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Abstract

These are lecture notes for the stochastic calculus course at The Univer-
sity of Melbourne in Semester 1, 2021. They are designed at an introductory
level of the subject. We aim at presenting the materials in a moviated way
and developing the essential techniques at a minimal level of technicalities
while maintaining mathematical precision as much as possible. Only very
mild knowledge on probability measures and integration is needed, and all
relevant tools are recalled in the appendix.

We follow the classical route of first introducing martingale notions and
then using them to study Brownian motion and its stochastic calculus. As
a result, the entire development has a very strong flavour of martingale
methods. To keep the materials ideal for a one-semester course at an ele-
mentary level, we have omitted the discussion of several advanced but sig-
nificant topics such as local times, stochastic calculus for semi-martingales,
the Yamada-Watanabe theorem, martingale problems etc. One who is in-
terested in some of these topics and wishes to dive deeper into the subject
should consult the beautiful monographs [8, 9, 16, 20].

On the other hand, several approaches in these notes deviate from trandi-
tional texts. For instance, in the study of martingales, we adopt the elegant
approach of D. Williams to prove most of the basic martingale theorems
through gambling. For the construction of Brownian motion, we follow the
original approach of N. Wiener based on Fourier series. We use the idea
of Skorokhod’s embedding to motivate a quick proof of Donsker’s invari-
ance principle which in turn recovers the classical central limit theorem as
a byproduct. In the construction of stochastic integrals, our approach is
largely inspired by H. McKean in which the integrals are constructed in
one go via simple process approximations without the need of introducing
any localisation argument (local martingales). To keep things elementary,
in the construction of stochastic integrals we have to reluctantly give up
the rather elegant Hilbert space approach of D. Revuz and M. Yor from
the duality perspective. Any serious student should teach him /herself this



neat and deeper approach. For the Cameron-Martin-Girsanov’s theorem,
we reproduce the original calculation of R. Cameron and W. Martin which
enables one to see how the particular shape of the transformation formula
arises naturally. In the study of stochastic differential equations, we empha-
sise probabilistic properties of solutions as well as their applications rather
than delving into the abstract theory of existence and uniqueness.

Last but not the least, the best part of these notes is in no doubt the
list of exercises!
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1 Introduction and preliminary notions

In this chapter, we discuss some aspects of the motivation and introduce a few
preliminary notions. The core concept is the mathematical way of describing
the accumulation of information that evolves in time: filtrations and stopping
times. This is an essential feature of stochastic calculus that is quite different
from ordinary calculus.

1.1 Motivation

Stochastic calculus, in a restricted sense, is the theory of differential calculus for
Brownian motion. The fundamental ideas were essentially due to K. It6 in the
1940s. Since then, the theory has been under vast development by many proba-
bilists including several generations of It6’s students. Apart from its theoretical
importance, the subject has also stimulated a wide range of applications in various
areas. Among others, the most well-known application is the pricing of financial
derivatives. We use two examples to motivate some of the fundamental ideas in
stochastic calculus.

1.1.1 A toy stock pricing model

Consider a particular stock A. Let X; (¢ > 0) denote its price at time ¢. The
determination of X; is subject to many external random factors. As a result, for
each ¢t > 0 the quantity X; should be viewed as a random variable. What is a
natural model describing the dynamics of X; as a (random) function of ¢?

We first look at a simplified situation where time is discrete, say t = 0,1,2,---.
In this case, the price dynamics becomes a discrete sequence of random vari-
ables {X,, : n=0,1,2,---}. As a toy model, we postulate that the price change
Xni1 — X, in the next day relative to current price X, is governed by two fac-
tors: a deterministic trend and a random perturbation. Mathematically, this is

formulated as
XnJrl - Xn

Xn
Here p is a deterministic real number representing the intrinsic trend of relative
price change. If u > 0, the stock price tends to be increasing on average and
otherwise if u < 0. The quantity o - £, is a random variable representing an
external random force acting on the price change. Let us assume that {, :
n > 1} is an independent and identically distributed sequence with the two-point
distribution

:/“L+U'€n+l> n:O’1727"" (11)



The factor o > 0 is a deterministic number so that o-&, 1 quantifies the magnitude
of the random kick on the relative price change. The larger o is, the variance of the
random perturbation gets larger, making the stock price more uncertain (risky).

To make the model more realistic, we shall treat time continuously. In this
case, the discrete model (1.1) needs to be turned into an infinitesimal description:

Xitst — Xy

X =p-0t+o-0B, (1.2)

where {B; : t > 0} is a suitable stochastic process such that 6B, = B, 5 — B,
resembles an infinitesimal analogue of the random perturbation &,,;. To motivate
the shape of By, we first define the partial sum sequence

Sy 26+ +& n>l.

Geometrically, {S,, : » > 1} is a simple random walk on the set of integers. Note
that &,11 = Spa1 — 5, is the “discrete differential” of .S,,. It is now natural to think
of the process {B;} as a “continuum limit” of the random walk {S,} normalised
in a suitable way.

To understand this limiting procedure, let us restrict ourselves to the time
horizon [0, 1]. Given m > 1, we divide [0, 1] into m equal sub-intervals each with
length 1/m. One can naively construct an “approximating” continuous process
{Bt(m)} on [0,1] by linearly interpolating the random walk over the partition, i.e.
by defining

By &S, k=012 m

and requiring that B(™ is linear on each sub-interval [(k — 1)/m, k/m]. However,
this construction cannot converge in any sense (as m — 00), since

Var[B{™] = Var[$,,] = m — .
To expect convergence, one needs to rescale the process E’t(m) suitably. If we divide
B™) by /m, from the central limit theorem we know that

B(m) Sm is
! :—d—>tN(O,1) as m — oo.

Vim o y/m
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Figure 1.1: Random walks and Brownian motion.

Therefore, we should revise the definition of Bt(m) to be

B™
Vm’

It can then be shown that this sequence of processes {Bgm) :t € [0,1]} converges
to some limiting process {B; : t € [0,1]} in a suitable distributional sense as
m — oo. Figure 1.1 provides the intuition.

The limiting process {B;} is known as the Brownian motion. It is not hard
to convince ourselves that By ~ N(0,t) for each t. Indeed, by the central limit
theorem one has

B{™ A&

te0,1].

B g S
\/ﬁ Vim

as m — o0o. In a similar way, one can heuristically see that B, — Bs ~ N(0,t — s)
for s < t and these increments are independent over disjoint time intervals. The
Brownian motion plays a fundamental role in the theory of stochastic calculus
and will be the central object of study in the next chapter.

In terms of the Brownian motion, the infinitesimal equation (1.2) for the stock
price can be rewritten as

B™ = 4 VE-N(0,1) = N(0,1)

dXt = l[LXtdt —|— UXtdBt.
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This is an example of a stochastic differential equation (SDE). The renowned
Black-Scholes option pricing formula is based on the use of such an SDE (cf.
Section 5.2).

SDEs arise naturally in the description of the time evolution of systems that are
subject to random perturbations. Understanding the meaning of these equations
as well as properties of their solutions is a main objective of stochastic calculus.
The theory is not a simple extension of ordinary calculus and requires new ideas,
as the Brownian motion is a highly irregular (random) function and the differential
dB; makes no sense from the viewpoint of ordinary calculus.

1.1.2 Heat transfer and temperature distributions

Consider a rod of infinite length (modelled by the real line R). The initial tem-
perature distribution of the rod at time ¢ = 0 is given by a function f(x) (namely,
f(z) represents the initial temperature at position x € R). Suppose that heat
transfers freely along the rod without any external heat source. How can we find
the temperature distribution u(¢,z) of the rod at each time ¢ > 0?7 From physi-
cal principles, u(t,z) is the solution to the following partial differential equation

(PDE)
{% =12y t>0,
)

The solution to the above PDE can be constructed in terms of the Brownian
motion. Indeed, for each given z € R, let {B : ¢t > 0} be a Brownian motion
starting at the position . Then one has

u(t,z) =E[f(B})], t>0,z€R. (1.3)

Heuristically, the average value of the initial temperature distribution f over the
Brownian motion at time ¢ with starting position = gives the temperature u(¢, x).

N
= = -
.4

This result extends to higher dimensions naturally.

Next, we consider a variant of the problem. Let D C R? be a flat plate
with boundary 0D (e.g. a disk in R?). There is an external heat source acting
on the boundary dD so that the temperature distribution over 9D is fixed by



a given function f : 9D — R for all time. Suppose that heat transfers freely
within the interior of the plate. After a sufficiently long period, what is the
equilibrium temperature distribution inside the plate? From physical principles,
the equilibrium temperature distribution u : D — R satisfies the following PDE:

{Au(x) =0, z€D,

u(z) = f(z), ze€dD, (14)

where A £ 88—;2 + 88—;2 denotes the Laplace operator. The solution to this PDE can
1 2

also be constructed by using the Brownian motion in R%. More precisely, for each

given x = (x1,22) € D, let {Bf : t > 0} be a two-dimensional Brownian motion

starting at the position x. Define
= inf{t >0: B’ € 0D}

to be the first time that the motion reaches the boundary of the plate. Then the
solution to the PDE (1.4) is given by

u(w) = E[f(B?)], v €D,
Note that B* € 0D so that f(B?¥) is well-defined.

x

,9#) Bz

24y

The above two problems do not involve the use of an SDE. However, it becomes
relevant if the environment is not modelled by an Euclidean space (e.g. if the rod
is curved or if the plate is a bended surface). In this case, in the PDE description
of the temperature distribution, the Laplace operator needs to be replaced by a
more general second order differential operator (say in the one-dimensional case):

d? d



with some suitable coefficient functions a(z),b(z) that are related the geometry
of the object. To obtain the PDE solution, the process By used in the above
construction needs to be replaced by the solution to the SDE

dXt = b(Xt)dt + \ a(l‘)dBt,
XO =,

where B; is the Brownian motion.

We will revisit these motivating problems when we are acquainted with more
tools from stochastic calculus.

1.2 Filtrations, stopping times and stochastic processes

Stochastic differential equations are used to describe the time evolution of random
systems. Before studying them precisely, it is important to first have a mathemat-
ical way of describing the accumulation of information in the evolution of time.
This leads us to the notion of filtrations.

From probability theory, we know that the proper mathematical way of de-
scribing information is through a o-algebra. Let €2 be the underlying sample space.
A class F of subsets is called a o-algebra over €, if it is stable under natural set
operations, more precisely, if

(i) Qe F;
(i) Ae F = A° e F;
(iii) A, € Fforalln = UX A, € F.

Heuristically, a o-algebra F represents a collection of information. A subset
A is F-measurable (i.e. A € F) means that knowing the information provided
by F, one can determine whether the event A happens or not at each random
experiment. More generally, a function X : 2 — R is F-measurable means that
knowing the information provided by F, for each a € R one can decide whether
X < a or not. In particular, one is then able to determine the value of X at each
experiment. These interpretations (along with many others to be given in the
sequel) are not mathematically precise. However, they are useful for developing
the essential intuition behind the precise mathematical formulations.

Filtrations

The notion of a single o-algebra does not take into account the evolution of time.
To capture this situation, one can consider a family of o-algebras which grows as

10



time increases.

Definition 1.1. Let 2 be a given sample space. A filtration over {2 is a family
{Fi :t = 0} of o-algebras such that

F.CF Vs<t.

Heuristically, F; represents the accumulative information up to time ¢. In most
situations, it is assumed that there is a given ultimate o-algebra F (the totality
of information) and all the F;’s are contained in F. There is also a probability
measure P defined on F, i.e. a set function P : F — [0, 1] that satisfies:

(i) P(A) > 0 for all A € F;

(i) P(©) = 1;

(iii) for any sequence {A,, : n > 1} C F of disjoint events (i.e. A,,N A, = () when
m # n), one has

IP’(UZO:lAn) = i P(An)'

In probability theory, we call the triple (Q, F,[P) a probability space. When it
is equipped with a filtration {F; : t > 0}, we often refer to (Q, F,P;{F;}) as a
filtered probability space.

Example 1.1. Although we are mostly interested in the continuous-time situ-
ation, we can also consider the discrete-time situation (i.e. the index set being
N = {0,1,2,---}). The definition of a filtration can be easily adapted to this
case. As an example, consider the random experiment of tossing a coin repeat-
edly without stopping. The sample space €2 is defined by

Q={w=(w,ws, ) :w, =Hor T for each n}.

In other words, each generic outcome is an infinite sequence in which the n-th entry
records the result of the n-th toss. A natural o-algebra F over €2 (the family of
all legal events) should be the information generated by all the finite-step results.
To be precise, for each n > 1 we define

A, 2 {w:w,=HY, B, 2{w:w,=T}.

A, and B, are the events corresponding to a specific result (“head” or “tail”) at
the n-th toss. All these events A,,, B,,’s should be included as legal events in F.
As a result, we can define F as the o-algebra generated by the events

A17BlaA2aB27A37B3 T
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i.e. the smallest o-algebra containing all the events in the above list. This o-
algebra JF consists of the totality of information for the underlying random exper-
iment. A natural choice of filtration is given by the results up to a specific step.
More precisely, for each n > 1, we can define F,, to be the o-algebra generated by
the events

Al, Bl, R 7A7l’ Bn.

This is precisely the accumulative information provided by the first n tosses.
We can also set Fo = {0),Q} (the trivial information) as there is no meaningful
information encoded at the initial time before the start of tossing. {F, : n > 0}
defines a filtration over €). The construction of a probability measure P on F
requires the use of measure theory (Carathéodory’s measure extension theorem).
The main idea is that [P should satisfy (assuming that the coin is fair)

P{w:w; =ay,--- ,wn:an})zzin (1.5)

for any arbitrary n and any choices of a1, - -+ ,a, = H or T. The measure extension
theorem ensures the existence of a unique probability measure IP on F that satisfies
(1.5).

Stopping times

Sometimes we may consider information accumulated up to a random time rather
than a deterministic time ¢. For instance, when predicting the behaviour of a
volcano one relies on the dynamical data/information up to the next time of its
eruption. However, the next eruption time is itself a random variable. In this case,
we are talking about information up to a random time. The notion of a random
time already appears in the discussion of the equilibrium temperature distribution
in Section 1.1.2, where we have expressed the PDE solution in terms of the first
time that the Brownian motion reaches the boundary. Since the Brownian motion
is random, this hitting time is also a random variable.

Let (Q, F,P;{F:}) be a given filtered probability space. By a random time
we shall mean a function 7 : Q@ — [0,400]. Allowing 7 to achieve infinite value
is convenient since it may not always be the case that 7 is finite. In the volcano
example, it is a theoretically possible outcome that the volcano never erupts in
the future (7(w) = 4o00). Similar to the notion of random variables, to study its
probabilistic properties one often needs to impose suitable measurability condition
on a random time. Such a condition should respect the information flow given by
the filtration {F;}.

12



Definition 1.2. A random time 7 : Q — [0, +00] is said to be an {F;}-stopping
time, if
{fweQ:r(w)<te F Vt>0. (1.6)

The idea behind the measurability condition (1.6) can be described as follows.
For each given time ¢, suppose that we know the accumulative information up to
time ¢. Then we are able to determine whether the event {7 < ¢} occurs or not. If
it is the case that 7 < ¢, we can actually determine the exact value of 7. Indeed,
since we can decide whether {7 < s} happens for every s € [0, ] (the information
up to s is also known as part of F;), the value of 7 can then be extracted from
the turning point s at which {7 < s} happens while {7 < s — ¢} fails for any
e > 0. On the other hand, if it is the case that 7 > ¢, no further implication
on the value of 7 can be made. In the volcano example, if we have observed its
activity continuously for 100 days, we certainly know whether the volcano has
erupted within this period of 100 days (i.e. 7 < 100) or not. If it does the given
data should further tell us the exact eruption time, while if does not we cannot
determine its eruption time by using the given information.

Apparently, every deterministic time is an {F; }-stopping time. Moreover, one
can construct new stopping times from the given ones. We use the notation a A b
(respectively, a V b) to denote the minimum (respectively, the maximum) between
two numbers a, b.

Proposition 1.1. Suppose that o, 7,1, are {F;}-stopping times. Then

o+717, coANT, oV T, Supm,
n

are all {F;}-stopping times.

Proof. We only consider ¢ + 7 and leave the other cases as an exercise. Consider
the following decomposition:

{o+7>t}={c=0,7>t}U{0<o<t,o+71>t}
U{e>t,7>0}U{o >t 1=0} (1.7)

The first and last events on the right hand side of (1.7) are clearly F;-measurable.
The third event is in F; because

{a<t}:U{a<t—%}€}}.

n=1

13



For the second event, note that
we{l<o<to+T>t} = 7(w)>t—0(w)>0.
Since o(w) > 0, one can choose r € (0,t) N Q, such that
T(w) >r>t—o(w).
As a result, we see that

{0<o<tioc+7>1t}= U {r>rt—r<o<t}ekr.
re(0,t)NQ

]

It is helpful to re-examine the above property from the heuristic perspective.
Let t > 0 be given and suppose that we know the accumulative information up
to t. The criterion of being a stopping time is to see if we can decide whether
{o + 7 < t} happens or not. Since o,7 are both stopping times, the following
scenarios are all decidable:

o<t o>t, T<t, T>L.

If it is determined that either {o >t} or {7 > t} happens, then one decides that
o + 7 > t since both o, 7 are non-negative. If it is determined that ¢ < ¢ and
7 < t, from the previous discussion on the definition of stopping times we know
that the exact values of ¢ and 7 are both decidable. As a result, the value of
0 + 7 can then be determined, which certainly allows us to decide if {o + 7 < t}
happens or not.

One can use this kind of heuristic argument to discuss the other cases in
Proposition 1.1. It also allows us to see e.g. why o — 7 may not necessarily be a
stopping time (assuming o > 7). Indeed, we again suppose that the information
up to t is presented. If one finds that o < ¢, then {o — 7 < ¢} happens. However,
if one finds that ¢ > ¢, no further implication on the value of o can be made.
In this case, 0 — 7 can either be smaller or larger than ¢ and the occurrence of
{0 — 7 <t} is not decidable.

The most important class of stopping times is related to hitting times of a
stochastic process (e.g. the one appearing in the plate heat transfer example).
We will discuss this shortly after introducing the notion of stochastic processes.

14



o-algebra at a stopping time

Let 7 be a given {F;}-stopping time. Recall that F; represents the information
up to (the deterministic) time ¢. To generalise this idea, it is natural to talk
about the accumulative information up to the stopping time 7. Mathematically,
this should be defined by a suitable o-algebra denoted as F,.

The essential idea behind defining this o-algebra is described as follows. First
of all, an event A € F, means that knowing the information up to 7 allows us to
determine whether A happens or not. To rephrase this point properly in terms of
the filtration {F;}, let t be a given fixed deterministic time. Suppose that we know
the information up to time t. Since 7 is a stopping time, we can determine whether
{r < t} has occurred or not. If it is the first case, the information up to 7 is then
known to us since we are given the information up to t and we have determined
that 7 < t. In this scenario, we can decide whether A occurs or not. If it happens
to be the second case (7 > t), since we only have the information up to ¢, the
information over the period [t, 7] is missing and we should not be able to decide
whether A occurs in this scenario. To summarise, given the information up to time
t, it is only in the scenario {7 < ¢} are we able to determine whether A occurs
or not. This heuristic argument leads us to the following precise mathematical
definition.

Definition 1.3. Let (2, F,P;{F;}) be a filtered probability space and let 7 be
an {F; }-stopping time. The o-algebra at the stopping time 7 is defined by

F2{AcF:An{r <t} e F Vt=0}
The following fact justifies the definition of F..
Proposition 1.2. The set class F. is a o-algebra.

Proof. (i) Since 7 is a stopping time, for each ¢t > 0 we have
On{r<t}={r <t} e F.

Therefore, Q) € F..

(ii) Suppose A € F,. Given an arbitrary ¢ > 0, note that both of {r < ¢t} and
AnN{r <t} belong to F;. As a result,

An{r <t} ={r <t\(An{r <t}) € F.

Therefore, A¢ € F;.

15



(iii) Let A, € F, (n > 1). For each t > 0, we have
(U A)n{r <t} =U2 (A, n{r <t}) e R
since A, N{7r < t} € F for all n. Therefore, U, A, € F,. O

If 7 =t is a deterministic time, one can check by definition that F, = F;. In
general, we have the following basic properties of F,.
Proposition 1.3. Suppose that o, 7 are two {F;}-stopping times.

(i) Let A€ F,. Then An{o < 7} € F,. In particular, if o < 1 then F, C F;.
(11) We have Fypnr = F, N Fr. In addition, the events

{o<71}, {o>7}, {o <7}, {od =7}, {oc=1}

are all F, N F.-measurable.

Proof. (i) Let t > 0. Then we have

An{o < tin{r <t}
=An{o<tin{r<t}n{o <t}
=(An{o <) n{r<t}n{ont<T AL} (1.8)

Since A € F,, by definition AN {c < t} € F. In addition, {7 <t} € FrasTis a
stopping time. For the last event in (1.8), the main observation is that both o At
and 7 At are F;-measurable. Indeed, for any s > 0 one has

- i .
{ont<st= {o<ste F,C R, ifs<t
Qeft’ if s >t.

This shows the Fj-measurability of o A ¢ (and the same for 7 A t). In particular,
{o ANt < TNt} € F;. We now see that the event defined by (1.8) is F;-measurable,
and the claim follows from the definition of F..

(ii) Since o A T is an {F;}-stopping time, from Part (i) we know that F,., C
Fo N F,. Conversely, let A € F, N F,. Then we have
An{onT <t} = An({o<tpu{r<t})
(An{o <t}HU(AN{r <t}) € Fu.



Therefore, A € F,x,. To prove the last claim, first note that (take A = €2 in Part
(1)

{r<o}={o <1} e F.

By replacing 7 with o A 7 in the above relation, we find
{r<o}l={oAT<0} € Foprr =F,NF..

All the other cases follow by symmetry and taking complement. m

Remark 1.1. By taking o0 = t, we have
{r<tte F,uu CF, Vt=0.

In particular, 7 is F,-measurable.

One can re-examine the property AN {oc < 7} € F, from the heuristic per-
spective. Suppose that the information up to 7 is presented. If the event {o < 7}
occurs, the information up to o is also known, and the occurrence of A is then
decidable as A € F,. This is just recapturing the intuition behind the definition
of F, in a more general context.

Stochastic processes and their natural filtrations

Most of the basic objects in our study (Brownian motion, martingales, stochastic
integrals, stochastic differential equations) are examples of a stochastic process.

Definition 1.4. A real-valued (continuous-time) stochastic process is a family
{X; :t > 0} of random variables defined on a given probability space (2, F,P).

Remark 1.2. One can allow the index set to be of any shape. In our study, unless
otherwise stated we always assume that the index set is T' = [0, 00), so that t € T
is interpreted as time and the stochastic process { X;} describes the time evolution
of a random system.

Let X = {X; : t > 0} be a given stochastic process on (2, F,P). By definition,
X; : 2 — R is a random variable for each t. There is a more useful way of looking
at a stochastic process: for each given w € (), one obtains a function

[0,00) 2t +— Xy(w).

This function (as a function of time) is called the sample path of the process X at
the sample point w. Note that the sample path depends on w: one obtains different
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sample paths for different w’s. As a result, the function ¢t — X, is considered as
a random function of time. Equivalently, a stochastic process can be viewed as a
“random variable” w — X (w) = [t — X;(w)] taking values in the space of paths.

X+

1 X.(uda)
X ()
X. (o)
X.wy)
0 V %

Figure 1.2: Sample paths of a stochastic process.

Under this viewpoint, for theoretical reasons one often needs to impose certain
regularity assumptions on the sample paths. In most situations in our study,
we shall assume that all sample paths of the underlying stochastic process are
continuous functions of time. In this case, the process can be viewed as a “random
variable” taking values in the space of continuous functions on [0, c0). Nonetheless,
we point out that the theory of stochastic calculus for discontinuous processes (e.g.
Lévy processes) is a rich subject of study. We do not discuss this situation in the
current notes (cf. [2] for a general introduction).

It is often important to consider the relation between a stochastic process and
a given filtration of information.

Definition 1.5. Let (2, F,P; {F;}) be a filtered probability space and let X =
{X:} be a given stochastic process. We say that X is {F;}-adapted, if X; is
JFi-measurable for each t > 0.

By the definition of adaptedness, given the information up to t we are able to
determine the value of X;. However, the more useful observation is the following. If
we know the information up to ¢, then for every s < ¢ we also have the information
up to s (since Fy C F;). As aresult, the value of X can be determined (for every
s < t). In other words, the information up to ¢ allows us to determine the entire
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trajectory s — X, over the period [0,¢]. Adaptedness is a basic condition that is
assumed in most situations.

Given a stochastic process X = {X;}, one can construct an associated natural
filtration to encode the intrinsic accumulative information provided by X.

Definition 1.6. The natural filtration of the process X = {X;} is defined by
Fr2o({X,:0<s<t}), t=0,

where the right hand side denotes the smallest o-algebra containing the following
events:
{Xs<a} withO0<s<taeR.

Mathematically, ;X is the smallest o-alegbra with respect to which all the
X’s (0 € s < t) are measurable. Heuristically, F;* is the intrinsic information
carried by the trajectory of the process over the period [0,¢]. It is trivial that X
is always adapted to its natural filtration.

There is no reason to restrict ourselves to real-valued stochastic processes
only. One can also consider stochastic processes taking values in R? (i.e. the
position of a gas molecule at each time ¢ has a stochastic process in R3). To
conclude this section, we introduce an important example of stopping times. Let
X = {X;} be an Révalued stochastic process defined on a filtered probability
space (2, F,P;{F:}). We assume that X is {F;}-adapted.

Proposition 1.4. Suppose that every sample path of X is a continuous function.
Let F be a given closed subset of R%. Define

r2inf{t>0:X,€F}
to the first time that the process hits the set F. Then 7 is an {F;}-stopping time.
Proof. Let t > 0 be given. Let us first observe that
{r >t} = {d(X]0,t], F) > 0}, (1.9)

where d(X]0,t], F') denotes the distance between the image of X on [0,¢] and the
set F.
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_ N~
X(=t]) d (xCet1, F)

Indeed, if 7 > ¢, then X ([0,¢]) N F = (). Since both X ([0,¢]) and F are closed
subsets of RY, they must be separated apart by a positive distance. Conversely,
if X([0,t]) has a positive distance to F, by the continuity of sample paths the
process will remain outside F' at least within a sufficiently small amount of time
after t. As a result, the hitting time of F’ must be strictly larger than ¢. Therefore,
the relation (1.9) holds. The next observation is that

{d(X[0,t], F) > 0} = G N {dx.F)> %}, (1.10)

n=17€[0,t]NQ

which is again a simple consequence of the continuity of sample paths. Since X
is {F;}-adapted, we know that X, € F,. In particular,

{d(X,,F) > %} eF CF

for any r < t. Therefore, the right hand side of (1.10) and thus {r > t} is Fi-
measurable. n

Remark 1.3. The conclusion of Proposition 1.4 is in general not true if F' is not
assumed to be a closed subset (why?). Under what assumption can it be true for
open subsets?

Remark 1.4. In more advanced texts, for technical reasons one often assumes
that the underlying filtered probability space (€2, F,P;{F;}) satisfies the usual
conditions, namely {F;} is right continuous (F; = N F; for all ) and Fy contains
all P-null sets. These assumptions avoid many unpleasant technical issues related
to hitting times, modification on null sets, space completeness etc. and it can
be shown that they are not so restrictive at all. At the current level, we do not
bother with these technical points and these assumptions will not be emphasised.
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1.3 The conditional expectation

The idea of conditioning is essential in probability theory, as the a priori knowl-
edge of partial information often changes the original distribution of the under-
lying random variable. Since different o-algebras represent different amounts of
information, it is natural to consider conditional probabilities/distributions given
a o-algebra. This leads us to the general notion of conditional expectation.

Let (2, F,P) be a given probability space. Let X be an integrable random
variable on @ (i.e. an F-measurable function with finite expectation), and let
G C F be a sub-cg-algebra of F. Heuristically, G contains a subset of information
from F. We want to define the conditional expectation of X given G (denoted as
E[X]G]).

Let us first make two extreme observations. If G = {0,Q} (the trivial o-
algebra), the information contained in G is trivial. In this case, the most effec-
tive prediction of X given the information in G is merely its mean value, i.e.
E[X|[{0,Q}] = E[X]. Next, suppose that G = F (the full information). Since X
is F-measurable, the information in F allows us to determine the value of X at
each random experiment. As a result, the prediction of X given F should be the
random variable X itself, i.e. E[X|F] = X. For those intermediate situations
where G is a non-trivial proper sub-g-algebra of F, it is reasonable to expect that
E[X|G] should be defined as a suitable random variable.

To motivate its definition, we first recapture an elementary situation. Suppose
that A is a given event. The conditional probability of an arbitrary event B given

A is defined as
P(BNA)

P(A)
When viewed as a set function, P(-|A) is the conditional probability measure given

A. The integral of X with respect to this conditional probability measure gives
the average value of X given the occurrence of A:

P(B|A) =

E[X1,]
P(A)

E[X|A] = /QXdIP’(-|A) _ (1.11)

Now suppose that the given sub-c-algebra G is generated by a partition of {2, say
g - U(A17A27 T 7An)

where A; N A; = 0 and Q = U | A;. To define the random variable E[X|G], the
main idea is that on each event A; the value of E[X|G] should simply be the
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average value of X given that A; occurs. Mathematically, one has

E[X|G](w ZczlA

where
E[X14,]

P(A;)
A key observation from this definition is that the integral of E[X|G] on each event
A; coincides with the integral of X on the same event:

/ [X|G]dP = /chu )dP = ¢;P(4;) = E[XlAi]:/ XdP.
A

Z Jj= 1

S E[X|A] = i=1,2,---.n

This observation motivates the following general definition of the conditional ex-
pectation.

Definition 1.7. Let (2, F,P) be a given probability space. Let X be an inte-
grable random variable on 2 and let G C F be a sub-o-algebra. The conditional
expectation of X given G is an integrable, G-measurable random variable Y such
that

/ YdP = / XdP VYA€g. (1.12)
A A
This random variable is denoted as E[X|G].

The existence and uniqueness of E[X|G] is guaranteed by the so-called Radon-
Nikodym theorem which we will not elaborate here. It is though useful to keep in
mind that the uniqueness of E[X|G] is understood in the following sense: if Y7, Y>
are two random variables satisfying the properties in Definition 1.7, then Y} = Y5
almost surely (a.s.), i.e. P(Y; =Y;) = 1.

Although we do not discuss the general construction of E[X|G], the follow-
ing geometric intuition is enlightening. Let H = L?(Q, F,PP) denote the space
of square integrable (i.e. having finite second moment), F-measurable random
variables. One can define natural notions of inner product, length and distance
for elements in H:

(X,Y) 2 E[XY], [ X[| = V(X,X) = VE[X?], d(X,Y) £ [ X - Y]|.

Although this sounds abstract, the equipment of such a structure makes the space
H analogous to the usual Euclidean space where elements are viewed as vectors
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and lengths/angles can be measured. In particular, one can naturally talk about
the orthogonal projection of a vector onto a given (closed) subspace. Now let
Hy £ L*(Q,G,P) denote the collection of random variables in H that are G-
measurable. Then Hj is a closed subspace of H. It turns out that E[X|G] is the
orthogonal projection of X onto the subspace Hy, i.e. the unique vector in H
that has minimal distance to X. Can you prove this fact?

X clw.g, )

/
-

)1n,4.P) Ecx19]

By taking A = Q in (1.12), it is clear that E[X| = E[E[X|G]]. This is often
known as the law of total expectation. We list several basic properties of the
conditional expectation that are useful later on.

Theorem 1.1. The conditional expectation satisfies the following properties. We
always assume all the underlying random variables are integrable.

(i) The map X — E[X|G] is linear.
(i) If X <Y, then E[X|G] < E[Y|G]. In particular,

IE[X|G]| < E[X]|G].
(111) If Z is G-measurable, then

E[ZX|G] = ZE[X|G].
(iv) [The tower rule] If G; C Gy are sub-o-algebras of F, then

E[E[X|G]|G:] = E[X|G].
(v) If X and G are independent, then
E[X|G] = E[X].

(vi) [Jensen’s inequality] Let ¢ be a convex function on R, i.e.

oAz + (1= Ny) < Ap(z) + (1 = Ne(y)
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for any x,y € R and X € [0,1]. Then
p(E[XG]) < E[p(X)|g]. (1.13)

The proof of these properties are standard from the definition and we refer
the reader to [21, Chapter 9] for the details. The intuition beind some of these
properties are clear. For instance, for Property (iii), given the information in G
the value of Z is known. In other words, conditional on G the random variable
is frozen (treated as a constant) and can thus be moved outside the conditional
expectation. In Property (v), by independence the knowledge of G provides no
meaningful information for the prediction of X. Therefore, the most effective
prediction of X is its unconditional mean.

1.4 Martingales

A basic notion that describes the dynamics of a system under the effect of informa-
tion growth is the concept of martingales. As we will see, the core techniques for
studying stochastic integration and differential equations are based on martingale
methods.

Heuristically, a martingale models the wealth process of a fair game. Mathe-
matically, the fairness property can be described in terms of conditional expecta-
tion: given the information up to the present time, the conditional expectation of
the future wealth is equal to the current wealth.

Let (Q,F,P;{F; : t € T}) be a given filtered probability space, where T is a
given subset of R representing the index of time.

Definition 1.8. A real-valued stochastic process X = {X; : t € T} is called an
{Fi}-martingale (respectively, a submartingale/supermartingale) if the following
properties hold true:

(i) X is {F;}-adapted;
(ii) X; is integrable for every t € T’
(iii) for every s <t €T,

E[X;|Fs] = X5, (respectively ">="/"<"). (1.14)

Remark 1.5. This definition relies crucially on the underlying filtration. As a
shorthanded notation, we sometimes say that {X;, F; : t € T'} is a (sub/super)martingale.
Note that a martingale with respect to one filtration may fail to be a martingale

with respect to another.
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Remark 1.6. In the discrete time context, the martingale property (1.14) is equiv-
alent to E[X,,+1|F,] = X,, for all n (why?).

Example 1.2. Let {{, : n = 1,2,---} denote an i.i.d. sequence of random
variables with distribution

1

P =1)=P&=-1)=3.

We consider the natural filtration associated with the process &:
fné0<€17"'7£n); n>1

with Fo = {0,Q}. Define S, = & + - +&, (So = 0). Then {S,,F, : n =
0,1,2,---}. It is clear that S, is integrable and JF,-measurable. To obtain the
martingale property (1.14), for any m > n we have

E[Smu:n] = E{Sn + &1+ £m|-7:n]
= E[Snyfn] +E[€n+1 4+ §m|]:n]
:SH+E[§n+1+"'+£m]
= Sp.

A simple way of constructing a submartingale from a given martingale is to
compose with convex functions. Recall that a function ¢ : R — R is convex if

Az + (1= Ny) < Ap(x) + (1= Ne(y) VA€[01], z,y e R.

Proposition 1.5. Let {X;, F; : t € T'} be a martingale (respectively, a submartin-
gale). Suppose that ¢ : R — R is a convex function (respectively, a convex and in-
creasing function). If p(X;) is integrable for everyt € T, then {o(X;), F;:t € T}
15 a submartingale.

Proof. The adaptedness and integrability conditions are clearly satisfied. To see
the submartingale property, we apply Jensen’s inequality (1.13) to find that

Elp(Xy)|Fi] = o(E[X|F]) = (X))
forany s <t eT. O]
Example 1.3. The functions
pi(z) =" = max{z,0}, pa(z) =al” (p > 1)
are convex on R. As a result, if {X;, F;} is a martingale, then {X,"} and {|X;[’}
(p = 1) are both {F;}-submartingales, provided that E[|X}|?] < oo for every t.
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To develop the essential idea of martingales, in what follows we focus on the
discussion of the discrete-time case. Some of the parallel results in the continuous-
time case require only technical adaptations on which we will comment briefly in
the sequel.

1.4.1 The martingale transform: discrete stochastic integration

We begin with a very useful construction of a class of martingales. This also
provides the discrete version of stochastic integrals.
Let T'=14{0,1,2,---} be the index set. We first introduce a few definitions.

Definition 1.9. Let {F,, : n > 0} be a filtration. A real-valued random sequence
{C,, : n > 1} is said to be {F,}-predictable if C,, is F,_1-measurable for every
n > 1.

Heuristically, predictability means that the future value C),,; can be deter-
mined by the history up to the present time n.

Let {X, : n > 0} and {C,, : n > 1} be two random sequences. We define
another sequence {Y,, : n > 0} by Yy = 0 and

Y, £ ch(Xk — Xj-1), n=>1L
k=1

Definition 1.10. The sequence {Y,, : n > 0} is called the martingale transform
of {X,,} by {C,}. We often write Y,, as (C' ® X),.

The martingale transform is a discrete-time version of stochastic integration
as seen from the continuous/discrete comparison:

/ CidX, =Y Cel(X, — Xy,_,).
k

The following important result justifies its name.

Theorem 1.2. Let {X,,F, : n = 0} be a martingale (respectively, submartin-
gale/supermartingale) and let {C,, : n > 1} be an {F,}-predictable random se-
quence which is uniformly bounded (respectively, bounded and non-negative). Then
the martingale transform {(C'® X),, F,, : n = 0} is a martingale (respectively, sub-
martingale, supermartingale).
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Proof. We only consider the martingale case. Adaptedness and integrability are
clear. To check the martingale property, we have

E[(O hd X)n-l-llfn] = E[(C b X)n + Cn+1(Xn+1 - Xn)|]:n]
= (C e X),+ Crs1 - (E[Xpp1|Fa] — X,)
=(CeX),,

where we have used the predictability of {C,,} to reach the second last identity. [

Remark 1.7. The boundedness of {C,,} is not an essential assumption. It is im-
posed to guarantee the integrability of Y,,.

The following intuition of the martingale transform is particularly useful. Sup-
pose that you are gambling over the time horizon {1,2,--- }.The quantity C,, rep-
resents your stake at game n. Predictability means that you are making your next
decision on the stake amount C,,; based on the information F, observed up to
the present round n. The quantity X,, — X,,_; represents your winning at game
n per unit stake. As a result, Y, is your total winning up to time n. Theorem
1.2 asserts that if the game is fair (i.e. {X,,F,} is a martingale) and if you are
playing the game based on the intrinsic information carried by the game itself
(predictability), then you cannot beat fairness (your wealth process {Y,,, F,,} is
also a martingale).

As we will see below, Theorem 1.2 can be used as a unified approach to estab-
lish several fundamental results in martingale theory. These results were all due
to J.L. Doob in the 1950s.

1.4.2 The martingale convergence theorem

The (sub/super)martingale property (1.14) exhibits certain kind of monotone be-
haviour. It is therefore reasonable to expect that a (sub/super)martingale con-
verges in a suitable sense if its mean sequence does not explode in the long run.

Recall that a random sequence {X,, : n > 0} is said to be convergent almost
surely (a.s.) if it is convergent for every w outside some event of zero probability.
Equivalently, the event consisting of those w’s at which {X,,(w)} is not convergent
has zero probability.

