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CHAPTER 1

General theory of stochastic processes

1.1. Definition of stochastic process

First let us recall the definition of a random variable. A random variable is a random number
appearing as a result of a random experiment. If the random experiment is modeled by a
probability space (2, F,P), then a random variable is defined as a function £ : Q@ — R
which is measurable. Measurability means that for every Borel set B C R it holds that
¢ Y(B) € F. Performing the random experiment means choosing the outcome w € 2 at
random according to the probability measure P. Then, {(w) is the value of the random
variable which corresponds to the outcome w.

A stochastic process is a random function appearing as a result of a random experiment.

DEFINITION 1.1.1. Let (2, F,P) be a probability space and let T' be an arbitrary set (called
the index set). Any collection of random variables X = {X,; : t € T'} defined on (2, F,P) is
called a stochastic process with index set T

So, to every t € T' corresponds some random variable X; :  — R, w +— X;(w). Note that
in the above definition we require that all random variables X; are defined on the same
probability space. Performing the random experiment means choosing an outcome w € €2 at
random according to the probability measure IP.

DEFINITION 1.1.2. The function (defined on the index set T" and taking values in R)
t— Xt(CU)

is called the sample path (or the realization, or the trajectory) of the stochastic process X
corresponding to the outcome w.

So, to every outcome w € () corresponds a trajectory of the process which is a function
defined on the index set T" and taking values in R.

Stochastic processes are also often called random processes, random functions or simply
processes.

Depending on the choice of the index set T" we distinguish between the following types of
stochastic processes:

1. If T consists of just one element (called, say, 1), then a stochastic process reduces to
just one random variable X; : 2 — R. So, the concept of a stochastic process includes the
concept of a random variable as a special case.

2. T ={1,...,n} is a finite set with n elements, then a stochastic process reduces to a
collection of n random variables X1, ..., X, defined on a common probability space. Such
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a collection is called a random vector. So, the concept of a stochastic process includes the
concept of a random vector as a special case.

3. Stochastic processes with index sets T = N, T' = Z, T = N4 T = Z¢ (or any other
countable set) are called stochastic processes with discrete time.

4. Stochastic processes with index sets T = R, T = R? T = [a,b] (or other similar
uncountable sets) are called stochastic processes with continuous time.

5. Stochastic processes with index sets T = R, T = N? or T = Z%, where d > 2, are
sometimes called random fields.

The parameter t is sometimes interpreted as “time”. For example, X; can be the price of a
financial asset at time . Sometimes we interpret the parameter t as “space”. For example,
X; can be the air temperature measured at location with coordinates ¢t = (u,v) € R%
Sometimes we interpret ¢ as “space-time”. For example, X; can be the air temperature
measured at location with coordinates (u,v) € R? at time s € R, so that ¢t = (u,v,s) € R3.

1.2. Examples of stochastic processes

1. Li.d. Noise. Let {X,, : n € Z} be independent and identically distributed (i.i.d.) random
variables. This stochastic process is sometimes called the i.i.d. noise. A realization of this
process is shown in Figure [T} left.

FIGURE 1. Left: A sample path of the i.i.d. noise. Right: A sample path of
the random walk. In both cases, the variables X,, are standard normal

2. Random walk. Let {X,, : n € N} be independent and identically distributed random
variables. Define

Sn:X1++Xn, TLEN, S():O

The process {5, : n € Ny} is called the random walk. A sample path of the random walk is
shown in Figure [T] right.

3. Geometric random walk. Let {X,, : n € N} be independent and identically distributed
random variables such that X,, > 0 almost surely. Define

Go=X1-...-X,, neN, G,=1.
2



The process {G,, : n € Ny} is called the geometric random walk. Note that {log S, : n € Ng}
is a (usual) random walk.

4. Random lines and polynomials. Let &y, & 1  — R be two random variables defined on
the same probability space. Define

Xy =&+ &t teR

The process {X; : ¢ € R} might be called “a random line” because the sample paths t —
Xi(w) are linear functions.

More generally, one can consider random polynomials. Fix some d € N (the degree of the
polynomial) and let &, ...,&; be random variables defined on a common probability space.
Then, the stochastic process

Xp=&+at+ &7+ +&t?, teR,
might be called a “random polynomial” because its sample paths are polynomial functions.

5. Renewal process. Consider a device which starts to work at time 0 and works 77 units of
time. At time 77 this device is replaced by another device which works for 75 units of time.
At time T + T5 this device is replaced by a new one, and so on. Let us denote the working
time of the i-th device by T;. Let us assume that 77,75, ... are independent and identically
distributed random variables with P[T; > 0] = 1. The times

Sp,=T1+...+T,, neN,

are called renewal times because at time S,, some device is replaced by a new one. Note that
0 <51 <8y <.... The number of renewal times in the time interval [0, ¢] is

N=) lgc=#{neN:8,<t}, t>0.
n=1

The process {N; : t > 0} is called a renewal process.

Many further examples of stochastic processes will be considered later (Markov chains, Brow-
nian Motion, Lévy processes, martingales, and so on).

1.3. Finite-dimensional distributions

A random variable is usually described by its distribution. Recall that the distribution of a
random variable ¢ defined on a probability space (€2, F,P) is a probability measure P* on
the real line R defined by

PS(A) =Pt € Al =P{w e Q: &w) € A}], A C R Borel.

Similarly, the distribution of a random vector {& = (&i,...,&,) (with values in R”) is a
probability measure P¢ on R” defined by

PSA) =Pt c A]=P{w e Q: (&w),..., & (w)) € A}], A C R" Borel.

Now, let us define similar concepts for stochastic processes. Let {X; : t € T'} be a stochastic
process with index set T'. Take some tq,...,t, € T. For Borel sets By, ..., B, C R define

Pt1 7777 tn(le...XBn):]P)[thEBl,...,thEBn].
3



More generally, define P, _;, (a probability measure on R™) by
P, . (B)=P[(Xy,...,Xs,) € B], B CR" Borel.

Note that P, 4, is the distribution of the random vector (X, ..., Xy, ). It is called a finite-
dimensional distribution of X. We can also consider the collection of all finite dimensional
distributions of X:

PI: {Ptl,...,tn :nEN,tl,...,tn ET}

It is an exercise to check that the collection of all finite-dimensional distributions if a sto-
chastic process X has the following two properties.

1. Permutation invariance. Let w:{1,...,n} — {1,...,n} be a permutation. Then, for all
n €N, for all t;,...,t, € T, and for all By,..., B, € B(R),

P 1.(Bix...xB,)= Ptm),m,tﬂ(n)(Bﬂ(l) X ... X Brwy).
2. Projection invariance. For all n € N, all ¢,... t,,t,y1 € T, and all By, ..., B, € B(R)
it holds that

Pitntnin(Br X ... X By xR) =Py 4. (By x ... x By).

To a given stochastic process we can associate the collection of its finite-dimensional distribu-
tions. This collection has the properties of permutation invariance and projection invariance.
One may ask a converse question. Suppose that we are given an index set 17" and suppose
that for every n € N and every t,...,t, € T some probability measure F;, ; on R" is
given. [A priori, this probability measure need not be related to any stochastic process. No
stochastic process is given at this stage.] We can now ask whether we can construct a sto-
chastic process whose finite-dimensional distributions are given by the probability measures
P, . +,. Necessary conditions for the existence of such stochastic process are the permutation
invariance and the projection invariance. The following theorem of Kolmogorov says that

these conditions are also sufficient.

THEOREM 1.3.1 (Kolmogorov’s existence theorem). Fiz any non-empty set T'. Let
P = {Ptl,..l,t n e N,tl, . 7tn c T}

be a collection of probability measures (so that Py, 4, is a probability measure on R"™ ) which
has the properties of permutation invariance and projection invariance stated above. Then,
there exist a probability space (2, F,P) and a stochastic process {X; : t € T} on (Q, F,P)
whose finite-dimensional distributions are given by the collection P. This means that for
every n € N and every ty,...,t, € N the distribution of the random vector (X, ..., X3,)
coincides with Py, 4

n

IDEA OF PROOF.  We have to construct a suitable probability space (€2, F,P) and an
appropriate stochastic process {X; : t € T'} defined on this probability space.

STEP 1. Let us construct € first. Usually, ) is the set of all possible outcomes of some
random experiment. In our case, we would like the outcomes of our experiment to be
functions (the realizations of our stochastic process). Hence, let us define 2 to be the set of
all functions defined on 7" and taking values in R:

Q=R'={f:T - R}.
4



STEP 2. Let us construct the functions X; : 2 — R. We want the sample path ¢ — X;(f)
of our stochastic process corresponding to an outcome f € €2 to coincide with the function
f. In order to fulfill this requirement, we need to define

Xt(f) - f(ﬂ? VS R”.

The functions X; are called the canonical coordinate mappings. For example, if T =
{1,...,n}is afinite set of n elements, then R can be identified with R™ = {f = (f1,..., fs) :
fi € R}. Then, the mappings defined above are just the maps Xi,..., X, : R* — R which
map a vector to its coordinates:

Xl(f):fla ceey Xn(f):fna f:(fla"-afn)ERn-

STEP 3. Let us construct the o-algebra F. We have to define what subsets of Q = R”
should be considered as measurable. We want the coordinate mappings X; : 2 — R to be
measurable. This means that for every ¢t € T and every Borel set B € B(R) the preimage

XY B)={f:T—R:f(t)e B} cQ
should be measurable. By taking finite intersections of these preimages we obtain the so-
called cylinder sets, that is sets of the form
A= {f € Q: f(t) € By, ..., f(t,) € By},

77777

where t1,...,t, € T and By,..., B, € B(R). If we want the coordinate mappings X; to be
measurable, then we must declare the cylinder sets to be measurable. Cylinder sets do not
form a o-algebra (just a semi-ring).

This is why we define F as the o-algebra generated by the collection of cylinder sets:

f:a{Aﬁf ,,,,,,,, . f":nEN,tl,...,tneT,Bl,...,BnEB(R)}.

We will call F the cylinder o-algebra. Equivalently, one could define F as the smallest
o-algebra on () which makes the coordinate mappings X; : {2 — R measurable.
Sometimes cylinder sets are defined as sets of the form

AP ={f€Q:(f(t1),.... f(tn) € B},

-----

where tq,...,t, € T and B € B(R™). One can show that the o-algebra generated by these
sets coincides with F.

STEP 4. We define a probability measure P on (2, F). We want the distribution of the
random vector (Xy,,..., Xy, ) to coincide with the given probability measure P,
t1,...,t, € T. Equivalently, we want the probability of the event {X;, € By,...,X;, € B,}
to be equal to P, ;. (By X ... x B,), for every ty,...,t, € T and By,...,B, € B(R).
However, with our definition of X; as coordinate mappings, we have

{Xy, €By,.... X, €B,}={feQ: X\, (f) € By,....Xs,(f) € B}
={feQ: f(t1) € By,...,f(tn) € By}



Hence, we must define the probability of a cylinder set Agf """""" ) f“ as follows:

P[A;Y P = Py, 4, (Bi X ... x By).

It can be shown that P can be extended to a well-defined probability measure on (2, F).
This part of the proof is non-trivial but similar to the extension of the Lebesgue measure
from the semi-ring of all rectangles to the Borel o-algebra. We will omit this argument here.
The properties of permutation invariance and projection invariance are used to show that P
is well-defined. O

ExAMPLE 1.3.2 (Independent random variables). Let 7" be an index set. For all t € T let a
probability measure P, on R be given. Can we construct a probability space (2, F,P) and
a collection of independent random variables {X; : ¢ € T'} on this probability space such
that X; has distribution P, for all ¢ € T7 We will show that the answer is yes. Consider the
family of probability distributions P = {P;, 4, :n € N, ty,...,t, € T} defined by

(1.3.1) Py.v(Bi%...x By)=P,(B) ... P, (B,

where By,..., B, € B(R). It is an exercise to check that permutation invariance and projec-
tion invariance hold for this family. By Kolmogorov’s theorem, there is a probability space
(Q, F,P) and a collection of random variables {X; : ¢ € T'} on this probability space such
that the distribution of (Xy,,..., Xy, ) is P, .4,. In particular, the one-dimensional distri-
bution of X; is ;. Also, it follows from that the random variables X, ,..., X, are
independent. Hence, the random variables {X; : t € T'} are independent.

1.4. The law of stochastic process

Random variables, random vectors, stochastic processes (=random functions) are special
cases of the concept of random element.

DEFINITION 1.4.1. Let (2, F) and (€', F') be two measurable spaces. That is, (2 and 2’ are
any sets and F C 2% and F' C 2% are o-algebras of subsets of {2, respectively €. A function
£:Q — O is called F-F'-measurable if for all A’ € F' it holds that £71(4’) € F.

DEFINITION 1.4.2. Let (2, F,IP) be a probability space and (£, F') a measurable space. A
random element with values in € is a function £ : Q — €' which is F-F’-measurable.

DEFINITION 1.4.3. The probability distribution (or the probability law) of a random element
€ : Q — Q' is the probability measure P on (€', F') given by
PYA)=Pte A1=P{weQ:{w) e A}], AeF.
Special cases:
1. If @ =R and 7' = B(R), then we recover the notion of random variable.
2. If & = R4 and F' = B(R?), we recover the notion of random vector.

3. If ' = R” and F’ = o, is the cylinder o-algebra, then we recover the notion of stochastic
process. Indeed, a stochastic process {X; : t € T'} defined on a probability space (2, F,P)
leads to the mapping ¢ : © — RT which maps an outcome w € Q to the corresponding
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trajectory of the process {t — X;(w)} € RT. This mapping is F-0.,-measurable because
the preimage of any cylinder set

-----

is given by

.....

This set belongs to the o-algebra F because thl(Bi) € F by the measurability of the
function X;, : @ — R. Hence, the mapping & is F-o0.y,-measurable.

To summarize, we can consider a stochastic process with index set 7' as a random element
defined on some probability space (€2, F,P) and taking values in R

In particular, the probability distribution (or the probability law) of a stochastic process
{X;,t € T} is a probability measure PX on (R”, 5.,) whose values on cylinder sets are given
by

PY(A7 P = PIXy, € By, ..., Xy, € By).

-----

1.5. Equality of stochastic processes
There are several (non-equivalent) notions of equality of stochastic processes.

DEFINITION 1.5.1. Two stochastic processes X = {X;:t € T} and Y ={Y; : t € T'} with
the same index set T have the same finite-dimensional distributions if for all t1,...,t, € T
and all By, ..., B, € B(R):

P[Xy, € By,..., Xy, € B)|=P[Y,, € By,..., Y}, € B,J.

DEFINITION 1.5.2. Let {X; :t € T} and {Y; : t € T'} be two stochastic processes defined on
the same probability space (€2, F,P) and having the same index set 7. We say that X is a
modification of Y if

VieT: PX,=Y]=1
With other words: For the random events A; = {w € Q: X;(w) = Y;(w)} it holds that
Note that in this definition the random event A; may depend on t.

The next definition looks very similar to Definition [1.5.2] First we formulate a preliminary
version of the definition and will argue later why this preliminary version has to be modified.

