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Prelude

Stochastic processes play a central role in modern stochastics. They are used in various ap-
plication fields, including financial mathematics, as well as in biology and physics. Stochastic
processes are always used when a variable - for example a stock price, the frequency of an
allele in a population or the position of a small particle — changes randomly over time.

The aim here is to provide important tools for dealing with stochastic processes. We will
deal with important examples, such as the Poisson process or Brownian motion. The latter
also plays a decisive role in the construction of stochastic integrals.

The following books have guided me as references for the purpose of this manuscript.

e Durrett, Rick. Probability: Theory and Examples, Cambridge Series in Statistical and
Probabilistic Mathematics, 2019

e Kallenberg, Olaf. Foundations of Modern Probability Theory. Springer, third edition,
2021

e Klenke, Achim. Probability theory. A comprehensive course. Springer, 2014

This manuscript is based on the courses in Measure Theory and Probability Theory, which
cover Sections 1-3, and 412, respectively.

The present english version of this manuscript was written based on the German version
with the help of DeepL.


https://www.deepl.com/translator
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13 Introduction

Stochastic processes are nothing more than families of random variables. It is important to
realize that this family is indexed by with time. In the course of time, more and more random
variables are realized.

In the following, let (2, F,P) be a probability space, (F,r) a complete and separable
metric space with with Borel’s o-algebra B(E) and I an ordered subset of R, which we also
call index set. We will always consider the two cases I C Z and I C R. Note already here
that an uncountable index set, such as I = R, raises new questions, as probability measures
are only known to be able to deal with countably number of events.

13.1 Definition and existence

First of all, we take care of the elementary question of what a stochastic process is and how
it can be defined in an unambiguous way.

Definition 13.1 (Stochastic process). 1. Let X = (Xi)ier such that Xy : Q@ — E is
F/B(E)-measurable. Then, X is called an E-valued (stochastic) process. For w € €,
the mapping given by X (w) : t — Xy (w) is called a path of X.

2. If in 1., the probability space Q = E and X, = m; is the projection, then X is called
canonical process.

3. Let 0 < p < oo. A real-valued process X = (Xi)ier is called p-fold integrable if E[| X;|P] <
oo for allt € I. It is called LP-bounded, if sup,c; E[|X:|P] < oco.

In the Sections 13.2 and 13.3, we will become familiar with two examples of stochastic pro-
cesses. In particular, the Poisson process (see Section 13.2) is the first process with an
uncountable index set I = [0, 00).

Example 13.2 (Sums of independent random variables and Markov chains). From the lecture
Elementary Probability Theory, some stochastic processes are already known, even if they
were not called stochastic processes.

1. Let (Xy)ier be independent. Then X = (Xi)ier is a (very simple) stochastic process.

2. Let X1, Xo, ... be real-valued, independent, identically distributed random variables. Then,
S = (St)i=012,.. with Sp =0 and

fort = 1,2,... is a real-valued, stochastic process with index set I = {0,1,2,..}. In
particular, if P(X; = £1) = 1/2, then S is called a one-dimensional, simple random
walk; see Figure 1.

3. Let k(.,.) be a stochastic kernel (see Definition 5.9) from (E,B(E)) to (E,B(E)). Fur-
ther, let Xy be an E-valued random variable and given X, Xi11 has the distribution
k(X .), t=0,1,2,... Then (X¢)i=o,1,.. is called an E-valued Markov chain.



Figure 1: A path of a one-dimensional random walk.

Remark 13.3 (Repetition: Existence of stochastic Processes).

1.

Recall from Section 5: the product o-algebra on the space E! is defined as the smallest
o-algebra with respect to which all projections my,t € I are measurable. In particular,
for an E-valued stochastic process X = (Xy)ie1, the mapping w — X (w) is F/B(E)!-
measurable. Furthermore, a projective family on F is a family of distributions (PJ)Jgf]
with Py = (7;).Py for H C J, where ; is the projection of E7 onto EL.

Often, the finite-dimensional distributions of a stochastic process X = (Xi)ier, i.e.
the joint distribution of (X, ..., Xy, ) for any ti,....,t, € I, are given. For example, in
Sections 13.2 and 13.3, the Poisson process and Brownian motion are given by specifying
the joint distribution of (X, Xv, — Xty s ooy, Xt,, — Xt ). This also uniquely defines the
finite-dimensional distributions. In order to ensure that there is a stochastic process
for these finite-dimensional distributions, we need Kolmogorov’s extension theorem; see
Theorem 5.24. It should be noted that finite dimensional distributions of stochastic
processes are always projective; see also Example 5.22.2.

Definition 13.4 (Equality of stochastic processes). Let X = (X¢)ier and Y = (Yi)ier be two
FE-valued stochastic processes.

1.

2.

Ifx 4 Y, then Y is a version of X (and vice versa).

If X and Y are defined on the same probability space and P(X; =Y;) =1 for allt € I,
then X is called a modification of Y (and vice versa).

If X and Y are defined on the same probability space and P(Xy =Y; for allt € I) =1,
then X and ) are called indistinguishable.

The paths t — X;(w) of a stochastic process can have have certain properties. For example,
they can be continuous functions I — F. In addition to processes with continuous paths, we
will need processes with right-continuous paths and left-limits.

Definition 13.5 (Right-continuous functions, left limits). A function f : I — E is called



right-continuous in t € I with left-sided limit value® if
f(t) =lim f(s) and lim f(s) exists.
slt sTt
It is called right-continuous with left limit values if this property holds for all t € I. The set
of right-continuous functions with left limits is denoted by Dg(I).

Proposition 13.6 (Versions, modifications, indistinguishable processes). Let X = (Xi)ier
and Y = (Yi)ier be stochastic processes with values in E.
1. The process Y is a version of X (and vice versa) if both processes have the same finite-
dimensional distributions, i.e. (X¢,, ..., X+,) 4 (Yz,, ..., Yy,,) for any choice of n € N and
t1, .., tn € 1.

2. If X and Y are indistinguishable, then X is a modification of Y (or vice versa). If X is
a modification of Y, then X is a version of Y.

3. If I is at most countable and X is a modification of Y (or vice versa), then X and Y
are indistinguishable.

4. If I =[0,00) and X and Y have almost surely right-continuous paths and X is a modi-
fication of Y, then X and Y are indistinguishable.

Proof. 1. '=": clear. <" Let (Q,F,P) and (Q/,F',P’) the probability spaces on which
probability spaces on which X and ) are defined. We consider the N-stable generator

C:={r;Y(A): AcBE)JC; 1} CBE)
of B(E)!. Further, for J C; I, A € B(E)V,
P((Xi)ies € A) = P ((Yi)ies € A),
ie. X,P and ),P’ coincide on C. According to Theorem 2.11, this means that X,P = ), P’.
So Y is a version of X.

2. Let t € I. If X and Y are indistinguishable, then P(X; #Y;) <P(Xs; # Ys foras e I) =
0. If X and Y are modifications and t1, ..., t, € I, then

P(th = Y%17"'7th = }/tn) =1

since finite unions of null-sets are null-sets. In particular, X and ) have the same finite-
dimensional distributions. According to 1. ) is therefore is a version of X.
3. The statement is clear because of the o-subadditivity of probability measures,

P(X,# Y foratel) <) P(X;#Y;)=0.
tel

4. Let R be a set with P(R) = 1 such that X and ) have right-continuous paths on R and
N; := {X; #Y;}. Further, let I' = INQ. Then, P(U,c;y N:) =0 and

P(teU[Nt) < P<RﬂteUnzyngr) :P(RHTLEJFNT) —0.
0

'Such functions are also called rcll (right-continuous with left limits) or cadlag (continue & droite, limite &
gauche)




Remark 13.7 (Versions with different path properties). Let X = (Xi)ier be an E-valued
stochastic process and I = [0,00). FEach path t — X;(w) is therefore a mapping I — E.
A distinction is made between stochastic processes according to their path properties. For
example, if t — Xi(w) is a continuous function for almost all w, we say that X has (almost
certainly) continuous paths. It is important to realize that the property of the process to have
continuous paths cannot be read from its distribution:

Let Y = (Yi)ter with Yy =0, and T ~ exp(1) and X = (Xi)ier given by

1, t=T,
X, = ‘
0, otherwise.

Then P(X; =Y;) =P(T #1t) =1 for each t € I. So X is a modification of Y. In particular,
according to the last proposition, the distributions of X and ) coincide. However, only ) has
continuous paths, but every path of X is discontinuous (at T'). In particular, X and ) are
not indistinguishable.

Theorem 13.8 (Continuous modifications; Kolmogorov, Chentsov). Let X = (X;)ier be an
E-valued stochastic process with I = R or I = [0,00). For every 7 > 0 there are numbers
a, B,C > 0 with

E[r(X,, X)) < C|t — s|'?

for all 0 < s,t < 7. Then there is a modification X = (Xt)tel of X with continuous paths.
The paths are even almost surely local Holder-continuous of any order v € (0, 3/a).?

Proof. Tt is sufficient to show the statement for I = [0, 1]. The general case follows by dividing
I into countably many intervals of length 1. We consider the set of time points

Dy :={0,1,..,2"} . 27"
forn=0,1,..., D =J,2, Dy and the random variable
En 1= maX{T(X&Xt) :8,t € Dy, [t —s| = 2—n}'

Let 0 < v < #/c. Then for some C' > 0,

o

E[Y @7¢)| =D 2B < Y2 Y ER(X, X))
n=0 n=0 n=0 $,tE Dy, |t—s|=2—"

. - (13.1)
<Y 20mpngnHh) = ¢y "ol < o0,

n=0 n=0
Therefore, there is a random variable C' with &, < C'277 for all n = 0,1,... Now let
m € {0,1,...} and r € 2771 27| N D. Then,
sup {r(Xs, X¢) : s,t € D,|s —t| <r} = sup {r(Xs, Xy) : s,t € Dy, |s —t| <r}
n>m

<2Y g <200 Y 27 < ¢ra D < oy, (13.2)

n>m n>m

2As a reminder: a function f : I — E is locally Holder-continuous of order =, if for every 7 > 0 there is a
C with r(f(s), f(t)) < Clt —s|” for all 0 < s,t < 7.



for a random variable C”. It follows that almost every path on D is Holder-continuous
to the parameter y. This means that X can be extended Holder-continuously to I. We
call this continuous extension )V = (Y;)ic;. To show that ) is a modification of X, we
consider a t € I and a sequence t1,%9,... € D with ¢, — t with n — oco. Because of the
condition, P(r(Xy,, X;) > €) < E[r(Xy,, X;)%]/e* 222 0 for each & > 0, i.e. Xy, ——, X
Furthermore, due to the continuity of ), we find Y}, TH—oo>fs Y;. In particular, P(X; = Y;) =
1. This completes the proof. ]

13.2 Example 1: The Poisson process

For the first time, we consider a concrete stochastic process with process with index set
I =[0,00). A path of the Poisson process is shown in Figure 2.

Remark 13.9 (Modeling by a Poisson process). We want to model clicks of a Geiger
counter, calls to a call-center, mutation events along ancestral lines, or something else which
has events randomly occurring in time. We want to analyze such counting processes with
the help of a stochastic process X = (Xi)ier with I = [0,00). Let X; be the number of
clicks/calls/mutations up to time t. For such a process it makes sense to make a few assump-
tions:

1. Independent increments: If 0 =ty < t; < ... < tp, then (Xy, — Xy,_, :i=1,...,n) is an
independent family.

2. Identically distributed increments: If 0 < ¢, < to, then Xy, — Xt, < X1y—1, — Xo.
3. No double-points: It ¢s limsup,_,, %P(XE - Xo>1)=0.

Definition 13.10 (Poisson process). A real-valued stochastic process X = (Xi)ie[o,00) With
Xo =0 is called a Poisson process with intensity A if the following applies:

1. For 0 =ty < ... <y, the family (Xy, — Xy,_, i =1,...,n) is independent.
2. For 0 <ty <ty is Xt2 — th ~ POi()\(tQ — tl)).

Proposition 13.11 (Existence of Poisson processes). Let A > 0. Then there is exactly one
distribution Py on (B(R))! such that the canonical process with respect to Py is a Poisson
process with intensity .

Proof. As for uniqueness: The finite-dimensional distributions of P; as given by 1. and 2.
from Definition 13.10 are uniquely defined. Therefore the uniqueness follows from Proposition
13.6.1.

For existence, we define the Poisson process as a projective limit. For J = {t1,...,t,} Cf I
with 0 =tg < t1 < ... < t, we set for g =0

S™ (1 = Ty ey Ty — Tp—1) > (T, ey T).

Further,

PJ = Sf éPOI()\(tZ - tifl))- (133)

=1



In other words: If Y;, 4, | for ¢ = 1, ..., n are independently Poisson distributed with parameter
A(t; —ti—1), then Sn(}/(tlfto)’ e Y;n*tnfﬂ) ~Pj.

We now show that the family (P;: J Cy I) is projective: let J = {t1,...,t,} as above and
H = J\ {t;} for one i. Then,

POi()\(tiJrl — tz)) * POI()\(tl - 151;1)) = POi()\(ti+1 - tifl))

and therefore
() Py = (nfy 0 S™) ®P01 i —tj_1)) =Py.

According to Theorem 5.24, there is the projective limit P;. Let us consider the canonical
process X = (X;)icr with respect to Py. It has the finite-dimensional distributions (P; : J C¢
I). In particular, because of (13.3) increments are independent and Poisson distributed. Thus
X fulfills the conditions 1. and 2. from Definition 13.10. 0

Proposition 13.12 (Characterization of Poisson processes). A non-decreasing stochastic
process X = (Xy)wer with Xo = 0 and values in Z4 is a Poisson process with intensity \ iff
A =E[X] — X¢] < 00 and 1.-3. from Remark 13.9 are fulfilled.

Proof. ’=": 1. and 2. from remark 13.9 are clearly fulfilled. For 3. we calculate directly

L—e (1 +Xe) _1-(1=Xe)(1+Xe) eo

IP(X.>1) = . .

0.
<’ 1. from Definition 13.10 is fulfilled. It remains to show that X; ~ Poi(At). Let for
neNk=1,..n

n
7y = Xugn — Xemvym) AL X7 =D 77

This means that Z}' indicates whether in the interval (t(k —1)/n;tk/n] at least one jump has
taken place. Then, since X}* is monotonic in n,

P(lim X' # X;) = lim P(X] # X;)
n—00
= lim P(th/n Xt(k—l)/n > 1 for a k)

n—oo
n
<
< lim 2 P(Xp/n — Xik—1)/n > 1)

= lim nP(X;), >1) ——

n—oo

n—oo

—0

from 3. Further, X' is binomially distributed with n and probability of success p, :=
P(X;/, > 0). Because of the linearity of the mapping ¢ + E[X;] and, since X[ 1 X, it
follows from the theorem on monotone convergence,

A =E[X;] = nlgrgo E[X]]| = nh_)rgo npn.



By a Poisson approximation (see Example 10.1),

P(X;=k)= lim P(X! =k) —P(X]' = k; X; # XI') + P(X; = k; X; # X]")

n—oo
= 11_>rn P(X} = k) = Poi(At)(k),
i.e. Xy ~ Poi(At) and the assertion follows. O

Proposition 13.13 (Construction by exponential distributions). Let Si,Ss, ... be indepen-
dent, exponentially distributed with parameter X. Further, let X = (Xt)ier be given by

X =max{i:S1 + ..+ S5; <t}
with max () = 0. Then X is a Poisson process with intensity \.

Proof. We must show that for 0 =ty < ... < t,, k1,....kp € N
P(Xy, — Xoy =k, Xy, — Xy, = k) = [ [ Poi(A(t; — t;-1)) (k).

This will only be calculated for the case n = 2, the general case follows analogously. In the
following calculation, let 0 < s < t and Uy, Us, ... uniformly distributed random variables on
[0,t]. We calculate

P(X,— Xo=k, X, —

/ / / / / / / )\k-i-f-i—l —As1 —>\(82 81)“_
Sk41 Sk4o—1

.e )\(Sk+l+1_sk+[)d8k+£+1-~-d81

s s s t t t o]
= )\kH/ / / / / / (/ )\e*/\sk+l+1dsk+e+l>d8k+e...dsl
0 Js1 Sk—1Y8 JSkpy1 Ske—1 t

e MNHRHPIU < < U < 5 < Upyy < ... < Upad]

- e_métg(k#) G)k(t P s)z(ki@!

_ s (As)* o Ai—s) (At - 9))*
k! i ’

and the assertion follows. O

Example 13.14 (Left- and right-continuous Poisson process). Let, similar to Proposition
13.13, the stochastic process process Y = (Yy)ier given by

Y :=max{i: S + ...+ 5; <t}

Paths of the processes X from proposition 13.18 and Y can be seen in Figure 2. The two
processes differ in that X is right-continuous and Y is left-continuous. However, both processes
are Poisson processes with intensity A, as you can easily see. This is because P(X; =Y;) =1
applies for all t € [0,00) and thus Y is a version of X according to Proposition 13.6. As
you can see from this example, two processes with the same distribution can have completely
different paths.

10
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Figure 2: The right-continuous Poisson process X and the left-continuous Poisson process ).

13.3 Example 2: Brownian motion

Brownian motion is named after the botanist Robert Brown who observed in a microscope
how pollen appears to move under thermal fluctuations seem to move erratically. We will give
a mathematical definition for this process, that will be particularly important in stochastic
analysis. Moreover, the normal distribution will play an important role in this process. A
path of a one-dimensional Brownian motion can be found in Figure 3.

This section only serves to introduce Brownian motion. We will learn more about prop-
erties of Brownian motion later.

<
-

0.5
|

0.5

0.0 0.5 1.0 15 2.0 2.5 3.0

Figure 3: A path of a Brownian motion.

Definition 13.15 (Brownian motion and Gaussian processes). Let X = (X;)ier be a stochas-
tic process with values in R.

1. The process X is called Gaussian if ¢ X¢, + - - - + ¢ Xy, for each choice of c1,...,cp, € R
and t1,...,tn, € I is normally distributed. For a Gaussian process, t — E[X] denotes its

11



expectation and (s,t) — COV(X,, Xy) its covariance structure.

2. If I = [0,00), then X is called a Brownian motion with start in x, if the process has
continuous paths and if for each choice of 0 =ty < t; < --- <ty it holds that X3, = x
and Xy, — Xy, are independently distributed according to N(0,t; — t;—1), i = 1,...,n.
If x =0, then X is also called standardized or also Wiener process.

3. Let X' = (th)te[o,oo),...,/'\i'd = (Xg)te[o,oo) Brownian motion. Then the R¥-valued
process X = (Xi)ielo,00) with Xi = (X}, ..., X{) is called ad-dimensional Brownian
motion.

Remark 13.16 (Continuity of Brownian motion). According to Theorem 5.24 it is clear
that there is a process whose increments are mormally distributed as specified in Defini-
tion 13.15.2. The specified distributions (Xi,, ..., Xi, )neNt,..tnel are in fact a projective
family. For example, if Xy, — Xy, | ~ N(0,t; —ti—1) and Xy, , — X4, 5 ~ N(0,ti—1 — ti_2),
then Xy, — Xy, , = Xo, — Xy, , + Xy, , — Xt,_, ~ N(0,t; — ti—2) because of example 5.20.
However, it is less clear whether there is there is also a process with such increments that has
continuous paths has. To check this, we use the criterion from Theorem 13.8.

Proposition 13.17 (Existence of Brownian motion). Let X = (X¢)ieo,00) be a real-valued
stochastic process such that for any choice of 0 =tg < t1 < ... < t, it holds that Xy, = = and
X, — Xy, , are independent and are distributed according to N(0,t; —t;—1), i =1,...,n. Then
there exists a modification Y of X with continuous paths. In other words, Y is a Brownian
motion. The process Y is even locally Hélder continuous for every parameter v < 1/2. Fur-
thermore, the covariance structure of Brownian motion Y is given by COV (X, X;) = s A t.

Proof. Wlog let = 0. The existence and uniqueness of a process with independent normally
distributed increments follows as in the proof of Proposition 13.11. Since X, ~ N(0,s),

X 4 s1/2X1, as can be seen, for example, from Example 6.13.3. For a > 2,
E[|X; — X,|* = B[ Xi—s|*) = B[((t — 9)"*|X1))] = (t — )*E[|X1]"].

According to Theorem 13.8, there is therefore a modification of X with continuous paths.
According to the above calculation, these are Holder-continuous for each parameter v €
(0, ((a/2) —1)/a) = (0, (a —2)/(2a)). Since a was arbitrary, the Holder continuity follows for
each v € (0,1/2).

To determine the covariance structure of X', we calculate for 0 < s <t

COV (X, X;) = COV(X,, X;) + COV (X, Xt — X;) = VX = s.
An analogous calculation for ¢t < s provides the result COV (X;, X¢) = s A t. O

Lemma 13.18 (Characterization of Gaussian processes).
Let X = (Xt)ico,o0) and YV = (Yi)ico,00) be Gaussian processes with E[Xy] = E[Y;] and
COV (X, X;) = COV(Y,,Y,). Then Y is a version of X (and vice versa,).

Proof. Let n € N and c¢y,...,¢, € R be arbitrary. Then, for each choice of t1,....t, € I
both Zx = c1 X, + - + cn Xy, as well as Zy := 1Yy, + -+ - ¢ Y, are normally distributed.
Furthermore, according to the assumption,

ElZx] = aE[Xy ]| + -+ ,E[Xy,] = aE[Y, ] + - + ,ElY}, | = E[Zy]

12



and

V(Zx) = Z CiCjCOV(Xti,th) = Z CZ‘CJ'COV(Y%Z.,Y;J.) = V(Zy).

i,j=1 i,j=1

This means that Zx 4 Zy. Since c1, ..., ¢, were arbitrary, it follows from Proposition 10.17
that (X4, ..., X+,) 4 (Y%, ..., Yy, ). With Proposition 13.6.1 the statement follows. O

Theorem 13.19 (Brownian scaling). Let X' = (X;)ic[0,) be a Brownian motion. Then, the
processes (Xc24/¢)ief0,00) are for each ¢ >0 and (tX1)ic(0,00) also Brownian motions.

Proof. Tt is clear that both (X.2;/c)ici0,00) and (tX1/¢)¢e[0,00) are Gaussian processes. Fur-
thermore,

E[XCQt/C} =0,
E[tXl/t} =0,

and for s,t >0

COV[X,2,/c, X.21/c] = = (c*s A *t) = s A t,

11
COVI[sX,/,tX, )] = st(; A E) — s AL

1
2

Now the assertion follows with Lemma 13.18. O

13.4 Filtrations and stopping times

In a stochastic process, more and more of the underlying random variables of the underlying
random variables are realized as time goes by. This means that more and more information
about the path of the process becomes process becomes visible. Now information is synony-
mous with the measurability with respect to a o-algebra, as can be seen from the lecture
Probability Theory. Since the information grows over over time, a stochastic process involves
an increasing family of o-algebras, which we will call a filtration in the in the following.

