Q)-Markov chain conditionally given X; = /.

For T = T,, n > 1, and for first passage times such as Hy = inf{t > T1: X; = ¢} and nth
passage times of £, n > 1, this proof can be adapted in combination with an induction in n and
the strong Markov property of N%. The general case is beyond the scope of this course. o

4.5 Examples: M/M/1 and M/M/s queues

In applications, the model description is usually of the following form. There is an initial
distribution v on a state space S. When in state ¢ € S, there is a set of “neighbouring”
states into which transitions are possible, and for each such state j € S, we have one or more
independent exponential clocks with total rate ¢;; that trigger a transition into j. We can
build a Q-matrix @ = (gi ;)i jes directly from the rates of the exponential clocks, also setting
Qi = — ZjGS: i i To show that the process is a (v, @Q)-Markov chain, we have to show that
the system starts afresh in the new state after each transition, from i to j, say. What this means
is that the model assumptions and the theory of competing exponentials yield a full set of clocks
(residual or new) for the new state j, which is conditionally independent of the past given the
present state.

This part of the proof is different for each model and therefore needs to be repeated for each
model. The formalisation to actually establish the joint distributions as required for Definition
20 is rather technical and always essentially the same. Since it adds little insight into the model
(but some more insight into arguments involving conditional independence), we will only provide
this argument once (postponed to the non-examinable Section 4.6).

Example 31 (M/M/1 queue) Let us denote by X; the number of customers in a single-server
queueing system at time ¢ > 0, including any customer currently being served, where we assume
that new customers arrive according to PP()), and that service times are independent Exp(u).

Given a queue size of i > 1, two transitions are possible. If a customer arrives (at rate \),
then X increases to i + 1. If the customer being served leaves (at rate p), then X decreases to
i — 1. Given a queue size of i = 0, only the former can happen. This amounts to a Q-matrix

—A A 0 0
I —p— A A 0
@= 0 A

7 —p—A

If Xo = My ~ v, then X is indeed a (v,Q)-Markov chain, by the following induction step.
Given state M,, = i, > 2 and two independent Exp(\) and Exp(u) clocks ticking, the theory of
competing exponential clocks (Exercise A.1.5 or Lemma 27) shows that the system starts afresh
in 4, + 1 (respectively i, — 1) with the residual (respectively new) Exp(u) service clock and the
new (respectively residual) Exp(\) inter-arrival clock independent of the past. The case i, = 1
is similar, except that for i, — 1 = 0 no new service clock is set up. Also, for i,, = 0, no service
clock is ticking so the transition is always to ¢, + 1. This completes the induction step.

Example 32 (M/M/s queue) If there are s > 1 servers in the system, the rate at which
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customers leave is s-fold, provided there are at least s customers. We obtain the Q-matrix

A A 0 0 0 0 0
7 —— A A 0 0 0 0
0 20 =21 — A A 0 0 0
0 0 3u —3u— A 0 0 0
0 0 0 0 Lo—spu— A A 0
0 0 0 0 Sp —Sp— A A
0 0 0 0 0 Si —su— A

which is better written as ¢ ;41 = A, @ > 0; ¢i—1 = ip, 1 < i < 85 gi—1 = Sp, © > S;
Gii = =i — A, 0 <@ <85 gi = —sp— A, i > s; ¢;j = 0 otherwise. A slight variation of the
argument for Example 31 shows that the M/M/s queue is a continuous-time Markov chain.

4.6 Checking joint distributions in Definition 20

This section is non-examinable. We demonstrate how to formalise the induction to fully prove that
M/M/1-queues (or other processes) are (v, Q)-Markov chains in the sense of Definitions 20 and 24.
Induction hypothesis: (M, ..., M,) ~ (v,II)-Markov chain and Z; ~ Exp(};,) independent condi-
tionally given My = ig, ..., M,, = i,, with times A,, ~ Exp(\) to next arrival after T,, and B,, ~ Exp(u)
to next completed service after T,, (if ¢,, > 1) independent conditionally given M,, = i,.
Suppose i, > 2. By induction hypothesis, model specification and theory of competing exponentials,

]P)(MO = io, ZO > ZOyMl = il; ey Zn—l > Zn—th = ina Zn > ZnaMn+1 = in + 1aAn+1 > S,Bn+1 > t)
= P(MO =19,%0 > 20, My =11,..., Zp_1> Zpn_1, M, = in)P(An+1 >sB,—t>A, > Zn|Mn = ’Ln)

. —Xin 2 —\; Zn—1 — (M) zpn —As _—put
= (Vioe iQ 07Tig,i1 c.oee ip—17n ﬂ-in_l,in) (ﬂ-in,in+1e ( M) ne e I A

Arguments for M,,41 =i, — 1, and for i,, = 1 and ¢,, = 0 are similar. This completes the induction step.



Lecture 5

Transition probabilities

Reading: Norris 2.8, 3.1
Further reading: Grimmett-Stirzaker 6.8 (12)-(17), 6.9; Ross 6.4; Norris 2.7, 2.10

In this lecture we establish transition matrices P(t), t > 0, for continuous-time Markov

chains. This family of matrices gives the analogues of n-step transition matrices II" = (771(;1))@ jes,

n > 0, for discrete-time Markov chains.

5.1 The semigroup property of transition matrices

As a consequence of the Markov property of continuous-time Markov chains, the probabilities
P(Xi+s = j| Xt = i) do not depend on t. We define

pij(s) :=P(Xpss = j| Xy =1i) and  P(s) = (pij(s))ijes,
the time-s transition probabilities and time-s transition matrix.

Example 33 For a Poisson process with rate A, we have forn >0and j >7>0

At)™ )i~
Diitn(t) = (A) e M so that pij(t) = ((j _) Z_)'e_)‘t

n!
by Remark 5. For fixed ¢ > 0 and ¢ > 0, these are Poi(At) probabilities, shifted by i.

Proposition 34 {P(t),t > 0} is a semigroup. Specifically, we have P(t)P(s) = P(t+s) in the
sense of matriz multiplication for all t,s > 0, and P(0) = I, the identity matriz.

Proof: Just note that for all 7,k € S
pir(t+s) = > P(Xps=k X, =j|Xo=1)

JES
= D P(Xi = j[Xo = )P(Xeys = k| X; = 5, Xo = 1) = > pij(t)pjn(s)
jeS jES
where we applied the Markov property. O

If t — P(t) was a real-valued function, the functional equation P(t)P(s) = P(t+s), P(0) =
1 would have solutions P(t) = e*4 for some real A. In the matrix-valued case, when S is
finite, this is still true, if we define et = 3" " A" /n! where A" is a matrix power, and the
series and multiplication by scalars are taken component-wise. Furthermore, component-wise
differentiation yields P'(t) = P(t)A. We will see that the matrix A is in fact the @Q-matrix
A=Q.

But first, we note that we can express finite-dimensional marginal distributions in terms of
transition probabilities:

Corollary 35 For a (v,Q)-Markov chain X and any 0 =ty < t1 < --- <t, and ig,...,in €S,

we have
n

P(Xto = iQ,th = 7;1, e ,th = ’Ln) = Vio Hpijfhij (tj — tj—1)~
7=1

It will be useful to use notation P;(-) if we have a fixed initial state Xy = 1.

21
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5.2 Backward equations

Proposition 36 The transition matrices (P(t))i>0 of a minimal (v,Q)-Markov chain satisfy
the backward equation

P'(t) = QP(t)

with initial condition P(0) = I, the identity matriz.

Given Q, (P(t))t>0 is the unique solution to the backward equation if P(Tsx = 00) = 1, in
particular if S s finite.

Furthermore, if P(To, < 00) > 0, then (P(t))i>0 is the minimal nonnegative solution in the sense
that all other nonnegative solutions (ﬁ(t))tzo satisfy pir(t) > pir(t) for alli,k €S, t > 0.

Proof: We first show that (P(t));>0 solves P'(t) = QP(t), i.e. for all i,k €S, ¢t >0
Pi(t) = qijpje(t).
Jjes

We start by a one-step analysis (using the strong Markov property at the first jump time T3, or
directly identifying the structure of the post-7) process) to get

oo
pik(t) = Pi(Xy=k)= / Pi(X; = k|T1 = s)hie ds
0
t
= e +/ Zpi(Xt =k, X, = j|T1 = s)\ie” **ds
0 jes
t
= 5ik€_>\it —|—/ Z]P)Z(Xt = ]{,‘|XS =3,T1 = S)Pz(Xs — ]|T1 — S))\ie—/\isds
0 jes
t
= 5ik€_)\it +/ Z p]k(t _ S)ﬂ_ij)\ie_)\isds
0 JES: j#i
t
= e +/ > aipin(u)e M du, (1)
0 jes: jsi
i.e.
t
e pin () = die + / Z gijpj(w)er du.
0 jes: j#i
Clearly this implies that p;; is differentiable and we obtain
eAithik(t) + )‘ie)\itpik(t) = Z Qijpjk(t)e/\it,
JES: j#i

which after cancellation of e** and by \; = —g;; is what we require.

The rest of this proof is non-examinable. Suppose now, we have another non-negative solution
Di;(t). Then, by integration, p;;(t) also satisfies the integral equations (1) (the d;; come from the initial
conditions). Trivially

To=0 = ]P)Z‘(Xt:k‘,t<T0):0§ﬁik(t) forallz',k:eSandtZO.
If for some n € N

P(X: =k, t <T,) <pi(t) foralli,keSandt>0,
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then as above

¢
Pi(X; =kt <Tpy1) = e Bl —|—/ Z ¢iiPj(Xu =k, u < Tn)e_)"’(t_“)du
0 jes: ji
t
< et [0S agwe O du = F(o)
0 jes:j#i

and therefore
pik(t) = lim Py(Xy =k, t < Ty) < pix(t)
n—oo

as required. We conclude that p;(¢) is the minimal non-negative solution to the backward equation.

Finally, f P(X; € S) = P(Te >t) =1 for all t > 0, i.e. if P(T, = 00) = 1, then the solution is unique
since any strictly larger solution would have > s p;j(t) > >_;cspij(t) = 1 for some i € S and t > 0, so
that (P(t));>0 = (Pij(t))t>0 is not a family of transition matrices. If S is finite, then A = max{\;,i € S}
is finite, and the construction from Z,, = E, /Ay, from (M,,n > 0) and independent FE,, ~ Exp(1),
n > 0, shows that T, > (Eg + -+ E,_1)/\ — 00 a.s., by the Strong Law of Large Numbers (stated in
Part A, see also Lecture 9 here). (W

“Other nonnegative solutions” are related to non-minimal extensions of explosive Markov chains.
Corollary 37 Let Q be a Q-matrixz. Then the backward equation

P'(t) = QP(t), P(0)=1I
has a minimal non-negative solution (P(t),t > 0). This solution forms a semigroup

P(s)P(t) = P(s+1t) for all s,t > 0.

5.3 Forward equations

Proposition 38 The transition matrices (P(t))i>0 of a minimal (v,Q)-Markov chain satisfy
the forward equation
P'(t) = P(t)Q
with initial condition P(0) = I, the identity matriz. Given Q, (P(t))i>0 is the unique solution
to the forward equation if P(Toe < 00) = 0, in particular if S is finite.
Furthermore, if P(To, < 00) > 0, then (P(t))i>0 is the minimal nonnegative solution in the sense
that any other nonnegative solutions (P(t));>o satisfy Pix(t) > pa(t) for all i,k € S, t > 0.

The proof is very similar to the proof we used for the bacward equation, but this time,
instead of conditioning on the first jump, we condition on the last jump.

Proof:  For the case S finite, see Exercise A.4.3 for one argument. If S is infinite, another
argument, in fact a variation of the argument of Proposition 36 works, conditioning on the last
jump before t. Since this is not a stopping time, the Markov property does not apply and certain
calculations have to be done “by hand”. See Norris Theorem 2.8.6. for details (non-examinable).

O

Remark 39 Transition semigroups and the Markov property can form the basis for a definition
of continuous-time Markov chains. In order to obtain a definition that is equivalent to Definition
20, we can say that a (v, Q)-Markov chain is a process such that ¢ — X is right-continuous in
S and such that

P(th+1 = in+1|Xt0 =10y, th = Zn) = Pinin+1 (tn-i-l - tn)

forall 0 =ty <ty <+ <tpg1 and dg,...,in+1 € S, where P(t) satisfies the forward equations.
See Norris 2.8.
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5.4 Examples

Solving forward or backward equations can be done by a computer, since they are just systems
of linear ordinary differential equations. The forward equations have the distinct advantage that
the unknown p; .(-) for fixed ¢ appears on both sides of the equation, and (in the non-explosive
case), we know that summing transition probabilities p; ;(¢) over j gives 1. This “extra equation”
can simplify the calculations. As always, the situation is particularly nice for the Poisson process:

Example 40 (Poisson process, forward equations) For the Poisson process ¢;it1 = A,
gii = — A, ¢;; = 0 otherwise, hence we have forward equations
Pii(t) = —pii(t)A, i €N
Phiin(t) = Piign—1(H)A — piign(t)A, ieN,n>1

and it is easily seen inductively (fix i and proceed n = 0,1,2,...) that Poisson probabilities

(A)" Y
n!

Piitn(t) =

are the unique solutions under boundary conditions p; ;1 (0) = d,, 0. Writing i+ n rather than j
is convenient because of the stationarity of increments in this special case of the Poisson process.

Example 41 (Poisson process, backward equations) Alternatively, we may consider the
backward equations for the Poisson process

P (t) = =Ap;;(t), jEN
Pi i (t) = Apiga,j(t) — Apij(t), hLjeNj>i+1
and solve inductively (fix j and proceed i = 5,7 — 1,...,0).

We have seen an easier way to derive the Poisson transition probabilities in Remark 5. The
link between the two ways is revealed by the passage to probability generating functions

GZ'(Z, t) = EZ’ (ZXt)

which then have to satisfy differential equations
9 - it Xo i
5. iz 1) = D AT () = Az - DGi(z,t),  Gi(2,0) =Ei(zX) = 2.
n=0

Solutions for these equations are obvious. In general, if we have G; sufficiently smooth in ¢
and z, we can derive from differential equations for probability generating functions differential

equations for moments m;(t) = E;(X;) = %Gi(z, t)|,_,_ that yield here

z=1

= G,-(z,t)| = /\, mZ(O) = Ei(Xo) =1.

z=1— "

Often (even in this case), this can be solved more easily than the differential equation for
probability generating functions. Together with a similar equation for the variance, we can
capture what are often the two most important distributional features of a model.



Lecture 6

The class structure of
continuous-time Markov chains

Reading: Norris 3.2-3.5
Further reading: Grimmett-Stirzaker 6.9

In this lecture, we introduce for continuous-time chains the notions of irreducibility and
positive recurrence that will be needed for the convergence theorems in Lecture 8.

6.1 Communicating classes and irreducibility

We define the class structure characteristics as for discrete-time Markov chains. We emphasize
that from now on we deal only with minimal Markov chains, those that die after explosion.

Definition 42 Let X be a continuous-time Markov chain.
(a) We say that i € S leads to j € S and write i — j if

P;(X; = j for some t > 0) = P;(T};; < oo) >0, where Ty;; =inf{t > 0: X; = j}.

(b) We say i € S communicates with j € S and write i <> j if both i — j and j — 1.

(¢) An equivalence class of the equivalence relation <+ on S is called a (communicating) class.
(d) A class A C Sis closed if thereisnoi € A, j € S— A with i — j, i.e. X cannot leave A.
)
)

(e) i is an absorbing state if {i} is a closed class.
(

f) X is irreducible if S is a communicating class (the only one).

In the following we denote by M = (M,,)n>0 the jump chain and by (Z,,),>0 the holding times
that we used in the definition of a continuous-time Markov chain X = (X;);>0, in Definition 20.

Proposition 43 Let X be a minimal (i.e. Too = 00 or Xy = 0o for t > Ty ) continuous-time
Markov chain. Fori,j €S, i # j, the following are equivalent

(i) i = j for X.

(i) @ — j for the jump chain M.
(iii) There is a sequence (ig,...,in), ix €S, from ig =1 to in, = j such that "1_[1 Girin 1 > 0.
(iv) pij(t) >0 for allt > 0. k=0

(v) pij(t) >0 for somet > 0.