Before establishing the martingale convergence theorem, we first explain a
general strategy of proving the almost sure convergence of a random sequence.
Let X = {X,, : n > 0} be a given random sequence. Then {X,,(w)} is convergent
if and only if

lim X, (w) = lim X,,(w).

n—00 n—00
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Therefore,

{X,, is not convergent} C { lim X, < an}
n—oo

n—oo

C U {lim X, <a<b< limX,}.

n—00
ach ®
a,beQ

In order to prove that X, converges almost surely, it suffices to show that

P(lim X, <a<b< limX,)=0 (1.15)
n—00 n—0o0
for every pair of given numbers a < b. Here comes the key observation: due to
the definition of the liminf/limsup, the event in (1.15) implies that there is a
subsequence of X, lying below a while there is another subsequence of X, lying
above b. This further implies that, as n increases there must be infinitely many
upcrossings by the sequence X,, from below the level a to above the level b.

From the above reasoning, the key step for proving the a.s. convergence of
{X,} is to control its total upcrossing number with respect to the interval [a, b],
more specifically, to show that with probability one there are at most finitely
many upcrossings with respect to [a, b].

We now define the upcrossing number mathematically. Consider the following
two sequences of random times: oy = 0,

or=inf{n>0:X,<a}, 7
oy =inf{n>m:X,<a}l, 7

inf{n > oy : X,, > b},
inf{n > o9 : X,, > b},

A
A

op 2inf{n > 7_1: X,, < a}, 7 =inf{n >0, : X, > b},
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Definition 1.11. Given N > 0, the upcrossing number Uy (X; [a, b]) with respect
to the interval [a, b] by the sequence {X,} up to time N is define by the random
number

Un(X;[a,0]) 2 Z Lin<ny
k=1

Note that Uy (X} [a,b]) < N/2. Moreover, if {F,, : n > 0} is a filtration and X
is {F,}-adapted, then oy, 7, are {F, }-stopping times. In particular, Uy (X;[a, b])
is Fy-measurable. The main result of controlling the quantity Uy (X; [a,b]) is
stated as follows.

Proposition 1.6 (The Upcrossing Inequality). Let {X,,F, : n = 0} be a su-
permartingale. Then the upcrossing number Un(X; [a,b]) satisfies the following
nequality:

E[(Xy —a)7]

E[Un(X;[a,0])] < b—a ’

(1.16)

where v~ = max{—, 0}.

Proof. The main idea is to construct a suitable martingale transform of {X,}
(a suitable gambling strategy). Consider the gambling model where X,, — X,,_;
represents the winning at game n per unit stake. Let us construct a gambling
strategy as follows: repeat the following two steps forever:

(i) wait until X,, gets below a;
(ii) play unit stakes onwards until X,, gets above b and then stop playing.

Mathematically, the strategy {C,, : n > 1} is defined by the following equations:

C1 2 1{xp<a)
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and
Cn = 1, —0yLlix, 1<at + Lic, 1=t lix, 1<ty 1 =2
Let {Y,,} be the martingale transform of X,, by C,. Then Yy represents the
total winning up to time N. Note that Yy comes from two parts: the playing

intervals corresponding to complete upcrossings, and the last playing interval
corresponding to the last incomplete upcrossing (which might not exist).

7 /

A -

\Y%
[ —— |
/ / Totol loss R ¢

o the la‘f‘,__,m~_-_p ) (X'\/~A)
r'ﬁg’;‘j :fdarw.ﬁ >(”—~b

The total winning Yy from the first part is clearly bounded from below by
(b — a)Un(X;[a,b]). The total winning in the last playing interval (if it exists)
is bounded from below by —(Xy — a)~ (the worst scenario when a loss occurs).
Consequently, we find that

Yy = (b— a)Un(X;[a,b]) — (Xy —a)".

On the other hand, from the construction it is clear that {C),} is a bounded,
non-negative and {F,}-predictable. According to Theorem 1.2, {Y,,,F,} is a
supermartingale. Therefore,

E[Yn] < E[Yo] =0,
which then gives (1.16). O

Remark 1.8. There is also a version of the upcrossing inequality for the submartin-
gale case. However, the proof of that case is quite different from what we give
here. Since they both lead to the same convergence theorem, we only consider
the supermartingale case.

Since Uy (X [a,b]) is increasing in N, one can define the total upcrossing num-
ber for all time as
Uso(X;]a,b])) £ lim Uy (X;]a,b]).

N—o0
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From the upcrossing inequality, if we assume that the supermartingale {X,, F,,}
is bounded in L', namely
sup E[|X,|] < oo, (1.17)

n=0

then

sup 0 Bl Xal] + Jal _

ElUs(X; [a,0])] = lim E[Un(X;[a,b])] < —

In particular, Uy (X [a, b]) < oo almost surely. It then follows from the relation

{lm X, <a<b< limX,} C{Ux(X;[a,b]) = oo}

n—oo
that (1.15) holds. As a result, we conclude that X,, is convergent almost surely.
Let us denote the limiting random variable as X.,. From Fatou’s lemma, under
the L'-boundedness assumption (1.17) we also know that

E[| Xl = E[ lim |Xn|} < lim E[|X,|] < supE[|X,|] < oc.
n—o0 n=0

n—oo

To summarise, we have established the following convergence result.

Theorem 1.3 (The Supermartingale Convergence Theorem). Let {X,,, F, :n >
0} be a supermartingale which is bounded in L*. Then X,, converges almost surely
to an integrable random variable X .

Remark 1.9. Since martingales are supermartingales and a submartingale is the
negative of a supermartingale, it is immediate that the above convergence theorem
is also valid for (sub)martingales.

1.4.3 The optional sampling theorem

It is reasonable to expect that the martingale property (1.14) remains valid even
when we sample along stopping times. This is the content of the optional sampling
theorem.

To elaborate this fact, let {X,,, F, : n = 0} be a (sub/super)martingale and
let 7 be an {F, }-stopping time. We introduce the stopped process

Xn, n<T,

X; £ XT/\n =
X n>T.

Theorem 1.4. The stopped process X is an {F,}-(sub/super)martingale.
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Proof. As in the proof of the upcrossing inequality, we represent X through a
gambling model. The gambling strategy is constructed as follows: keep playing
unit stake from the beginning and quit immediately after the time 7. Mathemat-
ically, the strategy is defined by

C, £ 1{n<7}7 n > 1.
Then the total winning up to time n is give n by (C e X),, = X, — Xo. The

result follows immediate from Theorem 1.2. O

Next, we consider the situation when we also stop our filtration at a stopping
time. For simplicity, we only consider the situation where the underlying stopping
times are both uniformly bounded.

Theorem 1.5 (The Optional Sampling Theorem). Let {X,,F, : n = 0} be a
martingale. Suppose that o, 7 are two bounded {F,}-stopping times such that
o < 7. Then X, (respectively, X.) is integrable, F,-measurable (respectively,

F--measurable) and
E[X,|F,] = X,. (1.18)

Proof. Assume that o < 7 < N for some constant N > 0. The integrability and
Fo-measurability of X, is left as an exercise. To obtain the martingale property,
by the definition of conditional expectation one needs to show that

/ X, dP = / X, dP VF e F,. (1.19)
F F
Let F' € F, be given fixed. Consider the gambling strategy of playing unit stake
at each time step from o + 1 until 7 under the occurrence of F:

Cn = 1F1{a<n<7-}7 n 2 1.

The total winning by time N is (C' e X))y = (X, — X,)1r. On the other hand,
{C,} is {F,}-predictable since

Fn{ic<n<t}=Fn{o<n-1}Nn(r<n—-1°€ F,_1.
According to Theorem 1.2, {(C' ® X),,, F,,} is a martingale. In particular,
E[(C' e X)n] = E[(X; — X,)1p] = E[(C e X)o] = 0.
This gives the desired property (1.19). O

Remark 1.10. The above proof clearly applies to the sub/super martingale situ-
ation as well. Under suitable conditions, the result can be extended to the case
of unbounded stopping times. We will not discuss this general situation (cf. [21,

Sec. 10.10] and [5, Sec. 9.3]).
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1.4.4 The maximal and LP-inequalities

By using the optional sampling theorem for bounded stopping times, we derive
two basic martingale inequalities that are important for the study of stochastic
integrals and differential equations. In this part, we work with submartingales.

The core result is known as the maximal inequality. As a submartingale ex-
hibits an increasing trend, it is not surprising that its running maximum can be
controlled by the terminal value in some sense.

Theorem 1.6. Let {X,,, F, : n > 0} be a submartingale. For every N > 0 and
A > 0, the following inequality holds true:

Plomeg, X > ) <=5

Proof. Let ¢ 2 inf{n < N : X,, > A} denote the first time (up to N) that X,
exceeds the level \. We set ¢ = N if no such n < N exists. Clearly ¢ is an
{F, }-stopping time bounded by N. By taking expectation on both sides of (1.18)
(in the submartingale case), we have

E[Xn] = E[X,]. (1.20)
On the other hand, we can write
Xo = Xolixgoay + Xolixg<ny
where

A
Xy = max X,,.
0<n<N

On the event { X} > A}, the process X,, does exceed A\ at some n < N and thus
X, =2 A. On the event { X% < A} no such exceeding occurs and thus X, = Xy
(0 = N in this case). As a result, we have

E[Xy] > E[X,] = E[X, x5 0] + E[Xo1ixg <]

>
> AP(X% 2 A) +E[XnLixg o).

It follows that
AP(Xy > A) <E[Xy] — E[Xn1ixyany] = E[Xn1xsony) <E[XY],  (1.21)
which yields the desired inequality. O
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An important corollary of the maximal inequality is the LP-inequality for the
running maximum. Before establishing the result, we first need the following
lemma. Given a random variable X, we use || X[, = E[|X|?]'/? to denote its
LP-norm (p > 1). We say that X € L if || X]|, < oo.

Lemma 1.1. Suppose that X,Y are two non-negative random variables such that

ElY1
P(X > \) < M VA > 0. (1.22)
Then for any p > 1, we have
1 Xy < qllYlly, (1.23)

where ¢ 2 p/(p —1) (so that 1/p+1/q=1).

Proof. Suppose ||Y||, < oo for otherwise the result is trivial. We write

E[X?] = JE[/OX pN N =E UOOO PN L o dA |
By switching the order of the two integrals, we have
E[X7] = / TV IB(X > A)dA
0
< /0 N PN TPE[Y 1ixsay]dA

X
=E[Y / PpAP2d)]
0

p p—1
= EE[YX ]. (1.24)

To proceed further, we assume for the moment that X € LP. According to
Holder’s inequality (cf. Appendix (7)), we have

EY XTI < Yl X7 g = 1Y 1057

The inequality (1.23) thus follows by diving || X|[>~" to the left hand side of (1.24).

If || X||, = o0, we let X¥ £ X AN (N > 1). By considering the cases A > N and
A < N separately, it is not hard to see that the condition (1.22) holds for the pair
(XNY). The desired inequality (1.23) follows by first considering X*» and then
applying the monotone convergence theorem. O

34



The LP-inequality for (sub)martingales is stated as follows.

Corollary 1.1. Let {X,,, F, : n > 0} be a non-negative submartingale. Let p > 1
and suppose that X,, € LP for all n. Then for every N > 0, we have

XN e < gl Xnllp

where X% = max X,, and g = p/(p — 1). In particular, X% € LP.

o<n<N

Proof. We have shown in (1.21) that

E[Xn1gx:
PG > ) < o),
In particular, the condition (1.22) holds with (X,Y) = (X%, Xxy). The result
follows immediate from Lemma 1.1. ]

1.4.5 The continuous-time case

All the aforementioned results for discrete-time (sub/super)martingales hold in
the continuous-time case, provided that suitable regularity conditions on the sam-
ple paths are imposed. In the current study, we assume that X = {X;, F; : t > 0}
is a (sub/super)martingale such that every sample path of X is continuous. This
assumption is almost sufficient for the purpose of diffusion theory and significantly
simplifies several technical considerations (such as measurability properties). In
what follows, we only point out the essential idea of extending the previous results
to the continuous-time context. For the technical details, we refer the reader to
[17, Sec. IL.5].

The martingale convergence theorem. This can be established by using
exactly the same idea based on upcrossing numbers. The only place which needs
care is the definition of upcrossing numbers. Let a < b be two real numbers.
Given a finite subset F' C [0,00), we define Up(X;[a,b]) to be the upcrossing
number with respect to [a,b] by the process {X; : t € F'}, defined in the same
way as in the discrete-time case. For a given time interval I C [0, 00), we set

Ur(X;a,b]) = sup{Up(X;[a,b]) : F CI, F is finite}.

This random variable U;(X; [a, b]) records the upcrossing number for the process
X over the time interval I. Since X has continuous sample paths, one can approx-
imate Ur(z;[a,b]) by the upcrossing number over rational times in I. Now the
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crucial observation is that for each fixed n, the discrete-time upcrossing inequal-
ity is uniform with respect to all finite subsets F' C [0, N|. This allows us to take
limit (by further approximating [0, N| N Q by finite subsets) to obtain the same
upcrossing inequality for the random variable Uy ny(X; [a, b]).

The optional sampling theorem. The extension of this result to the continuous-
time case is trickier. The main idea is to discretise the process as well as the given
stopping times. More precisely, suppose that o,7 < N with some deterministic
number N. For each n > 1, we define

“~ kN
A
o E D o)

k=1

and similarly for 7,. Then o, < 7, are bounded {Fyn/m : K = 0,1,2,--- n}-
stopping times taking values on the discrete-time grid {kN/n}}_,. As a result, we
can apply the discrete-time optional sampling theorem to get (say in the martin-
gale case)

E[X,, |F.,] = X,

The next key observation is that o, | o and 7, | 7 as n — oo. This allows us to
take limit to obtain the desired property

E[X,|F,] = X,.

We should however point out that the above limiting procedure is a non-trivial
matter and relies on a tool known as the backward martingale convergence theorem.

The maximal and L”-inequalities. The extension of this part is similar to the
case of the upcrossing inequality. Firstly, the continuity of sample paths implies
that
sup X; = sup X
te[0,N] te[0,N]NQ

In addition, the discrete-time maximal and LP-inequalities are both uniform with
respect to the restriction of the process X to any finite subset F' C [0, N]. The
continuous-time inequalities follow by approximating the index set [0, N] N Q by
finite subsets.

Convention. Throughout the rest of the notes, a continuous (sub/super)martingale
means a (sub/super)martingale indexed by continuous-time and has continuous
sample paths.
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2 Brownian motion

Based on principles of statistical physics, in 1905 A. Einstein discovered the mech-
anism governing the random movement of particles suspended in a fluid, a phe-
nomenon first observed by the botanist R. Brown in 1827. Such a random motion
is commonly known as the Brownian motion. In 1900, L. Bachelier first used the
distribution of Brownian motion to model the Paris stock market and evaluate
stock options. The precise mathematical construction of Brownian motion was
due to N. Wiener in 1923.

Brownian motion is among the most important objects of study, as it lies
at the intersection of almost all fundamental kinds of stochastic processes: it is
a Gaussian process, a martingale, a Markov process, a diffusion process and a
Lévy process. In addition, it creates a bridge connecting probabilistic methods
with other branches of mathematics such as partial differential equations, har-
monic analysis, differential geometry, group theory as well as applied areas such
as physics and finance.

Before developing the theory of stochastic calculus which is essentially the
differential calculus for Brownian motion, we must first spend some time investi-
gating properties of the Brownian motion.

2.1 The construction of Brownian motion

In Section 1.1.1, we have motivated the Brownian motion as a suitable scaling
limit of simple random walks and postulated its distributional properties. From
the discussion over there, it is also reasonable to expect that the Brownian motion
has continuous sample paths. The precise definition of Brownian motion is given
as follows.

Definition 2.1. A stochastic process B = {B; : t > 0} defined on some prob-
ability space (2, F,P) is said to be a (one-dimensional) Brownian motion if the
following properties hold:

(i) P(Bo =0) =1;

(ii) By — Bs ~ N(0,t — s) for any s < t;

(iii) for any n > 1 and ¢; < ty < --- < t,, the increments

BtlaBtz - Btlu"‘ 7Btn - Bt

n—1

are independent;
(iv) almost every sample path of B is continuous, namely there exists a P-null set
N such that the function ¢ — B;(w) is continuous for every w ¢ N.
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Remark 2.1. There is no harm to assume that By(w) = 0 and t — Bi(w) is
continuous for every w € Q.

More generally, one can allow the Brownian motion to start from an arbitrarily
given position x by requiring that P(By = x) = 1. We call this a Brownian
motion starting at x. One can also define multidimensional Brownian motions:

a Brownian motion in R? is a stochastic process B = {(B},---,B%) : t > 0}
such that the components B!, --- , B are independent one-dimensional Brownian
motions.

The Brownian motion has the following invariance properties. The proof is
almost immediate from the definition and is left as an exercise.

Proposition 2.1. Let B = {B, : t > 0} be a Brownian motion.

(i) Translation invariance: for every s > 0,the process {Bys — Bs : t > 0} is a
Brownian motion.

(11) Reflection invariance: the process —B is a Brownian motion.

(iii) Scaling invariance: for each A\ > 0, the process {\"'Byz; : t > 0} is a
Brownian motion.

Before investigating deeper properties of Brownian motion, we first address
the question of its existence. To this end, we follow the original idea of N. Wiener
to construct the Brownian motion from the perspective of (random) Fourier series.

Theorem 2.1. There exists a probability space on which a Brownian motion is

defined.

The rest of this section is devoted to the proof of Theorem 2.1. We only
construct the Brownian motion on [0, 7] and let the reader think about how a
Brownian motion on [0, 00) can be produced based on this construction.

2.1.1 Some notions on Fourier series
The classical Fourier series gives a formal expansion of a function f : [-m, 7] - R
in terms of the elementary trigonometric functions:

ap > .
f(t) ~ 5 + ;(an cosnt + b, sinnt), te€ [—m, 7, (2.1)

where the Fourier coefficients a,, b, are given by

[ 1 [" 1 [" )
ap = — f(t)dt, a, = — f(t)cosntdt, b, = — f(t) sinntdt.
T J -z —m

T T ) .
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The method of obtaining these expressions for the coefficients is easy: one sim-
ply observes that the trigonometric functions cosnt (n > 0), sinnt (n > 1) are
orthogonal to each other:

/ cosmt - cosntdt = / sinmt -sinntdt =0 Vm #n

—T —T

and ~ - -
/ cosmtdt = / sin ntdt = / cosmt -sinntdt =0 Vm,n.

—T —T —Tr
For instance, to compute b, we multiply the equation (2.1) by sinnt and integrate
over [—m, 7|. The above orthogonality properties shows that

/ f(t) sinntdt = b, - / sin? ntdt = wb,,.

Note that if f(t) is an even function on [—7, 7|, one has b, = 0 for all n and the
expansion becomes

Qo >
=5 2.2
f(t) 5 +;ancosnt, t € 0,n] (2.2)
with - )
ap = —/ f)dt, a, = —/ f(t) cosntdt. (2.3)

2.1.2 Wiener’s original idea

The key insight behind Wiener’s construction of the Brownian motion {B; : t €
[0,7]} is to represent its “derivative” B, in terms of a (random) Fourier series.
Before proceeding, we first make a note that the argument below is entirely formal
(the derivative of Brownian motion makes no sense) and is intended for motivating
the essential idea. The precise mathematical construction is given in the next part.

We begin by noting that the distribution of By s — B, is independent of ¢. As
a result, the “derivative” B, behaves like a “constant function” and can thus be
treated as an “even function”. According to (2.2), one expects that

B, ~ %—i—;ancosnt, t €10,
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Since B; is a random, the Fourier coefficients ag, a,, are themselves random vari-
ables. In view of (2.3), they are given by

2 [" . 2 [T .
ag = —/ Bydt, a, = —/ (cosnt) - Bydt. (2.4)
0 0

™ ™

To figure out the distribution of these coefficients, let us make the following key
observation. Due to the special Gaussian nature of the Brownian motion, given
any pair of square-integrable functions f, g : [0, 7] — R, the random variables

Xf_/ F(O)Bdt, X, / (t)Bdt

should be jointly Gaussian with mean zero. We claim that their covariance should
be given by the L?-inner product of f and ¢ :

E[X/X,] = / " (gt

Indeed, let us simply assume that f, g are step functions:

- Zcil(ui,l,uib g(t) - Z dil(uiflzui]’
=1 =1

where 0 = up < w3 < -++ < U1 < u, = 7 is a finite partition of [0, 7] and
¢;,d; € R. In this case, we have

X =3 e / Vg (OBt = e / Bt = ci(By, - Ba._))
i=1 i=1 Ui—1 i=1

and a similar expression holds for X,. It follows from the definition of Brownian
motion (Properties (ii) and (iii)) that

n

]E[XfXg] :E[(ch(BUz - uz 1 Zd - U] 1))]

= Z Czd E )2] = Zczdz(uz — ui—l)

[ o
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As a consequence, we see that (by taking f = g)

<Xf~]V@nAﬂf%@dﬂ (2.5)

and
X, X, are independent if/ f(t)g(t)dt = 0. (2.6)
0

By applying (2.5) and (2.6) to (2.4) for f =1 and cosnt, one finds that

a 1 2
ngm;L%wNmﬁ

and these coefficients are all independent. To put it in an equivalent way, we can

formally represent
: 1 = /2
By ~ —& + Z \/ifn cosnt (2.7)
T —~\Vm

where {&, : n > 1} is an i.i.d. sequence of standard normal random variables. By
integrating (2.7) from [0, t], we obtain the following representation:

t 2 = &, sinnt
By~ — — — : 2.
t 7T£O+ \/;; n ) € [Oaﬂ-] ( 8)

This representation motivates the precise construction of the Brownian motion
which we elaborate in what follows.

2.1.3 The mathematical construction

Let (Q, F,IP) be a given probability space on which an i.i.d. sequence {&, : n =
0,1,2,---} of standard normal random variables are defined. The existence of
such a probability space is a standard construction from measure theory which
will not be discussed here (cf. Appendix (11)).

For each n > 1, we set

t 2 o & sin kt
sma _— \/j t €10, xl.
CE et wzkzl o telor

Note that the stochastic process S(™(t) is the partial sum (up to n) in the rep-
resentation (2.8) and it has continuous sample paths since the function sin kt is
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continuous. To construct the Brownian motion rigorously (with continuous sam-
ple paths), one needs to show that with probability one, S™ converges uniformly

n [0,7]. With no surprise the limiting continuous (random) function will then
be a Brownian motion defined on (2, F,P).

However, directly proving the almost sure uniform convergence of S™ is a
rather challenging task. In what follows, we take a shortcut by proving the a.s.
uniform convergence of S along a subsequence. This will be enough to produce
a Brownian motion in the limit.

Lemma 2.1. With probability one, the sequence {S@™) : m > 1} is uniformly
convergent on [0, 7].

Proof. The following elegant complexification argument was due to K. It6 and H.
McKean [8, Sec. 1.5]. For each m < n, we set

) A Z kaHl ’ mn_HS(mnHooé sup |S( |

k=m+1 Ostsm

n m 2 m,n
S — 8} >:\/;S§ )

Note that

By viewing sin kt as the imaginary part of the complex number e™**, we have
o n ikt n ikt
ISP = [Re( Y P <] Y Sy
k=m+1 k=m+1
n 5 ez’kt n geilt n 5 6ikt n ge—ilt
:(Z kk )(Z ll):(z kk, )(Z ll )
k=m+1 l=m+1 k=m-+1 l=m+1
- 52 i(k— §k§z
=2 gat 2 ST
k=m+1 m+1<k#£I<n
_ i 5_134_” . 1]t 7z]t ZJ kgk-i—) é ’l—k‘)
k=m-+1 k? j=1 k(k+7)
It follows that
n—m—1 n—j
gkfk-&-]
2, < : o I
k:zm;i-l JZ_; k=m-+1 k(k +])
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By using the Cauchy-Schwarz inequality (cf. Appendix (7)), we obtain

n n—m-—1 n—j

1 Er€itj
ElChal* SECL.) < 3 5+2 X0 Ell 3 5]
=1 =1 k=m+1
n 1 n—m—1 n—j {kfk 212
<3 a3 e B G gy
J—— =1 k=m+1

The expectation on the right hand side is computed as

n—j n—j
Euj 2 Z §k§k+y Z §z§l+g
E _
Hk:m_‘-lk(l{;_i_'] — k—l—j ll+j
[ ] gk—l—] o E :
k:ZmH k2(k + )2 k:2 k +7)?

It follows that

1 1/2
2
E[Cnn]” < Z 72 T2 Z Z k2/€+]
k=m+1 7=1 k=m+1
n—m n—myi2 _ 3(n—m)3?
S m2 +2(n —m)( ma )< m2
In particular, by taking n = 2m, we arrive at

E[ m2m] \/_m_1/4 (29)

This estimate naturally leads us to the consideration of the subsequence S©™)
Indeed, from (2.9) we know that

00 - . 5 . : -
E[Z ||S(2 ) _ g2 1)”00} = \/;Z]E[CQM1727”] < \/;Z 9-m/4 - o
m=1 m—1 ot

As a result,

OIS = 5" <00 as.

In particular, with probability one {S?™) : m > 1} is a Cauchy sequence under
the uniform distance and is thus uniformly convergent. O
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According to Lemma 2.1, there is a P-null set N, such that S®"(w) is uni-
formly convergent at every w ¢ N. We define a stochastic process B = {B; : t €
[0, 7]} by

. 2m
By(w) 2 Jlimnoce SN w), wéN,
0, w € N.

To complete the proof of Theorem 2.1, we need to check that B is indeed a
Brownian motion on [0, 7]. It is clear that By = 0 since S(()n) = 0 for all n. In
addition, since B is the uniform limit of S®™), we know that the sample paths
of B are continuous. It remains to verify the desired distributional properties.
For this purpose, we rely on the following observation whose proof is left as an
exercise.

Proposition 2.2. A stochastic process {X; : t > 0} is a Brownian motion if and
only if it satisfies Properties (i), (iv) and additionally it is a Gaussian process
(i.e. (X, -+ ,Xy,) is jointly Gaussian for any choices of n and t; < --- < t,)
with covariance function

E[X:Xi] =sAt, s,t>0. (2.10)

Since S@™) is a Gaussian process for every m, the limiting processes B is also
Gaussian. In particular,

T (2m) l2m), _ st 2 =\ sinnssinnt
E[B.B)] = lim E[SF" S = — + Z;—nz .

m—oo e
n

To verify the desired covariance property (2.10), the following analytical identity
provides the last piece of the puzzle.

Lemma 2.2. For any s,t € [0, 7], we have

st 2 < sinnssinnt
SANt="42y —
T W; n?

Proof. Let f(u) £ 1 4(u) and g(u) = 1 4(u). By treating f, g as even functions
on [—m, 7], their Fourier series expansions are given by (cf. (2.2), (2.3))

s . 2sinns t . 2sinnt
- — ) = — , € O7 .
f(u) = + 321 ——cosnu g(u) - + 321 ——cosnu, u [0, 7]
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It follows that

g t 4 t
SAt= /0 fu)g(u)du = % du Z sin Ziﬂ;mn /0 cos® nudu
st

0

o0 . .
2 sinnssin nt
=_—+ _E:—Q
T T n

n=1
O

Remark 2.2. 1t is easy to show that {St(n) :n > 1} converges in L? for each fixed
t. Indeed, from the following estimate

m n 2 E[¢2] sin? kt 2
E[(s™ -5")] < - Zkk— Z—

k=m+1 k m—+1

one sees that {St(n) :n > 1} is a Cauchy sequence in L*(Q, F,P). As a result,
it converges to some B(t) € L? for each given t. In a similar way as before,
the process {B(t) : t € [0,7]} is Gaussian and satisfies the covariance property
(2.10). However, it is not clear at all why it has continuous sample paths from
this perspective. The main effort in the previous argument is to ensure this point
by proving uniform convergence.

2.2 The strong Markov property and the reflection princi-
ple

The definition of Brownian motion given in the last section does not take into
account the presence of a filtration. We shall extend the definition to include this
situation.

Definition 2.2. Let (Q, F,P;{F; : t > 0}) be a given filtered probability space.
A stochastic process B = {B(t) : t > 0} is said to be an {F;}-Brownian motion,
if it satisfies the following properties:

(i) P(Bo=0) = 1;

(ii) B is {F;}-adapted;

(iii) for any s < t, the random variable B, — By is independent of F, and is
Gaussian distributed with mean zero and variance t — s.

(iv) With probability one, B has continuous sample paths.
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An {F;}-Brownian motion is a Brownian motion in the sense of Definition
2.1. In addition, a Brownian motion in the sense of Definition 2.1 is a Brownian
motion with respect to its natural filtration.

Let (2, F,P; {F;}) be a given filtered probability space and let B be an {F;}-
Brownian motion.

The first fundamental property of Brownian motion is its Markov property.
Heuristically, the Markov property means that given the knowledge of the present
state, the history on the past does not provide any additional information on
predicting the distribution of future states (the past and future are independent
given the knowledge of the present). Mathematically, one can express the Markov
property as

P(Biys € | F) = P(Biys € I'|By), Vs, t >0, € B(R). (2.11)
In the Brownian context, this property is straight forward. Indeed, let us write
Biys = Byys — By + By.

Since By.s — B; is independent of the entire history F;, the distribution of the
future state B, is uniquely determined by the knowledge of current state B; and
the independent increment distribution N (0, s).

The more useful property of Brownian motion is its strong Markov property,
which asserts that the Markov property remains valid even if we take the present
time as a stopping time. Instead of formulating the general strong Markov prop-
erty, we directly state the following stronger result for the Brownian motion. Its
proof relies on the optional sampling theorem for martingales.

Theorem 2.2. Let B = {B,;} be an {F,}-Brownian motion and let T be a finite
{Fi}-stopping time. Then the process B 2 {B.., — B, : t > 0} is a Brownian
motion which is independent of F,.

Remark 2.3. Theorem 2.2 implies the strong Markov property by expressing the
future state B, as

Bryy = Bryy — B, + B, = Bl + B,.

Since B is independent of F, the distribution of B.., is uniquely determined by
the present state B, as well as the increment distribution N (0, ).

Proof. There are two essential properties to check: the Brownian distribution of
B and its independence from F,. To be more specific, let 0 =tg < t; < --- < t,,
be an arbitrary collection of indices. We want to check that:
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(i) the random vector

Xé(Bng)_B(ﬂ

t07

BB

tn—1

is independent of F;;
(ii) X has the required Gaussian distribution, i.e. Bf — B"

for each k and the components of X are independent.

Since distribution and independence can both be characterised in terms of the
characteristic function (cf. Appendix (9,10)), the required Properties (i) and (ii)
are captured by the following claim in one go:

f exp Z@k tk Bt(;: 1)} ]E[f] - exXp ( — %Zglz(tk — tk—l)) (212)

for every bounded, F,-measurable random variable £ and every choice of 61, --- ,0,, €
R. Indeed, by taking £ = 1 one obtains

E[exp 29 (T) t; )] =exp( ——ZQ by — tho1))

which yields the desired distribution of X. The equation (2.12) then becomes

5 exp Zek tk - tk 1)} exp ZQ B(T) t;: 1)}

which further implies that X and F, are independent due to the arbitrariness of
&and Oy, ,0,.

We now proceed to establish (2.12). The essential idea is to make use of the
optional sampling theorem for a suitable martingale. Given 6 € R, let us define
the process

1
Mt(e) = exXp (zHBt + 5‘9%&), t > 0.
Then {M?, F:} is a martingale. Indeed,
1
E[M"|F] = E[M® exp (i8(B, — B.) + 56°(t — 5))| 7]

= MIE[exp (9B, ~ B.) + 56°(t — 5))| 7]
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where the last identity follows from the fact that B; — By ~ N(0,t — s) and it is
independent of F,.
Next, we claim that

E [eiQ(Bngt—Ba) |}‘0_:| — 6_92t/2 (213)

for any finite {F;}-stopping time o and ¢ > 0. This is a direct consequence of
the optional sampling theorem in the case when ¢ is uniformly bounded. In fact,
(2.13) is merely a rearrangement of the property

E[MY),|F,) = M®

in this case. The extension to the case when ¢ is unbounded is technical and
tedious, so we leave it to the end.

Assuming the correctness of (2.13), the desired claim (2.12) follows by taking
conditional expectation and applying (2.13) recursively, starting from o = 74-t,,_1,
t&t,—t,_1 and 0 £ 6,. We unwind this process in the special case when n = 2:

E[é exp (z’@l(BTHl — B,) 4+ 105(Brit, — BTHI))}

= E[E[¢ exp (i01 (B, — By) 4 i02(Brity — Brit,)) | Friwi|]

=E [f exXp (i91(37+t1 - Br)) : E[GXP (iez(Br+t1+(t2—t1) - BT+t1) }fr+t1}}
— e ti(—t1) E[f exp (i91(Br+t1 — BT))]

= ¢ %= " E[¢E [ exp (i01(Brsr, — Br))|Fr]]

— o 03(ta—t1) ,—07t1 -E[¢].

Now we return to prove (2.13) for the case when o is unbounded. We first
consider the bounded stopping time ¢ A N and observe that

E [ BB 7, ] = 02 (2.14)

which is true for every N. Since o is assumed to be finite, we know that c AN T o
as N — 0o. As a result, the property (2.13) should follow by sending N — oo
in (2.14). To make this limiting procedure rigorous, let A € F, be given fixed.
Then we have

A=An{o<oco}=J(An{o <N} e G}}ﬂfN: G}}AN.

N=1 N=1 N=1

[o@)
As a result, there exists Ny > 1 such that

A€ Foang € Forn VN = Ny.
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For any such N, from the property (2.14) and the definition of the conditional
expectation, we have

[ s penip = ()

A

By using the dominated convergence theorem, as N — oo we obtain
A

The claim (2.13) thus follows as A € F, is arbitrary. O

Remark 2.4. The strong Markov property remains valid if the stopping time is
only assumed to be finite almost surely. The same theorem also holds for a
multidimensional Brownian motion.

An interesting application of the strong Markov property is the reflection prin-
ciple, which is a quite useful tool for deriving deeper distributional properties of
Brownian functionals.

Let B be a Brownian motion of which all sample paths are continuous. Let
{FP} be its natural filtration. Given z # 0, we define

T, =inf{t >0: B, = 1}

to be the first hitting time of the level . From Proposition 1.4, we know that 7,
is an {FP}-stopping time. The following unboundedness property of Brownian
motion implies that 7, is finite a.s.

Lemma 2.3. With probability one,

sup By = +o0, inf B, = —o0.
>0 >0

Proof. We only need to consider the supremum as the other case follows from the
fact that —B is a Brownian motion. Let M £ sup;s B;. For each A > 0, the
process BN £ {\"1Bys, : t > 0} is also a Brownian motion. Since

A tsup B, = M lsup By = sup Bt()‘),

t=0 t=0 t=>0

we find A'M £ M. As a result,

P(M >N =PM>1)VA>0 =2 PM=o0)=PM>1),
P(M<A)=PM<)VA>0 2 P(M<0)=PM<1)
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Since M > 0 almost surely, we conclude that
P(M =0 or c0) = 1. (2.15)
To exclude the possibility of M = 0, first note that
P(M=0)<P(B; <0, B,<0Vu=>=1). (2.16)

On the other hand, since ¢ — Bj; — B; is a Brownian motion, from (2.15) we
know that

sup(Bi4¢ — By) =0 or oo a.s. (2.17)

0
Under the occurrence of the event on the right hand side of (2.16), the second
possibility in (2.17) is excluded and we thus obtain

P(M =0) <P(B:1 <0, sup(Biy; — B1) =0)
20
=P(B; <0)-P(M =0)
1

= SP(M =0),

where the first equality follows from the independence between By and {By;— B :
t > 0}. It follows that P(M = 0) = 0 and hence P(M = o) = 1. O

Let us now define a “reflected” process B by

- B t < Ty
B A" E (2.18)
20 — By, t>T,.
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The reflection principle of Brownian motion asserts that B is also a Brownian
motion. The heuristic reason is simple to describe. Before the hitting time 7,
one has B = B being the original Brownian motion. After time 7,, one can express
B and B as

Brs=2+ (Bryt— 1), Brpe =2 — (Bryt — 2)

respectively. According to the strong Markov property, the process { B, 1+ —x} is
a Brownian motion independent of the history up to time 7., and so is the process
{—=(Br,++ — z)} by the reflection invariance of Brownian motion. As a result, the
two processes B and B remain identically distributed after 7,. Making this idea
rigorous requires a little bit of extra effort.

Proposition 2.3. The process B is a Brownian motion.

Proof. Define two processes by
Yi 2 Biljeny, Zi = (Bi— 2)1(ony.
From the strong Markov property and the reflection invariance, we know that
(Y72, 2) £ (Y72, = 2).
Next, let W denote the space of all continuous paths and define a function
VW x[0,00) x W—W

by
Uy, T,z)(t) = Yelpery + (x + 20)Lpsry, t 20,

One checks that

vY,7.,7Z) =B, VY, 1,,—Z) = B.
Consequently, B < B. ]

2.3 Passage time distributions

The next natural question is to understand the distribution of the hitting time
T.. Hitting times are useful tools for studying the geometry of Markov processes
and harmonic functions (potential theory), and they are often related to PDE
problems. They also arise naturally in mathematical finance e.g. in the execution
of an option when the asset price hits certain barrier.
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Let B be a Brownian motion. Given z > 0, as before we define 7, to be the
first time that the process B hits the level x. By using a martingale method that
is similar to the proof of the strong Markov property, one can derive the Laplace
transform of 7.

Proposition 2.4. The Laplace transform of 1, is given by
Ele ™) = ¢ V2 X > 0. (2.19)

Proof. Given fixed A > 0, the process t +—+ M; = exp(v/2AB; — Mt) is a martingale
with respected to the natural filtration of B. By applying the optional sampling
theorem to the martingale {M;} at the bounded stopping time 7, A n, we have

E[eVPProan=Amnn] — 1 W > 1.

In addition, note that

v/ _ n—00 ./ _ Y/
e 2\ ATx]—{TI<OO} e 2ABrpAn—ATz AR < e 2)@.

According to the dominated convergence theorem and the fact that 7, is finite

a.s., we obtain
E[emx—xm] —1,

which yields (2.19) after rearrangement. O

A similar idea allows one to deal with the case of a double-barrier. Let a <
0 < b be given fixed. Define 7,, 7, as the hitting time of the levels a, b respectively
and set 7, £ 7. A 7. Note that Tap 1s the first time that the Brownian motion
reaches the boundary of the interval [a, b].

Proposition 2.5. The Laplace transform of 7,3 s given by:

cosh ((b+ a)\/\/2)
cosh ((b — a)\/\/2) ’

E [e ] = A >0, (2.20)

A T po—T
where coshz = %

Proof. Let A > 0 be given fixed. The main observation is that both of the pro-

cesses
]\415 A e\/?)\Bt—>\t7 ]Vt A 6—\/2/\Bt—)\t

52



are martingales. Similarly to the proof of Proposition 2.4, by applying the optional
sampling theorem to the martingales {M;} and {N;} respectively, we end up with

E[eVPrapae] — 1 E [V PrapAar] — 1 (2.21)
The first identity in (2.21) implies
EleV? ™ ard 3] + E[eV Vo1 0] = 1.
The second identity in (2.21) implies
EfeVPe ool cop] + E[emY 001 o] = 1.

