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1 Review of probability theory

In this section, we review several aspects of probability theory that are important for our

study. Most proofs are contained in standard textbooks and hence will be omitted.
Recall that a probability space is a triple (€2, F,[P) which consists of a non-empty

set {2, a o-algebra F over 2 and a probability measure on F. A random variable over

(Q, F,P) is a real-valued F-measurable function. For 1 < p < oo, LP(Q2, F,P) denotes

the Banach space of (equivalence classes of ) random variables X satisfying E[| X |P] < oo.
The following are a few conventions that we will be using in the course.

o A P-null set is a subset of some F-measurable set with zero probability.

e A property is said to hold almost surely (a.s.) or with probability one if it holds
outside an F-measurable set with zero probability, or equivalently, the set on which
it does not hold is a P-null set.

1.1 Conditional expectations

A fundamental concept in the study of martingale theory and stochastic calculus is the
conditional expectation.

Definition 1.1. Let (€2, F,P) be a probability space, and let G be a sub-o-algebra of F.
Given an integrable random variable X € L'(Q, F,P), the conditional expectation of X
given G is the unique G-measurable and integrable random variable Y such that

/Yd]P’:/XdIP’, VAEG. (1.1)
A A

It is denoted by E[X|G].

The existence of the conditional expectation is a standard application of the Radon-
Nikodym theorem, and the uniqueness follows from an easy measure theoretic argument.

Here we recall a geometric construction of the conditional expectation. We start
with the Hilbert space L?(), F,P). Since G C F, the Hilbert space L?(£2,G,P) can
be regarded as a closed subspace of L2(Q2, F,P). Given X € L?(2, F,P), let Y be the
orthogonal projection of X onto L?(Q2, G, P). Then Y satisfies the characterizing property
(1.1) of the conditional expectation. If X is a non-negative integrable random variable,
we consider X,, = X An € L?(Q, F,P) and let Y, be the orthogonal projection of X,
onto L2(£2,G,P). It follows that Y}, is non-negative and increasing. Its pointwise limit,
denoted by Y, is a non-negative, G-measurable and integrable random variable which
satisfies (1.1). The general case is treated by writing X = X+ — X~ and using linearity.
We left it as an exercise to provide the details of the construction.

The conditional expectation satisfies the following basic properties.

(1) X — E[X|G] is linear.

(2) If X <Y, then E[X|G] < E[Y|G]. In particular, |E[X]|G]| < E[|X]|F].

(3) If X and ZX are both integrable, and Z € G, then E[ZX|G] = ZE[X|G].



(4) If G1 C Ga are sub-o-algebras of F, then E[E[X|G2]|G1] = E[X|G1].

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

In addition, we have the following Jensen's inequality: if ¢ is a convex function on
R, and both X and ¢(X) are integrable, then

p(E[X]9]) < E[p(X)|g]. (1.2)

Applying this to the function ¢(z) = |z|P for p > 1, we see immediately that the
conditional expectation is a contraction operator on LP(Q2, F,P).

The convergence theorems (the monotone convergence theorem, Fatou's lemma, and
the dominated convergence theorem) also hold for the conditional expectation, stated in
an obvious way.

For every measurable subset A € F, P(A|G) is the conditional probability of A given
G. However, P(A|G) is defined up to a null set which depends on A, and in general there
does not exist a universal null set outside which the conditional probability A — P(A|G)
can be regarded as a probability measure. The resolution of this issue leads to the notion
of regular conditional expectations, which plays an important role in the study of Markov
processes and stochastic differential equations.

Definition 1.2. Let (2, F,P) be a probability space and let G be a sub-o-algebra of
F. A system {p(w, A)}wecq,acF is called a regular conditional probability given G if it
satisfies the following conditions:

(1) for every w € Q, A — p(w, A) is a probability measure on (€2, F);

(2) for every A € F, w > p(w, A) is G-measurable;

(3) for every A € F and B € G,

P(A()B) = /B p(w, A)P(dw).