Definition 13.20 (Filtrations, stopping times). Let X = (X;)ter be an E-valued stochastic
process defined on a probability space (2, F,P).

1. A family (Fi)ier of o-algebras with Fy C F,t € I, is called filtration if Fs C Fy for all
s <t.

2. The filtration F = (Fi)ier with Fy = 0(Xs 1 s < t) is called the filtration generated by
X.

3. The stochastic process (Xi)ier is called adapted to the filtration (Fi)ier if Xi is a
Fi/B(E)-measurable random variable for all t € I.

Now let F = (Fi)ier be a filtration.

13



5. A random time is a random variable with values in I (the completion of 1). A random
time T is called ((Fi)ier-)stopping time if {T" < t} € F; for allt € 1. If I = [0,00),
then a random time T is called ((F)ier-)option time if {T' <t} € Fy for allt € I. (In
the case I ={0,1,2,...} we do not need this term.)

6. Fach stopping time T defines the o-algebra
Fr={Ac A: An{T <t} e F,tel}
of the T-past.

7. For a random time T, Xt is defined by w — Xrp,y(w). Further, XT = (Xpat)ter is
the process stopped at T

Remark 13.21 (Interpretation of the definition of stopping times). Let X = (Xi)ier be a
stochastic process and (Fy)ieq the canonical filtration. One can view F; as the information
that is available at time t through knowledge of (Xs)o<s<t- If T is a stopping time, then
{T <t} € F. So the occurrence of the event {T" < t} can be predicted by knowledge of
(Xs)s<t- In other words by knowing the stochastic process up to time t it can be decided
whether the stopping time T has occurred by now at the latest. If T' is an option time, then
by knowing the stochastic process up to time t, it can be decided whether the stopping time T
has already occurred in the past of t.

Example 13.22 (Hitting times in the Poisson process). Let X = (Xi)iej0,00) and YV =
(Yt)te[o,oo) the right and left continuous Poisson process from example 13.14, respectively,
and (F{V)te[om) and (f,?})teo,m) the corresponding filtrations. Further, let

Tp:=inf{t>0: X; =1} =inf{t >0:Y;, =1}

be the hitting time of 1. (The last equality holds because the processes X and Y jump from 0
to 1 at the same time). Then:

e T is both (f{y)te[om)—stoppmg time, as well as a (.F{Y)te[opo) option time.

Indeed: If Ty =t is the jump time from 0 to 1, then Xy =1, i.e. {11 <t} ={X; > 1} €
o((Xs)s<t) = F¥ and {Ty <t} = {X;— > 1} € 0((Xs)s<t) € Fi*.

o T} is indeed an (.7-?]),56[0700) option time, but not a (.7:3)),56[0’00) stopping time.

Indeed: If Ty = t is the jump time from 0 to 1, then Yy = 0, but Yir = 1, i.e. {T1 <
ty = {Xip > 1} € o((Ya)s<trn) for every h > 0, but not {T1 < t} € FY. However, still
(T <t} ={Vi > 1} € o((Ye)szs) € F7.

Lemma 13.23 (Simple properties of stopping times). Let (F;)ier be a filtration.
1. Each time T = s € I is a stopping time
2. For stopping times S, T, the times S AT and S VT are also stopping times.
3. For stopping times S, T >0, S+ T is a stopping time.

4. Each stopping time T s Fr measurable.
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5. For stopping times S, T with S < T is Fg C Fr.

Proof. 1. fort € I'is {s <t} € {0,Q} C F;, i.e. T = s is a stopping time.

2. fort € [is {SAT <t} ={S <t}U{T <t} € Frand {SVT <t} ={S <t}n{T <t} € F.
3. Let t € I. There are S At and T At stopping times, i.e. for s < tis {SAt < s} € Fs C F.
For s > t, {SAt < s} =Q € F;, i.e. SAt is Fi-measurable. Analogously, it follows that T'At is
JFi-measurable. Furthermore, 115+, {75 Fi-measurable. If we set S’ = SAt+ Lis>t) T =
T At + 1{psy, then S +T" is Fi-measurable and {S +T <t} = {S' +T' <t} € F;.

4. Since T is a stopping time, {T" < t} € F;. According to the definition of Fr this means
{T <t} € Fr. Since H := {(—o0;t] : t € R} is a generator of B(R), so the assertion follows.
5. Let A€ Fsand t € I. Since B:= AN{S <t} e F,

AN{T <t} =Bn{T <t} e F,
ie. A€ Fr. O

Definition 13.24 (Continuous and complete filtration). 1. Let (F)ejo,00) be a filtration.
We define (}-tJr)te[O,oo) by Fi = Ngs Fs- Further, (Ft)te[o,00) s continuous if Fit = Fi.

2. Let N = {A : there exists a N O A with N € F and P(N) = 0}. Then, the filtration
(Ft)eer is called complete if N C F; for each t € I.

Lemma 13.25 (Usual completion of a filtration). Let (€2, F, P) be a probability space, (Ft):e[0,00)
a filtration and N as in Definition 13.24. Then there is a smallest continuous and complete
filtration (Gi)iepo,00) with F € Gy, t € [0,00). This is given by

G = o(FN).
Furthermore, o(F;' \N) = o(F;, N)T.
Proof. First we show the last equation. It is clear that
o(F N) Co(o(F, )T N) = o(F, N)T.

Conversely, let A € o(F;, N)T. Then, A € o(F;1p,N) for all h > 0. So there is an Ay, € Fyyp,
with P((A\ Ap) U (A \ A)) = 0. Now choose hi, hg, ... with h,, | 0 and

A" = { A}, infinitely often}.

Then, obviously, A’ € F;" and P((A\ A") U (A" \ 4)) = 0, i.e. A € o(F,",N). From this
follows o (F;, N)* C o(F,", N).

To prove the minimality of (Gt );e[0,00) 1€t (Ht)ie[0,00) De another right-continuous complete
extension of (F)¢c[,00)- Then,

Qt = U(’F;_?N) g U(Ht,/\/> = Ht
for all t € [0, 00). O

Lemma 13.26 (Option and stopping times). Let (F)ejo,00) be a filtration. A random time
T is an (Ft)iejo,00) option time iff T is a (f;r)te[ovoo)—stopping time. In this case,

Fi={AeF:An{T <t} € F,t>0}.

In particular, if (Fi)ic(o,00) 5 continuous, then every random time is a (Fi)ic(o,00)-Stopping
time if it is a (Fi)iec[o,00) OPtion time.
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Proof. First,
{T<t}= (1 {T<s}, {(T<t}= [J{T<s}

Q3s>t Qos<t
If T is a (F;")iefo,00)-stopping time and AN{T <t} € F;". Then,
An{T <t}= |J (An{T <s}) e R
Q>os<t
If, on the other hand, AN{T < t} € F;, then
An{r<ty=() [ An{T <s}) e () Fn=F"
h>0t<s<t+h h>0

If you set A = Q in the last two equations, the first assertion follows. For general A the
second also follows. O

Lemma 13.27 (Suprema and infima of stopping times). Let T1,T5, ... be random times and
(Ft)ter a filtration. Then the following applies:

1. If T1,T5, ... are stopping times, then T := sup, 1), is also a stopping time.

2. If 1 ={0,1,2,...} and Ty, Ty, ... are stopping times, then T := inf,, T,, is also a stopping
time.

3. If I =1[0,00) and Ty, T, ... are option times, then T := inf,, T}, is also an option time.
In addition, F: =, .7-"%;.

Proof. 1. We have {T' < t} =, {T» < t} € F; and the assertion follows.

2. It holds {T' < t} = |, {Tn < t} € F, from which the assertion follows.

3. Here, {T < t} = U, {T» <t} € F. Since T < T,, Ff C ), ]-";fn according to
Lemma 13.23.5. If, on the other hand, A € [, fjfn, then

AT <t} = An| J{Tw <t} = JAN{T, < t}) € Fu.

Thus A € 5. O

Proposition 13.28 (Approximation by countable stopping times). If I = [0, 00), each option
time T can be replaced by a sequence of stopping times 11,15, ..., such that T,, only assumes
values in a discrete (in particular countable) quantity and T,, L T.

Proof. We define T,, = 27"[2"T + 1]. Then 17,75, ... is a sequence decreasing towards T,
where T), only contains the values {1,2,...} - 27" n = 1,2, ... Further, {T,, < k27 "} = {T <
k27"} € Fig-n, so T), is a stopping time, n = 1,2, ... O

Definition 13.29 (Hitting time). Let B € B(FE). Then the hitting time of B is given by
Tp :=inf{t: X; € B}.

To find out whether the hitting time T is a stopping (or option) time, the following result
is important.
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Proposition 13.30 (Hitting times as option and stopping times). Let X = (X;)ier be an
E-valued process that is adapted with respect to a filtration (Fi)icr. Then, for B € B(E):

1. If I ={0,1,2,...}, then the time Tg is a stopping time.
2. If I =[0,00), B is open and X has right-continuous paths, then Tg is an option time.

3. If I =[0,00), B is closed and X has continuous paths, then T is a stopping time.

Proof. 1. Here,
{Tp <t} = J{X. € By e .

s<t

For 2. we write
{Ts <t}= |J {X.eB}eF.
Qos<t

For 3. with B,, :={z € E:r(z,B) < 1/n}

{Ts <t} = ({{Ts, <t} = (({T5, <t} U{X, € B,}) € Fi.
This shows all assertions. O

13.5 Progressive measurability

By definition, for a stochastic process X = (X¢)ier, each of the variables X; is measurable,
t € I. However, it is (still) unclear when exactly for a random time 7' the quantity X :
w = Xp(,)(w) is measurable and therefore a random variable. For this we need a stronger
measurability concept for the process X.

Definition 13.31 (Progressive measurability). Let (Fi)icr be a filtration and X = (X¢)ier a
stochastic process adapted to it. Then X is called progressively measurable with respect to
(Ft)ter, if for all t € I the mapping

IN0,xQ —E
(s,w) — Xs(w)
is measurable with respect to I N B([0,t]) ® F/B(E).

Lemma 13.32 (Right-continuous paths and progressive measurability). Let X = (X;)ier
be a stochastic process adapted to the filtration (Fi)ier. If either I is countable, or X has
right-continuous paths, then X is progressively measurable with respect to (Fi)ier-

Proof. Let t € I. We consider the mapping

v, {Iﬁ[O,t] xQ = E
(s,w) = Xs(w).

First, let I be countable and B € B(E). Then,

Y'(B)= |J {s} xX;'(B)eBIN[0,1]) & F.
sel,s<t
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Next, let I be uncountable and let X have right-continuous paths. Consider the processes
X" = (X )erpo,gyn = 1,2, ... with X := X(9-npang])a¢ and the corresponding mappings Y5,

n—oo

Due to the right continuity of the paths, Y, ——,s Y. Furthermore

oA = U B2 1)27) x XL, (B)UR T2, 1] x X (B)
E:(k+1)2-7<t
e B([0,1]) ® F.

O

Proposition 13.33 (Measurability of X7). Let X = (Xi)ier be adapted to the filtration
(Fi)ter, progressively measurable, and T a (Fy)ieq stopping time. Then

{IT'<x} —E
X7
w = XT(w) (OJ)

is measurable with respect to {T < oo} N Fr/B(E).

Proof. We have to show that {X7 € B,T <t} € F; for B € B(FE) holds, t € I. By definition
of Fr, it then holds that {Xp € B} € Fr, from which the assertion follows. However,
since {Xr € B,T <t} = {Xrn € B,T < t}, it suffices to show that Xp,, is measurable
with respect to F;, t € I. We can therefore wlog assume that T' < ¢ applies. We write
X1 = Y01, where ¢)(w) := (T(w),w) is measurable with respect to F;/(INB([0,t]) ® F;) and
Yi(s,w) = Xs(w) according to condition I N B([0,t]) ® F;/B(E)-measurable. The assertion
now follows with Lemma 3.6.2. O

14 Martingales

We now begin to deal with a particular class of stochastic processes, martingales. They are
often referred to as fair games. Simply put, a martingale is a real-valued stochastic process
whose increments vanish on average.

14.1 Introduction

Throughout the section, let (Q, F,P) be a probability space, (E,r) a complete and separable
metric space and I C R an ordered index set (usually I = {0,1,2,...} or I = R,). In addition,
let a filtration (F3)wer be given. Adaptedness of a stochastic process is always with respect

to (Fi)ier-

Example 14.1 (A simple martingale). For a F-measurable random variable X one can define
a stochastic process, namely X = (X;)er with

Of course, because of Theorem 11.2.7,
E[X;|Fs] = E[E[X|F]|Fs] = E[X|Fs] = Xs.

Stochastic processes X with this property will be called martingales. In Section 14.4, we will
then (among other things) deal with when a martingale (Xi)ier is associated with a random
variable X so that (x) applies.
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Definition 14.2 ((Sub-, Super-)martingale). Let X = (Xy)iesr be an adapted, real-valued
stochastic process with E[|Xy|] < oo, t € I. Then X is called

martingale, if E[X|Fs] = X5 for s,t € I, s < t,
sub-martingale, if E[X{|Fs] > X5 for s,t € I, s <t,
super-martingale, if E[X|Fs] < X for s,t € I, s < t.
More precisely, we say that X is a (Fy)ier-(sub, super)-martingale.

Remark 14.3 (Martingale property with discrete index set). If I is discrete, for example I =
{0,1,2,...}, then a real-valued stochastic process X = (Xt)ier is a martingale iff E[|X¢|] < oo,
t €I and E[Xy|Fi—1] = Xy—1 for allt =1,2,.... Then, for s,t € I,s <t,

E[X;|F] = E[--- E[E[X¢|Fi ]| Fia] - - - Fo] = X,
according to theorem 11.2.7 The same holds to sub- and super martingales.
Example 14.4 (Sums and products of integrable random variables).

1. Let X1, X, ... be a sequence of independent, integrable random variables with E[X;] =
0,i=1,2,... and F; := 0(X1, ..., Xy). Further, let So :=0 and fort=1,2,...

t
St = ZXZ
i=1
Then,
E[Si|Fi—1] = E[S;—1 + Xi| Fi—1] = Si—1 + E[Xy|Fi1] = Si-1 + E[Xy] = S;1,

i.e. (St)t=0,1,2,.. is a martingale.
IfE[X;] >0 for alli = 1,2, ..., then (St)t>0 is a sub-martingale.

2. Let I = {—1,-2,...} and X1, Xo,... be integrable, independent, identically distributed
random variables. Further, we set fort € 1

E[S)|Fi_1] = E[ﬁl| > Xi[Sir. Sioa, ]
=1
L ]+1
_ MZE{XZ») z; X,]
lt]+1
) Xl‘ 3 Xi]
=1
B |ti| N
t-1] &
=51



according to Example 11.9. Specifically,

|
E[X1|F] = E[X1’ ZX}

3. Let I = {0,1,2,...} and X1, Xs,... be a sequence of independent, integrable random
variables with E[X;] = 1,i = 1,2,... and F; := o(X1, ..., X}). Further, Sy := 1 and for
t=1,2,..

Then, S1,S52, ... are integrable and
E[Si|Fi-1] = B[St 1 X¢|Fi1] = Si1 - BE[Xy| Fia] = Si1 - B[Xy] = S,

i.e. (St)ier is a martingale.

IfE[X;] > 1 for alli=1,2,..., then (S)ier is a sub-martingale.

Example 14.5 (Branching processes in discrete time). We consider a simple model for a
randomly evolving population. evolving population. Let Xi(t)) be independent, {0,1,2,...}-
valued random variable and p = E[Xi(t)]. Here, Xi(t) stands for the number of offspring of the

ith individual of generation t with i,t =0,1,....t =1,2,.... Starting with Zy = k we set

Zt

Zt+1 = Z Xi(t)a
=1

50 Z = (Zy)t=0,1,2,.. is the stochastic process of the total process of the total number of indi-

viduals. The distribution of Xi(t) is also called the offspring distribution.
The process Z a (non-negative) martingale (with respect to the filtration generated by Z ),

iff E[Xi(t)] =1, i.e. each individual has on average has one offspring. Then, fort=1,2, ...
Zy
E[Ziy1 — Z1| R = E[ZXZ‘“) - Zt|]:t} =(n—1)Z.
i=1

If u> 1, Z is a sub-martingale, and if p < 1, Z is a super-martingale. Also, we call.

Z a critical branching process if =1,
Z a super-critical branching process if p > 1,

Z a sub-critical branching process if p < 1.

3Tt may seem irritating that a supercritical branching process is a sub-martingale and a subcritical branching
process is a super martingale
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In general, (Zi/p')i=012.... is a (non-negative) martingale, because just like in the last calcu-
lation,

E[Zi41 — pZy| F) = nZy — nZzy = 0.
It is also worth noting that B[Z1|Fi] = pnZy, from which one can recursively conclude that
E[Z;] = u'.
O

Example 14.6 (Martingales derived from Markov chains). With (discrete-time) Markov
chains, we have already described a fairly simple dependency structure between random vari-
ables. Let I = {0,1,2,...}, E at most countable and P = (pyy)ayck a stochastic matriz,
i.€.
Pzy > 07 prz =1
zeE
forall x,y € E. We find for f : E — R bounded and all s =0,1,2, ...,

E[f(Xs41) = f(Xs)|Fs] = E[f (Xs41) — f(Xs)| XS] = Zst,y(f(?/) — f(X5)).

zeFE
Therefore, setting M = (My)i=o,1,2,... with
t—1
My = f(X;) = > E[f(Xep1) — f(X)] X,
s=1

we have
E[M; — My |Fia] = E[f (Xy) — f(Xe—1)[Fea1] — E[f (Xe) — f(X¢1)|Xi-1] = 0.
In other words, M is a martingale.

We conclude this section with a simple statement on how to obtain further sub-martingales
from known (sub)-martingales.

Proposition 14.7 (Convex functions of martingales are sub-martingales). Let X = (X¢)er
be a stochastic process and ¢ : R — R convex. If o(X) = (o(Xt))ter is integrable and one of
the two conditions

1. X is a martingale
2. X is a sub-martingale and varphi is non-decreasing
is satisfied, then o(X) = (p(X¢))ier s a sub-martingale.

Proof. If X is a martingale, then p(X) = @(E[X¢|F,]). If X' is a sub-martingale and ¢ is
non-decreasing, p(X;) < ¢(E[X¢|Fs]). In both cases, for s <t because of Jensen’s inequality
for conditional expectations, Proposition 11.4,

P(Xs) < p(BIX|F]) < Elp(Xe)|F],

i.e. p(X) is a sub-martingale. O
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14.2 The stochastic integral as a martingale

In this section, let always I = {0,1,2, ...} (whereby all results can be transferred to a discrete
index set I = {tg,t1,...} with ¢y < t; < ...). All concepts introduced here have an analogue for
processes in continuous time. However, the statements are much more complex to formulate
and prove in that case. Some of these analogous statements are first formulated in the lecture
Stochastic analysis.

Definition 14.8 (Previsible process). A stochastic process X is called (Fy)ier-previsible if
Xo =0 and X; is Fr_1-measurable, t = 1,2, ...

Proposition 14.9 (Doob decomposition). Let I = {0,1,2,...}. Each adapted process X =
(Xt)ter has an almost surely unique decomposition X = M + A, where M is a martingale
and A is previsible. In particular, X is a sub-martingale iff A almost surely non-decreasing.

Proof. Define the previsible process A = (Ay)ier by

t
Ar =) E[X, - X, 1|Foa]. (14.1)
s=1

Then M = X — A is a martingale, because
E[M; — My 1| Fi1] = B[X; — Xy 1| Fi1] — (A — A1) = 0.

Now we come to the uniqueness of the representation. If X = M + A for a martingale M
and a previsible process A, then Ay — A;_1 = E[X; — X;_1|F—q] for all t = 1,2, ..., i.e. (14.1)
is almost surely true. O

Definition 14.10 (Quadratic variation, increasing process). Let I = {0,1,2,...} and X =
(Xt)ter be a square integrable martingale. The almost surely uniquely determined, previsible
process ((X)¢)ier, for which (X? — (X)¢)ier is a is a martingale, is the quadratic variation
process (or also the increasing process) of X.

Proposition 14.11 (Increasing process and variance). Let I = {0,1,2,...}, X = (Xy)er be
a martingale with quadratic variation process (X) = ((X)t)ter. Then

t t

(X)e =D BX? = X2 |Foa] = Y El(X, — Xo1)’|Fomi]
s=1 s=1

and

E[(X),] = VX, - Xo].

Proof. As in the proof of Proposition 14.9, the process (X') using (14.1) can be written. This
immediately results in the first equals sign. The second follows, since E[X X 1|Fs_1] =
X2 . Further is

t

B[(x)] = Y BIX? - X2,] = BIX} - X3] = B[(X, - X0)?] = VIX; - Xl

s=1
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Example 14.12 (Increasing processes). 1. Let S = (St)er with Sy = Zizl X, as in ex-
ample 14.4.1 with square integrable random variables X1, Xo,.... Then, with Proposi-

tion 14.11
t

(S)e =) B[X7].

s=1
In particular, the quadratic variation process of S is deterministic.
2. Let § = (St)er with Sy = H';Zl X as in Example 14.4.3 with square integrable random
variables X1, X2, .... Then

t

(S)e =D E[(Ss = Ss-1)*|Fs-1] Z )?| Fs1] Z

s=1
In particular, in this ezample the process (S) is truly stochastic.
3. Let I = [0,00) and (X¢)ier be a Brownian motion. Even in continuous time, the in-
creasing process ((X)¢)ier s defined such that (X2 —(X)¢)ier is a martingale. According
to Example 14.47, (X)y =t is a candidate for the increasing process of the Brownian

motion. However, in continuous time it is more difficult to say what the equivalent of
a previsible process should be.

Definition 14.13 (Discrete stochastic integral). Let I = {0,1,2,...} and H = (H¢)er, X =
(Xt)ter be a stochastic processes with values in R. If X is adapted and H is previsible, then
we define the stochastic integral H - X = ((H - X)¢)er by

(H-X); =) Ho(Xs — Xo1)
s=1

forallt € 1. If X is a martingale, then we call H - X a martingale transform of X.