If we set
X = E [e_ATu’b]-{Ta<Tb}] y Y S E [e_)\Ta’bl{Tb<Ta}L

the above two equations become the linear system

ey 4 eb\ﬁy =1,
e~ V2Ag 4 e‘b\ﬁy =1.

By solving the system for x,y and simplifying the result, we are led to

cosh ((b+ a)y/A/2)
cosh ((b— a)\/A/2) '

E[ef/\m,b] =r+y=

]

In some situations, we would like to know the entire distribution rather than
just the Laplace transform. Although an inversion formula for the Laplace trans-
form is theoretically available, implementing it in practice is often quite difficult.
In what follows, we use the reflection principle to compute the probability density
function of the hitting time 7,. The double-barrier case is much more involved
and will not be discussed here.

Let S; = maXtB denote the running maximum of Brownian motion up to time

0<s<
t. We start by establishing a general formula for the joint distribution of (S, By).
The distribution of 7, then follows easily.

Proposition 2.6. For any x,y > 0, we have
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PS; 2z, B;<x—y) =P(B;>z+ / e 2y, 2.22
In particular, the joint density of (Sy, By) is given by
22z — y) o=y
P(S; € dx, B, € dy) = ———¢€~ dedy, x>0, x>y, 2.23
and the density of T, (x > 0) is given by
7;2
P(r, € dt) = e 2dt, t>0. (2.24)

273

Proof. Let B be the reflected process with respect to the level z defined by (2.18),
and we define the running maximum S, of B accordingly. It is obvious that

{S;, > 2} ={S, >z} = {r, <t}.

In addition, from the reflection principle (cf. Proposition 2.3), we know that B is
also a Brownian motion. Therefore,

>2,B, <z —y)
+y)=P(B; >z +y),

which yields the identity (2.22).

\ (
|
I Bt
{
+
A% FTE
x 1y
v %y
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v P
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The claim (2.23) follows by differentiating the function F(z,z) £ P(S; > =, B, <
z), and (2.24) follows from the fact that

P(r, <t) =P(S; > x)
=P(S; > 2,B <xz)+P(S; > x,B > x)
=P(B, 2 x+0)+P(B; > x)
=2P(B; > x).

Remark 2.5. From the relation

one finds that S, &' | B;|. By explicit calculation based on the formula (2.23), one

can also verify that
dist

S, — B, ¥ |B,|, 25, — B, &' R,

for each fixed ¢, where R, £ /X?+ Y2+ Z7 with (X,Y,Z) being a three-
dimensional Brownian motion. A remarkable theorem of P. Lévy shows that

S—B=|B|, 25— BER
as stochastic processes (cf. [16, Sec. VI.2|). These results are closely related to
the study of local times and excursion theory.

2.4 Skorokhod’s embedding theorem and Donsker’s invari-
ance principle

The Brownian motion can be constructed as the scaling limit of random walks.
This fundamental result is known as Donsker’s invariance principle. The main
idea behind understanding this relation contains two parts: one first shows that
a random walk can be embedded into a Brownian motion along a sequence of
stopping times, and the convergence of the rescaled random walk towards the
Brownian motion will then be a simple consequence of the continuity of Brownian
sample paths. Using this perspective, one also recovers the classical central limit
theorem as a byproduct!

We now make this idea more precise. Let F' be a given fixed distribution on

R with mean zero and finite variance o2.
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Definition 2.3. A random walk with step distribution F is a random sequence
given by Sy £ 0, and
S, 2 X 4+ X, n>l,

where {X,, : n > 1} is an i.i.d. sequence of random variables with distribution F.

To think of the discrete random walk as an approximation of Brownian motion,
one needs to turn it into a continuous process and rescale it according to the
Brownian scaling property E[(B; — B,)?] = t — s. This motivates the following
construction. Let n > 1 be given and we partition [0, 00) into the sub-intervals
(=L K] (k > 1). Define the rescaled random walk S™ = {St(") :t > 0} to be the

n ?
continuous process such that :

(i) S,g% £ Si/(04/n) at each partition point k/n;

(i)S™ is linear within each sub-interval (=L, £,
Mathematically, we have
w VA k k-1 k-1 k
=—((——1)5,_ t— —— t —,k>1. 2.2
Sy . ((n )Sk-1+ ( - )Sk), te] - ’n]’ (2.25)

This construction respects the Brownian scaling since

m _gm 2 _ Loy L

In vague terms, Donsker’s invariance principle is stated as follows.

Theorem 2.3. The sequence of continuous processes S™ = {St(") 1t >0} “con-
verges in distribution” to the Brownian motion B = {B; : t > 0} as n — oc.

The precise mathematical meaning of the above distributional convergence
requires the notion of weak convergence of probability measures and we will not
elaborate it here.

2.4.1 The heuristic proof of Donsker’s invariance principle

The core ingredient for proving Donsker’s invariance principle is the following
embedding theorem due to A. Skorokhod. Let B = {B; : t > 0} be a given
Brownian motion and let {FF} be its natural filtration.

Theorem 2.4 (Skorokhod’s Embedding Theorem). There exists an integrable
{FB}-stopping time T, such that B, L F and E[r] = o2
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Let us now explain why Skorokhod’s embedding theorem can be used to es-
tablish Donsker’s invariance principle. We only outline the essential idea as the
technical details require deeper tools from weak convergence theory.

The first point is the following result which allows one to embed the entire
random walk into the Brownian motion. This is a consequence of the one-step
embedding (Theorem 2.4) together with the strong Markov property of Brownian
motion.

Corollary 2.1. Let {S, : n > 1} be a random walk with step distribution F'.
Then there exists an increasing sequence {1, : n > 1} of integrable { F2}-stopping

times, such that {7, — T,,_1} are i.i.d. with mean o and B;, dist S, for every n.

Proof. According to Skorokhod’s embedding theorem, there exists an integrable
{FB}-stopping time 71, such that B, £ 5, and E[r;] = ¢% On the other hand,
from the strong Markov property we know that ¢ — Bt(ﬁ) 2 By — B is a
Brownian motion independent of ]-"f . By applying Skorokhod’s theorem again,
we find an integrable {FZ7 }-stopping time 7, ({FZ™} denotes the natural
filtration of B(™)), such that Bgl) 2 F and E[r4] = 0. Now we define 7, = 7 +75.

Since 75 is constructed from the Brownian motion B(“), we see that 7 — 7 and
71 are i.i.d. In addition, we have

dist

B’rz = B7'1 + Bq(—?) = 5.
The other 7,,’s are constructed in a similar inductive way. O

The other point is the continuity of Brownian sample paths. For simplicity let
us assume that 02 = 1. Since we only concern with distributional properties, we
may assume that the underlying random walk is defined by S,, = B,, where {7,,} is
the sequence of stopping times given by Corollary 2.1. Let S™ = {Sf") :t >0} be
the corresponding rescaled version defined by (2.25). We also set B™ £ {\%Bm :
t > 0}. Note that B™ is again a Brownian motion. As a result, to establish
Donsker’s invariance principle it is enough to compare the distributions between
S and B™.

Let us illustrate why St(n) and Bt(n) are closed to each other (given fixed ¢) as
n — 0o. Let k be the unique integer such that t € [£=1 &) When n is large, we

have B\ ~ B,S;; and

1 1 (n)
t "~ Pk T %Sk - %Bﬂc = BTk/n
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Now the crucial point is that

E:71+(72—T1>+-.-+(7—n_7—n—1) —>]E[7'1]:1
n n

as a consequence of the strong law of large numbers since {7, — 7,,_1} is an i.i.d.
: Tk —Tk—1 ; 1
sequence. In particular, each summand =—*= is roughly equal to .- and we
naturally expect that = ~ % when n is large. Since Brownian sample paths are
continuous, it follows that Bi:}n s B,(;/lzl and thus 5" ~ B{™.
As a direct corollary of Donsker’s invariance principle, one recovers the classical
central limit theorem in the i.i.d. case.

Corollary 2.2. Let {X,, : n > 1} be an i.i.d. sequence with finite variance.
Define S, & X1+ -+ X,,. Then
Sn - E[Sn] dist

— N(0,1) asn — oo.
Var[S,,]

Proof. Define the rescaled random walk S™ as before. It follows from Donsker’s
invariance principle that an) st By as n — oo, which is precisely the central

limit theorem. O

2.4.2 Constructing solutions to Skorokhod’s embedding problem

The key missing piece in the previous discussion is the proof of Skorokhod’s em-
bedding theorem. We say that a stopping time 7 is a solution to Skorokhod’s
embedding problem for the distribution F if it satisfies Theorem 2.4. As we will
see, the approach we develop in what follows provides a tractable way of con-
structing 7 explicitly.

The building block: two-point distributions

Solving Skorokhod’s problem in full generality is quite challenging, but the starting
observation is not hard. We begin by considering the simplest case when F'is a
two-point distribution, namely, F' is the distribution of a random variable X that
achieves only two values @ and b (a < 0 < b). Since E[X] = 0, the distribution of
X is uniquely determined as

(2.26)



In addition, we have E[X?] = —ab. In this case, a solution to Skorokhod’s embed-
ding problem can be constructed easily. Let us define

Tap = inf{t > 0: B; ¢ (a,b)}
to be the first time that B exists the interval (a,b) (cf. Section 2.3). Note that
Tap 18 an a.s. finite {F }-stopping time.

Proposition 2.7. The stopping time 7,3 gives a solution to Skorokhod’s embed-
ding problem for the two-point distribution (2.26):

b —a
s = @) = ——, P(B,, =) = ——,
a,b a) b_a ( a,b ) b_a

Proof. Note that both {B;} and {B2 —t} are {F?}-martingales. By the optional

sampling theorem, we have

E[B,, ,n] =0, E[B2 .| = El[ras An.

Ta,b/AN

P(B

E[745) = —ab.

Since
| B, yan| < max(|al, [b])  Vn,

the dominated convergence theorem implies that
E[B,,,] =0, E[B; | = E[r.s]. (2.27)

On the other hand, by definition the random variable B;, , only achieves the two
values a and b. The first identity in (2.27) uniquely identifies the distribution of
B, as (2.26). The second identity in (2.27) shows that 7,; is integrable and
E[r.s) = E[X?] = —ab. O

The binary splitting case

The main idea of solving Skorokhod’s problem for a general distribution F' is to
approximate it by a binary splitting sequence so that one can essentially reduce
the construction to the two-point case. To make it precise, we first introduce the
following definition.

Definition 2.4. A sequence {X,, : n > 1} of random variables is called binary
splitting if for each n > 1, there exist a function f, : R x {£1} — R and a
{#£1}-valued random variable D,, such that

Xy = fu(Xn_1, Dy). (2.28)
A binary splitting sequence {X,,} is called a binary splitting martingale if it is a

martingale with respect to its natural filtration.

59



When n = 1 the condition (2.28) reads X; = f1(D;), and

Xy = fo(f1(D1),D2), X5 = fs(fo(f1(D1), D), Ds) etc.

In particular, X takes (at most) two values, X, takes (at most) four values, X3
takes (at most) eight values and so forth. If {X,,} is a binary splitting martingale,
the conditional distribution of X,, given (Xy,---, X,,_1) is supported on the two
values { fn(Xn—1,£1)} with mean

E[Xn’X17 e 7Xn71] = anl-

This property uniquely determines the conditional distribution of X,,|(x, .. x, ,)-
In this case, Skorokhod’s embedding problem for the distribution of X, can be
solved explicitly: one uses the strong Markov property to recursively reduce the
problem to the two-point case.

Lemma 2.4. Let {X,, : n > 1} be a binary splitting martingale such that E[X,] =
0 and E[X?] < co for every n. Then there exists an increasing sequence {7, : n >
1} of integrable, {FP}-stopping times such that T, is a solution to Skorokhod’s
embedding problem for the distribution of X,, (i.e. B, 2L X, and Elr,] = E[X?3])
for every n.

Proof. Since X; = fi1(D;) has a two-point distribution, the construction of 7y is
contained in Proposition 2.7. Explicitly, we define

n=inf{t>0:B ¢ (fi(-1), fi(+1))}.
Then B, 4 X, and E[r:] = E[X?]. Next, by the definition of binary splitting
martingale, we know that the conditional distribution of X, given X; takes two
values { fo(X1, £1)} with mean X;. In the meanwhile, we define

T2 £ lnf{t 2 T - Bt ¢ (fQ(BTp _1)7 f2(Bna +1))}

By the strong Markov property, the process B 2 {B, ., — B, :t > 0} is a
Brownian motion independent of Fff. We now use Proposition 2.7 again to see
that the conditional distribution of B,, given B,, takes two values {f2(B,,,+1)}
with mean B,,. To put it in a simple form,

dist

BT2|B = X2|X1~

1
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Since B, st X1, it follows that
(BT17 BTQ) i (XlaXZ)' (229)
To show E[ry] = E[XZ], we first note that

Elr — 1] =E[(Br, — Br)*] (by (2.27))
=E[(X2 — X1)?] (by (2:29))
= E[X3] + B[X7] — 2E[X, X))
= E[X5] + E[X]] — 2E[X, E[X| X, ]
= E[X]] + E[X]] — 2E[X?] (martingale property)
= E[X;] - E[X}]

As a result,
E[r] = E[n] + E[r — n] = E[X}] + E[X3] — E[X}] = E[X}].
The general case can be treated by induction. We define

To S inf {t > 7010 By & (fu(Br, 1, —1), fu(Br,_, +1)) }.

satisfies a two-point distribution supported on the values

Then BT" |(Bn 5 Br 1)

{fn(B;,_,, £1)} with mean B,, . On the other hand, by definition the conditional
distribution X,|(x,,.. x,_,) has exactly the same property. Therefore,

d
BTn ‘(B‘rl P ’BTn—l) = Xn‘(le aanl) :

Together with the induction hypothesis

(Xla"'aanl)i(Bﬁ’"' B )7

’ Tn—1
we conclude that the same property holds for the n-tuple. By using the martingale
property of {X,} in a similar way as before, we also have

Elr] =Y Eln — 7] = ) (E[X7] - E[X7_,]) = E[X7].
k=1 k=1
O
Remark 2.6. For more general considerations, in the definition of a binary splitting
martingale the function f, is sometimes allowed to depend on the entire history

(X1, ,Xn_1). We do not need this generality because in our case Xy, -+, X, _2
are indeed uniquely determined by X,,_;.
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Approximation by binary splitting martingales

Let us now return to the general situation where X is a given random variable
with distribution F' (E[X] = 0, E[X?] < o0). The lemma below is the key step
for solving Skorokhod’s embedding problem for the distribution F'.

Lemma 2.5. There exists a binary splitting martingale {X,, : n > 1} such that
X, = X a.s. and in L?,

where convergence in L* means E[(X,, — X)?*] — 0 as n — oo.

We first explain how this approximation result leads to a proof of Theorem
2.4. Let {X,} be an approximating sequence given by the lemma and define
the increasing sequence of stopping times {7,} according to Lemma 2.4. Set
7 2 lim, s 7. Since E[r,] = E[X?] for all n and X,, — X in L?, by taking
n — oo we find E[r] = E[X?]. This shows that 7 < oo a.s. and due to the
continuity of Brownian sample paths we have

B, = lim B, as.
n—oo

Since B, L X, for all n, we conclude that B, <X Consequently, 7 is a solution
to Skorokhod’s embedding problem for X.

It now remains to prove Lemma 2.5. We only sketch the proof as the complete
details require more technical considerations.

Sketch of the proof of Lemma 2.5. Suppose that the range of X is contained in
an interval I and 0 = E[X] € I. For any sub-interval J C I, we denote

c; 2 E[X|X € J]

as the average of X given that it takes values in J (cf. 1.11). For instance, if X
has a density f, then

E[X1ixen] _ [y f(x)dx
P(X € J) fJf(x)dx )

Cj —

We first construct X; as follows. Note that [ is divided into two sub-intervals

I, I corresponding to the values of X that is below or above 0 = E[X]. We define
X, to be the two-point random variable given by

Xy £ Crn 1{Xeh} + Clzl{X€12}‘
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Next we construct X, as follows. Note that the points cy,,c;, together with 0
further divide [ into four sub-intervals Ji, Js, J3, J;. We define X5 to be the four-
point random variable given by

Xy £ ¢y Lixeny +cnlixeny + cnlixesn) + cnlixer-

It can be checked that the conditional distribution of X, given X; is supported
on two values with mean X;:

Xolx,=¢;, = Xo|xen € {en,cnt, E[Xo|Xi =cp]=cp
and
Xo|xy=c;, = Xo|xen € {cp, cnts E[Xo| X1 = cp] = cy,.
Ju Jv A Ja

WO N
1, I.

The construction of X3, Xy, --- can be performed inductively in the same manner.
In the n-th step, I is divided into 2" sub-intervals Ky, --- , Ko» by all the possible
values of X1, X5, -+, X,,_1 and the point 0. We define X,, by

on

X, = Z cx, lixer,}
=1

It is seen from the construction that Xi,---, X, _» are determined by X,,_; and
the conditional distribution of X, given X,,_; is supported on two values.

This construction provides a natural approximation of X: when the range of X
is partitioned into several sub-intervals say Iy, - , I,,, on each event {X € I;} we
use the corresponding conditional average value to approximate the actual value
of X on this event. As a result, with no surprise one expects that X,, converges
to X in a reasonable sense. What is less obvious is that {X,,} is a binary splitting

martingale. We let the curious reader explore the missing details.
O

Example 2.1. Let X be a discrete uniform random variable on the four values
{=2,—1,1,2}. Then X; is defined by

X1 =calixcoy + 2lixz0) = alix=—2 or -1} + C2l{x=1 or 2},
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where
3 3
c1 = E[X|X < O] = ~3 Co = E[X’X > O] _ 5
The next random variable X5 is defined by

Xo = dilix< 3/9) + dol( 3/2<x<0y + d3liocx<3/2y + dalix=3/2)
=di1{x=—9) + dol{x=—1) + d3l{x=1} +dsli{x=2)
=(=2) Lx—2y + (=) Lx—py + 1+ Lix—1y + 2 Lix—n
= X.
Note that
Xolxi=—32 € {=2, -1}, Xo[x,=32 € {1,2}.

Correspondingly,

T 2inf{t > 0: B, ¢ (-3/2,3/2)},

0:
inf{t >m : B, ¢ (-2,-1)}, if B, = —3/2;
inf{t > 7 :B; ¢ (1,2)}, if B,, =3/2.

>

T2

In this example, after two steps we have already recovered X. There is no need
to go further as X,, = X = X, and 7,, = 7, for all n > 3. The stopping time 7
gives a solution to Skorokhod’s problem for X.

)_clq- 2 L

| j: /3/). <‘ 3‘/, /v\/\/,n/ ‘Nl /V\//L
(% 0 _ . A
- iL \ -y < 0 \1/") v -

-
-2 AI -2 —%-

-1
X X=X

c‘.\

Remark 2.7. If the distribution F' is discrete and supported on finitely many
points, the aforementioned construction of {X,} recovers X after finitely many
steps (say n steps) and the corresponding 7, gives a desired solution to Skorokhod’s
embedding problem for F'.
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Remark 2.8. If 7 is an integrable {F7}-stopping time 7, then B, is square inte-
grable and

E[B,] =0, E[B?] = E[7].
These are called Wald’s identities. As a result, E[X] = 0 and E[X?] < oo are
necessary conditions for the existence of Skorokhod’s embedding.

Remark 2.9. Skorokhod’s embedding has important applications in mathematical
finance (robust pricing and hedging). We refer the reader to [14] for an introduc-
tion as well as a discussion of other possible solutions to the embedding problem.

2.5 Erraticity of Brownian sample paths: an overview

The properties of Brownian motion we have dealt with so far are mostly distribu-
tional. On the other hand, sample path properties of Brownian motion is also a
significant topic and has important implications on the development of stochastic
calculus. In this section, we give an overview on what a generic Brownian sample
path looks like. We do not provide proofs as they are quite technical and not so
relevant to our main discussion. The essential point to have in mind is that:

Brownian sample paths are so irreqular that ordinary differentiation/integration
against Brownian motion fails in a fundamental way.

The goal of stochastic calculus is to provide a new approach for the differential
calculus of Brownian motion.

In what follows, let B = {B; : t > 0} be a given fixed one-dimensional
Brownian motion.

2.5.1 Irregularity

The following result provides some intuition towards how irregular Brownian sam-
ple paths can be (cf. [10, Sec. 2.9]).

Theorem 2.5. With probability one, the following properties hold true.

(i) the function t — By(w) is nowhere differentiable.

(ii) the set of local mazimum/minimum points for the function t — By(w) is
countable and dense in [0,00).

(111) the function t — By(w) has no points of increase (t is a point of increase
of a path x : [0,00) — R if there exists 6 > 0 such that rs < xy < x,, for all
se€ (t—06,t) andu € (t,t+9)).

(i) for any given x € R, the level set {t > 0 : By(w) = z} is closed, unbounded,
has zero Lebesque measure and does not contain isolated points.
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Remark 2.10. The first example of a continuous function that is nowhere differen-
tiable was discovered by K. Weierstrass in the 1870s. Sample paths of stochastic
processes provide rich examples of different kinds of pathological functions.

2.5.2 Oscillations

Holder-continuity is a natural concept for describing the degree of oscillation for
a given function. A function f: I — R is said to be y-Hélder continuous if
t) —

oy FO =G

s#tel ’t - 3‘7
It is known that for any 0 < v < 1/2, with probability one every Brownian
sample path is y-Holder continuous on any finite interval. Moreover, the Holder-
continuity fails when v = 1/2 (cf. [16, Sec. 1.2| for these results). To give a finer
description on the precise rate of (local) oscillation for Brownian motion, one is
led to the celebrated law of the iterated logarithm due to A. Khinchin (cf. [10,
Sec. 2.9]).

Theorem 2.6 (Law of the Iterated Logarithm). For every fized t > 0, one has

— By —B

P(lim—— 2l = 1) = 1
hio/2hloglog1/h
The law of iterated logarithm asserts that at a fixed time ¢, almost every

sample path oscillates around ¢ with order y/2hloglog1/h. It is important to
note that the underlying null set associated with this property depends on t. It is
not true that Khinchin’s law of the iterated logarithm holds uniformly in ¢ with

probability one. The uniform oscillation (the exact modulus of continuity) for
Brownian sample paths was discovered by P. Lévy (cf. [10, Sec. 2.9]).

Theorem 2.7 (Lévy’s Modulus of Continuity). For each given T > 0, one has

T |Bt — BS| _

lim sup —————==1 a.s.

hl0 o<s<i<T y/2hlog1/h

t—s<h
The curious reader may wonder what the gap between Khinchin’s law of the

iterated logarithm and Lévy’s modulus of continuity is. Indeed, to one’s surprise
the set of times at which Khinchin’s law fails is not sparse at all: with probability
one, the random set

— By, — B
{t €[0,1] : lim LHh

e B B |
hio\/2hlog1/h J
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is uncountable and dense in [0, 1], and the random set

— Byy—B
{t €0,1] : lim sl !

hi0 \/2hloglog1/h

has Hausdorff dimension one (cf. [15] for these deep results).

2.5.3 The p-variation of Brownian motion

Let x : [0,00) — R be a continuous function. Given p > 1, the p-variation of x
over [s,t] is define by the quantity

1
Il ooy = 50 (3 bty =z )",

tLEP

where the supremum is taken over all finite partitions P of [s,t]. In particular,
the 1-variation of z is its usual length. The classical Riemann-Stieltjes integration
theory (cf. [1, Chap. 7]) and the semi-classical Young’s integration theory (cf.
[11, Chap. 1]) allows one to construct integrals of the form fot ysdxs provided
that the functions z,y : [0,00) — R have finite p-variation with 1 < p < 2.
As a negative consequence, the following result (cf. [16, Sec. 1.2]|) destroys any
hope for establishing differential calculus for Brownian motion from the classical
viewpoint. We are thus led to the realm of stochastic calculus.

Theorem 2.8. With probability one, Brownian sample paths have infinite p-
variation on every finite interval for any 1 < p < 2.

Remark 2.11. By using the Holder-continuity of Brownian sample paths, it is
not hard to see that with probability one, Brownian sample paths have finite p-
variation on every finite interval when p > 2. For the critical case of p = 2, one
has || B|o-var;s,) = 00 a.s. (cf. [6, Sec. 13.9]).
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3 Stochastic integration

Let B = {B; : t > 0} be a one-dimensional Brownian motion defined on a given
filtered probability space (€2, F,P;{F;}). The primary goal of this chapter is to
define the notion of stochastic integrals

t
/ ®,dB, (3.1)
0

for a suitable class of stochastic processes ® and to study their basic properties.
Apart from its own interest, this is essential for the study of stochastic differential
equations in the next chapter.

3.1 The essential structure: It6’s isometry

The underlying idea for constructing the integral (3.1) is natural: one considers
a Riemann sum approximation and then pass to the limit in a reasonable way.
To illustrate the main idea, let us assume that the integrand process ® is {F;}-
adaped, has continuous sample paths and is uniformly bounded (i.e. |®;(w)| < C
with some C' > 0 for all ¢,w). We only work on the unit time interval [0, 1] as
there is no essential difference for a more general time horizon.
Suppose that
P:0=t)y<ti <---<th1<t,=1

is a given finite partition of [0, 1]. It is natural to think of the Riemann sum

SZD 2 Z (I)Uk (Btk - Btk—l)

k=1

as an approximation of fol ®,dB;, where uy, is a given point in [tx_1, ;] for each
k. More generally, the Riemann sum

k—1

SZ) = Z (I)UL<Btz - Btlfl) + ¢uk (Bt - Btk71)7 te [tk*btk]

=1

is a natural candidate for an approximation of f(f ®,dB,. Now the key point is
that, unlike the definition of Riemann integrals u; needs to be selected as the left
endpoint of [ti_1,1x], i.e. up = ty_1. There are two basic reasons for doing so.

Reason 1. With the left endpoint selection, the process {SF : 0 < ¢ < 1} is an
{F:}-martingale. To see this, let us assume that s < ¢ and for simplicity that
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s,t € [ty_1,tx) for some common k. By the definition of SF (with uj, = ¢,_;), one
has

k—1

E[Sf’FS] = E[Z (btl—l(Btl - Btl—l) + ®tk71<Bt - Btkq)‘f's]

=1
k—1
= Z @y, (By — By ,) + Py E[By — By, ,|F]
=1

k—1
= Z ®tl71(Btl - Btlﬂ) + Dy, (Bs — Btk—l) = SZ)

=1

Therefore, {S7} is a martingale. Combining with the next reason (It6’s isometry),
the space of martingales provides a natural (Hilbert) structure on which one can
investigate the convergence of {S7} to obtain the definition of the integral process
t s [y ®ydB,.

Before discussing the second reason, it is helpful to rewrite the definition of
S7 in a slightly different way. With the left endpoint selection,

(I)f 2 Z q)tk—l]‘(tk—latk-](t)

k=1

is a natural approximation of the integrand {®; : 0 < ¢t < 1}. Note that ®” is a
“simple” process in the sense that it is constant on each sub-interval [t;_q,%;]. In
this case, the definition of the stochastic integral fot ®”dB, is obvious: one should
define

k—1

t
/ (I)deS £ Z (I)tzﬂ(Btz - Btlfl) + (ptk—l(Bt - Btk—l)’ te [tk*btk]'
0

=1

Of course this is exactly S} (with the left endpoint selection). In other words,
the Riemann sum approximation can be viewed as the stochastic integral of a
“simple” process.

Reason 2. The second reason for choosing the left endpoint, which is also a key
feature of Itd’s calculus, is the following so-called Itd’s isometry:

Bl( [ oran)) B[ [ (oF)a) 32)
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To see this, by the definition of ®] one has

E[(/O (I)PdBt) - Z(I)tk 1 Btk Btk 1)) }
k=1
Z ¢fk 1 Btk - Btk—1)2:|
k

+2 ZE (I)tkfl(Btk - Btkfl)q)tlfl(Btl - Bt171>i|'
k<l

By conditioning on F;, |, one finds that

E[®}

tk—1

(Btk - Btk—l) } E[@Q

te—1

E[(Btk - Btk—1)2|ftk—1u - E[@?k 1] (tk - tk—1)°
In a similar way,
E[q)tk—l(Btk - Btk—1)q)tz—1(Btz - Btl—l)] =0.

Therefore,

n

B( [ #Pam)’] = B )0~ t) Z%t—w

— E[/Ol@f)2dt].

We now explain how It6’s isometry provides the essential structure for con-
structing the stochastic integral fol ®,dB; under the current assumption. For each
n > 1, define ®™ = {<1>§") : 0 <t < 1} to be the left endpoint approximation of
® with respect to the even partition of [0,1], i.e

k—1 E]

n 'n

ML P,y forte(

Recall that ® has continuous sample paths. As a result, for each fixed (¢,w) one
has
O™ (W) = By(w) asn — oo.

Since ® is uniformly bounded, so is @™ as seen from its definition. According to
the dominated convergence theorem, one concludes that

E|[ /0 l(cbﬁ’“ — ®,)2%dt] — 0 (3.3)
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as n — 00. In other words, the approximating sequence o) converges to ® in
the sense of (3.3). Note that any convergent sequence must be Cauchy, in the
sense that

1
Ve >0, 3N > 0 s.t. E[/ (®) — ®{™)2dt] < & Ym,n > N.
0

According to Ito’s isometry (3.2) for the “simple” process d™ — d(™_ one has

1 1 1
]E[(/O c1><“>dBt—/0 o™dB,)’| :]E[/O (@™ — @i™)2at].

As a consequence, the sequence of random variables X, £ fol @gn)dBt is also a
Cauchy sequence in L?(Q, F,P) (the space of square integrable random variables).
It is a standard fact from functional analysis that L?(Q2, F,P) is complete under

the metric

in the sense that every Cauchy sequence has a limit. Therefore, X,, converges
to some X € L*(Q, F,P) which will be taken as the definition of fol ®,dB;. In

the same way, for each fixed ¢, one can also define fg ®.dB, as the L2-limit of
JyolanB,.

The above argument outlines the essential idea behind the construction of
the stochastic integral. However, there are several points that are not entirely
satisfactory:

(i) Under the current assumption, it is an important fact that the stochastic
integral t — f(f ®,dB; is a continuous martingale. However, this is not obvious
at all from the above argument, although this point is clear when ® is “simple”
(e.g. when ® = ®%). To establish this property carefully, one needs to prove
convergence at the process level in a suitable space of martingales rather than just
in L?(Q, F,P) for each fixed .

(ii) The assumption that ® is uniformly bounded is apparently too strong for
many applications. This condition can largely be relaxed. As long as

E[/Ol d7dt] < oo, (3.4)

one can still prove a lemma that there exists a sequence of “simple” processes ®(™
which converges to @ in the sense of (3.3). After this, the argument for construct-
ing the stochastic integral based on [t6’s isometry is the same as before. However,
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proving such a lemma is technically challenging (cf. Remark 3.3 below).

(iii) Even the integrability condition (3.4) itself may be too strong in some sit-
uations. In principle, we should be able to construct fol ®,dB,; for any adapted
process ® with continuous sample paths. However, not all such processes satisfy
(3.4) (e.g. ®, = Bi™). Is it possible to further relax the integrability condition
(3.4) to allow a richer class of integrands?

There are several equivalent approaches to resolve the above points and give a
complete construction of the stochastic integral in full generality. Among others,
one elegant approach that contains the deeper insight into the martingale struc-
ture while at the same time avoids all the unpleasant technicalities of process
approximation (Point (ii)) is given in [16, Sec. IV.2]. This approach relies on the
method of Hilbert spaces and duality (the Riesz representation theorem). A less
abstract approach that also respects Itd’s isometry as the core structure can be
found in [10, Sec. 3.2|. This approach develops the necessary technical points
for resolving Points (i) and (ii). Both approaches require basic tools from Hilbert
spaces. For relaxing the integrability condition (3.4), both of them make use of
the notion of local martingales.

In what follows, we adopt an alternative but equivalent approach that was
essentially due to McKean [13]. This approach is elementary in the sense that
it does not involve any Hilbert space tools. In addition, one defines the integral
fot ®.dB,; under a weaker integrability condition in one go without the need of
localisation argument /local martingales. A price to pay is that the use of Ito’s
isometry becomes less transparent although this fact will be reproduced after the
construction (cf. 3.5 below).

For those whose are satisfied with the construction of fot ®.dB, under the
integrability condition (3.4) and do not need the more general construction in
the next section, the following theorem summarises the essential properties of the
stochastic integral (cf. Proposition 3.1 and Proposition 3.5 below).

Theorem 3.1. Let L?(B) be the space of progressively measurable (cf. Definition
3.1 below) processes ® that satisfy the integrability condition (3.4). Then the
following statements hold true.

(i) The stochastic integral fot &.dBs is linear in ® :
t t t
/ (P + V¥,)dBs = c/ ®,dB, +/ U.dB, Vo,V e L*B), ccR.
0 0 0

(i1) With probability one, t — fot &, dB, is continuous.
(11i) The process t — fot ®.dB; is a square integrable martingale and one has Ito’s
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1sometry:

E[(/Otcbsst)Q] :]E[/Otcbgds] vt € [0,1].

3.2 General construction of stochastic integrals

Throughout this section, B = {B; : t > 0} is a one-dimensional {F;}-Brownian
motion defined on a given filtered probability space. We only work on the unit
interval (there is no essential difference in the general case). More specifically, for
a given stochastic process & = {®, : ¢t € [0, 1]}, under suitable conditions we wish
to define the integral

t
tr—>/<1>5st, 0<t«1
0

as a stochastic process.

The conditions to be imposed on ¢ contain two aspects: measurability and
integrability.
Measurability. It is natural to expect that ® should at least be adapted to the
filtration {F;}. However, this simple condition turns out to be technically insuf-
ficient as one often needs extra measurability properties for the sample paths of

® so that one can for instance consider the Lebesgue integral f(f ®(w)ds for each
w. The precise level of measurability is given by the following definition.

Definition 3.1. A stochastic process & = {®, : t > 0} is said to be {F;}-
progressively measurable if for every t > 0, the map

[0,t] X Q3 (s,w) = Ps(w) € R
is measurable with respect to the product o-algebra B([0,t]) ® F;.

To keep things simple, we will not mention and/or check this condition in any
future context (all stochastic progresses under consideration are either assumed
or seen to be {F;}-progressively measurable). It is a good exercise that if ® is
{Fi}-adapted and has continuous (or just right/left continuous) sample paths,
then it is progressively measurable.

Integrability. In view of 1t6’s isometry (3.2), a natural integrability condition to
be imposed on the integrand ® is that

E[/Ol ®7dt] < oo. (3.5)
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As pointed out in the last section (Point (iii)), such an condition may be too
strong in several interesting situations. A reasonable integrability assumption for
handling the most general case is given by

1
/ PZdt < oo almost surely. (3.6)
0

For instance, (3.6) is satisfied for any process ® with continuous sample paths. As
we will see, under the stronger integrability condition (3.5) the process f; d,dB,
is a martingale and satisfies [t6’s isometry (cf. Proposition 3.5). However, under
the weaker condition (3.6) these properties may fail even if the process fot O, d By
is integrable for all time! This is one of the deeper points in stochastic calculus
and we will see a concrete counterexample in the context of stochastic differential
equations (cf. Example 4.7 below).

In what follows, we develop the main steps for constructing the integral process
t— fg O.dB; for any given ® = {®; : 0 < t < 1} that is {F;}-progressively mea-
surable and satisfies the integrability condition (3.6). To emphasise the essential
ideas, some technical details are omitted or presented with simplified assumptions.
Providing all the fine details is a beneficial exercise for one who has basic training
in real analysis and measure-theoretic probability.

3.2.1 Step one: integration of simple processes

Since we rely on an approximation idea, the first natural step is to construct the
stochastic integral for simple integrands (i.e. step functions).

Definition 3.2. A process ® = {®, : 0 < t < 1} is said to be simple if it can be
expressed as

¢, = Z fk—ll(tk,l,tk}(t)> (3-7)
k=1

where 0 = ¢y < t; < -+ < t, = 1 is a finite partition of [0,1], and &;_; is
a bounded, F;, ,-measurable random variable for each k. The class of simple
processes is denoted as .

The definition of fot ®,dB, for a simple process ® is immediate.

Definition 3.3. Given a simple process ® with representation (3.7), we define

N

t n
Z(®) = / ®,dB, = ngfl(Bt/\tk — Bipy_y), 0<t <1
0

k=1
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From the definition, for ¢ € (tx_1, ] one has

+ k—1
/ ©.dB, =Y &-1(By, — By_,) + &-1(By — By,_,).
0 =1

Given s < t, we also define

t t S
/ ®,dB, & / o,dB, — / o,dB,.
s 0 0

The following properties are obvious from the definition.

Lemma 3.1. The integral fot ®.dB; does not depend on the specific representation
of ® € €. In addition, the integral is linear in ® (i.e. Z(®+ V), = Z(P); +Z(V),)
and has continuous sample paths.

3.2.2 Step two: an exponential martingale property

Let ® € £. We introduce the exponential process

t 1 t
M, & exp (/ b, dB, — —/ @ids).
0 2 Jo
The choice of its particular shape is due to the following result.
Lemma 3.2. The process {M,; : 0 < t < 1} is an {F; }-martingale.

Proof. Suppose that ® is given by (3.7). Let s < t. We only discuss the case when
s,t € (tg_1,1;] for some common k. In this case,

t 1 t 1
/ $,dB, — 5/ O2du = &,_1(B; — Bs) — 551371(15 = s),

S

and we have
1
E[M,|F.] = M, - E[exp (§-1(B: — Bo) — 5&i4(t — 9)) | 7].

Since {1 € Fy,_, € Fs and B; — B; is independent of F;, we find that

E[exp (&-1(B: — Bs)) }.7-—3} = exp (%ﬁg_l(t —3)).

Therefore,

E[Mi|F] = M.
If s,t belong to difference sub-intervals, say s € (t,_1,t] and ¢ € (t;_1, tx], one can
argue in a similar way by conditioning on F;, |, Fi, ,,- -, Fy,, Fs recursively. [
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A crucial fact about the exponential martingale {M,;} we shall use is the fol-
lowing maximal inequality.

Lemma 3.3. For any o, 8 > 0, we have

t t
P( sup (/ ®,dB, — %/ 2ds) > ) < e .
0

0<t<1 0
Proof. Define
t o2 [t
M = exp (a/ b.dB; — ?/ P2ds).
0

0
Lemma 3.2 shows that {M} is a martingale (with constant expectation one).

According to Doob’s maximal inequality (cf. Theorem 1.6),

t t
IP’( sup (/ d.dB, — %/ @gds) > 6)
0 0

o<i<1
=P( sup M > e*”) < e E[M}] = e .
o<t<1

]

Remark 3.1. The consideration of such an exponential process is of fundamental
importance in many problems (we have seen this in the discussion of Brownian
passage time distributions). At the moment its martingale property comes from
explicit calculation based on the distribution of Brownian motion. The deeper
reason behind the calculation will be clearer from the viewpoint of 1t6’s formula
as well as stochastic differential equations.