25
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Proof: Implications (iv)=(v)=-(i)=(ii) are straightforward.
(ii)=-(iii): From the discrete-time theory, we know that ¢ — j for M implies that there is a
path (ig,...,i,) from i to j with

n—1 n—1 n—1
H T yikgr = 0, hence H Qig i1 — H T yigr1 Azk >0
k=0 k=0 k=0

since A\, = 0 if and only if 7., ., = 1.
(ili)=(iv) If ¢;; > 0, then we can get a lower bound for p; ;(t) by only allowing one transition
in [0,t] by

pij(t) > Pi(Zo <t,My=j,Z1 >t)
= Pi(Zo < )Pi(My1 = j)P(Z1 > t| My = j)
= (1 — G_Ait)ﬂ'i,je_Ajt >0

for all ¢ > 0, hence in general for the path (ig,...,%,) given by (iii)
pij(t) = Pi(Xi=7j)>Pi(Xpm =g forallk=1,...,n)
n—1
= H pik7ik+1(t/n) >0

k=0
for all ¢ > 0. For the last equality, we used the Markov property which implies that for all
m=1,...,n

]P)(th/n = Zm|th/n = ik for all k = 0, ey, — 1) = ]P’(th/n = im|X(m71)t/n = im—l)

= pimflyi'm (t/n) N O

Condition (iv) shows that the situation is simpler than in discrete-time where it may be
possible to reach a state, but only after a certain length of time, and then only periodically.

Example 44 (M/M/1 queue) The M/M/1 queue with ¢; ;-1 = A > 0 and ¢y1; = p >
0, ¢ > 0, is irreducible: for all m > n > 0, we have ¢nm—1-" qns1n = ™" > 0 and
Gnn+1 " Gm—1,m = A" > 0 and Proposition 43 yields m < n.

Example 45 (Simple birth-and-death process) The simple birth and death process with
Qiit1 =1\, Qi1 =1, @i =—(A+p)i, ¢ ;=0 otherwise, 1> 0,

has 0 as an absorbing state, while N\ {0} is an open communicating class by the same argument
as in Example 44.

6.2 Recurrence and transience, positive and null recurrence

Definition 46 Let X be a continuous-time Markov chain.
(a) i €S is called recurrent if P;({t > 0: Xy = i} is unbounded) = 1.
(b) ¢ € S is called transient if P;({t > 0: X; =i} is unbounded) = 0.
X is called recurrent (transient) if all states ¢ € S are recurrent (transient) for X.

Remark 47 If X can explode starting from ¢ and if X is a minimal continuous-time Markov
chain, then i is certainly not recurrent. Hence, whenever we assume minimality and recurrence,
this implies that X is non-explosive.
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We denote by N; = inf{n > 1: M,, =i} the first passage time of M to state i, and by
Hi = TNi = inf{t Z Tl . Xt = ’i},

the first passage time of X to state i. Note that we require the chain to do at least one jump.
This is to force X to leave ¢ first if Xy = . We also define the successive passage times Ni(l) =N;
and Ni(m) = inf{n > Ni(m_l): M, =i}, m > 2, and HZ.(m) =Tyom, m =1

Proposition 48 i € S is recurrent (transient) for a minimal continuous-time Markov chain X
if and only if i is recurrent (transient) for the jump chain M.

Proof: Suppose, i is recurrent for the jump chain M, i.e. M visits 4 infinitely often, at steps
(N -(m))mzl. If we denote by 1;x,—;; the random variable that is 1 if Xo = ¢ and 0 otherwise,

(2
the total amount of time that X spends at i is

o0
Zol{xo=iy + Z Z \m) = 00

m=1

with probability 1 by the argument for Proposition 12 (convergent and divergent sums of inde-

pendent exponential variables) since Z, m) ~ Exp();) and the sum of their (identical!) inverse

parameters is infinite. In particular {¢ ZZ 0 : Xy = ¢} must be unbounded with probability 1.
Suppose, 7 is transient for the jump chain M, then there is a last step L < oo away from 1
and {t > 0: X; =14} C [0,77) is bounded with probability 1.
The inverse implications are now obvious since ¢ can only be either recurrent or transient for
M and we constructed all minimal continuous-time Markov chains from jump chains. o

From this result and the analogous properties for discrete-time Markov chains, we deduce
Corollary 49 Fvery state i € S is either recurrent or transient for X.

Recall that a class property is a property of states that either all states in a (communicating)
class have or all states in a (communicating) class don’t have.

Corollary 50 Recurrence and transience are class properties.

Proof: 1If i is recurrent and ¢ < j, for X, then ¢ is recurrent and ¢ <> j for M. From discrete-time
Markov chain theory, we know that j is recurrent for M. Therefore j is recurrent for X.
The proof for transience is similar. O

Proposition 51 For any i € S the following are equivalent:
(i) @ is recurrent for X.

(iii) /0 pn‘(t)dt = Q.

Proof: (iii)=-(ii): One can deduce this from the corresponding discrete-time result, but we give
a direct argument here. Assume \; > 0 and h; = P;(H; = oo) > 0. Then, the strong Markov

property at Hi(m) states that, given Hl-(m) < 00, the post—Hi(m) process X (M1 — (XH(m)+t)t20 is

distributed as X and independent of the pre-H Z-(m) process. By independent trials (success being
not to return to ¢), the total number G of visits of X to ¢ must have a geometric distribution
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with parameter h;, and is independent of the Exp();)-holding times in i. Therefore, the total
time spent in 7 is G-1

> Zpyim) ~ Exp(hii).
m=0

With notation 1yy,—; = 1if Xy =4 and 1x,—; = 0 otherwise, we obtain by Tonelli’s theorem

G-1
oo o0 o ]
/) ( ) /4 ( {Xt }) </(| {Xt } ) (’ml) NZ( )> hl>\z <

The other implications can be established using similar arguments. O

As in the discrete-time case, there is a link between recurrence and the existence of invariant
distributions. More precisely, recurrence is strictly weaker. The stronger notion required for the
existence of invariant distributions is positive recurrence:

Definition 52 A recurrent state i € S is called positive recurrent if either A; = 0 or m; =
E;(H;) < co. Otherwise, we call ¢ null recurrent.

Proposition 53 Positive recurrence is a class property.

Proof: Suppose E;(H;) < oo and ¢ = j. Then p = P;(H; < H;) > 0 and
pE;(H;|Hy < H;) + (1 — p)E;(H;|Hj > H;) = E;(H;) < oo.

Hence E;(H;|H; < H;) < E;(H;|H; < H;) < oo. By independent trials,
Ei(H;) = (1/p — 1)E;(H;|H; > H;) + E;(H;|H; < H;) < o0.

By the Strong Markov property at Hj, also E;(H;) < E;(H;|H; < H;) < co. Finally, E;(H;) <
E;(H;) + Ei(H;) < oo, as required. O

Positive recurrence for a continuous-time Markov chain and its jump chain are not equivalent.

Example 54 (M/M/1 queue) The M/M/1 queue with A > 0 and g > 0 is positive recurrent
if A\ < u, null recurrent if A = p and transient if A > pu.

Specifically, A > p means that customers arrive at a higher rate than they leave. Intuitively,
this means that X; — oo (this can be shown by comparison of the jump chain with a simple
random walk with up probability \/(A 4+ ) > 1/2). As a consequence, L; = sup{t > 0: X; =
i} < oo for all i € N, and since {t > 0: X; =i} C [0, L;], we deduce that 7 is transient.

A < p means that customers arrive at a slower rate than they can leave. Intuitively, this
means that X; will return to zero infinitely often. The mean of the return time can be estimated
by comparison of the jump chain with a simple random walk with up probability A/(A+p) < 1/2:

No—1 00 n—1
Eo(Hp) = E ( > Zk> =) P(Ny=n)E (Z Z| No = n>
k=0 n=2 k=0
00 n—1
= % +) P(Ng =n)E <Z Yk>
n=2 k=1

- n—1 1 FEo(Ng)—1
= — [F’ N = = — —_— ,
A*le:; WNo=n o =3 agp =%
where Y7, Ya, ... ~ Exp(A + p). Therefore, 0 is positive recurrent. Since positive recurrence is a

class property, all states are positive recurrent.

For A = pu, the same argument shows that 0 is null-recurrent, by comparison with simple
symmetric random walk.

Note in each case, that the jump chain is not a simple random walk, but coincides with a
simple random walk until it hits zero. This is enough to calculate Eq(Ny).



Lecture 7

Invariant distributions and time
reversal

Reading: Norris 3.5, 3.7
Further reading: Grimmett-Stirzaker 6.9; Ross 6.5

In Lecture 7 we studied the class structure of continuous-time Markov chains. We can
summarize the findings by saying that the state space can be decomposed into (disjoint) com-

municating classes S — U Ty U U N, U U Prs

mely mels mels
for countable index sets I, Is and I3, where the (states in) P,, are positive recurrent, hence
closed, the N, null recurrent, hence closed, and the 7, transient, open or closed. This is similar
for the jump chain, but while transience holds for a class of the continuous-time chain if and
only if it holds for the jump chain, this equivalence fails for positive recurrence, in general.

To understand equilibrium behaviour, we can look at each recurrent class separately. The
complete picture can then be put together from its pieces on the separate classes. This is relevant
in some applications, but not for the majority, and not for those most relevant to us. We therefore
focus mainly on the case where we have only one class. We called this case “irreducible”. The
reason for this name is that we cannot further “reduce” the state space without changing the
transition probabilities. We will further focus on the positive recurrent case.

7.1 Invariant distributions

Note that for an initial distribution v on S, Xy ~ v we have
P(Xe = j) = Y P(Xo = )P(X; = j|Xo = i) = (vP(t));
€S

where vP(t) is the product of a row vector v with the matrix P(t), and we extract the jth
component of the resulting row vector.
Definition 55 A distribution £ on S is called invariant for a continuous-time Markov chain if
EP(t) =¢ for all t > 0.

If Xo ~ £ for an invariant distribution &, then X; ~ £ for all £ > 0. We therefore also say

that £ is a stationary distribution of X, and we then refer to X as a stationary Markov chain.

Proposition 56 In the non-explosive case, in particular when S is finite, £ is invariant if and
only if £Q = 0.

Proof: We only prove the case of finite S. If (P (t) = £ for all ¢ > 0, then by the forward
equation

£Q = EP(HQ = £P'(1) = £ lim LU PO _ )

h—0 h h—0 =0
If £ = 0, we have

EP(t+ h) —EP(t)
h

EP(t) = £P(0) + ¢ /O P/(s)ds = £ + /0 EQP(s)ds = ¢

by the backward equation. Here, also the integration is understood component-wise.

29
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Interchanging limits/integrals and matrix multiplication is justified since S is finite. For the
(non-explosive) infinite case, see Norris Theorem 3.5.5. O

In the explosive case, the equation £Q) = 0 may have solutions that are not invariant, see
Norris Example 3.5.4.

Proposition 57 For a vector € let n; = \&, ¢ € S. Then £Q = 0 if and only if nIl = n.

Proof: 'We have (n(Il —1)); = Zfi)\i(mj —0ij) = Zfz’%‘j = (£Q);. for all j € S. O
i€S €S

Note that the entries of £ and 1 do not have to sum to 1. However, if £ they are positive and

sum to something finite, they can be normalised to give stationary distributions, e.g. always

when S is finite.

Proposition 58 An irreducible (minimal) non-explosive continuous-time Markov chain is pos-
itive recurrent if and only if it has an invariant distribution. Amn invariant distribution £ can
then be given by

1
= —— €S
57/ mz)\z b 1 )
where m; = E;(H;) is the mean return time to i and \; = —q;; the holding rate in i.

The analogous result for discrete chains holds and gives n; = 1/E;(1V;) as invariant distribu-
tion. The further factor A; occurs because a chain in stationarity is likely to be found in ¢ if the
return time is short and the holding time is long; both observations are reflected through the
inverse proportionality to m; and )\;, respectively.

Proof: When S is finite, irreducibility implies positive recurrence, since p = inf;es Pj(H; < 1)
> pji(1) > 0 and by the Markov property at integer times, repeated trials with success proba-
bilities bounded below by p get us from any j to ¢ in a random time with expectation bounded
by 1/p, hence m; < 1/\; + 1/p < oo. When S is finite, there is an invariant distribution by
the previous proposition, since this holds for the jump chain. We will deduce the form of the
invariant distribution from the Convergence theorem and a version of the Ergodic theorem in
Assignment 5.5(d). When S is finite, this will complete the proof.

When S is infinite, we still need the equivalence of positive recurrence and the existence of
an invariant distribution to prove the Convergence Theorem. See Norris Theorem 3.5.3 for a
direct proof. O

Example 59 Consider the M/M/1 queue of Example 31. The equations £Q = 0 are given by
—Ao+p& =0, A§Go1— A+ p)é+p&ip =0, i>1

This system of linear equations (for the unknowns &;, ¢ € N) has a probability function as its
solution if and only if A < p. It is given by the geometric probabilities

fi=<)\>l<1—)\>, ieN.
u u

By Proposition 58, we can calculate E;(H;) = m; = 1/(\&;). In particular, for ¢ = 0, we have
the length of a full cycle beginning and ending with an empty queue. Since the initial empty
period has average length 1/), the busy period has length

1 1

FolHo) = VA= S5 T e

Note that this tends to infinity as A 1 p.
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7.2 Detailed balance equations and time reversal

Proposition 60 Consider the Q-matriz Q@ of a non-explosive Markov chain. If the detailed
balance equations o

ézqw = §JQJZ7 1,] € Sa
have a solution & = (&;)ies, then & is a stationary distribution.

Proof: Let £ be such that all detailed balance equations hold. Then fix j € S and sum the

equations over ¢ € S to get
j= Z&qzj = Zﬁqu‘z‘ = szqji =0
€S €S 1€S

since the row sums of any Q-matrix vanish (see Remark 25). Therefore £Q = 0, as required. O

Note that (in the case of finite #S = n), while £Q = 0 is a set of as many equations as
unknowns, n, the detailed balance equations form a set of n(n — 1)/2 different equations for n
unknowns, so one would not expect solutions, in general. However, if the Q-matrix is sparse,
i.e. contains lots of zeros, corresponding equations will be automatically satisfied, and these are
the cases where we will successfully apply detailed balance equations.

The class of continuous-time Markov chains for which the detailed balance equations have
solutions can be studied further. They also arise naturally in the context of time reversal, a tool
that may seem of little practical relevance, since our world lives forward in time, but sometimes
it is useful to model by a random process an unknown past. Sometimes, one can identify a
duality relationships between two different processes, both forward in time that reveals that the
behaviour of one is the same as the behaviour of the time reversal of the other. This can allow
to translate known results for one into interesting new results for the other.

Proposition 61 Let X be an irreducible positive recurrent (minimal) continuous-time Markov
chain with Q-matrix Q and starting from the invariant distribution &. Let t > 0 be a fized time
and Xy = Xi_s—. Then the process X is a continuous-time Markov chain with Q-matriz Q) given

by £iqji = &igij-

Proof: First note that Q has the properties of a Q—matrix in being non-negative off the diagonal

and satisfying
Z ijz = Z qU gQ)

€S zES

by the invariance of ¢. Similarly, we define &p;i(t) = &pij(t) and see that P(t) have the
properties of transition matrices. In fact the transposed forward equation P'(t) = P(t)Q yields
P'(t) = QP(t), the backward equation for P(t). Now X is a continuous-time Markov chain with
transition probabilities P(t) since

Pe( Xty = 105> Xty = in) = Pe(Xit, = iny-. o> Xitg = i0)
n
= &, Hpik,ik_l(tk —tk-1)

k=1
= gio H ﬁik,l,ik (tk - tk‘—l)'
k=1

From this we can deduce the Markov property. More importantly, the finite-dimensional dis-
tributions of X are the ones of a continuous-time Markov chain with transition matrices P(t ).
Together with right-continuity, Remark 39 implies that X is a Markov chain with Q-matrix Q.

O

If Q = Q, X is called reversible. It is evident from the definition of Q that & then satisfies
the detailed balance equations &q;; = &jqji, i,J € S.
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7.3 Simple birth-and-death processes and Erlang’s formula

Consider the general simple birth-and-death process with birth rates ¢; ;+1 = 8; and death rates
Qii—1 = %Yi» Gi = —Bi — 7%, © € N, all other entries zero, and also 79 = 0. We recognise simple
birth processes and queueing models as special cases.

To calculate invariant distributions, we solve the balance equations £Q = 0, i.e.

§im1—&Bo=0 and  §ui1Yni1 — &n(Ba+ ) +&n-16n-1=0, n>1
or more easily the detailed balance equations
&iBi = &i+17Vi+1, i > 0.

giving e
gn = Mﬁo, n > Oa
YoM

where & is determined by the normalisation requirement of £ to be a probability function, i.e.