Proposition 14.14 (Stability of stochastic integrals). Let I = {0,1,2,...} and X = (Xy)er
be an adapted, real-valued process with E[| Xy|] < co.

1. X is a martingale if and only if for each previsible process H = (Hy)ier, the stochastic
integral H - X is a martingale.

2. X is a sub-martingale (super-martingale) if and only if for every previsible, non-negative
process H = (Hy)ier the stochastic integral H-X is a sub-martingale (super-martingale).

Proof. 1. ’=": We immediately write
E[(H - X)p1 — (H - X)e| F] = B[Hpp1 (Xe1 — Xo)| ]
= Hi1 E[Xpy1 — Xi| Fi]
=0.

<" Let t € I and Hy := 1,y Then H = (H;)ses is deterministic, in particular previsible.
Since (H - X);—1 = 0, it follows that

=E[(H - X)i|Fi1] = E[X; — Xy1|Fea] = E[Xy|Fpa] — Xia

From this, the assertion follows.
2. follows analogously. O
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Example 14.15 (Quadratic variation for stochastic integrals). Let I = {0,1,2,...}, X =
(Xi)ter a martingale and H = (Hy)er previsible. Then, because of Proposition 14.11,

t

(H-X)r = E[(H-X)s — (H-X)m1)*|Fomi] = Y BIHI(X, = Xoo1)?|Fomi]

s=1 s=1
t
= ZHSQ -E[(Xs - Xsfl)2|]:sfl]~
s=1

In particular,
¢
V(- X)) => E[H? - (Xs— Xe1)?].
s=1

Example 14.16 (Payout for games). Martingale transforms can also be interpreted as payoffs
of games. Given a random variable evolves according to the adapted process X = (Xt)tzovl,gy_._.
If you bet before time t with a stake H; (based on the experience gained from Xy, ..., Xy—1)
on the change in the random variable Xy — Xy_1, then (H - X); is the profit realized up to
time time t. Given the underlying process X is a martingale, Proposition 14.14 shows that
the profit realized H - X for each strategy H is a martingale. In particular, the expected profit
1s 0.

As an example, consider the Petersburg paradox: a fair coin is tossed infinitely often. In
each round, a player places a stake of any amount. If heads comes up, he loses it, if tails
comes up, the stake is doubled and paid out again. The paradox consists of the following
strategy: starting with a stake of 1 on the first coin toss, the player doubles his stake with
every failure. If the first success comes on the t-th toss, his previous stake is 22:1 2i—1 =9t _1.
Since the last bet was 2171, the player gets 2t back, so he has certainly made a profit of 1 even
though the game was fair.

To analyze this game using martingales, let X1, Xo, ... be an independent, identically dis-
tributed sequence with P(X, = —1) = P(X; = 1) = 1, and Sp = 0,8, = S_ X;. Then
S = (St)t=0,12,... is a martingale. Further, let H; be the stake in the tth game. Therefore,

t t
(H-S)e=> Hi(Si—Si1) =Y HX,
=1

i=1
s the profit after the tth game. Since with S, H - S is also a martingale, we find
lim B{(74- )] = B[ S)1] = E[X)] =0,

i.e. the mean profit after a long time is 0, independent of the strategy H. Above we have the
bet
Ht = 2t_11{St_1:—(t—1)} (142)

t—o00

and show that for the gain (H -S); —— s 1 holds.
How do we now evaluate the strategy (14.2)? Let T be the random time of the win, i.e. T
is geometrically distributed with parameter % In particular, T is almost surely finite. Then

E[th} - i;k@k —1) = oo,
t=1

k=1

i.e. for the above strategy you may need a lot of capital.
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14.3 Stopped martingales

Let X = (X;)ier be a stochastic process. A stopped stochastic process is given by X7 :=
(X7at)ter, where T is an [-valued random variable. The process X T therefore stops when
T is reached. Special random variables T are called stopping times, whose occurrence at
time ¢ can be decided by means of the o-algebra F;. (Consider, for example, a player who
plays a fair game and stops at a random time, e.g. when he has won or lost enough. In
this section we will learn about the Optional Stopping Theorem, which states that stopped
(at a stopping time) martingales are martingales again; see Theorem 14.19. The Optional
Sampling Theorem specifies conditions for which the martingale property applies not only to
fixed, but also at random stopping times; see Theorem 14.22.

Definition 14.17 (Stopping time). 1. A random time is a random wvariable with values
in I (the end of I). A random time T is called ((F;)ier-)stopping time if {T' <t} € F;
forallt e 1.

2. Each stopping time T defines the o-algebra
Fr={Ae A: An{T <t} € F,tel}
of the T-past.
3. Let B € B(E). Then the hitting time of B is defined as
Tp :=inf{t : X; € B}.
4. For a random time T, X is defined by w — Xy, (w). Further, XT = (X7pt)ter is
the process stopped at T'.

Remark 14.18 (Interpretation and hitting times). 1. Let X = (X;)ier be a stochastic
process and (Fi)ier the canonical filtration. F; can be understood as the information
that is available at time t through knowledge of (Xs)o<s<t. If T is a stopping time, then
{T <t} € F;. Therefore, the occurrence of the event {T < t} can be decided by knowing
(Xs)s<t. In other words, by knowing the stochastic process up to time t, it is possible to
decide whether the stopping time T has already occurred.

2. If I is at most countable and B € B(E), then Tg is a stopping time. Indeed, we write

{Tr<t}=J{X.eB}e A

SSU cr CF

Proposition 14.19 (Optional Stopping). Let I = {0,1,2,...} and X = (Xy)ier be a (sub-,
super-) martingale and T a stopping time. Then XT = (X7a)ter is a (sub-, super-) martin-
gale.

Proof. We show the assertion only for the case that X" is a sub-martingale. The other state-
ments follows analogously. For a sub-martingale X and {T" >t — 1} € F,

E[X7rt — Xpag—n)|Fi-1] = E[(Xy — Xo—1)1ipsi—13 | Fi—1]
= Loy B[Xy — X1 Fi1] >0,

i.e. X7 is a sub-martingale. O
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Lemma 14.20 (Conditions on Fr). Let I = {0,1,2,...}, X = (Xi)ier be a martingale and
T a stopping time bounded by t. Then Xp = E[X;|Fr].

Proof. According to the definition of the conditional expectation and since Xp is Fpr mea-
surable (see Proposition 13.33), we must show that E[X;; A] = E[X7; A] for A € Fr. It is
{T=s}NnAeFforsel, ie.

E[X71; A] = iE[Xs; {T = s} N Aj

s=1

=Y E[E[X,|FJ; {T = s} N A]

s=1

t
= E[X;{T =s}n4]

s=1

Lemma 14.21 (Uniform integrability and stopping times).
Let I ={0,1,2,...}. A martingale X = (Xy)ier is uniformly integrable if the family {Xp :
T almost surely finite stopping time} is uniformly integrable.

Proof. ’<’: clear.

'=": According to Lemma 7.9 there is a convex function f : Ry — R4 with @ e,
and sup,c; E[f(|X¢|)] =: L < co. If T' is almost surely a finite stopping time, then according
to Lemma 14.20 (applied to the almost surely finite stopping time T'At) E[X|Fra] = X7ac-

Since {T < t} € Frae, we find with Jensen’s inequality

E[f(IX2)) AT < t}] = E[f (|1 Xznd]), {T < t}]
[FUEX Frad ) AT < t}]
[

[

IN

E[f(|X¢|)[Frae) {T < t}]

E
E
E[f(1X:) AT <t}] < L.

Thus E[f(|X7|)] < L, i.e. the assertion follows with lemma 7.9. O

In example 14.16, H - S was a martingale, T a stopping time and E[(H -S);] =0# 1 =
(H - S)r. If T had been bounded, this inequality would not have been possible, as we now
show.

Theorem 14.22 (Optional Sampling Theorem). Let I = {0,1,2,...}, S < T almost certainly
finite stopping times and X = (Xy)ier a sub-martingale. If either T is bounded or X is
uniformly integrable, then X is is integrable and Xg < E[Xp|Fgs].

Proof. We first carry out the proof in the case of a bounded stopping time 7. Let T < t be
for at € I. We use the Doob decomposition X = M + A of X into the martingale M and the
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monotonically non-decreasing process A. Then with Lemma 14.20 and Fg C Fp according
to theorem 11.2.7

X5 = Mg+ As = E[M; + As|Fs]
< E[M; + Ar|Fs]
= E[E[M,|Fr] + A7|Fs]
= E[Mr + Ap|Fs]
= E[X7|Fs].

Now let T' be unbounded and X be uniformly integrable. Let X = M + A be the Doob
decomposition of X into the martingale M and the non-falling previsible process A > 0 with
Ay = 0. Since

E[|A:|] = E[A;] = E[X; — Xo] < E[|Xo|] + Sslelll)EHXsl]

we find A; 1 Ay for an Ao > 0 with E[Ay] < co. With Lemma 7.9 one can conclude that M
is also uniformly integrable. We now apply the Optional Sampling Theorem to the bounded
stopping times S At, T At and M. For A € Fgis {S <t} N A € Fgns, therefore

E[Mppe, {S <t} N A] = E[E[Mpp| Fsael, {S <t} N Al = E[Mgp, {S <t} N A

Since according to Lemma 14.21 the set {Mgny, Mpp 2 t € I} is uniformly integrable, then
by Theorem 7.11

E[Mr, A] = tli}m E[Mpp, {S <t}nA] = tli)m E[Mgn,{S <t} N Al = E[Mg, 4],
i.e. E[Mr|Fs] = Mg. Furthermore,

E[X7|Fs] = E[Mp|Fs] + As + E[Ap — Ag|Fs] > Mg+ As = Xg.

The Optional Sampling Theorem offers a simple way of characterizing martingales.

Lemma 14.23 (Characterization of martingales). Let I = {0,1,2,...}, and X = (X;)ier be
an adapted stochastic process. Then X is a martingale iff E[Xg] = E[Xr] forstopping times
S, T that only take two values.

Proof. ’="’: Clear according to the Optional Sampling Theorem.
‘<" Let s <t, A€ Fsand T = slg +tlyge. Then T is a stopping time and

0 = E[X; — X7] = E[X,] - E[X,, A] - E[X;, A9 = E[X; — X,, A].
Since A was arbitrary, it follows that E[X;|Fs] = X, so X' is a martingale. O

Example 14.24 (Wald’s identities, ruin problem). 1. Let X1, Xo,... € L' be independent
with = E[X1] = E[Xy] = ..., and Sy := ', Xs. Furthermore, let T be an almost
certainly limited stopping time. Then the first Wald identity is

E[Sr] = E[T].
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Indeed: the process M = (My)i=0,1,2,.. with My =0, My = S; —tp fort =1,2,... is a
martingale, and according to the Optional Sampling Theorem

0 = E[Mr] = E[S7] — E[T]pu.

Furthermore, if X1, Xo, ... € L? with 0 = V[X1] = V[Xs] = ... and T is independent
of X1, Xo, ..., then the second Wald identity is

VI[Sr] = E[T])o? + V[T

Indeed: (MP — (M)¢)i=012,.. is a martingale, and (M), = to* according to Ezam-
ple 14.12, thus
0= E[M7 — (M)7] = E[M] - E[T]o”.

Furthermore, due to the independence of T and X1, Xo, ...,
COV([Sy,T) = BE[X, + - + Xp|T|T] — uB[T)? = pV[T],
as well as

E[M}] = V[Sy — Tp] = V[St] + p*V[T] = 2uCOV|[Sy, T] = V[S7] — p*VIT].

In both Wald identities, the condition that T is bounded can be weakened.

. Let k € N and X4, Xa,... be independent and identically distributed random variables
withP(X1=1)=1-P(X;=-1)=p:=1—¢q. For Ne Nwith0 <k < N let Sy =k
and Sy = So + >.'_, Xi. Further, let T := inf{t : S; € {0,N}} and py, := P(St = 0).
This means that you play a game, starting with k (money) units, until you are either
ruined or have N units. In each step you win with probability p one unit and loses with
probability g = 1 — p one unit. Then the probability of being ruined (having 0 units) is
given by pg.

In the case p = %, (St)t=0,12,... is a martingale, and thus according to the Optional
Sampling Theorem

k=E[Sp] = N(1-P(Spr=0)),

thus

A similar calculation allows the determination of py for the case p # %

We now calculate further using the optional sampling theorem for p %

Pr = P(ST = 0)

(14.3)

Indeed: the following applies

X
£[(9)"] -t -
p p q



S,
and thus Y = (Yi)i=01.2,.., is defined by Yy = (%) ' according to Example 14.4.3 a
martingale. Since T is almost surely finite, Yra: is a martingale due to Proposition

N
14.19, which is bounded by 1 and (%) . Because of Theorem 14.22,

(o) -2

from which (14.3) follows.

. Let’s consider a fair coin toss. How long does it take until the pattern ZKZK occurs for
the first time? (K and Z stand for heads and tails).

To calculate this, let’s consider the following game: before the first coin toss, a player
bets one euro on Z. If she loses, she stops, if she wins, she bets two euros on K before the
next toss. If she loses in the second throw, she stops; if she wins, she bets four euros on
euros on Z. If she loses on the third throw, she stops, if she wins, she bets eight euros
on K. So if she wins on the fourth throw, she has won a total of 15 euros. In all other
cases, she loses one euro.

Let us now assume that before each coin toss a new player plays according to the above
strateqy. The game ends when the first player first time a player wins 15 euros.

Let X; be the total winnings of all players up to time t and T is the time at which the
game is stopped because for the first time the pattern ZKZK has occurred. Certainly,

15¢
| Xy < 15-¢, P[T>4t]§ﬁ.
This means that (X;ar @ t = 1,2,...) has a cominating integrable random wvariable,

so according to Example 7.8.2 it is uniformly integrable. This allows us to apply the
optional stopping theorem, i.e. (X7at)i=12,.. is a martingale.

It is certain that
Xr=15-143-1—(T—-4)

since the first T — 4 players, as well as players T — 3 and T — 1 had to accept a loss of
one euro. Player T — 2 currently has at time T a profit of three euros and player T — 4
has won 15 euros. So,

0=E[X7] =E[15—-1+3—1— (T — 4)] = —E[T] — 20,

therefore E[T| = 20. It is interesting to note that it can be expected that, for example,
the pattern ZZKK can already occur after 16 coin tosses using a similar calculation.

14.4 Martingale convergence results

Again, (92, F,P) is a probability space, I countable (here it is also allowed that I is dense in
[0,00)) and (Fi)ier is a filtration. We are familiar with convergence theorems, such as the
strong law of of large numbers. Martingales converge under relatively weak conditions.

We start in Proposition 14.26 with Doob’s inequalities. These make statements about the

distribution of sup,<; X5 if & = (Xt)ses is a (sub, super)-martingale.
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Lemma 14.25 (maximum inequality). If I is at most countable and X = (Xi)ier is a sub-
martingale, then for A >0

AP[sup X5 > \] < E[Xy,sup X > A\] < E[| Xy|,sup X5 > A
s<t s<t s<t

Proof. The second inequality is trivial. For the first one, we note that due to monotonic
convergence (by choosing finer and finer index sets in index sets in [0,t]) it is sufficient to
consider the discrete case, e.g. I ={0,1,2,...}, to be considered. We recall the definition of
Tp from Definition 14.17, which is given after Remark 14.18.2 is a stopping time and set

T=tA T[)\;oo)'
According to the Optional Sampling Theorem 14.22 is

E[X;] > E[X7] = E[X7p;sup X5 > A] + E[X7p;sup X5 < Al

s<t s<t
> AP[sup X > A] + E[X}; sup X5 < A
s<t s<t
Subtracting the last term gives the inequality. O

Proposition 14.26 (Doob’s LP inequality). Let I be at most countable and X = (Xy)ies be
a martingale or a positive sub-martingale.

1. Forp>1and A >0 is

APP[sup [ Xs| > A] < E[|X:["].
s<t

2. Forp>1is

p
E[|X,1"] < Elsup | X,"] < (=) "E[X;]"]
s<t p— 1

Proof. Again, it suffices — due to monotonic convergence — to consider the case I = {0,1,2,...}
to consider.

1 According to proposition 14.7, (| X¢|P)cs is a sub-martingale and the assertion follows from
Lemma 14.25.

2 The first inequality is clear. For the second inequality, note that according to Lemma 14.25
it holds that

AP{sup | X,| > A} < E[|X;|;sup | Xs| > A
s<t s<t
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An illustration of the stopping times S1, 71, S2,Ts, ... from definition 14.27
Therefore, for K > 0

SUP<¢ | Xs|IANK
Efsup(|X,| A K)?P] = E[/O p)\p_ld)\}

s<t
K 1
= E|:/O p)\p_ 1{)\<sup5§t |Xb\}d>\:|

K
= [ ¥ PGsp X = A
0

s<t

K
g/ PAP2E[| X, ], sup | Xa| > AldA
0 s<t

SUPg<¢ | Xs|ANK
:pE[|Xt|/ Ap—QdA]
0

= L _B[|X,|(sup | X,| A K)P]

-1 s<t

< LlE[Suqus‘ A KYP)e=D/p B[ X, [P/,

b= s<t

where we used the Holder inequality in the last step. If you exponentiate both sides by p and
then divide by E[sup,<(|Xs| A K)P]P~1, the it follows

. P \P
E X))’ = lim E X5 AK)P < (—2— ) E[X,[7].
[ig(! )l = lim [SS?;“ | A )]_(p—l) [1X¢[7]

O]

For the martingale convergence theorems, the upcrissong lemma 14.28 is central. Figure 4
illustrates the definition of an upcrossing.
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Definition 14.27. Let I be at most countable and X = (Xi)ier a real-valued stochastic
process. For a < b an upcrossing is a piece of path (X;)s<y<s with Xg < a and Xg > 0. To
count the number of such upcrossings, we carry out stopping times 0 =: Ty < 51 <11 < So <
T < ..

Sk = inf{t > Tk,1 : Xt < a},
Tk = inf{t > Sk : Xt Z b}

with inf 0 = oo. The k-th intersection between a and b is here between Sy and Ty. Further is
U;,b = sup{k: Ty <t}
is the number of crossings between a and b up to time t.

Lemma 14.28 (Upcrossing lemma). Let I be at most countable and X = (Xi)ier a sub-
martingale. Then
E[(X: —a)"]

b—a
Proof. Again, we can assume — due to monotonic convergence — that I = {0,1,2,...}. Since
according to proposition 14.7 with X' ((X; —a)™ )7 is also a sub-martingale and the upcross-
ings between a and b of X' are the same as the upcrossings of ((X; — a)™);es between 0 and
b — a, we can wlog assume that X > 0 and a = 0. We define the process H = (Hy)tcs by

H; = Z Lis,<t<Ti}>
E>1

E[U.,] <

i.e. Hy =1 exactly when ¢ lies in an upcrossing. Since
{Hy=1}= | J{Sk<t-1}n{Tn >t -1},
E>1

H is previsible.
Given T}, < oo is obviously X7, — X5, > b. Further, in this case

T; k
(H- X => > (Xe—Xo1) = (X1, — Xg,) > kb.

For t € {Ty,....,Sk41} is (H - X)y = (H - X)p, and for t € {Sy + 1,....,T} is (H - X); >
(H-X)s, = (H-X)r,_,. Therefore, (H - X); > bUS,. From Proposition 14.14 it follows
that ((1 — H) - X)) is a sub-martingale, in particular E[((1 — H) - X){] > 0. With X; — X, =
(1+ &)= (- X)y + (1 - H) - X), applies

E[X,] > E[X; — Xo] > E[(H - X);] > bE[U},].
OJ

Theorem 14.29 (martingale convergence theorem for sub-martingales). Let I C [0,00) be
countable, supl = u € (0,00], Fy = 0(Ue; Ft) and X = (Xi)ier a sub-martingale with
sup;e; E[X[T] < oo. Then there is a null set N such that X converges outside of N along
every ascending or descending sequence in I.

In particular, if I = {0,1,2,...}, X is a sub-martingale with sup,c; E[X;"] < 0o, then there

exists a Foo-measurable, integrable random variable Xo, and X H—Oo>f8 Xoo-
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Proof. Because of Lemma 14.28, P(Ué’b < o0) =1 for all a,b,t. Therefore

N = U {sup U}, = o<}
acp t€l
a,beQ

is a null set. Assuming that there is an ascending or descending sequence t1,ts,... € I exists
such that P(liminf, . Xy, < limsup,,_,. X:,) > 0. For a,b € Q let
B(a,b) := {liminf X; < a < b <limsup Xy, }.
n—oo n—o00

Since {lim inf;, 00 Xy, <limsup,,_,o Xt} = U, peq B(a,b), there exist a,b € Q with P(B(a, b)) >
0. However, sup, U! , = co applies to B(a,b) in contradiction to the fact that N is a null set.
Thus follows the almost sure convergence along every ascending or descending sequence.

Now let I ={0,1,2,...}. Since all X; are Foo-measurable, X, is also F-measurable. It
remains to show that X, is integrable. According to Fatou’s Lemma,

E[X1] <supE[X;"] < co.
tel

Moreover, since X is a sub-martingale, again using Fatou’s lemma,

E[X ] <liminf E[X; ] = liminf (E[X;"] — E[X}]) < sup E[X;"] — E[X(] < occ.
t—o0 t—00 tel

O]

Corollary 14.30 (martingale convergence theorem for positive super martingales). Let I C
[0,00) be at most countable, supI = u € (0,00], Fy = 0(Ue; Ft) and X = (Xi)er a non-
negative super martingale. Then there exists a Fy-measurable, integrable random variable X,
with B[X,] < E[Xo] and X; %5, X,,.

Proof. Theorem 14.29, applied to the sub-martingale —X provides the almost sure limit.
With the Lemma of Fatou also

E[X,] < liminf E[X,] < E[X,].
—U
O

Example 14.31 (Convergence of branching processes). Let us consider a critical or sub-
critical branching process Z = (Z)i=0,1,2,.. from Example 14.5 (where the offspring dis-

tribution is not degenerate, i.e. Xl-(t) = 1 is not almost certain). These are non-negative
super-martingales, so they must converge according to Corollary 14.30 almost surely against
a random variable Zo,. In this case, P(Zs > 0) = 0 must apply, otherwise the almost sure
convergence is violated. (A population with a positive number of individuals has a positive

probability of changing its size in one generation.) Therefore,

t—o00

7, 2% 7. =0

is almost certain.
In the case of the critical branching process, it is important to realize that (Zt)i=012.....00
is not a martingale, because E[Z~|F] = E[0|F;] # Z: applies with positive probability.