3.2.3 Step three: a uniform estimate for integrals of simple processes

Recall that a sequence of events {A,, : n > 1} eventually happens with probability
one if
IP’(EIN s.t. A, happens for all n > N) =1

Note that the number N appearing in the above probability may depend on w.
If a property P, (depending on n) eventually happens with probability one, we
simply write

P, eventually w.p.1.
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Lemma 3.4. Let {®™ :n > 1} be a sequence of simple processes such that
1
/ (@En))zdt < 27" eventually w.p.1.
0

Then for any 6 > 1, we have

sup ‘/ dMdB, ‘ ( +8)2_"/2\/10gn eventually w.p.1. (3.8)
0

o<t<1
Proof. For each given n, let us choose «, £ 2"/2\/logn and 3, £ §2-"/%\/logn.

By Lemma 3.3, we have

t
P( sup (/ oMdB, — (@g”))st) > B,) < e
0

0<t<1 2 0

Since # > 1, the above probability is summable over n and from the first Borel-
Cantelli’s lemma (cf. Theorem A.1 (i) in Appendix (5)) we have

t
sup (/ (ID(" dBs — 7 (@g"))zds) < B, eventually w.p.1.
0 0

0<t<1

This implies that

t a t 9
/ M dB, < = / (@) ds + 8,
0 2 Jo
< 2”/2\/10gn / ds—|—62 /2, /logn
+0)272\/logn Vi

eventually with probability one. By considering —®(™ at the same time and using
the simple fact that

sup | f(2)| = max { sup f(x), sup(—f(x) },

<G

N[ =

we conclude that

‘/ dB! +9)2 "2\ /logn Wt

eventually with probability one. O
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Remark 3.2. The factors (% + 0) and /logn are of no importance. The crucial
point is that a suitable choice of ay,, 5, allows one to use the first Borel-Cantelli’s
lemma and at the same time the right hand side of (3.8) should define a convergent
series.

For conciseness, from now on we shall rephrase Lemma 3.4 as
1
/ (@™)2dt <27  eventually w.p.1.

= sup ‘/ st| <272 eventually w.p.1.

0«1

The symbol < means the possibility of allowing some extra factor (e.g. v/logn in
the lemma) whose precise value is insignificant and does not affect the convergence
of the relevant series.

3.2.4 Step four: approximation by simple processes

Let & = {®;: 0 <t < 1} be an {F;}-progressively measurable process such that
1
/ PIdt < oo aus.
0

The key for the construction of the stochastic integral fot ®,dB; is the following
lemma.

Lemma 3.5. There exists a sequence {®™ : n > 1} of simple processes, such
that

1
/ (@ﬁ”) - @t)2dt <27 eventually w.p.1. (3.9)
0

Proof. For the sake of simplicity, we again assume that & is uniformly bounded
(i.e. |P4(w)| < C for all t,w) and has continuous sample paths. For each m > 1, we
partition [0, 1] into m sub-intervals of equal length and consider the left endpoint
approximation

k—1 k
M A P, ifte(—, . (3.10)
m m m

Then U™ is a simple process. As in the proof of (3.3), one sees that
! 2
/ (\Ifgm)(w) — ®y(w))7dt =0 asm — oo (3.11)
0
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for every w. In particular,
! 2

/ (\Ifgm) — ®,)°dt — 0 in probability

0
as m — oo. As a result, for each n > 1, there exists m,, such that

! 2
IP(/ (™) — @) %dt > 27") <n72
0

It follows from the first Borel-Cantelli lemma that

1
/ (\Ifgm”) — <I>t)2dt < 27" eventually w.p.1.
0

The sequence @ £ U(mn) ig desired. O

Remark 3.3. The above case (¢ being continuous, uniformly bounded) has indeed
been treated in Section 3.1 under the stronger integrability condition. The main
challenging situation is when ® is a general progressively measurable process un-
der the weaker integrability condition. To construct ® in this case, one first
approximates ® by processes with continuous sample paths and then uses the
left endpoint approximation. The former part requires the following real analysis
fact. Let f :[0,1] — R be a square integrable function (extend f to R by setting
f(t) =0 when t ¢ [0, 1]). For each h > 0, define the function

F0 () £ %/ihf(s)ds, teo,1].

Then fj, is continuous and one can show that

lim [ (f"(t) - f(t)) dt = 0.

h—0 0

Using this idea in our stochastic context, given ® we first define ®™ in the above
way. Then ® has continuous sample paths and approximates ® in the above L*-
sense. Next, since the definition of simple processes requires uniform boundedness,
we can introduce the truncation

N, ifo" > N,
oM & Lo i — N <o < N
—N, ifo" < —N
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before discretising it into a step function. Finally, given a finite partition P of
[0, 1] we define the step process approximation ®"NP) of ®*N) by (3.10). Then
with probability one,

1
lim lim  lim (@) — @,)%dt = 0.
h—0 N—00 mesh(P)—0 J

From this point on, the argument of extracting a subsequence ® is not so
different from the previous proof. We let the reader think about the fine details.

3.2.5 Step five: completing the construction

To see how one can define Z(®), = fot ®,dB, from Lemma 3.5, let {®™} be a
simple sequence satisfying (3.9). Then

1
/ (CDEHH) — <I>§”’)2dt < 27" eventually w.p.1.
0

According to Lemma 3.4,
sup |Z(@"Y), — Z(@™),| 27"  eventually w.p.1.

0<t<1

Since the series of 27" is convergent, with probability one the sequence of contin-

uous functions
0,1] 2t = Z(®™), (n>1)

form a Cauchy sequence with respect to the uniform distance. As a result, with
probability one it has a well-defined uniform limit Z(®):

IP’(I(CD(”))t converges to Z(®); uniformly on [0,1]) = 1. (3.12)

It remains to see that the limiting process {Z(®);} is independent of the choice
of the approximating sequence {®™}. To simplify notation, we denote

102 ([ ara)™, 1 = s 150

for any generic function f.
Lemma 3.6. Let {U™ :n > 1} be a sequence of simple processes such that
W™ — ||y, — 0 in probability.
Then
|Z(T™)) — Z(®)||lo — O in probability. (3.13)
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Proof. Tt suffices to show that every subsequence of {¥U(™} contains a further
subsequence along which (3.13) holds. Without loss of generality, it is enough to
show that {W(™} itself contains such a subsequence. To this end, first note that

@™ — @™, — 0 in probability
where {®™} is defined in Lemma 3.5. Similar to the proof of that lemma, one
finds a subsequence {k,} such that

1
/ (\I/Ek") — <I>§’“"))2dt < 2™ eventually w.p.1.
0

Lemma 3.4 then implies that

IZ(wt) = Z(@*)) oo S 27" eventually w.p.1.

~Y

It follows that
|IZ(WE)) — Z(®)||loo — 0 as.

since Z(®™) satisfies this property (cf. (3.12)). O
Definition 3.4. A stochastic process & = {®; : t > 0} is said to be [to integrable

on [0, 1] if it is an {F;}-progressively measurable process and satisfies

1
/ Pt < oo a.s.
0

Given an It6 integrable process @, the stochastic process Z(®) constructed in the
above steps is called the stochastic integral (also known as the It6 integral) of ®.
It is often denoted as Z(®); = fot d.dB,.

Since continuous functions are bounded on finite intervals, any adapted pro-
cess with continuous sample paths is [td integrable. Lemma 3.6 shows that the
stochastic integral is well-defined for any It6 integrable process. The same lemma
also gives its linearity as it is true for simple processes (cf. Lemma 3.1).

Proposition 3.1. The stochastic integral is linear:
Z(®+ W), =Z(D), + Z(V);, Z(cP), = cZ(D),. (3.14)

In addition, Z(®) has continuous sample paths.
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The following result is a generalisation of Lemma 3.6. Unfortunately its proof
is rather technical and non-inspiring (the idea is standard though: approximate
® by simple processes and extract subsequences in a careful way). As a result we
do not give the proof here.

Proposition 3.2. Let ®™, & (n > 1) be It6 integrable processes on [0, 1]. Suppose
that
|@™) — ®|jy — 0 in prob.

Then
IZ(2™) — Z(®)|| oo — 0 in prob.

As a useful corollary, one can justify the left endpoint Riemann sum approxi-
mation for the stochastic integral that is mentioned at the beginning of the chap-
ter.

Corollary 3.1. Let ® be an [to integrable process on [0, 1] with left continuous
and bounded sample paths (not necessarily uniform in w). Given a partition P of
[0,1], let ®P) denote the associated left endpoint approzimation of ® with respect
to the partition P. Then

|Z(@P)) = Z(®)||c — 0 in prob.
as the mesh size of the partition tends to zero.

Proof. Since @ as left continuous sample paths, we have the pointwise convergence

li P (W) = d t 1] x Q.
et @, (w) = ®(w) V(t,w) €[0,1] x

Since ® also has bounded sample paths, the dominated convergence theorem
implies that
|®7) — ®|; — 0 in prob.

The claims thus follows from Proposition 3.2. O]

Iterated integrals of Brownian motion: Part I

Before investigating deeper properties of stochastic integrals, we use one simple
example to illustrate how the principle of stochastic integration differs from ordi-
nary integration.
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Consider the stochastic integral f(f BsdBs. One may naively expect that this
integral is equal to %B% from the perspective of ordinary calculus. This is indeed
not true! To understand this, let

P§0:t0<t1<"'<tn_1<tn:t

be a given partition of [0,¢]. Then one can write

n

Bt2 = (Z(Btk - Btk—1>)2

k=1
=> (B, —By,_,)*+2 > (B, -B, ,)(B,~-B,,)
k=1 1<i<jsn
= (Bi, =By, ,)*+2> By (B, —By_,).
k=1 Jj=1

The second term converges in probability to 2 fg BdB; as a consequence of Corol-
lary 3.1. However, the first term does not converge to zero! This is not too
surprising if one keeps the relation

(By, — By,_,)* = (te — ti-1)

in mind, which heuristically implies that

n n

Y By =B, )~ (tk—ti1) =t, —tg =1

k=1 k=1
The following result justifies this property precisely. Recall that X,, converges to
X in L? if

E[|X, — X|*] = 0

as n — oQ.

Proposition 3.3. Let t > 0 be fized and let P = {t;}}_, be an arbitrary finite
partition of [0,t]. Then

> (B, — By )t inL?
k

as the mesh size of P tends to zero.
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Proof. To simplify notation, we write Ay,B £ B, — By, , and At Lt — 1.
Then we have

E[(D_(AB) — )] =E[(Y_ (AxB)* — At))7]

k k
= Y E[((AB) - Awt)”]
p
+ Z:E[«Az‘B)Q — Ait) ((4;B)? = Ajt)].
i#j
= (B[(AxB)"] = 244t - E[(AB)?] + (Akt)®) +0
- 2%:(Akt)2 < 2(m3x At) -y At
=2t -kmeshP. k
Therefore, the left hand side converges to zero as meshP — 0. 0

Proposition 3.3 asserts the existence of non-zero quadratic variation for the
Brownian motion. As a result of Proposition 3.3, one finds that

t B2 _
BB, = — t. (3.15)
0 2

By writing it in a formal differential form, one has
dB} = 2B,dB; + dt. (3.16)

From this simple example, one can already see that 1td’s calculus differs from
ordinary calculus (which normally reads dax? = 2zdr) by a second order term.
The fundamental reason behind this new phenomenon is the existence of non-zero
quadratic variation for the Brownian motion. This point will be clearer when we
study It6’s formula in Section 3.4 below.

One can think of fot B,dB;, itself as an integrand and further integrate against
the Brownian motion. By similar type of calculation, one finds that

Lot B3 — 3B
/ (/ B,dB,)dB; = ngl (3.17)
0 0

For higher order iterated integrals, it is not realistic to perform explicit calculation
and one needs a more systematic method to evaluate them. As we will see in
Section 4.3 below, these iterated Ito integrals are naturally related to the classical
Hermite polynomials.
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3.3 DMartingale properties

Let us recapture what we have obtained so far. If & = {®, : ¢ > 0} is an
{Fi}-progressively measurable process such that with probability one

t
/®§d8<oo vt >0,
0

then the stochastic integral Z(®), = fot d.dB; (t > 0) is a well-defined {F;}-
adapted process with continuous sample paths, and the map ® — Z(®P) is linear.
To understand deeper properties of the stochastic integral, it is essential to look
at it from the martingale perspective.

3.3.1 Square integrable martingales and the bracket process

We begin by introducing some general notions. The differential form (3.16) arises
from the formal relation that (dB;)* = dt. Another way to look at this property
(as well as Proposition 3.3) is that the function A; = t makes the process.

One can ask the following more general question. Let M = {M,, F, : t > 0}
be a continuous martingale. What is (dM;)*? This question is of fundamental
importance for developing a general theory of differential calculus with respect to
the martingale M. Inspired by the Brownian motion case, one should look for an
increasing process A; such that M? — A; is a martingale. The precise formulation
of this property is the content of the Doob-Meyer decomposition theorem. We
assume further that M is square integrable, i.e. E[M?] < oo for all . The
theorem asserts that one can extract a martingale part from M? and what is left
is a pathwisely increasing process.

Theorem 3.2 (The Doob-Meyer Decomposition Theorem). There exists a unique
{Fi}-adapted stochastic process, denoted as (M) = {(M); :t > 0}, such that:

(i) (M) =0 a.s.;

(ii) E[(M)] < oo for all t;

(111) with probability one, the sample paths of (M) are continuous and non-decreasing;
(iv) the process {M? — (M), F; : t = 0} is a martingale.

Remark 3.4. The proof of this theorem is rather involved and we refer the serious
reader to [10, Sec. 1.4]. It is though easy to comprehend the discrete-time situa-
tion. Let {X,,, F, : n > 0} be a submartingale (X,, = M? in the above context).
We claim that there exists a unique {F, }-predictable sequence A = {4, : n > 0}
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(i.e. A, € F,_1) satisfying Properties (i)—(iv) (stated in discrete-time in the ob-
vious way). Indeed, if such a process A exists, by letting ¥, £ X,, — A, one

has
X = Xp1 =Y =Y + A — Ay

Since {Y,,} is a martingale and {A,} is predictable, by taking conditional expec-
tation with respect to Fj_1, one finds

Ay — Ay = E[Xy — Xy | Fr)-

Summing over k from 1 to n, it follows that A,, has to be given by

Ay = E[Xy — Xp | Fica]. (3.18)

k=1

This not only shows the uniqueness of {4, } but also gives its existence defined
explicitly by (3.18). Checking the desired properties of {A,} is routine.

Definition 3.5. The process (M) given by Theorem 3.2 is called the quadratic
variation process of the martingale M.

Example 3.1. For the Brownian motion {B;}, since {B? — t} is a martingale
we see that (B); = t. The equation (3.15) suggests that this martingale can be
expressed as a stochastic integral 2 fg B.dB,.

Remark 3.5. As an extension of the relation (dB;)* = dt, the differential calculus
for M; should respect the relation (dM;)? = d(M),. For instance, the analogue of
the equation (3.15) should be given by

t
M? = 2/ MdM, + (M),.
0

This formula also indicates what the martingale M? — (M), is: it is the stochastic
integral 2 fot MdM,. A more general discussion is given in Section 3.5 below.

By using a standard idea of polarisation, one can generalise the notion of
quadratic variation to the situation involving two different martingales. Let M, N
be two continuous, square integrable, {F;}-martinagles. By the definition of the
quadratic variation process, both of the following processes

(M + N)*>— (M + N)?, (M —N)>— (M — N)?
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are martingales. In addition, note that

(M, + N,)2 — (M, — N,)?
y .

MtNt -

As a result, if we define the process
M+ N)y— (M — N),
4 )

<‘]\47]\Z>té <

then MN — (M, N) is a martingale.

Definition 3.6. The process (M, N) is called the bracket process between the
two martingales M, N.

Remark 3.6. Similar to the quadratic variation, it can be shown that the bracket
process is the unique {F;}-adapted process A = {A; : t > 0} satisfying the
following properties:
(i) Ap =0 a.s.;
(ii) E[|A¢]] < oo for all ¢;
(iii) with probability one, every sample path of A is continuous and has bounded
total variation;
(iv) MN — A is an {F;}-martingale.

The bracket process is a generalisation of the quadratic variation since (M, M) =
(M). Using this uniqueness property of (M, N), one can show that the bracket
process behaves like a symmetric bilinear form.

Proposition 3.4. The bracket process is symmetric and bilinear in (M, N), i.e.
(M,N) = (N,M), {(aM;+ My, N} = a{(My, N) + (M, N).

Proof. We only verify (M, + My, N) = (My, N) + (M,, N). This is a consequence
of the fact that

(M; + My)N — (M, N) — (M5, N)
is a martingale and the uniqueness of the bracket process stated in Remark 3.6. [

Example 3.2. Suppose that XY are two independent {F;}-Brownian motions.
Then (X,Y) = 0. Indeed, given s < t we have

E[X;Yi|Fy] = E[(Xe — X, + X,) (Y = Ys + Y))| 7
= E[(X: = Xo) (Vi = Yo)|F] + X, - B[Y; — Yi[F]
+YE[X; — X,|F] + X.Y,
= X,Y.
This shows that XY itself is a martingale and thus (X,Y) = 0.
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Remark 3.7. The terminology of quadratic variation is justified by the fact that
Z(Mtk — M;, ,)* — (M); in prob. (3.19)

tLEP
for any fixed t and any finite partition of [0,¢] whose mesh size tends to zero

(cf. Proposition 3.3 for the Brownian motion case). By using polarisation, (3.19)
further implies that

Z(Mtk — M, )(Ny, — N, ,) = (M,N); in prob.
tLEP

For this reason the bracket process is also known as the cross-variation process.
We do not prove these facts here and refer the reader to [16, Sec. IV.1].

3.3.2 Stochastic integrals as martingales

When the integrand ® = {®, : ¢ > 0} is a simple process, by definition it is
uniformly bounded on each finite interval [0,¢] (as the {t_;’s are assumed to be
bounded). In particular, we know that

t
B / B2ds] < 00 Wt >0, (3.20)
0

On the other hand, one can prove the following fact.

Lemma 3.7. Let ® = {®; : t > 0} be a simple process. Then {Z(®):} is a square
integrable martingale whose quadratic variation is given by

(Z(®)), = /Ot d2ds.

Proof. Let ® be represented as (3.7). By performing the same type of explicit
calculation as in Lemma 3.2, one shows that both {Z(®);} and {Z(®)? — fot d2ds}
are martingales. O

It is interesting to ask whether a stochastic integral f(f ®,dB, is always a mar-
tingale in general? Of course it needs to be integrable to talk about the martingale
property. However, even if we know /assume that fot ®.dB; is integrable, this pro-
cess may fail to be a martingale in general! This is counterintuitive in view of
Lemma 3.7 and obtaining a counterexample is not an easy exercise (cf. Example
4.7 below).

Nonetheless, if we assume the stronger integrability condition (3.20), no sur-
prise will be expected and we do have the nice martingale properties.
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Proposition 3.5. Suppose that ® = {®; : t > 0} satisfies the condition (3.20).
Then {Z(®):} is a square integrable martingale whose quadratic variation is given

by .
<I(<I>)>t:/ d2ds. (3.21)

In particular, one has Ito’s isometry

E[(/t ®,dB,)"] :E[/t ®2ds]. (3.22)

Proof. Let us just work on [0, 1]. The main technical point is that when choosing
the approximating sequence ®™ in the construction of the integral (cf. Lemma
3.5), if the condition (3.20) holds one can further require that

lim E[/l (@ — @,)%dt] =0. (3.23)

n—oo
This is already seen under the assumption that & has continuous sample paths
and is uniformly bounded (cf. (3.3)). The general case is technically involved but
is dealt with along the lines of Remark 3.3.

Under the extra property (3.23) for the approximating sequence, let us show
that {Z(®),} is a martingale. Let s <t and A € F,. We need to check that

E[( [ @B 14 —E( [ @iz (3.24)

Since {Z(®™),} is a martingale, the above property is true for ®™. To pass to
the limit, it suffices to show that

lim E[( /0 t(cpg”) — ®,)dB,)14] = 0. (3.25)

n—o0

For this purpose, we first use the following estimate as a consequence of the
Cauchy-Schwarz inequality:

]E[(/t(cpgt) — ®,)dB,)14]| < \/E[(/t(cpgm —®,)dB,)’].
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The right hand side converges to zero since

t t
E[( / (@™ — ,)dB,)’] < lim E[( / (@0 — d)dB,)*]  (Fatou’s lemma)
0 0

m— 00

t
= h_mE[/ (@) — @m)2du]
0

m— 00 “ “
t

= E[/ (@) — @,)du],
0

which tends to zero due to the choice of ®™. Therefore, (3.25) holds and the
martingale property (3.24) thus follows. A similar argument shows that Z(®)* —
fo' ®2ds is a martingale, hence yielding the last part of the proposition. O]

Due to the linearity of the stochastic integral and the usual Lebesgue integral,
the property (3.21) implies that Z(®)Z(V) — [/ ®,¥,dt is a martingale for any
®, U satisfying the integrability condition (3.20). Therefore,

@@z - [ 6, 0.ds.

Remark 3.8. When @ is [t6 integrable without the stronger integrability condition
(3.20), it is still possible to show that ¢ — f(f d2ds is the quadratic variation

process of the stochastic integral fot ®.dB,, in the sense that

>/

tr€P th—1

t
®,dB,)" — / ®2ds
0

for any fixed ¢ and any finite partition of [0,¢] whose mesh size tends to zero.
Similarly, fot $,W.ds is the cross-variation process of the two integrals Z(®), Z(¥)
(cf. Remark 3.7). The best way to understand these properties (as well as Remark
3.7) is to put them in the general context of local martingales, which is beyond
the scope of the current study (cf. [10, Sec. 1.5&3.2.D]).

3.4 Itd’s formula
The special example of (3.15) can be rewritten compactly as
dB? = 2B,dB, + dt.

As we have pointed out before, this is different from the rule of ordinary calculus
(dx* = 2xdz) due to the presence of the extra term dt. The occurrence of this
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second order term is a consequence of the relation (dB;)* = dt which is considered
as a non-negligible first order infinitesimal. This phenomenon does not exist in
ordinary calculus as (dr)? is a negligible quantity comparing with the differential
dx. It is a prominent feature of stochastic calculus, and as we have pointed out
before the fundamental reason behind it is the existence of quadratic variation for
the Brownian motion (cf. Proposition 3.3).

With this principle in mind, at a heuristic level it is not hard to derive what
the general rule of stochastic calculus should look like. Let f :[0,00) x R — R
be a given smooth function. From the formal Taylor expansion, we have

of of 10°f
BN (t Bt)dt—f— Oy (t Bt)dBt+ 58_

o2 f 102f
+ 55 (6 BOdBdt + 5 =5

1Bf, . 3 PBf )
+ 57775 (180" + gy 35 (dB)*dt + -

df(t, B;) = (t, By)(dB;)?

(t, B,)(dt)?

The key principle is the relation that (dB;)? = dt and all those terms of order
higher than dt (e.g. dBydt, (dB;)® = dBdt, (dB;)?dt = (dt)? etc.) are considered

negligible. As a result, we arrive at
1
df (¢, Br) = 0uf (t, B)dt + Op f(t, B)dB, + 507 f (¢, By)dt.

This leads us to the renowed [té’s formula. We say that f : [0,00) x R — R is
a C12-function if it is continuously differentiable in the time variable and twice
continuously differentiable in the space variable.

Theorem 3.3 (Itd’s formula for Brownian motion). Let B be a one-dimensional
Brownian motion. Let f :[0,00) x R — R be a CY?-function. Then for any s < t,
one has

f(t,B,) = f(s,By) /at f(u, B,) du+/afuB )dB., + /82 f(u, B,)

Proof. For simplicity, we assume that s = 0, f does not depend on time and
has bounded derivatives up to order three (the result is true under the original
assumption but the proof is more technical). Let P = {t;}}_, be a given partition
of [0,¢] and to simplify notation we define

AB = By, — By, At =t — by
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It follows from the third order Taylor expansion theorem that

n

F(B) = f(Bo) =Y (f(By) = f(Bu..))

k=1

=> f'(Bi_)AB+ % > By )(AB)?
k=1 k=1

n

FO &) (AB)? (3.26)

k=1

where & € [By,_,, B,

In the first place, according to Corollary 3.1 the first summation in (3.26)
converges to the stochastic integral fot f'(Bs)dBs as the partition mesh tends to
zero. In addition, the last summation satisfies

[ D £ AB) ] < O | Bu=Bi | < € max |By=By |3 _(Bi—By,_)?
k=1 k=1 k=1

1<k<n

where C' = || f®||. The term max;, ‘Btk —By, | } converges to zero a.s. as partition
mesh tends to zero due to the continuity of Brownian sample paths. The last
quadratic summation converges to ¢ in probability by Proposition 3.3. Therefore,
the error term

Zn: €N (ALB)? — 0 in prob.

k=1

It remains to investigate the second summation in (3.26). We claim that

n t
Z f"(By_ ) By, — By, _,)* — / f"(Bs)ds in prob.
k=1 0

From Riemann integration theory, one has

;f (Btk1)(tk—tk1)—>/0 1" (Bs)ds.

As a result, it suffices to show that

Mp & i f"(By, ) ((A*B)? — A"t) — 0 in prob. (3.27)

k=1
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as partition mesh tends to zero. To this end, note that
E[M3] = Y E[f"(By_,)*((A*B)* — A*t)’]
k=1
+2) E[f"(Bi,_)f"(By_,) ((A¥B)* — AF) ((A'B)* — A't)].

k<l

Every term in the second summation is equal to zero as seen by conditioning on
Fi,_,- Since f” is assumed to be uniformly bounded, it follows that

E[MZ] < C1 Y E[((A*B)? — AF)’] = Cy Y " (AFt)* < Cyt - meshP — 0
k=1

k=1
where (', Cy are suitable constants whose values are of no importance. Therefore,
(3.27) holds.

The result thus follows by putting the above facts together and sending parti-
tion mesh to zero in (3.26). O

Extension to Ito6 processes

Theorem 3.3 can be viewed as the chain rule for the composition of a function
with a Brownian motion. For more interesting applications, we need to generalise
the formula to cover the situation of composition with stochastic integrals.

Definition 3.7. A stochastic process {X; : ¢ > 0} is called a (one-dimensional)
It6 process if it can be written as

t t
X, = X0+/ d.dB, —|—/ U.ds,
0 0
where B is a Brownian motion, ® is an I[t6 integrable process and V¥ is a progres-

sively measurable process such that with probability one fg |Ws|lds < oo for all
t.

To motivate It6’s formula in this context, let
X, =X} +/ ®!dB; —|—/ Uids, 1<i<n (3.28)
0 0

be n given Ito6 processes (with respect to the same Brownian motion). Let f :
[0,00) x R® — R be a given smooth function. We want to find the chain rule
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for the composition f(¢, X},---, X") and compute it as another It6 process. The
heuristic principle is the following. We compactly write

dX! = ®ldB; + Vidt.

In the second order Taylor expansion of f(t, X}, , X[), we apply the following

rule: '
dX; -dt =0, Xm de q)l@jdt Vi, j.

This is reasonable in view of the relations
(dB;)* = dt, dB; - dt = 0, (dt)* = 0.
Therefore, in its formal differential form It6’s formula reads
ar, X, -, X))

= atf(ta Xt17 e »th)dt + Z axzf(ta thﬁ e 7Xf)(q)zzdet + \II;dt)
i=1

Z 2o (LX) XD dt.

zgl

Theorem 3.4 (Itd’s formula for 1t6 processes). Let {X; : t > 0} (1 <i < n)
be Ité processes given by (3.28) and let f : [0,00) x R — R be a CH2-function.
Then for any s < t, one has

f(tatha ' Xn)

n n t
i i=1 Y3

+ = Z / 2, X0 XL P du (3.29)

z]l

Proof. Since one can approximate the integrands ®‘, ¥? by simple processes (cf.
Lemma 3.5), according to Proposition 3.2 it is enough to prove the formula when
®', U’ are simple. For the next simplification, the main observation is that the
formula (3.29) is additive: if it is true for [’ and [ then it is also true for [
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Suppose for simplicity that the representations of ®, W’ (for all i) are over a
common partition {t;}}",, i.e.

Pl =¢l W= 77/1-1 when ¢ € (ty_1, i,

where & _,,7_, are bounded and F;, ,-measurable. As a result of additivity, it is
enough to prove (3.29) on each sub-interval [t;_1,tx]. But over such a sub-interval,
one can view the processes X/ as

t t
X/ =X+ / d'dB, + / W'lds
th—1 tk—1

- Xtilc—1 + 5]iv—l(Bt o Btk71> + 77/2-1@ - tk71>-

The crucial point here is that X; & _,,m_, € F,_, are regarded as frozen

constants and B; £ B, — By, , (t € [tk—1,t]) is a Brownian motion independent
of Fi,_,. Therefore, the process

f(tathu"' 7th)_f(tk717X1

th—1?

Xy ) (e SES )

lk—1

is viewed as a function g(t, B;) (with the random variables from F;, | being
frozen). An application of Theorem 3.3 gives (3.29) over [tx_1, ty]. O

Extension to higher dimensions

It is also useful to have a version of It6’s formula in higher dimensions. Let
B = {(B},---,B%) : t > 0} be a d-dimensional {F;}-Brownian motion. An It
process with respect to the Brownian motion B takes the form

d t t
Xt:Xo—i—Z/ @@dB;'Jr/ U,ds.
i=1 70 0

Given n Itd processes of the above form and f € C?, with the following rela-
tions in mind one can easily write down the chain rule (Itd’s formula) for the
composition f(t, X}, .-+, X[):

1, ifi=j;

e (3.30)
0, ifi#j.

dB!-dB] = 6;;-dt where §;; £ {
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The reason for the 7 # j part in (3.30) is that B'B’ is a martingale when i # j
(cf. Example 3.2) and B?, B have zero cross-variation in this case:

mei}ilrvgl_m tz; (sz — szfl) (Btjk — Btjk,l) =0 in prob.
kE

The explicit expression of the formula as well as its proof is left as an exercise.

As a simple application of It6’s formula, we now provide a precise explanation
of the heat transfer problem that is discussed in the introduction (cf. (1.3)).

Let f : R — R be a bounded continuous function with bounded derivative.
Let u(t, z) be the solution to the following PDE (heat equation):

Owu(t,x) = %8§u(t,m), (t,z) € (0,00) x R

with initial condition u(0,z) = f(x). Suppose that {Bf : t > 0} is a one-
dimensional Brownian motion starting at = (i.e. Bf = z) and T > 0 is fixed.
By applying It6’s formula to the function (¢,y) — u(T —t,y) composed with Bf,
one finds that

T
f(Bf) =u(T,z) + / ( — (T —t,B}) + %8§U(T —t, Bf))dt
. 0
+/ (T — t, BY)dB?.
0

The Lebesgue integral term vanishes since u satisfies the heat equation. In addi-
tion, the stochastic integral is a martingale (why?) with zero expectation. Con-
sequently, we arrive at

u(T', x) = E[f(B7)].

This provides a stochastic representation of the PDE solution u(¢, z).

3.5 Lévy’s characterisation of Brownian motion

The notion of stochastic integrals can be further generalised to the situation where
the integrator is a martingale. More specifically, let M be a continuous, square
integrable, {F;}-martingale. Given any {JF;}-progressively measurable process ®
that satisfies

t
]P(/ P2d(M), < 0oVt >0) =1,
0
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one can define the stochastic integral
t
I(®), = / B, dM,
0
If ® satisfies the stronger integrability condition
t
E[/ $24(M),] <00 Vi >0,
0

then Z(®) is a martingale and it satisfies the following generalised 1t6’s isometry:

Bl( [ v.n)] =E[ [ o2a0n).]

0

Here the integral fot P2d(M), is defined pathwisely for every w. This makes sense
in the classical way (more precisely, as a Riemann-Stieltjes integral) since the
process (M) has non-decreasing sample paths. Note that the above facts are
extensions of the Brownian case, as for the latter one has (B); =t (cf. Example
3.1).

In a similar way, one can also write down It6’s formula in this generalised
context. Let M* = {M]} (1 < i < n) be given continuous, square integrable,
{F;}-martingales. Let f : [0,00) X R”™ — R be a C'"*-function. To obtain It6’s
formula for the composition f(¢, M}, --- M), the key principle is to apply the
relations

dAM! - dM] = d(M’, M), (3.31)

and
dM; - dt, d(M', M?), - dMF, (dt)* are all zero (3.32)

in the formal Taylor expansion of f (compare with (3.30) in the Brownian case).
As a result, one has
t
f(t7Mt17 7Mtn) :f(oaM(}a >Mg)+/ atf(saMsla 7Mg)du
0

n t
=1

1 - ! 2 1 n 7 1
+§Z/O 02, fs, ML, MI)A(M', M7),.  (3.33)

1,j=1
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The last integral is understood in the classical pathwise sense (as a Riemann-
Stieltjes integral). A special and useful situation is the following integration by
parts formula:

t t
MtNt = MONO + / Msts + / NSdMS + <M7 N)t (334)
0 0

for any square integrable martingales M, N. This is immediate from It6’s formula
applied to the function f(z,y) = zy.

The most elegant way of establishing this more general theory is to use Hilbert
space methods (Riesz representation theorem). We refer the reader to |16, Sec.
IV.2] for the details. Let us use one example to illustrate the usefulness of this
generalisation. Recall from (3.30) that a d-dimensional Brownian motion consists
of d square integrable martingales whose bracket processes are given by (B?, BY), =
0;;t. The following elegant result, which was due to P. Lévy, asserts that this
property uniquely characterises the Brownian motion.

Theorem 3.5 (Lévy’s characterisation of Brownian motion). Let M* (1 <i < d)
be d continuous, square integrable, {F;}-martingales and M} = 0. Suppose that

(M, M7), = 6,5t Vi, j.
Then (MY, --- , M%) is a d-dimensional {JF;}-Brownian motion.

Proof. One needs to show the required distributional properties as well as the
independence between M; — M, and F, (s < t). Inspired by the proof of the
strong Markov property (cf. (2.12)), in terms of characteristic functions all the
desired properties are encoded in the following neat equation:

E[ei0M-Mra| F] = e3P0 v e RY (3.35)

It suffices to establish (3.35).
To this end, with given fixed 6 = (0y,--- ,04) € R? we apply Ito’s formula to
the composition Z;, & f(t, M}, --- , M¢), where the function f is defined by

flt,zy, -, 1q) = exp Z@x] |9|t
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Since (M*, M7), = §,;t by assumption, the formula (3.33) yields
62 [t d t A
Zy = Zo + —/ stsﬂ'Zej/ ZdM?
d
+

N | —

J
t
:1+z29j/ ZydM?.
j=1 70

The stochastic integral on the right hand side is a martingale. Therefore, {Z;}
is a martingale and the desired equation (3.35) is merely a rearrangement of the
martingale property

t
(i0;)* / Zyds
0

Q =

E[Z| Fs] = Zs.

Example 3.3. The sign function is defined by

1 .
sgn(x)é{ , o >0;

-1, = <0.

The stochastic integral W, = fg sgn(Bs)dB; is a well-defined square integrable
martingale. According to Proposition 3.5, one finds

(W) = /0 ' (sgn(B.) ds — /0 ds—t.

By Theorem 3.5, the process W is also a Brownian motion. In addition, it can be
shown that

|Be| = Wi + Ly, (3.36)
where L, is the non-decreasing process defined by
1 t
L, & lsig)l 2_5/0 1o o) (Bs)ds. (3.37)

The formula (3.36) can be viewed as a generalisation of It6’s formula to the func-
tion f(z) = |z| which is non-differentiable at the origin. The sign function can
be viewed as the derivative of f(x), leading to the stochastic integral term W, in
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the formula (3.36). L; can be viewed as the second order term arising from the
“second derivative” of f(z) which should not be understood in any classical sense
(in fact, % f" = &g is a generalised function known as the Dirac delta function at
the origin). The Lebesgue integral on the right hand side of (3.37) represents the
amount of time (before ¢) that the Brownian motion stays in the region (—¢,¢).
As aresult, L; can be viewed as the occupation density (before ¢) of the Brownian
motion at the level x = 0. This is known as the local time of B at x = 0. We
refer the reader to [16, Chap. VI| for a discussion on these results as well as a
beautiful introduction to the theory of local times. Local time theory is essential
for the study of one-dimensional SDEs and diffusion processes on graphs.

3.6 A martingale representation theorem

There are several beautiful connections between continuous martingales and Brow-
nian motion. In vague terms, we describe two types of fundamental results along
this line. Let M = {M; : t > 0} be a continuous {F;}-martinagle.

(i) The Dambis-Dubins-Schwarz theorem: M is the time-change of some Brownian
motion, i.e. there exists a Brownian motion B such that M; = By),.

(ii) The martingale representation theorem: M can be written as an It6 integral
M, = M, + [, ®,dB,.

These results suggest that continuous martingales are not very general objects:
they can be essentially reduced to Brownian motions and/or their stochastic in-
tegrals. As a consequence, the behaviour of continuous martingales is to somme
extent similar to the latter two objects.

In this section, we only elaborate one special type of martingale representation
theorems. We also take this opportunity to introduce the elegant idea of Hilbert
spaces.

Let B = {B; : 0 <t < 1} be a Brownian motion defined on some filtered
probability space (Q, FZ, P;{FP : 0 <t < 1}). Here we particularly emphasise
that the filtration {FP} is the natural filtration associated with B. In other words,
we work with the probability space which only carries the intrinsic information of
the Brownian motion. The martingale representation theorem in this context is
stated as follows.

Theorem 3.6. Let M = {M,; : 0 < t < 1} be a continuous, square integrable,
{FEB}-martingale. Then there exists a unique {FL}-progressively measurable pro-
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cess ® = {®, : 0 < t < 1} satisfying
1
E[ / $2df] < oo, (3.38)
0

such that .
M, = My + / B, dB,. (3.39)
0

Hilbert spaces

We will use the notion of Hilbert spaces to prove Theorem 3.6. Let us first describe
the intuition behind the abstract nonsense.

In Euclidean geometry, every element in R? or R3 can be viewed as a vector.
There is a notion of inner product (v, w) between two vectors v, w, which satisfies
the following properties:

(i) symmetry: (v,w) = (w,v);
(ii) bilinearity: (cvy + ve, w) = c{v1,w) + (vo, w) where ¢ € R is a scalar;
(iii) positive definiteness: (v,v) = 0 where equality holds if and only if v = 0.

The inner product can be used to measure all sorts of geometric properties e.g.
length (Jv| = \/(v,0)), angle (Zy. = 220, orthogonality (v L w <= (v,w) =

[v]-fw]
0) etc. Given a vector v and a subspace £ C R?, one can naturally talk about
the orthogonal projection of v onto E. If E is a proper subspace (i.e. E # R3),

one can find at least one non-zero vector w that is perpendicular to F.

w

The notion of Hilbert spaces generalises the above considerations.

Definition 3.8. Let H be a vector space over R. An inner product over H is a
function (-,-) : H x H — R which satisfies the above Properties (i)—(iii). A vector
space equipped with an inner product is called an inner product space.
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Two elements v, w are said to be orthogonal (denoted as v L w) if (v,w) = 0.
By using the inner product, one can define the notion of length (more commonly

known as a norm) by
o]l £ V(v v), veH

With this norm structure one can talk about convergence just like in Euclidean
spaces: we say that v, converges to v if ||v, —v|]| — 0 as n — oo. A sequence
{v, : n > 1} in H is said to be a Cauchy sequence in H if for any ¢ > 0, there
exists N > 1 such that

m,n >N = ||v, — v, <e.