1 617, 1 /30
= — wh =1+ E
&0 S ere IO

provided S is finite. Assuming non-explosion, we have found an invariant distribution, and we
will see it is unique since the state space is irreducible. (We can get a sufficient condition for
non-explosion, by ignoring deaths to find a simple birth process with rates A\, = 3, for which
the explosion criterion applies.)

If S is infinite there does not exist an invariant distribution. This cannot be deduced directly
from the detailed balance equations but for general simple birth-and-death processes here it is
easy to see inductively that £Q = 0 is equivalent to the detailed balance equations (the first
equation is the same, the other balance equations are differences of consecutive detailed balance
equations). The fact that there is no probability measure such that £ such that £ = 0 does not
necessarily mean there is explosion in finite time, infact S = oo for all simple birth processes
since they model growing populations and cannot be in equilibrium. By Proposition 58, it means
that X is then null recurrent or transient. On the other hand, if 5y = 0 as in many population
models, then the invariant distribution is concentrated in 0, i.e. §g =1, &, = 0 for all n > 1.

Many special cases can be given more explicitly.

Example 62 If 8, = A\, n > 0, v, = nu, we get

n
én = ()\{,L/'A) €—>\/,u,, n > Oa

Poisson probabilities. What is this model? We can give two different interpretations both of
which tie in with models that we have studied. First, as a population model, 5, = A means
that arrivals occur according to a Poisson process, this can model immigration; v, = nu is
obtained from as many Exp(u) clocks as individuals in the population, i.e. independent Exp(u)
lifetimes for all individuals, an immigration-death model. Second, as a queueing model with
arrivals according to a Poisson process, each individual leaves the system after an Exp(u) time,
no matter how many other people are in the system — this can be obtained from infinitely many
servers working at rate p, an M /M /oo-queue.

Example 63 (Erlang’s formula) If 5, = A\, 0 < n < s —1, and 7, = nu, we obtain a
model for a telephone exchange with s lines, where calls arrive according to PP(\) and have
independent Exp(u) durations. Of particular interest is the probability of having all lines busy.
A slight variant of the formulas in the previous example yields

€, = >\/M Z A/Mn .

This is known as Erlang’s formula.



Lecture 8

Convergence theorems

Reading: Norris 8.6, 3.8; Grimmett-Stirzaker 7.2
Further reading: Williams “Probability with Martingales” 7.2; Grimmett-Stirzaker 7.1, 7.3-7.5

The Convergence Theorem and the Ergodic Theorem for continuous-time Markov chains,
which we will discuss in this lecture, are two very different statements of convergence to a
stationary distribution. We begin this lecture by reviewing modes of convergence. We also
prove the Strong Law of Large Numbers.

8.1 Modes of convergence
Definition 64 Let X,, n > 1, and X be real-valued random variables. Then we define
1. X,, = X in probability, if for all € > 0, P(|X,, — X| >¢) — 0 as n — oc.

2. X,, = X in distribution, if P(X,, < x) - P(X < z) as n — oo, for all z € R at which
x — P(X < x) is continuous.

3. X, = X in LY if E(|X,,]) < oo for all n > 1 and E(|X,, — X|) — 0 as n — oco.
4. X, — X almost surely (a.s.), if P(X,, - X asn — o0) = 1.
The following result from Part A will be useful.

Proposition 65 The following implications hold

X, — X almost surely

\
X, — X in probability = X, — X in distribution
1)
X, — X in L} = E(X,) = E(X)

No other implications hold in general.

For N-valued random variables X and X,,, n > 1, convergence X,, — X in distribution is
equivalent to
P(X, =j) - P(X =), as n — oo, for all j € N,
as P(X,,=j) =P(X, <j+1/2) - P(X,,<j—1/2) and P(X,, <z) = P(X,,=0)+-- -+ P(X,,=|z]).
It is therefore natural to define for S-valued random variables X,, — X in distribution

P(X, =j) - P(X =), as n — oo, for all j € S.

8.2 The convergence theorem and the ergodic theorem

The Convergence theorem for Markov chains is of central importance in applications since is
it often assumed that “a system is in equilibrium”. The convergence theorem is a justification
for this assumption, since it means that a system must only be running long enough to be
(approximately) in equilibrium. Recall that an “invariant distribution” ({P(t) = £ for all ¢ > 0)
is also called “stationary distribution” (since Xy ~ & = X; ~ £ for all ¢ > 0). We will now see
that ¢ is also “equilibrium distribution”, i.e. X; ~ & approximately for large t even if Xo ~ v # £.

33
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Theorem 66 Let X = (X¢)>0 be a (minimal) irreducible positive-recurrent continuous-time
Markov chain, Xg ~ v, and £ an invariant distribution, then

P(X;=j7) =& ast — oo for all j €S.

This result can be deduced from the Convergence theorem for discrete-time Markov chains
by looking at the processes Zflh) = X,n, n > 0, for each fixed h > 0. The process Z( is easily
seen to be a discrete-time Markov chains with transition matrix P(h).

However, it is more instructive to see a (very elegant) direct argument, using the coupling

method in continuous time.

Sketch of proof: Let X ~ (v,Q)-Markov chain and Y ~ (§,@Q)-Markov chain independent.
Choose i € S and define T = inf{t > 0 : (X;,Y;) = (i,4)} the time they first meet (in 7, to
simplify the argument). A third process is constructed

v X lft<T‘7
Xt_{yt ift >T.

The following three steps complete the proof:

1. P(T < oo0) = 1 — this is because n;; = &&j, (i,7) € S, is invariant for (X,Y’), which
implies positive recurrence of (X,Y’), by Proposition 58, and by irreducibility expected
hitting times from any fixed starting point are finite (see the proof of Proposition 53), and
hence hitting times from any random starting point are finite with probability 1;

2. X ~ (v, Q)-Markov chain just as X;
3. |P(Xy =) = &l = |E(Ly5,-5y) — E(lpvi=y) | < E(lyrsyy) = P(T > 1) — 0. O

Corollary 67 A (minimal) positive recurrent irreducible continuous-time Markov chain has a
unique stationary distribution.

Proof: For v and ¢ stationary and j € S, we have v; = P(X; = j) = §jast - o0, s0v=¢. O

Theorem 68 (Ergodic theorem) In the setting of Theorem 66, Xy ~ v

1 t
P<t/ Lix,=yds — & ast—>oo) =1
0

Proof: A proof using renewal theory is in Exercise A.5.4. O

We interpret this as follows. For any initial distribution, the long-term proportions of time
spent in any state ¢ approaches the invariant probability for this state. This result establishes
a time-average analogue for the distributional average of Theorem 66. This is of practical
importance, since it allows us to observe the invariant distribution by looking at time proportions
over a long period of time. If we tried to observe the stationary distribution using Theorem 66,
we would need many independent observations of the same system at a large time ¢ to estimate
&, using the Strong Law of Large Numbers, see Example 74.

Example 69 For the M/M/1 queue, we calculated in Example 59 that the stationary proba-
bility of the idle state is {o = 1 — A\/u. By Theorem 66, this is the probability for a customer
to find the server idle if the system has been running for a long time. By Theorem 68, this is
the asymptotic proportion of time that the server is idle (which in some applications means the
server is not earning any money).
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8.3 The Strong Law of Large Numbers

Key to the proof of Ergodic theorems is the Strong Law of Large Numbers, which was stated,
but not proved in Part A.

Theorem 70 Let (Y,,)n>1 be a sequence of independent and identically distributed random vari-
ables with E(|Y1]) < 0o and E(Y1) = p. Let S, =Y1+---+ Yy, n> 1. Then

Su 1
"

n
— Z Yi—=pu almost surely.
n 4=

=1

The proof for the general result is lengthy (or requires techniques beyond this course), but
under the extra moment condition E(Yf‘) < oo there is a nice proof, which ultimately exploits an
argument we employed in the proof of the explosion criterion, Proposition 12: if Y E(Z;) < oo,
then ) Z; < oo with probability 1.

Lemma 71 In the situation of Theorem 70, there is a constant K < oo such that for alln >0
E((Sn — nu)") < 4E(V{)n?,
where ?k =Y. — u.
Proof: Let §n = 171 4+ 4 }N/'n =S, —nu. Then
~ LN : N~ ~ n o~
E(S)=E (Z Y) =E| Y VLY | =nE0)+ 6(2)E(YEY§>
i=1 i,k =1
by expanding the fourth power and noting that most terms vanish such as
E(V1Y5') = E(Y1)E(Ys) = 0.

Finally observe that 4max{E()~/14), (E(}N/lQ))Q} = 4E(}714) by Jensen’s inequality and n < n? for
n > 0. |

Proof of Theorem 70 when E(Y{*) < oo: By the lemma,

E <<S” - u>4> <EYHn? < Kn"2%c.

n
for some K > 0 independent of n. Now, by Tonelli’s theorem,

E - _ = E — = —_— = .S.

(EC))-Ze((e))ox = B e w

But if a series converges, the underlying sequence converges to zero, and so

S : S
(n — ,u) — 0 almost surely = = — ;1 almost surely.
n n

8.4 Examples

Example 72 (Poisson process) For X ~ PP(\), we have arrival times T,, = Zop+ - -+ + Z_1
for Z; ~ Exp(A) independent. The Strong Law of Large Numbers yields
Ty

1
— = - almost surely, as n — oo.
n A



Lecture 8: Convergence theorems 36

Since X itself has stationary independent increments, we also have

X, 1
7” - Z;(XZ — X)) = E(Xy) =X almost surely, as n — co.
(2

Furthermore, we can use the sandwich theorem and algebra of limits to deduce

[t ]Xi X Xy [t]+1 X;

— — < = — — X\ almost surely, as t — oo.
t[] St T [+1 ¢ t

—

Example 73 (Return times of Markov chains) For a M ~ (v,II)-Markov chain positive
recurrent, recall notation

N =NY =inf{n>0: M, =i}, N =inf{n>N"™ M, =i}, meN,

)

for the successive return times to ¢ € S. By the strong Markov property, the random variables
Nz-(mﬂ) — Ni(m), m > 1, are independent and identically distributed. If we define Ni(o) =0 and

v = §;, then this holds for all m > 0. The Strong Law of Large Number yields

m

i(N;) almost surely, as m — oo.

Similarly, for a positive recurrent (v, Q)-Markov chain X, for

n . .
Hi=HY =inf{t >Ty: X, =i}, H™ = yomsm €N,
we get
™
C J(H;) =my almost surely, as m — oo.

Example 74 (Empirical distributions) If (Y},),>1 is an infinite sample (independent and
identically distributed random variables) from a discrete distribution v on S, then the random
variables B,(f) = lyy,—i}, n > 1, are also independent and identically distributed for each fixed
i € S, as functions of independent variables. The Strong Law of Large Numbers yields

o _#k=1.n:Yi=i} :B§i)+---+B£f)

n n — E(BY)) =P =i) =,

almost surely, as n — co. The probability function (™ is called empirical distribution. It lists
relative frequencies in the sample and, for a specific realisation, can serve as an approximation of
the true distribution. In applications of statistics, it is the sample distribution associated with a
population distribution. The result that empirical distributions converge to the true distribution,
is true uniformly in ¢ and in higher generality, it is usually referred to as the Glivenko-Cantelli
theorem.

Remark 75 (Discrete ergodic theorem) If (M,,),>0 is a positive-recurrent (v, II)- Markov
chain, the Ergodic Theorem is a statement very similar to the example of empirical distributions

#{k=0,....n—1: M, =i}
n

—n; almost surely, as n — o0,

for a stationary distribution 7, but of course, the M, n > 0, are not independent (in general),
and only identically distributed if v = 1. We need to work a bit harder to deduce the Ergodic
Theorem from the Strong Law of Large Numbers.
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Renewal processes and equations

Reading: Grimmett-Stirzaker 10.1-10.2; Ross 7.1-7.3

We introduce renewal processes (Xy,t > 0) and study the asymptotic behaviour of Xj.

9.1 Motivation and definition

The Poisson process (and all continuous-time Markov chains) have exponentially distributed
holding times, which possess the lack of memory property. In practice, this assumption is often
not reasonable.

Example 76 Suppose that you count the changing of batteries for an electrical device. Given
that the battery has been in use for time ¢, is its residual lifetime distributed as its total lifetime?
We would assume this, if we were modelling with a Poisson process.

We may wish to replace the exponential distribution by other distributions, e.g. one that
cannot take arbitrarily large values or, for other applications, one that can produce clustering
effects (many short holding times separated by significantly longer ones). Here is the analogue
of a Poisson process when we drop the requirement for Exp(\) inter-arrival distribution:

Definition 77 Let Z,, n > 0, be independent identically distributed and positive random
variables. Let T),, = Zy + -+ 4+ Zp—1, n > 1. Then the process X = (X;,t > 0) defined by

Xe=#{n>1:T, <t}

is called a renewal process. The common distribution of Z,, n > 0, is called the inter-arrival
distribution or the inter-renewal distribution.

Renewal processes also arise naturally in the study of continuous-time Markov chains.

Example 78 If (Y;):>0 is a continuous-time Markov chain with Yy = ¢, then Z,, = H i(nH) —-H Z-(") ,
the times between successive returns to ¢ by Y, are independent and identically distributed (by
the strong Markov property). The associated counting process

Xy=#{n>1:H" <t}, t>0,

counting the number of visits to ¢ up to time t, ¢t > 0, is thus a renewal process.

9.2 The renewal function
Definition 79 The function m: [0,00) — [0, 00), m(t) := E(X;), is called the renewal function.

For Z,, ~ Exp(\) we have X; ~ Poi(\t) and m(t) = E(X;) = At. In general, the renewal function
is one of the central objects in renewal theory.

To calculate the renewal function for general renewal processes, we investigate the distribu-
tion of X;. For any counting process (Xy,t > 0), we have

Xi=k <= T, <t <Tgy,

37
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so that we can express
]P)(Xt = k‘) = ]P)(Tk <t< Tk+1) = ]P)(Tk < t) — P(TkJrl < t)

in terms of the distributions of T, = Zg + +++ + Zp_1, k > 1.

If Z; has a probability density function, we can express the density of T as a convolution
power. Specifically, recall that for two nonnegative independent continuous random variables Z
and T with densities f and g, the random variable Z + T has density

(f*g)(u /fu—t u > 0.

It is not hard to check that the convolution product is symmetric, associative and distributes
over sums of functions. While the first two of these properties follow from Z + 1T =T + Z
and (Z +T)+V = Z+ (T + V) for associated random variables, the third property has
no such meaning, since sums of densities are no longer probability densities. However, the
definition of the convolution product makes sense for general nonnegative integrable functions
and distributivity follows straight from the definition. We can define convolution powers f*(1) =
f and f*E+tD = f4 £**) k> 1. Then

P(T, < t) = /0 Fr(s)ds = /0 £ (s)ds

if Z,,, n > 0, are continuously distributed with density f.

Proposition 80 Let X be a renewal process with inter-renewal density f. Then

£ = /0 'S0 ().

Proof: By Tonelli’s Theorem,

/ S W (gds = / PO (s)ds = Y BT < 1) = 3B, > k) = B(X,) = m(t).
0 k=1 k=170 k=1 k=1

9.3 The renewal equation

For continuous-time Markov chains, conditioning on the first transition time was a powerful
tool. We can do this here and get what is called the renewal equation.

Proposition 81 Let X be a renewal process with inter-renewal density f. Then m(t) = E(Xy)
is the unique (locally bounded) solution of

t
t +/ m(t — s)f(s)ds, i.e. m=F+ fxm,
0

where F(t fo P(Z; <1t).
Proof:  Conditioning on the first arrival will involve the process X, = X1y +u, u > 0. Note
that Xy = 1 and that (X, — 1,u > 0) is a renewal process with inter-renewal times Z, = Z,41,

n > 0, independent of T;. Therefore

m(t):E(Xt):/Ooof(s)IE(XtTl:s)ds:/otf(s) (X, J)ds = F /f m(t — s)ds
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where in the last equality we used )N(t_s has the same distribution as 1 4+ X;_s. For uniqueness,
suppose that also £ = F'+ f £, then a = ¢ —m is locally bounded and satisfies o = f*xa = ax f.
Iteration gives a = a * f**) for all k¥ > 1 and, summing over k gives for the right hand side
something finite:

‘(Za*f*(k)) (t) = ‘(a*m') (t)‘
k=1

= ‘ (a * if*(k)) (t)
k=1

/Ot a(t — s)m/(s)ds

< ( sup !a(U)I> m(t) < oo

u€(0,t]
but the left-hand side is infinite unless «(t) = 0. Therefore ¢(t) = m(t), for all ¢ > 0. O

Remark 82 We can write the solution of the renewal equation as m = F + F % ), £k,
Indeed, we check that the right-hand side £ := F + F x Zk21 *%) satisfies the renewal equation:

Ffsl=F+Fxf+FxY fU=F4+Fx> "=y
j=2 k=1

just using properties of the convolution product. By the uniqueness part of Proposition 81, we
conclude that £ = m.