If Z is supercritical, then (Z;/ut)i—o.1.2.... is a non-negative martingale that also converges

sy

almost surely according to the above corollary.
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Theorem 14.32 (Convergence theorem for uniformly integrable martingales). Let I be count-
able with sup I = u € (0,00], Fy = 0(Usyep Ft) and X = (Xy)ier a (super, sub)-martingale.
Then the following statements are equivalent:

1. X is uniformly integrable.

2. There exists a JF,-measurable random variable X, such that (Xi)icruu 5 a (super,
sub)martingale.

3. There exists a F,-measurable random variable X, with X; H—u>fS,L1 X

Proof. 2. — 1st follows directly from lemma 11.5.

1. = 3. By Lemma 7.9, sup,c; E[|X¢|] < co. The almost certain convergence follows from
theorem 14.29 and the L'-convergence thus from theorem 7.11.

3. = 2.0 As for the proof that (X¢);eruqu) 18 a (super, sub)-martingale, we only give the
argument for sub-martingales, i.e. E[E[X,|F;]; A] > E[X,; A] for A € F; and s € I. Because

t—u

of the L! convergence according to Theorem 11.2.3, E[|E[X;|Fs] — E[X4|Fs]|]] — 0 and thus
for A € Fs, so
EE[X,|F; A] = tlim E[E[X;|Fs]; A] > E[X§; A],
—00

i.e. E[X,|Fs] > X, almost surely. O

Theorem 14.33 (Martingale convergence theorem for LP-bounded martingales). Let I be
countable with supl = u € [0,00), Fy = 0(UerFt), p > 1 and X = (Xi)er an LP-
constrained martingale. Then there is a F,-measurable random variable X, with E[|X,[P] <

oo, X ﬁu—>fS7Lp Xy. Furthermore, (|X¢|P)ier is uniformly integrable.

Proof. Because of Lemma 7.9, X' is uniformly integrable. According to Theorem 14.32 there

is thus the limit X, with X; LN #s,.0 Xu- According to Doob’s inequality from Proposition
14.26, for t € 1

P
E[sup | X;|?] = lim E[sup | X,/|’] < lim (L> E[| X|P] < oo.
tel thu s<t ttu \p — 1

Thus (| X¢|P)ier is uniformly integrable according to Example 7.8.3 According to Fatou’s
Lemma and Lemma 7.9, E[|X,[P] < sup,c; E[|X¢|P] < oo and Theorem 7.11 provides the
convergence in LP. O

Example 14.34 (branching process). Let Z be a branching process as in Example 14.5 and
Example 14.31 with Zy = k. The quadratic variation of Y = (Yi)i=012,.., given Y; = Zy/u!
s according to Proposition 14.11 is given as

Zs—l

(Ve = i 125E[< > X - MZ5—1>2\}—5—1}

t Z:il
- Z 123V|: Z Xz'(8_1)|ZS—1i|
1=1

Z,_1 - VXU,

I
M“

2s
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In particular, the offspring distribution has a second moment, therefore V[Xfl)] =: 02 < 00,

SO
t
1 1
VY =) —-E[Z] 0® =ko®> —.
1 K s=1 H

S=
If p < 1, then Y is not L?-constrained, but for p > 1 sup;_o12.. V[Yi] < oo. This means
that there is a Foo-measurable, square-integrable random variable Yo, so that (Y;g)t:(),1727”_7oo
is a martingale.

Example 14.35 (product of random variables). Let I = {1,2,...}, X1, Xo, ... be non-negative,
independent, integrable random variable with B[X;] = 1,t € I and S; := [['_, Xs according
to Example 14.4.2 a martingale. According to the corollary 14.30 there is thus a S, S0 that

Sy H—Oo>fs Seo- Define
a; := E[\/ Xy
We now show:

{S¢ : t € I} uniformly integrable <= H at > 0.
t=1

In particular, then also Sy H—OO>L1 Soo- In the proof we set fort=1,2,..

a

t
Wt = H \/ATS
s=1 s

This means that (Wy)i=12,... is a martingale. Here, too, it follows that there is a W, with
t—o00

W, —7fs We.
=’: Because of Jensen’s inequality a? = (E[v/X;])? < E[Xy] = 1, thus a; < 1. The following
applies

t t

X E|X 1
supE[th]:supE[H—;} :supH [25] < 5 < 00.
tel tel as tel .57 U5 (HOO . as)

S=

Thus (Wy)ier is an L?-constrained martingale, according to Theorem 14.33, {W7? : t € I} is
uniformly integrable. From this also the uniform integrability of {S; : t € I} follows.

=’ Let us assume that H:il as = 0. Since Wy has an almost certain finite limit, Sy =
1L, X H—°°>fs 0 must hold. If {S; : t € I} were uniformly integrable, 0 = E[So]| =
limy oo E[S¢] = 1, i.e. a contradiction.

s=1

Theorem 14.36 (Convergence of conditional expected values).

1. Let I C [0,00) be countable with supl = u € (0,00|, (Fi)ier a filtration and F, =
o0(Uier Ft). Then the following applies for X € L' that

E[X|F] %, 1 BIX|F).

2. Let I C (—o0,00) be countable with infI = u € [—00,00), (Fi)ier a filtration and
Fu = Nes Ft- Then the following applies for X € L' that
tlu
BLX|F] %% 11 BIXIF.
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Proof. We only show 1. since the proof of 2. proceeds analogously. With E[|E[X|F]|] <
E[|X|] < oo converges according to Theorem 14.29 the martingale (E[X|F])ier converges
almost surely. The L'-convergence follows with Theorem 14.32 and Lemma 11.5. The limit
value X, can be chosen F,-measurable can be chosen. We will now show that X,, = E[X|F,],
from which the assertion follows.

It is clear that E[E[X|F;], A] = E[X, A] applies to all A € F; and s < t. With ¢ 1 u is
therefore E[X,,, A] = E[X, A] for all A € Fs and with s 1 u also E[X,,, A] = E[X, 4] for all
A € Fy. Since X, according to F,-measurable, this means that X, = E[X|F,]. O

We now come to backward martingales, which are martingales with an index set downward
unlimited index set I C (—o0,0]. These converge under very weak conditions.

Theorem 14.37 (Martingale convergence theorem for backward martingales). Let I C (o0, 0]
be discrete, inf I = u € (—00,0], Fy = (V7 Ft and X = (Xi)ter a sub-martingale. Then are
equivalent

1. There is a Fy-measurable, integrable random vartable X, with X; ti_u>fs7 Xy
2. inftej E[Xt] > —0Q.

Then (Xt)telu{u} 1s also a sub-martingale. In particular, every backward martingale converges
almost surely and in L.

Proof. Wlog, let I ={...,—2,—1,0} and u = —o0.
1. = 2.”: From the convergence in the mean follows

ilelﬁE[Xt] = t_l}r_noo E[X:] = E[X_] > —occ.

2. = 1.”: The almost sure convergence follows as in the proof of Theorem 14.29, where the
condition sup,c; E[X;"] < 0o because of I C (—o0, 0] must be replaced by inf;e; E[X; ] < cc.
We further define for ¢t = ..., —2,—1,0

Y = E[X; — Xy 1| Fi1] > 0.
Then,

E[ZYt} = E[Xo] — inf E[X;] < oo.

Thus, ), Y: < oo is almost certain, and we define

Ar=) Y Mi=Xi— A

s<t

Now (A¢)ier is uniformly integrable because E[Ag] < oo, and (M) is integrable because
it is uniformly integrable by Lemma 11.5. Thus, X is uniformly integrable, and the L'-
convergence follows. The proof that (X¢);cju{—} is @ sub-martingale proceeds analogous to
the proof in 14.32. O
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Example 14.38 (The strong law of large numbers). Let X1, X, ... € L' be independently
identically distributed. Fort € {...,—2,—1} we set as in the Example 14.4.2,

and Fy = 0(..., S¢—1,St) = 0(St, Xit1, Xig2,...). Then (St)ier is a backward martingale with
S; = E[X1|F]. According to Theorem 14.37, Sy converges almost surely and in L' against
a random variable S_oo. This is measurable with respect to F_~, but also with respect to
T (X1, Xo,...), the terminal o-algebra of the family { X1, X2, ...}. Since this o-algebra is trivial
according to Kolmogoroff’s 0-1-law, S_o is almost certainly constant. Since (St)ieru{—oc} 5
a martingale, it follows that

1 —0
I ZXS = S} H—>fs,L1 S—oo = E[S_| = E[S_1] = E[Xj].

Howewver, the almost sure convergence is exactly the statement of the law of large numbers.

We now come to an application of the martingale convergence theorems, an improvement of
the Borel-Cantelli lemma, Theorem 8.8. For this we need a lemma.

Lemma 14.39 (Convergence and increasing process). Let M = (M;)i—o,12,.. be an L2-
integrable martingale, where |My — My;_1| < K for some K and all t = 1,2, ... holds. Then
there is a nullset N such that

{M) oo < 0} C {tlggo M, exists} UN,
{({M)oe = 00} € (Jim My/(M): = 0} UN.

Proof. We start with the first statement. First, for each £k = 1,2, 3, ... the random time
Ty := inf{t : (M), > k}

is a stopping time. From this already follows

[e.e]

{{M)oo < 00} = | J{T}, = o0} (14.4)
k=1

Furthermore, the stopped process ((M)¢aty, )¢=0,1,2,... is previsible, because for A € B(R),
t—1
{(M)inry, € A} = ({Ti >t = 13N {M), € BY) U | J{Th = s, (M), € A} € Fy 1.
s=0

Let us now consider the martingale (MT+)2 — (M)Tk = (M? — (M))Tx for k = 1,2,... It is
(MTy = (M)T+ and (M)T+ is bounded by k + K2. Thus MT* is bounded in L? and thus
converges almost surely. However, on the set {7}, = oo}, the process M7k converges if and
only if M converges. Together with (14.4) the statement follows.
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For the second statement, we consider the martingale X := (1 + (M))~! - M. Since (1 +
(M))~1 is bounded and M is an L?-integrable martingale, X is an L2-integrable martingale.
Furthermore, according to Example 14.15,

! 1 ! 1
< 2 T M e M0 = M) = D i T,

s=1 s=1

1 M),

This means that the martingale X converges after 1. i.e. in particular
M Ms 1

S MM

s=1

Now the Kronecker lemma 8.24 provides that

zzzl Ms - Ms—l t—o0
(M)

on {(M)s = oo}. O

Theorem 14.40 (Extension of the Borel-Cantelli lemma). Let A; € F;, t =0,1,2,... and

>0

Xs :=P(Ag|Fs-1)-

1. On > 72, Xi < 00 only a finite number of the Ay occur, i.e.

{ZXt<oo} {ZlAt<OO}
2. 0On > 72 Xy =00 applies > 70114,/ > 1o Xe =1, thus
OSSRV SIPWD 35 RIS § S}
t=1 t=1 t=1 =1

Remark 14.41 (Extension). The Borel-Cantelli Lemma from theorem 8.8 can now be easily

be derived. Namely, if
E[ZXJ =Y " P(A) <
t=1 t=1

then Y 72, Xy < oo almost certainly applies. The statement now gives that at most a finite
number of the Ay, occur. If further Ay, Aa, ... are independent, then we set Fy = o(A1, ..., Ar)
and thus X, = E[14,|Fs—1] = P(As). Now, Y ;2 P(A;) = oo, infinitely many of the A,’s
occur.
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Proof. We consider the martingale M with

t
My=> 14, - X..
s=1

Then,
t t

(M)y=> E[I% X2|Fau]=> X (1-X,)<> X,
s=1

s=1 s=1

If now » 2, X; < oo, then M converges according to Lemma 14.39.1. therefore also

Yooy la, < oo
If now 72, X; = 0o and (M) < 00, then M converges and the assertion is clear.

If now > ;2 Xy = 0o and (M) = 00, then M;/(M), 129 0 according to Lemma 14.39.2
From this,

Zizl La, 1’ M;

Mt t—o00
=114 )| ‘ 0.
25:1 XS Zs:l XS

<\

14.5 The Central Limit Theorem for martingales

The Central Limit Theorem from Section 10.2 states the convergence of a sum of independent
random variables — suitably transformed — to a normally distributed random variable. Now
we treat the case of a sequence of martingales M! = (Mtl)t:071,2,_..,/\/l2 = (Mt2)t1071727,_., -
each started in 0, which are given by X' := M — M ,,t = 1,2,... as a sum through
M = X'+ -+ X now applies. Now note that the family X7, X7,... do not have to be
independent. Nevertheless, we can — under suitable conditions — still prove convergence in
distribution against a normally distributed random variable.

Theorem 14.42 (Central limit theorem for martingales). Let I" = {0,1,2,...,t,} and M™ =
(M{")ter a martingale with M = 0 with respect to a filtration F"* = (F}')tezn, n = 1,2, ...
For X[' := M]" — Mt”_1 (with t =1, ...,t,) the following applies

n—o0

n
E[lrggaggn X ——=0, (14.5)
tn
D (XD S, 07 > 0. (14.6)
s=1

Then M}* "= X with X ~ N(0,0?).
We need two lemmas in the proof of the theorem.

Lemma 14.43 (Convergence of products of random variables). Let Uy, Us, ..., T1,Ts, ... be
random variables that satisfy the following conditions:

n—oo

1. U, ——p u,
2. (Tn)n=12,.. and (T,,Uy)n=1.2,... are uniformly integrable,

n—oo
1.

3. E[T,] —
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77/—)00

Then E[T, U, ——

Proof. Because of 3. it suffices to show that E[T},(U, — u)] === 0. To do this, we simply
show T, (U, — u) TH—OO>p 0, which implies the L'-convergence due to 2. In particular, then
E[T,(U, — u)] =% 0. Let ¢ > 0 and K be large enough so that sup,, P(|T,| >> K) < e.
(Such a K exists because of the uniform integrability of T, T, ...) Now we write (note that

for z,y > 0 and d,e > 0 it always holds that zy > de - = > 0 or y > ¢)

limsup P(|T5,(Up, — u)| > €) <limsup P(|U,, —u| > ¢/K) +P(|T,| > K) <

n—oo n—oo
The assertion follows from this. O
Lemma 14.44 (Estimation of the exponential function). 1. There is a C' > 0 and a func-

tion r with |r(x)| < C|z3| such that
exp(iz) = (1 4 iz) exp(—2?/2 4 r(x))
for all z € R is valid.
2. |1 +iz| < e”/2 applies to all z € R.

Proof. 1. Tt is sufficient to show the assertion for small |z|, since it is trivial for large |z|.
With the help of lemma 10.12, we write

‘exp(ix) (1 +ix)exp(— 2/2)‘
‘exp ix) — 1 —ix + 22 /2 — (1 + iz) (exp(— 2/2)71+x2/2)+m3/3‘

< ‘exp ir) —1— 2x—|—x2/2) + |1 +ix| - ‘exp( 2/2) -1 —|—x2/2‘ + ‘x?’/?)‘

IN

\ﬂ%_l_“_,_m’,(hl/\lx >+‘x‘<|x3]

for all . From this follows the assertion for small |x|, and thus 1. is proven. For 2. it is
sufficient to use |1 + iz =1+ 2% < ¢’ and take the root. O

Proof of Theorem 14.42. First we define
Z _X 123 1(Xn)2<20_2

and NJ* := Z’; 1 Z%. Then (N{*)i=12,.. is a (F{*)wer» martingale, because

E[N{' — N [ Fia] = B2 | F) = 1Zi;}(xp)2gza2 -E[X]| A =0
since M;* = X' +--- + X}*. Now,

P( max |M"— N;'|>0)=P(M]" # N/ for one t € I")

t=T,tn
=P(X}'# Z foratelI")
In
P(Z(XQ)Q > 202) n=ee, ),
s=1

(14.7)
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where the convergence follows from (14.6). Now the following applies M;* — N{* TH—OO>I, 0, so

it suffices according to Slutzky’s theorem, Corollary 9.9, N{* 222 X ~ N(0,02) to show.
For this we will for any A € R

E[eiANt”n] nooo, —iX?o?/2

show. With the function r from Lemma 14.44 now applies

tn tn tn
E[¢AVh] = (1 +iAZ0) - exp ( XNz ZT(AZQ)).
s=1 s=1 s=1
We now set
T, == H(l +iAZY), U, = exp ( - )‘72 Z(ZQ)Q + Z T(AZ?))
s=1 s=1 s=1

and show that for these random variables the conditions of Lemma 14.43 apply to these
random variables (with u = e ***/2). For 1. first because of (14.7)

tn tn

: n\2 __ 1: n\2 __ 2
Jim, > (227 =l 3 (X3 = o

Further, with C' from Lemma 14.44

tn tn tn
Sorzn| <N Y1z < o Y
s=1 s=1 s=1

tn
<C- N max X[ XT)P =20,
1<s<tp 1
S=

where the convergence follows from (14.5) and (14.6).
For 2. |T,U,| = |¢?Vin| = 1, from which the uniform integrability of (T,Uy)nern already
follows. For the uniform integrability of (7),)necm we define

Jp = inf {S <tn: i(Xff)z > 202} Nty

r=1
and write
Jn—1 Jn—1
. . 2
Tal = T 11 +iAZ0] - L +iAZ3| < exp (% 3 (X§)2)(1+)\|Xf}n|)

s=1 s=1

< 2 2\ . . ny

< exp(Ao”) - (14 [+ max [X(])

Since maxj<s<y, | X7 TH—OO>L1 0, in particular the family (maxj<s<¢, | X7|)n=12,.. is uniformly
integrable, from which the uniform integrability of (7},)n=1,2,.. follows.
We now come to 3. by showing E[T},] = 1. Since E[Z}|F* ;] =0 for all s =1,....t,,

tn

E[T,] = E[H(l +MZ;‘)]

- E[(l HNZY) B[+ iAZ8) B4+ AZL|FE ] |7 = 1

Now the assertion follows directly with Lemma 14.44. O
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Example 14.45. 1. Let X1, Xa, ... be independent, identically distributed, real-valued ran-
dom variable with E[X1] = 0 and finite variance V[X1] = o2. It is then known that
./\/ln_( )t =0,1,2,. Awith

s a martingale and
n—oo

MM 2222 X~ N(0,02).
This can also be realized by means of Theorem 14.42: first we establish that [ tP(|X1| >
t)dt < oo because of the finite second moment. This means that P(|X1| > t) = o(1/t?)

for t — oo, can therefore be written as P(|X1| > t) = a(t)/t* with a(t) 2290, From

this,

Bl max [X.J/vil = [ T P(max [X] > i) = / C - P(X >ty
. & . _a(t\/ﬁ) n n—o00
/0 1 (1 )dt 0

t2n

due to dominated convergence. Furthermore, with the law of large numbers,

i ZXSQ n—o00 i o2
n
s=1
So, the conditions of theorem 14.42 are fulfilled.

2. We bring another example of a sequence of martingales that lead to sums of dependent
random variables. For this, we recall the stochastic integral from Definition 14.13.
Let Y1,Ys,... be independent, identically distributed, restricted random wvariables with
E[Yi] =0 and V[Y1] =1 and H = (H¢)t=01,2,... and M"™ = (M{")i=0,1,2,... given as

t
1 1
Hs: _1(Y12++sz271)’ Mtn:\/ﬁ;Ys

s
Then,

(H - M™),

N

3\

1$ a martingale with

1 1
=H -M")—(H - M")o1 = —=Y, >y

(Note that (X7, X3, ...) is not an independent family). Now, (14.5) applies by the bound-
edness of Y1,Yo, ... We further calculate

n 1 n 1 s—1 9
n—00

> (XP)? = ;ZYZE(;ZK?) — 1L

s=1 s=1 r=1

from which now (H - M™), =25 X ~ N(0,1) follows.
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14.6 Properties of martingales in continuous time

Example 14.46 (Martingales derived from the Poisson process). Let I = [0,00), X = (X¢)er
be a Poisson process with intensity X and Fy = 0(Xs: s <t). Then,

t
(X¢ — M)ier  and (XE —A / (2X, + 1)d7")
0 tel
1s a martingale. The following applies for 0 < s <t
E[X; — MN|Fs] = E[Xs + Xt — Xg — M| Fs] = Xs + At —s5) — Mt = X5 — As,

t
E|X?- x2- )\/ (2XT+1)dr\fs}

= E[(Xt — X2+ 2(X; — X)X, — M2X, + 1) (t—s) + 2/t(Xr — Xs)dr)|Fs)
= At —5)+ A2t —5)2 + 2\t — )X — M(2Xs + 1)(t — 5) — N2 (t — 5)? = 0.

Example 14.47 (Martingales derived from Brownian motion). Let I = [0,00), X = (X{)er
be a Brownian motion, F; = o(Xs:s <t) and pn € R.

1. The processes

(uXt)ter, (X7 — pt)ier and (exp(puX; — ,u2t/2))t6] (14.8)
are martingales. The following applies for 0 < s <t
E[pX|Fs] = BluXs + n(Xy — Xo)[Fs] = pXs,
E [MXE — 1t|Fy) = hE[(Xy — X2+ 2(X; — Xo) X, + X2 — t|F,]
= p(t —s) + pX7 — pt = pX7 — ps,
E| exp(uX: - i%/2)|Fs] = exp(uX, — 1%t/2) - Blexp(u(X; - X,))]
= oxp(uXs — (/2 + (2 (t — 5)/2) = exp(uXs — p*s/2)

according to Example 6.13.3.
Since the process (exp(puXy _'uzt/2))tel is a non-negative martingale with Elexp(uX;—
ut/2)] =1, it represents a density. This is since for T > 0,

Q. {B(R)[Oﬂ — [0,1]
T4 — Elexp(uX, — u?7/2), A]

077—]
?

is another probability measure on B(R)[ which leads to a probability measure Q on

BR)! since
Qlr, = Q- (14.9)
can be continued.

2. For j € R the process (X; + Mt)te[o,oo) is called Brownian motion with drift u. This is
a martingale if and only if p = 0. For u > 0 it is a sub-martingale and for u < 0 it is
a super-martingale.
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There is a close connection between the Brownian motion with drift and the martingale
(exp(uX; — ,uzt/2))t€] from (14.8).

Proposition 14.48 (Brownian motion with drift and change of measure). Let I = [0,00)
and X = (Xy)ier be a Brownian motion defined on a probability space (0, F,P). Further, let
V= (Y)ier with Yy = Xy + ut for a p € R and Q from (14.9). Then,

X.Q=).P and  ).Q = X.P,

i.e. the distribution of Y under the measure Q is that of a Brownian motion with drift p
under P. In particular, is a martingale under Q.