Definition 3.9. A Hilbert space is a complete inner product space, i.e. an inner
product space in which every Cauchy sequence converges.

Example 3.4. R? is a Hilbert space when equipped with the Euclidean inner
product:

<£B,y> L \/<x1_y1>2+"'+($d_yd)2-

In finite dimensions there is no need to emphasise completeness as every finite
dimensional inner product space is complete. The completeness property is essen-
tial when one considers infinite dimensional spaces such as a space of functions.
In infinite dimensions it is also important to emphasise closedness when come to
the use of subspaces: a subspace E is closed if v, € F,v, - v = v € E. This
notion is again not needed in finite dimensions as every subspace is closed in that
case.

A favorite example of an infinite dimensional Hilbert space is the following.

Example 3.5. Let (2, F,P) be a probability space. Let H = L*(Q, F,P) be
the space of square integrable random variables (we identify two elements X, Y if
X =Y as.). Define the inner product over H by

(X,Y): 2E[XY], X,Y €H. (3.40)
Then (H, (-,-)12) is a Hilbert space.

The most important thing to keep in mind is that all the properties we have
mentioned in the Euclidean case remain valid in a general Hilbert space. For
instance, recall that (cf. Section 1.3) the conditional expectation E[X|G] is the
orthogonal projection of X € L?(Q2, F,P) onto the closed subspace L*(,G,P).
To prove the martingale representation theorem, we need one more definition and
one specific fact.
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Definition 3.10. A subset A of a Hilbert space H is said to be total if no non-zero
elements in H can be perpendicular to every element in A, i.e.

vlw YweA = v=0.

Example 3.6. Any two non-colinear vectors in R? form a total subset, since no
non-zero vectors in the plane can be perpendicular to two linearly independent
vectors at the same time.

Example 3.7. Let H = L*(Q, F,P) and let A = {1 : F € F}. Then A is a total
subset. To see this, let f # 0 and f L 1p for all F' € F. Then f is perpendicular
to all stmple functions of the form

= Zaklpk.
k=1

But any function (in particular, f) can be well approximated by simple functionns.
As a consequence, f is perpendicular to itself and thus f = 0.

Proposition 3.6. Let H be a Hilbert space and let E be a closed, proper subspace
of H. Then there exists v # 0 such that v is perpendicular to all elements in E.

Proof of the martingale representation theorem

The proof of Theorem 3.6 again relies on the use of exponential martingales. Let
T denote the space of step functions on [0, 1] of the form

n

f(t> = Z Ck*ll(tk—lytk}(t) (341>

k=1
where 0 =ty < t; < -+ < t, = 1 is a partition of [0,1] and ¢;_; € R. Given

f € T, we define the exponential process

5{éexp(/0 f(s)dBS—%/O F(s)Pds), te 0,1

One checks that it is a martingale.
To prove Theorem 3.6, we make use of the Hilbert space H = L?(Q, FF,P)
equipped with the inner product (3.40).

Lemma 3.8. The set {&] : f € T} is total in H.
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Proof. Let Y € H be such that E[YE/] = 0 for all f € 7. We want to show that
Y = 0. Since Y is FB-measurable, this is equivalent to showing that

E[Y14] =0 VAec FP. (3.42)

But FP is the o-algebra generated by the Brownian motion. As a result, it is
enough to consider those A’s of the form

A={w:(B,. - ,B,)eT}

where 0 =ty < t; < --- < t, = 1 is a partition of [0,1] and I' € B(R"). Given
fixed t;’s, we define the signed measure

v(T) 2 E[Y1r(B,,, --,B,)], T €BR").

To show that v = 0, we consider its Fourier transform
1}()\17 cee /\n> 4 / ei(>\1z1+...+>\nmn)y(dx)

= E[YeMButtamBu)] () .. ),) €R™
The key observation is that the exponential random variable e!*1Ba+-+AnBin) can

be related to Slf for some f € T. Indeed, for any f € T given by (3.41), one has

n

1 1
glf = exp (ch—l(Btk - Btk71> - 5/ |f(t)’2dt)
k=1 0

= exp (Z(ck,l — ) By, — %/0 ]f(t)|2dt).

k=1

As a result, by defining ¢,_1 — ¢ = i\, (1 < k < n) or equivalently
cr 2N+ i,

the associated f satisfies

. 1/t
consurons el exp (b [ 1t0pa)
0
Therefore,
) 1!
P M) =exp (5 [ 17(0F ) -Elve]) =0
0

by the assumption on Y. Since the Fourier transform is one-to-one, we conclude
that v = 0 and thus (3.42) follows. O
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Remark 3.9. If one is not familiar with the language of Fourier transform, here is a
less enlightening argument. Functions of the form e!1#1++An®n) (with arbitrary
choices of A1, -+, \,) are rich enough to generate the class of bounded continuous
function. Hence

]E[Yei()\lBtl—i_“"i_/\"Bt")} =0 V/\l7 ety )\n
— E[Yf(B:, - ,B:,)] =0 Vbounded continuous f.
By using continuous functions to approximate indicator functions, one concludes

that
E[Y]-F(Btla et 7Btn)] = O \V/F € B(Rn)

Let us now introduce one more Hilbert space. We denote L?(B) as the space
of progressively measurable processes ® = {®, : 0 < ¢t < 1} satisfying the integra-
bility condition (3.38). L*(B) is a Hilbert space under the inner product

(D, 0)12(p) £ E[/l P, 0,dt], @,V € L*B).
0
Proposition 3.7. Let Y € H. Then there exists a unique ® € L*(B) such that
Y =E[Y]+ /1 d,dB;. (3.43)
0
Proof. FExistence. Let E denote the collection of all those Y € H which satisfies

the desired property. It is clear that E is a subspace of H. We claim that F is
closed. Let

1
Y, = E[Y,] + / ®"dB, € E (3.44)
0
and Y,, — Y in H. According to Itd’s isometry (3.22),
m n 2
”(I)( ) —af )HL2(B)

— [ [ @ - af"a] = 5[( [ @ - o)
= VarlY,, — Y,] < E[(Y,, — Y,.)?.

Since {Y,,} is a Cauchy sequence in H (because it converges), we see that {®} is
a Cauchy sequence in L?(B) and hence ®™ — & for some ® € L?(B). By taking
n — oo in (3.44), one finds
1
0
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and thus Y € E. This shows that E is closed. We also have
(&l feTICE,

since .
& =1+ [ FOFaB o b= f)E)
0

as a consequence of Itd’s formula.

To prove the existence part of the proposition, one needs to show that £ = H.
Suppose on the contrary that E # H. From Proposition 3.6, there exists Y # 0
such that Y is perpendicular to all elements in F. In particular, Y L Elf for all
feT. Since {& : f e T}is total in H (cf. Lemma 3.8), we conclude that ¥ = 0
which is a contradiction. Therefore, £ = H.

Uniqueness. Suppose that Y € H admits two representations (3.43) with some
®,W € L*(B). Then [ (®, — ¥,)dB; = 0. It0’s isometry implies that

|® — U|2s 5 = E[(/O (®, — ¥,)dB,)?] = 0.

Therefore, & = V. O]

We can now easily complete the proof of the martingale representation theo-
rem.

Proof of Theorem 3.6. Let M = {M, : 0 <t < 1} be a square integrable contin-
uous martingale. According to Proposition 3.7, there exists a unique ® € L*(B)
such that

1
M1 — E[Ml] +/ @tdBt.
0

In addition, the stochastic integral fg ®,dB; is a martingale in this case. By
conditioning on F;, we obtain

t
M, = E[M;] + / ®,dB,.
0

Note that since By = 0, FZ is the trivial o-algebra {0, Q} and thus E[M;] =
E[My] = My. The representation (3.39) thus follows.
[l
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Example 3.8. According to (3.15) and (3.17), the stochastic integrable represen-
tations of B and B} (in the sense of Proposition 3.7) are given by

1 1 t
Bf:1+2/ B,dB;, Bf):/ (6/ BydB; + 3)dB,.
0 0 0

The martingale representation theorem exnteds naturally to the case of mul-
tidimensional Brownian motion without essential difficulties. We only state the
result and leave its proof to the reader.

Theorem 3.7. Let B = {B; : t > 0} be a d-dimensional Brownian motion and let
{FB} be its natural filtration. Let {M; : t > 0} be a continuous, square integrable,

{FB}-martingale. Then there exist d {FP}-progressively measurable processes
O = (®,--- , ®) such that

d t
Mt:M0+Z/ dIdBI, t>0.
j=1"0

These ®;’s are unique in the sense that if W = (W', ... W) satisfies the same
property, then with probability one

(L), -+, B(w)) = (Tr(w), -, W) t-ace.

Remark 3.10. It is natural to ask whether the integrand ¢ can be constructed
explicitly in the representation theorem. This is a challenging but important
question whose solution, known as the Clark-Ocone-Karatzas formula, relies on
techniques from stochastic calculus of variations (the Malliavin calculus). We
refer the reader to [12, Sec. 1.6] for a discussion as well as its applications in
mathematical finance.

3.7 The Cameron-Martin-Girsanov transformation

In this section, we discuss a rather useful technical in stochastic calculus: change
of measure. Vaguely speaking, this technique allows one to eliminate the drift
effect in an It6 process or a stochastic differential equation without changing the
martingale part.

3.7.1 Motivation: the original approach of Cameron and Martin

It is well known that the Lebesgue measure on R? is translation invariant (trans-
lating a set along any direction does not change its volume). We begin by asking
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the following question: if one considers the Gaussian measure (law of the standard
d-dimensional Gaussian vector)

v(dr) = e 12,

(27)d/2

how does v behave under translation?
This can be figured out easily by explicit calculation. On the canonical prob-
ability space (R, B(R?),v), the coordinate functions

5”(95) L0, T= (1, ,2q) € R4
define a standard d-dimensional Gaussian vector

£= (&, &%) ~ N(0,1d).

Given fixed h € R, we consider the translation map T}, : R? — R? defined by
Tw(x) &+ h. Let v, = v o (T},)! denote the push-forward of v by the map T},
ie.

vh(A) = v(T;'A) =v({x :a+ h € A}) = v(A - h).
To compute v, explicitly, let f : RY — R be an arbitrary test function. By the
definition of vy,

[ Sy = [ o+ m(dn)

1 '
__1 ~laf?/2
om) i /Rd f(x+h)e dx
1 .
T2 72 Jpa Fy)e ™ Pdy  (y £ 2+ h)
R

= | Tty ay).

As a result, vy, is absolutely continuous with respect to v with density function
(cf. Appendix (8) for this terminology)

dl/h
dv
This property is known as the quasi-invariance of Gaussian measures.

There is an equivalent way of looking that the above fact that is more relevant
to us. If we define a new measure v, by the formula (3.45), then n £ £ — h is a

(ZL“) _ 6<h,x)Rd—\h\2/27 r € RY. (345)
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standard Gaussian vector under v,. This is because the distribution of n under
vy is the push-forward of v, by the map 7", : x — x — h, which is nothing but
just the original Gaussian measure .

We now generalise the previous calculation to the context of Brownian motion
(the infinite dimensional situation). We first describe the canonical probability
space as the infinite dimensional analogue of (R¢, B(R?),v). Let W be the space
of continuous paths w : [0, 1] = R with wy = 0. By viewing W as a sample space,
one can define a canonical stochastic process (the coordinate process) W = {W, :
0<t<1} by

Wi (w) 2w, weW.

There is a unique probability measure p defined on the o-algebra B(W) generated
by the coordinate process W, under which the process W is a Brownian motion.
Its existence can be seen as follows. Let B = {B; : 0 < t < 1} be a Brownian
motion defined on some probability space (§2, F,P) (cf. Theorem 2.1). Since
B has continuous sample paths, it can be viewed as a ‘“random variable” taking
values in the path space YW. The measure p is the law of B (the push-forward
of P by the map B : © — W). Uniqueness is obvious since the distribution of
Brownian motion is uniquely specified in its definition.

Definition 3.11. The probability space (W, B(W), i) is known as the Wiener
space. The measure p is known as the Wiener measure.

The Wiener measure can be viewed as the “standard Gaussian measure” on the
path space (W, B(W)), which is an extension of the finite dimensional situation.

We now fix a given path h € W (a direction). Suppose that h has “nice”
regularity properties and let us not bother with what they are at the moment.
We again consider the translation map 7}, : W — W defined by T, (w) = w + h.
Let py denote the push-forward of p by T},.

To understand the relationship between u;, and p, we use finite dimensional
approximation. For each n > 1, consider the partition

P,:0=tg<ti <---<t,=1

of [0,1] into n sub-intervals with equal length 1/n. Given w € W, let w™ € W
be the piecewise linear interpolation of w over the partition P,. More precisely,
w(?) = wy, for t; € P, and w™ is linear on each sub-interval associated with P,,.
Given any test function f : W — R, we define the approximation of f by ™ (w) =
f(w™). Note that f™ depends only on the values {wy,, - ,w,, }. Therefore, f™
is essentially a function on R"™: one can write f™(w) = H(wy,,---,w, ) where

H:R" = R
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Using the above notation, we perform the similar calculation as in the R? case.
Note that under the Wiener measure, w +— (wy,,--- ,wy,) is a Gaussian vector
with density

Ty — T
Pty (@1, @) = C - exp ( Z| tZ _t% 1|

where
1

. (2m) 2/t =) - (t — ta1)

It follows that
/ £ (0) ()
w
_ / £ (w + B a(deo)
w

= / H<wt1 + ht17 s, W, + htn)/L(dU))
w

1 o |£Ei—$i—1|2
=C RnH(Il‘i_h'tl?"'an_'—htn)exp(_QiZ R )dx

" hy, — hy,
=C | H(y, - ,yn)exp(zw.

Rn — ti—tia
I by —hey)* 1 ~ (yi — Y1)’
B Z t; —tiq 2; ti —ti1 )dy

he —h 1~ (he, — by, ,)?
/ £ (w) exp Z () — 52%)%‘&”%
i=1 1= ¢

ti —ti—1

Here comes the crucial observation. As n — oo, one has f™(w) — f(w), and it
is natural to expect that

" hy — hy, !
E —tl fict . <wti — wtiil) — / h;th,
0

— ti—tia

" (hy, — I, " (b = i, ) 1
i i) A N S VA h})2dt 3.46
; b —tia ; (ti —ti1)? ( U= /0 ()t 240
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where the first limit is an Itd integral! Therefore, after taking limit we formally
arrive at

| swhmtan) = [ swyesn( aw, - L / () )

This equation suggests that uy is absolutely continuous with respect to p with

density
—th exp /1 hidW, — E /1(h')2dt (3.47)
dp o "2 o ' .

To rephrase this fact in an equivalent way, if we define p; by the formula
(3.47), under the new measure py, the translated process

t
V[@éWt—ht:Wt—/ h.ds
0

becomes a Brownian motion. This is because the distribution of W under p, is
the push-forward of u, by the map 75 : w — w — h, which is exactly the Wiener
measure /.

The above discussion outlines the essential idea of R.H. Cameron and W.T.
Martin’s original work in 1944. The main technical difficulty lies in verifying
the convergence in (3.46) for a suitable class of h. It turns out that the precise
regularity assumption on h is given as follows: h needs to be absolutely continuous
and fol (R})*dt < co. Cameron-Martin’s theorem can now be stated below. We refer
the reader to [19, Sec. 1.1] for a simplified modern proof.

Theorem 3.8. Let H be the space of absolutely continuous paths h € W such
that fol(h;)2dt < 00. Then for any given h € H, py is absolutely continuous with
respect to p with density given by (3.47). In addition, w, — fot hlds is a Brownian
motion under u.

Remark 3.11. There is a deeper result which reveals that the infinite dimensional
situation (the Brownian motion case) is drastically different from the finite dimen-
sional case: the quasi-invariance property is only true along directions in H and
p" is singular to p for all h ¢ H. The space H, known as the Cameron-Martin

subspace, plays a fundamental role in the stochastic analysis on the Wiener space.

3.7.2 Girsanov’s approach

With the aid of martingale methods, I.V. Girsanov independently considered a
similar problem but in a more general context which we now elaborate.
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The following information is fixed throughout the whole discussion. Let B =
{(B},--,B%) :t > 0} be a d-dimensional {F; }-Brownian motion defined on some
filtered probability space (2, F,P). For 1 <i < dlet X' = {X} : ¢t > 0} be an Itd
integrable process with respect to B°.

Inspired by the formula (3.47), we define the following exponential process (as
appeared for several times before!):

d t t
) , 1
€52 exp (3 :/0 X!dB! — 5/0 |X,[2ds), t>0. (3.48)
=1

By applying 1t6’s formula to the exponential function, one finds that

d t
EX =1+ Z/ EXXIdB!.
i=1 70

Although it is a stochastic integral, it may fail to be a martingale in general. The
entire discussion in the sequel is based on the assumption that {£* : t > 0} is a
martingale. This will be the case for instance if

Bl [ (€)1 ds] < o0

as suggested by Proposition 3.5. But this condition is hard to check as it involves
the process & itself. There is a neat sufficient condition due to A. Novikov, which
only involves the process X;. We sketch the proof and refer the reader to [10, Sec.
3.5.D] for the deeper details.

Theorem 3.9 (Novikov’s condition). Under the previous set-up, suppose that
1 t
E[exp (5/ |Xs]2ds)} <oo Vt=N0.
0

Then {&X :t > 0} is an {F;}-martingale.
Sketch of proof. Let us write M, £ >0 [' X?dB!. One finds that (M), = [ | X,|?ds.

As a result, we can write
£ = M2

The strategy of proving the theorem contains the following steps.

(i) {&X} is a supermartingale. To show that it is a martingale, it is enough to
prove that E[£X] =1 for all ¢.
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(ii) Define the process B, = M, , where 7, is the inverse of the non-decreasing
function t — (M);. Then
(B)s = (M), =s

by the definition of 7. It follows from Lévy’s characterisation theorem that B is
a Brownian motion. In other words, we have written M as the time-change of a
Brownian motion: M; = By,.

(iii) We know that Z, = ¢5+%/2 is a martingale. For fixed ¢ > 0, by thinking of
(M), as a stopping time, one expects from the optional sampling theorem that

ElZmy,) = E[Zo) = 1,
which is exactly the desired relation
E[eMt_<M>t/2] =1.
O

Remark 3.12. In the setting of Cameron-Martin, given h € H (cf. Theorem 3.8),
by definition we know that [j(h,)%ds < oo for every t. Therefore, Novikov’s
condition is satisfied and the process

t t
1
g £ exp ( / h.dBs — - / (h.)*ds)
0 2 Jo
is a martingale.
From now on, we make the following assumption exclusively.
Assumption 3.1. The process EX = {EX} is an {F;}-martingale.

Inspired by Cameron-Martin’s formula (3.47), for each given T' > 0 we define
a new measure

Qr(A) 2 E[14&F], A€ Fr.

According to Assumption 3.1, Qr is a probability measure on (2, Fr). Girsanov’s
transformation theorem can now be stated as follows.

Theorem 3.10. Define the translated process B = (B’l, e ,Bd) by
t
Bitp— / Xids. (3.49)
0

Under Assumption 3.1, for each T > 0 the process {Bt :0<t<T}is ad-
dimensional {F;}-Brownian motion under the new measure Qr.
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Example 3.9. Let d = 1 and X; = ¢ where ¢ # 0 is a deterministic constant.
Then Theorem 3.10 is satisfied and B, 2 B, —ct (0 < t < T)) is a Brownian motion
under Q7. Note that under the old measure P, the process B has the extra drift
term —ct (a Brownian motion with a drift). Girsanov’s theorem thus enables one
to eliminate the drift by working under the new measure Q7.

The rest of this section is devoted to the proof of Theorem 3.10. We begin
with a useful lemma which enables us to compute conditional expectations under

Qr.

Lemma 3.9. Let 0 < s <t < T. Suppose that Y is an Fi-measurable random
variable which is integrable with respect to Qr. Then we have:

1
EXE[Y&X |F,] P and Qr as.

s

E[Y|F,] =

where B denotes the expectation under Qr.
Proof. Given A € F,, according to the martingale property of £X under P,
E[Y14) =E[YEF14] =E[YE14]

&

=E[E[YEN|FLa] = IE?[SX

E[Y &Y | F,]14]

The result thus follows. O
The following result is an important corollary of Lemma 3.9.

Corollary 3.2. Let M = {M,;: 0 <t < T} be an {F;}-adapted process which is
integrable with respect to Qp. Then M is a martingale under Qr iof and only if
M - EX is a martingale under P.

Proof. According to Lemma 3.9, one has
EX - E[M,|F,] = E[MEX| ).

Therefore, )
E[M;|F] = My < E[MEN|F) = MEY.
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The core of the proof of Girsanov’s theorem is the following relation on mar-
tingale transformations.

Proposition 3.8. Let T > 0 be fized. Suppose that the processes X' (1 <i < d)
are uniformly bounded. Given any continuous P-martingale M = {M, : 0<t<
T} with finite moments of all orders, we define the transformed process M by

d t
M, 2 M, — Z/ Xid(M,B),, 0<t<T.
i=1 70

Then M is a square integrable martingale under Qp. In addition, the map M +—
M preserves the bracket process:

(M, N)Qr = (M, N)E.

Proof. To prove the first claim, by Corollary 3.2 it is equivalent to showing that
M - X is a martingale under P. This is a consequence of the integration by
parts formula (cf. (3.34)). To simplify notation we perform the calculation in
differential form: under PP one has

A(MEX) = Md&EX + XM, + d&* - dM,

d d
= MEXX]dB] + £XdM, - > EXX[d(M,B"),

=1 =1

d d

+ (D EXX[dB]) - (dM, = XId(M, B’),)
i=1 j=1

~ d
MEXX[dB] + EXdM, =Y~ EXX]d(M, B'),
1 i=1

d
+Y & Xid(M, BY),

i=1

M-

(2

d
=Y MEXX[dB] + £XdM,, (3.50)
=1

where we have used the relations (3.31) and (3.32) to simplify the products of
differentials. Note that the right hand side of (3.50) is a martingale as it consists
of stochastic integrals. Therefore, MEX is a martingale under P.
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The idea of proving the second claim is similar. Given two P-martingales
M, N, one needs to show that MN — (M, N) is a Q-martingale, or equivalently,
(MN — (M, N))E¥X is a P-martingale. This can be seen by similar but lengthier
calculation as before: the integration by parts formula reveals that the product
(MN — (M, N))EX consists of martingale terms only and is thus a martingale. [

Remark 3.13. The boundedness and integrability assumptions made in Proposi-
tion 3.8 is just for technical convenience to avoid the use of a localisation argument
(one checks that all the relevant stochastic integrals satisfy the strong integrabil-
ity condition and are thus martingales). These assumptions are not essential and
the result remains valid in the general context of local martingales (cf. [10, Sec.
3.5.B]).

We are now ready to give the proof of Girsanov’s theorem.

Proof of Theorem 3.10. From Theorem 3.8, we know that the process

Bi & B — Z/deBzBJ — /de

is a martingale under Q. In addition,
(B', B))J" = (B, BY){ = §,t.

According to Lévy’s characterization theorem, we conclude that B = {(B},--- , BY) :
0 <t < T} is a d-dimensional, {F;}-Brownian motion under Q.
[l

Remark 3.14. So far we have been working on the given fixed time horizon [0, 7.
As a consequence of the martingale property, it is not hard to see that Qr,| Fr, =
Qp, for any 77 < T5. One may wonder if there exists a single probability measure
Q on the “ultimate o-algebra” F,, = 0 (U0 F;) such that Q|z,. = Qr for all T' > 0
and the process B is a Brownian motion on [0, c0) under Q. This is not true on
general filtered probability spaces. It can be achieved though on the canonical
path space equipped with the natural filtration of the coordinate process. Let 2
denote the space of continuous paths w : [0,00) — R and let B : By(w) = w; be the
coordinate process. We consider the filtered probability space (2, F2 P;{FF})
where {FP : ¢ > 0} is the natural filtration associated with B and PP is the law
of Brownian motion. Let ¢ # 0 be a fixed number (the drift). One can show that
there exists a unique probability measure Q on FZ such that

Bt Bt —ct
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is a Brownian motion on [0,00) under Q. This measure QQ extends the previous
Qr’s to F2. However, unlike each Q7 which is absolutely continuous with respect
to IP with density &% (on FZ!), the measure Q is singular to P on FZ in the sense
that there exists a measurable subset A € FZ such that Q(A) = 1 while P(A) = 0!
Can you find an example of such a A?
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4 Stochastic differential equations

A substantial part of stochastic calculus is related to the study of stochastic
differential equations (SDEs). They provide natural ways for modelling the time
evolution of systems that are subject to random effects. Apart from the applied
side, there is also an important motivation from the mathematical perspective
which we now describe.

Let A be a second order differential operator on R™ (acting on smooth functions
on R") defined by

A= IS i TS 2
2 N i — ¥ o

ij=1

where a(z),b'(x) are given functions on R"™. There are two basic questions one
can raise naturally.

Question 1: How can one construct a Markov process X whose generator is A,
in the sense that

o1

lin = (BL/ ()Xo = ] = f(2)) = (Af)(z)
for all suitably regular functions f : R — R?
Question 2: How can one construct the fundamental solution to the parabolic
PDE % — A*u = 07 Here A* denotes the formal adjoint of the operator A, in
the sense that

(Af)(x)g(z)dz = - f(@)(A%g)(x)dx

for all smooth functions f, g with compact support. The fundamental solution is
the smallest positive solution to the equation

R

{%(t,x,y)—%p(m,y)zoa t>0; (4.1)

p(07 Z, y) - 5x(y>7

where A} means that the differential operator acts on the y variable and 4, is the
Dirac delta function at x.

The first question, which is purely probabilistic, is of fundamental importance
in the theory of Markov processes. The second question, which is purely analytical,
is of fundamental importance in PDE theory. It is a remarkable fact that these two
questions are essentially equivalent. At a formal level, if a Markov process X =
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{X?:t >0,z € R"} (x records the starting position of X) solves Question 1 with
a suitably regular transition density function p(t,z,y) = P(X? € dy)/dy, then
p(t, z,y) solves Question 2. Conversely, if p(t, z, y) is a solution to Question 2, then
one can use standard methods in stochastic processes (Kolmogorov’s extension
theorem) to construct a Markov process with transition density function p(¢, x,y)
and this Markov process solves Question 1.

It was originally suggested by P. Lévy that a probabilistic approach to these
two questions could be possible. K. It6 and P. Malliavin carried out this program
in a series of far-reaching works, in which the theory of SDEs was created and
largely developed. The philosophy of the SDE approach can be summarised as
follows. Let a(z) = o(x) - 0¥ (x) with some matrix-valued function o(z). Suppose
that there exists a stochastic process X; which solves the following SDE (written
in matrix notation):

WV

{dxg:a(xg)d3t+b(ng)dt, t>0,

X0:x7

Then the Markov process X = { X} solves Question 1, and its transition density
function p(t,r,y) = P(XF € dy)/dy (if it exists and is suitably regular) solves
Question 2. Even if the density function p(t,z,y) fails to exist, the equivalence
between the two questions remains valid as long as we interpret p(¢, x,y) in the
distributional sense as a generalised function.

The above picture provides a natural mathematical motivation to develop the
SDE theory in depth. This is the main theme of the present chapter.

4.1 Itd’s theorem of existence and uniqueness

Let (2, F,IP; {F:}) be a filtered probability space and let B = {B, : t > 0} be a
d-dimensional {F;}-Brownian motion. The most classical and useful type of SDEs
takes the form

dXt == O'(t, Xt)dBt + b(t, Xt)dt (42)

with some initial condition given by a random variable £ € F,. Here X; takes
values in R", the coefficients

0 :[0,00) x R" — Mat(n,d), b:[0,00) x R" — Mat(n, 1)

are given functions where Mat(n,d) denotes the space of n x d matrices. The
equation (4.2) is thus written in matrix form. The notion of a solution should be
understood in the following integral sense.
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Definition 4.1. A stochastic process X = {X; : ¢ > 0} is said to be a solution
to the SDE (4.2) with initial condition £ if it satisfies the following properties:

(i) X is {F;}-progressively measurable;

(ii) on each finite interval, the process t — o(t, X;) is Itd integrable and the
process t — b(t, X;) is (pathwisely) Lebesgue integrable;

(iii) X satisfies the following integral equation:

d t t
XZ = 51 + Z/{; U;(S,Xs)ng +/(; bi(sts)dsa t 2 07 1= 17 e, N (43)
j=1

When comes to the study of differential equations, before investigating solu-
tion properties one should first addresses its existence and uniqueness. In ODE
theory, the standard assumption to ensure existence and uniqueness is the Lips-
chitz condition on the coefficient function. The same principle is true in the SDE
case, and this is the content of It6’s theorem which we elaborate in this section.
For simplicity, we assume that the Brownian motion and the equation are both
one-dimensional. There are no essential difficulties to extend the result to higher
dimensions.

Definition 4.2. A function f : [0,00) x R — R is said to

(i) be Lipschitz in space if there exists a constant K > 0 such that

(ii) have linear growth in space if there exists a constant K > 0 such that
[f(t2)] < K(1+[z]) Va,t. (4.5)

[to’s existence and uniqueness theorem is stated as follows.

Theorem 4.1. Suppose that the coefficient functions o,b are Lipschitz and have
linear growth in space. Given any sqaure integrable initial condition £ € Fy, there
exists a unique solution to the SDE (4.2) in the sense of Definition 4.2.

The simplest class of examples that satisfy the conditions in the theorem are
linear SDEs. In this case, solutions can even be constructed explicitly (cf. Section
4.3 below). In a deeper way, the linear growth condition (4.5) ensures that the
solution is finite for all time (non-explosion), while the Lipschitz condition (4.4)
is to guarantee uniqueness. If one only assumes continuity of the coefficients, it
is possible that a solution is only defined up to a finite time and then explodes
to infinity. This phenomenon already appears in the ODE case as seen from the
example below.
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Example 4.1 (Explosion). Consider the equation

t
Ty = 1+/ z2ds.
0

The unique solution is given by z; = %_t This solution is only defined on [0, 1)
and explodes to infinity at time ¢ = 1.

The following result is a useful generalisation of Theorem 4.1.

Theorem 4.2. Suppose that o,b are continuous functions and locally Lipschitz
in space, i.e. for any x € R™ there exists a neighbourhood U, of x in which
o,b are Lipschitz. Then for each given initial condition & € Fy, there exists a
unique solution X = {X; : t < e} to the SDE (4.2) which is defined up to an
{Fi}-stopping time e (known as the explosion time) and one has

lim|X:| =00 on{e < oo}.
tte

In addition, if the linear growth condition (4.5) holds for o,b, then the solution
does not explode to infinity in finite time, i.e. P(e = co0) = 1.

Remark 4.1. A simple sufficient condition for Theorem 4.2 to hold (with possible
explosion) is that o, b are continuously differentiable functions.
Remark 4.2. The best way to understand Theorem 4.2 is to study the so-called
Yamada- Watanabe theorem in depth. The theory asserts that
Strong "existence & uniqueness" <= Weak existence + Pathwise uniqueness.
It is then seen that
Continuity of o,b = Weak existence

and

Local Lipschitz = Pathwise uniqueness.

We refer the reader to [9, Chap. IV]| for the discussion of this deeper theory.

If one further relaxes the conditions on the coefficient functions, there is no
guarantee on existence or uniqueness. These phenomena are again present in the
ODE case, and with no surprise they will prevail in the stochastic context. We
give two ODE examples, one for non-existence and one for non-uniqueness.
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Example 4.2 (Non-existence). Consider the equation

1, r <1
-1, x>1.

T = /Otf(:cs)ds where f(r) £ {

Suppose that a solution x; exists. Since xy = 0, before path x; reaches the level
x =1 we have 27 = 1. As a result, z; = ¢t when 0 < ¢t < 1. We claim that
xy = 1 for all £ > 1. Assume on the contrary that z;, < 1 for some t5 > 1. Let
t; 2 sup{t < ty : 1, > 1}. Then x,, = 1 and 2, < 1 on (t1,t5]. It follows that
xy = 1 on [t1,ts] which clearly contradicts the fact that z;, < z;,. Therefore,
x; > 1 for all ¢ > 1. Similarly, ; < 1 on [1,00) and thus z; = 1 on this part. But
this is impossible as it would imply 0 = 2} = f(1) = 1.

Example 4.3 (Non-uniqueness). Consider the equation

t
xt—/ |zs|“ds
0

where a € (0,1/2). Then both z; = 0 and z; = ((1 — oz)t)ﬁ are solutions.

The rest of this section is devoted to the proof of Theorem 4.1.

The proof of It6’s theorem

The core ingredient of the proof is the following estimate, which is an immedi-
ate consequence of Doob’s LP-inequality for submartingales. Given a stochastic
process {X; : t > 0}, we introduce the notation

X = sup | X, t=0.

0<s<t

Lemma 4.1. Let X = {X; :t > 0} be an It6 process of the form

t t
Xt:§+/ <1>5d33+/ U, ds.
0 0

Then for each T > 0, there exists a constant Cr > 0 depending only on T, such
that

E[(X;)? < Cr(E[¢?) +E[/Ot(<1>§ +U2)ds]) Vte[0,T).
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Proof. We assume that the stochastic integral term is a square integrable martin-
gale but the result is true in general. We first observe that

t t
X; < [¢] 4 sup \/ cbsdBSH/ |0, |ds,
0 0

0<s<t

and by applying Holder’s inequality to the last integral we find

E[(X;)?] < 3(]¢]* + sup |/ <I>dB\ + / }\Ifs}ds)g)

0<s<t

3(]¢)? + sup |/ P,dB, \ +T(/Ot|\115|2ds)).

0<s<t

The result thus follows from Corollary (1.1) (with p = 2) applied to the non-
negative submartingale Z(®)? and It6’s isometry. O

With the aid of Lemma 4.1, the proof of Theorem 4.1 follows the same lines
as in the ODE case. For the existence part, one uses Picard’s iteration. For
uniqueness, one relies on the Lipschitz condition and Gronwall’s lemma. We use
the same K to denote both constants appearing in the Lipschitz condition (4.4)
and the linear growth condition (4.5).

We first prove uniqueness. Suppose that X, Y are both solutions to the SDE
(4.2). Then

X, —-Y, = /0 (o(s, Xs) — 0(s,Yy))dB,s —|—/0 (b(s, Xs) — b(s,Y,))ds.

Given fixed T' > 0, according to Lemma 4.1 and the Lipschitz condition (4.4), we
have

E[((X -Y);)"] < CrE[ /O t (0(s, X.) — 05, Y)) " + (bls, X)) — b(s,Y2)) ] ds
< 207 K? /Ot X, — Y| ds
< 207 K> /Ot]E[((X —Y):))ds (4.6)
for any t € [0, T).

To proceed further, we first introduce a useful tool known as Gronwall’s
lemma.
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Lemma 4.2. Let f : [0,00) = R be a non-negative continuous function. Suppose
that there exists a constant C' > 0, such that

f(t) < C’/Otf(s)ds vt > 0. (4.7)

Then f = 0.

Proof. Since f is continuous, it is uniformly bounded, say 0 < f(¢) < M for all ¢.
By iterating the assumption (4.7), one finds

ﬂw<OAYOAU@mmw<cé%ol%oéﬂmm@mwﬁg”

m/ (WMH~M<MW/ dty - dty.
0<t1 < <tp<t 0<t1 < <tp<t

We claim that

N

t?’L
/ dty---dt, = - (4.8)
0<t] <--<tn<t n:

Indeed, this integral is the volume of the n-dimensional simplex
{(tla"' ,tn) € [O,t]n : tl < t2 < e K& tn}

But the n-dimensional cube [0, ¢] can be divided into n! congruent simplices (each
one is obtained by permuting the condition ¢; < --- < t,). Therefore, as one
particular simplex among the n! ones, the formula (4.8) holds. It follows that

MO

n!

ft) <
Since this is true for all n, we conclude that f = 0. n

We now return to the uniqueness part (cf. (4.6)). By applying Gronwall’s
lemma to the function

F0) =E[(X-V))?], 0<t<T,
we find that f = 0. In particular, E[((X — Y)i}) 2} = 0, which implies that with

probability one, X = Y as a function of time over [0,7]. The uniqueness of
solution follows since 7' is arbitrary.
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Next, we prove the existence of solution. The essential idea is summarised
conceptually as follows. We regard the right hand side of (4.3) as a transformation
sending a given process X to another process

T(X)=¢ +/ o(t, X;)dB; +/ b(t, X;)dt.
0 0
From this viewpoint, a solution to the SDE is merely a fized point of the trans-
formation 7T, i.e. a process X satisfying 7(X) = X. The idea of locating the
fixed point is very simple: one starts with a stupid initial guess X and define
inductively

X0+ & 7 (x ™) (4.9)

to refine the guess. If we are able to show that the sequence {X ™} converges to
some process X, by taking limit in (4.9) we shall have X = T(X), and thus X is
a desired solution. This procedure is known as Picard’s iteration.

We now develop the mathematical details. It is enough to only work on a
fixed interval [0,77]. Indeed, if we are able to construct solutions on [0,7}] and
[0,T5] (Ty < Ty), the uniqueness part implies that the two solutions coincide
on the common interval [0,7}]. This allows one to see that solutions defined on
the intervals [0, 7] (with different 7"s) are consistent, hence patching to a global
solution on [0, c0).

Let T be fixed. Recall that £ € Fy is the initial condition. For ¢ € [0,T] we
set

X &g

and inductively define
t t
X A ey / o(s, XM)dB, + / b(s, X(M)ds, n>1. (4.10)
0 0
In exactly the same way leading to (4.6), we find that
t
(e — X)) < 01 [ B0 - X0y s
0

s

where C] is a suitable constant (depending on 7" and K). By iterating this in-
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equality as in the proof of Lemma 4.2, we obtain
B[ X e [ B X0 i,
0<ty<-<tn<T

< CE[((X1 — X©))? / dt, - dt,
0

<ty <oy <T
crrm
_ 1

n!

E[((x = XO)7)7.

In addition, Lemma (4.1) together with the linear growth condition (4.5) imply
that

E[((x" = X©)7)7] < Ca(1 + EE?))
with a suitable constant Cy. Therefore,

C, O™

n!

E[((X0HD = x®)7)7] <

T

(1+E[€Y). (4.11)

The right hand side of (4.5) defines a convergent series. As a result,

o

ZE n+1 X(n Z n+1 X(n));)2] < 0.
n=0
In particular,
Z X+ ("));)2 < 00 a.s.
n=0

This implies that with probability one, as continuous functions on [0, 7] the se-
quence {X™ :n > 0} is a Cauchy sequence under the uniform distance. There-
fore, with probability one X converges uniformly to some continuous process
X. By taking n — oo in (4.10), we see that X satisfies the equation (4.3). This
gives the existence part of Theorem 4.1.

Remark 4.3. 1t is not hard to see that the above argument yields the following
estimate:

E[(X5)"] < Crx(1+E[€?),

where Cr g is constant depending on 7" and K.
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4.2 Strong Markov property, generator and the martingale
formulation

Consider the following multidimensional SDE

{ngf = o(X¥)dB, + b(X?F)dt, (412

Xj=zeR"

written in matrix form and assume that the conditions of Theorem 4.1 are met.
According to Theorem 4.1, the SDE (4.12) admits a unique solution for all time.
Here we have assumed that the coefficients o, b do not depend on time. The time-
dependent situation can be reduced to the current case by introducing an extra
(trivial) equation dt = dt and regarding t — (¢, X}*) as the solution process.