DEFINITION 1.5.3. Let {X, : t € T} and {Y; : t € T} be two stochastic processes defined
on the same probability space (€2, F,P) and having the same index set 7. We say that the
processes X and Y are indistinguishable if

PVteT: X, =Y]=1

With other words, it should hold that
P{w e Q: Xj(w) =Y (w) forall t € T} = 1.
7



Another reformulation: the set of outcomes w € €2 for which the sample paths ¢ — X;(w)
and t — Y;(w) are equal (as functions on T'), has probability 1. This can also be written as

P[ﬂtGTAt] — 1

Unfortunately, the set N;crA; may be non-measurable if T" is not countable, for example if
T = R. That’s why we have to reformulate the definition as follows.

DEFINITION 1.5.4. Let {X; : t € T} and {Y; : t € T} be two stochastic processes defined
on the same probability space (€2, F,P) and having the same index set 7. The processes X
and Y are called indistinguishable if there exists a measurable set A € F so that P[A] =1
and for every w € A, t € T it holds that X;(w) = Y (w).

If the processes X and Y are indistinguishable, then they are modifications of each other.
The next example shows that the converse is not true, in general.

ExXAMPLE 1.5.5. Let U be a random variable which is uniformly distributed on the interval
[0,1]. The probability space on which U is defined is denoted by (2, F,[P). Define two
stochastic processes {X; : t € [0,1]} and {Y; : ¢t € [0,1]} by

1. Xy(w)=0forallt € [0,1] and w € Q.
2. Forall t € [0,1] and w € 2,

1, ift=U(w),
Vi) — /()

0, otherwise.
Then,

(a) X is a modification of Y because for all ¢ € [0, 1] it holds that
PX, = ¥i] = BY; = 0] = P[U # ] = 1

(b) X and Y are not indistinguishable because for every w € Q the sample paths t — X;(w)
and t — Y;(w) are not equal as functions on 7. Namely, Y (,)(w) = 1 while Xy (w) = 0.

PROPOSITION 1.5.6. Let {X;:t € T} and {Y; : t € T} be two stochastic processes defined on
the same probability space (2, F,P) and having the same index set T'. Consider the following
statements:

1. X and Y are indistinguishable.
2. X and Y are modifications of each other.
3. X and Y have the same finite-dimensional distributions.

Then, 1 = 2 = 3 and none of the implications can be inverted, in general.
PrROOF. Exercise. ]

EXERCISE 1.5.7. Let {X; : t € T} and {Y; : t € T'} be two stochastic processes defined on
the same probability space (€2, F,P) and having the same countable index set T'. Show that
X and Y are indistinguishable if and only if they are modifications of each other.
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1.6. Measurability of subsets of R’

Let {X; : t € T} be a stochastic process defined on a probability space (2, F,P). To every
outcome w € ) we can associate a trajectory of the process which is the function ¢ — X;(w).
Suppose we would like to compute the probability that the trajectory is everywhere equal
to zero. That is, we would like to determine the probability of the set

7 ={weQ: Xy(w)=0forallt € T} = Nyer{w € Q: X;(w) = 0} = Nyer X; 1(0).

But first we need to figure out whether Z is a measurable set, that is whether Z € F. If
T is countable, then Z is measurable since any of the sets X; *(0) is measurable (because
X; is a measurable function) and a countable intersection of measurable sets is measurable.
However, if the index set 7" is not countable (for example T' = R), then the set Z may be
non-measurable, as the next example shows.

ExAMPLE 1.6.1. We will construct a stochastic process {X; : ¢ € R} for which the set Z
is not measurable. As in the proof of Kolmogorov’s theorem, our stochastic process will be
defined on the “canonical” probability space Q@ = R*® = {f : R — R}, with F = 0., being
the cylinder o-algebra. Let X, : R® — R be defined as the canonical coordinate mappings:
Xi(f) = f(t), f € RE. Then, the set Z consists of just one element, the function which is
identically 0.

We show that Z does not belong to the cylinder o-algebra. Let us call a set A C RF
countably generated if one can find ¢;,?,... € R and a set B C RY such that

(1.6.1) feAd o {im f(t)}eRY

With other words, a set A is countably generated if we can determine whether a given
function f : R — R belongs to this set just by looking at the values of f at a countable
number of points 1, ts, . . . and checking whether these values have some property represented
by the set B.

One can easily check that the countably generated sets form a o-algebra (called o.,) and
that the cylinder sets belong to this o-algebra. Since the cylinder o-algebra is the minimal
o-algebra containing all cylinder sets, we have 0., C 0.

Let us now take some (nonempty) set A € o.,. Then, A € o,. Let us show that A is
infinite. Indeed, since A is non-empty, it contains at least one element f € A. We will show
that it is possible to construct infinitely many modifications of f (called f,, a € R) which
are still contained in A. Since A is countably generated we can find ¢1,¢5,... € R and a set
B c RY such that holds. Since the sequence ty, 1o, ... is countable while R is not, we
can find ty € R such that ¢y is not a member of the sequence tq,1,,.... For every a € R let
fa : R — R be the function given by

) a, ift = to,
Jalt) = {f(t), if t # t,.

The function f, belongs to A because f belongs to A and the functions i — f(¢;), i € N,
and 7 — f,(t;), i € N, coincide; see (1.6.1). Hence, the set A contains infinitely many
elements, namely f,, a € R. In particular, the set A cannot contain exactly one element. It
follows that the set Z (which contains exactly one element) does not belong to the cylinder
o-algebra.



EXERCISE 1.6.2. Show that the following subsets of R® do not belong to the cylinder o-
algebra:

(1) C={f:R— R: fis continuous}.

(2) B={f:R — R: fis bounded}.

(3) M ={f:R— R: fis monotone increasing}.

1.7. Continuity of stochastic processes

There are several non-equivalent notions of continuity for stochastic processes. Let {X;: ¢t €
R} be a stochastic process defined on a probability space (£, F,P). For concreteness we take
the index set to be T' = R, but everything can be generalized to the case when T'=R? or T
is any metric space.

DEFINITION 1.7.1. We say that the process X has continuous sample paths if for all w € €}
the function ¢t — X;(w) is continuous in ¢.

So, the process X has continuous sample paths if every sample path of this process is a
continuous function.

DEFINITION 1.7.2. We say that the process X has almost surely continuous sample paths if
there exists a set A € F such that P[A] = 1 and for all w € A the function ¢t — X;(w) is
continuous in .

Note that we do not state this definition in the form
Plw € Q: the function t — X;(w) is continuous in ¢] = 1

because the corresponding set need not be measurable; see Section [1.6|

DEFINITION 1.7.3. We say that the process X is stochastically continuous or continuous in
probability if for all t € R it holds that

ngXtass—Hf.

That is,
Vte RVe>0: lin%}P’HXt — X >¢]=0.
s5—

DEFINITION 1.7.4. We say that the process X is continuous in LP, where p > 1, if for all
t € R it holds that

X, = X;as s — t.
That is,
VieR: lirr%E|Xt — X|P = 0.
s—

ExAMPLE 1.7.5. Let U be a random variable which has continuous distribution function
F. For concreteness, one can take the uniform distribution on [0,1]. Let (€2, F,P) be the
probability space on which U is defined. Consider a stochastic process {X; : t € R} defined
as follows: For all t € R and w € € let

)1 ift>Uw),
Xt(”)_{o, it t < Uw).



1. For every outcome w € 2 the trajectory t — X;(w) is discontinuous because it has a
jump at ¢t = U(w). Thus, the process X does not have continuous sample paths.

2. However, we will show that the process X is continuous in probability. Take some
e € (0,1). Then, for any ¢,s € [0, 1],

P[|X; — Xs| > €] = P[| Xy — Xs| = 1] = P[U is between t and s] = |F(t) — F(s)],
which converges to 0 as s — t because the distribution function F' was supposed to be
continuous. Hence, the process X is continuous in probability.

3. We show that X is continuous in LP, for every p > 1. Since the random variable | X; — X|
takes only values 0 and 1 and since the probability of the value 1 is |F'(t) — F(s)|, we have

EIX: — XofP = |F(t) — F(s)],
which goes to 0 as s — .

EXERCISE 1.7.6. Show that if a process {X(¢): ¢t € R} has continuous sample paths, the it
is stochastically continuous. (The converse is not true by Example [1.7.5)).

We have seen in Section that for general stochastic processes some very natural events
(for example, the event that the trajectory is everywhere equal to 0) may be non-measurable.
This nasty problem disappears if we are dealing with processes having continuous sample
paths.

ExAMPLE 1.7.7. Let {X;,t € R} be a process with continuous sample paths. We show that
the set

A:={weQ: Xi(w) =0 for all t € R}
is measurable. A continuous function is equal to 0 for all ¢ € R if and only if it is equal to 0
for all t € Q. Hence, we can write

A={weQ: Xy(w) =0 forall t € Q} = Neg{w € Q: Xy(w) =0} = Ny X; ' (0)

which is a measurable set because X; ' (0) € F for every ¢ (since X, : Q — R is a measurable
function) and because the intersection over ¢ € Q is countable.

EXERCISE 1.7.8. Let {X: t € R} be a stochastic process with continuous sample paths. The
probability space on which X is defined is denoted by (€2, F,P). Show that the following
subsets of 2 belong to the o-algebra F:

(1) B ={w € Q: the function ¢ — X;(w) is bounded}.

(2) M = {w € Q : the function ¢t — X;(w) is monotone increasing}

(3) I ={w € Q:limy, 00 Xit(w) = 00}
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CHAPTER 2

Markov chains

2.1. Examples
ExaMPLE 2.1.1 (Markov chain with two states). Consider a phone which can be in two
states: “free”= 0 and “busy”’= 1. The set of the states of the phone is
E ={0,1}.

We assume that the phone can randomly change its state in time (which is assumed to be
discrete) according to the following rules.

1. If at some time n the phone is free, then at time n + 1 it becomes busy with probability
p or it stays free with probability 1 — p.
2. If at some time n the phone is busy, then at time n + 1 it becomes free with probability
q or it stays busy with probability 1 — q.
Denote by X, the state of the phone at timen = 0,1,.... Thus, X, : Q@ — {0, 1} is a random
variable and our assumptions can be written as follows:

Poo ‘= P[Xn—i-l = O|Xn = 0] =1 - D, bo1 ‘= ]P[Xn—i-l = 1|Xn = 0] =D

P10 ‘= P[Xn—l-l = 0|Xn = 1] =q, P11 = P[Xn—l-l = 1|Xn = 1] =1- q.

We can write these probabilities in form of a transition matrix

P:(l_p p).
qg 1—g¢q

Additionally, we will make the following assumption which is called the Markov property:
Given that at some time n the phone is in state i € {0, 1}, the behavior of the phone after
time n does not depend on the way the phone reached state ¢ in the past.

PROBLEM 2.1.2. Suppose that at time 0 the phone was free. What is the probability that
the phone will be free at times 1,2 and then becomes busy at time 37

SOLUTION. This probability can be computed as follows:
PIXi = X5 =0,X3 = 1] = poo - poo - por = (1 = p)*p.

PROBLEM 2.1.3. Suppose that the phone was free at time 0. What is the probability that
it will be busy at time 37

SOLUTION. We have to compute P[X3 = 1]. We know the values Xy = 0 and X35 = 1, but
the values of X; and X5 may be arbitrary. We have the following possibilities:

(1) Xo =0,X; =0,Xy, =0, X3 = 1. Probability: (1 —p)-(1—p)-p.
(2) Xo=0,X; =0,Xy =1, X3 = 1. Probability: (1—p)-p-(1—gq).
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(3) Xo=0,X; =1,X, =0,X3 = 1. Probability: p-q-p.
(4) Xo=0,X; =1,Xy =1, X3 = 1. Probability: p- (1 —q)-(1—q).
The probability we look for is the sum of these 4 probabilities:

P[Xs=1]=(1-p)’p+ (1—p)(1 - q)p+p’q+p(1 - g)*.

EXAMPLE 2.1.4 (Gambler’s ruin). At each unit of time a gambler plays a game in which he
can either win 1€ (which happens with probability p) or he can loose 1€ (which happens
with probability 1 — p). Let X,, be the capital of the gambler at time n. Let us agree that
if at some time n the gambler has no money (meaning that X,, = 0), then he stops to play

(meaning that X,, = X,,,1 = ... =0). We can view this process as a Markov chain on the
state space F = {0,1,2,...} with transition matrix
1 0 0 0 0
1—-p 0 P 0 0
P= 0 1—p 0 p 0
0 0 1—p 0 »p

2.2. Definition of Markov chains

Let us consider some system. Assume that the system can be in some states and that the
system can change its state in time. The set of all states of the system will be denoted by F
and called the state space of the Markov chain. We always assume that the state space E is
a finite or countable set. Usually, we will denote the states so that £ = {1,..., N}, E =N,
or £ =17.

Assume that if at some time the system is in state ¢ € E, then in the next moment of time
it can switch to state j € E with probability p;;. We will call p;; the transition probability
from state ¢ to state j. Clearly, the transition probabilities should be such that

(1) p;j > 0foralli,jeE.
We will write the transition probabilities in form of a transition matrix
P = (pij)ijer-
The rows and the columns of this matrix are indexed by the set E. The element in the i-th
row and j-th column is the transition probability p;;. The elements of the matrix P are

non-negative and the sum of elements in any row is equal to 1. Such matrices are called
stochastic.

DEFINITION 2.2.1. A Markov chain with state space E and transition matrix P is a stochastic
process {X,: n € Ny} taking values in F such that for every n € Ny and every states
io, ’il, R ,in_l,’i,j we have
(221) P[Xn+1 — j|Xn - Z] — P[Xn+1 - j’Xo - 7;O7Xl - 7;1, o e 7Xn—l - in—laXn - Z]

= Dij»
provided that P[ Xy = ig,..., Xp—1 = in_1, Xn = i] # 0 (which ensures that the conditional
probabilities are well-defined).

14



Condition (2.2.1]) is called the Markov property.

In the above definition it is not specified at which state the Markov chain starts at time 0.
In fact, the initial state can be in general arbitrary and we call the probabilities

(222) ;= ]P)[XO = Z], 1€ E,

the initial probabilities. We will write the initial probabilities in form of a row vector a =
(ati)icr. This vector should be such that a; > 0 foralli € Fand ), po; = 1.

THEOREM 2.2.2. For all n € Ny and for all ig, ... ,1, € E it holds that
(223) ]P)[Xo = io, Xl — il; cee an = Zn] = QoPigi1 Pivig -« + Pip_1in-

ProOOF. We use the induction over n. The induction basis is the case n = 0. We have
P[ X, = ip] = o, by the definition of initial probabilities, see (2.2.2)). Hence, Equation (2.2.3))
holds for n = 0.

Induction assumption: Assume that (2.2.3) holds for some n. We prove that (2.2.3]) holds
with n replaced by n + 1. Consider the event A = {Xy =g, X1 = i1,...,X,, = i, }. By the
induction assumption,

P[A] = igPigir Piin - - - Py rin-
By the Markov property,
]P)[Xn-i-l = in+1|A] = Pininy1-
It follows that
P[Xo =0, X1 =11, ., Xpn = in, Xpt1 = ins1] = P[Xpni1 = in11|A] - P[A]
= Pininy1 * QigPigiy Pivio - - Pip_1in
= Qg Pigiy Pivio + + » Pip_1inPininy1-
This completes the induction. O

REMARK 2.2.3. If P[A] = 0, then in the above proof we cannot use the Markov property.
However, in the case P[A] = 0 both sides of (2.2.3)) are equal to 0 and ({2.2.3)) is trivially
satisfied.