Proof. First, let f be continuous and bounded, and 0 < s < t. Then,

Eqf(X0)|Fs] = Ep[f(Xp)er X 2| F ]
-— (1t )euxﬂﬂt/z / F(X, + y)etve v/ 2=) gy
e —S
_ \/;ewsu%/zw?(tswz / F(X, + ) W=D/ =5 g
27 (t — s)

_ \/7610{5’“28/2/]0()(5 oy ut— S))efy2/(2(t*8))dy

=Ep[f(X: + p(t — 9))|Fs] - oHXs—1Ps/2

Now let 0 <ty <--- <t, and fi,..., fn be continuous and bounded. Then,

EqQlf1(X1,) - fu(X0,)] = Ep[f1(X0,) - fae1(Xi, ) Ep[fu (X, e Xen200/2| F, ]
=Ep[f/i(Xe,) - fo—2(Xt, o)
Ep[fu_1(Xt, )Ep[fa(Xe, + ultn — tno1)|F,_, | K== 7, )
= =Ep[fi(Xe, + pt1) -+ fu(Xs, + ptn)] = Ep[f1(Ye,) -+ fr(¥2,)].

Since f1, ..., f were arbitrary, the finite-dimensional distributions of X,Q and ), P are iden-
tical. The statement now follows from Proposition 13.6.1. O

We will now apply the results of martingales with a countable index set to the case of an
uncountable index set, I = [0, 00). Central to this is Theorem 14.49, in which we will see that
there is a right-continuous modification for very many sub-martingales.

Theorem 14.49 (Regularization of martingales in continuous time). Let I = [0,00) and
X = (Xi)ter be a sub-martingale. Further, Y = (Yi)iecing with Y = X fort € INQ. Then,
with (G¢)ter from Lemma 13.25, the following holds:

1. There is a null set N such that Yf = limg Y3 for all t € I outside N exists. The
process Z = (Zy)ter with Zy = 1Nth+ is a (Gt)ier sub-martingale.

2. If (Fi)er is right-continuous, then X has a modification with paths in Dr(]0,00)) if
t — E[Xy] is right-continuous.
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Proof. Since (|t|)terng is a sub-martingale, sup,«, E[|Y;|] < oo for 7 < co. Thus, according
to Theorem 14.29, for each ¢ € I the limits Yy, € I outside a nullset N. This means
that (Z;)ier with Z; =1 NcY;"' is right-continuous with left-sided limits. Furthermore, Z; is
measurable with respect to o(F;, N)T,t € I.

We now show that (Z;)er is a sub-martingale. Let s < ¢t and s, | s, as well as t,, | t
(and s, <t, n =1,2,...). Then obviously Y;,, < E[Y},|Fs,.] for all m,n. This means that

Sm

Zs < ElY;, | Fs+] according to Theorem 14.36. Since sup,, E[Y; ] < oo, the sub-martingale
n— o0

(Y4, )n=1,2,... is according to Theorem 14.37 uniformly integrable with ¥;, —— fs,L1 Zt, and

n—oo

thus E[}ftn‘fs-i-] —>fs,L1 E[Zt’]:s_t,_] From thiS, ZS < E[Zt’f5+] = E[Zt|g5]
2. With the same notation, for ¢ € I and t, | t with ¢1,%2,... € Q,

ElX., | =E[v,], X <E[Y,[FA]

Because of t,, | t, lim,; E[X] = E[Z;]. Furthermore, due to the right-continuity of (F)er
and Theorem 14.37 X; < E[Z;|F] = Z;. If X has a right-continuous modification, then
Z; = X; is almost certain, and thus lim, s E[X,] = E[X{], therefore ¢ — E[X}] right-handed.
On the other hand, if ¢t — E[X{] is right-handed, then E[|Z; — X;|] = 0, and thus Z; = X}
almost surely. Thus (Z;)¢er is a right-continuous modification of X. O

Remark 14.50 (Usual conditions). Let I = [0,00). In the following, we will always assume
that the filtration (Fi)i>o0 is right-continuous and complete. Furthermore, Theorem 14.49
shows that, under these assumptions, for each sub-martingale X there is a modification with
paths in Dr([0,00)) if t — E[X}] is right-continuous. We also want to assume this modifica-
tion of each sub-martingale has paths in Dr([0,00)). All this we will summarize and say that
under the usual conditions.

Theorem 14.51 (Martingale convergence theorems for continuous I). Let I C [0,00) be
an interval. Under the usual conditions, the statements of Lemma 14.25, Proposition 14.26,
Lemma 14.28, Theorem 14.29, Corollary 14.30, Theorem 14.32, Theorem 14.33, Theorem 14.36
and Theorem 14.37 apply accordingly.

Proof. Note that all statements already apply in the case of countable index set, e.g. I N Q,
have already been shown. All statements follow in the continuous case, because under the
usual conditions, the process X = (X¢)icr, as well as all its limit values, can be uniquely
constructed from (X¢)tcrng and its limits can be constructed. O

All martingale convergence theorems are now also shown for the case of continuous index set.
The following are the statements of the Optional Sampling (Theorem 14.22) and Optional
Stopping Theorem (Proposition 14.19) in the continuous case.

Theorem 14.52 (Optional Sampling Theorem in the continuous case). Let I C [0,00) be
an interval, S < T almost surely finite stopping times and X = (Xy)ier a sub-martingale. If
either T is bounded or X is uniformly integrable, then Xt is integrable and Xg > E[Xr|Fgs].
Furthermore, Lemma 14.23 is also valid for I = [0, 00).

Proof. Without restriction, I = [0,00). Let S, := 27"[2"S + 1] and T,, := 27"[2"T + 1]
such that S, | S and T}, | T as in Proposition 13.28. With Theorem 14.22 follows Xg,B <
E[X7,|Fs,,] for all m > n. With m — oo and Theorem 14.36.2,

Xg < E[Xr, | Fsl. (14.10)
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If T is almost surely bounded, then ..., X7,, X7y is a sub-martingale with inf,, E[ X7, | > —occ.
Therefore, according to Theorem 14.37 it is a uniformly integrable, almost surely and in
L' convergent sub-martingale with limit X7. Now follows the statement from (14.10) with
m — o0.

If X is uniformly integrable, then it converges according to Theorem 14.32 (or Theo-
rem 14.51) as X, H—OO>fS,L1 Xoo with integrable limit Xo. and X < E[X|Fs] applies.

As above, first Xg < E[X7,|Fs|, and the sub-martingale ..., X7,, X7, converges almost
surely and in L' against X7. So the statement applies again because of (14.10).

The proof of Lemma 14.23 applies unchanged. 0

Corollary 14.53 (Optional stopping in the continuous case). Let I C [0,00) be an interval
and X = (Xi)ier a (sub, super)-martingale and T' an almost surely finite stopping time. Then
XT = (Xrpt)ier is a (sub, super) martingale.

Proof. The corollary follows with the Optional Sampling Theorem, since T'A s < T A t, thus
Xrps < E[X7rael Fras] < B[X7adl Fol- O

15 Markov processes

The simplest stochastic processes X = (X;)cs are those in which X is an independent family.
We now come to the second simplest dependency structure that occurs in stochastic processes.
By a Markov process X we understand a process in which at time ¢ the future (X, ),>: depends
only on Xy, but not on (Xs)s<¢. In other words: (X;)s>¢ and (Xs)s<; are given independently
Xt.

Many of the stochastic processes already introduced are Markov processes and will serve
as examples in this section. Throughout this section, let (E,r) be a complete and separable
metric space.

15.1 Definition and examples

In this section, we will introduce the notion of conditional independence from Section 11.4 will
be needed. Finally, Markov processes are those in which the future — given the present — does
not depend on the past. After the introduction of Markov processes and some examples, we
will determine in Theorem 15.5, when Gaussian processes are Markov. A central notion will
be Markov kernels ugt, which represent just the transition probabilities between two points in
time s and t. Formally equivalent, we introduce operators T. Sivt, which indicate how expected
values of functions f(X;) change over time.

Definition 15.1 (Markov process). Let (Fi)ier be a filtration and X = (Xi)ier an adapted
stochastic process.

1. The process X is called Markov process if Fs is independent of X given Xg, s < t.
This means that for A € B(E) (see Proposition 11.18)

P(X, € A|F,) = P(X, € A|X,) (15.1)

or equivalently
E(f(X0)|Fs) = BE(f(X)|Xs)

for all measurable and bounded f : E — R.
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2. The Markov kernels (or transition kernels) ,u;"jt (from E to E) of X are given by

ul(Xs, B) = P(X; € B|X,) = P(X; € B|F).

3. Let B(E) be (not only the Borel’s o-algebra on E, but also) the set of bounded, measur-
able functions f : E — R. Then we define for s <t the transition operator

_[BB) - BE)
B e BUGOIX = o = [ ) f)

4. For Markov kernels u,v from E to E we define a Markov kernel from E to E? by

(149 0)( A x B) = [ o, dy)oy.d2) e e
and a Markov kernel from E to E by

(w) (2, A) = (p@v)(z, E x A).

Remark 15.2 (Interpretations). 1. Just as with martingales, the Markov property is for-
mulated with respect to a filtration (Fi)ier. In the following, however, we will always
use Fy = 0((Xs)s<t), t € 1.

2. We want the transition kernels (Mf:t)sgt as reqular versions of the conditional expectation
of Xt given Xs. This is possible because E is Polish and according to Theorem 11.23,
then the regular version of the conditional distribution exists.

3. The transition operator si(t is best interpreted as follows: Given a function f and Xj),

then (T55f)(Xs) is the expectation of f(Xy) at the start in X,. This naturally depends
on the value X so Tsﬁf s a function of Xs.

4. To interpret the Markov kernels uft ®,ut)’(u and ,ugftut)fu for s <t < wu note the following:
It is p, @iy, (x, AX B) is the probability, given X = x, that is both X, € A and X, € B.
In addition, under ,uift,ufu the state at time t is integrated out, i.e. ,uiftuf’(u(x, B) is the
probability, given Xs = x, that X, € B. (Of course, in the case of a of a Markov
process must be equal to ,uifu(x,B); see also the Chapman-Kolmogorov equations in
Corollary 15.16.)

Example 15.3 (Markov chains). (See also example 5.10.) Markov processes X = (Xi)ier
with at most countable state space E are called Markov chains. Furthermore, if I = {0, 1,2, ...},
then the transition kernel thﬂ is represented by a matric P11 = (pri+1(2,Y))zyeck so that

Priv1(z,y) = P(Xip1 = y| Xy = 2)

and

MtX,t+1 (z, A) = Z pri+1(z,y).
yeA
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Further here is
(M;(m ® :ut)j-l,t+2)(ma AXx B) = Z Pri+1 (T, Y)pes1a+2(Y, 2)
yeA,zeB

and

(it ) (@A) = D prsa (@ y)per1a2(y, 2).
yek z€A

For the transition operator (Tg‘;) s<t can be written f : E— R can be written as a restricted

vector, namely as f = (f(x))zer and thus

<Tt/};,+1f)(x) = Z Mt),(t+1(x7 dy) f(y) = Zpt,tﬂ(x,y)f(y),

yer yer

so the application of Tt)’iﬂ to f corresponds to a multiplication of the matrixz py 1 with the
vector f.

Example 15.4 (sums and products of independent random variables etc.).

1. Let X1, X2, ... be real-valued, almost certainly finite and independent. Then S = (St)t=01.2

sy Ly

with Sy = Zi:l X and also S = (St)i=0,12,... with S; = Hi:l Xs Markov processes.
The following applies for example for A € B(R)

P(St+1 S A|]:t) = /P(St cA-— x,Xt+1 S dac]}"t)

- /15t€AxP(Xt+l € dz) = P(Si41 € A|Sy).
In this case
Mft+1(x7 A)=P(Xy11 € A—1x)
and

(Tti+1f)(x) = E[f(z + Xi11)]-

2. Let X = (Xi)i>0 be a Poisson process with intensity \. Then (Xi¢)i>0 and (Xyu)i>o0
for each growing function f Markov processes, just like (X; — A\t)i>0. However, (X7 —
A fg(QXT +1)dr)e>o is not a Markov process; see also Example 14.46. (Note for the last

process: assuming X7 — )\fot(QXr + 1)dr = z, the process decreases linearly with slope
A2X: + 1). However this slope is not a function of x).

Let’s look at the Poisson process X. Here the Markov kernels for x € {0,1,2,...} are
given as

s A = 5))E
paa(z, A) = > e ! )((k:—x)"
keAN{z,z+1,...} ’

and the transition operator for f :{0,1,2,...} — R is bounded

(TS5 ) (@) = e*(”)wk,))f(x +k) = E[f(z + P)],
k=0 ’

where P is a Poisson distributed random variable with parameters \(t — s).
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3. Let X = (Xt)i>0 be a Brownian motion. Then both (uXi)i>0 and (uX? — ut)i>o as well
as (exp(uXy — p?t/2))i>0 for p € R Markov processes (as well as martingales according
to example 14.47). For example

PIX2 —u<z|F]=P[(Xy— Xp)* +2(Xy — X)Xy + X7 < u+2|F]
=P[(Xy — Xi)> +2(Xy — X)Xy + X2 < u+2|Xy] = P[X2 — u < 2] Xy].

Let us consider the Brownian motion X. Its Markov kernels is given by

Ry
piy(x, A) = mAeXM— (Qy(t_ S))>dy

and the transition operator for f € B(R)

(T 1) (@) )f@+y)dy = Elf @@+ Vi —s2))

1 / ( y?
V2m(t — s) P 2(t —s)
where Z is a N(0, 1)-distributed random variable.

Theorem 15.5 (Gaussian Markov processes). Let X = (X)i>0 be a Gaussian process. Then,
X is Markov iff

COV (X, X,) V(X)) = COV(X,, X;) - COV (X, Xu) (15.2)
for all s <t < u.

Proof. By subtracting the expected values, we can assume wlog that E[X;] = 0 holds for all
t > 0 is valid. We note that (if V(X;) > 0) with
COV (X, Xu)
X =X,- ———
v V(Xy)
holds that COV (X!, X;) = 0. Therefore, X, and X; are independent (and the joint distribu-

tion is a normal distribution). In the case V(X;) = 0 we set X/, = X, from which the same
follows.

First, let X be Markov and s <t < u. Then X is independent of X, given X;, so X is
also independent of X, given X;. Since X; and X, are independent, we find
P(X; € A, X) € B) =E[P(X; € A|X;) - P(X], € B|X})]
=E[P(X; € A|X;) -P(X, € B)]=P(X;€ A)-P(X,, € B)
and therefore X and X/, are independent. This means that
COV (X, X,)
V(X)

Xy

0=COV(X,,X) = COV(X,, X,) — COV(X,, X;)

and (15.2) follows.
Conversely, let X' fulfill (15.2). Then (with the same calculation as above), X is indepen-
dent of X/, for all s <¢. This means that X/, is independent of F; = o((Xs)s<t) and

P(X, € AlF) = /P(X; € d, ORI X, € A - x!]—})

— [P(xl € dn, ORI X € 4 - alx,)
=P(X, € A|X,).
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Example 15.6 (Examples of Gaussian Markov processes). 1. We have already shown that
a Brownian motion X is a Markov process. To be on the safe side, also note that in
this case for s <t <wu

COV(X,,X,)  V(X;) = st = COV(X,, X;) - COV(X;, X,,).

2. A fractional Brownian motion with Hurst parameter h is a Gaussian process X =
(Xt)e>0 with E[X¢] =0, t >0 and

1
COV(X,, X;) = 5(t% + %0 — (t — 5)%h).

As you can easily calculate, this is only for h = % a Markov process. Then X is the
Brownian motion.

3. Let X = (Xi)i>0 be a Brownian motion and Y = (Yi)icp,1) given as Yy = X — tX;.
Then Y is called Brown’s bridge; see also Figure 5. It is E[Y;] =0,t >0 and s <t

COV(Y,, V) =COV (X, —sX1, Xy —tX1) =s—2st+ st = s(1 —t).
This means that for s <t <wu
COV(Y,,Y,) - V(¥;) = s(1 — u)t(1 — t) = COV(Y,, Y;) - COV (Y, Y,),

so the Brownian bridge is a Markov process.

(A) (B)

0 ®
N O' —
o [{e]
o o
<
o | o
—
- ~ N
X o >o
ri% o
2 |
n
o 7 |
o <
S S -
{ I I I I T . I I I I T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Figure 5:  (A) The path of a Brownian motion X = (X;);c[0,1)- (B) The corresponding path
of the Brownian bridge Y = (Y})¢cpo,1) with ¥; = X; — X7,

The verbal description of Markov processes states that the future of the process is independent
of the past, given the present. However, in Definition (15.1) it is only required that individual
time points in the future are independent of the past, given the present. The fact that this
in fact corresponds to with the verbal description is now shown.
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Lemma 15.7 (Extended Markov property). Let X = (X;)ier be a Markov process. Then
(Xu)u>t is independent of Fi given X

Proof. Let t =ty <t; < .. <t, € I and Ag,..., A, € E. Then the following applies
P(Xto € Aoy Xt,, € Ap|Ft) = E[lXtOEAoa s 1th,1 €An_1 " E[lthGAn|ftn71]|]:t]

- E[lXtOEAoa 3L lxtn,leAn—l ’ E[lthEAn‘th—l]‘ft]

= E[lXtO €Ags -+ 1th_2€An—2 ) E[lth_l EAn—1E[1th EAn’th—lnftn—z]

:E[lxthﬁl eAn_lE[lxtn cAn | Xty _ 1, Xty o1 Xt,_5]

:E[lxtn_l €An_11xy, €An | Xt, o]

mathcal Fy]
== E[lxtOEAoE[1X1€A17 ey 1th€An|Xto]|]:t]
= E[1X10€A0’ . 1th€An|Xt] = P[th S Ao, ...,th € An|Xt]

where we have used Proposition 11.18. This shows that (X, ..., Xz,) is independent of F;
given X, i.e. the independence on cylinder sets {X;, € Ao, ..., Xt, € A,}. This is extended
by means ofan argument with a Dynkin system to all sets in o ((Xy)u>t)- O

A special case is that of a Markov process that is spatially homogeneous. This always behaves
in the same way, regardless of its current value is. We have already become familiar with
such processes via the Brownian motion and the Poisson process.Equivalent to this is that
the process has independent increments, as Lemma 15.9 shows.

Definition 15.8 (Spatially homogeneous Markov process).
Let E be an Abelian group.

1. A Markov kernel from E to E is called homogeneous if u(x, B) = u(0, B — x) for all
x € E and B € B(E) is valid. (Here B—x={y—z:y € B}.)

2. A Markov process X is called spatially homogeneous, if the Markov kernels ,u;"ft are
homogeneous, s < t.

3. A Markov process X = (Xt)i>0 has independent increments if X3 — X is independent
of Fs, s < t.

Lemma 15.9 (homogeneity and independent increments). Let X = (Xy)wer be a Markov
process with state space E, where E is an Abelian group. The process X has independent
increments if and only if X is spatially homogeneous. In this case, the completion of the
filtration (Fi)e>0 with Fy = o((Xs)s<t) is right-continuous.

Proof. First, let X be a spatially homogeneous Markov process, i.e. ugt(:c, B) = ,uﬁft(O, B—x)
for all z € E and B € B(E). Then,

P(X; — X, € B|F,) = P(X; € X; + B|Fs) = psp(Xs, Xs + B) = p34(0, B).

Thus X; — X is according to Lemma 11.13 independent of F;, so X has independent incre-
ments.
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Conversely, X' has independent increments. Then (X; — X;);>, is also a Markov process
with the same Markov kernels and

piay(Xs, B) = P(X; € B|F;) = P(X; — X; € B — X,|Fs) = oy (0, B — X,).

We now come to the second part of the statement, the right continuity of the filtration
generated by X. Let t € I and wuy,u9,... € I with u,, | t. Wlog we assume that F; is
complete. We must show that F,” = N, Fu. = Fi. First of all, (F4,G1,Go,...) is with
Gn = 0(Xu, , — Xu,) an independent family. It is F;~ independent of (G, ..., Gy) for each n.
Let A € .7-}+ be. Then, according to Proposition 11.18,

P(A|‘Ft) = P(A’fhgl? 7gn) n_>—oo> 1A

almost surely by Theorem 14.36 and because 1 4 is measurable with respect to o(F, G1, .Go, ...).
In particular, since F; is complete, .7-? CF C .7-"t+. O

15.2 Strong Markov processes

With martingales, we have become familiar with the procedure that a property that applies
for fixed times (e.g. X5 = E[X;|F;]) is transferred to stopping times. (This led to the Optional
Sampling Theorem, i.e. Xg = E[X7|Fgs| for almost surely bounded stopping times S < T').

The Markov property is initially again a property for fixed points in time, which can be
written, for example, as

P(Xst € A|Fs) = ,Ugs-i-t(Xs’A)-

Replacing the fixed time s in the last equation with a stopping time S leads to strong Markov
processes. Most of the processes discussed here belong to this class, however Example 15.14
is an exception.

Definition 15.10 (Strong Markov process). Let X = (Xi)ier be a Markov process with
generated filtration (Fy)ier and progressively measurable. Further let S be a (Fi)ier stopping
time. Then X has the strong Markov property at S if

P(Xsys € Al Fs) = M§S+t(XSv A)
for A € B(E) or equivalent to this

E[f(Xo)|Fs] = (T§ 1 f)(Xs)

applies to f € B(FE). Further, X is a strong Markov process if X has the strong Markov
property at all almost surely finite stopping times.

Proposition 15.11 (Strong Markov at discrete stopping times). Let X = (X¢)ier be a
Markov process with generated filtration (Fi)icr and progressively measurable. Further let S
be an almost surely finite (Fi)icr-stopping time, which only assumes discrete (i.e. in particular
only countably many) values. Then X has the strong Markov property for S.

If I in particular is discrete, then every Markov process X also has the strong Markov

property.
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Proof. Let {s1, s2,...} be the range of values of S and f € B(F) and A € Fg. Then (since
the range of values of S is discrete) AN {S = s;} € Fs, and

E[f(Xs), A Z E[f(Xs11), AN{S = s}]
- ZE Xort) AN (S = 5i}]
= ZE X)) Xs], AN{S = si}]
= Z E[(Ts;s,+¢f)(Xs,), AN {S = si}]
= Z E[(Tss+tf)(Xs), AN {S = s;}]

= E[(Ts,5+:f)(Xs), A].
Since (T's,54++f)(Xg) is measurable according to Fg, the assertion follows. O

Theorem 15.12 (Strong Markov with continuous transition operator). Let X = (Xi)ier
be a Markov process with generated filtration (Fi)ier with right-continuous paths. If Tftf 18
continuous for f € Co(E) and s — T s+tf continuous for all f € Cy(E) (with respect to the
supremum norm on Cy(E)), then X is a strong Markov process.