Unlike Poisson processes, general renewal processes do not have a linear renewal function,
but it will be asymptotically linear (Elementary Renewal Theorem, as we will see). In fact,
renewal functions are in one-to-one correspondence with inter-renewal distributions — we do not
prove this, but it should not be too surprising given that m = F'+ fxm is almost symmetric in f
and m, and is symmetric after differentiation (we omit the details), which gives m’ = f+ f«m/.

9.4 Strong Law and Central Limit Theorem of renewal theory

Theorem 83 (Strong Law of renewal theory) Let X be a renewal process with mean inter-
renewal time p =E(Zy) € (0,00). Then
Xy

— =

1
— almost surely, as t — oo.
t H

Proof: ~ Note that X is constant on [T),,7,+1) for all n > 0, and therefore constant on
[Tx,,Tx,+1) > t. Therefore, for all t > T7,

Tx, <t < Txpvr _ Ty Xi +1
Xt - Xt Xt Xt + 1 Xt

Now P(X; — o0) = 1, since Xoo < n <= T),41 = oo which is absurd, since T},11 = Zp+-- -+ 2,
is a finite sum of finite random variables. Therefore, we conclude from the Strong Law of Large
Numbers for T;,, that

Tx,
Xy

— U almost surely, as t — oo.

Therefore, if X; — oo and T}, /n — u, then by the sandwich theorem
< I ¢ <

H= tigolo Xt =H

but this means P(X;/t — 1/u) > P(X; — 00, T, /n — p) = 1, as required. O
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Of course, there is also a Weak Law of Renewal Theory, which now follows, because almost
sure convergence implies convergence in probability. A direct proof for convergence in probability
is more difficult, because e-deviations of X;/t are not quite the same as e-deviations from T, / X;.

Theorem 84 (Central Limit Theorem of Renewal Theory) Let X be a renewal process
whose inter-renewal times Z,, n > 0, have finite variance * = Var(Z;) € (0,00) and u = E(Zy).
Then X, —t/u

Vio?/u?

A rough proof is not difficult, the details a little harder and left as Exercise A.5.3.

— Normal(0, 1) in distribution, as t — oo.

9.5 The elementary renewal theorem

Theorem 85 Let X be a renewal process with mean inter-renewal times p and m(t) =E(Xy).
Then

13 E(X 1

m(t) _E(X) 1

t t

ast — oo

This does not follow from the Strong Law of Renewal Theory since almost sure convergence
does not imply convergence of means (cf. Proposition 65, see Exercise A.5.2(a)). The proof is
not examinable, but the statement of the following lemma is instructive:

Lemma 86 For a renewal process X with arrival times (T,,,n > 1), we have
E(Tx,+1) = p(m(t) + 1), where m(t) = E(X;) and p = E(Ty).

This may not be surprising, because T'x,+1 is the sum of X; 4 1 inter-renewal times, each with
mean p. Taking expectations, we may expect m(t) + 1 times p. However, we have E(Zx,) >
E(Z1) even for X ~ PP(A), by the lack of memory property, so the lemma can only hold if
E(Tx,) < um(t).

Proof of Lemma 86: Let us do a one-step analysis on the quantity of interest g(t) = E(T'x,+1):
t

o= [ T E(Tx 1Ty =) f(s)ds = /

This is almost the renewal equation. In fact, g1(t) = g(t)/u — 1 satisfies the renewal equation

(s + E(Tx,_, 1)) f(s)ds + / T af(s)ds =+ (g% )(2).

gl(t):i / ot — )f(s)ds = / (61(t — ) + D) f(s)ds = F(t) + (g1 % ) (D),

and, by Proposition 81, g1 (t) = m(t), i.e. g(t) = p(1 + m(t)) as required. ad

t 1

Proof of Theorem 85: Clearly t < E(Tx,+1) = u(m(t) + 1) gives the lower bound litm inf mé ) > —.
— 00 /,[,

the upper bound we use a truncation argument and introduce the renewal process X associated with
5 - Zj if Zj <a,

Z]_Zj/\a_{ it Z; > a,

For

Jj=0.

Then Zj < Z; for all j > 0 implies X, > X, for all t > 0, hence m(t) > m(t). By the lemma,
t>E(T%,) =E(T%,,,) —E(Zg,) = p(m(t) + 1) - E(Zg,) >

p(m(t) +1) —a.

Therefore
t 1 — I t 1 t 1
L7:+a~u = limsupm() <= = limsupﬁg—,
t 1 it t—oo L 1 t—woo T 7
since Ji = B(Zy) = E(Zy Aa) — E(Z1) = 1 a a — oo, by monotone convergence. a

Note that truncation was necessary to get E(Zg ) < a. It would have been enough if we had
E(Zx,) = E(Z1) = p, but as noted above, this is not true. The method of truncation can also be used to
prove the Strong Law of Large Numbers without finite fourth moment, just assuming E(|Y7|) < co.



Lecture 10

Excess life and stationarity

Reading: Grimmett-Stirzaker 10.3-10.4; Ross 7.7

So far, we have studied the asymptotic behaviour of one-dimensional distributions of a re-
newal process X, as t — oo:

X 1 E(X, 1 Xy —t
2t 5~ almost surely, (Xt) - -, ti/'u — Normal(0,1) in distribution.
t H t 1% Vito? [ ud

For Poisson processes we also studied finite-dimensional marginal distributions and joint distri-
butions of

X, Xoys — Xy, - - stationary, independent increments.

In this lecture, we study the increments of renewal processes.

10.1 The renewal property, age and excess life

To begin with, let us study the post-t process for a renewal process X, i.e. (Xyys — Xt)s>0. For
fixed ¢, this is not a renewal process as defined so far. We first consider renewal times T;, i > 0.

Proposition 87 Let X be a renewal process and T; = inf{t > 0: X; =i} the ith renewal time
for some i > 1. Then (X;),<7, and X = (X1,45 — X1,)s>0 are independent and X has the same
distribution as X.

Proof: The proof is the same as (actually easier than) the proof of the strong Markov property
of birth processes at birth times T3, i > 1, cf. Exercise A.2.8(b). Specifically, the inter-renewal
times Zn = Zitn, n > 0, are independent of Zy,...,Z;—1. Functions of independent random
variables are independent. Here, the pre-Tj-process (X, )<t is a function of Zy, ..., Z;_1, while

the post-T;-process X is constructed from Z,,, n > 0, just as X is constructed from Z,,, n > 0.
O

Here are two examples to see how this breaks down when T; is replaced by a fixed time ¢ > 0.

Example 88 If the inter-renewal times are constant, say P(Z, = 3) = 1, then X = (Xiys —
Xt)s>0 has a first arrival time Zp with P(Zp =3 —¢) =1, for 0 <¢ < 3.

The second example shows that also the independence of the pre-t and post-t processes fails.
Example 89 Let P(Z, =1) =0.7, P(Z,, =2) = 0.2 and P(Z,, = 19) = 0.1 for all n > 0. Then
w=E(Z,)=07x1402x2+0.1x19=3.

Consider a renewal process X with this inter-renewal distribution, and let ¢ = 2. Denoting the
post-t process by X = (X5 — Xt)s>0, with inter-renewal times Z,,, n > 0, we have

e If Xo=1and X; = 1then Zy = 1 and Z; > 2. Hence P(Zy = 1|Xy = 1,X; = 1) =
P(Z1 = 2|71 > 2) =0.2/0.3 = 2/3;
e If Xo =1 and X; =0 then Zy = 2. Hence ]P(Z) =1X,=1,X;=0)=0.7,

Therefore, Zp is not conditionally independent of X7 given X5 = 1, so X depends on (X7 )r<2,
even conditionally given Xy =1. Similar calculations of P(Zy=mo,.. oy L =my, | Xo=1, X1 =1),
however, do show that Z,, n > 1, are independent of (X, ),<2 and of Zj.

41
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In the following it is useful to use vocabulary associated with a technical component (e.g. a
light bulb) that fails at the times of a renewal process X, and each time is replaced immediately
by a new component. The Z,, n > 0, in the definition of the renewal process are then just the
lifetimes of independent identical components. Let us place the observations in Example 89 in a
general context. The age A; =t —TYx, of the component at time ¢ > 0, may contain information
about the excess lifetime (residual lifetime) E, = T'x,+1 —t of the component at time ¢, which is
the first renewal time Z() of the post-t process X = (Xt+s — Xt)s>0. In particular, A; and E; are
not independent, in general, and also the distribution of E; depends on t. Further components
Zn, n > 1, are independent identical components.

This motivates the definition of “delayed” renewal processes, where the first renewal time
is different from the other inter-renewal times. In other words, the typical renewal behaviour
is delayed until the first renewal time. Our main application will be that Zj is just part of an
inter-renewal time, but it will be useful to have a general definition:

Definition 90 Let Z,, n > 1, be independent and identically distributed inter-renewal times
and Zj independent with a possibly different distribution. Then the associated counting process

Xe=#{n>1:Zoy+ -+ Zyp1 < t}, t>0,

is called a delayed renewal process. We refer to the distribution of Zy as the delay distribution.
A renewal process, where Zy has the same distribution as Z,,, n > 1, is called undelayed.

As a corollary to Proposition 87, we have:

Corollary 91 (Renewal property) Let X be a delayed renewal process, i > 1, and T; =
inf{t > 0 : Xy = i} the ith renewal time. Then (X;)r<1, and X = (X145 — X1)s>0 are
independent and X is an undelayed renewal process with the given inter-renewal distribution.

Just as the Markov property holds at more general stopping times, the renewal property also
holds at more general stopping times 7', provided that P(T € {T,,,n > 0}) = 1. A key example
is T'x,+1, the next renewal time after time ¢ > 0. As with the general strong Markov property,
we will not prove the general result, but we prove:

Corollary 92 Let X be a delayed renewal process and T' = Tx, 11 the next renewal time after
t > 0. Then (X;),<r and X = (X145 — X71)s>0 are independent and X is an undelayed renewal
process with the given inter-renewal distribution.

Proof: ~ This proof is not examinable. On {X; =/} = {Zo+ - +Zp—1 <t < Zo+ - +Zs}, we
have ZL = Z¢4+1+4n, N >0, independent and identically distributed and independent of Zj,..., Zy, hence
conditionally independent of (X,.,r < T') given X; = ¢. In particular, the conditional distribution of Zn,
n > 0, given X; = ¢ does not depend on ¢. By Exercise A.1.11, (X, ),<r is independent of Zn, n > 0,
hence of X. O

Proposition 93 Given a (possibly delayed) renewal process X, for every t > 0, the post-t
process X = (Xiys — Xt)s>0 is a delayed renewal process with Zy = Ej.

Proof: We apply the renewal property of Corollary 92 to the renewal time T' = T'x, 41, the first
renewal time after ¢t. This establishes that Zn, n > 1, are independent identically distributed
inter-renewal times, independent from the past, in particular from 20 =Tx,4+1 —t = E;. There-
fore, Xisa delayed renewal process. O

Remark 94 Note that we make no further statement about the dependence of X on the pre-t
process in Proposition 93. We have seen in Example 89 that independence fails, in general.
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10.2 Size-biased distributions and stationarity

In this section, we will show that for each inter-renewal distribution on (0, c0), there is a special
delay distribution of Z; for which the delayed renewal process X with the given inter-renewal
distribution has stationary increments, i.e. such that the distribution of X3, s — X} is independent
of t > 0, for each s > 0.

Proposition 95 Let X be a delayed renewal process. Then the distribution of the excess lifetime
E; =Tx,41 —t does not depend on t > 0 if and only if X has stationary increments.

Proof: By Proposition 93, the post-t process X = (Xt4s—Xt)s>0 is a delayed renewal process
with Zo = FE;. If the delay distribution of X does not depend on ¢, then the distribution of X
does not depend on ¢. In particular, the distribution of X, = Xiy+s—X; does not depend on ¢.
Conversely, if X has stationary increments, P(E; < s) = P(Xy1s — X; > 1) does not dependent
on t > 0, for all s > 0. Hence the distribution of E; does not depend on t > 0. O

It can be shown that £ = (E;,t > 0) is a Markov process on the uncountable state space
S = (0,00), so X has stationary increments if and only if F is a stationary Markov process. We
will study an example of a discrete inter-renewal distribution, where the process (E,,n > 0) is a
discrete-time Markov chain in a countable state space S C N\{0}. This example will motivate the
definition of discrete size-biased distributions, which have natural analogues in continuous size-
biased distributions. We will use size-biased distributions to specify the (unique) special delay
distribution, which finally gives rise to a delayed renewal process with stationary increments, by
Proposition 95.

Example 96 In Example 89, consider E,, = Tx, +1 —n € N\ {0}, n > 0. It is not hard to see
that (E,,n > 0) is a discrete-time Markov chain on {1,2,...,19} with transition probabilities
Tii—1 = 1a 1> 27 1,5 = P(Zl = ])7 ] € {1727 19}1

which is clearly irreducible and positive recurrent since E;(H;) = E(Z1) < oo, so it has a unique
stationary distribution. This stationary distribution can be calculated in a general setting of
N-valued inter-renewal times with finite mean, by solving nll = 7, see Exercise A.6.5.

Let us here present a heuristic argument to find 7. The ergodic theorem for discrete-time
Markov chains establishes the stationary distribution as asymptotic proportions. Let us first
look at the simpler question of what proportion of times n € N fall into inter-renewal times of
length 19. On average, 10 renewals give 7x1, 2x2 and 1x19 and cover 30 time units, of which

e 19 of the n € {0,...,29} fall into the 1 inter-renewal time of length 19, i.e. 19x1,
e 2 fall into each of the 2 inter-renewal times of length 2, i.e. 2x2,

e 1 falls into each of the 7 inter-renewal times of length 1, i.e. 1x7.

The proportions describe the size-biased distribution associated with the inter-renewal distribu-
tion, with probabilities 0.1, 0.2 and 0.7 weighted by the sizes 19, 2 and 1, respectively. At a
renewal, I, jumps to a new inter-renewal time and then descends to 1, so that of the 30 steps,

e 1 step each is in state 19,...,3,
e 142 steps are in state 2,

e 14247 steps are in state 1.

The proportion in each state reflects the number of inter-renewal times greater than the state.
A random variable with a distribution according to these proportions can be thought of as a
uniformly distributed fraction of an inter-renewal time with the size-biased distribution.

Variations of the size-biasing effect appear under the names of inspection paradox and waiting
time paradox on Assignment Sheet 4.
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Definition 97 For a probability function p on N with =", -, np, € (0,00) we associate the
size-biased probability function

n
sb _ 1Pn n > 1.

n Y ji

i
With a probability density function f on (0,00) with pu = fooo tf(t)dt < oo, we associate the

size-biased probability density function
zf(z
o =28 e
7
We say that a random variable L with probability function p*®, respectively with probability

density function f*, has the (associated) size-biased distribution.

Example 98 Let p be a probability function to model the number of children in a random
family of a given population. Ask a random child “How many children are in your family”? The
answer has distribution p*", since a family with n children is n times more likely to be sampled.

Proposition 99 Let X be a delayed renewal process with any inter-renewal distribution, and
so that Zg ~ LU for a random variable L with the associated size-biased distribution and U ~
Unif(0, 1) independent. Then X has stationary increments, and Ey ~ LU for all t > 0.

Proof: A proof is in the optional Exercise A.6.6. O
Example 100 For the inter-arrival distribution Exp(\) of PP(\), we have p = 1/\ and get

be(Z): Zf(Z) :AQZef/\z7 220,
i
the probability density function of a Gamma(2, \) distribution, the distribution of the sum of two
independent Exp(A) random variables. It was an exercise in Part A to show that LU ~ Exp(\).
This confirms that PP()) has stationary increments when Zy ~ Exp(\).

In general, we can now calculate the distribution of a uniform proportion of a random variable
L with the size-biased distribution: in the continuous case, for independent U ~ Unif(0, 1),

P(LU > y) = /01 /yj: zf(z)dzdu _ /yoo /yj du%f(z)dz - ;/yoo(z _ ) f(2)dz, g e (0,00),

and we just differentiate to get

foly) = —ijU S y) = ;yf(y) + ;F<y> - ;yf(y) - ;F<y>, y € (0,00).