THEOREM 2.2.4. For every n € N and every state i,, € I we have
PX, = in] = Z QigPigiy - - - Pip_1in-
10, yin—1E€EE
PROOF. We have
PIX, =in) = > PXo=ip, X1 =1i1,...., X, =1y

10,-sin—1€E

= E o Pigiy -+« Pigy_1in>

10y esin—1E€EE

where the last step is by Theorem [2.2.2] O
15



2.3. n-step transition probabilities

NOTATION 2.3.1. If we want to indicate that the Markov chain starts at state ¢ € E at time
0, we will write IP; instead of IP.

DEFINITION 2.3.2. The n-step transition probabilities of a Markov chain are defined as
pz(;l) =P[X, = j].
We will write these probabilities in form of the n-step transition matriz P™ = (pgl))i7je E-

By Theorem we have the formula

pg‘:’) e Z piilpiliQ .. 'pin—lj'

11,eyin_1E€EE

The next theorem is crucial. It states that the n-step transition matrix P can be computed
as the n-th power of the transition matrix P.

THEOREM 2.3.3. We have P™ =pPr=pP.. . ..P.

Proor. We use induction over n. For n = 1 we have pg) = pi; and hence, P = P. Thus,
the statement of the theorem is true for n = 1.

Let us now assume that we already proved that P = P for some n € N. We compute
P+ By the formula of total probability, we have

pz(;LH) = Pi[Xpn11 = j] ZP PXny1 = j|Xn = k] = Zpglf)pkj-

keE keE

On the right hand-side we have the scalar product of the i-th row of the matrix P™ and the
j-th column of the matrix P. By definition of the matrix multiplication, this scalar product
is exactly the entry of the matrix product P™ P which is located in the i-th row and j-th
column. We thus have the equality of matrices

pnth) — pWp
But now we can apply the induction assumption P = P™ to obtain
prth = pWp = pr. p=prt,
This completes the induction. 0]
In the next theorem we consider a Markov chain with initial distribution o = (o;);cp and

transition matrix P. Let o™ = (04(-")

i )jer be the distribution of the position of this chain at
time n, that is

" = PlX, = 4.

We write both a(™ and « as row vectors. The next theorem states that we can compute a(™
by taking a and multiplying it by the n-step transition matrix P = P™ from the right.

THEOREM 2.3.4. We have
a™ = aP",
16



PRrROOF. By the formula of the total probability
oV =P, ==Y alX, == apl.
i€k i€E
On the right-hand side we have the scalar product of the row « with the j-th column of
P™ = P By definition of matrix multiplication, this means that o™ = aP". U

2.4. Invariant measures

Consider a Markov chain on state space FE with transition matrix P. Let A\ : E — R be a
function. To every state ¢ € E the function assigns some value which will be denoted by
Ai := A(7). Also, it will be convenient to write the function A as a row vector A = (\;)icg.

DEFINITION 2.4.1. A function X : E — R is called a measure on E if \; > 0foralli e E.

DEFINITION 2.4.2. A function A : £ — R is called a probability measure on E if \; > 0 for

all 7 € F and
ZAZ-:L

DEFINITION 2.4.3. A measure A is called invariant if A\P = \. That is, for every state j € £
it should hold that
Aj = Z AiDij-

i€k
REMARK 2.4.4. If the initial distribution « of a Markov chain is invariant, that is aP = «,

then for every n € N we have a P" = o« which means that at every time n the position of the
Markov chain has the same distribution as at time 0:

XoLx, Lx,4. ..

EXAMPLE 2.4.5. Let us compute the invariant distribution for the Markov chain from Ex-
ample [2.1.1, The transition matrix is

P:(l_p p).
qg 1—gq

The equation AP = X for the invariant probability measure takes the following form:
L=p p \_
()‘Oa)‘l) ( q 1 — q> — (/\D>>\1)-
Multiplying the matrices we obtain the following two equations:
A1 =p) + Aig = Ao,
Aop + A (1 —gq) = Ar.

From the first equation we obtain that \;q = A\gp. Solving the second equation we obtain
the same relation which means that the second equation does not contain any information
not contained in the first equation. However, since we are looking for invariant probability
measures, we have an additional equation

Ao+ A= 1.
17



Solving this equation together with A\;q = A\op we obtain the following result:
No=—— A=
p+tyq pt+q
PROBLEM 2.4.6. Consider the phone from Example [2.1.1, Let the phone be free at time 0.
What is (approximately) the probability that it is free at time n = 10007

SOLUTION. The number n = 1000 is large. For this reason it seems plausible that the
probability that the phone is free (busy) at time n = 1000 should be approximately the
same as the probability that it is free (busy) at time n + 1 = 1001. Denoting the initial
distribution by a = (1,0) and the distribution of the position of the chain at time n by
a® = aP" we thus must have

o™~ ot = ot = qP". P = aMP.

Recall that the equation for the invariant probability measure has the same form A\ = \P.
It follows that o™ must be approximately the invariant probability measure:

a™ ~ )\

For the probability that the phone is free (busy) at time n = 1000 we therefore obtain the

approximations

p+q p+q

Similar considerations apply to the case when the phone is busy at time 0 leading to the
approximations

ph ~ X =

) p

(n) Ao = q (n ~ \ =
P1o 0 r+q P11 1 P
Note that p" ~ p{? and p) ~ p{" which can be interpreted by saying that the Markov
chain almost forgets its initial state after many steps. For the n-step transition matrix we

therefore may conjecture that
() (n)
lim P" = lim (P00 Por) — (io il)

The above considerations are not rigorous. We will show below that if a general Markov
chain satisfies appropriate conditions, then

(1) The invariant probability measure A exists and is unique.

(2) For every states ¢, j € E we have lim,_, ng) =\

EXAMPLE 2.4.7 (Ehrenfest model). We consider a box which is divided into 2 parts. Consider
N balls (molecules) which are located in this box and can move from one part to the other
according to the following rules. Assume that at any moment of time one of the N balls is
chosen at random (all balls having the same probability 1/N to be chosen). This ball moves
to the other part. Then, the procedure is repeated. Let X, be the number of balls at time
n in Part 1. Then, X, takes values in £ = {0,1,..., N} which is our state space. The
transition probabilities are given by
poi1=1, pyn-1=1, piit1= NN 27 Diji—1 = %, 1=1,...,N -1

18



For the invariant probability measure we obtain the following system of equations

/\0:%, AN:AJJVV‘H %Aﬂﬂ%&ﬂ, j=1,... N—1.
Additionally, we have the equation A\g+...4+ Ay = 1. This system of equations can be solved
directly, but one can also guess the solution without doing computations. Namely, it seems
plausible that after a large number of steps every ball will be with probability 1/2 in Part 1
and with probability 1/2 in Part 2. Hence, one can guess that the invariant probability

measure is the binomial distribution with parameter 1/2:

1 /N
Aj:ﬁ(j)'

One can check that this is indeed the unique invariant probability measure for this Markov
chain.

/\j:

EXAMPLE 2.4.8. Let Xy, X1, ... be independent and identically distributed random variables
with values 1,..., N and corresponding probabilities

PX, =i =pi, p1,...,pxn 20, > pi=1

Then, Xy, X1, ... is a Markov chain and the transition matrix is
pr ... PN
P=1... ... ...
pr ... PN
The invariant probability measure is given by Ay = p1,..., Ay = pn.

2.5. Class structure and irreducibility
Consider a Markov chain on a state space E with transition matrix P.

DEFINITION 2.5.1. We say that state ¢ € E leads to state j € F if there exists n € Ny such
that pg?) # 0. We use the notation ¢ ~ j.

(0)

REMARK 2.5.2. By convention, p,;” = 1 and hence, every state leads to itself: ¢ ~» 7.

THEOREM 2.5.3. For two states i,j € E with 1 # j, the following statements are equivalent:

(1) i~ j.
(2) Pj[3n e N: X, = j] #0.
(3) There exist n € N and states i1, ...,i,—1 € E such that py, ...p;, ,; > 0.

Proor. We prove that Statements 1 and 2 are equivalent. We have the inequality
(2.5.1) Y <PIneN: X, =] <Y PiX,=j4]=> p.
n=1 n=1

If Statement 1 holds, then for some n € N we have pgy) > 0. Hence, by (2.5.1)), we have
P;[3n € N : X,, = j| > 0 and Statement 2 holds. If, conversely, Statement 2 holds, then
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P;[3n € N: X,, = j] > 0. Hence, by (2.5.1]), > 07, pgl) > 0, which implies that at least one
summand pl(-?) must be strictly positive. This proves Statement 1.

We prove the equivalence of Statements 1 and 3. We have the formula

(2.5.2) = > P P

115esin—1€E

If Statement 1 holds, then for some n € N we have pgl) > 0 which implies that at least one
summand on the right-hand side of ([2.5.2]) must be strictly positive. This implies Statement
3. If, conversely, Statement 3 holds, then the sum on the right-hand side of ([2.5.2) is positive

which implies that pgy) > 0. Hence, Statement 1 holds. 0]
DEFINITION 2.5.4. States i,7 € E communicate if i ~» j and j ~» i. Notation: 7 «~ j.

THEOREM 2.5.5. @ «~ j 1§ an equivalence relation, namely
(1) i e~ i
(2) i o J <= j e 1.
(3) i o j,j e k=i e k.

ProOOF. Statements 1 and 2 follow from the definition. We prove Statement 3. If i «w j
and j e~ k, then, in particular, i ~ j and j ~» k. By Theorem 2.5.3] Statement 3,
we can find » € N, s € N and states uy,...,u,—1 € E and vq,...,vs_1 € E such that
Divs Putus - - - Pur_1j > 0 and Pjy, Pojus - - - Po,_yk > 0. Multiplying both inequalities, we get

DPivi Puius - - -pur_1jpjv1pv1v2 c o Pus_1k > 0.
By Theorem [2.5.3] Statement 3, we have 7 ~» k. In a similar way one shows that k ~~ 7. [

DEFINITION 2.5.6. The communication class of state i € E is the set {j € E : i e~ j}. This
set consists of all states j which communicate to i.

Since communication of states is an equivalence relation, the state space E can be decom-
posed into a disjoint union of communication classes. Any two communication classes either
coincide completely or are disjoint sets.

DEFINITION 2.5.7. A Markov chain is irreducible if every two states communicate. Hence,
an irreducible Markov chain consists of just one communication class.

DEFINITION 2.5.8. A communication class C'is open if there exist a state ¢ € C' and a state
k ¢ C such that i ~» k. Otherwise, a communication class is called closed.

If a Markov chain once arrived in a closed communication class, it will stay in this class
forever.

EXERCISE 2.5.9. Show that a communication class C' is open if and only if there exist a
state i € C' and a state k ¢ C such that p;, > 0.

THEOREM 2.5.10. If the state space E is a finite set, then there exists at least one closed
communication class.
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PrROOF. We use a proof by contradiction. Assume that there is no closed communication
class. Hence, all communication classes are open. Take some state and let C'; be the
communication class of this state. Since C] is open, there is a path from C to some
other communication class C5 # ;. Since Cs is open, we can go from C5 to some other
communication class C3 # (3, and so on. Note that in the sequence C1, Cy, Cs, ... all classes
are different. Indeed, if for some [ < m we would have C; = C,,, (a “cycle”), this would
mean that there is a path starting from C, going to C;;; and then to C,, = C;. But this
is a contradiction since then C} and Cj;; should be a single communication class, and not

two different classes, as in the construction. So, the classes C1, Cs, . .. are different (in fact,
disjoint) and each class contains at least one element. But this is a contradiction since E is
a finite set. 0

2.6. Aperiodicity
DEFINITION 2.6.1. The period of a state ¢ € E is defined as
ged{n € N: pi’ > 0}.

Here, ged states for the greatest common divisor. A state ¢ € F is called aperiodic if its
period is equal to 1. Otherwise, the state ¢ is called periodic.

EXAMPLE 2.6.2. Consider a knight on a chessboard moving according to the usual chess
rules in a random way. For concreteness, assume that at each moment of time all moves of
the knight allowed by the chess rules are counted and then one of these moves is chosen, all
moves being equiprobable.

= N W A~ OO N ©

This is a Markov chain on a state space consisting of 64 squares. Assume that at time 0 the
knight is in square i. Since the knight changes the color of its square after every move, it
cannot return to the original square in an odd number of steps. On the other hand, it can
return to ¢ in an even number of steps with non-zero probability (for example by going to
some other square and then back, many times). So,

et — o, plM > 0.

Hence, the period of any state in this Markov chain is 2.

ExAMPLE 2.6.3. Consider a Markov chain on a state space of two elements with transition

matrix
01
r=(1o)
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We have
p Y =0, P =1.

Hence, the period of any state in this Markov chain is 2.

EXERCISE 2.6.4. Show that in the Ehrenfest Markov chain (Example [2.4.7)) every state is
periodic with period 2.

LEMMA 2.6.5. Let i € E be any state. The following conditions are equivalent:
(1) State i is aperiodic.
(2) There is N € N such that for every natural number n > N we have pz(»f) > 0.
(n)

ProoF. If Statement 2 holds, then for some sufficiently large n we have p;;” > 0 and
(n+1

Dii )~ 0. Since ged(n,n + 1) = 1, the state ¢ has period 1. Hence, Statement 1 holds.

Suppose, conversely, that Statement 1 holds. Then, we can find nq,...,n, € N such that
ged{ny,...,n,} = 1 and pz(;“) >0,...,p")

1)

> 0. By a result from number theory, the

condition ged{ny,...,n,} = 1 implies that there is N € N such that we can represent any
natural number n > N in the form n = lyn, +...+[,.n, for suitable 1, ..., [, € N. We obtain
that

p§§1n1+...+lrnr) > (pz(im))ll . ( glr))lr > 0.

This proves Statement 2.
LEMMA 2.6.6. If state © € E is aperiodic and i «~ j, then j is also aperiodic.

REMARK 2.6.7. We can express this by saying that aperiodicity is a class property: If some
state in a communication class is aperiodic, then all states in this communication class are
aperiodic. Similarly, if some state in a communication class is periodic, then all states in this
communication class must be periodic. We can thus divide all communication classes into
two categories: the aperiodic communication classes (consisting of only aperiodic states) and
the periodic communication classes (consisting only of periodic states).

DEFINITION 2.6.8. An irreducible Markov chain is called aperiodic if some (and hence, all)
states in this chain are aperiodic.

PrROOF OF LEMMA [2.6.6]. From i «~ j it follows that ¢ ~» j and j ~» i. Hence, we can
find r, s € Ny such that pj:) > (0 and pg) > (. Since the state ¢ is aperiodic, by Lemma [2.6.5

we can find N € N such that for all n > N, we have p(@)

i = )l
It follows that pg-l;) >0forallk:=n+r+s>N+r+s. By Lemma|2.6.5, this implies that
J is aperiodic. O

> 0 and hence,

> 0.

2.7. Recurrence and transience
Consider a Markov chain {X,, : n € Ny} on state space F with transition matrix P.
DEFINITION 2.7.1. A state ¢ € E is called recurrent if
P;[X,, = ¢ for infinitely many n] = 1.
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DEFINITION 2.7.2. A state i € F is called transient if
P;[X,, = ¢ for infinitely many n] = 0.