Proof. First, according to Lemma 13.32; the process X" is progressively measurable. Let S
be an almost surely finite stopping time, which, according to Proposition 13.28, we replace
by stopping times Si,Ss,... with S, | S so that S,, only takes on assumes discrete values,
n = 1,2,... Then, because of the right continuity of the paths of X that Xg, nmroo, Xg is
almost certain and for f € Cy(E) is

E[f(Xs+4)|Fs] = lim E[E[f(Xs,+)|Fs,]|Fs]
= lm B(TE 5 4f)(Xs,)|Fs]
= E[(T§S+tf)(XS)|fS] = (T§S+tf)(XS)a
where the continuity conditions in the third equality are included. O
Example 15.13 (Poisson process and Brownian motion are strong Markov).

1. Let X = (Xt)t>0 be a Poisson process with intensity A > 0. Then X is strongly Markov,
because:
According to Example 15.4.2, (T3, f)(x) = E[f(z + P)], where P ~ Poi(A(t — s)). Thus
s+ To5 1 f is constant. Further, x — (T5, . f)(x) is measurable and due to the discrete
topology on {0,1,2,...} also continuous. The strong Markov property thus follows from
Theorem 15.12.

2. Let X = (X¢)i>0 be a Brownian motion. Then X is strongly Markov, because:
According to Example 15.4.3 is (T, th)( ) = E[f(x + VvVt —sZ)], where Z ~ N(0,1).
This means that s — T3, f is constant and x — (T;%,,f)(x) is constant. Again, the
strong Markov property follows from Theorem 15.12.
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It is not so easy to specify non-strong Markov processes. However, here is an example.

Example 15.14 (A non-strong Markov process). Let T' ~ exp(1) be distributed. We further
define the stochastic process X = (X¢)i>0 with
X;=({t-T)"
and completion of the canonical filtration (Fi)¢>0. Then for f € B(R)
E[f((t—T)")], if Xs=0,
E[f(Xs—i-t)‘]:s] - [ (( ) )] .
flx +1), if X5 > 0.

In particular, the right-hand side only depends on X, and therefore X is a Markov process
with transition operator

(T f (@) = Lo B[f ((t = T) )] + Loso f(x + 1)

Now consider the random time S = inf{t : X; > 0} (i.e. S = T). According to Proposi-
tion 13.30.2, T is an option time and thus, since {T =t} is a zero set and F; is complete,
{T <t} ={T <t} U{T =t} € . Thus T is (Ft)t>0 a stopping time. Now,

E[f(Xst)|Fs] = f(t),

da S is measurable according to Fs and Xgiy =t almost surely is valid. On the other hand,
Xg =0 and therefore

(T8.511)(Xs) = (T§s4.£)(0) = ELf((t = T)")].

Since the right-hand sides of the last two equations for many f € B(E) do not match, X is
not a strong Markov process.

15.3 The distribution of a Markov process

For a Markov process X, the Markov kernels ugt and the transition operators T;}; are im-
portant tools. We will discuss in Theorem 15.17 that a consistency condition (the Chapman-
Kolmogorov equations, see Corollary 15.16) is not only necessary but also sufficient for a
family of Markov kernels to be Markov kernels for a Markov process.

Lemma 15.15 (Finite-dimensional distributions). Let X = (Xy)ier be a Markov process with

X ~ VtX for distributions V{Y on E and Markov kernels (Mgt)sgt- Then, forty < --- <ty

(Xt07 th) ~ U??o{ ® Mt)g,tl Q- ® 'ut)fz—latn
and
P((Xty, 00y Xt,) € 1 Ft) = (pig 0, @+ @ i 1) (Xig, )

Proof. The proof of the first formula is done by induction. For n = 0 the statement is clear.
If it applies for n, then the following applies for f € Cy(E™2)

E[f(Xtgss Xt, 1) = E[E[f(Xg, o, Xt 1) [ F2,]]

- E[/f(Xtov 2L thvxn-i-l)ug‘;,tn_,_l (th7 d.%'n+1):|

— /yt)g ® /‘ig,tl ®R-® quf“tnﬂ(dajo, ey A1) [ (20 vey Tp1)
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so the first formula applies to n+ 1. For the second formula, we note that the right-hand side
Xy, is measurable. Furthermore, with Lemma 15.7

P((th "'7th) € '|Ft0) = P((thv "‘7th) € '|Xt0)
and for A € B(E) and B € B(E™) with the first formula
E[]-(th,...,th)GBaXto S A] = P((Xtm ...,th) € Ax B)

= /Ayfg(dx)(ﬂig,tl PXIRERNY :u’t):;,thﬁl (x? B) = E[(Mt)g7t1 Q- Mi,tn+1)(Xt0? B)’ XtO € A]?

from which the assertion follows. O

Corollary 15.16 (Chapman-Kolmogorov equations). Let X be a Markov process with X; ~

v for distributions v;¥ on E, Markov kernels (ug‘ft)sgt and transition operators (Tft)sgt.

Then, for s <t <wu

Mt = Mo (15.3)
and for f € B(E)
(T (T ) (Xs) = (T ) (Xs) (15.4)
v -almost certain.
Proof. According to Proposition 15.15, for v{-almost all X for A € B(E)
How(Xs, A) = P(X, € AIF) = P((Xy, X)) € E x AFy)
= (12 © 1) (Xs, B % A) = (nh7) (X, A)
and for f € B(E).
(T3 ) (X5) = Bl (Xu) | F5] = B[E[f(X.)|F]|F]
= E[(T3,) (Xe)|Fs] = (T (T3, ) (Xs)-
O

It is clear that for each Markov process there are the Markov kernels (,uift) s<t exist. Con-
versely, we now show that for every family of Markov kernels (us;)s<¢, which satisfies the
Chapman-Kolmogorov equations, there is a Markov process.

Theorem 15.17 (Existence of Markov processes).
Let I be an index set with minl =0, vy a probability measure on E. Then the following
applies:

1. If (psit)s<t s a family of Markov kernels with pigjiey = prsu for all s <t < u. Then
there is a Markov process with starting distribution vy and transition kernels (pst)s<t-

2. If (Tst)s<t is a family of transition operators with Tg Ti, = Tsy for all s < t < w.
Then there is a Markov process with starting distribution vy and transition operators
(Ts,t)sgt'
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Proof. Given (fis+)s<t, it is easy to calculate that

(Toef)(x) = / et (. dy) £ (9)

with f € B(E) a family of transition operators (7 +)s<¢, which exactly then (15.4)is fulfilled
if (p1s,¢)s<¢ fulfills the conditions (15.3) are fulfilled. If the other way around (7)< is given,
then defines

ps,t (T, A) = (TS,tlA) ()

a family of Markov kernels that (15.3) is fulfilled iff (7)< fulfills the condition (15.4). It
is therefore sufficient to show 1.For this we first define the measures for t; < ... < t, with

{ti, .. ta} S I

Ut eostn = VOHOE @ [yt @ o @ [, gty -

To show that (th,..v,tn){tl,...,tn}gfl a projective family is J = {t1,...,t,} and H = {t1, ..., tk—1, tk+1, ...

Then for B = By X --- X Bj_1 X Bpy1 X --- x B, € B(EH)

(m7p)vs(B) = vy (7)1 (B))
= (Voo,ty @ fity ity @ = fhty,_1,,)(B1 X -+ X B3 X E X Biyq X -+ X By)
= (VOMO,tl @ oyt @ Ity gt Bt ity © Btpgy s @ ':utn—htn)(B)
= (VONO,h @ ty,to @ Pty it D gy tye @ 'th—htn)(B)
=vg(B).

According to Theorem 5.24 there is a process X = (X;)ier with the finite-dimensional distri-
butions (v)jc i1 and starting distribution 1. It remains to show that X" is a Markov process.
For this, let A € B(E”/) fora J C I and max.J = s <t and B € B(E). Then,

P((X;)res €A, X; € B) = VJu{t}(A x B) = E[ps(Xs, B), (X )res € Al
If (Fi)ter is the filtration generated by X, the filtration, then the following applies to A € F;
P(Xt S B,A) = E[Ns,t(X& B), A]

From the definition of the conditional expectation, we can read that P(X, € B|Fs) =
pst(Xs, B) = P(X, € B|X;). From this the assertion follows. O

Corollary 15.18 (Distribution of Markov processes). Let v and (ust)s<¢ be as in Theo-
rem 15.17. Then there is a probability distribution P, on B(E)!, such that P, is the dis-

tribution of the Markov process with transition kernels (pst)s<¢ and initial distribution v.
Furthermore, x + P, := Pgs_ defines a transition kernel from E to B(E)! and

P, = /V(da:)Px.

Proof. Tt is easy to calculate that P, (A) = [ v(dz)P,(A) applies to cylinder sets A. As usual,
one extends this statement to all A € B(E)!. O
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15.4 Semigroups and generators

Temporally homogeneous Markov processes play a special role. With these, ,ugft depends only
on the time difference ¢ — s.

Definition 15.19 (Temporally homogeneous Markov process and its semigroups). Let I be
closed under addition. A Markov process X is called temporally homogeneous if there is a
family of Markov kernels (u)ier with ,uSX,t = ur—s. Then we also write ,utX = s and denote
(u)ier as transitional semigroup?.

This is (of course) exactly the case if there is a family of transition operators (Ty)cr with
Ts),(t =T,_s. In this case, we write T;* = T; and denote (T;*);c; as operator semigroup.

Remark 15.20 (Transfer to temporally homogeneous Markov processes). Let X be a tem-
porally homogeneous Markov process with transition and operator semigroup (u;¥)ic; and
(T¥)ier. Then, according to the results from Section 15.3,

(Xt07 "‘th) ~ Vi)g ® lut)f—to K- lu?‘f):;—tnfl
and
P((Xpy, o Xi,) € [ Ftg) = (1540 @ - @ iy, ) (Kt )-
In addition, the Chapman-Kolmogorov equations become
M?/Mf = NsXtha
TsXTtX = Tsﬁt

for all s,t € I. The strong Markov property is in this case

P[Xsit € AlFs] = mu(Xs, 4),
E[f(Xsy)|Fs] = (Trf)(Xs)

for all almost surely finite stopping times S, A € B(E) or f € B(E).

Remark 15.21 (Semigroup property). Let (uX)icr be the transition semigroup and (T{*)ier
the operator semigroup of a temporally homogeneous Markov process X. Then, by the Chapman-
Kolmogorov equations

X X _ X
Hs By = Mgyt

T =T,

for all s,t € I. For this reason, one speaks of (commutative) transition and operator semi-
groups.

Certain properties of operator semigroups often facilitate proofs. This leads to the concept
of the Feller semigroup. To save us save paperwork, we use the distributions P, from Corol-
lary 15.18 and denote the expected value with respect to this distribution with E,.

Definition 15.22 (Feller semigroup, Feller process). Let I = R,.

*A semigroup is a pair (I, %), where * is an associative map I x I — T
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1. Let (T})ier be a family of operators with Ty : B(E) — B(E). This is called an operator
semigroup if Ty(Tsf) = Tiysf for all f € B(E). Such a semigroup is called

(a) positive if Tyf >0 if f >0 for allt € 1,
(b) contraction if 0 < Ty, f <1 for0< f <1 fora
(¢) conservative if Ty1 =1 for allt € 1,

(d) strongly continuous if ||T.f — f||co 20 for all f € Cy(E).

(e) Feller semigroup if Tif(x) 129, f(z) forx € E and f € Cp(E) and T f € Cp(E)

for all f € Cy(E) and t € I.

2. A temporally homogeneous Markov process X = (Xy)iez is called Feller process if its
operator semigroup (T{Y)te] 1s a Feller semigroup.

Remark 15.23 (Probabilistic properties of Feller processes). Let I = R, and (T{* )i be the
operator semigroup of a Markov process X = (Xi)ier.

1. The semigroup (Ttx)tg s conservative and a positive contraction.
Indeed: Of course, T{¥1(z) = E[1] = 1, which shows the conservativeness of (T;%)icr.
Similarly, one writes for f € B(E) with 0 < f <1

T f(z) = Eu[f(2)] < Eu[1] = 1

and thus (T )scr is a contraction.

2. Let Xo = . Then T{* f(x) =% f(x) for all f € Cy(E) if and only if X, = x.

Indeed: '—’: It follows with g(y) = r(z,y) A 1 that Ey[r(x,Y;) A 1] = T g(x) 129,

g(x) = 0, which shows the claimed convergence. '<’: X 20, o applies and thus

according to the definition of weak convergence for f € Cy(E) in particular T;X f(z) =
E.[f(X0)] =5 Bulf(2)] = f(a).

Lemma 15.24 (Poisson process and Brownian motion are Feller). Both the Poisson process
(with rate X > 0) and the Brownian motion are Feller processes.

Proof. Let X* = (X[)1>0 be a Poisson process and JY = (Y,Y);>0 a Brownian motion, each
started in x € R and y € R. The following applies X* 24 2+ X° and Yy 4 y 4+ )°. Then
X¥ ~ N(z,t) and Y}y ~ y+Poi(tA). In particular, obviously X; ﬂp z, Yy ip. Therefore,

T f(x) 129, f(x) and TY f(y) 129, f(y) for f € Cp(R) according to remark 15.23.2 Further,

T f(2) = Bo[£(X0)] = Bolf (z + X)) == Eo[f (2’ + Xp)] = T;* f(a')
and analogously for the process ). From this follow all assertions. O

For concrete Markov processes, semigroups are usually difficult to specify. (However, see the
exceptions of the Poisson process and the Brownian motion from example 15.4). It is easier
to define what happens in an infinitesimally short time. This is described by the generator of
the operator semigroup.
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Definition 15.25 (generator). Let I = [0,00), X = (X;)ier be a temporally homogeneous
Markov process with operator semigroup (T;*)icr. Then the generator of X (or of its operator
semigroup) is defined as

(@ @) = tim BV ZION iy L7 ) 0) — (a9,

t—0 t t—0 t

for all f for which the limit value exists. The set of functions f for which (G f)(x) exists
for all v € E erists is the domain of G and is denoted by D(G?).

Example 15.26 (Generator for Poisson process and Brownian motion).

1. Let X = (Xi)ter be a Poisson process with parameter \ and G? its generator. Then,

(GYf)(@) = Mf(z+1) — f(x)
forz € N and f € B(N).

Because we calculate, if Py is a Poisson distributed random variable with parameter A\t

k
Nt k)~ £(a)

o0

(GX f)(x) = Tim * (Balf(z + P) — f(x)]) = lim ~

t—0 t t—0 ¢
k=1

[e.e]

k
iy e—Atmw 14k - f(2))
0

=Af(z+1) = f(x)
due to dominated convergence.

2. Let X = (Xi)ter be a Brownian motion and G its generator. Then

(GY () = 5f"(2)

forx e R and f € Cg(R), the set of bounded, twice continuously differentiable functions
with with bounded derivatives.

Because we calculate, if Z is a N(0,1)-distributed random wvariable with the Taylor
approximation and a random variable Y with |Y| < |Z]

(G )(w) = im (B[ +ViZ) — (@)

t—0

— tim S (B (0VEZ + L") 2? + (1" (o + VEY) — 1" ())tz?]) (15:5)

t—0 ¢

= Lf"(@)+ lim BL (" (@ + VAY) - f"(2)2%) = 1"(2)

by dominated convergence.

We calculate analogously: If X = (Xi)ier with Xy = (X}, ..., X?) is a d-dimensional
Brownian motion. Then,
4 92

&H

(GYf)(x

l\’)\r—t
Qv
sw

for z € R? and f € C}(R?).
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Remark 15.27 (Feller semigroups and strong continuity). If E is at least locally compact,
one can — if one replaces Cy(E) by Co(E), the continuous functions vanishing at infinity — at
least show that every Feller semigroup is strongly continuous. This makes it easter in some
proofs to verifying the uniform convergence for strong continuity. In particular, according
to Lemma 15.2/ the (Feller) semigroups of the Poisson process and Brownian motion are
strongly continuous.

Lemma 15.28 (Relationship between operator semigroup and generator). Let X' be a Feller
process with operator semigroup (T )icr. Further, let G be the generator of X and D C
D(G¥) with G¥ (D) C Cy(E). For f € Cy(E) is then [j(T< f)ds € D(G¥) with

1 i) - 1) = (¥ ( [ @ nas) )@ (15.6

and for f € D and t > 0 is also T;* f € D(G?Y) and the following applies
GY(Tf) = THGY)),

t 15.7
(T f) () — f(x) = /0 (TX(G¥ f))()ds, (157

thus
t
B [f(X))] = f(z) + /0 B(GY f)(X,)|ds.

Proof. For x € E and f € Cy(E), t — (T;* f)(z) is continuous. Because of the Feller property
of (Tser, X X (X X
(Tinf) (@) = (T (T3 ) (@) = (T f)(@)-

For the first equation,

1

iBe [ T~ (T )] = 1 / (T2 (@) — (T2 ) (w)ds)

t+h ¢
( /,l (T f)(@)ds — /0 (T f)()ds)
1

t+h h
[ aEpwas - [
P20 (T ) (@) — fla).

For the other statements, first of all

d

B f(X0)] = lim 5B, [f(Xpin) = f(X0)

= (" Jim 1B, [f(X3) = f(2)] = (T7(G™ ) (@),

but also

d

&Ex[f(Xt)] = }llg% FEo[f(Xegn) — f(X3)]

= lim 3B, (T f)(Xn) = (T f)(@)] = (GH (T ) (@),
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which shows the first equation. For the second equation, we note that ¢ — (T;* (G f))(z) is
continuous according to the condition, so

T~ fa) = [ EBAFEs = [ (TG 1)@

0

O]

Corollary 15.29 (Domain is dense). Let X, (T;*)icr and G~ as in Lemma 15.28 and the
conditions in Lemma 15.28 apply with D = Cy(E). Furthermore, let (T;*)icr be strongly
continuous. Then D(G?¥) is dense in Cy(E) with respect to the supremum norm, i.e. each
f € Cy(E) can be approzimated by functions from D(GY).

Proof. For each f € Cp(F) the following applies according to the condition

1 /0 (T fyds 20

with respect to the supremum norm. Since the function on the left-hand side after (15.6) lie
in D(G?V), the assertion is shown. O

Theorem 15.30 (Martingales derived from Markov processes). Let X = (Xy)ier be a Feller
process with generator G and domain D(GY). Further let D C D(GY) be such that G* (D) C
Cv(E). Then, for f € D both

(s000 - [ (@ i)

as well as, in the case of (GYf)/f € L

t X
(Fxexp ( - /0 W“))@

tel

are martingales.

Proof. Let t > s. For the first process, we note

B[ (X)) - f(X,) - / (G £)(X, )dr

7|
= B[00 - 10x) - [(@ D]

(T f)(X) — (X)) — / (To_ o (G ) (Xs)dr = 0

according to Lemma 15.28. Furthermore,

t (X X
E, [f(Xt) exp(—/O (Gf(‘?(ifr)dﬁ - ) exp /0 G f )‘f}
t (X X
el L) ]l [
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and

iEXS [f(Xt) exp ( — /t (G/Yf)(XT)drﬂ

dt 0 f(Xr>
_ H(GYH(X)
= Ex, [(GXf)(Xt) exp ( - /0 WCZT‘)
e ( [EEDD N (GG
e (= [ ST ) Sy ]
Again, integration from s to ¢ provides the assertion. O

Example 15.31 (Ordinary differential equation). Let X = (X;);>0 with values in R which
i a solution of the ordinary differential equation

d
aXt = Q(Xt)

where g = (gi)i=1,..d : R? — R is a Lipshitz function. Then X is deterministic, but can also
be regarded as homogeneous in time (because g does not additionally depend on t) Markov
process. The generator of X is calculated for f € Cl} (RY) and Xo = = as

d

_d _of
Cdt

t=0 4~ Ox;
=1

(GF () = lim 3((Xy) = f () (f(Xt))’ (9(2)) - gi(x) = (Vf)(g(2)) - ().

Example 15.32 (Poisson process and Brownian motion). In the following, let f,(x) =
n—oo n—oo

ze " e f, € C(Ry) and gn(x) = 22~/ such that fn(z) 2= f(z) and g,(z) —
g(z) with f(z) =z and g(z) = 2.

1. Let X = (Xy)i>0 be a Poisson process with rate X\. Thus, according to theorem 15.30
and Example 15.26

t
(Xt An — / /\1X5§n71d5)t>0
0 >

is a martingale. Since X, is integrable, it follows from dominated convergence that

(X¢ — \t)

t>0

is a martingale. Analogously, one concludes (from the integrability of X} that

t
(X7 - A/ (X5 4+ 1) — X2ds) .,
0 >

is a martingale. See also example 14.46.

2. Let X = (X¢)i>0 be a Brownian motion. From the integrability of Xt,th and e"Xt | one
concludes from Theorem 15.30 that because of G¥h(z) = 3" (z)

t
(Xt - 5/0 z’d”(Xs)dS)tZO = (Xt)e>0,

t
(x4 [ ), = 8

(e (w01 [ R0, = (e (w5 1),

are all martingales. See also example 14.47.
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Example 15.33 (Jump processes). The simplest Markov processes are piecewise constant
processes. We now describe the following process: Given Xs = x, the process jumps after
an exponentially distributed time with rate X\(x). The process jumps according to the Markov
kernel u(Xs,.), i.e. it jumps with probability u(Xs,dy) to y.

Let A € B(E) be given with 0 < X\ < X\* and the Markov kernel u from E to E. Further,
let (Yi)k=012,. be a Markov chain in discrete time with P(Yy41 € A|Yy) = pn(Yy, A) for all
A € B(E). Furthermore, let Ty, Ts, ... be independent and exp(1)-distributed. (We note that
this means that Ty, /X according to exp(X) is distributed). We define the jump process (Xt)i>o0

by

To
}/E)? t < A '}/0) )
Xt == k-1 T k T (158)
Y, L <t< I

This is a Markov process since it is memoryless by the exponential distribution. To calculate
the generator of X, we note that the probability that in time t more than than 2 jumps take
place is at most 1 — e N"t(1 + %)\*t) = O(t?). So the following applies for f € Cy(E)

E.[f(X:) — f(2)]

We now give some more examples of Markov jump processes on countable state spaces.

Example 15.34 (Master equation). Let X = (X;)i>0 be a jump process on a countable state
space E, given as in the last example by the functions A and the Markov kernel u(,.). We
now set AN(x,y) := AMx)u(z,y) and denote this quantity as the jump rate from x to y, i.e.