The third condition tells us that for every A € F, p(-, A) is a version of P(A|G). It
follows that for every integrable random variable X, w — [ X (w')p(w, dw’) is an almost
surely well-defined and it is a version of E[X|G].

In many situations, we are interested in the conditional distribution of a random
variable taking values in another measurable space. Suppose that {p(w, A)},cq acF is
a regular conditional probability on (2, F,P) given G. Let X be a measurable map from
(©, F) to some measurable space (E,£). We can define

Qw,T) =pw, X ), we QT k.
Then the system {Q(w,I") }weq ree satisfies:
(1) for every w € Q, I' = Q(w, ") is a probability measure on (F,E);

(2) foreveryI' € £, w = Q(w,T) is G-measurable;
(3)' foreveryI' € £ and B € G,

P{X eT}(B) = /B Q(w,D)P(dw).
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In particular, we can see that Q(-,I") is a version of P(X € I'|G) for every I € £. The
system {Q(w,I") }weqree is called a regular conditional distribution of X given G.

It is a deep result in measure theory that if E is a complete and separable metric space,
and & is the o-algebra generated by open sets in E, then a regular conditional distribution
of X given G exists. In particular, if (€2, F) is a complete and separable metric space, by
considering the identity map we know that a regular conditional probability given G exists.
In this course we will mainly be interested in complete and separable metric spaces.

Sometimes we also consider conditional expectations given some random variable X.
Let X be as before, and let P¥X be the law of X on (E,E). Similar to Definition 1.2, a
system {p(x, A) }2cE, acr is called a regular conditional probability given X if it satisfies:

(1)" for every x € E, A~ p(x, A) is a probability measure on (2, F);

(2)" for every A € F, x — p(z, A) is E-measurable;

(3)" forevery Ac Fand T € &,

PA({X eT}) = /F p(x, A)PX (dx).

In particular, p(-, A) gives a version of P(A|X = ). If (2, F) is a complete and separable
metric space, then a regular conditional probability given X exists.

1.2 Uniform integrability

Now we review an important concept which is closely related to the study of L!-
convergence.

Definition 1.3. A family {X; : ¢ € T'} of integrable random variables over a probability
space (92, F,P) is called uniformly integrable if

lim sup/ | X¢|dP = 0.
AT tel J{| x>0}

Uniform integrability can be characterized by the following two properties.

Theorem 1.1. Let {X; : t € T} be a family of integrable random variables. Then
{Xy: t €T} is uniformly integrable if and only if
(1) (uniform boundedness in L') there exists M > 0, such that
/ 1X,|dP < M, Vt € T;
Q

(2) (uniform equicontinuity) for every € > 0, there exists § > 0, such that for all
Ae FwithP(A)<dandtel,

/ ‘Xt‘d]P) <eE.
A



The two characterizing properties in Theorem 1.1 might remind us the Arzela—Ascoli
theorem (in functional analysis) for continuous functions (c.f. Theorem 1.9). Therefore,
it is not unreasonable to expect that uniform integrability is equivalent to some kind
of relative compactness in L'(€2, F,P). This is an important result due to Dunford and
Pettis.

Definition 1.4. A sequence {X,} of integrable random variables is said to converge
weakly in L' to an integrable random variable X if for every bounded random variable
Y, we have

lim E[X,Y] = E[XY].

n—o0

Theorem 1.2. A family {X; : t € T} of integrable random variables is uniformly
integrable if and only if every sequence in {X; : t € T} contains subsequence which
converges weakly in L'.

Perhaps the most important property of uniform integrability for our study lies in its
connection with L!-convergence.

Theorem 1.3. Let {X,,} be a sequence of integrable random variables and let X be
another random variable. Then the following two statements are equivalent:
(1) X,, converges to X in L', in the sense that

lim / | X, — X|dP = 0;
n—o0
(2) X,, converges to X in probability, in the sense that
lim P(|X, — X|>¢) =0
n—oo
for every € > 0, and {X,,} is uniformly integrable.

1.3 The Borel-Cantelli lemma

Now we review a simple technique which has huge applications in probability theory and
stochastic processes.