A recurrent state has the property that a Markov chain starting at this state returns to this
state infinitely often, with probability 1. A transient state has the property that a Markov
chain starting at this state returns to this state only finitely often, with probability 1.

The next theorem is a characterization of recurrent/transient states.

THEOREM 2.7.3. Let ¢« € E be a state. Denote by f; the probability that a Markov chain
which starts at © returns to 1 at least once, that is

Then,

(1) The state i is recurrent if and only if f; = 1.
(2) The state i is transient if and only if f; < 1.

COROLLARY 2.7.4. Fwvery state is either recurrent or transient.
PRrROOF. For k € N consider the random event

By, = {X,, =i for at least k different values of n € N}.
Then, P;[By] = fF. Also, By D By O .... It follows that

1 if f;=1
P,[X,, =i for infinitely many n] = P;[N°, By] = lim P;[B;] = lim fF=< " L
It follows that state ¢ is recurrent if f; = 1 and transient if f; < 1. U
Here is one more characterization of recurrence and transience.

THEOREM 2.7.5. Let i € E be a state. Recall that pgl) = P;[X,, = i] denotes the probability
that a Markov chain which started at state i visits state 1 at time n. Then,

(1) The state i is recurrent if and only if Y 1pZZ = 0.
(2) The state i is transient if and only if >~ lp”") < 00.

PRrooOF. Let the Markov chain start at state 7. Consider the random variable

Vii= Z Tix,—iy
n=1

which counts the number of returns of the Markov chain to state 7. Note that the random
variable V; can take the value +o00. Then,

Pi[V; > k| = P[Bi] = ff, keN,

Thus, the expectation of V; can be computed as follows:

(2.7.1) E;[Vj] = im[vi > k] = i fr.
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On the other hand,
(2.7.2) EifVi) =B > Tixomiy = O Eilx,= = »_pif".
n=1 n=1 n=1

CASE 1. Assume that state ¢ is recurrent. Then, f; = 1 by Theorem [2.7.3] It follows that
E;[Vi] = oo by (2.7.1). (In fact, P;[V; = +o0] = 1 since P[V; > k] = 1 for every k € N).
Hence, 3¢, pfi” = o0 by @.7.2)

CASE 2. Assume that state ¢ is transient. Then, f; < 1 by Theorem [2.7.3. Thus, E;V; < oo

by (2-7.1) and hence, 3> p\™ < 0o by [2.7.2). O

The next theorem shows that recurrence and transience are class properties: If some state in
a communicating class is recurrent (resp. transient), then all states in this class are recurrent
(resp. transient).

THEOREM 2.7.6.
1. If i € E be a recurrent state and j «~ i, then j is also recurrent.

2. Ifi € E be a transient state and j «~ 1, then j is also transient.

PRrOOF. It suffices to prove Part 2. Let ¢ be a transient state and let j «~ i. It follows that
there exist s,r € Ny with p( 9> 0 and p(r > (. For all n € N it holds that

v

pitr) > plpln (),

Therefore,

ZPJ] — (7") Z n+r+8) — s) “(s) () Zp

ﬂ n=1 ]7, n=1
where the last step holds because 1 is transient. It follows that state j is also transient. [

Theorem allows us to introduce the following definitions.

DEFINITION 2.7.7. A communicating class is called recurrent if at least one (equivalently,
every) state in this class is recurrent. A communicating class is transient if at least one
(equivalently, every) state in this class is transient.

DEFINITION 2.7.8. An irreducible Markov chain is called recurrent if at least one (equiva-
lently, every) state in this chain is recurrent. An irreducible Markov chain is called transient
if at least one (equivalently, every) state in this chain is transient.

The next theorem states that it is impossible to leave a recurrent class.

THEOREM 2.7.9. Every recurrent communicating class is closed.

Proor. Let C be a non-closed class. We need to show that it is not recurrent. Since C' is
not closed, there exist states 4,j so that i € C, j ¢ C and i ~ j. This means that there

exists m € N so that p(m P;[X,, = j] > 0. If the event {X,, = j} occurs, then after
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time m the chain cannot return to state ¢ because otherwise ¢ and j would be in the same
communicating class. It follows that

P;[{X,, = 5} N {X,, =i for infinitely many n}| = 0.
This implies that
P;[ X, = i for infinitely many n] < 1.
Therefore, state ¢ is not recurrent. 0

If some communicating class contains only finitely states and the chain cannot leave this
class, then it looks very plausible that the chain which started in some state of this class will
return to this state infinitely often (and, in fact, will visit any state of this class infinitely
often), with probability 1. This is stated in the next theorem.

THEOREM 2.7.10. FEwvery finite closed communicating class is recurrent.

PRrROOF. Let C be a closed communicating class with finitely many elements. Take some
state i € C'. A chain starting in ¢ stays in C' forever and since C' is finite, there must be at
least one state j € C' which is visited infinitely often with positive probability:

P;[X,, = j for infinitely many n € N| > 0.

At the moment it is not clear whether we can take ¢ = j. But since 7 and j are in the same

communicating class, there exists m € Ny so that pﬁm
(

P,[X,, = j for infinitely many n] > pj;n) - P;[X,, = j for infinitely many n| > 0

> (. From the inequality

it follows that state j is recurrent. The class C' is then recurrent because it contains at leats
one recurrent state, namely j. 0

So, in a Markov chain with finitely many states we have the following equivalencies
(1) A communicating class is recurrent if and only if it is closed.
(2) A communicating class is transient if and only if it is not closed.

LEMMA 2.7.11. Consider an irreducible, recurrent Markov chain with an arbitrary initial
distribution «. Then, for every state j € E the number of visits of the chain to j is infinite
with probability 1.

PROOF. Exercise. [l

2.8. Recurrence and transience of random walks
EXAMPLE 2.8.1. A simple random walk on Z is a Markov chain with state space £ = Z and
transition probabilities
Piit1 =D, Diici=1—p, 1€Z.
So, from every state the random walk goes one step to the right with probability p, or one
step to the left with probability 1 — p; see Figure [3| Here, p € [0,1] is a parameter.

THEOREM 2.8.2. If p = %, then any state of the simple random walk is recurrent. If p # %,
then any state is transient.
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FI1GURE 1. Sample path of a simple random walk on Z with p = % The figure
shows 200 steps of the walk.

PrOOF. By translation invariance, we can restrict our attention to state 0. We can represent
our Markov chain as X,, = & + ... + &,, where &,&,, ... are independent and identically
distributed random variables with Bernoulli distribution:

Pp=1=p, P& =-1=1-p.

Case 1. Let p # 3. Then, E§ = p— (1 —p) = 2p — 1 # 0. By the strong law of large
numbers,

=E& #0 as.

.1 :
lim —X,, = lim
n—oo N n—o00

In the case p > % we have E£; > 0 and hence, lim,,_,,, X,, = 400 a.s. In the case p < % we
have E&; < 0 and hence, lim,,_,,, X,, = —00 a.s. In both cases it follows that

G +...+&
n

P[X,, = 0 for infinitely many n| = 0.
Hence, state 0 is transient.

CASE 2. Let p = % In this case, E, = 0 and the argument of Case 1 does not work. We
will use Theorem [2.7.5] The n-step transition probability from 0 to 0 is given by

(n) 0, if n =2k +1 odd,
Poo = 22%(2:), if n = 2k even.

The Stirling formula n! ~ v/27n(%)", as n — oo, yields that

1
@) as k — 0.

b )

00 —
Since the series > -, \/LE diverges, it follows that )", pgé) =3, p(()%k) = o0o. By Theo-
rem [2.7.5] this implies that 0 is a recurrent state. O

EXAMPLE 2.8.3. The simple, symmetric random walk on Z% is a Markov chain defined as
follows. The state space is the d-dimensional lattice

Z*={(n1,...,nq) :n1,...,ng € Z}.
Let ey, ..., eq be the standard basis of R?, that is
er =(1,0,0...,0), e2 =(0,1,0,...,0), e3=(0,0,1,...,0), ..., eq=1(0,0,0,...,1).
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Let &1, &, ... be independent and identically distributed d-dimensional random vectors such
that

P[éizek]:P[&‘:_ek]:ﬁ, k=1,...,d, i€N.

Define S, =& +...+&,, n € N, and Sy = 0. The sequence Sy, S1, Ss, ... is called the simple
symmetric random walk on Z?. It is a Markov chain with transition probabilities

1
pi,i+el = pi,i—61 ... = pi,i-i-ed = pi7i—ed — ZZ’

ie 7z

100

50 -

~100 L L L it L L L L L L L L I L L L L
-100 -50 0 50 100

FIGURE 2. Left: Sample path of a simple symmetric random walk on Z2.
Right: Sample path of a simple symmetric random walk on Z?. In both cases
the random walk makes 50000 steps.

THEOREM 2.8.4 (Pélya, 1921). The simple symmetric random walk on Z% is recurrent if and
only if d = 1,2 and transient if and only if d > 3.

PROOF. For d = 1 we already proved the statement in Theorem [2.8.2]

)

Consider the case d = 2. We compute the n-step transition probability pgg . For an odd n

this probability is 0. For an even n = 2k we have

k k 2
o _ 1 2% 1 (2% BN B (12K 1
Poo 4%;(i,i,k—z’,k—z’) 426\ f Z i) \k—i 92k \ J e

=0
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as k — oo, where the last step is by the Stirling formula. The harmonic series 220:1%

diverges. Therefore, >~ | pgg) = oo and the random walk is recurrent in d = 2 dimensions.

Generalizing the cases d = 1, 2 one can show that for an arbitrary dimension d € N we have,
as k — oo,
(2k) 1
DPoo = ~ (ﬂ_k)d/g'

Since the series Y oo k%2 is convergent for d > 3 it holds that > 7 pgg) < oo and the
random walk is transient in d = 3 dimensions. U

2.9. Existence and uniqueness of the invariant measure

The next two theorems state that any irreducible and recurrent Markov chain has a unique
invariant measure A, up to a multiplication by a constant. This measure may be finite (that
is, > ,epAi < +00) or infinite (that is, Y .. p A = +00).

First we provide an explicit construction of an invariant measure for an irreducible and
recurrent Markov chain. Consider a Markov chain starting at state k € E. Denote the time
of the first return to k by

T, =min{n e N: X,, = k} € NU {+o0}.
The minimum of an empty set is by convention +oc. For a state ¢ € E denote the expected
number of visits to ¢ before the first return to k& by
Tp—1
n=0
THEOREM 2.9.1. For an irreducible and recurrent Markov chain starting at state k € E we
have
(2) For alli € E it holds that 0 < ~; < 0.
(3) v = (7i)ier is an invariant measure.

PROOF.

STEP 1. We show that 7, = 1. By definition of T}, we have Z:’;Bl I¢x,=k} = 1, if the chain
starts at k. It follows that v, = E;1 = 1.

STEP 2. We show that for every state j € F,
(2.9.1) V= sz‘j%'-
i€k
(At this moment, both sides of (2.9.1]) are allowed to be infinite, but in Step 3 we will show

that both sides are actually finite). The Markov chain is recurrent, thus T, < oo almost
surely. By definition, X7, = k = X,. We have

Ty 00 o)
W =B Y Lixamy =B Y Lixujmery = Y Pu[Xo = 4, T > 1.
n=1 n=1 n=1
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Before visiting state j at time n the chain must have been in some state ¢ at time n — 1,
where ¢ € E can be, in general, arbitrary. We obtain that

v; = ZZIP’k[Xn =7, Xn1 =10, T, >n] = Zzpijpk[anl =14, Ty 2 nl.
icE n=1 el n=1

Introducing the new summation variable m = n — 1, we obtain that

T, —1

%= 05 ) Bilxmimemi} = D0y B Y Ly = Y P
m=0

D) m=0 1<) <D

This proves that (2.9.1]) holds.

STEP 3. Let ¢ € E be an arbitrary state. We show that 0 < 7; < oo. Since the chain is

irreducible, there exist n,m € Ny such that pEZL) > 0 and p,(g) > 0. From (2.9.1) it follows
that

Vi = Zpl(in)’n > pi v = i) > 0.
IeE

On the other hand, again using (2.9.1)), we obtain that
L=y = Zpl(;n)% > p§,§”’%.
I€E
This implies that v; < 1/ pgzl) < oo. O

The next theorem states the uniqueness of the invariant measure, up to multiplication by a
constant.

THEOREM 2.9.2. Consider an irreducible and recurrent Markov chain and fix some state
k € E. Then, every invariant measure A can be represented in the form

Aj = 07§k) forall j € E,
where ¢ is a constant (not depending on j). In fact, c = .

REMARK 2.9.3. Hence, the invariant measure is unique up to a multiplication by a constant.
In particular, the invariant measures (’yl-(kl))ie g and (”yi(b))ie g, for different states ki, ks € E,
differ by a multiplicative constant.

PROOF. Let A be an invariant measure.

STEP 1. We show that \; > )\k%(-k) for all j € E. We will not use the irreducibility and the
recurrence of the chain in this step. The invariance of the measure A implies that

Aj = Z AigPioj = Z AigPioj T AkDrj-

el to#k
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Applying the same procedure to \;,, we obtain

Aj = Z (Z iy Pivip + )\kpkio> Dioj + AkDij

i0#k \i1#k
= Z Z iy DirioPioj + <)\kpkj + Ak Z pkiopi0j> :
io#k i1#k i0#£k

Applying the procedure to \;, and repeating it over and over again we obtain that for every
n €N,

)\j = Z )\inpinin,1 .. -piliopi0j+)\k Dkj + Z PkioPigs + ...+ Z PlioPigiy « - - Pin_17
10,010y inFk io#£k 10yeesin—17k

Noting that the first term is non-negative, we obtain that
Aj 2> 0+ NePh[ Xy = 5, Th > 1] + MePr[Xo = 5, Th > 2] + ... + MPi[ X, = J, T), > n].

Since this holds for every n € N, we can pass to the limit as n — oo:

A=Y PX, =T > ) = Myl
n=1

It follows that \; > /\wj(.k).

STEP 2. We prove the converse inequality. Consider p; := \; — /\kfyj(.k), j € E. By the above,
p; >0 for all j > 0 so that u = (uj)jer is a measure. Moreover, this measure is invariant
because it is a linear combination of two invariant measures. Finally, note that by definition,

pr = 0. We will prove that this implies that p; = 0 for all j € E. By the irreducibility of

)

our Markov chain, for every j € E we can find n € Ny such that pgz > (. By the invariance

property of u,
0= py = Zumﬁ}? > ujpﬁ-’,ﬁ).
i€E
(

It follows that ,ujpgz) = 0 but since pjz) > 0, we must have p; = 0. By the definition of p;

this implies that \; = )\kfyj(.k). U
We can now summarize Theorems 2.9.1] and 2.9.2] as follows:

THEOREM 2.9.4. A recurrent, irreducible Markov chain has unique (up to a constant multi-
ple) invariant measure.

This invariant measure may be finite or infinite. However, if the Markov chain has only
finitely many states, then the measure must be finite and we can even normalize it to be a
probability measure.