Gf(x) =) Aa,y)(f(y) - f(z))

yeE

is the generator of X. If you insert the following into this equation function f(y) = 1y—, (for
a fixed x) into this equation, you get

d d
%P(Xt =z)= %E[f(Xt)] =E[(Gf)(Xy)]
=B > MX09) (e — 1)
yeE
= Z P(X; = 2) Z )‘(z>y)(1x=y — lp=) (15:10)
zeFE yelR
= Z Mz, 2)P(Xy = 2) — Mz, 2)P(X; = z).
zeE

This equation is therefore a differential equation for (P(X; = x))zer. The solution of this
equation thus provides the exact distribution of X;. This equation is also known in physics as
the master equation.
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We will now also replace the generator equation with
E.[f(Xn)] = f(x) + hG f(x) + o(h).
write.

Example 15.35 (Branching processes in continuous time). In a continuous-time branching
process (with state space Z.y ), each individual dies at rate 1 and is replaced by a random
number of random number of offspring (with distribution u). Here the generator results in

Gf(x) ==z um)(flz—1+n)— f(2)).
n=0
For example, for fr(z) =17,

C(a) = a3 )07 = 1) = ar" ) — 1) = (9(r) = ) £ (2
n=0

From this you calculate

B, [ —'rx+(gu(7“)—7“)/0 %Ex[rXS]ds,

so the function u : (t,r) — BE.[r*t] solves the equation
Cult, 1) = (gu(r) — ) ult, ) (15.11)
gt ) = (gu(r) =) ult,r .
with the boundary conditions u(0,r) = r* u(t,1) = 1.

Example 15.36 (Yule process). The simplest branching process is the Yule process, in which
each individual is replaced by two offspring. In this case p = o2 and thus g,(r) = r2, so here
in (15.11)

d d
ﬁu(t,r) =-r(l- T)%u(t”ﬂ)

apply. We now claim that this equation in the case x =1 is given by

e tr
u(t,r) = e p—t

Indeed,

(I—r(1— e_t))z%u(t, r)=—1—7r(1—e"))re " + e 22 = —r(1—r)e"
(1—r(1- e*t))Qd%lau(t, MN=0-r(l-e e +elr(l—e’)=e"

Since the generating function of the geometric distribution is just

> n—1 n pr
Ggeotp) (1) =D _(1=p)" 'pr" = —
~ 1—r(1-p)
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we have shown that in this case X; ~ geo(e™). This can also be shown using the master
equation

%P(Xt =z)=(z-1)PXy=2-1) —2P(X; = x).
This is because for P(X; = x) = (1 — e t)7 le!
%(1 ety let = (p - 1) (1 — e t)T 22— (1 — ety Lt
=(l-—e )2 (z-1Det—1-et))=10—-e "2 zet —1)
and

(zr—1)PX;=z—1)—2P(Xy=2)=(1—e )" 2eHz—1—x(l—e?))
=(1—e 2t (ze t —1).

Example 15.37 (Probability of extinction of a branching process). Let T' = Ty be the ex-
tinction time of a branching process. Then obviously P,(T < c0) = P1(T < 00)* and

Py (T < 00) = (1= h)P(T < 00) +h > u(n)Py(T < o0)" + o(h)

n=0

therefore, for r := P1(T < o) just
= gu(r) (15.12)

apply. This equation trivially has the solution r = 1. In the case Y, nu(n) < 1 this is the only
solution, which shows that the extinction probability in this case is 1. (This we have already
seen through martingale theory). In the case p = pdy + qda with ¢ > p (i.e. Y nu(n) > 1)
you calculate that (15.12) applies exactly when 0 = qr? —r + p, i.e. for

_1+y/T—dpg _ 1+42¢—1

2q 2q

r

Since the extinction probability must be less than 1 is therefore just (p/q) A 1.

Example 15.38 (Hitting times). Let E' C E and T := Tg be the hitting time of E'. We
want to calculate the mapping u : x — E,[T]. Obviously, u(x) = E,[T] =0 for x € E’, so
with A(z) =3, Az, y)

E,[T] = (1 = hA(2))Ex[T + h] + Y E[T| Xy = y] - P(Xs =)
)
= B, [T] + h(1 = A@)Eo[T] + Y Ma, y)E,y[T] + O(h?)

Therefore, the function u must fulfill the equation

Gu(r) = -1, r ¢ F,
u(z) =0, reFE.



Example 15.39 (Birth-death processes). Markov processes with E = Z and transition rate
Mz,y) =0 for x —y| > 1 are called birth-death processes. Typically one denotes

An,n+1) =: Ay, An,n —1) =: up,
and thus the generator is given by
Gf(n) = An(f(n+1) = f(n)) + pn(f(n — 1) = f(n)).
For the expected hitting times of 0, i.e. u(n) := E,[Tp], we now show that

n o0

Z Z”ﬂ

Hkk

with m =1 and

Then,

Gu(n) = A, Z Tj = fin 1%27%‘
j=n

Hn+lwn+1.
- 1 &
= — T — E T =—1

16 Properties of Brownian motion

Although we have already introduced Brownian motion in Chapter 13.3, there is still a lot of
properties we have not covered yet. We already know that Brownian motion is a martingale,
a Gaussian process and a strong Markov process with independent and identically distributed
increments and has continuous paths. From this, we can deduce new properties, for example,
Blumenthal’s 0-1 law, which is an addition to the Kolmogorov’s 0-1 law.

Theorem 16.1 (Blumenthal’s 0-1 law). Let X = (X¢)i>0 be a Brownian motion, defined on
a probability space (2, F,P), started in x € R, and Foi = (50 (Xs : 5 < t). Then Foy
P-trivial, i.e. P(A) € {0,1} for A € Fos+.

Let further T := (450 0(X¢ : t > s) be the terminal o-algebra of X. Then T is P-trivial.

Proof. According to Lemma 15.9, the filtration (F;)i>o with 7y = (X, @ s < t) is right-
continuous. From the right continuity in 0 follows Fy+ = o(Xp). Since Xy = z is constant,
Fo+ must therefore be a P-trivial o-algebra.

Furthermore, with X according to theorem 13.19 also X" = (X{)i>0 with X; = X

a Brownian motion started in 0. With what has just been shown, (;5o0(X; : s < 1) is
P-trivial. It follows, however, that

ﬂa(Xt:tzs): ﬂa(tXl/t:tgs): ﬂa(Xé:tSs)

s>0 s>0 s>0
is P-trivial, i.e. the assertion. O
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Remark 16.2. Although Blumenthal’s 0-1 law looks simple, it may nevertheless be surprising.
As we will show later, the Brownian motion — in a suitable sense — can be thought of as the
limit of random walks. If we start a random walk in 0, then this random walk either jumps
upwards first or downwards first. In particular, for small times they spend either more time
in the positive or in the negative.

Let us define analogously for Brownian motion

t t
At = {/ 1Xs>0d3 Z / 1Xs<0d8}
0 0

the set of Brownian paths that have spent more time in the positive by time t and and A =
Neso Nocs<t As, which is the set of paths that have spent more time in the positive up to some
small time t. Then A € )sFyy, so for reasons of symmetry P(A) = 0 must apply. So there
s almost certainly no Brownian path that has spent more time in the positive, for very small
times.

However, this law is only the prelude to a series of further properties. Here we examine
the quadratic variation in Section 16.1, the reflection principle based on the strong Markov
property in Section 16.2, the law of the iterated logarithm in Section 16.3, the convergence of
random walks against Brownian motion in Section 16.4 and a further connection with random
walks in Section 16.5.

16.1 Quadratic variation

The paths of Brownian motion in Figures 3 and 5 look — albeit steady — very rough. This
property should now be specified.

Definition 16.3 (Variation and quadratic variation). Let f € Dgr([0,00)), t > 0 and for
n=12..1lt0=t,0<th1 < <tpp, =t be given. We denote (, := {tno,....tnk,} aS
n-th partition (of [0,t]). Assuming maxy(tpk — tng—1) ——s 0, i.c. the partitions exploit the
interval [0,t] for n — oo better and better. Then we define the {-variation of f with respect
to ¢ = (Cn)n=12,.. as

vegc(f) == lim V?,ag(f)

n—oo

with

kol

n

virc(f) = Z |f(tnk) — f(tn,kfl)‘e'

k=1

If the limit value is independent of ¢, we call this the £-variation and denote it by ve((f). The
1-variation is also called variation and the 2-variation is also called quadratic variation.
In addition, ¢ is called ascending if ¢, C (ua1 holds for alln=1,2, ...

Lemma 16.4 (Elementary properties of the (quadratic) variation). Let f be continuous and
t > 0. Then the following applies to ¢ as in Definition 16.3

vpgc(f) < oo = veprc(f) =0,
Vi1, (f) > 0= v c(f) = o0,
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Proof. 1t is sufficient to show the first property. We write

kn
0< nh—>Holo Z |f(tn,k) - f(tn,k—1)|€+1
k=1

k’IL
. . 0
< Jim sup |f () = f(tus-s)| - Jim k}_lj k) = Fltnpr)|f =0

since f is uniformly continuous on [0, ¢]. O

Proposition 16.5 (Quadratic variation of Brownian motion). Let X = (X¢)i>0 be a Brown-
ian motion. Then for ( as in Definition 16.3,

n—o0

I/S,M(X) —r2 t.
If ¢ is ascending, then also
vy o (X) 25t

In particular, the variation of X is almost certainly infinite.

Proof. We write vy, - := vy, -(X). First to the L?-convergence. It is known that X; — X ~
v/t — sX is valid for s < t. Therefore

kn kn kn
Evg =Y E[(Xt,, — X1, )1 =D (tnk — tns—0)BIXT] =D (tngp — tnp—1) =1t
k=1 k=1 k=1
as well as
kn kn
E((v5. =)’ = V5] =) VI(Xnk — Xnk-1)’] =D (tnk — tnk—1) BIX]] “ 0.
k=1 k=1

For the almost sure convergence, we first assume wlog that there is 0 < t1,s,... < t, so that
Gn = {t1, .., tn}. We will further show that (vy)n=..—2-1 is a (backward) martingale, so

that
n+1

~1
Elvy " —vycvaevai ] =0
applies to all n. If t/, and t!! are the points in time directly before and after ¢, in (,,
vyt = = (X — X2 — (Xyg — X1,)? — (Xe,, — Xip,)?
=2(Xyy — X, )(Xt, — Xur))-

We define a second Brownian motion (X't)tzo by an independent random variable Y with
PY=1)=P(Y =-1)=1 and

)}s — Xs/\tn + Y(Xs - Xs/\tn)-

This means that (Xs)ogsgt after ¢, at Xy, is mirrored. In particular, (X, —Xy ) = ()?tn—fét;l)
and (X — Xy,) = —(Xpr — Xy,). It is I/itc(?{) = Vg,t,C(X) for k =n,n+1,... and thus

E[vy, (X)) = v3, ()i vi T ] = By o (X) = v3, ((X)|vg e vp ],
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thus

E[VQtC(X)—I/gt (X)|V§LC,VZ—£1,...]
— LEITAR) — B (Ot ] + BT (R) — o () vt )
[

1
2
E (Xt” — th)(th thn) + (Xt% — th)(th - Xt;L)|V£L7<, V;Hgl’ ] = 0,

which shows the desired martingale property. According to Theorem 14.37, (l/gt,c)nzl’g’m
converges almost surely towards ¢. O

Corollary 16.6 (Brownian motion has nowhere differentiable paths). A Brownian motion
X = (Xt)e>0 almost certainly has nowhere differentiable paths. This means that

Xian — X
P( lim 25— 2 orists for some t > 0) =0.
h—0 h

Proof. 1t is sufficient to consider the set of paths of Brownian motion whose quadratic varia-
tion in time [0,¢] is exactly ¢. (The set of these paths has probability 1, as Proposition 16.5
shows). Each path in this set has positive quadratic variation in every small time interval,
i.e. according to Lemma 16.4 infinite variation. Since differentiability requires at least a finite
variation in a small time interval the assertion follows. O

16.2 Strong Markov property and reflection principle

In Example 15.13 we saw that Brownian motion is a strong Markov process. This has some
useful consequences, as we will now see. The reflection principle is illustrated in Figure 6.

Lemma 16.7 (Reflection principle). Let X = (Xi)i>0 be a Brownian motion and T is a
stopping time. Then the reflected process is X' = (X}])i>0 with

Xt7 t S Ta

X! = Xopr — (Xs — Xonr) =
¢ AT — (X¢ IAT) {2XT_Xt7 Lo T

18 also a Brownian motion.

Proof. First of all, it is clear from the construction that X’ has continuous paths. Wlog,
we assume that 7' < oo holds. We define Y = (Y;)i>0 by Vi := Xiar and Z = (Z;)i>0 by
Zy = X4+ — X7. Then Z is a Brownian motion, since by the strong Markov property, (T, ))

is independent This means that (7,), Z) 4 (T V,—2), since Z < _Z. 1t also follows that
D, 27) L (¥, —27) with 27 = (Z )10, 27 = = Z_)+- From this,

xXx=y+zTLy_zT-x'
This shows the assertion. O

As an application of the reflection principle, we now calculate the distribution of the maximum
of a Brownian motion up to a time ¢t. First, however, we note that from Doob’s LP inequality,
Proposition 14.26, estimates about the distribution of the maximum. Let X = (X;);>0 be
a Brownian motion and M = (M;);>0 with M; = sup,<; X the maximum process. Then
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Figure 6:
The reflection principle of Brownian motion states that for a Brownian motion (X¢):>o the
process reflected to T at x = X7 (X[);>0 is also a Brownian motion.

it follows from Proposition 14.26 (or the extension to continuous-time processes from Theo-
rem 14.51) with p =2

P(M; > z) < LE[X7] = .

However, especially for large x, this probability is in fact much smaller, as the next result
shows.

Theorem 16.8 (Maximum of Brownian motion). Let X = (X;)t>0 be a Brownian motion
started in Xo = 0. We define the maximum process M = (My)i>0 by M; = supg<cs<; Xs-
Then,
d d
My = My — Xy = | Xyl

All three random variables have the density

oy 2o ( $2)1
—e - — .
v ot P T g )20

Proof. Let ¢i(z) = \/%exp ( — %) the density of Brownian motion at time ¢. Then the

density of | X;| is given by 2¢¢(x)1;>0. So it remains to show that both M; and M; — X; have
exactly this density. For this we set T := T, = inf{s > 0: Xy = x}. For 0,y < z, because of
Lemma 16.7, if (X7);>0 is the process mirrored at T,

[o.¢]
PO > . X, <) =P 220 —9) = [ i)
2z—y
and thus for x > 0

P(M;>z)=P(M; >z, X; <z)+P(X; > 2)
:2/ or(2)dz
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from which it follows that M, < | X¢|. We further calculate

oo

P(Mt—Xth):;i_rg%% Pz<My<z+4+e, X <z—1x)dz
0
o

= lim ¥ PMy>2,Xi<z—2)—P(My>2+¢,X; <z—1x)dz

e—=0 ¢ 0

e—0¢

oo o0
= lim 1 /0 201(z + x)dz = / 2p(2)dz.

Again, M; — X; 4 | X:| applies. O

Remark 16.9 (The path-valued reflection principle). The reflection principle only shows the
equality of the distributions of | X¢|, My, My — X, at a fized time t. It now remains open whether
(I X¢|)e=0 ~ (M — Xt )e>0 is also valid. Even if we do not show this here, this assertion turns
out to be correct. (By the way: Surely (Mi)i>o is distributed differently than (| X¢|)i>0 or
(M — X¢)e>0, since the last two processes can also decrease, but (My)i>o not).

16.3 The Law of the Iterated Logarithm

We want to determine how a Brownian motion X = (X;);>¢ maximally grows. This means
that we have a function ¢ — h; so that

X
0 < limsup =~ < oo. (16.1)
t—ro0 t

We already know from the law of large numbers that % 2% 0. The following also applies

X
lim sup —= = oo. (16.2)
t—o0 \/i

Indeed: Certainly lim sup;_, ., % is measurable with respect to the terminal o-algebra of X,

&t—mo
vi 7

> 27) 1200, 0, in contradiction

i.e. according to Theorem 16.1 almost certainly constant. Suppose, limsup,_, .

X

for a0 < v < co. Then it would apply in particular that P( i

to the central limit theorem.
The task now is to find a function ¢ — h; with v/t < hy <t so that (16.1) applies. This is
determined by the iterated logarithm as follows:

Theorem 16.10 (Iterated logarithm for Brownian motion). Let X = (X)t>0 be a Brownian
motion. Then

X X
lim sup ! = limsup ———t =1, (16.3)

t—oo  /2tloglogt t—0 /2tloglog1/t
almost surely.
Remark 16.11. For reasons of symmetry, i.e. because —X is also a Brownian motion,

X X
¢ lim inf ! -1

t=0 \/2tloglog1/t
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Figure 7:
Here are two paths of a Brownian movement are given. As you can see, the two paths leave
the curves t — £+/2t much more frequently than the curve t — +hy.

almost surely. For illustration see Figure 7. The fact that hy := \/2tloglogt is the correct
function means that almost every path of the Brownian motion is only finitely often outside
the two curves t — =Lh; but infinitely often outside the two curves t — +(1 — )h;, where
0 < e <1 is arbitrary.

Proof. First of all, we note that with Theorem 13.19 also (X ;)1>0 is also a Brownian motion.
If we apply the statement for the t — oo limit, it follows that

X tX
lim sup = lim sup 1/t = lim sup 1/t

Xt
S, — 1
t—0 +/2tloglogl/t t—00 2% log log ¢ t—oo V2tloglogt

almost surely. In addition, we write h; := h(t) := \/2tloglogt. The proof for t — oo requires
a few estimations. We divide the proof into three steps.

Step 1: Estimation of the normal distribution: Let p(x) = \/%e_ﬁﬂ the density of X;. Then

P(X) > 7) < Lo(a), (16.4)
P(X)1 > 1) > tZaela) (16.5)

Indeed: ¢'(y) = —ye(y) and therefore
o) = [ welldy =z [ pw)dy =z PX > )

!/
which shows (16.4). For (16.5) we write, quite similarly, (#) = —1;—32<p(y), and thus

w(x 1 442 1+2% [ 1+ 22
i)z/ ) ply)dy < — ply)dy = —5— PX >2).
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In the following we write a(x) e b(x), if “((z)) 27 1 applies. So, for example, according

to what has just been shown
*)OO 1

P(X;>avl) '~ o).

2nd step: upper estimate: According to Theorem 16.8 is for x > 0

P(sup X, > Vi) =2 P(X, > zvt) & 2
0<s<t

Zo(x).

Now let r > 1. We first notice

h(rn1):\/2(log(n—1)+loglogr)\/ﬁn—>%oo 21(;gn\/r—n

r

Now for ¢ > 0 with the last two estimates

P( sup X; > ch(r"! AP ( 210gn\/77‘>

0<t<rn
n—oo 1
Hlognso c ogn )
n—oo 1
ﬂlogn ne /T

Therefore, for ¢ > 1 and 1 < r < ¢2, the right-hand side of the last equation is summable, so
the following follows with the Borel-Cantelli lemma

X
P(lim sup 2t c) < P( sup X3 > ch,n-1 for infinitely many n) =0.
t—oo I 0<t<rn

Thus '<’ follows in (16.3).
3rd step: lower estimate: Let r > 1 (typically large) and ¢ > 0 (typically close to 1). Define

the events
Ap = {Xm — X1 > ch(r™ — "1}

Since X;n — X,n-1 ~ N(0,7" — r"~1), the following applies according to Step 1

Xpn — Xpn S Ch(r" - r”_1)>
A rn — pn—l1 A rn — pn—l1
=P (X1 > c\/2loglog(rm — rm—1))

P(A,) = P(

n—oo 1 1 ) B
~ e exp ( — c®loglog(r™ — r"
¢ \/47'( log log(r™ — rn—1) p ( g log( ))
n—00 1 1 1

c /4 lognﬁ

If ¢ < 1, these probabilities cannot be summed up in n. Since the events Aq, As,... are
independent, according to the Borel-Cantelli lemma, an infinite number of A,, occur. Thus,
for an infinite number of n, if ¢ < 1

Xy > ch(r™ — ") 4+ X 0o,
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According to the "<’ direction, X,n-1 > —2h(r"~1) for almost all n, i.e. liminf, )}i’{%;)l <

—liminf, %;)1) = —# is almost certain. Further, h(+" — r®= 1) /h(r™) =% 1 and thus

i X > 1 Xyn > X — XT”_l 1 S 1
1m sup — umsup ——— msup ———— — —— c— —.
t—)oop ht o n%oop h(rn) - n%oop h(?”n — T"fl) \/77 - \/’lf"

Since 0 < ¢ < 1 and r > 0 were arbitrary, >’ follows in (16.3). O

16.4 Donsker’s Theorem

Brownian motion X = (X;);>0 is a stochastic process with continuous paths. Paul Lévy
considered approximated Brownian motion as the path of a random walk, where

Xirar — Xo = +V/dt, each with probability %

(Of course, this can only be a formal representation, after all it is unclear what V/dt is supposed
to be). Donsker’s Theorem presented here makes the connection between random walks and
Brownian motion. It asserts the convergence of random walks against Brownian motion in
distribution.

Remark 16.12 (Random walks and Brownian motion). In this section, Y1,Ya,... are in-
dependent and identically distributed random variables with E[Y1] = 0 and V[Y1] = o2 and

)Z'n,t = L*:;Lnﬂ fort >0 and X, = (Xn,t)tzo- We know from the central limit theorem

that for t > On

n—oo

X’I’L,t ——— Xt)

where Xy ~ N(0,t) is distributed. Analogously, for 0 < t; < --- <t < 0

~ ~ ~ ~ n—00

(Xn,tlaXn,tz - Xn,t1a ceey jv(’n,tk - Xn,tkfl) — (thaXtQ - tha sy th - th.,l)a

if (X¢,,...,X¢,) is Brownian motion X at the points in time t1,..,t,. Does this now mean

already the convergence of the random walks against the Brownian motion, therefore X, Lo

X7 No! For this convergence, we must use both X, and X as random variables with values
in a topological space — let’s call it C — where the convergence in distribution is based on
the convergence of expected values with respect to continuous, bounded functions f : C — R.
Howewver, for the uncountable product space, the o-algebra B(R)@)[O’OO) is not the Borel o-
algebra on the product space, and we have developed the theory of weak convergence only for
the case of probability measures on a Borel’s o-algebra.