Theorem 1.4. Let {A,} be a sequence of events over some probability space (2, F,P).
(1) If Y, P(Ay) < oo, then

P (lim sup An> =0.

n—oo

(2) Suppose further that {A,,} are independent. If Y>> | P(A,) = oo, then

P <lim sup An> =1.

n—oo



1.4 The law of large numbers and the central limit theorem

The study of limiting behaviors for random sequences is an important topic in proba-
bility theory. Here we review two classical limit theorems for sequences of independent
random variables: the law of large numbers and the central limit theorem. Heuristically,
given a sequence of independent random variables satisfying certain moment conditions,
the (strong) law of large numbers describes the property that the sample average will
eventually stabilize at the expected value, while the central limit theorem quantifies the
asymptotic distribution of the stochastic fluctuation of the sample average around the
expected value. Here we do not pursue the most general cases and we only state the
results in a special setting which are already important on its own and relevant for our
study.

Definition 1.5. Let X,,, X be random variables with distribution function F,,(x), F'(x)
respectively. X, is said to converge in distribution to X if

lim F,(x) = F(x)

n—oo

for every x at which F'(x) is continuous.

Note that convergence in distribution is a property that only refers to distribution
functions rather than underlying random variables.

Theorem 1.5. Let {X,,} be a sequence of independent and identically distributed ran-
dom variables with ;1 = E[X1] and 0? = Var[X;] < co. Let s, = (X1 + -+ X,,)/n be
the sample average. Then with probability one,

lim s, = u.

n—o0

Moreover, the normalized sequence \/n(s, — 11)/o converges in distribution to the stan-
dard normal distribution N'(0,1).

1.5 Weak convergence of probability measures

Finally, we discuss an important notion of convergence for probability measures: weak
convergence. This is particularly useful in the infinite dimensional setting, for instance in
studying the distributions of stochastic processes, which are probability measures on the
space of paths.

Let (S,p) be a metric space. The Borel o-algebra B(S) over S is the o-algebra
generated by open sets in S. We use Cy(S) to denote the space of bounded continuous
functions on S.

Definition 1.6. Let IP,,,[P be probability measures on (S, B(S)). P, is said to converge
weakly to P if

lim /S F(@)Pa(dz) = /S F@)P(dz), Y € Cy(S).

n—oo



Before the general discussion of weak convergence, let us say a bit more in the case
when S = RL.

Definition 1.7. Let P be a probability measure on (R, B(R')). The characteristic
function of P is the complex-valued function given by

ft) = /R 1 e"P(dx), t € RL.

There are nice regularity properties for characteristic functions. For instance, it is
uniformly continuous on R' and uniformly bounded by 1. The uniqueness theorem for
characteristic functions asserts that two probability measures on (R!, B(R!)) are identical
if and only if they have the same characteristic functions. Moreover, there is a one-to-one
correspondence between probability measures on (R!, B(R!)) and distribution functions
(i.e. right continuous and increasing functions F(z) with F'(—oc) = 0 and F(c0) = 1)
through the Lebesgue-Stieltjes construction.

The characteristic function is also a useful concept in studying weak convergence
properties. The following result characterizes weak convergence for probability measures
on (R, B(RY)).

Theorem 1.6. Let P,,,IP be probability measures on (R', B(R')) with distribution func-
tions F,(x), F(x) and characteristic functions f,(t), f(t) respectively. Then the following
statements are equivalent:

(1) P,, converges weakly to P;

(2) F,, converges in distribution to F;

(3) fn converges to f pointwisely on R';

Remark 1.1. When we study the distribution of a non-negative random variable T (for
instance a random time), for technical convenience we usually consider the Laplace trans-
form A >0— E [e_)‘T] instead of the characteristic function, which also characterizes
the distribution of T.

Remark 1.2. The notion of characteristic functions extends to the multidimensional case.
The previous results about the connections between characteristic functions and proba-
bility measures still hold, except for the fact that the notion of distribution functions is
no longer natural-they are not in one-to-one correspondence with probability measures.