COROLLARY 2.9.5. A finite and irreducible Markov chain has a unique invariant probability
measure.
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PROOF. A finite and irreducible Markov chain is recurrent by Theorem [2.7.10] By Theo-
rem , there exists an invariant measure A\ = (\;);cg. Since the number of states in F is
finite by assumption and \; < oo by Theorem , we have M := 3", . \; < oo and hence,
the measure A is finite. To obtain an invariant probability measure, consider the measure

To show that the invariant probability measure is unique, assume that we have two invariant

/"

probability measures v/ = (V));cg and v/ = (V/);cg. Take an arbitrary state k£ € E. By

Theorem there are constants ¢’ and ¢’ such that v = ¢ ~* and vl =" %-(k), for all

(2
i € E. But since both v/ and v are probability measures, we have

122”"{:6/2’%@)’ 1:ZV£IZCHZ’}/§’C).
i€E icE i€E i€E
This implies that ¢ = ¢’ and hence, the measures v/ and " are equal. O

Above, we considered only irreducible, recurrent chains. What happens if the chain is irre-
ducible and transient? It turns out that in this case everything is possible:

(1) Tt is possible that there is no invariant measure at all (except the zero measure).

(2) Tt is possible that there is a unique (up to multiplication by a constant) invariant
measure.

(3) It is possible that there are at least two invariant measures which are not constant
multiples of each other.

EXERCISE 2.9.6. Consider a Markov chain on N with transition probabilities p; ;.1 = 1, for
all 7 € N. Show that the only invariant measure is \; = 0, i € N.

EXERCISE 2.9.7. Consider a Markov chain on Z with transition probabilities p; ;11 = 1, for
all © € Z. Show that the invariant measures have the form \; = ¢, i € Z, where ¢ > 0 is
constant.

EXERCISE 2.9.8. Consider a simple random walk on Z with p # % Show that any invariant

measure has the form '
)\i:cl—l—cQ(L) , iEZ,
I-p

for some constants ¢; > 0, ¢ > 0.

2.10. Positive recurrence and null recurrence

The set of recurrent states of a Markov chain can be further subdivided into the set of
positive recurrent states and the set of negative recurrent states. Let us define the notions
of positive recurrence and null recurrence.

Consider a Markov chain on state space E. Take some state ¢ € F, assume that the Markov
chain starts at state ¢ and denote by T; the time of the first return of the chain to state ¢:

T, =min{n e N: X,, =i} € NU {+o0}.
Denote by m; the expected return time of the chain to state 7, that is
m; = E;T; € (0, 00]
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Note that for a transient state i we always have m; = +00 because the random variable T;
takes the value +oo with strictly positive probability 1— f; > 0, see Theorem [2.7.3] However,
for a recurrent state i the value of m; may be both finite and infinite, as we shall see later.

DEFINITION 2.10.1. A state i € E as called positive recurrent if m; < oo.
DEFINITION 2.10.2. A state i € E is called null recurrent if it is recurrent and m; = +oo.

REMARK 2.10.3. Both null recurrent states and positive recurrent states are recurrent. For
null recurrent states this is required by definition. For a positive recurrent state we have
m; < oo which means that T; cannot attain the value +o00 with strictly positive probability
and hence, state ¢ is recurrent.

THEOREM 2.10.4. Consider an irreducible Markov chain. Then the following statements are
equivalent:

(1) Some state is positive recurrent.
(2) All states are positive recurrent.
(3) The chain has invariant probability measure X = (\;)ick-

Also, if these statements hold, then m; = /\i foralli e E.

PRrOOF. The implication 2 = 1 is evident.

PROOF OF 1 = 3. Let k € E be a positive recurrent state. Then, k is recurrent and all
states of the chain are recurrent by irreducibility. By Theorem , (vfk))ie g s an invariant
measure. However, we need an invariant probability measure. To construct it, note that

3ot <

jEE

since k is positive recurrent). We can therefore define \; = (k) my, t € F. Then A=
( p 72 ) ) icE
1, and (\;);ep is an invariant probability measure.

PROOF OF 3 = 2. Let (\);ep be an invariant probability measure. First we show that

Ar > 0 for every state k € E. Since A is a probability measure, we have \; > 0 for at least

one [ € E. By irreducibility, we have pl(g) > 0 for some n € Ny and by invariance of A\, we

have
Ne =D pi A = p N> 0.
i€E
This proves that A\, > 0 for every k € E.

By Step 1 from the proof of Theorem m (note that this step does not use recurrence), we
have for all j € F|

Ai > )\k%(k)-
Hence,
mkzzyi’“)<zﬁ:i<oo.
i€E T i€E Ao A
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It follows that k is positive recurrent, thus establishing statement 2.

PROOF THAT m; = A—lk Assume that statements 1,2,3 hold. In particular, the chain is

recurrent and by Theorem , we must have \; = /\k%-(k) for all + € E. It follows that

Ai 1

i€E i€E
thus proving the required formula. 0

ExXAMPLE 2.10.5. Any state in a finite irreducible Markov chain is positive recurrent. Indeed,
such a chain has an invariant probability measure by Corollary [2.9.5]

EXAMPLE 2.10.6. Consider a simple symmetric random walk on Z or on Z2?. This chain is
irreducible. Any state is recurrent by Pélya’s Theorem [2.8.4, We show that in fact, any
state is null recurrent. To see this, note that the measure assigning the value 1 to every
state ¢ € F is invariant by the definition of the chain. By Theorem [2.9.2] any other invariant
measure must be of the form \; = ¢, ¢+ € F, for some constant ¢ > 0. However, no measure
of this form is a probability measure. So, there is no invariant probability measure and by
Theorem [2.10.4], all states must be null recurrent.

2.11. Convergence to the invariant probability measure

We are going to state and prove a “strong law of large numbers” for Markov chains. First
recall that the usual strong law of large numbers states that if &;,&s, ... are i.i.d. random
variables with E|&;| < oo, then

£1++€n a.s.

(2.11.1) — E&;.
n n—oo
The statement is not applicable if E|{;| = oo. However, it is an exercise to show that if
&1,&s, ... are i.i.d. random variables which are a.s. nonnegative with E{; = 400, then
+ ) + n a.s.
(2.11.2) ST o N
n n—00

Consider a Markov chain {X,, : n € Ny} with initial distribution o = (e );eg. Given a state
1 € E, denote the number of visits to state ¢ in the first n steps by

n—1
Vi(n) =) Tix—i-
k=0

THEOREM 2.11.1. Consider an irreducible Markov chain {X,, : n € No} with an arbitrary
initial distribution o = (a)icE-

1. If the Markov chain is transient or null recurrent, then for all 1 € E it holds that

Vi(n)

n n—oo

(2.11.3) 0 a.s.

2. If the Markov chain is positive recurrent with invariant probability measure A, then for
all v € E 1t holds that

‘/1(”) — >\7, a.Ss.

n n—o0
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PROOF. If the chain is transient, then V;(n) stays bounded as a function of n, with proba-
bility 1. This implies (2.11.3). In the sequel, let the chain be recurrent.

For simplicity, we will assume in this proof that the chain starts in state ¢. Denote the time
of the k-th visit of the chain to ¢ by S, that is

Si=min{n e N: X, =i},
Sy =min{n > Sy : X,, =i},
Sz =min{n > S : X,, =i},

and so on. Note that S, S5s,S53,... are a.s. finite by the recurrence of the chain. Let also
&1,&2,&3, ... be the excursion times between the returns to ¢, that is

=051, =05 —251, §=53— 205,
Then, &1, &5,&3, ... are i.i.d. random variables by the Markov property.
By definition of V;(n) we have
S+t FévmaSn<§G+H A+ FEvm)-
Dividing this by V;(n) we get

E+E&E+ ...+ £Vi(n)_1
Vi(n)
Note that by recurrence, V;(n) — oo a.s.

n—oo

n <§1+§2+...+fvi(n)

(2.11.5) Vi(n) ~ Vi(n)

<

CASE 1. Let the chain be null recurrent. It follows that E&; = oo. By using (2.11.2)
and (2.11.5)), we obtain that

S
Vz(n) n—oo

This proves ([2.11.3)).
CASE 2. Let the chain be positive recurrent. Then, by Theorem [2.10.4) £, = m; = /\i
Using (2.11.1)) and (2.11.5)) we obtain that

< Q0.

n as, 1

This proves (2.11.4]). 0

In the next theorem we prove that the n-step transition probabilities converge, as n — oo,
to the invariant probability measure.

THEOREM 2.11.2. Consider an irreducible, aperiodic, positive recurrent Markov chain {X,, :
n € No} with transition matriz P and invariant probability measure X = (\;)ieg. The initial
distribution o = (;)iep may be arbitrary. Then, for all j € E it holds that

lim P[X, = j] = A;.

n—oo
In particular, lim,, pgl) =)\j foralli,j e E.

REMARK 2.11.3. In particular, the theorem applies to any irreducible and aperiodic Markov
chain with finite state space.
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For the proof we need the following lemma.

LEMMA 2.11.4. Consider an irreducible and aperiodic Markov chain. Then, for every states
i,j7 € E we can find N = N(i,j) € N such that for alln > N we have pgl) > 0.

PROOF. The chain is irreducible, hence we can find r € Ny such that p( DS 0. Also, the

chain is aperiodic, hence we can find Ny € N such that for all £ > Ny we have p(-) > 0. It

follows that for all & > Nj, ’

k+r
pZ(J+ ) > pl(l )pz(] > 0.
(n)

It follows that for every n :=k + r such that n > No + r, we have p;;
PrROOF OF THEOREM [2.11.2, We use the “coupling method”.

STEP 1. Consider two Markov chains called {X,, : n € No} and {Y,, : n € Ny} such that

(1) X,, is a Markov chain with initial distribution v and transition matrix P.
(2) Y, is a Markov chain with initial distribution A (the invariant probability measure)
and the same transition matrix P.
(3) The process {X,, : n € Ny} is independent of the process {Y,, : n € Ny}.
Note that both Markov chains have the same transition matrix but different initial distribu-
tions. Fix an arbitrary state b € E. Denote by 1" be the time at which the chains meet at
state b:

> 0. U

T=min{n e N: X,, =Y, =b} € NU{+oc0}.
If the chains do not meet at b, we set T = +o0.

STEP 2. We show that P[T" < oo] = 1. Consider the stochastic process W,, = (X,,Y,)
taking values in E' x E. It is a Markov chain on F x F with transition probabilities given by
PGk = Pijpw, (i,k) € ExXE, (j,1)€ ExE.

The initial distribution of Wy is given by
Wik = Qg (k) € E X E.

Since the chains X, and Y,, are aperiodic and irreducible by assumption of the theorem, we
can apply Lemma [2.11.4] to obtain for every 4, j, k,! € E a number N = N (i, j, k,1) € N such
that for all n > N we have

ﬁﬁfl)( &) = Pz(;l)pg;) > 0.
Thus, the chain W, is irreducible. Also, it is an exercise to Check that the probability measure
)\(l k) = AiAx is invariant for W,,. Thus, by Theorem 4] the Markov chain W, is positive

recurrent and thereby recurrent. Therefore T < oo a.s. by Lemma [2.7.11]

STEP 3. Define the stochastic process {Z,, : n € Ny} by

7 X,, ifn<T,
"lY,, ifn>T.

Then, Z,, is a Markov chain with initial distribution « and the same transition matrix P
as X, and Y,,. (The Markov chain Z, is called the coupling of X,, and Y;,). The chain Y,
starts with the invariant probability measure A and hence, at every time n, Y,, is distributed
according to \. Also, the chain Z,, has the same initial distribution o and the same transition
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matrix P as the chain X,,, so that in particular, the random elements X,, and Z, have the
same distribution at every time n. Using these facts, we obtain that

[P[Xo = j] = Al = [P[X = 5] = PIY, = j] = [P[Z, = 5] = PV, = J].
By definition of Z,,, we can rewrite this as
IP[Xn = j] = M| = [P[X, = j,n <T|+PlY, = j,n >T] - P[Y, = j]|
=|PX,=jn<T]—-PY,=jn<T||
<P[T > n].
But we have shown in Step 2 that P[T" = oo] = 0, hence lim,_,o, P[T" > n] = 0. It follows

that

n—oo

thus establishing the theorem. 0
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CHAPTER 3

Renewal processes and Poisson process

3.1. Definition of renewal processes and limit theorems

Let &, &, ... be independent and identically distributed random variables with P[¢, > 0] = 1.
Define their partial sums

Sp=& 4 ... +&, neN, Sy=0.

Note that the sequence Si,Ss,... is increasing. We call Sy, Ss, ... the renewal times (or
simply renewals) and &, &, . .. the interrenewal times.

DEFINITION 3.1.1. The process {NV; : ¢t > 0} given by

N=> Is.<n
n=1

is called the renewal process.

THEOREM 3.1.2 (Law of large numbers for renewal processes). Let m :=E& € (0,00), then

Nt a.s. 1
—_ _> JR—
t m
IDEA OF PROOF. By the definition of N; we have the inequality

Sn, <t < Snpqa.

, ast— oo.

Dividing this by N; we obtain

%<i< SNi+1 .Nt+1
N, = Ny =7 N, +1 Ny
We have N; — oo as t — oo since there are infinitely many renewals and thus, the function

Ny (which is non-decreasing by definition) cannot stay bounded. By the law of large numbers,
both sides of (3.1.1)) a.s. converge to m as t — oo. By the sandwich lemma, we have

t a.s.
— — m, ast— oo.
Ny

This proves the claim. 0

(3.1.1)

THEOREM 3.1.3 (Central limit theorem for renewal processes). Let m := E& € (0,00) and
o? :=Var¢; € (0,00). Then,

t
m £>N(0,1), ast — 00.
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IDEA OF PROOF. The usual central limit theorem for S,, = & + ... + &, states that

S, —nm
Suznm vy
J\/ﬁ n—00
Denoting by N a standard normal random variable we can write this as follows: For large
n, we have an approximate equality of distributions

S, ~nm + oy/nN.

This means that the interval [0,nm + o/nN] contains approximately n renewals. By the
law of large numbers for renewal processes, see Theorem [3.1.2] it seems plausible that the
interval [nm,nm + oy/nN] contains approximately o+/nN/m renewals. It follows that the
interval [0, nm] contains approximately n — oy/nN/m renewals. Let us now introduce the
variable t = nm. Then, n — oo is equivalent to ¢ — oo. Consequently, for large ¢ in the
interval [0, t] we have approximately

t oVt
m m3/2
renewals. By definition, this number of renewals is N;. This means that
No-E
TG
for large t. 0

DEFINITION 3.1.4. The renewal function H(t) is the expected number of renewals in the
interval [0, ¢]:
H(t)=EN, t>0.