In order to formulate the convergence in distribution against the Brownian motion we first
need a suitable state space. This is defined as C := Cgr([0,00)), provided with the topology of
compact convergence (see Definition 16. Zé’) In order to convergence in this space, we define
the linear interpolation of the processes X, so that their paths are also continuous. For this
we set

ol J ) YLntJ +1

th = th + (nt - L?’Lt 5 (167)

no

and X, = (Xnt)t>0. Now it makes sense to ask whether

X, =2 x
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applies, whereby here the weak convergence with respect to the distributions on B(Cgr(]0,00)))
is meant here.

is
Definition 16.13 (Uniform convergence on compacta). Let (E,r) be a metric space. For

fs f1s fas . € Cp([0,00)) let fr, =225 f uniform on compacta if and only if supg<s<; T(fn(s), f(5))
0 for all t > 0.

n—oo

Lemma 16.14 (Cg([0,00)) is Polish). Let E be Polish with complete metric r. Then the
topology of uniform convergence on compacta on Cg([0,00)) is separable. Moreover, defined

re(fg) = [ € (1A sup (7 gDt
0 0<s<t
a complete metric on Cy([0,00)), which induces this topology induces. In particular, Cg([0,00))
is Polish.

Proof. To show separability, it is sufficient to name a countable class of functions that every
function in Cg([0,00)) can be locally approximated by such functions on compacta. For
this purpose, let D C FE be dense and countable. For every finite sequence x1,...,x, €
D and ty,...,t, let f = fo, . 2nt1,...t. be a continuous function with f(¢;) = z;. Then
Un{fo1rzntrystn @ 1y ooy Ty € D, t1, ...,y > 0} is countable and dense in Cg([c0)).

Now to the metric. Since t +— supg<s<;7(f(s),g(s)) A 1 is monotonically increasing,
t—o0 T n—00

re(fn, f) —— 0 holds if and only if supg<g<; 7(fn (), f(s)) —— 0 for all ¢ is valid. But this
is exactly the compact convergence. Let further f1, fa, ... be a Cauchy sequence with respect
to rc. Then for every t > 0 the sequence f1, fa,..., restricted to [0,¢] is a Cauchy sequence
with respect to the supremum norm on [0, ¢], i.e. uniformly convergent on [0, ¢]. The assertion
now follows by means of of a diagonal sequence argument. O

First, we define two types of convergence of stochastic processes that we have just learned
about.

Definition 16.15 (Convergence of stochastic processes). Let X = (X;)i>0, X! = (X} )0, X2 =
(X2)t>0, .. stochastic processes with state space E.

1. For each choice of t1,....,tx, k = 1,2, ..., it holds that

(X7, X)) 2= (X4, o, Koy ),

t19

we say that the finite-dimensional distributions of X1, X2, ... converge to those of X
converge and write

an 222,y
fdd
(Here fdd stands for finite dimensional distributions).
2. If the processes X, X1, X2, ... have paths in Cg([0,00)) and
xn = y
where we use X, X', X2, ... as the random variable in Cg(]0,00)), we say that X', X2, ...

converges in distribution against X.
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The fdd convergence is weaker than the weak convergence of processes. However, if the
processes are tight (see Definition 9.14), both terms coincide.

Proposition 16.16 (Weak and fdd convergence). Let X, X1, X2, ... be random variables with
values in Cg([0,00)). Then are equivalent

1. an 222y,

2. X" 222 X and {X" :n=1,2,..} is tight in Cp([0,00)).
fdd
Proof. ’1.—2.: First, from the weak convergence, according to Corollary 9.18 the tightness of
{X™:n=1,2,..} follows. Furthermore, the mappings f — (f(¢t1),..., f(tx)) are continuous
for t1,...,tx € [0,00), so the fdd convergence follows according to Theorem 9.10.
'2.=1.": We define the function class

M = {f — go(f(tl), ,f(tk)) 1, .tk € [0,00), p e Cb(Ek)} - Cb(CE([O, OO))))

n—oo

It is clear that the fdd convergence X" Z=25 X is equivalent to E[p(X")] =2 E[p(X)]
fdd
for all ¢ € M. Furthermore M is an algebra and separates points, according to Theorem 9.24

is therefore separating. Now follows the weak convergence follows from Proposition 9.27. [

To show the convergence of processes, after Proposition 16.16 both the convergence of the
finite-dimensional distributions as well as the tightness must be shown. In applications,
the verification of tightness is usually non-trivial. In particular, one needs to understand
how (relatively) compact subsets of Cg([0,00)) can be characterized. This is done using the
theorem of Arzela-Ascoli’s theorem, which is based on the modulus of continuity.

Definition 16.17 (Modulus of continuity). For f € Cg([0,00)) we define the modulus of
continuity

w(f,7,h) :=sup{r(f(s), f(t)) :s,t <7, |t —s| < h}.

Theorem 16.18 (Arzela-Ascoli). A set A C Cg([0,00)) is relatively compact if and only if
{f(t): fe A} forallt € Q4 :=[0,00) NQ is relatively compact in E and for all 7 > 0

lim sup w(f, 7, h) = 0. (16.8)
h—0 feA

Proof. First, let A be relatively compact. Then {f(¢) : ¢ € A} must be relatively compact
for all ¢ > 0, otherwise it would be easy to construct a divergent sequence. Furthermore, A
is according to Proposition A.9 totally bounded. Further, let 7 > 0, ¢ > 0 and f1,..., fn, so
that A C Ul]\il B.3(fi). Since f1,..., fy is based on [0, 7] are uniformly continuous, there is
an h > 0 with

0<s,t<T7,|t—s|<h = r(fi(t), fi(s)) <¢e/3, i=1,..,N.
So, for every f € A and s,t < 7, |t — s| < h, that

r(f(s), f(t)) = min 7(f(s), fi(s)) +r(fi(s). fi(t)) +r(fi(t), F(1)) < ¢

1111
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and thus

w(f,m,h) =sup{r(f(t), f(s)):s,t <7,|t —s| <h} <eg,

independent of f. From this follows (16.8).

Conversely, (16.8) applies. It suffices to show that every sequence in A has a subsequence
that is Cauchy. By the relative compactness of {f(t) : f € A} for t € Q4 it is clear that for
each sequence there is a subsequence fi, fa,... such that fi(¢;), fa(t;),... for all t; € Q4 is a
Cauchy sequence (i.e. convergent). Now let ¢ > 0. According to the condition there is an
h > 0, so that from |t —s| < h and f € A it follows that 7(f(s), f(t)) < ¢/3 holds. Further, let
M =|7/h]land 0 = t1,...,tpr € Q, sothat [t 1—t;| < h,i=1,..., M—1and tp; > 7. Further
there is an N such that from n,m > N it follows that sup;_;, , 7(fa(t), fm(t)) < /3. Thus,
for0<s<t

T(fn(8); fm(8)) < v(fa(s), fultrs/n))) + 7 (Ffaltrs/my)s fn(trsmy)) + r(fm(trs/n), fm(s)) < e.

It follows that fi, fa,... is a Cauchy sequence with respect to compact convergence on [0, t],
i.e. it converges on this range converges uniformly. A diagonal sequence argument extends
this statement to compact convergence. ]

Theorem 16.19 (Tightness in Cg([0,00))). Let X, X1, X2, ... be random variables with values
in Cp(0,00)). Then X" 2225 X iff X" H:w>f X and
dd

lim limsup E[w(X™,7,h) A1] =0 (16.9)

h—=0 n—oo

for all 7> 0.

Proof. According to Proposition 16.16 it suffices to show that (16.9) is equivalent to the
tightness of the family (X™),—1,..

First, let (X™)p=1,2,.. be tight and ¢ > 0. Then there is a compact set K C Cg([0,00))
such that limsup,, ,.  P(X"™ ¢ K) <e. For 7 > 0 you can use the Arzela-Ascoli Theorem h
can be chosen small enough so that w(f,7,h) < e applies to f € K. This means that

limsup Elw(X", 7,h) AN1] <e+ sup Plw(X",7,h) > €] < 2¢,

n—o00 n=1,2,...

from which (16.9) follows.
n—00 h—0

Conversely, (16.9) and ¥ ——  X. The mapping w is increasing in h and w(X™, 7,h) ——
fdd

0 almost certainly for n = 1,2, ... So limy, o sup,,—y o Elw(&X", 7, A)A1] = limp_,osup,,—g g1, E[w(X", 7, h)A
1] for all k, i.e. also limp, o sup,,—; o Elw(X™, 7, h)A1] = limp, o lim sup,,_, o, E[w(X™, 7, h) A
1]. So (16.9) is equivalent to

lim sup Plw(X",7,h) >c]=0
h—=0p=12,...

foralle > 0 and 7 > 0. Let 7, = k and € > 0. Then there exist hq, ho,... > 0 such that

sup P(w(X™, 1, hy) > 27F) < 27 (D¢,
n=1,2,...
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Further, let t1,ts, ... be a count of Q4 and C1,C5, ... C R compact such that

sup P(X"(t) ¢ Cy) < 27 F+De,
n=1,2,...

Now we define

B = () {f€Cpl[0,00)) : f(tx) € Cr,w(f, 7, hir) < 27F}.
k=1

According to Arzela-Ascoli’s theorem, B C Cg(]0,00)) is relatively compact. Furthermore,

sup P(X" ¢ B) < sup ZP "(tr) ¢ C) + P(w(X", 7, hy) > 27F)

n=1,2,... n=1,2,.
o0
< 2~ (bt g 4 o= (htl) o — ¢,
k=1
It follows that (X™),—12, .. is tight. O

We want to apply the last result to prove the convergence of the random walk against Brow-
nian motion. For this we need one more lemma.

Lemma 16.20. Let Y7, Yo, ... be independent and identically distributed random variables with
E[Y1]=0 and V[Y1] =0% >0 and S, :== Y1 + - -- + Y,,. Then the following applies for r > 1

P( max Si > 2ry/n) < M

1<k<n 1 —o2p—2
Proof. We define T' := inf{k : |Si| > 2r\/n}. Then, since (S, )n=1,2,.. is strongly Markov,

P(|Su| > rv/n) = P(|Su| > rv/n, max Sy > 2rv/n)

>P(T <n,|S, — Sr| <rvn)
> P(lr<nkax Sk > 2ry/n) - mm P(\Sk\ <rvn).
From Chebychev’s inequality,
Zk 0_2
P(|S;| < > 1— -2 =1
1I<mn (194 < 7/n) H}vlgn r2n 2

O]

Theorem 16.21 (Donsker’s theorem). Let Y7, Ya, ... be independent, identically distributed
random variables with E[Y1] = 0 and V[Y1] = 0% > 0, and X, = (Xpn1)t>0 given by

1
vVno?

and X = (X¢)i>0 a Brownian motion. Then,

Xn,t = (1/1 +eee Y\_ntj + (nt - \_ntJ)YLntj-l-l)

X, == .
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n—o0

Proof. Let wlog 0? = 1. As stated in Remark 16.12 it holds that X, ===>  X. Therefore,

fdd
according to Proposition 16.16, the tightness of the family {&,, : n € N}, so (16.9) from
Theorem 16.19, must be proven. We write S, := Y1 + --- 4+ Y}, in the following. With

Lemma 16.20,

1
lim — lim supP( sup | Xy p4s — Xyt > E)

0 R nooe  0<s<h
< }1L1_% 1 livgsogpp(kf}l.,p[nm |Sk| > %M)
< i o (2L > 557)
b
=R L T
— tim 2R (e =0

by (16.5), where ¢ is the density of the N(0,1) distribution. Now let § > 0 and h be small
enough for

lim supP( sup | Xy 45 — Xyt > 5) < 6h.
n—o0 0<s<h

With this we can write

lim sup P(w(&y,, 7, h) > 2¢) = limsup P( sup | X ps — Xnt| > 2¢)
n—00 n—oo  0<t<r—h,0<s<h
< lim sup P (sup{| X, khts — Xngn| : k=0,1,...,[7/h],0 < s < h} > ¢)
n—oo
[7/h]
< Z lim sup P (sup{| Xy xhts — Xngn| : 0 < s < h} >¢)

< [r/h)5h 2=% 75,

Since 0 > 0 was arbitrary, the result follows (16.9). O

We end this section with a tightness criterion that is often is applicable. It builds on theo-
rem 13.8.

Theorem 16.22 (Kolmogorov-Chentsov criterion for tightness). Let X1 = (X1 (t))i>0, X2 =
(X2(t))t>0, ... are stochastic processes with continuous paths. Assuming {X,(0) : n € N} is
tight and for every each T > 0 there are numbers o, 5,C > 0 with

sup E[r(X,(s), Xa(t)?] < C|t — s|'+7°

for all 0 < s,t < 7. Then {X,, : n € N} is tight in Cg([00)).

Proof. Let 0 < v < B/« be arbitrary. We use the notation from the proof of theorem 13.8,
e.g. Enp = max{r(X,(s), X,(t)) : s,t € Dy, |t — s| = 27*}. Elog let 7 = 1. Just as in (13.1)
we calculate

oo o0
Z 27 R[] < C Z oler=P)k
k=0 k=0
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Since the right-hand side does not depend on n, there is a C’ with sup,, E[§%,] < Cle= 7k Tt
is important to realize that w(X,,1,27™) <> &,k From this,

sl7llp Ejw(X,,1,27™)*A1] < supE[( Z fnk) } < S%p ( i E[ggk]l/a)a
k=m

co( S eyt

k=m

from which the assertion follows. O

16.5 The Skorohod embedding Theorem

The name Skorohod was already mentioned in the connection between weak and almost sure
convergence, see Theorem 9.11. Simply spoken, a sequence of random variables converges
weakly iff it converges almost surely in a suitable probability space. If we look again at
Donsker’s theorem, we can ask ourselves the question as to what the probability space should
look like, on which the random walks converge almost surely against a Brownian motion.
In other words: how must one define the random walks and the Brownian motion so that
both always are close together. This is answered by Skorohod’s embedding theorem, Theo-
rem 16.26. It allows further conclusions to be drawn about the error, such as the law of the
iterated logarithm, Theorem 16.29. The following lemma is fundamental:

Lemma 16.23 (Randomization). For w < 0 < z let Y, . be a random variable with state

space {w, z} with
z

2+ |w|
and Yy, = 0 for w,z = 0. Further, let Y be a real-valued random variable with E[Y] = 0.

Then there is a pair of random wvariables (W, Z) with W < 0,Z > 0, so that Y has the
distribution Yy, z.

P(Y,.=w)=

Proof. We set ¢ = E[Y '] = E[Y~]. Further, let f : R — R, is measurable with f(0) = 0.
Then, if Y ~ pu,

¢ Blf(V)] = E[Y*] - EB[f(—Y )] + E[Y ] - E[f(Y'})]
/ / 2f () + ] f(2)) Lo Lw<op(dw)u(dz)
- / / (2 + W) B (Yu )220l wsop(dw)p(d2).
This means that we define (W, Z) as a random variable with a joint distribution
i, (duw, dz) = (0o 0(dw, d2) + L(z + [ Lo Lozop(dw)pa(d=)
can be selected. (It is easy to check that the total mass of this measure is 1). Then,
CELf(Y2) = EEFWw )W, 2)] = [ [+ [wh B (Voo Lo Losouldu)n(dz)

and the assertion is shown, since f was arbitrary. O
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Remark 16.24 (strong embedding). The lemma initially only asserts equality in distribution,
Y ~ Yw,z. Furthermore, it is also possible to define the probability space on which'Y is defined
by adding random variables (W, Z) and Yy, z, so that Y = Yy 7 is almost certain.

Lemma 16.25 (Embedding of a random variable in a Brownian motion). Let Y be a real-
valued random variable with E[Y| = 0. Further, let (W, Z) be distributed as in Lemma 16.23,
and X = (X¢)i>0 is an independent Brownian motion. Then

TI/V,Z :inf{tZOZXt S {VV,Z}}

is a stopping time with respect to the filtration (Fi)i>o0 with Fy = o(W,Z;Xs : s < t). In
addition,
XTW,Z ~Y, E[TW,Z] = E[Y2]'

Proof. The Brownian motion X is adapted to (F;)¢>0 is adapted. Therefore, Ty, z according
to Proposition 13.30 is a stopping time. Clearly, for w < 0 < z the random variable X, ,
only takes the values w and z. According to Proposition 14.19, (X7, .a¢)t>0 is is a martingale
which, according to Theorem 14.22 converges in L' against Xt,,.- Therefore

0 = E[XT'LU,Z] = wP(XT'LU,z = w) + Z(]‘ - P(XTw,z = w))’

also
z

P(XTu),z = w) = Z+ |w"

So X7, . has the same distribution as Y, . from Lemma 16.23 and is independent of X.
According to the lemma it follows that X7y, , ~ Yz ~ Y. Further, (X7 — t);>0 is a
martingale and for y < 0 < z, the process (X%w .t — Lwz At)i>0 is a martingale. This means
that with monotone and dominated convergenée,

E[Tw,z] = E[E[Tw,z|W, Z]] = E[lim E[Tyw 7z A t]|W, Z]
= E[E[X}, ,|W, Z)] = E[X7, ] = E[Y?].
O

Theorem 16.26 (Skorohod’s embedding theorem). Let Y1,Ys, ... be independent and identi-
cally distributed with E[Y1] = 0, and S, = Y1 + -+ + Y. Then there is a probability space
(Q, F,P) with filtration (Ft)i>0, as well as a Brownian motion X = (X¢)i>0 on this probability
space, which is a (Fi)i>0 martingale and stopping times 11,15, ..., so that:

1. (XTl,XTQ, ) ~ Sl, SQ, ... and
2. (Tn41 — Tn)n=0,12,.. are independent with E[T,41 —T,,) = V[Y1] forn =1,2, ...

Remark 16.27 (Strong embedding). 1. As in remark 16.24, it is possible to define the
probability space on which Y1,Ys, ... are defined so that (X, X1, ...) = S1, 52, ... almost
certainly holds.

2. Without the restriction of the integrability of Ty11 — T, the statement of the theorem
would be trivial. Then you could simply recursively 0 = Ty < T, ... by means of

T, =inf{t >T,_1: Xy =S5}

However, these waiting times cannot be integrated.
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Proof of theorem 16.26. Let the pairs (W1, Z1), (Wa, Z2), ... be distributed exactly as in Lemma 16.23.
We extend the probability space by an independent Brownian motion X = (X¢);>0. We re-
cursively define 0 = Ty < T7 < T5... by

T, :=inf{t >Th_1: Xy — Xp,_, € {Wh,Zn}}.

Thus 71, T3, ... are stopping times with respect to the filtration (F;)i>0 with 7z = o(Wh, Z1, Wa, Za, ...; X
s < t) and X is a martingale with respect to (F;);>0. Furthermore, the pairs (1,41 —

T, X101 — X1, )n=01,2,.. because of the strong Markov property of the Brownian motion are
independent of each other. Therefore, it follows from Lemma 16.25 that

(X7, X1, — X1y, ...) ~ (Y1, Y2, ..),
also
(X7, X1y, ...) ~ (S1, 59, ...),
and E[T,,+; — T,] = E[Y,,]. O

Since, thanks to the last theorem, the relationship between the random walks and Brow-
nian motion is shown, it is obvious to formulate another extension of Donsker’s theorem,
Theorem 16.21.

Corollary 16.28 (Stochastic convergence of the random walks). Let Y1,Ys, ... be real-valued,
independent, identically distributed random variables with E[Y1] = 0, V[Y1] = 1 and S,, =
Yi+---+Y,. Then you can expand the probability space so that there is a Brownian motion
X = (Xt)tZO with

]. ]- n—oo
—S - —X —, 0 16.10
o2, | St = | T 610

for allt > 0.

Proof. We use the construction from Theorem 16.26 and Remark 16.27. Since T, 11 — T}, are
independent and identically distributed with E[Ty41 — T,] = 1 and T}, /n == 1 according
to the law of large numbers. This means that 1 supg<; |Tjsn) — 57 n—>_<>o>f8 0. (To see this, we
consider the set {% supg<; | Tjsn) —sn| > €} for ae > 0. On this set there are s1, s, ... <t with
]T[snn} — spn| > en. However, this contradicts lim,, T[Snn]/[snn] = limy, 00 Tn/m = 1.)

We recall the definition of the continuity modulus w from Definition 16.17. With the
scaling property of the Brownian motion from Theorem 13.19, it follows that S|, = XT[

sn]?

1
limsup P —= sup [Sisn) — Xsn| > €
n%oop (\/ﬁ OSSIS)t | [sn] | )
< i%f limsup P(w(&X, (t 4+ h)n,nh) > ev/n) 4+ P(sup [Tjs,) — sn| > nh)
n—o0 s<t

:i%fP(w(X,t+h,h) >¢e)=0.

O]

Now that the random walks and Brownian motion are directly related to each other, it makes
sense to transfer the properties of Brownian motion to the random walks. We do this for the
Law of the iterated logarithm.
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Theorem 16.29 (Law of the iterated logarithm for random walks). Let Y1,Ya,... be real-
valued, independent, identically distributed random variable with E[Y1] = 0, V[Yi] = 1 and
Sn=Y1+---+Y,. Then,

. n
lim sup

S ——
n—oo V2nloglogn

almost certainly.

Proof. We only show that the probability space can be extended in such a way such that
there is a Brownian motion X' = (X;)¢>0 exists with

S — Xt 500 0

v2tloglogt fs ©

Then the statement follows from the law of the iterated logarithm for Brownian motion,
theorem 16.10.

According to Theorem 16.26 there is an extension of the probability space and stopping

times 0 = Ty, T1,..., so that Xp,, = S,. Again, T, /n LmeN | applies according to the

2> r—1and

(16.11)

law of large numbers, which is also T} /t KNy | implies. Now let » > 1, ¢
h(t) = v/2tloglogt. Then, with a similar calculation as in (16.6)

P( sup [X¢— Xyt >ch(r" ) =P(  sup | Xe| > ch(r”_1)>
rn=1<g<rn 0<t<prn—pn—1
= 2P(X,n_ym-1 > ch(r™ 1)) = 2P(X1 > ch(r" 1) /y/rm — rn1)

naoo L [(r—1) 2/
c\ mlogn ’

since h(r"~1)/v/rn — pn-1 e v/(2logn)/(r — 1). The right-hand side is summable, so with
the Borel-Cantelli lemma and X, = S(y

1Sty — Xt | Xy — Xy
P(timsup 20— ) s P lim; Pu” 2 _
(timsup =755 = 0) = P(limlmsup sup =570 = 0)

X — X
> P(lim limsup sup M = 0)
T‘i,l n—oo TnflStSTn h(rn_ )

X — X -
= inf P( lim limsup sup % < c) =1.
c>0 rilr<c2+1 n—oo rn=1l<g<pn h(Tni )

Therefore follows (16.11). O
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