Definition 4.3. The process X = {X} : © € R",t > 0} is called a (time-
homogeneous) Ité diffusion process with diffusion coefficient o and drift coefficient
b.

Diffusion processes provide a rich and important class of strong Markov pro-
cesses. Recall that a Markov process refreshes at any given deterministic time.
We have defined the Markov property by (2.11) in Section 2.2. Similarly, a strong
Markov process refreshes at any given stopping time. Mathematically, the strong
Markov property is stated as

P(X,y € T|F,) =P(X,4, €T|X,) Vt>0,T € BR")

where 7 is any given finite {F; }-stopping time. Heuristically, the Markov property
of the solution {X[} is a simple consequence of uniqueness: the solution for
the future is uniquely determined by the current location as a refreshed initial
condition and forgets the entire past.

Theorem 4.3. [t6 diffusion processes are strong Markov processes.
Proof. Let T be a given finite {F;}-stopping time. For any ¢ > 0, we have
T+t T+
X, =c+ / o(X¥)dB, + / b(X7)ds
0 0
T+t T+t
= X7 +/ o(X7)dBs +/ b(X7)ds

t t
=X+ [ oz )aBD + [ bz, (4.13)
0 0
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where Bff) = By — B;. The key observation is that ¢ — X7 , is the unique
solution to the same SDE driven by the Brownian motion B(™ with initial con-
dition X7. To elaborate this, we introduce the function S(¢,z, B) to denote the
solution at time ¢ for the SDE driven by B with initial condition . Then (4.13)
reads

Xz, = S(t, X%, BM).

Since X? is F,-measurable and B(™ is independent of F, by the strong Markov
property of Brownian motion, the conditional distribution of XT , given F, is
uniquely determined by X7 as well as the distribution of Brownian motion through
the function S. This clearly implies the strong Markov property. O]

In the study of Markov processes, it is often important to consider the ana-
lytical perspective. Let X = {X[} be a given Ito diffusion process on R". We
use Cyp(R") (respectively, CZ(R")) to denote the space of functions on R” that are
bounded and continuous (respectively, have bounded derivatives up to order two).

Definition 4.4. The transition semigroup of X is the family of linear operators
P, : Cy(R™) — Cp(R™) (t = 0) defined by

(Pf)(@) 2 Ef(XT)],  f€CR).

The generator of X is the linear operator

Af & lim—Ptf -/

t—0 t
defined for those f’s for which the above limit exists in C,(R").

Remark 4.4. Suppose that {X,, : n € N} is a Markov chain with countable state
space S and n-step transition probabilities

pu(z,y) =P(X, =y|Xo=12), =z,yeb.

By arranging (p,(z,y))syes as an |S| x |\S| matrix, one obtains a linear transfor-
mation P, : RI*l — RISI. Note that functions on S can be identified as (column)
vectors in R!SI. From this perspective, the transition semigroup is a continuous-
time extension of the notion of n-step transition probabilities. As a result, it
encodes all information about the distribution of the Markov process { X}}.

The precise study of semigroups, generators and their relationship relies on
basic tools from Banach spaces. Here we only outline the essential ideas at a
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semi-rigorous level. It is clear that Pyf = f. A crucial property of the semigroup
{P, :t > 0} is that
Ps+t:PsOPt (414)

as seen from the Markov property:

Poyof (z) = E[f(X],,)] = E[E[f(XZ,,)|F]]
=E[Pf(X?)] = (Pso P.f)(x).

On the other hand, by the definition of the generator one has Af = %h:g. It
follows from the semigroup property (4.14) that

dpP, .. Poy— DB . Py —1d
= lim &/~ = ( lim

dt s—0+ S s—0+ S

) o P, = AP, (4.15)

One can regard (4.15) as a linear ODE for P,. Its solution is formally given
by P, = e**. From this viewpoint, it is reasonable to expect that the semigroup
(equivalently, the entire distribution of X) is uniquely determined by its generator
A. This explains why the generator plays an essential role in the study of Markov
processes. The precise reconstruction of the semigroup {F;} from the generator
A is the content of the Hille-Yosida theorem in functional analysis (cf. [17, Sec.
I11.5]).

In the context of It6 diffusions, the generator A can be computed explicitly
by using It6’s formula.

Proposition 4.1. Let X = {X[} be an [to diffusion process define by the SDE
(4.12). The generator of X is the second order differential operator given by

) £ 5 S gl + @S recim),

ij=1

where a(z) is the n x n matriz defined by a(z) = o(z) - o(x)?. In addition, for
any given f € CZ(R"), the process

Ml & 505 - ) - | (AP (XD)ds, 130

is an {F;}-martingale.
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Proof. According to It6’s formula,

F(XE +Z/ 5 XIdB%LZ/ 5y (XD (X,)ds

—Z [ s OO X (410

where we have used the relation

dX;-dXx] = ( ZakdB’wrbldt ZaldBl+det Za ol dt.

k=1 =1

Since the stochastic integral in (4.16) is a martingale, one finds that

B = ) + ) | El jf (XY (X2 ds

T2 Z/ ax,axj X{)o (XD (XD)] ds.

2]1

Now observe that

¢ [ el amenas - ),

1/t 0? , , P f(x
1 [ B e - TE e @l

as t — 0 (why?). The first assertion of the proposition thus follows from the

definition of the generator. The second assertion is an immediate consequence of
the fact that M/ is the stochastic integral term in (4.16). O

Example 4.4. A d-dimensional Brownian motion can be viewed as the solution

to the trivial SDE dB; = dB;. In particular, 0 = Id and b = 0 According

to Proposition 4.1, its generator is —A where A £ 59; R a 92 denotes the
1

Laplace operator on R

Based on Proposition 4.1, the drift and diffusion coefficients have a simple
interpretation. To simplify notation, we only consider the one-dimensional case.
By the definition of A, one has the following approximation:

(Buf)(x) = f(z) + (Af)(x)h
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when h is small. By taking f(z) = x, one finds that Af(z) = b(z). Therefore,
ElXen — Xi| Xy = 2] = (Puf)(x) — f(z) = b(x)h

when h is small. In other words, b(z) is the average “velocity vector” for the
diffusion at position x. Similarly, one also finds that

E[(Xi1n — X0)?X; = 7] = a(z)h.

As a result, starting at position z, in v/A amount of time the diffusion will travel

a distance of y/a(x)h = |o(z)|v/h on average.

Remark 4.5. In Proposition 4.1, the fact that Mtf is a martingale for any f €
C%(R™), which is also known as the martingale formulation of the SDE (4.12),
is of fundamental importance and has far-reaching applications in stochastic cal-
culus as well as PDE theory. Indeed, this property uniquely characterises the
distribution of the solution X. As a result, solving an SDE in a distributional
sense is essentially equivalent to finding a distribution under which the aforemen-
tioned martingale property holds. This is a deep and rich topic in the theory of
weak solutions to SDEs (the martingale problem of Stroock-Varadhan). We refer
the reader to the monograph [20] for a thorough discussion.

4.3 Explicit solutions to linear SDEs

The simplest type of SDE examples are linear equations. In this case, solutions
exist uniquely and can be constructed explicitly. For simplicity, we only consider
the one-dimensional situation. A one-dimensional linear SDE takes the following
general form:

dX; = (A(t) X, + a(t))dt + (C(t) X, + c(t))dB, (4.17)

where A, a,C,c: [0,00) — R are bounded, deterministic functions. It is plain to
check that the conditions of Theorem 4.1 are satisfied. As a result, there exists a
unique solution to the equation.

To solve the SDE (4.17) explicitly, just like the ODE case the key idea is to
use an appropriate integrating factor to eliminate the linear dependence terms
A(t)Xidt and C(t)XdB;. To understand the method better, we first recapture

the ODE situation:
dl’t

e A(t)xy + a(t). (4.18)
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In order to solve (4.18), we introduce the integrating factor z; = elo A®)ds g that
when differentiating z; 'z, the linear term A(t)x, is eliminated. More explicitly,
one finds

(2 'we) = 2 "alt)
As a result, the solution to the ODE (4.18) is given by

x = 2 +/Ot a(s)ds).

For the SDE (4.17), since there is an extra linear term C(t)X;dB; apart from
A(t)Xdt, one should naturally add a “stochastic exponential” into the previous
integrating factor z;. Our multiple experience suggests that this stochastic expo-
nential should be given by the exponential martingale

1

t t
exp(/ C(s)dBs — —/ C(s)%ds).
0 2 Jo
As a result, the stochastic integrating factor should be defined by
1

Ztéexp(/OtA(s)ds—i—/OtC(s)st—E/Ot(](s)zds).

Now we proceed to check if both linear terms A(t) X;dt and C(t)X;dB; are elimi-
nated in the process Z; ' X;. We first use Ito’s formula to obtain

dz;' = Z7 (- A(t)dt — C(t)dB; + %C’(t)th) + %Zt_lC(z&)th.
It then follows from the integration by parts formula that
d(Z7' X)) = (dZ; D)Xy + Z7 X + (dZ;71)d X,
— 77X, At)dt — C(t)dB, + 10@)%&) + %ZthtC(t)Zdt

+2Z7'((A ()Xt+a( ))dt + (C(t) X, + c(t))dBy)
+ Z7 (= C()dBy) ((C(t)X: + c(t))dB)
= 7 ((a(t) = C(t)e ())dt+c< )dBy).

By integrating the above equation from 0 to ¢, we find that the solution to the
SDE (4.17) is given by

X, = Zt(X0+/O Z M a(s) — O(s)c(s ))ds+/0 Z'c(s)dBs). (4.19)
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Example 4.5. Let 7,0 > 0 be given constants. The linear SDE
dXt = —’}/Xtdt + O'dBt

is called the Langevin equation and the solution is known as the Ornstein- Uhlenbeck
process. Its generator is given by

o2 d? d

2 dx? Tl

According to (4.19),
t
Xi=Xoe " 4o / e 1=dB,.
0

If X is a Gaussian random variable with mean zero and variance 7%, then X is a
centered Gaussian process (why?) with covariance function

p(s,t) 2 B[X,X,] = e 76+ (n* + 02/ e du)
0
2 2
= (n* — U—fy)e_”(s”) + ;-—76_7(':_5), s <t

In particular, if 7> = 02/(2y), then X is also stationary in the sense that the
distribution of (Xy, 44, , Xy, +n) is independent of h for any given n > 1 and
t < - <t

Example 4.6. Consider the SDE
dXt = ,uXtdt —+ UXtdBt

where 4 € R and o > 0 are given constants. The solution is given by
1
Xy = Xpexp (,ut +oB; — 50215).

Its generator is given by
1 d?
A — 2,2 7" _
27 ¥ i - H e

This is known as the geometric Brownian motion. It has important applications
in modelling stock prices.
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Iterated integrals of Brownian motion: Part II

In Section 3.2.5, we have computed fg B,dB, and fg (fy dB,)dB,. Now we gener-
alise the computation to the case of iterated It6 integrals of arbitrary orders. For
each n > 1, we define

B™ & / dB,, - dB;,
0<t1 < <tp<t

é/ot(/ot"...(/otg(/OtgdBtl)dBtQ)---dBtnl)dBtn.

To compute Bt(”), we again make use of the exponential martingale
Z} & PBNZ N R L0,

The main idea is to represent Z} in the following two different ways.
On the one hand, according to Ito’s formula, Z} satisfies the following linear
SDE
dZ} = \Z}dB,

with Z3 = 1. The solution to this SDE can be represented in terms of the iterated
integral series:

t t s
23:1+A/ ngBs:1+A/ (1+)\/ Z,dB,)dB,
0 0 0

t t s
:1+>\/ dBS+)\2/ (/ ZdB,)dB
0 0

0

t s v
= 14+ AB + )2 / ( / (14X / Z,dB,)dB,)dB, (4.20)
0 0 0

t s v
=1+ 2B + XB + A3 / ( / ( / Z)dB,)dB,)dB,
0 0 0

=y aB". (4.21)
n=0

On the other hand, let us introduce the function F(x,t) £ e*=1*/2 By viewing
x as a parameter and t as the generic variable, one can write down the Taylor
expansion of F' as

F(z,t) =Y Hy(a)t"
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where

1 OF (x,t) (=)™ L2y d"
L - ) _ /2
Hulw) = n! Ot }t:O Tl ¢
It is not hard to see that H,(x) is a polynomial of degree n. By explicit calculation,
the first few terms are given by

e /2

2 —1 x3 — 3x

Ho(x) =1, Hi(z) =z, Ho(x) = 5 Hj(x) = 5 etc.

Under this notation, we have

By
\/7—57

By comparing the coefficients of A" in (4.21) and (4.22), we conclude that

F(=2, MWt =7} = i A”Hn(%)t”ﬂ. (4.22)

B™ = Hn(%)t”/z, n=1,2,3--.

Remark 4.6. In vague terms, the exponential martingale e is the stochas-
tic counterpart of the exponential function e*, and Hn(%)t”/ 2 is the stochastic

Bi—t2/2

counterpart of the polynomial 2" /n!.

Remark 4.7. The polynomial H,(z) is known as the n-th Hermite polynomial over
R. They can also be obtained by orthogonalising the canonical polynomial system
{1, 2,22, -} with respect to the standard Gaussian measure y(dx) = #e‘””gﬂdm’
on R. The family {H, : n > 0} provides the spectral decomposition for the
generator A = j—; —x% of the standard Ornstein-Uhlenbeck process (cf. Example
4.5 with v = 1,0 = +/2), in the sense that H, is an eigenfunction of A with
eigenvalue —n (i.e. AH, = —nH,) and {H, : n > 0} form an orthogonal basis
of L?(R,~) (the space of square integrable functions with respect to ). We refer
the reader to |7, Sec. 2| for these details.

4.4 One-dimensional diffusions

In this section, we investigate further properties of one-dimensional SDEs. In
this case, the behaviour of sample paths can be described more explicitly due to
the availability of explicit solutions to suitable second order linear ODEs. The

corresponding picture is less clear in multidimensions where the study is largely
based on PDE methods.
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In what follows, let I = (I,7) C R be a fixed open interval, where —oo < [ <
r < oo. We consider the following SDE

dXt = O-(Xt)dBt + b(Xt)dt,
XO =T c [,

where o, b are continuously differentiable functions defined on I. In particular, o, b
are locally Lipschitz since as continuous functions o', b’ are bounded on compact
sub-intervals of I. It follows from Theorem 4.2 that there exists a unique solution
X?® = {X[} defined up to its intrinsic explosion time. Here explosion should be
understood as exiting the region I, namely X; is defined up to the stopping time

e, =inf{t > 0: X =1lorr}

When [ = (—o00,00) this is the usual explosion time to infinity. On the event
{e; < oo}, liTth“ exists and is equal to either [ or r. According to Proposition
tTes

4.1, the generator of X is the second order differential operator given by
1
Af: 50-2f”+bf/-

From now on, we assume that the diffusion coefficient is everywhere non-vanishing,
i.e. 02 # 0 on I. Heuristically, this ensures that X is “truly diffusive” and it
locally behaves like a Brownian motion.

4.4.1 Exit distribution and behaviour towards explosion

Many basic questions in the study of diffusion processes are related to exit time
distributions. Let [a,b] be a fixed sub-interval of I (a > [ and b < r). Suppose
that the starting point x € (a,b) and we define

7, = inf{t > 0: X7 ¢ [a,b]}.
Our first task is to compute E[r,].

Proposition 4.2. Let M(z) (z € [a,b]) be the unique solution to the following
second order linear ODE

(4.23)
Then E[r,] = M (x).
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Proof. Note that the ODE (4.23) is just a restatement of AM = —1. By applying
[to’s formula to M (X7) on [0, 7], we have

M) = M)+ [ o (XF)M(X7)dB, + / (AN (X2)ds

t
= M(x) +/ o(XHM'(XZ)dBs —t, t< T,
0

By taking expectation on both sides, we obtain
E[M (X, )] = M(z) —E[r, At] VE=0.

Since M(X,,) = 0 by the boundary conditions of M, the result follows by taking
t — o0. [

Proposition 4.2 implies that 7, < oo a.s. As a result, X7 is well-defined and
is equal to either a or b. Using a similar idea as before, one can compute the
distribution of X, . For this purpose, we introduce the function

s(gs)é/;exp(—Q/cy :2((2)>dz)dy, xel,

where ¢ € [ is an arbitrary point whose particular choice does not affect any result

in the sequel. The form of s comes from solving the homogeneous ODE As = 0
(one easily checks that s(x) is a particular solution).

Definition 4.5. The function s(x) is known as the scale function of the diffusion
(X7}
Proposition 4.3. The distribution of X,, s given by

_ g = 50 —s(@) _ oy (@) = s(a)
PX =0 =5 s P =0 = e Y

Proof. By applying Itd’s formula to s(X) on [0, 7], we find
E[s(X2,,)] = s(a) Vt30.
By taking t — oo, we obtain
s(x) = E[s(X] )] = s(a) - P(X,, = a)+ s(b) - P(X;, =b).

Since

the result follows easily. O
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Remark 4.8. Tt is elementary to solve the boundary value problem (4.23) explicitly.
Represented in a neat way, it can be seen that

M(:z:):/ Gop(@, y)m(dy).

Here

Ga,b(% y) Y (8(33 A y) _j((ba))z(Z((l;))_ S(x \% y)) . Ty € [a7 b]

is the so-called Green’s function and

a 2dy
midy) = ) Y C !

is the so-called speed measure of the diffusion.

Remark 4.9. The above analysis extends naturally to multidimensional diffusions.
In this case, the equations AM = —1 and As = 0 are PDEs whose explicit
solutions are rarely available. Nonetheless, one can still use numerical methods
to study their solutions and related exit distributions.

The scale function can also be used to study the behaviour of the diffusion
towards explosion. Note that s(x) is a strictly increasing function on I. We
denote

s(l4) = hrfll s(z), s(r—) £ li?l s(z).
Theorem 4.4. (i) Suppose that s(I+) = —oco and s(r—) = co. Then with proba-
bility one, we have
e, =00, ImX? =7 limX" =1
t—o0 t—00
(11) Suppose that s(l+) > —oo and s(r—) = oo. Then with probability one, we
have
lim Xj =1, sup X}’ <.
ttes t<eg
A parallel conclusion holds if the behaviours at | and r are switched.
(111) Suppose that s(I+) and s(r—) are both finite. Then

s =s@) o s(a) =)
]P)(gIcEXt =1 = s(r—) — s(l+)’ ]P)(lTex Xi=r) = s(r—) —s(l+)
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Proof. (i) Let [a,b] be an arbitrary sub-interval of I containing the starting point
x. Define 7, as before and we shall now write 7, as 7, to emphasise its dependence
on a,b. Since
(X5, =0} € {sup X7 > b}
<e

The second identity in (4.24) implies that

s(x) — s(a)

—2—— 2 < P(sup XF >b) Va. 4.25

“0) —sta) ST X2 D) (4:25)
Since s(l+) = —oo, by taking a | [ we find that P(sup,., X; > b) = 1. As this is
true for all b, by further letting b 1 r we obtain

P(supX{ =r) =1.

t<e

In a similar way,
s(r—)=o00 = P(inf X7 =1) =1.

t<e

These two properties imply that with probability one, there are two subsequences
of time, along one X} approaches r while along the other X approaches [. This
rules out the possibility of e, < oo since on this event we know that X[ is

convergent a.s. when ¢ 1 e,. The conclusion of Part (i) thus follows.
(ii) We have seen that
Y £ s(XT ) = s(i)

Ta,b/\t

is a (non-negative) martingale as a consequence of As = 0. In particular,
E[s(X7, 1) = sUH)|F] = s(XT, 1) — s(i+)
for s < t. Since 7,5 1 €, as a | | and b 1 r, Fatou’s lemma implies that

B[5(X2 ) = s(H)IF] € T (s(X ) = (04) = 5(XZ,00) = (1),

As a result, {s(X7 ,,) — s([+) : t > 0} is a non-negative supermartingale. Note
that a non-negative supermartingale is always bounded in L!. By the martingale
convergence theorem (cf. Theorem 1.3)

lim (s(XZ ) — s(l+)) exists a.s.

t—o0
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Since s(z) is strictly increasing, we conclude that liTme exists a.s. On the other
tTex

hand, we have seen in Part (i) that P(tiilf X7 =1) =1. As a result,

P(lim X7 =1) = 1.

ttex

This at the same time rules out the possibility of having a subsequence that

converges to 7, hence also yielding supX} < r a.s. The conclusion of Part (ii)
t<eg
thus follows.

(iii) By first letting a | [ and then b1 r in (4.25), we have
s(z) — s(l+)

P(sup X7 = 1) > 2 ST
(533 =) s(r—) — s(l+)

Similarly,

e s(r—) — s(z)
P(t1<ne£ Xi=1)> s(r—) — s(l+)

On the other hand, in Part (ii) we have shown that (under the assumption s(i—) >
—00) limye, X7 exists a.s. On this event, we have

sup X =r = lim X =r, inf X =1 = lim X} =1
t<e

t<e ttes tleg
Therefore,
P(lim X7 = 1) > <D 73D pyy e gy » ST 8@ o)
thes s(r—) — s(l+) thes s(r—) — s(l+)

Since

s(x) — s(l+) s(r—) —s(xr)

s(r—=) —s(l+) = s(r—)—s(l+) ’

the two inequalities in (4.26) must both be equalities. The conclusion of Part (iii)
thus follows. O

Remark 4.10. Part (i) of Theorem 4.4 gives a simple non-explosion (i.e. e = oo
a.s.) criterion. Although Part (ii) and (iii) describe the convergence properties at
the boundary points [, 7 as t T e, it is not clear if e, < oo with positive probability
or not in these cases. More precise explosion tests were due to W. Feller (cf. [9,
Sec. VL.3]).
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4.4.2 Bessel processes

An important class of one-dimensional diffusions are Bessel processes. These are
defined by taking the Euclidean norm of multidimensional Brownian motions. Let
B ={(B},---,BP) : t > 0} be an n-dimensional Brownian motion (starting at
some & € R"™). Define

pe 2 (By)? + -+ (B (4.27)

Definition 4.6. The process {p; : t > 0} is called a squared Bessel process and
{R: £ \/p; : t >0} is called a Bessel process (in dimension n).

There is a useful alternative characterisation of p; as a one-dimensional diffu-
sion. According to It6’s formula,

BidB:
dpy = 2 Z BidBi + ndt = 2,/p; - i BBy

=1 \/E

Let us introduce the process

W, £ Z/ SdBZ

Lévy’s characterisation theorem suggests that IV is a one-dimensional Brownian
motion, as seen from

"\ BidB! "\ BlaB], Y ,(Bi)?
dW, - dW, = —ty. ) = dt = dt.
Y (; Vo) (; o) o

Therefore, p; satisfies the SDE

This is a one-dimensional diffusion on the interval I = (0,00) which fits into
the setting of the current section. With initial condition py = x € I, there is a
uniquely well-defined solution up to the exit time e, of /. We write pf to keep
track of the initial condition. To have a finer understanding about e,, we define
0, to be the actual explosion time to oo and let 7y be the first time of reaching
0. In particular, e, £ 79 A 0,. Since |\/z| < 1+2‘x|, we know from Theorem 4.2
that 0, = o0 a.s. and thus e, = 7y a.s. Of course this point is trivial from the
definition (4.27) in terms of the Brownian motion. In the one-dimensional case
(n = 1), since the Brownian motion will a.s. visit the origin in finite time, we
know that 7y < co a.s. The following result describes the situation when n > 2.
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Theorem 4.5. Forn > 2, we have P(1p = oc0) = 1. As a result, with probability
one an n-dimensional Brownian motion never return to the origin. In addition,
forn > 3 we have

lim pf =00 a.s. (4.28)

t—o0

Proof. Since o(x) = 24/ and b(x) = n, the scale function is found to be

* Y 2adz o
s(x):/ exp(—/ " dy) :/ Y 2dy.
1 1 1

In particular, s(0+) = —oo when n > 2. In addition,

= if n =2
s(oo){ oo, ifn ,

< oo, ifn>3.

In the first case, Part (i) of Theorem 4.4 implies that 70 = e, = 0o a.s. In the
second case, Part (ii) of Theorem 4.4 implies that with probability one,

inf pf >0, lim p; = oo.
t<ex=70 )Ot ’ ttex=T70 pt

As a result, 7 cannot be finite and at the same time (4.28) follows. O

Remark 4.11. Since py is the sum of independent squared Gaussian random vari-
ables, it is straight forward to compute the Laplace transform of p; as

1 Az
—\pZ _ Az
B = e T 220

4

The reason for calling R; = /p; a Bessel process is that its probability density
function can be found explicitly by inverting the above Laplace transform of pf
and the resulting formula is given in terms of the classical Bessel functions. This
can be seen from the viewpoint of Bessel-type ODEs and their Laplace transforms

(cf. [4, Sec. A.5.2]).

Example 4.7. Consider the one-dimensional diffusion
dSt = SthBt, SO =z > 0.
Define p; £ S; 2. According to Itd’s formula,

t
pp = x> +2/ VpsdWs + 3t,
0
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where W, £ —B,. In particular, p; is a three-dimensional squared Bessel process
starting at 2. From Theorem 4.5, we know that p; (respectively, S;) neither
explodes to infinity (respectively, hits zero) nor hits zero (respectively, explodes
to infinity in finite time). We can write S; as

1 t
e g o

where {(Xy,Y;, Z;)} is a three-dimensional Brownian motion. From this expres-

sion, it is clear that E[S;| cannot be constant in ¢ (why?). Therefore, S; is an

It6 integral which fails to be a martingale. Another way of looking at the fact

that S; is an It6 integral is to observe that the function f(x,y,z) = 1

,/12+y2+32 18
harmonic on R? (i.e. Af =0). In general, if f is a harmonic function on R™ and
B is an n-dimensional Brownian motion, f(B;) is always an Ito integral which is

easily seen from [t6’s formula.

4.5 Connection with partial differential equations

In this section, we explore the relationship between It6 diffusions and PDEs. As
we will see, solutions to a class of elliptic and parabolic PDEs admit stochastic
representations. As an example, we provide a mathematical explanation for the
heat transfer problem discussed in Section 1.1.2.

Consider the following n-dimensional diffusion process:

WV

0,

{dxg — o(X?)dB, + b(X?)dt, t (4.2

T __
Xy ==,

where B is a d-dimensional Brownian motion and the coefficient functions o, b

satisfy the Lipschitz condition (4.4). This implies existence and uniqueness by

Theorem 4.1 (Lipschitz implies linear growth when o, b does not depend on time).

Recall from Proposition 4.1 that the generator of X is the second order differential
operator

1 — 0*f(x " Of(x

Af(a) =3 > aij(x)axi(‘gxi +> bi(x) G:E:i)’

i,j=1

where a(z) £ o(x) - o7 (2).
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4.5.1 Dirichlet boundary value problems

In PDE theory, one often considers elliptic boundary value problems associated
with the operator A. Let D be a bounded domain in R". Let g : D — R! and
f : 0D — R! be continuous functions, where D denotes the closure of D and
0D denotes its boundary. The so-called (Dirichlet) boundary value problem is
to find a function v € C(D) N C%(D) (continuous on D and twice continuously
differentiable on D) that satisfies the following PDE:

{Au =—g, v€D, (4.30)

u=f, x € 0D.

The existence of a solution u is well studied in PDE theory under suitable con-
ditions on the coefficients as well as the boundary dD. We are interested in
representing the solution w in terms of the diffusion process {X[}, which also
implies the uniqueness of (4.30).

Theorem 4.6. Suppose that there evists u € C(D) N C%(D) which solves the
boundary value problem (4.30). Let {X}} be the solution to the SDE (4.29).
Suppose further that the exit time

7. =inf{t >0: X" ¢ D}

is integrable for every given x € D. Then the PDE solution u is given by
u(z) =E[f(XE) —|—/ 9(XZ)ds]. (4.31)
0

In particular, the solution to the boundary value problem (4.50) is unique in

C(D)NC?*D).

Proof. Fix x € D. According to [t6’s formula and the equation for u, we have

TN\t au TN\
W(X2) = ule) + Y / S (XAXEBE+ [ (X

=1 k=1

Ta N au . X Ta N\ .
= +Z / oL (X7)dB" /O 9(X7)ds

=1 k=1

The integrability condition E[r,] < co ensures that the stochastic integral term is
indeed a martingale (we do not elaborate this technical point here). The result
follows by taking expectation on both sides and sending ¢ — oo. O
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It is useful to know when the exit time 7, is integrable. Here is a simple

sufficient condition.

Proposition 4.4. Suppose that

inf a;(z) >0
zeD

for some i =1,--+ n. Then E[r,] < co for every x € D.
Proof. Define

p2 inf au(x), g 2 sup bo)], r = inf ;.
zeD z€D zeD

Let A > 2¢q/p be fixed and consider the function
h(z) & —eMi, z € R™
Then one finds
i1 1
—(AR)(z) = " . (5)\2%@) + X () > 5/\6’\7" (Ap—2q) =:7>0
for every x € D. On the other hand, given each x € D, the process
T\t
O B2~ ha) = [ (A(X)ds
0
is a martingale (cf. Proposition 4.1). It follows that
T At
E[b(X,)] = ha) +E[ | (AW)(X2)ds] < hle) ~1Elr, At
0
Therefore,
h(z) — E[R(X7, 0] _ 2sup,ep [A(2)]
Y Y
Since this is true for all ¢, the result follows by taking ¢ — oc.

E[r. At] <

O

Example 4.8. Suppose that n = d, 0 = Id, b = 0. Then {X}} is a Brownian
motion starting at x. In this case, A = %A. When g = 0, the solution u of the
PDE (4.30) is represented as u(x) = E[f(X? )]. This completes the discussion of

the heat transfer problem (1.4) introduced in Section 1.1.2.
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4.5.2 Parabolic problems: the Feynman-Kac formula

Next we consider the parabolic situation. Let T" > 0 be fixed, and let f : R — R,
g : [0,00) x R" — R be given continuous functions. We consider the following
so-called Cauchy problem: find a function u € C([0,00) x R™") N C?(]0, 00) x R™)
(C'? means continuously differentiable in ¢ and twice continuously differentiable
in x) that satisfies

(4.32)

G =Autg, (tx)e(0,00) xR,
u(0,z) = f(z), zeR™

Here A acts on u by differentiating with respect to the spatial variable. From PDE
theory, under suitable conditions on the coefficients there exists a unique solution
to (4.32). We are again interested in its stochastic representation. Suppose that
the functions f, g satisfy the following polynomial growth condition:

[f @)V lg(t, )| < C(L+ [z[") Ytz (4.33)

with some constants C, u > 0. Then we have the following renowned Feynman-Kac
formula.

Theorem 4.7. Let u € C([0,00) x R") N CY2([0,00) x R") be a solution to the
Cauchy problem (4.32) which satisfies the polynomial growth condition:

lu(t,z)| < K(1+|z|) Vo (4.34)

with some constants K, A\ > 0. Then u admits the following stochastic representa-
tion:

u(t,z) =E[f(X]) + /0 g(t — s, X7)ds]. (4.35)

In particular, the solution to the Cauchy problem (4.32) is unique in the space of
functions in C([0,T] x R*) N CY2([0,T) x R™) that satisfy the polynomial growth
condition (4.34).

Proof. The proof is essentially the same as in the elliptic case. Let ¢t > 0 be fixed.

146



By applying It6’s formula to the process s — u(t — s, XZ) (0 < s < t), one finds
t ¢ ‘
FIXE) = u(t, z) — / Ouu(t — s, X2)ds + ) / Oy, u(t — s, X¥)ok(XT)dBE
0 % J0

+ /t(Au)(t — 5, X7)ds

t t
= u(t,x) + Z/o Opu(t — s, X%)oh(X*)dBY — /0 g(t — s, X7)ds.
ik
(4.36)

The result follows from taking expectation on both sides and rearrangement of
terms. The polynomial growth condition for the functions f, g, u can be used to
show that the stochastic integral in (4.36) is indeed a martingale. We omit the
discussion on this technical point. O]

An immediate consequence of Theorem 4.6 (the elliptic problem) is that
[,g20 = u=>0.

Similar property holds for the Cauchy problem.

Remark 4.12. Although there are neat stochastic representations for PDE solu-
tions, it is in general not efficient to prove existence of solutions in this way. The
reason is that checking regularity properties for the function defined by the rep-
resentation formula often involves a non-trivial amount of technicalities. A main
benefit from these representation formulae is that one can investigate quantitative
properties of the solution from the probabilistic viewpoint. On the applied side,
it also enables one to simulate PDE solutions by using diffusion trajectories (the
Monte-Carlo method) and study their numerical approximations.

To conclude this chapter, we briefly answer the two fundamental questions
raised in the introduction of this chapter. Let X = {X[} be the solution to the
SDE (4.29) where o is such that a = o - 7.

Answer to Question 1. From Section 4.2, one knows that X is a Markov process
whose generator is A.

Answer to Question 2. Suppose that the transition density function

P(X} € dy)

t p—
p(t,z,y) a0
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exists and is sufficiently regular. Since X§ = z, it is clear that p(0,z,y) = 6,(y).
According to the Feynman-Kac formula (cf. Theorem 4.7), for any initial condition
f:R"™ = R, the function

ulta) =B = [t )y

solves the Cauchy problem

ou
Fri Au, u(0,-) = f.
Equivalently, one has
dp
P2y fly)dy = | Awp(t,z,y) f(y)dy.
Rn Rn

Since this is true for arbitrary f, it must hold true that

dp
ot
The above equation is known as Kolmogorov’s backward equation. The term “back-

ward” reflects the fact that the operator A, is acting on the backward variable x

(the initial position). One needs to use a duality argument to justify the equation
(4.1). Indeed, for fixed x let

(t,z,y) = Aup(t, 2,y). (4.37)

o(t,y) 2 p(t,z,y), (t,r) € [0,00) x R".

The Markov property implies that

p(t+s,y) = / o(t, 2)p(s, 2, y)dz.

According to the backward equation (4.37),

Oy B dp B
%(t + 57y) - /n @(ta 2)88 (s,z,y)dz - . Sp(taz)Azp(szay)dZ
= Alp(t, 2)p(s, z,y)dz (integration by parts),
]Rn
where
1~ 02 ’ L I
. . - CIAY AN AN
A5 2 5 32 g (050) = 3o g (FO0)
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is the formal adjoint of operator A. Since p(0, z,y) = 6,(y), one obtains that

0 0
Lt z,y) = 3—9;\8:0@ +5,9y) = Ayt y) = A;p(t, z,y).

ot
This equation is known as Kolmogorov’s forward equation as the operator Ay acts
on the forward variable y (the future position). In the case when p(¢, x,y) does not
exist, the probability measure P(t,z,dy) = P (X7 € dy) is still the fundamental
solution to the equation (4.1) in the distributional sense.

Remark 4.13. The existence and smoothness of probability density functions is
a rich subject of study that was largely developed by P. Malliavin in the 1970s
(the Malliavin calculus). It was shown by Malliavin that the transition density
p(t, z,y) exists and is smooth in the case when the generator A is a hypoelliptic
operator. This theorem provides a probabilistic approach to a renowned PDE
result of L. Hérmander in the 1970s. We refer the reader to [19] for an elegant
introduction to this subject.
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5 Applications in risk-neutral pricing

In this chapter, we apply the methods of stochastic calculus to an important prob-
lem in mathematical finance: the pricing of derivative securities. To illustrate the
essential ideas, we work with simplified assumptions/settings and do not pursue
full generality. We refer the reader to [18, Chap. 5| for a thorough discussion,
which is also an excellent source of learning mathematical finance.

5.1 Basic concepts

We first introduce the set-up and motivate the basic questions. We consider a
financial market in which there are n 4+ 1 fundamental assets: n stocks (risky
assets) and 1 money market account (risk-free asset).

5.1.1 Stock price model and interest rate process

The price process for the n stocks are assumed to satisfy the following system of
SDEs:

d
S = o' (t)Sidt + S} - Y oi(t)dB], i=1,--- n. (5.1)
j=1
Here B = {(B},---,B%) : 0 < t < T} is a d-dimensional Brownian motion

defined on a given fixed filtered probability space (Q, F,P;{F; : 0 <t < T}).
The coefficients {a/(t),0%(t)} are given progressively measurable processes. The

intuition behind this equation is that the relative change of stock price d;}l is
governed by two factors: a mean rate of return factor a'(t)dt and a random
force ). o? (t)dB!. Throughout the discussion, we assume that all the relevant
integrands satisfy the stronger integrability condition (3.20) so that the stochastic
integrals are martingales.

We make one more essential assumption: the underlying filtration is generated
by the Brownian motion B. Heuristically, the role of B accounts for the intrinsic
randomness of the market arising from the interactions among millions of indi-
vidual actions. As a result, this filtration assumption means that there are no
additional information /randomness other than the one intrinsically carried by the
market itself.

For the money market account, we assume that the interest rate process is
described by a given progressively measurable process R = {R; : 0 < ¢t < T'} and
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we define the following discount process
D, 2 e JoBds <t < T

Mathematically, $1 at time ¢ is equivalent to $D; at time 0. Note that D; satisfies
the ODE
th = —RtDtdt, DO = 1.

By using integration by parts, one easily finds that the discounted stock price
process satisfies

d(D;S}) = D;dS} + SidD; + dD; - dSi

5.1.2 Portfolio process and value of portfolio

Consider an agent with initial capital X, and she is managing a portfolio that
consists of the n stocks and the money market account. Suppose that at time
t the agent holds A! shares of stock ¢ (i = 1,---,n) and she borrows or invests
money with interest rate R; to finance this position. Let X; denote the value of
this portfolio at time ¢. The infinitesimal change of X; must therefore satisfy

dX; = AldS;+ (X, = Y~ A}S)) Rydt (5.3)
= i=1

= RiXydt + ) AjS; (o (t) — Ry)dt + Z t)dBy)
=1

= RX,dt + ) —rd(DiS}),
— t

where the last identity follows from the equation (5.2). As a result, the discounted
portfolio value satisfies

d(DiX;) = DidX, — RyDyXydt =~ Ajd(DyS}). (5.4)
i=1
Definition 5.1. The process A = {A; : 0 < t < T} is called the portfolio process.

Respectively, the process X = {X; : 0 < t < T} is called the portfolio value
process.
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Remark 5.1. The initial capital X, and portfolio process A can be decided at
the agent’s wish. However, the portfolio value process X is uniquely determined
through the SDE (5.3). How to select a portfolio dynamically (i.e. deciding A) is
an important question of study.

5.1.3 Risk-neutral measure and hedging

The goal of this chapter is to understand the pricing of derivative security. We
must first give its definition.