Now we come back to the general situation. The notion of characteristic functions
is not well-defined on general metric spaces. However, we still have following general
characterization of weak convergence. Although the proof is standard, we provide it here
to help the reader get comfortable with the notions.

Theorem 1.7. Let (S, p) be a metric space and let P,,,]° be probability measures on
(S,B(S)). Then the following results are equivalent:

(1) P,, converges weakly to P;

(2) for every f € Cy(S) which is uniformly continuous,

lim [ f(z)P,(dz) = /S f(z2)P(dz);

n—o0 S
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(3) for every closed subset F' C S,

limsup P, (F') < P(F);

n—oo

(4) for every open subset G C S,
lini}ianP’n(G) > P(G);

(5) for every A € B(S) satisfying P(OA) = 0 where A 2 A\ A is the boundary of
A,
lim P,,(A) = P(A).

Proof. (1) = (2) is obvious.
(2) = (3). Let F be a closed subset of S. For k > 1, define

fr(z) = (Hﬂl(l’aF)>k’ res,

where p(z, F) is the distance between x and F'. It is easy to see that f is bounded and
uniformly continuous. In particular,

1p(z) < fr(z) <1,

and fr | 1 as k — oo, where 1 denotes the indicator function of F. Therefore, from
(2) we have

limsupP,(F) < lim [ fi(z)P,(dx)

n—00 n—oo fgo
= / fr(z)P(dx)
S

for every k > 1. From the dominated convergence theorem, by letting & — oo we
conclude that
limsup P, (F') < P(F).
n—oo
(3)<=>(4) is obvious.
(3)+(4) = (5). Let A € B(S) be such that P(0A) = 0. It follows that

P(A) = P(A) = P(A).
From (3) and (4), we see that

limsup P, (A) lim sup P, (A)
n—oo n—oo
P(4) = P(A) = P(A)

°

liminf P, (A)

n—0o0

lim inf P, (A).

n—oo

N

NN IN
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Therefore, lim,, 0o P, (A) = P(A).

(5) = (1). Let f be a bounded continuous function on S. By translation and
rescaling we may assume that 0 < f < 1. Since PP is a probability measure, we know that
for each n > 1, the set {a € R' : P(f = a) > 1/n} is finite. Therefore, the set

{a e RY: P(f =a) >0}

is at most countable. Given k > 1, for each 1 < i < k, we choose some a; € ((i —
1)/k,i/k) such that P(f = a;) = 0. Set ap = 0, ax41 = 1, and define B; = {a;—1 <
f <a;}forl <i<k+1. Note that |a; —a;—1| < 2/k, and B; are disjoint whose union
is S. Moreover, from the continuity of f it is easy to see that

B; C{ai-1 < f <ai}, {aim1 < f < a;} C B,

Therefore, 0B; C {f = a;—1} U{f = a;} and P(0B;) = 0. It follows that

k+1
/S F(@)Pr(da) — /S foR@)| < 3 /B S - /B RICLCD
k+1

4
< ot Z; ai—1 |Pn(B;) — P(By)|.

By letting n — oo, from (5) we conclude that

lim sup
n—o0o

4
< -
k

/S F(@)Pa(dz) - /S [ (@)P(de)

Now the result follows as k is arbitrary. O

Now we introduce an important characterization of relative compactness for a fam-
ily of probability measures with respect to the topology of weak convergence. This is
known as Prokhorov's theorem. The usefulness of relative compactness in proving weak
convergence is demonstrated in Problem Sheet 2, Problem 1.

Definition 1.8. A family P of probability measures on a metric space (S, B(S),p) is
said to be tight if for every € > 0, there exists a compact subset K C S, such that

P(K)>1—¢, VP € P.

Prokhorov's theorem relates tightness and relative compactness with respect to the
topology of weak convergence.

Theorem 1.8. Let P be a family of probability measures on a separable metric space
(S5, B(S), p)-

(1) If P is tight, then it is relatively compact, in the sense that every subsequence of
‘P further contains a weakly convergent subsequence.

(2) Suppose in addition that (S, p) is complete. If P is relatively compact, then it is
also tight.