Example 96 is for N-valued inter-renewal times, where the renewal process (X, t > 0) has integer
renewal times, so it made sense to consider the discretised processes (X,,,n > 0) and (E,,n > 0).
For continuous inter-renewal distributions, we can still calculate the asymptotic proportion of
time that the excess life Es exceeds a threshold y € (0,00). Here is a rigorous calculation for an
undelayed renewal process X with mean inter-renewal time p € (0, 00):

1 [T I

Tk ; 1{Es>y}d5 = ﬁ % ;)(Zj - y)l{zj>y}

allows the application of the Strong Law of Large Numbers twice, to independent and identically
distributed inter-renewal times Z;, j > 0, with partial sums T}, = Zo + -+ + Z}_1, k > 1, and
to independent and identically distributed Y; = (Z; — y)l{z;5,}, 7 = 0, to obtain almost sure
convergence as k — oo to

1 1

mIE(Yl) = M/y (z —y)f(2)dz = P(LU > y).

If we had developed a theory of (0,00)-valued Markov process including an ergodic theorem,
which applies to (F¢, t > 0), this calculation would identify the distribution of LU as a stationary
distribution of (E:,t > 0), and would hence prove Proposition 99.
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Convergence to equilibrium —
renewal theorems

Reading: Grimmett-Stirzaker 10.4

For an irreducible positive recurrent Markov chain (X, ¢ > 0), there is a stationary distribu-
tion £. If Xg ~ &, then X; ~ Xg ~ & for all ¢ > 0. Furthermore, X; converges to this stationary
distribution as t — oo, when Xy ~ v for any initial distribution v.

For any inter-renewal distribution with finite mean, there is a delay distribution for which the
renewal process (Xy,t > 0) has stationary increments. With this delay distribution X4 — X; ~
X, for all t > 0. We will see today that X;,s — X; converges to this stationary increment
distribution as t — oo, for any delay distribution.

For discrete-time Markov chains, the convergence theorem assumes aperiodicity. We will
discuss a similar condition for lattice-valued inter-renewal times.

11.1 Convergence to equilibrium

Theorems in this section and the next are stated separately for two cases. These are essentially
for discrete and continuous inter-renewal distributions, respectively. More precisely, we will
distinguish lattice-valued and non-lattice-valued distributions. The standard terminology in
this context is “arithmetic” and “non-arithmetic”.

Definition 101 A positive random variable Z (and its distribution) is called non-arithmetic if
{r>0:P(ZerN)=1} =2.
Otherwise, it is called arithmetic, and d-arithmetic, if d = sup{r > 0: P(Z € rN) = 1}.

Example 102 e All continuous random variables are non-arithmetic.

e All integer-valued random variables Z are arithmetic, and l-arithmetic if furthermore
P(Z € kN) < 1 for all k > 2.

e Let B ~ Binomial(1l,p). Then X = 1+ B is l-arithmetic and Y = \@(1 + B) is V2-
arithmetic. Z = 1+ aB is non-arithmetic if and only if @ > 0 is irrational. If a = p/q is
rational, then Z is 1/g-arithmetic, provided that p,q € N, ¢ > 1, with ged(p, ¢) = 1.

We will apply this concept to inter-renewal times. We will formulate results for non-arithmetic
and l-arithmetic inter-renewal times. These are the two most relevant cases. The 1-arithmetic
case can be easily generalised to d-arithmetic inter-renewal times.

In the sequel we will use the following notation. Let X be a renewal process, which may
have any delay distribution (or X may be undelayed). We will assume that its inter-renewal
times have finite mean p = E(Z;). Let L be a size-biased inter-renewal time, i.e. L has the size-
biased distribution associated with the inter-renewal distribution of Z;, and let U ~ Unif(0, 1)
be independent. We saw in Proposition 99 that 20 = LU is such that a renewal process X
with delay LU has stationary increments. While this holds for non-arithmetic and arithmetic

45
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inter-renewal times, this process only features in the following convergence theorems in the
non-arithmetic case.
In the l-arithmetic case with probability function p,, n > 1, we will meet a discretised

version 20 of Zg, which is uniformly distributed on {1, ..., L}. More precisely,
00 1 00 fp 1 1
- ¢
P(Zy=k) = P(L=1{¢)- = —-=-P(Z1 >k k> 1. 1
Go=h =3 RL=07=3 Pg= RAZH, k2 W)

It is easy to see that a renewal process X = ()?t, t > 0) with delay 20 has stationary increments
Xnts — Xn, n >0, for all s > 0.

Recall definitions A; = t—Tx, and E; = T'x,+1—1t for the age and excess life of the component
in use at time ¢ > 0. We obtain convergence for increments, ages and excess lives:

Theorem 103 (Convergence in distribution) Let X be a (possibly delayed) renewal process
and assume that the inter-renewal times have finite mean (.

(a) If the inter-renewal distribution is non-arithmetic, then
Xips — Xt — 5(:3 i distribution, ast — 00,

where X is an associated stationary renewal process.

Also (A¢, Er) — (L(1 = U), LU) iin distribution, as t — oo, where L is a size-biased inter-
renewal time, and U ~ Unif(0, 1) is independent of L.

(b) If the inter-renewal distribution is 1-arithmetic, then
Xpys — Xpn — )/(\S i distribution, as n — oo.

where/\)? s an associated delayed renewal process with Zy as in (1). Also, (An, Ey) —
(L — Zy, Zy) in distribution, as n — 0.

We will give a sketch of the coupling proof for the arithmetic case below.

11.2 Renewal theorems

The renewal theorems are analogues of Theorem 103 for the convergence of certain moments.
The renewal theorem itself concerns means. It is a refinement of the Elementary Renewal
Theorem to increments.

Theorem 104 (Renewal theorem) Let X be a (possibly delayed) renewal process having
inter-renewal times with finite mean p and renewal function m(t) = E(Xy).

(a) If the inter-renewal times are non-arithmetic, then for all h > 0

h
m(t+h)—m(t)—>; ast — oo.

(b) If the inter-renewal times are 1-arithmetic, then for all h € N

h
m(t+h)—m(t)—>; as t — oo.

As a generalisation that is often useful in applications, there is the key renewal theorem:
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Theorem 105 (Key renewal theorem) Let X be a renewal process with continuous inter-
renewal distribution and m(t) = E(X;). If g : [0,00) — [0,00) is Riemann integrable, then

! — t _xmlﬂf X l ~ x)ax as 0
<g*m><t>—/0g<t i (z)d U/o g(x)d t 5 oo.

The integrability condition on g is somewhat delicate (direct Riemann integrability on [0, c0)
is the precise technical term that many authors use), but we skip the details. The restrictions
on the inter-renewal distribution can also be relaxed (at the cost of some limits through discrete
lattices in the d-arithmetic case), but the convolution with m’ needs to be rephrased, essen-
tially by replacing m/(z)dz by an integral with respect to the Stieltjes measure associated with
m. Even the case ;4 = oo can be shown to correspond to zero limits. We will not use such
generalisations.

Example 106 If we take g(z) = gn(z) = 1jo5)(z) in the Key renewal theorem, we get

/0 g(t —x)m'(z)dx = /t m' (z)dx = m(t) —m(t — h)

—h

and this allows to deduce the renewal theorem from the Key renewal theorem.

The renewal theorem and the key renewal theorem should be thought of as results where
time windows [t — h,t] or [¢t,t + h| are sent to infinity, and a stationary picture is obtained in
the limit. In the case of the renewal theorem, we are only looking at the mean of an increment.
In the key renewal theorem, we can consider other quantities related to the mean behaviour in
a window. We will see that moments of excess lifetimes fall into this category. Note e.g. that
{E: < h} is a quantity only depending on X in the time window [t, ¢ + h].

The key renewal theorem can be deduced from the renewal theorem by approximating g by
step functions.

11.3 The coupling proofs

This section is not examinable. Suppose that X is a renewal process with integer-valued inter-renewal
times, and suppose that P(Z; € dN) < 1 for all d > 2, i.e. suppose that Z; is l-arithmetic. Let X be a
renewal process with delay as in (1). It will be useful to discretise X to integer times: ()/fn, n > 0) has
stationary increments. N R

Suppose that X and X are independent. Define N = inf{n > 1: T,, = T,,} the index of the first

simultaneous renewal (same index for both, to simplify the argument). A third process is constructed

—_ X ift<TN7
X = ~ .
Xt Ifthj]\/'7

L Zj 1f]<N,
Wlthzj{ Z; ifj>N.

The following three steps complete the essence of the proofs:

1. P(N < o0) = 1 — this is because N is the first time that the random walk S, = T, — fn hits 0.
While S is not a simple random walk, it can be shown that it is recurrent (hence hits 0 in finite
time) since E(Z; — Z1) = 0.

2. X is a renewal process with the same distribution as X.

3. supp ’P((XWFS —X,)s>0 € B) — P(X € B)‘ < P(Tw > n) = 0, as n — oo, where the supremum

is over all (suitably measurable) B C {f : [0,00) — N}.
This shows convergence of the distribution of (X;4+s — X;)s>0 to the distribution of X in total variation,
which is stronger than convergence in distribution. In particular, for B, = {f : [0,00) = N: f(s) =k}

we have {X,4s — X, = k} = {(Xntu — Xn)u>0 € Bs i} and conclude the proof of Theorem 103(b), as
far as convergence in distribution of increments are concerned.
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For the convergence of excess lives, we note that {E; < r} = {X;y,—X; > 1}, while joint distributions
with ages can be obtained {A; < a,E; < r} = {X; — Xi—oq > 1, X4y — Xy > 1} using two consecutive
increments of (X;_qtuy — Xt—a)u>0-

For the Renewal Theorem, Theorem 104(b), another argument, beyond the convergence in 3., is
needed to see that the means of X, — X; converge as t — 0.

For the non-arithmetic case, the proof is harder, since N = oo for N as defined above, and times
N. =inf{n > 1:|T},, — T,,| < ¢} do not achieve a perfect coupling.

There is also an alternative proof using renewal equations.

11.4 Example

Let us investigate the asymptotics of E(E}), as ¢ — co. We condition on the last renewal time
before ¢, distinguishing the events that this is the kth renewal time with density f**), & > 1.
Since in the kth case, we have Ey = Ty —t = Zy, — (t — T}), we get

E(E]) = E<Ele{xt=k}>
= E((Z- ")+ Y [ B - ) s

k>1

— E(Zo-D)")) + / E(((Z1 — (t — 2))"))m (a)de

0

The first term tends to 0 as t — co. For the second term, let us write g(y) = E(((Z1 —y)™)").
This is a clearly a nonnegative Riemann-integrable function of y if E(Z] ™) < co (see below).
The Key Renewal Theorem gives

E(E!) = E(((Zo — )*)) + (g # m/)(2) — — / Dy, ast— oo

We can now calculate

g

E(((Z1 - 2)")")dx

/ z—x) f(z)dzdx
/ y f(y + x)dydx
0
1 T
= / y/ fy + z)dzdy
K Jo 0
1/OO —
= - y" F(y)dy
K Jo ()

E(Zi™)
(r+ 1)’

L /OOO 9(y)dy =

L

8

3

o\o\éo\..

TR, E|=

where the last step is by integration by parts. It is now easy to check that, in fact, these are the
moments of the limit distribution LU for the excess life E;.



Lecture 12

Ruin theory

Reading: Ross 7.10; CT4 Unit 6
Further reading: Norris 5.3

The last four lectures will be on applications. We will apply the general theory developed for
Markov chains and renewal processes to more specific processes that arise in certain applications.
This will go a bit beyond the scale of the examples that have complemented the theory so far.

12.1 The insurance ruin model

Insurance companies deal with large numbers of insurance policies at risk. They are grouped
according to type and various other factors into so-called portfolios. Let us focus on such a
portfolio and model the associated claim processes, the claim sizes and the reserve process. We
make the following assumptions.

e Claims arrive according to a Poisson process X = (X;,¢ > 0) with rate A > 0.

e Claim amounts Aj, j > 1, are positive, independent identically distributed, independent
of X, with probability density function k(a), a > 0, and finite mean p = E(A4;) < oo.

e The insurance company provides an initial reserve of z > 0 money units.

e Premiums are paid continuously at constant rate c generating a linear premium income
accumulating to ct at time t.

e Premiums are added to the reserve, while claim amounts are deducted. We mostly assume
c > Ap to have more premium income than claim outgo, on average.

e We ignore all expenses and other influences.

In this setting, we define the following objects of interest:
Xy
e the aggregate claims process C' = (Cy,t > 0), where C; = Z Ay, t>0;
n=1

e the reserve process R = (Ry,t > 0), where Ry =x +ct — Cy, t > 0;
e the time Ty = inf{t > 0: R; < 0} of technical ruin;

e the probability ¥ (z) = Py (Truin < 00), as a function of Ry = = > 0.

12.2 Aggregate claims and reserve processes

Proposition 107 The processes C and R have stationary independent increments. Their mo-
ment generating functions are given by

E(e7%) = exp (M (E(e7 — 1)) = exp ()\t /O oo(ew - 1)/<:(a)da>

and

E(e’Ft) = exp (Bx + [t — At (1 — E(e*’BAl)» = exp <ﬂx + Bet — At /Ooo(l — eﬁ“)k(a)da> .
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Proof: We first calculate the moment generating function of C; by conditioning on Xj:

Xt
E(e) = E|exp ’yZAj
j=1

= ZE exp ’yZAj P(X: =n)
n=0 J=1

Y (B (M) B = )
= exp ()\t (E (e”’Al) — 1)) ,

which in the case where Ay has a density k, also gives the second formula required. The same
calculation for the joint moment generating function E(e"yc’f—‘s(ct“_ct)) of C; and Cyys — Cy,
conditioning on X; and on X, — X;, and similarly for more increments, yields stationarity and
independence of increments (only using the stationarity and independence of increments of X,
and the independence of the A4;, j > 1).

The statements for R follow easily since Ry = x + ct — Cy, t > 0, setting v = —f. a

We can use the moment generating function to calculate moments and the stationary inde-
pendent increments give us independent identically distributed random variables to which the
Strong Law of Large Numbers applies:

Example 108 We differentiate the moment generating functions at zero to obtain

=\t QE (eVAl) = Atpu.

E(Cy) = 8(?)’ exp {)\t (E (eVAl) — 1)} B

=0 =0

and E(R;) = x+ct— Xp = v+ (c— Au)t. Now the Strong Law of Large Numbers can be applied
to the independent and identically distributed increments Z; = R; — R;_1, j > 1 to give

R, z 1

- —n+nj§::1Zj—>E(Z1)—c—)\u>0 a.s., as n — 0.

This confirms that ¢ > Ay means that, in a long-term average, there is more premium income
than claim outgo. In particular, this implies that R, — oo a.s. as n — oco. As in Example 72
(Strong Law for Poisson processes), this does not directly imply that R;/t — ¢ — Ay a.s. nor
that Ry — oo a.s. as t — oo. It is conceivable that between integers, the reserve process takes
larger and larger negative values. But this does not actually happen, and we will show that

R; — o0 a.s. ast — oo.

There are other random walks that are also embedded in the reserve process, and we shall
now use one of these to get a first asymptotic result about ruin probabilities:

Example 109 Consider the process at claim times W,, = Ry, , n > 0, where T,,, n > 1, are the
arrival times of the Poisson process X, and Ty = 0. Now

Wj—Wj1 =Ry, — Ry, =c(Tj—Tj1) — 45, j =1

are also independent identically distributed increments with E(W; — W;_1) = ¢/\ — u, and the
Strong Law of Large Numbers yields

Wn X 1 n
n n+n;( J j-1) = ¢/ jz a.s. as n — 0o
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Again, we conclude W,, — oo, provided that ¢ > Ay, but note that W,, are the local minima of
R, and indeed

ITx,y1>t>Tx, = R¢> RTxt =Wx, 00 as. ast— oo since Xy — oo.

But R; — oo implies that R? :=ct—C;y = Ry — x — o0 a.s., and so
I :=inf{RY:0 <t < o0} > —c0 a.s..

As a consequence, ¢ > A yields

P(oo) := lim ¢(z) = lim P,(R; <0 for some ¢ > 0)

T—r 00 T—r 00
= lim P(RY < —x for some t > 0) = lim P(Io, < —z) = 0.
T—r00 T—00

In other words, for any € > 0, there is an initial capital « > 0, for which the ruin probability
Y(x) is at most .

12.3 Ruin probabilities

We now turn to studying the ruin probabilities ¢(z) for finite z, as a function of x > 0.

Proposition 110 Letc > Ap. Then the ruin probabilities (x) satisfy the renewal-type equation

Y=g+ f, i.e. /d}x— y)dy, x>0,
where
f) = 2Ky) = / Tha)s and (o) = ERa0) = [T RG

using notation K and K associated with k in analogy with tail integrals F and Fq associated
with f and fy at the end of Lecture 11.