REMARK 3.1.5. Denoting by F**(t) = P[S}, < t] the distribution function of Si, we have the
formula

H(t)=EN,=E» I =) Elgo=)» PS,<t]=> F*@t).
k=1 k=1 k=1

k=1

THEOREM 3.1.6 (Weak renewal theorem). Let m :=E& € (0,00). It holds that
| H(t) 1
t—soo ¢ o m’

IDEA OF PROOF. By Theorem , % S % as t — 0o. In order to obtain Theorem ,
we have to take expectation of both sides and interchange the limit and the expectation.
The rigorous justification will be omitted. U

DEFINITION 3.1.7. The random variables &, are called lattice if there are a > 0,b € R so
that & with probability 1 takes values in the set aZ + b, that is

Pl¢p € {an+b:n € Z}] = 1.
THEOREM 3.1.8 (Blackwell renewal theorem). Assume that & is non-lattice and let m :=
E& € (0,00). Then, for all s > 0,

) 5
tlgglo(H(t +s)— H(t)) = —
PROOF. Omitted U
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3.2. Stationary processes and processes with stationary increments

Consider a stochastic process {X;,t > 0}. For concreteness, we have chosen the index
set T to be [0,00), but similar definitions apply to stochastic processes with index sets
T =R,N,Ny, Z.
DEFINITION 3.2.1. The process {X; : t > 0} is called stationary if for all n € N, 0 < ¢; <
...<t,andall h >0,
d
(Xt17 s 7th) - (Xt1+h7 s 7th+h)~
ExamMpLE 3.2.2. Let {X; : t € Ny} be independent and identically distributed random
variables. We claim that the process X is stationary. Let p be the probability distribution
of Xy, that is u(A) = P[X; € A], for all Borel sets A C R. Then, for all Borel sets
Ay, . A, CR,
P[thJrh € Al, R ,th+h € An] = M(Al) ot /L(An) = P[th € Al; ce ,th € An]
This proves that X is stationary.

EXAMPLE 3.2.3. Let {X; : t € Ng} be a Markov chain starting with an invariant probability
distribution A. Then, X, is stationary.

PROOF. Let us first compute the joint distribution of (X, Xp11, ..., Xpim). For any states
19, - .-, 1m € E we have
P[Xh = ’io, Xthl = ’il, e ;Xthm = Zm] = P[Xh = Zo] *Digiv * -+ Pimp—1im -

Since the initial measure A of the Markov chain is invariant, we have P[X},, = io] = \;,. We
therefore obtain that

]P)[Xh = 7:0, Xh+1 = ’il, e aXh-‘,-m = ’Lm] = /\iopioil L pimflim'
This expression does not depend on h thus showing that
d
(Xns Xng1, - s Xngm) = (Xo, X1, -0, X))

If we drop some components in the first vector and the corresponding components in the
second vector, the vectors formed by the remaining components still have the same distri-
bution. In this way we can prove that (X, 1n, Xi,an,-- -, Xy, +n) has the same distribution
as (Xgy, Xigy o oo, X4,)- O

DEFINITION 3.2.4. The process {X; : t > 0} has stationary increments if for all n € N,
h>0and 0 <ty <t; <...<t,, we have the following equality in distribution:

d
(Xt1+h _Xto+h7 Xt2+h_Xt1+h7 s 7th+h _th—1+h) = (th _Xtm th _Xt17 SRR th _th—l)'

DEFINITION 3.2.5. The process {X; : t > 0} has independent increments if for all n € N and
0<ty<t; <...<t,, the random variables

Xt()7 th - Xt()7 th - Xt17 s 7th - th,1
are independent.

Later we will consider two examples of processes which have both stationary and independent
increments: the Poisson Process and the Brownian Motion.
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3.3. Poisson process

The Poisson process is a special case of renewal process in which the interrenewal times
are exponentially distributed. Namely, let &;,&5, ... be independent identically distributed
random variables having exponential distribution with parameter A > 0, that is

P <z]=1—e, 1>0.
Define the renewal times S,, by
Sn:£1++fn> nEN, S():O

It’s an exercise to show (for example, by induction) that the density of .S, is given by

)\ngjn—l N
r)=——"—e " x>0.
The distribution of S, is called the Erlang distribution with parameters n and . It is a
particular case of the Gamma distribution.

DEFINITION 3.3.1. The Poisson process with intensity A > 0 is a process {/V, : t > 0} defined
by

Nt - Z ]l{SkSt}'
k=1

Note that N; counts the number of renewals in the interval [0,¢]. The next theorem explains
why the Poisson process was named after Poisson.

THEOREM 3.3.2. For all t > 0 it holds that Ny ~ Poi(\t).

Proor. We need to prove that for all n € Ny,

P[N; =n] = ()Z') e M,

STEP 1. Let first n = 0. Then,
P[N; = 0] =P[¢, > t] = e,
thus establishing the required formula for n = 0.
STEP 2. Let n € N. We compute the probability P[V; = n|. By definition of NV, we have
P[N; = n] = P[N; > n| —P[N; > n + 1] = P[S,, <t] = P[S,41 < 1.
Using the formula for the density of .S,, we obtain that

t t t / yn,n—1 n+l,.n
PN, =n] = /0 fs, (x)dx — /0 fspii(x)de = /0 (ﬁe‘m — )\Txe_)‘z> dz.
The expression under the sign of the integral is equal to
d ()" 5\,
dx ( nl ¢ ) '

Thus, we can compute the integral as follows:

P[N, = n] = <u>

n!

r=t
At)"
( ) efAt

n!

Y

=0
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where the last step holds since we assumed that n # 0. U

REMARK 3.3.3. From the above theorem it follows that the renewal function of the Poisson
process is given by H(t) = EN;, = At.

For the next theorem let Uy, . .., U, be independent random variables which are uniformly dis-
tributed on the interval [0,¢]. Denote by Uy < ... < Uy, the order statistics of Uy, ..., U,.

THEOREM 3.3.4. The conditional distribution of the random vector (Si,...,S,) given that
{Ny = n} coincides with the distribution of (Uny,...,Uw)):

d
(Sl, ey Sn)’{Nt = n} = (U(l), ceey U(n)).
Proor. We will compute the densities of both vectors and show these densities are equal.

STEP 1. The joint density of the random variables (&, ..., &,11) has (by independence) the
product form
n+1

—Au
f§17---7£n+1(u17‘“7un+1) - HA@ k, u1,...7un+1 > 0
k=1

STEP 2. We compute the joint density of (Si,...,S,41). Consider a linear transformation
A defined by

A(Ul,UQ, c. ,un+1) = (ul,ul +Ug, ..., U+ ...+ Un+1).
The random variables (51, ..., S,4+1) can be obtained by applying the linear transformation

A to the variables (&1, ..., &41):
(517 ey Sn+1> — A(fl; N ’5n+1).

The determinant of the transformation A is 1 since the matrix of this transformation is
triangular with 1’s on the diagonal. By the density transformation theorem, the density of
(S1,...,Sn41) is given by

n+1

_ —Ate—tr_1) _ \n+1_—At,
fS1,...,Sn+l (t17 LI 7t7’L+1) - H >\e ( k™ 1) = )\ € +1,
k=1

where 0 = tg < t; < ... < ty11. Otherwise, the density vanishes. Note that the formula for
the density depends only on ¢,,,; and does not depend on ¢4, ... t,.

STEP 3. We compute the conditional density of (Si,...,S,) given that N, = n. Let
0<t; <...<t,<t. Intuitively, the conditional density of (S1,...,S,) given that N; = n
is given by

Pty <S1<ti+e,....tn, <S1 <tp,+e|N,=n]

fSl:--an<t1’ e 7tn|Nt - n) - hm

€l0 en

:hmP[t1<51 <ti+e,...,t, <S, <t,+e Ny =n)]
el0 e"P[N; = n]

:hmIP’[tl <Si<ti+e, ... t, <S8, <t,+¢e Sni1 >t]‘
£l0 e"P[N; = n]
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Using the formula for the joint density of (Si,...,S,+1) and noting that this density does
not depend on tq,...,t,, we obtain that
Pty < Sp <tide,... ty<Sy<tpt+e S>>t [TA e Mrdt, ol
e"P[N, = n] - P[N, = n] tn’
where in the last step we used that N; has Poisson distribution with parameter At. So, we
have

noofor0<ty <...<t,<t,

Fonsa (bl Ny = ) = {

0, otherwise.

STEP 4. The joint density of the order statistics (Upy,. .., Up)) is known (Stochastik I) to
be given by
!
n forO<t; <...<t, <t
ti, .o ty) =R ’
Joay iy (1 ) {O, otherwise.

This coincides with the conditional density of (Si,...,S,) given that N; = n, thus proving
the theorem. 0

THEOREM 3.3.5. The Poisson process {N; : t > 0} has independent increments and these
increments have Poisson distribution, namely for all t,s > 0 we have

Nt+s — Nt ~ PO](/\S)

Proor. Take some points 0 =t < t; < ... < t,. We determine the distribution of the
random vector

(Ney, Nty — Niyy oo oy Ny, — Ny ).
Take some x4, ...,x, € Ny. We compute the probability
P:=P[Ny =21, Ny — Nyy =29, ..., Ny, — Ny, = ).
Let x = 21 4+ ...+ x,. By definition of conditional probability,
P =P[N, =21, Ny, — Ny, = 29,..., Ny, — Ny, | = 2| Ny, = x] - P[N;, = x].

Given that V;, = z, the Poisson process has = renewals in the interval [0,¢,] and by The-
orem these renewals have the same distribution as x independent random variables
which have uniform distribution on the interval [0, ¢,], after arranging them in an increasing
order. Hence, in order to compute the conditional probability we can use the multinomial

distribution:
(tr — tk 1) (AMtn)® i,
b= (x xn'H > o O

After making transformations we arrive at

b H ( tk — tk 1)) ke)\(tktkl)) )

From this formula we see that the random variables N;, Ny, — Ny,..., Ny, — N, , are
independent and that they are Poisson distributed, namely

Ntk — Ntk—l ~ POl()\(tk — tk_l)).
This proves the theorem. 0
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THEOREM 3.3.6. The Poisson process has stationary increments.

ProoF. Take some h > 0, and some 0 < t; <ty < ... < t,. We have to show that the
distribution of the random vector

(Nt1+h - Nt0+h7 Ntz-i-h - Nt1+h7 BRI Ntn-l-h - Ntnfl'i‘h)

does not depend on h. However, we know from Theorem that the components of this
vector are independent and that

Nthrh - Ntk71+h ~ POi()‘(tk - tkfl)%
which does not depend on h. 0

3.4. Lattice renewal processes

In this section we show how the theory of Markov chains can be used to obtain some proper-
ties of renewal processes whose interrenewal times are integer. Let &, &, ... be independent
and identically distributed random variables with values in N = {1,2,...}. Let us write

rn:=Pl& =n], neN.
We will make the aperiodicity assumption:
(3.4.1) ged{fn e N:r, A0} = 1.

For example, this condition excludes renewal processes for which the &.’s take only even
values. Define the renewal times S,, =& + ... +&,, n € N.

THEOREM 3.4.1. Let m := E&; be finite. Then,

1
lim P[3k e N: Sy =n]=—.

n—o00 m

So, the probability that there is a renewal at time n converges, as n — o0, to %

Proor. STEP 1. Consider a Markov chain defined as follows: Let

X, = inf{t > n : ¢ is renewal time} — n.

The random variable X, (which is called the forward renewal time) represents the length of
the time interval between n and the first renewal following n. (Please think why X, has the
Markov property). Note that at renewal times we have X,, = 0.

The state space of this chain is

E={0,1,...,.M — 1},if M < o0,
E=1{0,1,2,...},if M = o0,
where M is the maximal value which the &’s can attain:
M =sup{i e N:r; >0} € NU {o0}.
The transition probabilities of this Markov chain are given by
pii—1=1fori=1,2...,M—1,
Poi =Tip1 fori=1,..., M —1.
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STEP 2. We prove that the chain is irreducible. Starting at any state ¢ € E we can reach
state 0 by following the path

1 —=1—1—>1—-—2—...—=0.

So, every state leads to state 0. Let us prove that conversely, state 0 leads to every state. Let
first M be finite. Starting in state 0 we can reach any state i € E with positive probability
by following the path

O—-M-1—-M-2—...—1

If M is infinite, then for every ¢ € E we can find some K > i such that rx > 0. Starting at
state 0 we can reach state ¢ by following the path

0O K-1—-K-2—...—1.

We have shown that every state leads to 0 and 0 leads to every state, so the chain is
irreducible.

STEP 3. We prove that the chain is aperiodic. By irreducibility, we need to show that state
0 is aperiodic. For every ¢ such that r; # 0 we can go from 0 to 0 in i steps by following the
path

0—=i—-1—=i—-2—...=0.

By (3.4.1)) the greatest common divisor of all such i’s is 1, so the period of state 0 is 1 and
it is aperiodic.

STEP 4. We claim that the unique invariant probability measure of this Markov chain is
given by
T T ce .
)\i = +1 1 i + , 1€ E.
m
Indeed, the equations for the invariant probability measure look as follows:

M-1
Aj = Z PijAi = Pojro + Pit1Air1 = Ti1do + A
=0

It follows that
/\j — )‘j—i—l = Tj+1)\0.

We obtain the following equations:

Ao— A = 7’1)\07
Al — A2 = T2,
A2 — Az = 130,

By adding all these equations starting with the (j + 1)-st one, we obtain that
>‘j = (Tj+1 + Tj+2 + .. ))\0

It remains to compute \y. By adding the equations for all j = 0,1,..., M — 1 we obtain
that
1:)\0+>\1+: (7’1—|—27"2+37"3+...))\0:m)\0.
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It follows that
)\0 = —.

m
This proves the formula for the invariant probability distribution.

STEP 5. Our chain is thus irreducible, aperiodic, and positive recurrent. By the theorem on
the convergence to the invariant probability distribution we have

1
lim P[X, =0] =X = —.
n—oo m
Recalling that we have X,, = 0 if and only if n is a renewal time, we obtain that
1
lim P[3k e N: S, = k] = lim P[X,, =0] = —,
n—oo n—oo m
thus proving the claim of the theorem. O
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CHAPTER 4

Brownian motion

Brownian motion is one of the most important and interesting stochastic processes. The
history of the Brownian motion began in 1827 when the botanist Robert Brown looked
through a microscope at small particles (pollen grains) suspended in water. He noted that
the particles were moving chaotically. The mechanism causing this chaotic motion can be
explained as follows. The particle collides with water molecules. Any collisions results in
a displacement of the particle in some direction. The number of collisions is large, but the
impact of any collision is small. To compute the total displacement of the particle caused by
all collisions we have to add a very large number of very small random variables (impacts of
individual collisions), like in the central limit theorem.

A similar situation appears when we try to model a price of an asset. The price, considered
as a function of time, is subject to random changes due to the influence of some random
events. If we assume that any random event has a very small impact on the price and that
the number of events is very large, we are in the same situation when modelling the Brownian
particle. This is why the Brownian motion is one of the main building blocks for stochastic
processes used in financial mathematics.

In this chapter we will define a stochastic process { B(t): t > 0} (called the Brownian motion
or the Wiener process) which is a mathematical model for the experiment described above.

4.1. Discrete approximation to the Brownian motion

Let us now try to model the motion of a small pollen grain particle in a fluid mathematically.
First of all, we will model the motion of the particle in one dimension (that is, on the real
line), because to model the motion in three dimensions we can model the three coordinates
of the particle separately. So, we want to model a particle which moves on the real line due
to random impacts which can shift the particle to the left or to the right. Assume without
restriction of generality that at time 0 the particle starts at position 0. Denote by N the
parameter describing the number of collisions of the particle with water molecules per unit
time. This parameter should be very large. Assume that any collision causes a displacement
of the particle by a distance § > 0 (which should be very small) either to the left or to the
right, both possibilities having the same probability 1/2. A sample path of such particle (the
coordinate of the particle as a function of time) is shown on Figure |1} left. Note that in this
model we ignore the inertia of the particle. That is, the impacts are assumed to change the
position of the particle, but we don’t try to model the speed of the particle. This approach
is justified if the fluid has large viscosity.