10



Remark 1.3. In the language of general topology, we do not distinguish the meanings
between relative compactness and sequential compactness because it is known that the
topology of weak convergence is metrizable (i.e. there exists a metric d on the space
of probability measures on (S, B(S)), such that P, converges weakly to IP if and only if
d(P,,P) — 0).

Now we study an example which plays a fundamental role in our study.
Let W be the space of continuous paths w : [0,00) — R%. We define a metric p
on W by

, O 1A maxe[o,n) [we — wy| , J
plw,w') = Z on , w,w € W (1.3)
n=1

Therefore, p characterizes uniform convergence on compact intervals. It is a good exercise
to show that (W, p) is a complete and separable metric space, and the Borel o-algebra
over W9 coincides with the o-algebra generated by cylinder sets of the form

{wEWd: (wyy, - wy,) €T}

forn e N,0<t; <---<t, and I' € B(RIX"),

W is usually known as the (continuous) path space over R?. It is important as
every continuous stochastic process can be realized on W?. Moreover, when equipped
with the canonical Wiener measure (the distribution of Brownian motion), W carries
nice analytic structure on which the Malliavin calculus (a theory of stochastic calculus of
variations in infinite dimensions which constitutes a substantial part of modern stochastic
analysis) is built.

We finish by proving an important criteria for tightness of probability measures on W¢.
This is a simple probabilistic analogue of the Arzela—Ascoli theorem, which is recaptured
in the following. We use A(d, n;w) to denote the modulus of continuity of w € W% over
[0,n], i.e.

A(6,n;w) = sup |ws—wy|, §>0,neNwe W
s,t€[0,n]
|s—t|<d

Theorem 1.9. A subset A C (W<, p) is relatively compact (i.e. A is compact) if and
only if the following two conditions hold:
(1) uniform boundedness:

sup{|wo| : w € A} < o0
(2) uniform equicontinuity: for every n € N,

lim sup A(6, n;w) = 0.
610 wEI/)\ ( )

Now we have the following result.

11



Theorem 1.10. Let P be a family of probability measures on (W<, B(W%)). Suppose
that the following two conditions hold:

(1)
lim sup P(|wg| > a) = 0;
a0 pep

(2) for every e > 0 and n € N,

lim sup P(A(d, n; w) > ¢) = 0.
340 pep

Then P is tight.

Proof. Fix € > 0. Condition (1) implies that there exists a. > 0 such that
Mmd>%)<;vpep

In addition, Condition (2) implies that there exists a sequence ¢, 5, | 0 (as n — o0) such
that

1
P <A(5E7n,n;w) > > <e-270HD yP e P and n € N.
n
Let

ay 1
A = {Jwy| < aa}ﬂ ﬂ {A((S&n,n;w) < n} c we.
n=1

Then -
g
c < Co—(n+1) _
PAD) < S+ e-2 — ¢, VP P.

n=1

Moreover, it is straight forward that A, satisfies the two conditions in Arzela—Ascoli's
theorem. Therefore, A, is a relatively compact subset of W¢, and

P(A;) >P(A.) >1—¢, VP P.

In other words, we conclude that P is tight. O

12



2 Generalities on continuous time stochastic processes

In this section, we study the basic notions of stochastic processes. The core concepts
are filtrations and stopping times. These notions enable us to keep track of information
evolving in time in a mathematical way. This is an important feature of stochastic calculus
which is quite different from ordinary calculus.

2.1 Basic definitions

A stochastic process models the evolution of a random system. In this course, we will be
studying the differential calculus with respect to certain important (continuous) stochastic
processes.

Definition 2.1. A (d-dimensional) stochastic process on some probability space (2, F,P)
is a collection {X;} of R%valued random variables indexed by [0, c0).