Proof: We first note that the functions f and g satisfy

) ==Ky, F0)=2,  ¢(5)=—f()

C

We condition on T} ~ Exp(A) and on A, which has probability density function k, to obtain

_ > > - -\t _ o i —(s—z)\/c < -
x) /0 /0 Y(z + ct — a)k(a)dare™dt /x o€ /0 (s — a)k(a)dads

since (Rp,+s,$ > 0) is a reserve process starting from x + ¢17 — A; evolving independently of T}
and Ay, if Ry = x, and where we use the convention that ¢(x) =1 for x < 0.
We multiply by e~*@/¢  differentiate with respect to z and cancel e~ **/¢ to find

ron A A [ A
W) = S0 =2 [ ola - ab@da = 20w) % [ 0la - ah@da - SR (@),
We use notation f and g to write this as
V(@) = g @) +0@F 0 + [ 0@ (o - a)da

where the last two terms are the derlvatlve of (¢ * f)(x). Integration yields v =g+ * f+ b
for some b € R. Finally, we have 1)(c0) = 0, so we investigate x — oo in

o(z) + (¥ /K dy—i—/1/1m— Y)dy — 0,

using p = fo y)dy < oo and dominated convergence, so that b = 0, as required. a
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Example 111 In the setting of the proposition, we can calculate ¥(0) = ¢(0) = Au/c. In
particular, there is positive probability to avoid ruin when starting from zero initial reserve. In
other words,  — 9 (z) jumps at x = 0 from ¥(0—) =1 to ¥(0) = ¥ (0+) = Au/c < 1.

Corollary 112 If ¢ > Au, then v is given by
Yp=g+gxm where m'(y) = Z ().
n=1

Proof: This is an application of Exercise A.6.4(a)-(b), the general solution of renewal equations.
Note that f is not a probability density for Ay < ¢, but the results (and arguments) are valid
for nonnegative f with [~ f(y)dy < 1. O



Lecture 13

Asymptotics of ruin probabilities
and queueing models

In this lecture, we will use the Key Renewal Theorem to study the asymptotic behaviour of ruin
probabilities. We will also begin the second area of applications by studying departure times in
queueing models.

13.1 Asymptotic behaviour of ruin probabilities

In Proposition 110, we showed that ruin probabilities satisfy a renewal-type equation. However,
we did not identify a corresponding renewal process. Indeed, the framework was such that the
function f taking the role of the inter-renewal density does not integrate to 1, but to uA/c < 1.
In fact, we can associate a defective renewal process that only counts a geometrically distributed
number of renewals. Each time there is probability 1 — pA/c that there are no further renewals.

Let us look at the reserve process RY = ct — Cy in the case ¢ = Au. The process R? is defined
in terms of a Poisson process X (or indeed its independent inter-arrival times Z, ~ Exp(}),
n > 0) and independent and identically distributed claim amounts A,, n > 1. In this setting,
fly) = %P(Al > y), y > 0, is a probability density function. Consider Jy := 0 and the times of

new minima of RY
Jm =inf{t > J1: RY <Ry}, m>1

Lemma 113 For each m > 1, the post-J,, process RO = (Rngrs — Rgm, s > 0) is independent
of (RY,0 <t < Ry, ) and has the same distribution as R°.

Proof: This proof is not examinable. We argue as in the proof of Corollary 92 that the inter-arrival
times and here also associated claim sizes of R°, are conditionally independent from (R?,0 <t < Rj,)
given X; = ¢, and indeed the conditional distribution of RO is the distribution of R° and does not
depend on ¢ > 0. By Exercise A.1.11, independence and unconditional distribution follow. a

As a consequence, the process
Ng=#{m>1: — Ry, <s}, 5>0,

that is counting new minima up to depth s is a renewal process, with inter-renewal times
Ry, — Ry, .., m > 0. Each inter-renewal time is a partial claim size, since the reserve process
attains new minima by jumping from above the old minimum to any new minimum. In fact, it
turns out to be a uniform proportion LU of a size-biased claim size L, where U ~ Unif((0,1)).
Intuitively, this is, because big claims are more likely to exceed the previous minimal reserve
level, hence size-biased L, but the previous level will only be exceeded by a fraction LU, since
R will not be at its minimum when the claim arrives. By calculations at the end of Lecture 12,
LU has indeed probability density function i [ k(a)da, which is the f(z) of Proposition 110,
when considering ¢ = Ay instead of ¢ > Au. We will not prove that new minima indeed exceed
old minima by a random amount distributed as LU, but turn to the case ¢ > Ay now.

When ¢ > Ap, there will only be a finite number of claims that exceed the previous minimal
reserve level since now RY — oo a.s., and N, remains constant for depths s exceeding — I,
where I, = inf{RY,¢ > 0} is the global minimum of RY.

To conclude, we specify the precise tail behaviour of ¥ (x) as x — oc.
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Proposition 114 Assume that ¢ > Ap and that there is o > 0 such that

1= / e f(y)dy and C .= / y)dy < oo.
0

in the notation of Proposition 110. Then
P(x) ~ Ce™ as T — 00.

Proof: Define a probability density function f(y) = e f(y), and g(y) = e*g(y) and 12)(1‘) =

e®1p(z). Then ¢ (x) satisfies
9(w) = i) + [ e = ) F o)y

The solution (obtained as in Corollary 112) converges by the key renewal theorem:
. 1 [ .
() = g(z) + (g +m)(z) = A/ g(y)dy =C as x — oo, where m/(x) = Z £ ()
H Jo n>1
Note that we assume that § is integrable. [The technical conditions for direct Riemann integrability
are easy to check since §(z) is a product of e and the decreasing function g(z f f(y)dy, x >0.] O

Example 115 If A, ~ Exp(1/u), then in the notation of Proposition 110

o) = Mol and () = Devle

so that the renewal equation becomes

fv/ud,( / U(y ey/“dy

In particular ¢(0) = Ap/c. After differentiation and cancellation

d@=(2- e = e =ep{-c M

c cu

13.2 Some simple finite-state-space models

Example 116 (Sickness-death) In health insurance, the following model arises. Let S =
{H, S, A} consist of the states healthy, sick and dead. Clearly, A is absorbing. All other
transitions are possible, at different rates. Under the assumption of full recovery after sickness,
the state of health of the insured can be modelled by a continuous-time Markov chain.

Example 117 (Multiple decrement model) A life assurance often pays benefits not only
upon death but also when a critical illness or certain losses of limbs, sensory losses or other
disability are suffered. The assurance is not usually terminated upon such an event.

Example 118 (Marital status) Marital status has a non-negligible effect for various insur-
ance types. The state space is S = {B, M, D,W,A} to model bachelor, married, divorced,
widowed, dead. Not all direct transitions are possible.

Example 119 (No claims discount) In car insurance and some other types of general insur-
ances, you get a discount on your premium depending on the number of years without (or at
most one) claim. This gives rise to a whole range of models, e.g. S = {0%, 20%, 40%, 50%, 60%}.

In all these examples, the exponential holding times are not particularly realistic. There
are usually costs associated either with the transitions or with the states. Also, estimation of
transition rates is of importance. A lot of data are available and sophisticated methods have
been developed.
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13.3 Summary results for M/M/1 queues

Consider a single-server queueing system in which customers arrive according to a Poisson
process of rate A and service times are independent Exp(u). Let X; denote the length of the
queue at time t including any customer that is currently served. This is the setting of Exercise
A.4.3 and A.4.4 and from there we recall the following results:

e An invariant distribution exists if and only if A < u, and is given by
o=/ W"A=Ap)=p"1=p), n=0.

where p = A\/p is called the traffic intensity. Cleary A < u <= p < 1. By the ergodic
theorem, the server is busy a (long-term) proportion p of the time.

e The embedded “jump chain” (My,)n>0, My = X7,,, has a different invariant distribution
n # . In fact, £ puts more weight into the state 0 than 7.

e During any Exp(u) service time, a geom(A/(A + p)) number of customers arrives.

13.4 M/M/1 queues and the departure process
Define Dy = 0 and successive departure times
Dyt =inf{t > D, : Xy — X4 = —1} n > 0.

Let us study the process V;, = Xp,,, n > 0, i.e. the process of queue lengths after departures. By
the lack of memory property of Exp(\), the geometric random variables N,,, n > 1, that record
the number of new customers between D,,_; and D,, are independent. Therefore, (V,,),>0 is a
Markov chain, with transition probabilities

A\
A k—14m = , k>1,m > 0.
kk—1+ (/\+M> Xt 1 m

For k = 0, we get dom = di,m, m > 0, since the next service only begins when a new customer
enters the system.

Proposition 120 The invariant distribution of the discrete-time Markov chain V is &.

Proof: A simple calculation shows that with p = A/p and ¢ = A/(A + p)

n+1 n+1 k
> &rdin = Codon + Y Gkdin = (1= p)g" (1 =) + (1 = p)(1 — q)g" ™" > <Z> = &n,
k=1 k=1

keN =

after bringing the partial geometric progression into closed form and carrying out appropriate
cancellations. |

Note that the conditional distribution of D,4+1 — D,, given V,, = k is the distribution of a
typical service time G ~ Exp(u) if £ > 1, but the distribution of Y + G, where Y ~ Exp(}) is a
typical inter-arrival time, if £ = 0, since we have to wait for a new customer and his service. We
can also calculate the unconditional distribution of D,,+1 — D, at least if V' is in equilibrium.

Proposition 121 If X (and hence V') is in equilibrium, then the Dy+1 — D,, are independent
Exp()\) distributed.
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Proof: Let us first study D;. We can calculate its moment generating function by Proposition
135 a), conditioning on Vj, which has the stationary distribution &:

E(eP) = E(P'[Vo = 0)P(Vp =0) + > E(e™ Vg = k)P(Vo = k)
k=1

and identify the Exp(\) distribution.
For independence of V7 and D7 we have to extend the above calculation and check that
A u—A

E(e"Pta't) = Py 3
—Yp—a

because the second ratio is the probability generating function of the geom(\/u) stationary
distribution £. To do this, condition on Vy ~ £ and then on D;:

E(eP1a") =Y GE( P 0" [Vy = k)
k=0

and use the fact that given Vi = k > 1, Vi = k+ N; — 1, where N; ~ Poi(Az) conditionally
given D1 = x, because N7 is counting Poisson arrivals in an interval of length D; = z:

E(e™P1a1|Vy = k) = akl/ E(e"P o™ |Vy = k, D1 = x) fp, (x)dx
0

= of! /oo e’ exp{—Az(l — a)}fp,(z)dx
0

k-1 (v=AM1—a)D1)y _ k-1 H
o E(e )=« T aI—a)

For k = 0, we get the same expression without o*~! and with a factor /(A — ), because
Dy =Y + G, where no arrivals occur during Y, and Nj is counting those during G ~ Exp(u).
Putting things together, we get

A p p
Ma&a%ﬁql_m<k—v+l—m)u—7+kﬂ—af

which simplifies to the expression claimed.

Now an induction shows D,, 1 — D,, ~ Exp(A), and they are independent, because the strong
Markov property at D,, makes the system start afresh conditionally independently of the past
given V,,. Since D1,...,D, — D,_1 are independent of V,,, they are then also independent of
the whole post-D,, process. O

The argument is very subtle, because the post-D,, process is actually not independent of
the whole pre-D,, process, just of the departure times. The result, however, is not surprising
since we know that X is reversible, and the departure times of X are the arrival times of the
time-reversed process, which form a Poisson process of rate .

In the same way, we can study Ay = 0 and successive arrival times

App1 =inf{t > A, : Xy — X4 =1}, n > 0.

Clearly, these also have Exp(\) increments, since the arrival process is a Poisson process with
rate \. We study X4, in the next lecture in a more general setting.



Lecture 14

M/G/1 and G/M/1 queues

Reading: Norris 5.2.7-5.2.8; Grimmett-Stirzaker 11.1; 11.3-11.4; Ross 8.5, 8.7
Further reading: Grimmett-Stirzaker 11.5-11.6

The M/M/1 queue is the simplest queueing model. We have seen modifications with more
than 1 server. These were all continuous-time Markov chains. It was always the exponential dis-
tribution that described inter-arrival times as well as service times. In practice, this assumption
is often unrealistic. If we keep exponential distributions for either inter-arrival times or service
times, but allow more general distributions for the other, the model can still be handled using
Markov techniques that we have developed.

We call an M/G/1 queue a queue length process with Markovian arrivals (Poisson process
of rate \), a General service time distribution (we also use G for a random variable with this
general distribution on (0,00)), and 1 server.

We call a G/M/1 queue a queue length process with a General inter-arrival distribution and
Markovian service times (exponential with rate parameter p), and 1 server.

There are other queues that have names in this formalism. We have seen M/M/s queues
(Example 32) and M/M/oo queues (Example 62).

14.1 Stationarity in M/G/1 queues

An M/G/1 queue has independent and identically distributed service times with any distribu-
tions on (0, 00), but independent Exp()\) inter-arrival times. Let X; be the queue length at time
t. X is not a continuous-time Markov chain, since the service distribution does not have the
lack of memory property (unless it is exponential which brings us back to M/M/1). This means
that after an arrival, we have a residual service distribution that is not just the distribution of a
full service. However, after departures, we have exponential residual inter-arrival distributions:

Proposition 122 The process of queue lengths V,, = Xp, at successive departure times D,
n >0, is a Markov chain with transition probabilities

)\ m
dik—1+m = E <(g,)€’\G) ; k>1,m >0,

and doym = di,m, m > 0. Here G is a (generic) service time.

Proof: The proof is not hard since we recognise the ingredients. Given G = ¢ the number N of
arrivals during the service times has a Poisson distribution with parameter At. Therefore, if G

has density g 00
P(N=m) = / P(N =m|G = t)g(t)dt
0

= /OO Me_/\tg(t)dt
0

= E <(A§!)!mem> :

If G is discrete, a similar argument works. The rest of the proof is the same as for M/M/1
queues (cf. the discussion before Proposition 120). In particular, when the departing customer
leaves an empty system behind, there has to be an arrival before the next service time starts.

|

o7
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For the M/M/1 queue, we defined the traffic intensity p = A\/p, in terms of the arrival
rate A = 1/E(Y) and the (potential) service rate u = 1/E(G) for a generic inter-arrival time
Y ~ Exp(\) and service time G ~ Exp(p). We say “potential” service rate, because in the
queueing system, the server may have idle periods (empty system), during which there is no
service. Indeed, a main reason to consider traffic intensities is to describe whether there are idle
periods, i.e. whether the queue length is a recurrent process.

If G is not exponential, we can interpret “service rate” as asymptotic rate. Consider a
renewal process N with inter-renewal times distributed as G. By the strong law of renewal
theory N;/t — 1/E(G). It is therefore natural, for the M/G/1 queue, to define the traffic
intensity as p = AE(G).

Proposition 123 Let p = AE(G) be the traffic intensity of an M/G/1 queue. If p < 1, then V
has a unique invariant distribution &. This €& has probability generating function

1
Z§k5 —p)(1—s) 1— S/E(e/\(sfl)g).

Proof: By the uniqueness theorem for probability generating functions,

J+1 oo j+1
=D Gdiy < d(s Z@sﬂ 22 Gdigs
=0 7=0 =0

To calculate the right-hand side, first note that

S > SAG)™ _ B
Z dk+17k+m$m = Z E <<)€ >\G> _ E(e(s I)AG)'
m=0

= m/!
Then
oo j+1 '
SO Gdiys = Z&Jdojsj + Z Z Shr1diithyms™t
§=0 i=0 k=0 m=0
= E(esVG) (50 + Z§k+18k>
k=0

= E(*T9)s7 (9(s) — &(1 - 9)),
and this equals ¢(s) if and only if
o(1—s)
1 — s/E(els—DAG)

For ¢ to be a probability generating function, we need ¢(1) = 1, and de 'Hopital’s rule yields
So=1-p O

¢(s) =

14.2 Waiting times in M /G/1 queues

An important quantity in queueing theory is the waiting time of a customer. Here we have to
be specific about the service discipline. We will assume throughout that customers queue and
are served in their order of arrival. This discipline is called FIFO (First In First Out). Other
disciplines like LIFO (Last In First Out) with or without interruption of current service can also
be studied.