47



FIGURE 1. Left: A sample path of the process Bys. Right: A sample path
of the Brownian motion

A more precise description of the model is as follows. Let &;,&,... be independent and
identically distributed random variables with

1

3

Define a stochastic process { By s(t): t > 0} describing the position of the particle at time ¢
as follows. The position of the particle at time ¢t = ]ﬁv, where k € Ny, is given by the sum of
the first k& impacts:

P& = +1] =Pl = —1] =

By (%) =0 (& 4.+ &)

F1) we can define By s(t) by linear interpolation, as in Figure .

For t € (%,T

It is clear from the definition that the process {Bys(t): ¢t > 0} has the following two prop-
erties:

(1) B,s(0) =0.
(2) For every integer numbers 0 < ky < ky < ... < k,, the increments

k k k k., ky,—
By s (Nl) ,Bns <N2) — By (Nl) R (N) — Bns ( Nl)

are independent.

Let us now determine the approximate distribution of these increments. First of all, let us
look at the position of the particle at time 1:

Bys(1) =0 (& 4. +&n).
This position is a random variable and its expectation and variance are given by
EBy;s(1) =0, VarBys(1) = 6>N.

Now, we want to see what happens in the scaling limit as N — oo (meaning that the number
of collisions of particle with water molecules is very large) and, at the same time, § — 0
(meaning that the displacement caused by any collision is very small); see Figure |1} right. It
is natural to require that Var By s5(1) should stay constant (independent of N and §) because
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otherwise we will not obtain any meaningful limit. We will choose this constant to be equal

to 1 which leads to the requirement

5o L
-

If this relation holds, then by the central limit theorem we obtain that

Bys(1) = bt téy —%5 N(0,1).

\/N N—oo

Similarly, for more general increments one obtains the following property:
Bys(t +h) = Bus(t) = N(0,h).
So, in the limit, the increments of our process should have the normal distribution.

4.2. Definition of the Brownian motion
The considerations of the preceding section make the following definition natural.

DEFINITION 4.2.1. A stochastic process B = {B(t): t > 0} defined on a probability space
(Q, F,P) is called Brownian motion or Wiener process if
(1) B(0) =0.
(2) B has independent increments, that is for all 0 < ¢t; < ¢ < ... < ¢, the random
variables
B(t1), B(ts) — B(t1), ..., B(t,) — B(tn_1)
are independent.
(3) B has normal increments, that is for all ¢ > 0 and h > 0,

B(t + h) — B(t) ~ N(0, h).

(4) B has continuous sample paths, that is for all w € €, the function ¢ — B(t;w) is
continuous in t.

First of all, one has to ask whether a process satisfying these four requirements exists.
This question is non-trivial and will be positively answered in Section below. Here
we sketch an idea of a possible approach to proving existence. The first three properties
in the definition of the Brownian motion deal with the finite dimensional distributions of
the process B only. It can be shown using Kolmogorov’s existence theorem that a process
with finite-dimensional distributions satisfying coonditions 1, 2, 3 exists. To be able to
apply Kolmogorov’s existence theorem one has to verify that the family of finite-dimensional
distributions given by conditions 1, 2, 3 is consistent, that is that these conditions do not
contradict each other. Essentially, this verification boils down to the following argument. If
we know that for some 0 < ¢; <ty < t3 the increments

B(tg) — B(tl) ~ N(O,tg — tl) and B(tg) — B(tg) ~ N(O,tg — t2>
are independent, then by the convolution property of the normal distribution, we must have
B(ts) — B(t1) = (B(ts) — B(t2)) + (B(t2) — B(t1)) ~ N(0, (t3 — t2) + (t2 — t1)) = N(0, 5 —t1).

Since this is in agreement with condition 3, there seems to be no contradiction between the
conditions 1, 2, 3. Thus, we can apply Kolmogorov’s existence theorem to construct a process
satisfying conditions 1, 2, 3. However, Kolmogorov’s theorem does not guarantee that the
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resulting process satisfies condition 4, so that an additional modification of the construction
is needed to make condition 4 satisfied. This is why we choose a different approach to prove
the existence of a process satisfying conditions 1, 2, 3, 4; see Section

The following example shows that it is not possible to drop condition 4 from the definition
of the Brownian motion.

EXAMPLE 4.2.2. Assume that we have a process {B(t): t > 0} satisfying conditions 1, 2,
3, 4. We will show how, by modifying B, we can construct a process B which satisfies
properties 1, 2, 3, but violates property 4. This proves that property 4 is not a corollary of
properties 1, 2, 3. Take a random variable U ~ UJ[0, 1] independent of the process B. Define
a new process {B(t): t > 0} by

A Bt), ift#U,
0, ift = U.

This process has the same finite-dimensional distributions as B. Indeed, the vectors

(B(h).... Blta)) and (B(t,),. ... B(t,))
are equal unless U € {t1,...,t,}, but this event has probability 0. So, both random vectors
are a.s. equal and hence, have the same distribution. This implies that the process { B(t): t >
0} also satisfies conditions 1, 2, 3. However, it does not satisfy condition 4 because the
probability that its sample path is continuous is 0. Namely, we have

lim B(t)= lim B(t) = B(U).

t—Ut£U t—Ut#£U

This limit is a.s. different from B(U) = 0 because

1 1
PB(U)=0] = / P[B(u) = 0]du = / Odu = 0.
0 0
Thus, the probability that the sample path of B has a discontinuity at U is 1.

4.3. Multivariate (Gaussian distributions and Gaussian processes

It follows from the definition of the Brownian motion that its one-dimensional distributions
are Gaussian, namely

B(t) ~ N(0,1).
What about the multidimensional distributions of the Brownian motion? It turns out that

these distributions are so-called multivariate Gaussian distributions. The aim of this section
is to define the multivariate Gaussian distributions.

By definition, a random variable X has a (univariate) Gaussian distribution with parameters
p € R and 02 > 0 (notation: X ~ N(u,0?)) if the density of X has the form
1 w2

fx(t) = e 22, teR
2ro

It is convenient to extend this definition to the case u € R, 0? = 0 by declaring X ~ N(y, 0)
if X = p almost surely. The characteristic function of a Gaussian random variable X ~
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N(p, 0?) has the form

ox(s) = 37" g e R,
The random variable X is called standard Gaussian if it is Gaussian with g = 0 and 0% = 1,
that is if the density of X is given by

We will now extend the definition of the Gaussian distribution from random variables to
random vectors. Let us start with the definition of a standard Gaussian random vector.

DEFINITION 4.3.1. Fix dimension d € N. A random vector X = (X,..., X )T is called
d-dimensional standard Gaussian if

(1) X1,..., X4~ N(0,1) are standard Gaussian random variables and

(2) Xy,..., X, are independent random variables.

By independence, the joint density of a d-dimensional standard Gaussian vector X is given
by
fX1 ..... X4 (tl, . 7td) = 1 e*%(t%+...+t3) _ 67%<t’t>

(V2m)? (V2m)? ’

where t = (t1,...,t4) € R% see Figure [2]

F1GURE 2. The 2-dimensional standard Gaussian density.

The expectation vector of X is equal to zero (because all components X; have zero mean by
definition). The covariance matrix of X is the d x d-identity matrix (because the variance of
any component X; is 1 and different components are independent and hence uncorrelated):

0 10 ... 0
0 01 ...0
EX=1].], CovX= _ .
0 00 ... 1
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The next lemma states that the standard Gaussian distribution remains unchanged under
rotations of the space around the origin.

LEMMA 4.3.2. If X is d-dimensional standard Gaussian random vector and A an orthogonal
d x d-matriz, then the random vector AX is also standard Gaussian.

PROOF. Recall that the orthogonality of the matrix A means that AAT = ATA =1d. It
follows that det A = +1 and in particular, A is invertible. By the transformation formula,
the density of the random vector AX is

Fax(t) = Fx(A7 D] der(A7)] = Fx(A7) = e AT < P ()
where we used that (A=, A7) = (A"H)T A7 t) = ((AAT) 1, t) = (t,t). O

Then next lemma will be used in the construction of the Brownian motion in Section [4.5
LEMMA 4.3.3. Let X7 and X5 be independent Gaussian random variables with mean 0 and
Var X; = Var Xy = 02. Then, the random variables
X1+ Xo X1 — Xy
——— and Yo = ———
V2 ’ V2
2

are also independent and Gaussian with mean zero and variance o-.

Y, =

PROOF. By definition, the random vector (X, /o, X5/0)? is 2-dimensional standard Gauss-
ian. By Lemma |4.3.2] we obtain that the random vector

(£)-(5 5)(2)

is also two-dimensional standard Gaussian, because the matrix in the above equality is
orthogonal. It follows that the random vector (Y; /0, Ys/0)T is also 2-dimensional standard
Gaussian. Hence, the random variables Y7 /o and Y /o are independent and standard Gauss-
ian. U

Now we are going to define the general (non-standard) multivariate Gaussian distribution.
Essentially, we declare a random vector to be multivariate Gaussian if this random vector
can be represented as an affine transform of some standard Gaussian random vector.

DEFINITION 4.3.4. A random vector Y = (Y1,...,Yy)T is called d-dimensional Gaussian if
there is some m € N, some m-dimensional standard Gaussian vector X = (Xy,..., X,,)7,
some d x m-matrix A and some i € R? so that

Y L AX + p.

EXERCISE 4.3.5. Show that the expectation and the covariance matrix of Y are given by
EY = pu, CovY = AAT.

NOTATION 4.3.6. We usually denote the covariance matrix by ¥ := CovY = AAT (not by
¥2), and write Y ~ Ng(p,¥). Note that the parameter u takes values in RY, whereas the
covariance matrix ¥ can be any symmetric, positive semidefinite matrix.
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FIGURE 3. A two-dimensional (non-standard) Gaussian density

Any affine transformation of a Gaussian vector is again a Gaussian vector:

LEMMA 4.3.7. If Y ~ Ny(u, X) is a d-dimensional Gaussian vector, A’ is a d' x d-matriz
and i/ € RY | then

AIY + Iul ~ Nd’<A/H + Iul7 A,ZA/T)
PROOF. By definition, we can represent Y in the form Y = AX + u, where AA” = ¥ and
the vector X is m-dimensional standard Gaussian. The d’-dimensional random vector

AY +pf = AAX +p) +pff = (AAX + (Ap+ )

is also an affine transform of X and hence, multivariate Gaussian. The parameters of A"Y + 1/
are given by

E[AY + /] = Alp+ 1, Cov(AY + i) = (AA)(A'A)T = AAATAT = A'S A7
O

REMARK 4.3.8. In particular, any component Y; of a Gaussian random vector (V7,. .., Yy)T
is a Gaussian random variable. The converse is not true: If Yj,... Y, are Gaussian ran-
dom variables, then it’s in general not true that (Yi,...,Y;)? is a Gaussian random vector.
However, if we additionally require that Y7,...,Y; should be independent, the statement
becomes true.

LEMMA 4.3.9. LetYy,..., Y, be independent Gaussian random variables. Then, (Y1,...,Yy)T
1s a Gaussian random vector.

PROOF. Let Y; ~ N(u;,02). Then, we can write Y; = 0;X; + y;, where X; are standard

i

normal and independent. So, the random vector (Y7,...,Yy)T is an affine transformation
of some standard Gaussian random vector (Xi,..., Xy)”T and hence, itself d-dimensional
Gaussian. ]
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LEMMA 4.3.10. The characteristic function of a d-dimensional Gaussian random vector'Y ~
Na(p, ) is given by

oy (t) :== Ee'hY) = ei<“’t>_%<t’2t>, t € RY.
PROOF. Fix t = (t1,...,tq) € R The mapping y + (t,y) is a linear map from R? to R

whose matrix is given by (¢1,...,%s). By Lemma [4.3.7 the random variable Z := (¢,Y) is
Gaussian with expectation (u,t) and variance (¢, 3t). We have

oy (t) = EeitY) — RetZ — ©z(1) = i) =3 (8.58)

where in the last step we used the known formula for the characteristic function of the
Gaussian random variable Z. ([l

EXERCISE 4.3.11. Let X, Xs,... be a sequence of d-dimensional Gaussian vectors whose
expectations p, converge to p and covariance matrices >, converge to >. Show that X,
converges in distribution to Ng(u, X).

What is the density of a multivariate Gaussian distribution Ng(u, X)? First of all, this
density does not always exist, as the following example shows.

EXAMPLE 4.3.12. Let us construct an example of a two-dimensional Gaussian random vector
which has no density. Let X be a standard normal random variable. The two-dimensional
vector (X, X)T is Gaussian because it can be represented as a linear transformation AX,

where
A:xz— (x) .
T

However, the random vector (X, X)T has no density (with respect to the two-dimensional
Lebesgue measure) because X takes values in the line {(z,z) : € R} which has Lebesgue
measure 0. Note that the covariance matrix of (X, X)7 is equal to

11
1 1)
This matrix is degenerate, meaning that its determinant is 0.

The next lemma gives a formula for the density of the multivariate Gaussian distribution in
the case when X a non-degenerate matrix.

LEMMA 4.3.13. The density of a d-dimensional Gaussian random vector Y ~ Ny(p, %),
where X 15 a non-degenerate matriz, is given by

o) = ——
T (Ver)ddet 5

If the matrix X 1s degenerate, then Y has no density with respect to the Lebesque measure
on R,

o~ 3 (t—pmE T (t-p)

PROOF. Since the matrix ¥ is positive semidefinite, we can write ¥ = £%/2 . £/2 for some
symmetric matrix 3'/2. We have the representation

Yy L512X 4y,
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where X is a standard Gaussian vector on R%. Consider the transformation
T:R* 5 RY 2 XY+ .
Then, T(X) 2 Y.

1. If ¥ is degenerate, then the image of T is a subspace of R? having dimension strictly
smaller than d. It follows that the image of T has Lebesgue measure 0. So, Y takes values
in a subset of R? which has Lebesgue measure 0. It follows that Y has no density.

2. If we assume that det 3 # 0, we have the inverse transformation

T y) =Sy — p).

The density of X is
1

0= oy

Now we can compute the density of Y by using the transformation of density theorem:

e_%@”’@, z € RY.

_ _ 1 _lys—1/2¢,,_ —1/2(, _
= Tt det 771 = ez (ET =) TRy u))) e Re.
fr(y) = fx (T (y))| | (orivaes y

Using the symmetry of the matrix /2, we obtain

1 1 1
_ —5((y—) .27 y—n))
= e 2 ,
) (vV2m)dy/det 2

which is the required formula. U

y € RY.

For general random vectors it is known that the independence of components implies their
uncorrelatedness, but the converse is, generally speaking, not true. It is an important prop-
erty of the multivariate Gaussian distribution that for this distribution, the independence
and the uncorrelatedness of the components are equivalent.

THEOREM 4.3.14. Let Y = (Yi,...,Yy)T be a random wvector with multivariate Gaussian
distribution. Then, the following properties are equivalent:

(1) The random variables Y1, ..., Yy are independent.

(2) Cov(Y;,Y;) =0 for all i # j.