Because of the index set being [0, c0), t is usually interpreted as the time parameter.
From the definition, we know that a stochastic process is a map

X:[0,00)xQ — RY
(t,w) = Xi(w),

such that for every fixed ¢, as a function in w € Q it is 7-measurable. There is yet another
way of looking at a stochastic process which is more important and fundamental: for
every w € €, it gives a path in R%. More precisely, let (R%)[%:°°) be the space of functions
w: [0,00) — R?, with Borel o-algebra B ((R%)[0:°°)) defined by the o-algebra generated
by cylinder sets of the form

{w € (Rd)[o’oo) D (wey, e, wy,) € F}

forn € N0 <t; <--- <t,and T' € B(R®™). Then the definition of a stochastic
process is equivalent to a measurable map

X: (Q,F) > ((Rd)[ov@,s ((Rd)[07°O>)) .

For every w € , the path X (w) is called a sample path of the stochastic process.

Remark 2.1. The path space (Rd)[o’oo) is different from the space W% we introduced in
the last section as we do not impose any regularity conditions on sample paths here. In
fact it can be shown that W is not even a B ((Rd)[o’oo))-measurable subset of (R%)[0:>0)
However, if we assume that every sample path of X is continuous, then X descends to
a measurable map from (Q, F) to (W%, B(W?)).

For technical reasons, in particular for the purpose of integration, we often require
joint measurability properties on a stochastic process.

13



Definition 2.2. A stochastic process X is called measurable if it is jointly measurable
in (t,w), i.e. if the map

X:[0,00)xQ — RY
(t,CU) = Xt(w)a
is B(]0, 00)) ® F-measurable.

Nice consequences of measurability are: every sample path is B([0, c0))-measurable
and Fubini's theorem is applicable to X when ([0, 00),B([0,00))) is equipped with a
measure.

Another very important reason of introducing measurability is, when evaluated at
a random time we always obtain a random variable. To be more precise, if X is a
measurable process and 7 is a finite random time (i.e. 7: £ — [0, 00) is F-measurable),
then w — X (,)(w) is an F-measurable random variable. This can be seen easily from
the following composition of maps:

X.: (QF) — ([0,00) x Q,B([0,00))®F) — (R% B(RY)),
w — (T7(w),w) = Xy (W)

Stopping a process at a random time is a very useful notion in our study.
Sometimes we need to compare different stochastic processes in certain probabilistic
sense.

Definition 2.3. Let X;,Y; be two stochastic processes defined on some probability space
(Q, F,P). We say:

(1) X; and Y} are indistinguishable if X (w) =Y (w) a.s.;

(2) Y; is a modification of X, if for every t > 0, P(X; =Y;) = 1,

(3) X: and Y; have the same finite dimensional distributions if

P(Xyy,- -, Xy,) €T) =P((Yyy, -+, Y3,) €T)
foranyn € N0 <t <---<t, and ' € R,

Apparently (1) = (2) == (3), but none of the reverse directions is true. If X; and
Y; have right continuous sample paths, then (1) <= (2). Moreover, to make sense of
(3), X¢ and Y; do not have to be defined on the same probability space.

In many situations, we are interested in infinite dimensional probabilistic properties
rather than finite dimensional distributions.

Definition 2.4. The distribution of a stochastic process X; is the probability measure
PX =PoX!on ((Rd)[o’oo), B ((Rd)[o’(’o))) induced by X.

As in Remark 2.1, if X has continuous sample paths, X also induces a probability
measure ;X on (W9, B(W?)). When concerning finite dimensional distribution proper-
ties, we do not have to distinguish between PX and MX. However, it is much more
convenient to use xX than PX for studying infinite dimensional distribution properties,
as B((R%)[%>°)) is too small to contain adequate interesting events, for instance an event
like {w : supgc;cq |we| < 1}. The view of realizing a continuous stochastic process on
(W B(W?), uX) is rather important in stochastic analysis.
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2.2 Construction of stochastic processes: Kolmogorov's extension the-
orem

The first question in the study of stochastic processes is their existence. In particular, is
it possible to construct a stochastic process in a canonical way from the knowledge of its
finite dimensional distributions? The answer is the content of Kolmogorov's extension
theorem.

We first recapture the notion of finite dimensional distributions in a more general
context.