Clearly, under the FIFO discipline, the waiting time of a given customer depends on the
service times of customers in the queue when he arrives. Also, all customers Xp, in the system
when a customer leaves at time D,,, have arrived during his waiting time W,, and service times

Gh.
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Proposition 124 If the system has been running for a long time before time 0, i.e. Xg ~ &,
then the waiting time Wy, of any customer n > 1 has distribution given by

1—
E@WW):A+§;géwy

Proof: ~We have not established equilibrium of X at the arrival times of customers, but at
departure times, so we argue from the time when a customer leaves. Due to the FIFO discipline,
he will leave behind all those customers that arrived during his waiting time W and his service
time G. Given T := W + G = t, their number N has a Poisson distribution with parameter At
so that

Bs") = [TBEIT=0frod= [T
0 0
_ E(eAT(s—l)) _ E(GA(S_I)W)E(GA(S_I)G).

By stationarity, N ~ &, and we take E(s") from Proposition 123. We deduce the required
formula by setting v = A(s — 1) and by solving for E(e?"). O

Corollary 125 In the special case of M/M/1, the distribution of W is given by
P(W=0)=1-p and  P(W > w) = pe” N 4 > 0.

Proof: We calculate the moment generating function of the proposed distribution

67°<1—p)+/ o Ny Nigg Z BTA A =N = h pmy
0 7 W= A= W= A=y

From the preceding proposition we get for our special case

E(eW) = Yw=N/pw _ p=A (=)
Aty =/ (=) po A+ (=) — A

and we see that the two are equal. We conclude by the Uniqueness Theorem for moment
generating functions. |

14.3 G/M/1 queues

For G/M/1 queues, the arrival process is a renewal process. Clearly, by the renewal property and
by the lack of memory property of the service times, the queue length process X starts afresh
after each arrival, i.e. U, = X4,,n >0, is a Markov chain on {1,2,3,...}, where A, is the nth
arrival time. It is actually more natural to consider the Markov chain U,, = ﬁn —1=Xy4,— on
N.

It can be shown that for M/M/1 queues the invariant distribution of U is the same as the
invariant distribution of V' and of X. For general G/M/1 queues we get

Proposition 126 Let p = 1/(uE(A1)) be the traffic intensity. If p < 1, then U has a unique
tmvariant distribution given by

&= (1—q)d", k €N,

where q is the smallest positive root of ¢ = E(e“(q_l)Al).
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Proof: First note that given an inter-arrival time Y = y, a Poi(uy) number of customers are
served, so U has transition probabilities

Yy _ . . :
aiiy1—5 = E <(Mj,)€ “Y> y J=0,..004 aip=1- Zai,z#lfj-
! —

Now for any geometric £, we get, for k¥ > 1, from Tonelli’s theorem,

o0

o
Siaipk = Z §j+k71aj+k71,j

i=k—1 §=0

p=
= (1-q¢"'E (e’“y(l’q)) :

and clearly this equals &, = (1 — ¢)¢" if and only if ¢ = E(e*(@~ DY) =: f(q), as required. Note
that both sides are continuously differentiable on [0,1) and on [0, 1] if and only if limits ¢ 1 1
are finite, f(0) > 0, f(1) = 1 and f/(1) = E(uY) = 1/p, so there is a solution if p < 1, since
then f(1 —¢) < 1 — ¢ for € small enough. The solution is unique, since there is at most one
stationary distribution for the irreducible Markov chain U. The case k = 0 can be checked by a
similar computation, so £ is indeed a stationary distribution. O

Proposition 127 The waiting time W of a customer arriving in equilibrium has distribution
P(W =0)=1—gq, P(W > w) = ge M1=Dv 4 > 0.

Proof: In equilibrium, an arriving customer finds a number N ~ £ of customers in the queue in
front of him, each with a service of G; ~ Exp(u). Clearly P(W = 0) = £ = 1—gq. Also since the
conditional distribution of N given N > 1 is geometric with parameter ¢ and geometric sums of
exponential random variables are exponential, we have that W given N > 1 is exponential with
parameter p(1 — q). O

Alternatively, we can write this proof in formulas as a calculation of P(W > y) by condition-
ing on N and by using Tonelli’s theorem to interchange summation and integration:

P(W >w) = Z]P’ P(W > w|N = n)
_ n > :un n—1_—ux
= / ]__q Z ,LL TL 1xn71dx
w n:l
= q | p(l—q)exp{—pz + pgridr = gexp{—p(1l - q)y},

where we used that the sum of n independent identically exponentially distributed random
variables is Gamma distributed.



Lecture 15

Queueing networks and some further
applications and generalisations

Reading: Norris 5.2.1-5.2.6; Grimmett-Stirzaker 11.2, 11.7; Ross 6.6, 8.4

In this lecture we study tandem queues and queueing networks to demonstrate how methods
developed for general countable state space S apply to state spaces such as N? and N m > 3.
The lecture notes conclude by giving a summary of the course and pointers for further study.

15.1 Tandem queues

The simplest non-trivial network of queues is a so-called tandem system that consists of two
queues with one server each, having independent Exp(u;) and Exp(ug) service times, respec-
tively. Customers join the first queue according to a Poisson process of rate A, and on completing
service immediately enter the second queue. We denote by Xt(l) the length of the first queue at

time ¢ > 0 and by Xt(z) the length of the second queue at time ¢ > 0.

Proposition 128 The queue length process X = (X(l),X(2)) is a continuous-time Markov
chain with state space S = N? and non-zero transition rates

Qi) (i+1,) = A A(i+1,9),(6,5+1) = M1 GGg+1), (i) = M2, i,j € N.

Proof:  Just note that in state (i + 1,7 + 1), three exponential clocks are ticking, that lead to
transitions at rates as described. Similarly, there are fewer clocks for (0,5 + 1), (i + 1,0) and
(0,0) since one or both servers are idle. The lack of memory property makes the process start
afresh after each transition. A standard inductive argument completes the proof. O

Proposition 121 yields that the departure process of the first queue, which is now also the
arrival process of the second queue, is a Poisson process with rate A, provided that the first
queue is in equilibrium. This can be achieved if A < p1.

Proposition 129 X is positive recurrent if and only if p1 :== XN/p1 < 1 and py := N g < 1.
The unique stationary distribution is then given by

Eig) = PLL = p)P3(L = p2)
i.e. in equilibrium, the lengths of the two queues at any fized time are independent.

Proof:  As shown in Example 54, p; > 1 violates positive recurrence, and expected return
times for X and X satisfy m(0,0) = m(()l) =o00. If py <1 and X is in equilibrium, then
by Proposition 121, the arrival process for the second queue is a Poisson process at rate A, and
p2 > 1 would violate positive recurrence of X (2). Specifically, if we assume mo,o < 0o, then we
get the contradiction oo = m((f) < myp,g) < 0.

If p1 < landps < 1, £ as given in the statement of the proposition is an invariant distribution,
it is easily checked that the (i + 1,7 + 1) entry of £Q = 0 holds:

f(z‘,j+1)C_I(z',j+1),(z‘+1,j+1) =+ f(z‘+2,j)Q(z‘+2,j),(z'+1,j+1) + §(i+1,j+2)Q(i+1,j+2),(i+1,j+1)
+&(i+1,j+1)9(+1,541),(i+1,5+1) = O
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for i,j € N, and similar equations for states (0,j + 1), (¢ 4+ 1,0) and (0,0). It is unique since X
is clearly irreducible (we can find paths between any two states in N2). O

We stressed that queue lengths are independent at fixed times. In fact, they are not in-
dependent in a stronger sense, e.g. (Xél),Xt(l)) and (ng),Xt(Q)) for s < t turn out to be

dependent. More specifically, consider X él) - Xt(2) = n for big n, then it is easy to see that

0 < P(X,;(Q) = O|X§1) - Xt(l) =n) — 0 as n — 00, since it is increasingly unlikely that n
customers are served by server 2 during [s, t].

15.2 Closed and open migration networks

More general queueing systems are obtained by allowing customers to move in a system of m
single-server queues according to a Markov chain on {1, ..., m}. For a single customer, no queues
ever occur, since he is simply served where he goes. If there are r customers in the system with
no new customers arriving and no existing customers departing, the system is called a closed
migration network. If at some (or all) queues, also new customers arrive according to a Poisson
process, or at some (or all) queues, customers served may leave the system, the system is called
an open migration network.

The tandem queue is an open migration network with m = 2, where new customers only
arrive at the first queue and existing customers only leave the system after service from the
second server. The Markov chain is deterministic and sends each customer from state 1 to state
2: m = 1. Customers then go into an absorbing exit state 0, say, m9 = 1, mo0 = 1. The
following are two results that can be shown using similar methods to those used for Propositions
128 and 129.

Proposition 130 If service times are independent Exp(uy) at server k € {1,...,m}, arrivals
occur according to independent Poisson processes of rates A\, k= 1,...,m, and departures are
modelled by transitions to another server or an exit state 0, according to transition probabilities
Tk, then the queue-lengths process X = (X(l), .. .,X(m)) s a continuous-time Markov chain.
Its non-zero transition rates are

qx,x+e, = )‘k‘v Qr,x—ep+ep, — HETkKL, dx,x—e;, = HETEKO
forall k, 0 € {1,...,m}, x = (x1,...,2m) € N™ such that x, > 1 for the latter two, and where
er = (0,...,0,1,0,...,0) is the kth unit vector.
Proposition 131 Suppose X = (X(l), el X(m)) models a closed migration network with irre-

ducible migration chain. Then the following hold.

(i) The total number of customers Xt(l) + -+ Xt(m) remains constant over time t > 0.

(i) If X(()l) +- —I—Xém) =1, then the continuous-time migration chain K; = k if Xt(k) =1 has
as holding rate in k the service rate uy, of the kth server, k € {1,...,m}, and K possesses
a unique stationary distribution n on {1,...,m}.

(iii) For any r = X(gl) + -4 X(gz) > 1, the process X has the unique tnvariant distribution
m
& =B [[ >, for allz € N™ such that xy + -+ + apm =T,
k=1
where 1 is the invariant distribution of the continuous-time migration chain of (i), and

B, is a normalising constant.

¢ has product form on each communicating class C, = {x € N"": 1+ - -+x,, = 1}, but the queue
lengths at servers k = 1, ..., m under the stationary distribution are not independent, not even
at fixed times in stationarity, since the admissible z-values are constrained by 1+ -+ x,, = r.
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15.3 Summary of the course

This course is about stochastic process models X = (X¢)¢>0 in continuous time and (mostly) a
discrete state space S, often N. Applications include those where X describes

e counts of births, atoms, bacteria, visits, trials, arrivals, departures, insurance claims, etc.,

e the size of a population, the number of buses in service, the length of a queue,

and others. Important is the structure, the transition mechanism in the real world that we wish
to model by X. Memory plays an important role. We use the following mathematical concepts

e Independence (of individuals in population models, of counts over disjoint time intervals,
of service times, of different ingredients to a model etc.),

e Markov property (lack of memory, exponential holding times; past irrelevant for the future
except for the current state),

e Renewal property (information on previous states irrelevant, but duration in state relevant;
“Markov property” at transition times),

e Stationarity, equilibrium (behaviour homogeneous in time; for Markov chains, invariant
marginal distribution; for renewal processes, stationary increments).

Once we have a model X for the real world process, which satisfies such properties, we study it
under the model assumptions. We study

e different descriptions of X (jump chain - holding times, transition probabilities - forward-
backward equations, infinitesimal behaviour),

e convergence to equilibrium (invariant distributions, convergence of transition probabilities,
ergodic theorem; strong law and CLT of renewal theory, renewal theorems),

e hitting times, excess life, return times, waiting times, ruin probabilities,
e odd/undesirable(?) behaviour (explosion, transience, arithmetic inter-renewal times).

Techniques:

e conditioning, often on the first jump (one-step analysis),

e functions of independent random variables are independent,

detailed balance equations,

algebra of limits for almost sure convergence,
e renewal equations and Key renewal theorem.

The following sections contain some natural generalisations of concepts studied in this course.
They are, of course, non-examinable.
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15.4 Duration-dependent transition rates

Renewal processes can be thought of as duration-dependent transition rates. If the inter-renewal dis-
tribution is not exponential, then (at least some) residual distributions will not be the same as the full
inter-renewal distribution, but we can still express, say for Z with density f that

P(Z >t+s) ft+s)
P(Z -t Z>1t) = ———7= d _ ="
( > el7 > l, P(Z > t) and - fz-4z4(5) P(Z > t)
_F _ _
If we define A(t) = 0 = (t), where F(t) = P(Z > t) and in particular F(0) = 1, we can write

P(Z>t)  F(t)

Fy = expd— [ As)ds and  f(t) = A(t)exp { — t/\(s)ds .
0 0

We can then also express the residual distributions in terms of A(s)

P(Z—t>s|Z>t)=exp { /tHS )\(T)dr} .

A(t) can be interpreted as the instantaneous arrival rate time ¢ after the previous arrival. Similarly, we
can use this idea in Markov models and split a holding rate \;(d) depending on the duration d of the
current visit to state ¢ into transition rates A;(d) = >_,_; ¢ij(d). This will be explored in SB3b Statistical
Lifetime-Models, where Z is usually modelling a lifetime. The context is the estimation and statistical
comparison of life-time distributions and related models.

15.5 Spatial Poisson processes

In the case of Poisson counts, one can also look at intensity functions on R? or R? and look at “arrivals”
as random points in the plane.

N([0,] % [0,2]) = X (¢, 2) ~ Poi (/Ot /O A(s,y)dyds)

and such that counts in disjoint rectangles are independent Poisson variables.

15.6 Markov processes in uncountable state spaces (R or R?)

We have come across some processes for which we could have proved a Markov property, the age process
(As)e>0 of a renewal process, the excess process (E;);>o of a renewal process, but also the processes
(Ct)e>0 and (R¢)¢>0 with stationary independent increments that arose in insurance ruin by combining
Poisson arrival times with jump sizes. A systematic study of such Markov processes in R is technically
much harder, although many ideas and results transfer from our countable state space model.

Diffusion processes as a special class of such Markov processes are studied in a Finance context in
B8&.3 Mathematics of Financial Derivatives and they appear from a more theoretical perspective in C8.1
Stochastic Differential Equations. Some examples also feature in MS4 Stochastic Models for Mathematical
Genetics.

One nice class of processes are processes with stationary independent increments, so-called Lévy
processes. General Lévy processes can be built from three ingredients. The first is a deterministic linear
drift. The second is a Brownian motion B, which features strongly in B8.2 Continuous Martingales, as
well as B8.3 Mathematics of Financial Derivatives. The third is a compound Poisson process C' such as
the claim size process C in ruin theory. Then any process X; = ut + cB; + Cy is a Lévy process and
any Lévy process is of this form, if C' is allowed to contain a component that is a (martingale limit of) a
compound Poisson processes. In fact, C' may have infinitely many jumps in a finite interval, that can be
described by a spatial Poisson process on [0, 00) x R*.

15.7 Stationary processes

We have come across stationary Markov chains and stationary increments of other processes. Stationarity
is a concept that can be studied separately. In our examples, the dependence structure of processes
was simple: independent increments, or Markovian dependence, independent holding times etc. More
complicated dependence structures may be studied.



Appendix A

Conditioning and stochastic
modelling

Reading: Grimmett-Stirzaker 3.7, 4.6
Further reading: Grimmett-Stirzaker 4.7, CT4 Unit 1

This lecture consolidates the ideas of conditioning and modelling. Along the way, we explain
the full meaning of statements such as the Markov properties of Lecture 1.

A.1 Modelling of events

As in the Prelims and Part A courses, random variables are defined as functions on a probability
space (2, F,P), where 2 is the sample space, F is a collection of subsets of ) called events, the
probability measure P assigns a probability in [0, 1] to each event. A probability space satisfies

¢ QeF; eAcF = A=Q\AecF, oA, eFn>1l = [JAa,eF

n=1

o oo
e P(Q)=1; eA,cF,n>1,disjoint = P (U An) => P(An).
n=1 n=1
Random variables X : 2 — X, where X is typically either a subset of R or any countable set
S, but can also be a space of functions such as X = {f: [0,00) — S right-continuous}, are such
that

e (XeB}=X1(B)={weQ: X(w)eB}eF forall (measurable) B C X.

This course is not based on measure theory, and in fact we will only occasionally have to refer
back to these properties for clarity of argument.

Modelling means specifying a mathematical model for a real-world phenomenon. Stochastic
modelling include some randomness, i.e. some real-world events are assigned probabilities or
some real-world observables are assigned distributions. At first, real-world events can be named
e.g. A1 =“the die shows an even number” and A, =“the first customer arrives before 10am”. A
stochastic model identifies such an event as a subset of a sample space 2 and assigns probabilities.
We seem to be able to write down some probabilities directly without much sophistication
(P(A1) = 0.57 still making implicit assumptions about the fairness of the die and the conduct
of the experiment). Others require less obvious specification of a stochastic model (P(Az) =7).