Definition 5.2. A deriwative security with maturity T > 0 is an asset whose
payoff at time 7' is given by an Jp-measurable random variable V. If an agent
has a long position on a derivative security, the agent owns the security so that
she will receive a payoff of amount Vi at the time T of maturity. Respectively,
having a short position on the security means that the agent is obliged to pay
someone an amount of Vp at maturity time 7'

Example 5.1. A European call option on Stock X with strike price K and matu-
rity 7" is a derivative security with payoff Vr = max{Sy — K,0} at time T', where
St is the price of the stock at maturity. This option gives its owner the right to
purchase the stock with the fixed price K at time 7T, hence avoiding the risk of
price increase above K. Indeed, if ST > K, the buyer profits S — K by exercising
the option. If S7 < K, the buyer does not exercise the option as she can get the
stock with a cheaper market price in this case. This explains the definition of the
payoff Vi for a European call option. Similarly, a Furopean put option on Stock
X with strike price K and maturity 7 has payoff V; = max{K — Sr,0} at time
T. It gives its owner the right to sell the stock at the fixed price K at time T.

Here comes a fundamental question in pricing theory.

Question: Suppose that a derivative security has payoff Vi at time T' (maturity).
What should its price be at the initial time and more generally at any given time
t < T? E.g. how much do you need to pay today in order to have the right to
buy a share of Google at $2300 in a month from now (European call option)?

To answer this question, we need to introduce two essential concepts: risk-
neutral measure and hedging strategy.

Definition 5.3. A probability measure P on FZ is called a risk-neutral measure
if it satisfies the following two properties:
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(i) P is equivalent to P, i.e. P(A) =0 <= P(A) = 0 for any A € F5;
(ii) under P, the discounted stock price process {D;S}} is a martingale for every
1=1,2,--- n.

Heuristically, the existence of a risk-neutral measure P suggests that the mar-
ket is fair and there is no opportunity of earning free money by trading stocks (no
arbitrage). This point can be made mathematically precise.

Definition 5.4. An arbitrage is a portfolio such that
Xo=0, P(X7r>0)=1, P(Xr>0)>0.

Theorem 5.1 (The first fundamental theorem of asset pricing). Suppose that a
risk-neutral measure P exists. Then there is no arbitrage opportunities.

Proof. Let X = {X,; : 0 <t < T} be an arbitrary portfolio value process (associ-
ated with a given portfolio A) such that Xy = 0 and X7 > 0 a.s. Since {D;S}} is
a martingale under P for each 7, so is the discounted value process {D:X;} as a
consequence of the equation (5.4). In particular

E[DrX7] = Xy = 0.

Since Dy > 0 and XT > 0 a.s., one concludes that XT =0 a.s. under P. By the
equivalence between P and P, one also has X7 = 0 a.s. under P. Therefore, X
cannot be an arbitrage. O

Now consider an agent who holds a short position of the derivative security, i.e.
she sells the security at the initial time and is subject to paying V7 to the buyer
at time T. The agent may hedge her position by trading stocks continuously in
time.

Definition 5.5. A hedge of a short position on the derivative security Vr is a
choice of the initial capital Xy and a suitable portfolio process A such that the
terminal value of the portfolio is exactly Vi (i.e. Xp = Vr).

The pricing mechanism for a derivative security relies on the existence of risk-
neutral measure and the availability of hedging strategy. Suppose that a hedge of
the agent’s short position on Vr exists and let us denote the associated portfolio
value process as V. = {V, : 0 < t < T'}. If a risk-neutral measure P exists, as
in the proof of Theorem 5.1 the discounted value process {D,V;} is a martingale
under P. Since Vi is the payoff of the security at time 7', the martingale property
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suggests that D;V; is “equivalent” to Dy Vr in a probabilistic sense and should
thus be considered as the discounted time-¢ price of the derivative security. Since

DV, = E[DyVy|F],

one finds that

V, = DLE[DTVTW} — E[e I By 7). (5.5)
t

In particular,
~ T
Vo = Ele™Jo fsdsy) (5.6)

as FP is trivial.

It is not hard to see why Vj given by (5.6) has to be the true price of the
security at time 0. Suppose that the market price V| does not coincide with V4,
say V5 > Vy. A person who owns the security will then sell it to the market at
time 0, and she is obliged to pay Vi to the buyer at time 7'. In the meanwhile,
she can use an initial capital V4 and hedging strategy A to create a portfolio.
The terminal value of this portfolio is precisely Vi (by the definition of hedge),
which covers her payment to the buyer. In this way, the person gains Vj — V5 > 0
without any cost. The case when Vj < V} also leads to a free lunch. The liquidity
and effectiveness of the market will eliminate all such arbitrage opportunities. As
a result, the market price of the security will be adjusted to its theoretical value
Vo.

Equation (5.5) is the pricing formula for the derivative security with payoff
Vr at maturity 7. Our derivation of this formula is based on two assumptions:

(i) A risk-neutral measure P exists;
(ii) the derivative security can be hedged.

Remark 5.2. The pricing formula shows that if a hedge A exists its associated
value process must be given by (5.5). At first glance, the existence of a hedge A
seems to be irrelevant and does not come into the formula (5.5). However, this
assumption is used when obtaining the martingale property of {D;V;}, as seen
from equation (5.4) which involves A explicitly.

To yield a satisfactory theory, the following two questions need to be answered:

Question 1: When does a risk-neutral measure exist?
Question 2: Can a derivative security always be hedged?

As we will see, the first question can be studied by using Girsanov’s transfor-
mation theorem. For the second question, it turns out that the existence of hedge
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is equivalent to the uniqueness of the risk-neutral measure. This is the content of
the second fundamental theorem of asset pricing, which will be discussed in Sec-
tion 5.3 below. Such a theorem is reasonable as the non-uniqueness of risk-neutral
measures would make the pricing formula (5.5) ill-defined.

5.2 The Black-Scholes-Merton formula

To understand the two questions posted at the end of the last section, we first
consider the case when n = 1 (there is only one stock in the market). More
specifically, the stock price process is described by

dSt == OétStdt + O'tStdBt (57)

where {B; : 0 < t < T} is now a one-dimensional Brownian motion. We assume
that the coefficient o; # 0 for every t so that S; is “truly diffusive”. In this case,
the aforementioned two questions can be answered affirmatively:

(i) a risk-neutral measure always exists and can be found explicitly as a conse-
quence of Girsanov’s theorem;

(ii) a hedge of the short position on any derivative security V can be constructed
from the martingale representation theorem.

In addition, in the situation when the coefficients a4, 0; are deterministic con-
stants, one can explicitly write down the pricing formula for European options on
the stock. This is the content of the renowned Black-Scholes-Merton formula.

5.2.1 Construction of the risk-neutral measure

We want to find an equivalent probability measure P under which the discounted
stock price process {D;S;} is a martingale. To this end, in view of (5.2) one can
write

d(DiS) = 0,(D,S,) - (6,dt + dB,) (5.8)

where the process 6, = O“U;tm is called the market price of risk. The idea of

constructing P is very simple: we want the process
~ t
Bt £ Bt + / QSds
0

to be a Brownian motion under P so that {D;S,} is a martingale as a stochastic
integral against {B;}. This is exactly the content of Girsanov’s theorem (3.10).
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Namely, let us define the exponential martingale

t 1 t
&éwm(—/eﬂ&——/eyﬂ
0 2 0

and introduce a new probability measure
P(A) £ E[14Zr], A€ FE. (5.9)

According to Girsanov’s theorem, { B, } is a Brownian motion under P. As a result,
{DS;} is a P-martingale. This proves the existence of a risk-neutral measure in
the current context.

Simple algebra shows that under P,

dSt = RtStdt + UtStdBt. (510)

In other words, the mean rate of return for the stock is changed to the interest rate
R, under the new measure P. As a result, under the risk-neutral measure trading
stocks is essentially equivalent to trading in the money bank account. This is also
consistent with the first fundamental theorem of asset pricing which asserts that
there is no arbitrary opportunities.

5.2.2 Completeness of market model and construction of hedging strate-
gies

To study hedging strategies, we first give the following definition.

Definition 5.6. The market model (5.1) is said to be complete if any derivative
security with an FZ-measurable payoff V; at maturity T can be hedged.

Consider a derivative security with payoff V7 at maturity. The following result
is crucial for constructing a hedge of V. Recall that P is the risk-neutral measure
defined by (5.9).

Lemma 5.1. Let M = {Mt :0 <t < T} be a martingale under P. Then there
exists a progressively measurable process I' = {I'; : 0 <t < T} such that

t
m:m+/nwy
0
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Proof. This is not an immediate application of the martingale representation the-
orem, as the filtration is generated by B rather than B even though B is a P-
Brownian motion. But one can deal with this issue easily. Indeed, from Proposi-
tion 3.8 we know that

t
M, & M, — / 0,d(M, B),
0

is a martingale under P. Here one regards P as the old measure, B as the old
Brownian motion and the original measure

T 5 1 [T B
dP = exp (/ 0,dB; — 3 / Qtht)dIP’
0 0

as the new measure. Note that the transformed Brownian motion under P is
precisely the original B. According to the martingale representation theorem (cf.
Theorem 3.6) under P, one has

t
M, = M, —I—/ I',dB,
0
for some I' = {I"; : 0 < t < T}. It follows that

d<M, B>t - th . dBt - Ftdt

Since

(M, B)" = (M, B)",

one obtains that
N t 5 5 t
Ny = M, + / 0.d(NT, BY. = M, + / 0.d(M. B).
Ot . 0
:M0+/ Fsst+/ I',0,ds
0 0
~ t ~
= M, —l—/ I'.dB;.
0

O

Now consider a derivative security with payoff Vz at maturity 7. We define V;
by the pricing formula (5.5). Then the process {D;V;} is a martingale under P.
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As a consequence of Lemma 5.1, there exists a progressively measurable process

{I't} such that
DV, =Vy+ /t [',dB,. (5.11)
On the other hand, equations (5.4) and (5.;) imply that
d(D,V;) = Aoy D,S,dB,. (5.12)
By comparing (5.11) and (5.12), we find that
T, = Aoy D, S, (5.13)

Therefore, the hedge strategy is given by

Iy

A = .
! UtDtSt

This proves the existence of a hedge for the security derivative V. By definition,
we conclude that the one-dimensional market model (5.7) is complete.

5.2.3 Derivation of the Black-Scholes-Merton formula

We now consider the simplest situation where the coefficients of the stock model
(5.7) and the interest rate process are all deterministic constants, say

ay=a€cR o,=0#0, Ry=r>0.

Consider an European call option with strike price K at maturity 7" (cf. Example
5.1). By definition, its payoff at time 7" is given by Vy = (Sp — K)* (z7 £
max{z,0}). We are going to derive an explicit formula for its price V; at each
t<T.

First of all, by solving the equation (5.10) under P in this case, one finds that
(cf. Example 4.6)

Se=exp (0B, + (r — 50%)1).
In particular,

Sy =Sy -exp (o/TY + (r — %02)7) (5.14)

where we have set 7 = T — ¢ (the time to maturity) and

Br — B,

VI —1
158

Y £ ~ N(0,1).



According to the pricing formula (5.5),
V, =E[e "D (Sy — K)1|F). (5.15)

In view of (5.14), Sy consists of two parts: the current price S; € F; and the
standard normal random variable Y that is independent of F;. As a result, the
conditional expectation (5.15) can be evaluated explicitly as

‘/2 = C<t7 St)7

where the function c(¢, z) is defined by the formula

it >éf@[ ”(x-expww(r—ga%)—K)*}
1

(z-exp(—ovry+ (r— 502)7) — K)+e’yz/2dy.

\/ 2m /
Note that = - exp ( — o1y + (r — %02)7) > K if and only if
1

Uiﬁ(log% + (r — 502)7').

y<d-(r,z) =

Therefore,

1 d—(1,x) , (r,z)
C(t,ZL’) — \/_2_7-(/ e Y /2—o\/Ty—0 T/2d . _27T/ e TTKe Y /2dy
= $<D(d+(77$)) - Ke_TTq)<d—(T7 ZL')),

where

di(r,z) 2 d_(1,2) + 0T = j/F(logK—i-(r—i-%UQ)T)

and ® is the cumulative distribution function of N (0, 1). To summarise, we have
obtained the following Black-Scholes-Merton option pricing formula for Furopean
call options.

Theorem 5.2. The price of a European call option with strike price K and time
to maturity T =T — t is given by

Ve =51 ®(di(7,5)) — e TKP(d_(7, S)),
where Sy is the price of the stock at the current time t.

Remark 5.3. European put options are priced in a similar way and a parallel
explicit formula is also available. We omit the discussion on this case.
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5.3 The second fundamental theorem of asset pricing

The generalisation of the previous calculations to the case with n stocks is almost
straight forward with two major exceptions:

(i) a risk-neutral measure needs not always exist;
(ii) the market model needs not always be complete (hedge may not always be
possible).

To see this, we first recall that the discounted stock price process {D,S; : i =
1,--- ,n} satisfies the SDE (5.2). Let us introduce the following linear algebraic
system

d
O[Z(t)—Rt:ZO';(t)HIZ’ Z:]w y 1L,
j=1
with unknowns @ = {#/ : j = 1,--- ,d}. In matrix notation,
Qy — Rt = 0t - Qt, (516)
where ay, 0, are written as column vectors, R, = (Ry,---,R,)" and o, is the

matrix o?(t) being its (4, j)-entry. The system (5.16) is called the market price of
risk equation. If the system is solvable (not always true though!), one can rewrite
the SDE (5.2) as

d
d(DyS;) = DyS; - () ol(t) - (6dt + dBY)).
j=1
Starting from this, one can apply the change of measure associated with the
exponential martingale

d t d t
Ztéexp(—Z/ QidBi—%Z/ (69)ds).
j=1"0 j=1"0

Along the same lines as in the one-dimensional case, the following result can be
established easily.

Theorem 5.3. Suppose that the market price of risk equation (5.16) is solvable.
Then there exists a risk-neutral measure P and thus no arbitrage opportunities are
available. In addition, {DX;} is a P-martingale for any portfolio value process

{Xi}-
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In general, it can be proved that if the market price of risk equation fails to be
solvable, there will be arbitrage opportunities in the market. As a consequence,
the following three statements are equivalent:

(i) the market price of risk equation is solvable;
(ii) there exists a risk-neutral measure;
(iii) there is no arbitrage.

We only use an example to illustrate this point. The general proof of “(iii) = (i)”
is contained in [3, Sec. 6.2].

Example 5.2. Suppose that n = 2,d = 1 and the processes o’(t),0}(t), R, are
deterministic constants. In this case, the market price of risk equation becomes

al —r=o0'.90,
o —r=0%-0.

This system is solvable if and only if

ol —r  a®—r
ol o2
Suppose that
1 2
Aat—r  af—r
= 2 > 0.
We consider the portfolio process A = {(A}, A?)} defined by
1 1
1_ 2 A
Mg T g

Direct calculation shows that
d(DtXt) = Dt<dXt — TXtdt) = ,U/Dtdt

in this case. Since p, D; > 0, this implies that the discounted process {D;X,} is
strictly increasing. In other words, one can earn faster than the interest rate for
sure and this leads to an arbitrage opportunity.

Next, we consider a derivative security with payoff Vp at maturity 7. In
a similar way, the parallel equation of (5.13) for the hedging strategy A =
{(A%, T 7A?)} is given by

I =Y DiASiol(t), (5.17)
=1
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where I' is now a d-dimensional process such that
DV, = VO+Z/ TdB. (Bl 2 B +/ 67ds)
j=1"0 0

In matrix notation, the algebraic system (5.17) is expressed as
Ft == O_tT . (DSA)t,

where Ty, (DSA), are written as column vectors and (DSA): £ D,S!A!. The
system (5.17) is called the hedging equation. This system need not always be
solvable. If it is solvable for every given Vr, a hedging strategy always exists and
by definition the market model is complete. As seen by the following result, this
is essentially related to the uniqueness of risk-neutral measures. We only sketch
the proof and refer the reader to [18, Sec. 5.4.4] for the complete details.

Theorem 5.4 (The second fundamental theorem of asset pricing). Suppose that
the market price of risk equation (5.16) is solvable so that a risk-neutral measure
exists. Then the market model is complete if and only if there is a unique risk-
neutral measure.

Sketch of proof. Sufficiency. The uniqueness of risk-neutral measures implies that
the coefficient matrix o; for the system (5.16) is injective (i.e. defining an injective
linear transform from R? into R™). For if it were not the case, there will be more
than one solutions to the system (5.16), leading to different risk-neutral measures
which is a contradiction. But from linear algebra, we know that the injectivity of
oy is equivalent to the surjectivity of o, and the latter is merely a restatement of
the solvability for the hedging equation (5.17) for every given I'.

Necessity. Suppose that the market model is complete. Let P, and P, be two
risk-neutral measures. Consider a derivative security whose payoff is Vp = DiTl A
where A € FF is given fixed. By the assumption, there exists a hedge of V- whose
associated portfolio value process is denote as {V;}. Since {D,V;} is a martingale
under both I@l and I@’g, one finds that

Py (A) = By [DrVi] = Vo = By [Dyp V] = Po(A).

Therefore, H~D1 = 1@2.
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6 List of exercises

This chapter is a vital part of the course. It contains a total of 50 carefully chosen
exercises that are intimately related to materials in the main text. With only a few
exceptions, most of the problems can be solved without the need of knowing deeper
tools from stochastic calculus that are not covered at the current introductory level
(e.g. measure-theoretic techniques, localisation techniques, topological /functional
analytic considerations). To keep abstract contents at a minimum level, many
problems are put on concrete settings and involve explicit analysis. However,
almost none of the problems are routine and most of them require deeper thinking
but are certainly reachable for one who understands the main text well.

[ must admit that most of these problems are by no mean my original invention.
Some of them (or their variants) are so fundamental and inspiring that they have
been included in almost every classical textbook. I am deeply indebted to many
great probabilists (K. Chung, W. Feller, N. Ikeda, K. Ito, F. Le Gall, H. McKean,
D. Revuz, L. Rogers, D. Stroock, S. Varadhan, S. Watanabe, D. Williams, M.
Yor among others), from whom I learned the elegant theories and gained the
tremendous joy of solving puzzles back to my own student time. It is now the
time for you to have fun!

Exercise 6.1. Let X,Y be random variables defined on a probability space
(Q, F,P) and let G be a sub-c-algebra of F. All relevant expectations are as-
sumed to exist.

(i) Show that E[XE[Y|G]] = E[YE[X|G]].
(ii) Let f : R?> — R be a Borel measurable function. Suppose that X is G-
measurable, and Y, G are independent. Show that

E[f(X,Y)|G] = ¢ (X),

where ¢(z) = E[f(x,Y)] for € R.
(iii) Suppose that o(0(X),G) and H are independent. Show that

E[X|o(G,H)| = E[X|G].
(iv) Let X,Y be random variables that satisfy
EX[Y] =Y, EY|X] =X as.
Show that P(X =Y) = 1.
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Exercise 6.2. Let W be the space of continuous paths w : [0,00) — R. The
coordinate process X = {X; : t > 0} on W is defined by X;(w) = w,. Let
BW) = (X, :t>0) and let {F* :¢ > 0} be the natural filtration of X.

(i) Given t > 0, define G to be the class of subsets A € B(W) that satisfy the
following property: for any w,w’ € W, if w € A and w, = w’, for all s € [0,¢],
then w' € A. Show that G = F;*.

(ii) Let 7 : W — [0,00] be a B(W)-measurable map. Show that 7 is an {F/}-
stopping time if and only if the following property holds: for any w,w’ € W with
w = w" on [0,7(w)] N[0, 00), one has 7(w’) = 7(w).

(iii) Let 7 be an {F;X}-stopping time and let A € B(W). Show that A € FX if
and only if for ever?/ weW, weA <= w™ e A where w™™) is the stopped
path defined by w; w) & Wr(wne (E=0).

(iv) Let 7 be an {FX}-stopping time. By using the previous parts, show that
FX=0(Xop:t20).

Exercise 6.3. A sequence of integrable random variables {X,, : n > 0} is said to
be uniformly integrable, if

lim SupEUXnyl{anb)\}] = 0.

A—00 n>0

(i) Suppose that there exists a constant M > 0 such that E[X?] < M for all n.
Show that {X,,} is uniformly integrable.

(ii) Let {X,,} be a uniformly integrable sequence such that X,, — X a.s. for some
random variable X. Show that X is integrable and X,, converges to X in L'.
(iii) Let X be an integrable random variable and let {F,,} be a given filtration. De-
fine X,, 2 E[X|F,]. Show that {X,} is a uniformly integrable, {F, }-martingale.
Deduce that X,, converges to some random variable Y both a.s. and in L'. How
do you describe Y7

(iv) Let X,, and X be random variables such that X,, — X a.s. Suppose that
there exists a non-negative, integrable random variable Y with |X,,| < Y for all
n. Let {F,} be an arbitrarily given filtration and set F,, = o(U,F,). Show that
E[X,|F,] converges to E[X|F.] a.s. and in L'.

Exercise 6.4. At the initial time n = 0, an urn contains one black ball and one
white ball. At each time n > 1, a ball is chosen from the urn uniformly at random
and it is replaced back to the urn along with a new ball of the same colour. Let B,
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(respectively, M, ) denote the number of black balls (respectively, the proportion
of black balls) in the urn right after time n.

(i) Find the distribution of B,,.

(ii) Show that {M,, : n > 0} is a martingale with respect to its natural filtration.
(iii) Show that M, is convergent both a.s. and in L'. What is the limiting distri-
bution of M,,?

Exercise 6.5. Tom and Jerry are gambling with each other. Their initial capitals
at time n = 0 are a and b respectively, where a,b are given positive integers.
At each round n > 1, either Tom wins one dollar from Jerry or the otherwise.
Suppose that Tom’s winning probability at each round is p € (0,1) and assume
that p # 1/2. All rounds are assumed to be independent. The game is finished
if either one of them goes bankrupt. Let 7 be the time that the game is finished
and let v be the probability that Tom first goes bankrupt.

(i) Let {X,, : n > 1} be an i.i.d. sequence such that
PX,=1)=p, P(X,=-1)=1—p.
Define S, £ X; + --- 4+ X,, where Sy £ a. Find two real numbers «, 3, such that
M, 2a°, N,25,—fn

are martingales with respect to their natural filtrations.
(ii) Use the result of Part (i) to compute v and E[7].
(iii) Solve Part (ii) again under the assumption that p = 1/2.

Exercise 6.6. This problem provides an enlightening method of simulating the
number e. Let {X,, : n > 1} be an i.i.d. sequence of uniform random variables over
[0,1]. Define Sg =0 and S, = X; +---+ X, forn > 1. Let 7 £ inf{n : S, > 1}.

(i) Let f:1]0,2] — R be a function such that

flz) = /01 flx+t)dt+1 Vxe|0,1]. (6.1)

Show that {f(S;an) + 7 An:n >0} is a martingale with respect to the natural
filtration of {S,}.
(ii) Use the result of Part (i) to show that e = E[7].
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Exercise 6.7. Consider the probability space ([0, 1], B(]0, 1]), dt) where dt is the
Lebesgue measure.

(i) Let P: 0=ty <t; <--- <t, =1 be a finite partition of [0, 1] and define
./T"P ég({[tk_l,tk] k= 1, ,n})

Compute E[p|Fp| for any given integrable function ¢ : [0, 1] — R.
(ii) Let v : [0, 1] — R be an absolutely continuous function and define

[Vl 1ovar 2 sup > |y(ts) = y(tiz1)| < o0,
P t,€P

where the supremum is taken over all finite partitions of [0, 1]. For each n > 1,
let P, = {k/2"}2_, be the n-th dyadic partition of [0, 1]. Define 7, : [0,1] = R to
be the linear interpolation of v over P,, i.e. 7, = v on the partition points and
Vn is linear on each sub-interval [(k — 1)/2", k/2"|. Show that {7, : n > 1} is a
martingale on ([0, 1], B([0, 1]), dt) with respect to a suitable filtration.

(iii) By using the martingale convergence theorem, show that

lim {7, = 7[[1-var = 0.
n—oo

Exercise 6.8. The aim of this problem is to study recurrence/transience of
Markov chains by using martingale methods. Let X = {X,, : n > 0} be a Markov
chain with a countable state space S and one-step transition matrix P = (P;;); jes.
A function f:S — R is said to be P-superharmonic if

(PA) 2> Pyf(5) < f)
jeS

for all 7 € S, provided that Pf is well defined.
(i) Let f: S — [0,00) be a given function. Define

3
—

Y2 f(X,) = f(Xo) =Y (Pf—f)(Xp), Y 20.

i

Show that {Y/} is a martingale with respect to the natural filtration of X. Con-
clude that

f is P-superharmonic = {f(X,,)} is a supermartingale.
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(ii) Let F C S. Define 7 2 inf{n > 1: X, € F}. Let f : S — [0,00) be
P-superharmonic outside F'. Show that

E[f(Xrn)|Xo=14] < f(i) Vi€ F'n>0.

(iii) Suppose that X is irreducible. If X is recurrent, show that any non-negative
P-superharmonic function must be constant. Conversely, if X is transient, for
each fixed j € S show that the function

§2im Gi,j) &) Py (P2 PX, = jlXo =1))
n=0

is P-superharmonic and non-constant. Conclude that X is recurrent if and only
if all non-negative P-superharmonic functions are constant.

(iv) Let j € S be a fixed state. Let {B,, : m > 1} be an increasing family of
non-empty subsets of S such that j € By and for each m, with probability one X
(starting at j) exits B, in finite time. Suppose that there exists f : S — [0, 00)
which is P-superharmonic on {j}¢ and

am = inf f(i) = 0o asm — co.
i€ By

By using the result of Part (ii), show that
f(G) Z anP(rn < pj|Xo=j) Vm =1,

where 7,, = inf{n > 1: X,, ¢ B,,} and p; = inf{n > 1: X,, = j}. Conclude that
j is recurrent in this case.

(v) Let X be the simple random walk on Z (i.e. with probability 1/2 jumping
left /right). By constructing a suitable function f in Part (iv), show that X is
recurrent.

(vi) Let X be the simple random walk on Z? (i.e. with probability 1/4 jumping
up/down/left /right in each step). By considering the function

» Jlog(k2 + k3 —1/2), k= (ki,ks) # (0,0);
f(@_{m, k= (0,0)

with a suitably chosen r, use the result of Part (iv) to show that X is recurrent.
(vii-a) Let X be the simple random walk on Z3. Define the function

falk) & (@ + k)72 k= (ki, ko, k3) € Z°
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where o« > 0 is a parameter to be specified later on. By algebraic manipulation,
show that f, is superharmonic if and only if

3

1/2 1 1 + 2$1 1/2 (1 — Qxi)lm 3
1— - Vk € Z
( 6 ; (1 — 4a2)1/? ’
where M 2 1+ a? + [k|? and z; £ k;/M (i = 1,2,3).
(vii-b) Show that

1 1
S+ + (1 -9") <1- 28
for all £ € [—1,1]. Conclude that
3 3
I (1+ 2:c 1/2 + (1—2z)% 1 1 1
6 Z da)l/? <32 T—aa27 ¢~

=1 =

(vii-c) Show that there exists a universal constant 5 < 1, such that |2z;| < /8 for
all i = 1,2,3 and all @ > 1. In addition, by considering the function (1 — y)~/2
(y € [0, 5%]), show that

3
1
3 Z 2172 Sl+g |X|2 + Clx[*

=1

where C' is some universal constant.
(vii-d) By combining all the previous steps with the extra observation that

(1- %)‘1/2 > 14

1
2M’
show that f, is superharmonic provided that « is large enough. Use the result of
Part (iii) to conclude that X is transient.

(vii-e) By reducing to the three-dimensional case or otherwise, show that the
simple random walk on Z? (d > 4) is also transient.

Exercise 6.9. (i) Show that logt < t/e for every ¢ > 0 and conclude that

b
alogtb <alogta+ - Va,b>0,
(&
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where log™ ¢t = max{logt,0} (¢t > 0).
(i) Let {X;, F: : t > 0} be a continuous, non-negative submartingale. Given
T >0, set
X5 £ sup X;.
t€[0,T]

Let p : [0,00) — R be a continuous, increasing function with p(0) = 0. Show that

Bl <E[Xr [ adpn)

(iii) By choosing a function p(t) suitably, show that

e

E[X7] <
Xi] < —

(1 + E[XT lOgJr XT])

Exercise 6.10. A casino is proposing a new game called ALPHABETALPHA.
The dealer rolls a die with 26 faces (one letter per face) repeatedly. At every
round, precisely one gambler enters the game and she bets in the following way.
She bets $1 on the first letter A in the string ALPHABETALPHA. She quits if
she loses, while if she wins the dealer pays her $26 dollars and she bets all this
amount on the second letter L at the next round. If she loses she quits while if
she wins again the dealer pays her $262 and she further bets all the money on the
third letter P at the next round. The strategy continues and she quits the game
when she loses at some point or she wins the entire string. Let F, denote the
o-algebra generated by the outcomes of the first n tosses.

(i) Let M = {M, : n > 1} be the net gain of the casino up to the n-th round.
Show that M is a martingale with uniformly bounded increments, i.e. there exists
C' > 0 such that |M,(w) — M,_1(w)| < C for all w,n.

(ii) Let 7 be the first time that the string ALPHABETALPHA appears. Show
that there exist N > 1 and € > 0, such that

P(r < N+n|F,) > as.

for all n > 1.
(iii) Show that the property in Part (ii) implies that

P(r >kN+7)<(1—e)*'"P(T >N +7r) Vk,r>1

Use this inequality to deduce that E[7] < occ.
(iv) Prove the following extension of the optional sampling theorem: if X is a
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discrete-time martingale with uniformly bounded increments and ¢ is an inte-
grable stopping time, then E[X,| = E[X].
(v) Use the above steps to compute E[7].

Exercise 6.11. Let B be a one-dimensional Brownian motion.
(i) Define

Xt A tBl/t7 t> 0,
0, t=o,

Show that {X; : ¢ > 0} is also a Brownian motion.

(ii) Show that with probability one, there exist two sequences of positive times
sn 40, t, ] 0, such that B, < 0 and B;, > 0 for every n.

(iii) Show that with probability one, ¢ — B, is not differentiable at t = 0. Conclude
that with probability one, ¢t — B; is non-differentiable everywhere outside a set
of zero Lebesgue measure.

(iv) Let s < u < t. Compute E[B,|0o(Bs, B;)].

Exercise 6.12. Let B be a one-dimensional {F;}-Brownian motion.

(i) Suppose that 7 is an integrable, {F; }-stopping time. Show that E[B,] = 0 and
E[B? = E[r].

(ii) Find an example of a stopping time 7 for which E[B;] # 0.

(iii) Find two stopping times o < 7 with E[o]| < oo, such that

E[B?] > E[B?.

Exercise 6.13. Let B = {(Xt,Y;) : t > 0} be a two-dimensional Brownian motion
starting at the point (0,1). Let 7 be the first time that B hits the z-axis.

(i) Show that X, is a standard Cauchy random variable, i.e. with probability
density function m (x € R).

(ii) Use the result of Part (i) to compute the characteristic function of the standard
Cauchy distribution.

(iii) For each r > 1, define 7,, = inf{t : Y; = r}. Show that the process {X,, : r >
1} has independent increments.

(iv) Denote H £ {(z,y) : y > 0} as the upper-half plane. Let f be a bounded,
uniformly continuous function on R. Use the result of Part (i) to show that the
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unique harmonic function u(z,y) on H (i.e. Au =0 on H) that satisfies u|sg = f
is given by

ul(z,y) = / Py(x — 1) (1),

where

A Yy -
(@) & ey, () € H

is the so-called Poisson kernel on the upper-half plane.

Exercise 6.14. Let B,(R) denote the space of bounded, Borel measurable func-
tions on R. Define a family of linear operators P, : By(R) — By(R) (¢ > 0)
by

(Pf)(@) 2E[f(z+ B)], f€By(R),
where B is a one-dimensional {F;}-Brownian motion starting at the origin.
(i) Show that P, s = P, o P, for any s,t > 0.
(ii) Let 7 be a finite {F; }-stopping time. Show that

E[f(BT+t)|‘F‘r] = Ptf<BT) vf S Bb<R)

(iii) Let o, 7 be two finite {F; }-stopping times such that 7 € F, and ¢ < 7. Show
that

E[f(BT)|‘FO'] = Ptf(x)|t:'r—a,:c:Ba Vf S Bb(R)
Is it always true that B, — B, and F, are independent?

Exercise 6.15. The aim of this problem is to prove Khinchin’s law of the iterated
logarithm for Brownian motion:

By

P(lim =1)=1
t=0,/2tloglog 1/t

. . . . A2
(i) By using the exponential martingale e®Pt=*"*/2 show that

IP’( sup (BS — g) > B) <e ™ Vi, f>0.

0<s<t 2

(i) Define h(t) £ y/2tloglog1/t. Let 0 < 6,5 < 1 be given. By taking

a2 (1+8)0hOm), B2 hO")/2
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in Part (i), show that with probability one,

146 1
sup B, < (i + =)h(6") for all sufficiently large n.
0<s<€"*1 20 2

Conclude that with probability one,

1 1
9 + =)h(t) for all sufficiently small ¢.

Bes (55 +3

. I Bt <
Use this to deduce that lg—m <1 as.

(iii) By using the second Borel-Cantelli lemma, show that with probability one,
Bgn > (1 — VO)h(™) + Bynir  for infinitely many n.
Use this fact and the result of Part (i) to deduce that with probability one,
By = (1 — VO)h(0™) — 21(0"+")  for infinitely many n.
Conclude that M% >1 a.s.

t—0+/2tloglog1/

Exercise 6.16. Let {B; : t > 0} be a one-dimensional Brownian motion. Define
the running maximum process

S, & sup By, t>=0.

0<s<t

(i) Establish the following analytical fact. Let b : [0,00) — R be a continuous
function with 6(0) = 0 and define

s(t) £ sup b(s), t=0.

0<s<t

Let I be an open interval on [0, 00) that does not intersect the set {¢ : s(t) = b(t)}.
Show that

/Ooo(s(u) —b(u))1r(u)ds(u) = 0.
Deduce that

/0 " (s(u) — b)) fu)ds(u) = 0
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for any bounded, Borel measurable function f : [0,00) — R.
(ii) Let f be a bounded, continuous function on [0, o0) and define F(z) £ Iy f(y)dy.
Use the result of Part (i) to show that

(S, — B)J(S:) = F(S,) — / £(S.)dB,

(iii) For each given A\ > 0, show that the process
e*)\St + )\(St _ Bt)efx\st

is a martingale with respect to the Brownian filtration.
(iv) Let ¢ > 0 and define 7 = inf{t : S; — B; = c}. Show that 7 < oo a.s. and S,
has the exponential distribution with parameter 1/c.

Exercise 6.17. Let B be a one-dimensional Brownian motion and let S; £
sup B;. Define

0<t<1
c2sup{t<1:B, =0}, 7=inf{t >0: B, =S}

and
¢ =inf{t >1: B, = 0}.
(i) Let 0 < s < t. Show that
2 s
P(B, # 0 Vu € [s,t]) = = arccos \/;
T

(ii) Show that both of ¢ and 7 are distributed according to the arcsine law:
Plo <t)=P(r <t)= %arcsin Vi, te0,1].

(iii) Show that the joint density function of (o, () is given by
foc(s,t) = %s‘l/z(t —5)32 0<s<1<t.

Find the probability density function of (—o (the length of the Brownian excursion
across the time ¢ = 1).
(iv) Show that with probability one, there are two sequences s, < t, < ¢ such
that

sp T o, B(s,) <0, B(t,) > 0.

Is t = B,y — B, a Brownian motion?
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Exercise 6.18. Let B? be a one-dimensional Brownian motion starting at « € R.
Define p,;(y) £ e v/,

vV 27rt

(i) Show that the transition density function of the Brownian motion starting at
x > 0 before hitting zero is given by

P(Bf edy,t <75) = (p(y — ) = pu(y +2))dy,  y >0,
where 7& £ inf{t : Bf = 0}. In addition, given y > 0 show that
P18 > t| X, = y) = 1 — e~ 229/,
(ii) Let «, 8 > 0. Show that
P(B, < at 4+ BVt € [0,1]|By = By = 0) = 1 — ¢ 28+,

(iii) Define
Sy & sup BY, I, = inf BY.

0<s<t 0<s<t

It is known that the probability density function of BY before exiting the interval
(w,v) (w < 0,v>0) is given by

o0

]P)(B? € dyut < 0w,v) - Z (]%(272?] — 2nw — y)

n=—oo

—pe(2(n — 1)v — 2nw + y))dy, y € (w,v), (6.2)

where ,,, = inf{t : B? ¢ (w,v)}. Use this formula to show that the probability
density function of R, £ S, — I, (the range of Brownian motion) is given by

fr(r) = 82 )" In?p(nr), 7> 0.

Exercise 6.19. Let B be a one-dimensional Brownian motion.

(i) Show that X £ {|B,| : t > 0} is a strong Markov process with respect to its
natural filtration. In addition, its transition density function is given by

9 2+ 2
]P’(Xtedy]XO::z:):\/Eexp(—x Qty )cosh( )dy, y > 0.
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(ii) Let S, = SUPg<s<t Bs. By using the strong Markov property of Brownian
motion, show that the two-dimensional process t — (S;, S;— B;) is a strong Markov
process with respect to its natural filtration. In addition, given f : R, xR, — R
and xg,yo > 0, find an integral expression of

E[f(Ss+t, Sert — Bs+t)’(537 Ss — Bs) = (370; Z/o)]-

(iii) Use the above results to show that the two processes X and S — B have the
same distribution in the sense that

E[f(th'” 7th)} :E[f(stl — By, 7Stn _Btn)}

for any choices of n, t; < --- < t, and bounded, measurable f : R" — R.

Exercise 6.20. Let ¢ # 0 be a given fixed real number. Consider the process
X7 £ B? + ct where B” is a one-dimensional Brownian motion starting at z € R.

(i) Let W be the space of continuous paths on [0, 00) equipped with the natural
filtration {F;} of the coordinate process. Let Q7 (respectively, P*) denote the law
of X% (respectively, B*) over W. Show that for each ¢ > 0, when restricted to
F; the probability measure Q® is absolutely continuous with respect to P* with
density function

dQ*

dp=
Is it true that Q" is absolutely continuous to P* on B(W) (the o-algebra generated
by the coordinate process on [0, 00))?
(ii) Define S; = supyc,<; X?. Compute the joint density function of (S, X7).
(iii) Given # € R and A > 0, define the process M; = exp(6X? — Mt). Find the
suitable relation between 6 and A, under which the process {M;} is a martingale.
(iv) Let @ # 0 and define 70 £ inf{t : X? = a}. By using the exponential
martingale in Part (iii), compute the Laplace transform of 70 and P(7? < c0).
(v) Suppose that ¢ > 0. Let o £ sup{t : X? = 0}. Show that

‘]:t (U)) _ 6c(wt—m)—c2t/27 w e W.

]P)(O' > t‘-F;tB) _ efQCmax{X?,Oh

where {FP : t > 0} is the natural filtration of {BY}. Use this relation to derive
the probability density function of o.
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Exercise 6.21. (i) Find a solution to Skorokhod’s embedding problem for the
discrete uniform distribution on {—2,—-1,0, 1, 2}.

(ii) Describe the way of constructing a solution to Skorokhod’s embedding problem
for the uniform distribution over (—1,1).

(iii) Let f(x) be a given probability density function on R with mean zero and
finite variance o2. Define

p(de,dy) £ c(y —x) f(x) f(y)dady, = <0<y

where ¢ > 0 is the normalising constant so that p is a joint probability density
function. Suppose that there exists a random vector (X,Y’) such that (X,Y) is
p-~distributed and it is independent of the Brownian motion B. Use (X,Y’) and
B to construct a random time 7 such that B, has probability density function f
and E[r] = o2

Exercise 6.22. Let M be a square integrable continuous martingale with respect
to its natural filtration.