PROOF. It is known that (1) implies (2) even without the multivariate Gaussian assumption.
We prove that (2) implies (1). Assume that Cov(Y;,Y;) = 0 for all ¢ # j. The components
Yy are Gaussian, say Y ~ N(ug,02). By the uncorrelatedness, the covariance matrix of YV’

is a diagonal matrix, whereas the expectation vector of Y may be, in general, arbitrary:

O’% 0O ... 0 1
0 o2 ... 0

w=|. " N T @
0 0 ... o3 fhd

The characteristic function of Y is given by

Mktk—fo’2t2

::]p~

— i<M7t>_%<t72t> — izzzl /J’ktk_% Zz:1 O'I%ti —
Oyl tg) = e e

Ilz&

k=1
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This implies that Y7,...,Y; are independent. [l

Recall that two random vectors X = (Xy,...,X,)T and Y = (V1,...,Y,,)" defined on
a common probability space are called independent if for every Borel sets A C R" and
B C R™ we have

PX € AY € Bj=P[X € A]-P[Y € B].

EXERCISE 4.3.15. Let (Xi,...,X,,Y1,...,Y,,) be a Gaussian random vector. Show that the
random vectors (Xy,...,X,) and (Y7,...,Y,,) are independent if and only if
Cov(X;,Y;) =0

foralli=1,...,nand j=1,...,m.

4.4. Brownian motion as a Gaussian process

A stochastic process is called Gaussian if its finite-dimensional distributions are multivariate
Gaussian. More precisely:

DEFINITION 4.4.1. A stochastic process {X(t): t € T'} is called Gaussian if for every n € N
and every ti,...,t, € T, the random vector (X (t;),..., X (t,))T is n-dimensional Gaussian.

EXAMPLE 4.4.2. Let us show that the Brownian motion is a Gaussian process. Take some
0<t; <ty <...<t, Weshow that the vector (B(t1),...,B(t,)) is Gaussian. Consider
the random variables

By the definition of the Brownian motion, these random variables are independent and each
has Gaussian distribution. It follows from Lemma that the random vector (Aq, ..., A,)
is n-dimensional Gaussian. We can represent (B(t1),...,B(t,)) as a linear transform of
(Al, Ce ,An)l

It follows from Lemma that the vector (B(t1),..., B(t,)) is also n-dimensional Gauss-
lan.

REMARK 4.4.3. The finite dimensional distributions of a Gaussian process are uniquely
determined by the expectation function p(t) = EX(¢) and the covariance function

F(tl, tz) = COV(X(tl), X(tg))
EXAMPLE 4.4.4. If B is a Brownian motion, then

EB(t) = O, F(tl,tg) = min(tl, tz)

Conversely, we have the following characterization of the Brownian motion.

THEOREM 4.4.5. A stochastic process {B(t): t > 0} is a Brownian motion if and only if
(1) B is Gaussian;
(2) EB(t) =0 for all t > 0;
(3) COV(B(tl), B(tg)) = min(tl,tg) fO’f‘ all tl,tg > 0,’
(4) B has continuous sample paths.
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PROOF. It is an exercise to show that the above four conditions are equivalent to the
conditions from the definition of the Brownian motion. 0

The next theorem is called the weak Markov property of the Brownian motion.

THEOREM 4.4.6. Let {B(t): t > 0} be a Brownian motion. Fix some u > 0. Then:
(1) The process B,(s) = B(u+ s) — B(u),s > 0, is also a Brownian motion.
(2) The processes {B(t): 0 <t <u} and {B,(s): s > 0} are independent.

Proor. We will verify conditions of Theorem [4.4.5. The process B, is Gaussian. Indeed,
for every s1,..., s,, the random vector (B,(s1), ..., Bu(s,)) can be written as a linear trans-
formation of the Gaussian random vector (B(u+ty), ..., B(u+t,), B(u)). Also, the process
B, has continuous sample paths because B does so by definition of the Brownian motion. In
order to show that B, is a Brownian motion, we compute the expectation and the covariance
function of B,. The expectation is given by

EB,(s) = E(B(u+ s) — B(u)) = 0.
The covariance function is given by
Cov(By(s1), Bu(s2)) = Cov(B(u+ s1) — B(u), B(u + s2) — B(u))
=min(u+ $1,u+ $2) —u—u+u
= min(sy, 7).
So, B, is a Brownian motion.

We prove that the processes {B(t): 0 < t < u} and {B,(s): s > 0} are independent. First
of all, we need to define what does this mean.

DEFINITION 4.4.7. Two stochastic process {X (t): t € T} and {Y(s): s € S} defined on the
same probability space are called independent if for all t;,...,¢, € T and sq,...,s,, € S the
vector (X (t1),...,X(t,)) is independent of (Y(s1),...,Y (sm)).

To show that the processes {B(t): 0 <t < u} and {B,(s): s > 0} are independent, it suffices
to show that there is no correlation between these two processes. Take some 0 < ¢ < u and
s > 0. Then,

Cov(B(t), By(s)) = Cov(B(t), Blu+s) — B(u)) =t; — t; = 0.
This proves the independence. U

The next theorem states the self-similarity property of the Brownian motion.

THEOREM 4.4.8. Let {B(t): t > 0} be a Brownian motion and let a > 0. Then, the process

(20120

1 again a Brownian motion.

PROOF. Exercise.
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4.5. Lévy’s construction of the Brownian motion

THEOREM 4.5.1. The Brownian motion exists. Concretely: It is possible to construct a
probability space (Q, F,P) and a stochastic process {B(t): t > 0} on this probability space
such that

(1) B(0) = 0.

(2) B has independent increments.

(3) B(t+ h) — B(t) ~ N(0,h) for allt,h > 0.

(4) For every w € §) the function t — B(t;w) is continuous in t.

PROOF. First we will show how to construct the Brownian motion for ¢ € [0, 1].

STEP 1: Construction on the set of dyadic rationals. Consider the sets

k
Dn:{Q—n:kZO,l,...,Qn}, nGNO
The first few sets are given by
1 113
Do={0,1}, Dy=140,1%, Dy=4{0> -1
0 {07 }7 1 {0727 }7 2 {07472747 }7

Note also that Dy C Dy C .... Let D be the set of dyadic rationals in [0, 1]:

D= G D,.
n=0

By Kolmogorov’s existence theorem, we can construct a probability space (2, F,P) carrying
a collection {Z;: t € D} of independent standard normal random variables indexed by D.

For every n € Ny we will construct a family of random variables {B(d): d € D, } such that
(1) For all » < s < t in D, the random variables B(t) — B(s) ~ N(0,t — s) and
B(s) — B(r) ~ N(0,s — r) are independent.
(2) The processes {B(d): d € D,} and {Z;: t € D\D,} are independent.
We use induction over n.
Case n = 0: For n = 0 we define B(0) =0, B(1) = Z; ~ N(0, 1).
Passing from n — 1 to n: Assume we have constructed {B(d): d € D,,_;} for which Proper-
ties (1) and (2) hold. We construct {B(d): d € D, } as follows. For d € D,\D,,_; define
B(d—2"")+B(d+2™") N Zg

2 9"t

B(d) =
Property (2) holds because for d € D,,, the random variable B(d) is defined in terms of the
random variables {Z;: t € D, } only.
We prove Property (1). Define random variables:

Bd+2™")—-B(d—-2"
o B2~ B2

— ~N(0,27"71).

~ N(0,27"71),
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The random variables X; and X3 are independent by Property (2) (which, by the induction
assumption, holds for n — 1 instead of n). By Lemma [4.3.3] the random variables

X1+ Xy=DB(d)—B(d—2"") ~N(0,27"),
X1 —Xo=B(d—-2"")—B(d) ~N(0,27")
are independent.

The above shows that any two “neighboring” increments of the form B(d) — B(d — 27"),
B(d—27")—B(d), where d € D,\D,,_1, are independent. In fact, we show that all increments

B(d) — B(d—2""), de D,\{0},

are independent. This implies Property (1). The vector formed by these increments is Gauss-
ian since it is a linear transform of the standard Gaussian vector {Z;: t € D,,}. Consider
two intervals of the form

I, = [dl — 2_n,d1], I, = [dg — 2—n’ dg], dl,dg € Dn\{O}, dy < ds.

They are separated by some d € D;, where we choose j to be minimal with this property.
We prove that the increments of B over these intervals are independent. We have considered
the case when j = n above. Therefore, let j < n. The intervals I; and I, are contained
in K1 = [d—277,d] and Ky = [d + 277,d] since otherwise, we could replace d by d 4 277
which has smaller 5. By the induction assumption, the increments of B over the intervals K
and Ky are independent. The increments over the intervals I; and I, are defined using the
increments over K; and K, and some disjoint subsets of the family {Z;: t € D, }. Hence,
the increments over I, and I, are independent.

This completes the construction of {B(t): t € D}.

STEP 2: Extending the construction to [0, 1]. Define a sequence Fy, F}, ... of random func-
tions on the interval [0, 1] as follows. Let Fy(t) = Zit, for t € [0,1]. Further, define

F(t>_ 07 tEanla
"\ 27 4, t€ D\Dy,

and let F,,(t) be defined by linear interpolation between the points from D,,.
For d € D,, we defined in Step 1

B(d) =) Fi(d) =) F(d).
i=0 i=0
We prove that there is a measurable set €; C Q with P[Q;] = 1 such that for all w €

there exists N = N(w) € N such that for all n > N,
(4.5.1) sup |F, ()| < 3y/n27/2.
]

tefo,1

Let us prove (4.5.1). Let ¢ > 1. Then, for large enough n,

(4.5.2) P[|Zq| > cv/n] = 2P[Zy > ey/n] < 2e~C/2.
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Here, we used the asymptotics

—x2/2

P[Zy > x] ~ e r — 00,

2mx

which can be proven using the L'Hospital rule. We have, using (4.5.2)),

S PEd€ Dyt |2 2 oV €3S PlZal 2 o] < C+ 320 +1) -2 < oo,
n=0 n=0

n=0 deD,

where the last step holds if ¢ > /2log 2, for example, if ¢ = 3. By the Borel-Cantelli lemma,
we obtain that (4.5.1]) holds.

It follows from that for all w € Q; the series Y F,(t;w) converges uniformly
over t € [0,1]. The sum of the series is denoted by B(t;w). Since the sum of a uniformly
convergent series of continuous functions is continuous, we have that for all w € ; the
function t — B(t;w) is continuous.

STEP 3: We show that the process {B(t): t € [0, 1]} constructed in Step 2 has independent
and normal increments. Take some 0 < ¢; < ... <, < 1. Since the set D is dense in [0, 1]
we can find for every k € N dyadic rationals 0 <1, , < ... <t,; < 1sothat limy_ ot =t
for all 7 = 1,...,n. By the continuity of B we have

A; = B(t;) — B(ti-1) = l_glo(B(tzk) — B(tiig)) = ]}1_{210 Ak,

k

where A, := B(t;r) — B(ti—1x) and we put ty = to = 0. The vector (Ayy,...,Any) is
Gaussian by the construction from Step 1, with mean 0. Again, by the construction of Step
1, we have

COV(A,;’]“ Amk) = (tz,k — ti—l,k)ﬂ-i:j — (tz — ti—l)l]-i:ja as k — oo.
It follows (see Exercise [4.3.11]), the random vector (Aq, ..., A,) is also Gaussian, with mean

0 and with covariance matrix
COV(AZ‘, A]) = (tz — tifl)ﬂi:j-

In particular, the components of this vector are independent and the variance of A; ist;—t;_1.
This proves that {B(¢): t € [0,1]} has independent increments and that B(t + h) — B(t) ~
N(0, h).

STEP 4: We extend the construction to all £ > 0. Take independent copies By = B, By, Bo, . ..
of the process {B(t): t € [0, 1]} constructed in Steps 1-3 and glue them together. Concretely,
for t € [n,n + 1] define

n—1

B(t) = Bu(t—n)+>_ Bi(1).

=0
The process {B(t): t > 0} defined in this way is Gaussian and has continuous sample paths.
It is not difficult to check that its covariance function coincides with the covariance function
of the Brownian motion. So, the process {B(t): ¢t > 0} is the Brownian motion. O
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4.6. Non-differentiability of Brownian motions paths

THEOREM 4.6.1 (Paley, Wiener, Zygmund). Let {B(t): t > 0} be a Brownian motion defined
on a probability space (0, F,P). Then, with probability 1, the function t — B(t) is nowhere
differentiable. Concretely: There is a measurable set Q' C Q with P[QY] = 1 such that for all
w € QY and for all ty > 0 the function t — B(t;w) has no derivate at t.

REMARK 4.6.2. We will prove even more. For a function f : R — R define

ft+h) - f(t)
h

DY f(t) = limsup
h{0

(upper right derivative),

ft+h) — f(t)
h

If DT f(t) = D™ f(t) is finite, then we say that f is differentiable from the right. In a similar

way one can define the upper left derivative and the lower left derivative. Consider the set
A:={w e N: 3t € [0,1] such that — oo < D™ B(tp;w) < DT B(tp;w) < +00}.

We would like to show that P[A] = 0, that is for almost every sample path of the Brownian
motion and for every ¢ty > 0 we have D' B(tq) = 400, or D~ B(t;) = —o0, or both. However,
it is not immediately clear whether the set A is measurable. Therefore, we will prove a
somewhat weaker statement: There is a measurable set A’ with P[A’] = 0 such that A C A’.

<)

Fix some M € N. We show that P[Ap] = 0. Take some n € Nyn > 3. Any ¢y € |
X1k =1,...,2". If the event Ay occurs and t, €

D™ f(t) = 1ir£1¢%nf (lower right derivative).

PROOF. We have A C Up;enApy, where

B(to+ h) — B(t
Ay = qw € Q: 3ty € [0,1] such that sup (to + 1) (to)
he[0,1] h

be in some interval t, € [£-1 2n 5 =% 2% ,
then the following three events also occur:
(1) i« IBUS) = B3| < [BUSE) = Blto)| + [B(to) - B(35)| < 4.
2
(2) FO)+ B(52) = BUSEL)| < |B(52) = B(to)] + | Blte) — B(5H)] < 3.
3
(8) FOL+ IBU2) — B(S2)| < |B(5E2) — B(to)] + | Blte) — B(552)] < 4.
Consider the event F), j, = Fé,z N Ff,z Fqiglg Then, for every n > 3 we have
2’VL
AM C U Fn,k~
k=1
We will estimate the probabilities }P’[Fﬁ] P[Fﬁg] P[F)]. For example for P[F")] we have
k k+2 N M
PF®)) =P B(FE3) _p(FE2)| < =P | | |N|<7—,
n, 2n 2” \/2_"

where N is a standard normal random variable. Denotlng by fN( ) its density (which is
smaller than 1/v/27 < 1/2), we have

M

on/2 M
PES) = [T peltdr < o

M 2n/2

on/2
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Similarily, one shows that

™™ ™™
PIFD < o P < onf-

Since the events Fél,z, Fn@,z, F 753,2 are independent (by the independence of increments of the

Brownian motion), we have

It follows that (MY (7ML
PlAy] < PlUL Fup] <27 S = o
Since this holds for every n > 3, we have P[A);] = 0 and hence, the set A" := UpenAps has

probability 0. We can now take ' = Q\ A'. O
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