Hardly any real situations involve genuine randomness. It is rather our incomplete percep-
tion/information that makes us think there was randomness. Nevertheless, assuming a specific
random model to inform our decision-making can be very helpful and lead to decisions that are
sensible/good /beneficial in some sense.

Mathematical models always make assumptions and reflect reality only partially. The fol-
lowing situation is quite common: the better a model represents reality, the more complicated
it is to analyse. There is a trade-off here. In any case, we must base all our calculations on the
model specification, the model assumptions. Translating reality into models is at least partly a
non-mathematical task. Analysing a model is purely mathematical.

Models have to be consistent, i.e. they must not contain contradictions. This statement may
seem obvious, but the point is that not all contradictions are immediately apparent. There

65



Lecture A: Conditioning and stochastic modelling 66

are models that have undesirable features that cannot be easily removed, least by postulating
the contrary. E.g., you may wish to specify a model for customer arrival where arrival counts
over disjoint time intervals are independent, arrival counts over time intervals of equal lengths
have the same distribution (cf. Remark 5 (ii)-(iii)), and times between two arrivals have a non-
exponential distribution. Well, such a model does not exist (we won’t prove this statement now,
it’s a bit too hard at this stage). On the other hand, within a consistent model, all properties
that were not specified in the model assumptions have to be derived from these. Otherwise it
must be assumed that the model may not have the property.

Suppose we are told that a shop opens at 9.30am, and on average, there are 10 customers per
hour. One model could be to assume that a customer arrives exactly every six minutes. Another
model could be to assume customers arrive according to a Poisson process at rate A = 10 (time
unit=1 hour). Whichever model we use, we can “calculate” P(As2), and it is not the same in
the two models, so we should reflect this in our notation. Since Ag does not really change from
one model to the other, it had better be P that changes, and we may wish to write P for the
second model. The probability measure P should be thought of as defining the randomness.
Similarly, we can express dependence on a parameter by PO, dependence on an initial value
by Px. Informally, for a Poisson process model, we set Pi(A) := P(A| Xy = k) for all events A
(formally, this should make us wonder whether P(Xy = k) > 0, and in fact, we first define Py
and could then write P(A| Xy = k) := Px(A) as a long-hand notation).

Aside: Technically, we cannot in general call all subsets of Q events if Q) is uncountable, but we will
not worry about this, since it is hard to find examples of non-measurable sets. w should be thought of as
a scenario, a realisation of all the randomness, which we typically express in terms of random variables
X(w). What matters are (joint!) distributions of random variables, not usually the precise form of
(Q, F,P). It is important, though, that (2, F,P) exists for all our purposes to make sure that the random
objects we study exist. We will assume that all our random variables can be defined as (measurable)
functions on some (2, F,P). This existence can be proved for all our purposes, using measure theory.

In fact, when we express complicated families of random variables such as a Poisson process (X;)>0
in terms of a countable family (Z,),>0 of independent random variables, we do this for two reasons.
The intuitive reason may be apparent: countable families of independent variables are conceptually
easier than uncountable families of dependent variables. The formal reason is that a result in measure
theory says that there exists a probability space (Q, F,P) on which we can define countable families of
independent variables whereas any more general result for uncountable families or dependent variables
requires additional assumptions or other caveats.

It is very useful to think about random variables Z,, as functions Z,(w), because it immedi-
ately makes sense to define a Poisson process X;(w) as in Definition 1, by defining new functions
in terms of old functions. A certain class of probability problems can be solved by applying
analytic rules to calculations involving functions of random variables (transformation formula
for densities, expectation of a function of a random variable in terms of its density or prob-
ability function, etc.). Here we are dealing more explicitly with random variables and events
themselves, operating on them directly.

This course is not based on measure theory, but you should be aware that some of the proofs
are only mathematically complete if based on measure theory. Ideally, this only means that we
apply an easily stated result from measure theory that is intuitive enough to believe without
proof. In a few cases, however, the gap is more serious. We will identify technicalities, but
without drawing attention away from the probabilistic arguments that we develop in this course
and that are useful for applications.

B8.1 Martingales Through Measure Theory provides as pleasant an introduction to measure
theory as can be given. That course nicely complements this course in providing the formal
basis for probability theory in general and hence for this course in particular. However, it is by
no means a co-requisite, and when we do refer to this course, it is likely to be to material that
has not yet been covered there. Williams’ Probability with Martingales is the recommended
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book reference.

A.2 Conditional probabilities, densities and expectations

Conditional probabilities were introduced in Prelims as
P(BNA)
P(B|A) = ——~

for events A, B C 2, where we require P(A) > 0.

Example 132 Let X be a Poisson process. Then
P(X: — Xs=7,Xs =k)
P(Xs =k)

P(X; =k + j|X, = k) = =P(X, — X, = j) = P(X;_s = §),

by the independence and stationarity of increments, Remark 5 (ii)-(iii).

Conditional densities were introduced in Part A as

Fsir(olt) = Fsir-a(s) = L0,

Example 133 Let X be a Poisson process. Then, for ¢t > s,
Frra(t) = Inm(st) _ fz0.2.(s,t—8) _ fz,(s)fz(t—5)
2l =s fT1(S) fZO(S) fZO(S)

by the transformation formula for bivariate densities to relate fr, 1, to fz, z,, and independence
of ZO and Zl.

= fz,(t —s) = e NE79),

Conditioning has to do with available information. In the real world, we often observe a
process with time. When we have set up a stochastic model, e.g. a Poisson process with a
known parameter A > 0. (If we don’t know A, we should estimate A and update estimates as we
observe the real-world process, but we do not worry about this in this course.) It is instructive to
think of updating the stochastic process by its realisation in the real world as time evolves. If the
first arrival takes a long time to happen, this gives us information about the second arrival time
Ty, simply since Ty = 17 + Z1 > T1. When we eventually observe T7 = s, the conditional density
of Ty given T7 = s takes into account this observation and captures the remaining stochastic
properties of 1. The result of the formal calculation to derive the conditional density is in
agreement with the intuition that if 77 = s, T5 = T1 + Z; ought to have the distribution of Z;
shifted by s.

Example 134 Conditional probabilities and conditional densities are compatible in that
P(SeB|T =t) = / fsjr=t(s)ds = liﬁ)lIP’(S €EB|t<T <t+e¢),
B 3

provided only that the distribution of (S, T) is sufficiently smooth. To see this, when (s,t)
fsr(s,t) is sufficiently smooth (e.g. right-continuous in the t-variable and bounded), we check
that for all intervals B = (a, b)

P(SeBt<T<t+e) L[ [, for(s u)dsdu
Pt<T<t+e)  IPt<T<t+e)

P(SeBIt<T<t+¢e)=

and under the smoothness condition (by dominated convergence, Tonelli’s theorem etc., see
Lecture 3 for statements of these), this tends to

S5 fsr(s,t)ds

fr(t) - /BfS|Tt(8)ds =P(S € B|T =1t).
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Similarly, we can also define the following for discrete X and continuous 7', when the limits
exist:

P(X —k|T—t)—hﬁ)1[P’( =k|t <T <t+4+e) and fT|X:k()—hﬁ]1 IP’(t<T<t—|—6|X—k:)
€ 9

One can define conditional expectations in analogy with unconditional expections, e.g. in the
latter case by

E(X|T =t) = Z;]P = j|T = 1).
Proposition 135 (a) If X and Y are (dependent) discrete random variables in N, then

=Y E(X|Y =n)P(Y =n).
n=0

(b) If X and T are jointly continuous random variables in (0,00) or

(c) if X is discrete and T is continuous, and if T' has a right-continuous density, then
[e.9]
BUX) = [ ECXT = 0)fr(0)i
0
Proof: (c) We start at the right-hand side

| e =onma = [ ZJP —JIT = ) fr(tyat

and calculate

. CP(X=jt<T<t+e
P =jlT=1) = lm (IP’(tj<T<t+s) )
_ lLime IPt<T <t+elX =j)P(X =)
el0 IPt<T <t+e)
Jrix=;(OP(X = j)
fr(t)

so that we get on the right-hand side

| S e =i = et ZJIP’ =3) [ im0t =)
(e 0

after interchanging summation and integration. This is justified by Tonnelli’s theorem that we
state in Lecture 3.

(b) is similar to (c).

(a) is more elementary and left to the reader. O

Statement and argument hold for left-continuous densities and approximations from the left,
as well. For continuous densities, one can also approximate {T' =t} by {t —e < T <t+¢} (for
e < t, and normalisation by 2¢, as adequate).

Recall that we formulated the Markov property of the Poisson process as

P((Xt1s)s>0 € Bl Xt =k, (Xi)r<t € A) = Pe((Xips)s>0 € B)

for all events {(X;)r<¢+ € A} such that P(X; =k, (X,)r<t € A) > 0, and {(X¢t4)u>0 € B}. For
certain sets A with zero probability, this can still be established by approximation.
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A.3 Independence and conditional independence
Recall that independence of two random variables is defined as follows. Two discrete random
variables X and Y are independent if

P(X =4Y =k)=P(X =75)PY =k) for all j,k € S.
Two jointly continuous random variables S and T" are independent if their joint density factorises,
ie. if

fsr(s,t) = fs(s)fr(t) for all s,t € R, where fs(s) = /ngjT(s,t)dt.

Recall also (or check) that this is equivalent, in both cases, to
P(S <s,T<t)=P(S <s)P(T <) for all s,t € R.
In fact, it is also equivalent to
P(Se AT e B)=P(SeB)PT e B) for all (measurable) A, B C R,
and we define more generally:

Definition 136 Let X and Y be two random variables with values in any, possibly different
spaces X and Y. Then we call X and Y independent if

P(X € A Y € B)=P(X € AP(Y € B) for all (measurable) A C X and B C Y.

We call X and Y conditionally independent given a third random variable Z if for all z € S (if
Z has values in S) or z € [0,00) (if Z has values in [0, c0)),

P(X €AY € B|Z=2)=P(X € A|Z=2)P(Y € B|Z = 2).

Remark and Fact 137! Conditional independence is in many ways like ordinary (uncondi-
tional) independence. E.g., if X is discrete, it suffices to consider A = {z}, x € X. If X is
real-valued, it suffices to consider A = (—o0,z|, x € R. If X is bivariate, it suffices to consider

all A of the form A = A1 x As.

If X = (X,)r<t, it suffices to consider A = {X,, =z1,....X,, =a,} forall0 <r; <--- <
rn < t, x1,...,2, €S, n > 1. This is how Proposition ??(ii) can be interpreted, applied and
proved.

We conclude with a fact that may seem obvious, but does not follow immediately from the
definitions. Also the approximation argument only gives some special cases.

Fact 138 Let X be any random variable, and T a [0, 00)-valued random variable with right-
continuous density. Then, for all (measurable) f: X x [0,00) — [0,00) and t > 0, we have

E(f(X,D)|T'=t) =E(f(X,t)|T =1).
Furthermore, if X and T are independent and g : X — [0,00) (measurable), t > 0, we have
E(g(X)|T =1) = E(g(X)).

If X takes values in [0, 00) also, example for f are e.g. f(r,1) = 1z 454, Where 1y, 4y =1
ifz+1t>sand 1, = 0 otherwise; or flz,t) = eM@*1) in which case the statements are

P(X +T > s|T =t) =P(X +t > s|T =t) and E(AX+D|T = ) = ME(M|T = 1),

and the condition {T" =t} can be removed on the right-hand sides if X and T" are independent.
This can be shown by the approximation argument.
The analogue of Fact 138 for discrete T is elementary.

!Facts are theorems that we cannot fully prove in this course. Note also that there is a grey zone between
theorems/propositions and facts, since partial proofs of facts or full proofs of theorems/propositions sometimes
appear on assignment sheets, in the main or optional parts.
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A.4 Method: One-step analysis, conditioning on T}

The main conditioning method in this course is to condition on the first event. In the case of a
discrete-time Markov chain this is the value after the first step. In the case of a Poisson process
(or simple birth process or renewal process, as studied later), this is the time of the first arrival.
In the case of a continuous-time Markov chain, it will be a combination of the two.

Example 139 Let X ~ PP()) and m(u) = E(X,), u > 0. Then by Proposition 135(c),
o m "
m(u) = E(Xy) = / E(Xu|Th = 1) fri(t)dt = / E(1+ Xu-r, [Ty = t)AeMdt,
0 0

where X, = X1,45s—1is a PP(\) independent of T = Zj, since )Z's =#{n>1: fn < s}, where
Zn = Zny1 ~ Exp(N), n > 0, are independent, and independent of Z,. By Fact 138, this yields

m(u) = /0 (1+E(Xu-))Ae Mdt =1 — e + /0 m(r)Ae My

If we multiply this by e, differentiate and cancel e’ again, we find m/(u) = A. Since also
m(0) = E(Xp) = 0, we obtain m(t) = M for all ¢ > 0, using a quite different argument from
Remark 5. The real power of this argument will be revealed when applied for processes other
than the Poisson process, for which many stronger tools yield stronger results.

A.5 |[0,00]-valued random variables and some useful theorems

In the next section, we will study Too := limp oo Ty = Y ,~0Zn. In general, this is not a
finite random variable, but may take values in [0, oc], infinity included. Recall that a function
F:]0,00) — [0,1] is a cumulative distribution for a distribution on [0,00) if and only if F'
is right-continuous increasing with F'(co—) := limy_,o F'(t) = 1. We drop the requirement
F(oo—) =1:

Definition 140 A right-continuous increasing function F': [0,00) — [0,1] with F'(co—) < 1
is called a cumulative distribution function. A function T: Q — [0, 00] on a probability space
(Q,F,P) is called a [0,00]-valued random variable if {T" < t} € F for all t € [0,00). Its
cumulative distribution function is Frr(t) = P(T < t), t € [0,00). Its ezpectation is defined as

E(T) := /OOOIP’(T > t)dt = /000(1 _ Fr())dt.

We have P(T' < t) —» P(T < o0) = F(oo—) and P(T = o0) =1 —-P(T < o0) =1 — F(oco—).
Note that E(T") = co whenever P(T' = co) > 0 since then P(T > t) > P(T = co) > 0 makes the
integral infinite. Recall that E(7") = oo is also possible if P(T'=00) =0, e.g. if P(T' > t) = 1/,
t > 1, so that E(T') = [{°(1/t)dt = co. Note also that, if T is N U {co}-valued, the definition of
E(T) implies

E(T)= > nP(T=n)=ccP(T=0c0)+ Y nP(I=n)

0<n<oo 0<n<oco

and if Fr is differentiable with F. = fr on (0, 00) then

E(T) = coP(T = o0) —I—/ tfr(t)dt.
(0,00)
Here, we use the convention that co X p = oo for p > 0, and oo x 0 = 0 to include the classical
case P(T' < 00) = 1.
The following is a result from measure theory that we will not prove here, but that we will
refer to when we interchange certain sums, expectations and integrals.
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Fact 141 (Tonelli) The order of integration, countable summation and expectation can be in-
terchanged whenever the integrand/summands/random variables are nonnegative. Specifically,

E X, | =) E(X,), S fn(x)dx = 3 <>Ofn(:v)d$
(B) T[S E

/ N / " f (o, y)dyds = / N / " f e, y)dudy,

also when the integrals, sums, random variables or expectations are infinite.

There were already two applications of this, one each in Lectures 1 and 2. You may now
wish to consider again the arguments of Remark 5 and Proposition 135.

Interchanging limits is more delicate, and there are monotone and dominated convergence
for this purpose. In this course we will only interchange limits when this is justified by monotone
or dominated convergence, but we do not have the time to prove these. Here are statements.

Fact 142 (Monotone convergence) Ezxpectations of an increasing sequence of nonnegative
random variables Y, converge lim,,_, . E(Y,) = E(lim,~ Y},), also when the limits or expecta-
tions or random variables are infinite.

Fact 143 (Dominated convergence) Integrals of a pointwise convergent sequence of func-
tions fn — f converge if |fn| < g for an integrable function g. Ezxpectations of a pointwise
convergent sequence of random variables X,, — X converge if | X,,| <Y for an integrable ran-
dom variable Y, i.e.

/g(az)dm < 0o = nl;ngo fr(z)de = /nlgn;o fn(z)da = /f(x)da:

E(Y)<oo =  limE(X,) =E ( lim Xn) — E(X).

n—oQ n—o0

For proofs of these (or equivalent or more general statements), we refer to Part A Integration
and B&8.1 Martingales Through Measure Theory.