(i) Define (M), = tlim (M);. Show that E[(M).] < oo if and only if there exists
—00

a square integrable random variable M, such that
lim E[|M, — My |*] = 0.
t—o00

(ii) Show that M is a Gaussian process if and only if the quadratic variation
of M is deterministic (i.e. there exists a continuous, non-decreasing function
f :[0,00) — R vanishing at the origin, such that with probability one (M), = f(¢)
for all ¢). In this case, M has independent increments.

Exercise 6.23. Let B” be a d-dimensional Brownian motion starting at x.

(i) Let f be an arbitrary smooth function on R? with compact support. Show

that the process

M2 f(57) = 5@ = 5 [ (AnBzs

is a martingale with respect to the natural filtration of B*.

(ii) Show that f(x) £ log || (in dimension d = 2) and f(x) = |2|*>~¢ (in dimension
d > 3) are harmonic functions on R4\ {0} (i.e. Af(x) =0 for every x # 0).

(iii) Let 0 < a < |z| < b. Define 77 (respectively, 7i¥) to be the hitting time of

a
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the sphere S, = {y € R?: |y| = a} (respectively, the sphere S,) by the Brownian
motion B®. By choosing a suitable f based on Parts (i) and (ii), compute the
probabilities P(77 < 7i¥) and P(77 < oo) in all dimensions d > 2.

(iv) Let U be a non-empty, bounded open subset of R%. Define 0 = sup{t : B €
U} to be the last time that B” visits U. Show that P(cf; = co) = 1 in dimension
d = 2, while P(of, < c0) =1 in dimension d > 3.

(v) Let y € R? and define ¢} £ inf{t > 0: B = y}. Show that P(¢; <o00)=01in
all dimensions d > 2.

Exercise 6.24. Let {y; : t > 0} and {o; : t > 0} be given uniformly bounded,
progressively measurable processes defined on some given filtered probability space
(Q, F, P, {F}).

(i) Construct an Itd process X that satisfies the following equation

t t
X; =1 +/ Xpsds +/ X,o,dBg, t>0.
0 0

Show that such a process X is unique.

(ii) Suppose that there exists a constant C' > 0 such that o,(w) > C for all ¢ and
w. Given fixed T' > 0, construct a probability measure Q7 on Fr that is equivalent
to P, under which X becomes an {F;}-martingale.

Exercise 6.25. Let B = {B; : 0 <t < 1} be a one-dimensional Brownian motion.

(i) Let Y £ fol Bydt. Find the unique progressively measurable process ® such
that

1
0

(ii) Define S; £ supy<,; B;. By writing E[S;|FF] as a function of (¢, S;, B;), find
the unique progressively measurable process ® such that

1
S, = E[S)] + / o,dB,.
0

Exercise 6.26. Let ® be an [t6 integrable process with respect to a one-dimensional
Brownian motion B. Suppose that [~ ®7dt < oo a.s.
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(i) Show that
o0 t
/ ,dB; = tlim ®.dB,
0

—00 0

exists a.s. In addition, if E[ [° ®?dt] < oo, then E[ [;* ®,dB;] =0 and

]E[(/Ooo@tdBt)z} :E[/Omd)fdt]

(ii) Suppose that E[exp (5 [~ ®7dt)] < oo. Show that

E[exp(i/ <I>tdBt+1/ g2df)] = 1.
0 2 0

(iii) Construct an example of ® which is not identically zero, such that [;* ®Fdt <
oo while fooo d,dB; = 0.

Exercise 6.27. Consider a stochastic integral M; = fot ®.dB, defined over a right
continuous filtered probability space (2, F,P; {F}) (i.e. Fry = F; for all t). Let
A & fot ®2ds and suppose that A,, = oo a.s. For each ¢t > 0, define

Cy=inf{s>0: A, >t}

to be the generalised inverse of A and set W, & M,.

(i) Show that C} is an {F;}-stopping time.
(ii) Let t; < --- < t, and 6y, - ,0, € R. Show that

n 1 n
E[exp (z ZHthj)} = exp ( —3 Z 0;0it; N tk).
j=1 k=1

Conclude that {W; : t > 0} is a Brownian motion and thus M; = Wy, is the
time-change of a Brownian motion.
(iii) Let 7 be an {F;}-stopping time. Show that

z2
IP’( sup |My| > x, A, < y) <2 2, Vx,y>0.
o<t<r

How do you interpret this property heuristically?
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Exercise 6.28. Consider the n-order iterated [t6 integral

1 tn t2
]né/O (/0 (/0 dB,)---dB,, ,)dB,,.

(i) Compute the variance of I,,.

(i) Show that E[I,,[,] = 0 if m # n.

(iii) Let 7 = inf{t > 0: B, ¢ (—1,1)}. By considering suitable Hermite polyno-
mials, compute E[72].

Exercise 6.29. Let B = {(X;,Y;) : 0 < ¢t < T} be a two-dimensional Brownian

motion. Define
1 T T
Lé—(/ XtdYt—/ V,dXy).
2 0 0

The aim of this problem is to compute the characteristic function of L.

(i) If z,y : [0,T] — R are smooth paths, what is the geometric interpretation of
the integral % fOT(xtyl’t — Yy )dt?
(ii) Write L = fOT<ABt, dB;) with a suitable deterministic 2 x 2 matrix A, where
B is written as a column vector and (-, -) denotes the Euclidean inner product on
R2.
(iii) Define '

h(y, i) £ B[0Py e R% p e R.
Show that there exists ¢ > 0, such that h(y,p) is finite for all v € R? and
pe (—cc).
(iv) Fix g € (—c¢,¢) as in Part (iii). Let k(t) be the solution to the following ODE

K(t)=—p?—k(t)?, 0<t<T,;
k(T) =0,

. Construct a probability measure P on Fr, under

0

ko )
t

B, 2B, — / (K(s) + puA)Byds, 0<t<T
0

is a Brownian motion and

1

h(y,A) = I@l[exp (z’(v, Br) — —/0 k(t)(B;,dBy;) —

: | woimEa).

ool —
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(v) By applying It6’s formula to the process Y; 2 k(t)|B;|? and finding k(t)

explicitly, show that h(0, ) = m Conclude that the characteristic function
of L is given by
, 1
E[eM] = ———=, AeR
e cosh \T'/2’

(vi) Let H(t) € Mat(2,2) be the solution to the following matrix equation:

H'(t) = (K(t) + nA)H (1),
H(0) = Id.

Show that B, = H (t) fot H(s)~'dB,. Use this fact to obtain a closed-form expres-
sion of h(y, u).

(vii) Use the result of Part (vi) to show that the conditional characteristic function
of L given By = 2 (2 € R?) is expressed as

B AT
~ 2sinh(A\T/2)

2
exp (ﬁ(l — ECOthE)), AeR.

AL _
Ble™|Br = 2] 2T 2 2

Exercise 6.30. Let B be a d-dimensional Brownian motion starting at the origin.
Let S 2 {z € R?: || = 1} denote the unit sphere in R?.

(i) Define 7 £ inf{t : B, € S}. Describe the distribution of B,. Show that B, and
T are independent.

(ii) Consider the process X; = B;+ ct where ¢ € R? is a given fixed vector. Define
o £ inf{t : X, € S}. By using Girsanov’s transformation theorem or otherwise,
show that X, and o are independent. How do you convince yourself about this
property heuristically?

(iii) Show that the probability density function of X, with respect to the nor-
malised uniform measure on S is given by

fx, (x) = E[e"clzTﬂ] - exp ((c, x)Rd), =

Exercise 6.31. The aim of this problem is to explore how the ideas of stochastic
calculus can be applied to prove theorems in complex analysis and algebra. A
function f : U — C defined on an open subset U C C is said to be differentiable
at zp € U if there exists a complex number wy such that

o ) = I )

Z—20 2 — ZO
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In this case, we denote wy as f’(zg). The function f is said to be holomorphic
in U if it is differentiable at every point in U. Usual algebraic rules for real
differentiation hold in the same way for complex variables. A basic property of
holomorphic functions is the following so-called Cauchy-Riemann equations:

8u_8v au_ ov

%_a_y7 8_1/__% v<x>y)€U7

where we have expressed f in terms of its real and imaginary parts: f(z) =
u(z,y) +w(x,y) (z =z +1dy). It is also true that f'(z) = Oyu + i0,v.

(i) [Liouville’s Theorem| Suppose that f is a uniformly bounded, holomorphic
function on C. Let B be a two-dimensional Brownian motion. Explain why
{Ref(B;)} and {Imf(B;)} are both bounded martingales. By using the martin-
gale convergence theorem for {Ref(B;)} or otherwise, conclude that f must be a
constant function.

(ii) [Fundamental Theorem of Algebra| Use the result of Part (i) to show that
every non-constant polynomial f : C — C has a root, i.e. f(z) = 0 for some
z € C.

(iii) [Mazimum Principle for Harmonic Functions| Let u: U — R be a harmonic
function on a bounded, connected open subset U C C. Suppose that

B(zg,7) £ {z:|z—2| <r} CU.

By considering the process {u(B;°) : t > 0} (B* is a Brownian motion starting
at zp), show that

I .
%/0 u(zo + re'?)do.

Use this result to show that u can only attain maximum/minimum at the bound-
ary of U unless u is a constant function.

u(z20) =

Exercise 6.32. This problem is a continuation of Exercise 6.31. Let B; = X;+1iY;
be a two-dimensional Brownian motion. Let f be a non-constant holomorphic
function on C.

(i) Show that t
F(B) = £(Bo) + / J(B.)dB,,

where f’ is the complex derivative of f, the integral is the Itd integral but the
product f’(Bs)dB;s is understood as the complex multiplication.
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(ii) It is known from complex analysis that there are at most countably many
points at which f’ = 0. Define

(Jté/o |f'(By)|*ds.

Show that with probability one, ¢t — C; is strictly increasing and C,, = oo.
(iii) By extending the method for Exercise 6.27 (ii), show that there exists a
two-dimensional Brownian motion W such that

f(By) = f(Bo) + We,.

Exercise 6.33. Let B, = X;+1Y, be a two-dimensional Brownian motion starting
at z = 1. Define t — 6; € R to be the unique continuous determination of the
argument of By € C with 0y = 0 (the total winding number of B around the origin
up to time )

Bt

In other words, {6} is a process with continuous sample paths such that

B, = R, 0, =0,

where R; = |By|. The aim of this problem is to establish the renowned Spitzer’s

law: 99
LA & ast— oo (6.3)

logt
where C' denotes the standard Cauchy distribution.

(i) Under complex multiplication, define

t
Lté/ B;'dB,, t=>0.
0

182



Explain why L; is well-defined for all time. Show that there exists a two-dimensional
Brownian motion (3, ) starting at the origin, such that

Lt - /Bct + Z.IYCw

where C; 2 [ R 2ds.

(ii) By using integration by parts for B; - e7Zt, conclude that B; = el*.

(iii) Show that ReL; = log R;. By using the SDE of the Bessel process R or
otherwise, show that ¢ — fot e?$sds is the inverse function of t — C;. Use this fact
to conclude that the processes S and R generate the same o-algebra. As a result,
~v and R are independent.

(iv) For each r > 1, define o, = inf{t : | B,| = r}. By using the result of Exercise
6.13 (i), show that 6,,/logr is a standard Cauchy random variable.

(v) Let W be a two-dimensional Brownian motion starting at the origin, and set

¢ £ inf{t : |W,| = 1}. Show that

1
dist, dWs
Gt—eaﬁ—ﬂm(/c W) as t — oo,

S

where Im(-) denotes the imaginary part of a complex number. As a result,
(0: — 65 ,)/logt — 0 in prob.

ast — o0o. Use this property and Part (iv) to conclude the result of (6.3). Compare
this asymptotic phenomenon with Exercise 6.41 (ii).

Exercise 6.34. The aim of this problem is to obtain Itd’s formula for f(B;)
where B is a one-dimensional Brownian motion and f(z) £ |z|. Note that f is
not differentiable at x = 0.

(i) For each € > 0, define

s(e+a?/fe), |z|<e.

Sketch the graph of f. and show that f. converges to f uniformly on R as ¢ — 0.
(ii) Show that

B = 1B + [ fUBJaB.+ 55 €005 B € (==}
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where | - | denotes the Lebesgue measure of a set.
(iii) For each t > 0, show that

t
[ 5B BB, o
0

in the sense of 2.
(iv) Show that the limit

1
A q; . —
Lt_il_r%%‘{se[o,t].Bse( e.e)}]

exists in L? and .
|B;| = | Bo —I—/ sgn(Bs)dBs + Ly,
0

A _17 x < 07
sen(w) = 1 z >0

where

(v) Show that the the process {L; : t > 0} has non-decreasing sample paths, and
its induced Lebesgue-Stieltjes measure is carried by the zero level set {t : B, = 0},
le.

/ 1{Bt750} (t)st - 0
0

Exercise 6.35. (i) Derive a general formula for the solution to the following linear
SDE:

dX; = (AX: + a(t))dt + o(t)dBy.

Here A is a deterministic n X n matrix, the coefficients a(t),o(t) are bounded,
deterministic functions taking values in Mat(n, 1) and Mat(n, d) respectively, and
B is a d-dimensional Brownian motion.

(ii) Use the formula obtained in Part (i) to solve the equation of stochastic har-
monic oscillator:

dXt — }/;dt,
mdY; = —kX;dt — cYdt + odB;.
where m, k, ¢, o are given positive constants and B is a one-dimensional Brownian

motion.
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Exercise 6.36. Consider the following stochastic population growth model:
dXt = Xt(K - Xt)dt + XtdBt, X(] =T > 07

where K > 0 is a given constant.

(i) Let Y; = log X;. Establish the equation for Y;.
(ii) Solve the SDE for X} explicitly. Discuss the possibility of reaching zero and/or
exploding to infinity.

Exercise 6.37. (i) Consider the differential operator

1 0? .0

where a : R" — Mat(n,n) and b : R® — R" are given bounded functions. Let X
be an R"-valued process which satisfies the martingale formulation with generator
A, i.e. the process

vl 2 %) - 10 - [ (AP (X)ds

is a martingale for every given f € CZ(R"). What is the quadratic variation
process of M/?
(ii) Consider the case when n = 1:

1 d? d

where a € C} is assumed to be a strictly positive function. Identify a suitable
function H : R — R such that

Wi 2 X0 - )~ [ (A
is a Brownian motion and

X, = Xo+ /Ot Va(X,)dW, + /Ot b(X,)ds.
Conclude that a process X satisfies the martingale formulation with generator 4
if and only if it is an Ito6 diffusion process with diffusion coefficient \/a and drift

coefficient b with respect to some Brownian motion.
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Exercise 6.38. Let B = {B; : 0 < t < 1} be a one-dimensional Brownian motion.

(i) Define X; & B, —tB; (0 <t < 1). Show that X; is a Gaussian process and
compute its covariance function p(s, t) E[ X X,].
(ii) Find the solution {Y; : 0 <t < 1} to the SDE

dY, =dB, — ££dt, 0<t<1,
Y, = 0.

Show that Y; has the same law as X; (0 <t < 1). Conclude that ltiTr?Yt = 0 almost

surely.
(iii) Given z,y € R, define the process

X ={X/Y 2 B +t(y—By):0<t <1}

where B* = {By : 0 < t < 1} is a one-dimensional Brownian motion starting
at x. Let u, (respectively, p,,) be the law of the process B* (respectively, X*¥)
over the space W of continuous paths on [0, 1]. Show that y, , coincides with the
conditional distribution of B* given B} = y, in the sense that

Ef[®|BY] = EFF1 [®]  p,-a.s.

for all bounded measurable functions ® : W — R.
(iv) Use the result of Part (iii) to show that

]P’( sup Xf70 > a:) = 6_2I2, x = 0.
0<t<1

Exercise 6.39. Consider the one-dimensional diffusion

dX, = 3X2dt — 2X.*dB,, t >0
XO =z >0.

(i) Find the solution X; explicitly. Conclude that X; never reaches zero.
(i) Let e = inf{t : X; = oo} be its explosion time. Show that P(e < c0) = 1 and
Ele] =

186



Exercise 6.40. Let X,Y be two I[td processes (possibly with respect to multidi-
mensional Brownian motions). Define a new type of stochastic integration by

t
Zté/XSodYsé lim ZM'(H—KH%
0

mesh(P)—0 2
t, P

where P denotes an arbitrary partition of [0, ¢].

(i) Show that Z is also an It6 process and identify its decomposition into the sum
of an Ito6 integral and a Lebesgue integral.
(ii) For any smooth function f on R", show that

X = 50+ | F(X,) 0 dX..

In particular, the integral X odY is consistent with the rules of ordinary calculus.
(iii) A wector field on R™ is a function V : R* — R™ that specifies a vector
V(x) = (Vi(z), -+ ,V™(x)) at every point x € R™. A vector field V can also be
viewed as a differential operator on smooth functions by defining

- 0f (z)

(VH@) 2 Viw)—5 = feC'R).
i=1 '
Let B = {(B},---,B%) : t > 0} be a d-dimensional Brownian motion and let

Vi, , Vg be d vector fields on R™ with bounded derivatives of all orders. Show
that there exists a unique R"-valued progressively measurable process X = {X;}
that satisfies the following equation

d
X =+ ViX)odB, i=1-,n
a=1
with given initial condition Xy = z € R". In addition, show that the generator of

X is given by
d

Af =35 ValVaf)

a=1

and
FX) = f)+ S / (Vaf)(X.) 0 dB°

for any suitably smooth function f.
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Exercise 6.41. Let B be a one-dimensional Brownian motion.

(i) Consider the vector field W(x,y) = (—y, z) on R?.

WWj)

\ ij}

Let X; € R? be the solution to the SDE
dXt == W(Xt) O dBt

with initial condition Xy = (1, 0) defined in the sense of Exercise 6.40 (iii) (n = 2,
d = 1). Show that X; stays on the unit circle, i.e. |X;| =1 for all time. What if
the integral “o” is replaced by the It6 integral?

(ii) Let Ny € Z (t > 0) denote the total number of loops that X; has winded
around the origin (an anti-clockwise loop is counted as +1 and a clockwise loop
is counted as —1). Show that N;/v/t converges to N(0, ;1) in distribution as
t — oo.

(iii) Given a,b > 0, let {(X;,Y;) : t = 0} be the unique solution to the SDE

dX; = —3X;dt — 2Y,dB;,
dY, = —1Yidt + L X,dB,

with initial condition (Xo, Yy) = (a,0). Show that (X;,Y;) stays on the standard
ellipse {(z,y) : 2?/a* +y*/b* = 1} for all time. Find the expected amount of time
that the process takes to complete one exact loop.

Exercise 6.42. Define for r > 0 the sphere S, = {(z,y,2) : 2° + y* + 2% = r?}.
Let {ey, €2, e3} be the standard orthonormal basis of R?. For a = 1,2, 3, define the
vector field W, on R3 by setting W, (£) (€ € S,) to be the orthogonal projection
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of - e, onto the tangent plane of S, at €. Let X = {X} : ¢ € S,,t > 0} be the
solution to the SDE

{de =52 Wa(X$)odB2, t>0; 6.4)

XS=c¢ces,
defined in the sense of Exercise 6.40 (iii) (n = d = 3).

(i) Show that X¢ lives on S, for all time.
(ii) The spherical Laplacian Ag, on S is defined by

(A5 f)(&) = (AN)(E). e (S,
where f : R¥\{0} — R is the extension of f defined by f(n) £ f(n/|n|) and A is
the usual Laplace operator on R3. Show that the generator of {X¢ : £ € S} is
+Ag, in the sense that
BN O 1
lim [ tt] =S (Bs1)©) ¥ eC¥s).
(iii) Let X} be the unique solution to the SDE (6.4) starting at the south pole of

S1. Consider the stereographic projection defined in the figure below which maps
S1\{north pole} bijectively onto the plane R?.

P—Q- S’mmogmfkic projectin Ve

Let Y; denote the projected point of X7 on the plane and let R; be the distance
between Y; and the south pole. Establish a one-dimensional SDE for the process

R.
(iv) What is the probability that the process X? hits the north pole in finite time?
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Exercise 6.43. Consider the following one-dimensional SDE

WV

0;

{ngf = o(X7)dB, + b(XP)dt, t 65)

Xy =z €eR,

where the coefficients o,b : R — R satisfy the Lipschitz condition. Define the
function ¢(x,t) by the differential equation

agp(;j’” = o(p(z. 1)), 9(z,0) = 1.

(i) Let w : [0,00) — R be a smooth path with wy = 0. Define the path t — & by
the differential equation

% =b(p(&, wy)) exp (— /Owt o' (p(&, s))ds), & = (6.6)

Show that the function ¢ — @(&7,w;) is the solution to the equation
dzy = (o (z)w; + b(xy))dt, g = .

(ii) How do you adapt the method of Part (i) to construct the solution to the
SDE (6.5)?
(iii) Suppose that b—10’-o =0 and ¢ > 0 on R. Show that for each fixed ¢ > 0,
the random variable X" has a probability density function. Obtain a formula for
this density.

Exercise 6.44. Consider the following SDE:

XO = 07

where B is a one-dimensional Brownian motion and b € C}(R).

(i) Let f : R — R be a given function. Derive a formula for computing E[f(X})]
in terms of a Brownian motion.
(ii) Suppose that [, |b(x)|dz < co. Show that with probability one,

lim X; = oo, lim X; = —o0.
t—ro0 t—00
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(iii) Let a < 0 < B. Define 7 = inf{t : X; ¢ (a, 8)}. Compute the expected value
of 7 and the probability that X; exits the interval (a, 8) from the left end point
a.

(iv) Let ¢ > 0 be a given parameter. In each of the following scenarios, discuss
the limiting behaviour of X; as t — oo:

(iv-a) b(z) = 0 when = < 0 and b(z) = ¢/x when z > 1;

(iv-b) b(x) = ¢/x when |z| > 1.

Exercise 6.45. Consider the following interest rate model:

th - (1 - Rt)dt + VvV thBt7 t 2 0,
Ro =r>0.

(i) Define X; £ R;e!. Find the SDE for X;.

(i) Show that there exists a deterministic time change t — ¢(t) (i.e. a continuous,
increasing function with ¢(0) = 0) such that p = {p, = X, : t > 0} is a squared
Bessel process. Conclude that R; = e_tp(et_l)/4.

(iii) Let S; be the solution to the following SDE:

dS, = Sydt + S¥%dB,, t >0,
So=x > 0.

By investigating the relationship between S; and R;, represent S; in terms of a
Bessel process. Conclude that {S;} never reaches zero nor explodes to infinity in
finite time.

Exercise 6.46. The aim of this problem is to study the evolution of random
ellipses in the plane (the behaviour of Brownian motion taking values in the space
of ellipses with unit area). In this problem, we use matrix notation exclusively.

In planar Euclidean geometry, it is known that there is a one-to-one corre-
spondence between the space & of ellipses centered at the origin with unit area
and the space S of 2 x 2 positive definite, symmetric matrices with determinant
one, which is given by

matrix Y € S «+— ellipse EY = {z € R?: 'Yz =1} € £.
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Under this correspondence, the major (respectively, minor) semi-axis of the el-
lipse EY is equal to the larger (respectively, smaller) eigenvalue of Y. If one
orthogonally diagonalises Y by writing

[ cosy —siny A0 cosvy sinvy

Y= ( siny  cos7y ) ( 0 1/A > ( —siny cos~y ) (6.7)
with A > 1 being the larger eigenvalue of Y, then the vector (cos~y, sin ) represents
the direction of the minor semi-axis.
: Wriv2 W2
Let B, = (! t
et B2 (s _wive
Brownian motion. Consider the Mat(2, 2)-valued SDE

) where (W}, W2, W) is a three-dimensional

1
th - dBt . Gt + Ztht

with initial condition given by a fixed non-identity matrix. Show that with prob-
ability one, GG; has determinant one for all ¢.
(ii) Define Y; & GTG,. Show that

dY; = G (dB; + dB]' )G, + 2Y,dt.

(iii) Write the eigenvalues of Y; as etV (U; > 0). By using the relation Tr(Y;) =
eVt + e7Y show that U, satisfies a one-dimensional SDE

dU, = V/2d, + coth Udt,

where {f;} is a suitable one-dimensional Brownian motion. Write down the gen-
erator A of {U,}.

(iv) Show that with probability one, U; never reaches zero and U, /t converges to
1 as t — oo. Interpret this property geometrically in the context of ellipses.

(v) Let 7 be the continuous determination of the angle appearing in the orthogo-
nal diagonalisation (6.7) of the matrix Y;. By extending the method for Exercise
6.27 (ii), show that there exists a one-dimensional Brownian motion W that is
independent of {U,}, such that

t
Ve = W(/ %CSChQUSdS).
0

Use this fact and Part (iv) to deduce that 7, = tlim v exists a.s. What is the
—00

distribution of v,,7 Interpret v and 7., geometrically in the context of ellipses.
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(vi) Let (z0,%0) € R? be a fixed vector. Define (x;, ;)" £ Gy - (z0,90)" and set
R, 2 \/x? + y?. Show that R, has a log-normal distribution and use this to derive
the p-th moment Lyapunov exponent of R, as

p(p+2)

. -1 Pl __
tllglo t 1Og E[Rt] - 4 9

Vp > 0.

Exercise 6.47. Let a : [0,00) — S/ and b : [0,00) — R"™ be given bounded,
continuous functions, where S;" denotes the space of n x n symmetric, positive

definite matrices. For each ¢t > 0, define the second order differential operator A;
by

n

1
Af = 2 Z ai(t am axj * Z 8@

ij=1 i=1

(i) Construct a stochastic process X = {X; : ¢t > 0}, such that

MféﬂXJ—ﬂMﬁ—Ac%ﬁMwm

is a martingale for any function f € CZ(R™). What is the distribution of X;?
(ii) Let ¢ : R" — oo be a given smooth function with compact support. Find a
stochastic representation of the solution to the following Cauchy problem:

% Au=0, (ta) e (0,50) x R
u(0,2) = p(z), xR

Exercise 6.48. Let (a,b) be a finite open interval on R. Let K : [a,b] — [0, 00)
be a given continuous function.

(i) Find a stochastic representation to the following initial-boundary value prob-
lem (heat equation with cooling coefficient K):

% = %% - K(l’)u, (tal’) € (0,00) X (avb)7
u(t,a) =0, u(t,b) =0, t=>0,
u(0,z) = f(z), a<x<b,

where f is a given continuous function with compact support inside (a,b).
(ii) Let {Bf : t > 0} be a one-dimensional Brownian motion starting at « € (a, b).
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Define 7% £ inf{t : BY ¢ (a,b)}. By using the result of Part (i) for K = 0 and
solving the corresponding initial-boundary value problem analytically, show that

22 ek @), B
B(57 €yt < 7) = 3o p e i () i (M

for t >0, y € (a,b).

Exercise 6.49. Let D = {x € R?: |z| < 1} be the unit open ball on R%. Denote
L?(D) as the Hilbert space of square integrable functions on D with respect to the
Lebesgue measure. It is a classical result in PDE theory (spectral decomposition
of the Dirichlet Laplacian) that there exist a sequence of real numbers

O<d <A< L <M< Too

and an orthonormal basis {¢, : n > 0} C C°(D) of L*(D), such that

_A¢n = )\n¢n in D,
On =0 on 0D
for each n. In addition, ¢y > 0 everywhere in D, and there exists N > 1 such
that the series
1
AN

Pn(2)Pn(y)

NE

3
I
o

converges absolutely and uniformly on D x D.
(i) For each f € C(D) vanishing at the boundary 9D, verify that the function

[e.9]

u(t, x) Z

is the solution to the initial-boundary value problem

l\’)\»—t

f ¢n L2(D) (bn( )

9u _1Au=0, (t )€ (0,00)xD,
(O,$)—f<x), I’ED,
u(t,z) =0 (t,2) € [0,00) x OD.
(ii) Define
. 2if{t>0:|B7 > 1}
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where B* denotes a Brownian motion starting at z € R% Under the same as-
sumption as in Part (i), show that

u(t,z) =E[f(B});Ta > t], (t,z) € [0,00) x D.

(iii) Show that there exists ¢ > 0 such that E[e“™] < oo for all x € D.
(iv) Show that

P( sup |B)| <¢) ~ Ce /%" as e — 0,

0o<t<1

where C' £ ¢(0 )/, p ®o(z)dr and the notation p(e) ~ () means lim._, 1‘28 1.

Exercise 6.50. Consider the following one-dimensional SDE

XO = 07

where b : R — R satisfies the Lipschitz condition. Let ¢ : [0,1] — R be a twice
continuously differentiable function with ¢y = 0. The aim of this problem is to
study the asymptotic behaviour of the probability

Co(e) 2 P(IX = 6]l < <)
and identify those paths ¢ for which C}(¢) is maximised in the asymptotics € — 0.

(i) Define 1, 2 ¢, — fot b(¢s)ds. Construct a probability measure Q under which
the process Bt £ B, — 1), is a Brownian motion. Show that

[t
Cyle) =exp (- 5/ Ypdt)-
0
1 1
B exp ( —/ idB, +/ Vi) L x—g)e<e]
0 0
(ii) By using integration by parts, show that

lim E? [ exp ( / @/}tdBt+/ ’(/)tdt X — ¢l <] =1.

e—0

Hence conclude that
1 [t
Cy(e) ~exp (— 5/ Yrdt) - Q| X — @l <) ase—0.
0
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(iii) Define b(t, ) £ b(z + ¢;) — b(¢;) and Y; £ X, — ¢,. Show that Y; satisfies the
following SDE: o
dY, = dB, + b(t, Y;)dt.

(iv) Construct another probability measure Q under which ¥; is a Brownian mo-
tion. Conclude that

1~
Q(HX — bl < 8) ~ E“[exp (/0 b(t,ﬁt)dﬁt) 1{H,3Ho<><6}] as e — 0,

where f is the canonical Brownian motion and p is the Wiener measure.
(v) By using integration by parts, show that

E* [ exp (/0 E(t,ﬂt)dﬁt)HW”oo <é]

1 1
~exp(—/0 b’(aét)dt)-E“[exp(—/o B (B + ¢)dBy) | 1Bl < €] ase— 0.

(vi) Show that

E“[exp ( — /0 Bt (Br + gbt)dﬁt)}HﬁHOO < 5] ~ exp (%/0 b'(gzﬁt)dt).

Hence conclude that
1

1
Q| X — @l <€) ~exp(— 5/ V' (ge)dt) - P*(||Blloc <) ase— 0.
0
(vii) Combine the previous steps as well as the result of Exercise 6.49 (iv) to
conclude that
2

4 x

Cy(e) ~ —exp (- %/0 (((bt — b(¢t))2 +b(¢y))dt) - €737 ase — 0.

(viii) Fix y € R. Denote Z, as the space of twice continuously differentiable
functions ¢ such that ¢y = 0 and ¢; = y. Suppose that ¢¥ € Z;, minimises the
function

1
I 2 [ (G- bo0) + V)t 6 €Ty,
0
Show that ¢Y satisfies the following ODE

B = BB (60) + Z0'(60)
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(ix) Identify the minimiser ¢¥ € Z;, of J(¢) in the cases when b = 0 and b(z) = ax
(o # 0). Heuristically, ¢¥ maximises the “probability”

2
Zoy D ¢ — lli% Cyle)ess

among all paths in Zy,. In other words, the paths ¢ (y € R) are the “mostly
preferred paths” for the diffusion {X,}.
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Appendix A Terminology from probability theory
We collect a few notions and tools from probability theory that are quoted in
these notes.
(1) A sample space is a non-empty subset 2. A o-algebra is a class F of subsets
such that

QeF, Ac F = A€ F; A, € FV¥n — U,A, € F.

A probability measure on F is a set function P : F — [0, 1] such that:

(i) P(A) > 0 for all A € F;

(i) P(9) = 1;

(iii) for any sequence {4, : n > 1} C F of disjoint events (i.e. A,, N A, = when
m # n), one has

P(Up An) = ) P(Ay).
n=1
Such a triple (Q, F,P) is called a probability space.

(2) The Borel o-algebra over R™, denoted as B(R™), is the smallest o-algebra
(equivalently, the intersection of all those o-algebras) containing the following
class of subsets:

(a,b] 2 {x = (21, ,2n) 1 a; < 2, < b; Vi}, a,beR"
A function f: R™ — R is said to be Borel measurable if

frTAE{r cR": f(z) € A} € B(R") VA€ B(R).

(3) Let (2, F,P) be a given fixed probability space. An R"-valued random variable
is a function X : Q@ — R™ such that {w : X(w) < z} € F for all x € R. Let
{X::t €T} be a given family of random variables. The o-algebra generated by
this family, denoted as o(X; : t € T), is the smallest o-algebra containing the
following class of subsets:

{w: Xi(w) € A}, teT,AecB(R).

More generally, the notation o(---) denotes the o-algebra generated by (i.e. the
smallest o-algebra containing) whatever is listed inside the bracket.
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(4) A subset N C Q is called a P-null set if there exists £ € F such that P(E) =0
and N C E. A property P is said to hold almost surely (a.s.) or with probability
one if the set of w for which P does not hold is a P-null set. For instance, a
random series Y >~ | X,, is convergent a.s. if the set

{we: Z X(w) is not convergent }
n=1

is a P-null set.

(5) Let {A,, : n > 1} C F be a sequence of events. We define

lim 4, & ﬂ U Ay, = {w : there are infinitely many n s.t w € A,,}
e n=1m=n

to be the event that “A,, occurs infinitely often”. Respectively, we define

lim A4, & U ﬂ A =A{w:w € A, for all sufficiently large n}

n—00
n=1m=n

to be the event that “A, happens eventually”. By definition,

(Lim A,)" = lim Aj,

n—oo N—00
is the event that “there are at most finitely many A,’s happening” or equivalently
“A, does not happen for all sufficiently large n”. It is often the case that these
events are either P-null sets or have probability one. One particular situation,
which is the content of the (first) Borel-Catelli lemma, is used in the construction
of stochastic integrals.

Theorem A.1. (i) [The first Borel-Cantelli lemma/ Suppose that

i P(4,) < oo.

Then
P(Tm A,) = 0.

n—oo

In other words, with probability one there are at most finitely many A, ’s happen-
ng.
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(i1) [The second Borel-Cantelli lemma] Suppose that {A,, : n > 1} are independent
and

Z P(A,) = co.
n=1
Then
P(Tm A,) = 1.
n—0o0

(6) The mathematical expectation is an integration map X +— E[X] defined as
follows. If X is a simple random variable, say X = >, ¢;14, then

E[X]£) eP(A).
i=1
For a general non-negative random variable X, one approximates it by an increas-

ing sequence {X,, : n > 1} of simple functions and define

E[X] £ lim E[X,].

n—0o0

If X has arbitrary sign, its expectation is defined as
E[X] £ E[X*] -E[X],

where X+ £ max{X,0} and X~ = max{—X,0} are both non-negative and X =
Xt —X". Sometimes E[X] is also denoted as [, XdP. We say that X is integrable
if E[X] is finite.

(7) Let p,q > 1 be such that 1/p+ 1/q = 1. Hélder’s inequality asserts that
IEXY]] < [ XYl (A1)

for any random variables X € LP,Y € L9, where || X, = (E[|X[F])'/? and we say
X e L* if || X]||, < co. By taking p=¢=2and Y =1, (A.1) becomes

[E[X]]* < E[X7). (A.2)

We refer to (A.2) as the Cauchy-Schwarz inequality. 1t is a simple consequence of
Hélder’s inequality that [1,00) 3 p — || X]|, is non-decreasing.
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(8) Let P,Q be two probability measures on F. We say that Q is absolutely
continuous with respect to P if

AEF, P(A) =0 = Q(A) =0.

In this case, the Radon-Nikodym theorem asserts that there exists a non-negative
P-integrable function X : 2 — R, denoted as fl% (the density function of Q with
respect to IP), such that

Q(A):/AXdIF’ VAeF.

(9) A random vector (Xy,---,X,) is jointly Gaussian with mean vector pu and
covariance matrix ¥ if its joint density function is given by
1 1

——(z—p)" -2 (z—p), xeR™

fX17...7Xn (I) = W—dm exp ( 5

This is equivalent to saying that

E[ei(91X1+...+9an)} — exp (QT - %QT .3 9) Vo = (017 .. ,6’”) e R".

(10) Let X,Y be random variables. We say that X,Y are independent if any of
the following three equivalent statements hold true:

HP(X <2,V <y) =P(X <2)PY <y) for any z,y € R;

(ii) E[f(X)g(Y)] = E[f(X)]E[g(Y)] for any bounded, Borel measurable functions
f,g: R—=R;

(iii) E[e!X+)] = E[e*X]E[e™] for any s,t € R.

Two sub-o-algebras G,’H C F are said to be independent if
P(ANB)=P(A)-P(B) VAegG,BeH.
One can also talk about the independence between X and a sub-o-algebra G:
P{X e A}nB)=P(X € A)-P(B) YVAcB(R),Beg.
More generally, a family of random variables {X; : t € T} and G are independent

if
PH{(Xpy, -+, X)) €T} N B) = P((Xyy, -+, XG,) € 1) - P(B)
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for any choices of n > 1, ty,--- ,t, € T, ' € B(R") and B € G. An equivalent
characterisation, which is used in the proofs of the strong Markov property for
Brownian motion and Lévy’s characterisation theorem, is the following statement
in terms of joint characteristic functions:

E[& . ei(91Xt1+“'9nth)] — ]E[g]E[ei(elth+"‘9nth)]
for any choices of n, t; € T, 0; € R and bounded, G-measurable &.

(11) The notion of product spaces is useful for constructing independent random
variables. Let (£, F,,P,) (n > 1) be given probability spaces. Define

QOOAHQ ={w = (w1, ws, ) :w, € Q, Vn}.

Let F°° be the smallest o-algebra over {2 containing the following subsets:
Ay X Ay X oo X Ay X Q1 X Qg X oo (A.3)

for all choices of n > 1, A; € Q; (1 < i < n). Then there exists a unique
probability measure P> on F, such that the probability of the event (A.3) is
equal to

Py (A;)Py(Ay) - - Py (A,).

The triple (2%, F>,P>) is known as the product probability space of the given
sequence.

One can easily construct independent sequences by using the idea of product
spaces. For instance, take (2, F,,P,) = (R, B(R), u) for every n where p is the
standard Gaussian measure on R. On the resulting product space (2°°, F>° P>),
define

X, : 0% =R, X,(w) = w,.

Then {X,, : n > 1} is an i.i.d. sequence of standard normal random variables.

(12) An important question one often encounters is the interchange of the limit
sign and the expectation. This is the content of the following result which contains
three basic principles of such kind.

Theorem A.2. Let X,, (n > 1) and X,Y be random variables.
(i) [Fatou’s Lemma/ Suppose that X, > 0 a.s. Then

n—oo n—o0
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(i1) [Monotone Convergence Theorem| Suppose that

X,>20, X, TX a.s.

Then

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

n—o0

(111) [Dominated Convergence Theorem| Suppose that

X, = X, | X, <Y as.

and Y 1s integrable. Then

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

n—o0
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