Let X; be a stochastic process taking values in some metric space S. We use T to
denote the set of finite sequences t = (¢, - , ) of distinct times on [0, c0) (they need
not be ordered in an increasing manner). For each t = (t1,--- ,t,) € T, we can define
a probability measure Q¢ on (5™, B(S™)) by

Qt(F) = ]P)((Xtu' o 7th) € F)7 I'e B(Sn)

The family {Q(: t € T} of probability measures defines the finite dimensional distribu-
tions of {X;}. It is straight forward to see that it satisfies the following two consistency
properties:

(1) let t = (t1,--- ,ty) and Ay, -+, A, € B(S), then for every permutation o of
order n,

Qt(Al X X An) = Qa(t) (Aa(l) X X Aa(n)) )
where U(f) = (tg(l), s 7ta(n)) 3
(2) let t = (t1,--- ,tn) and ¥ = (t1, -+ ,tn, tny1), then for every A € B(S™),

Qu(A x S) = Q(A).

Definition 2.5. A family {Q¢: t € T} of finite dimensional distributions is said to be
consistent if it satisfies the previous two properties.

We are mainly interested in the reverse direction: is it possible to construct a stochas-
tic process in a canonical way whose finite dimensional distributions coincide with a given
consistent family of probability measures? The answer is yes, and the construction is
made through a classical measure theoretic argument.

Recall that S1%%) is the space of functions w : [0,00) — S and B (S10°°)) is the
o-algebra generated by cylinder sets. Then we have the following result.

Theorem 2.1. Let S be a complete and separable metric space. Suppose that {Q¢: t €
T} is a consistent family of finite dimensional distributions. Then there exists a unique
probability measure P on (S1%%), B (810:°°))), such that

P((wtlﬂ T 7wtn) € P) = Q’L(F)

for every t = (t1,--- ,tp) € T and ' € B(S™).
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We prove Theorem 2.1 by using Carathéodory's extension theorem in measure theory,
and we proceed in several steps.

(1) Let C be the family of subsets of SI%>) of the form {(w,,---,wy,) € T},
where t = (t1,---,t,) € T and I' € B(S™). It is straight forward to see that C
is an algebra (i.e. 0,59 ¢ C and it is closed under taking complement or finite
intersection) and B (S[O’OO)) = o(C). It suffices to construct the probability measure on
C, as Carathéodory’s extension theorem will then allow us to extend it to B (S10°°)).

(2) For A € C of the form {(wy,, -+ ,wy, ) € T'}, we define

P(A) = Q«(T),
where t = (t1,--- ,t,). From the consistency properties of {Q¢}, it is not hard to see
that P is well-defined on C and it is finitely additive.
(3) Here comes the key step: P is countably additive on C. It is a general result in
measure theory that this is equivalent to showing that

CoA, 10 = P(A,) L0
as n — 0o.
Now let A,, € C be such a sequence and suppose on the contrary that
lim P(A,) =¢> 0.

n—oo

We are going to modify the sequence {A,,} to another decreasing sequence {D,,} which
has a more convenient form

Dn - {(wtla"' )wtn) S Fn}

where (t1,- -+ ,tp,tht1) is an extension of (t1,--- ,t,), while it still satisfies D,, | 0 and
lim,,_,00 P(D,,) = €. This is done by the following procedure.

First of all, by inserting marginals of the form {w; € S} (of course that means doing
nothing) and reordering, we may assume that A,, has the form

A” = {(wt17' o 7wtmn) € an}7

where Ty, € B(S™") and m,, < my4+1 for every n. Since A,+1 C A, we know that
Ty C D, x SMt1=mn,

Mn+41

Now we set
Dy = {wtl S 5}7
Dy 1 = {(wtm T ’wtml—l) S Sml_l},
Dml = A1>
D1 = {(wy, W), Wy 1) € Dy X S}
Dmg—l = {(wt“ e 7wtm17wtm1+17 e ’wtmg—l) c I‘ml % Sm2*m1fl}’
Dm2 = A27
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Apparently, {D,,} is just constructed by copying each A,, several times consecutively in
the original sequence. Therefore, it satisfies the properties D,, | () and lim,, o, P(D,,) =
€.

Now we are going to construct an element (z1,z2,---) € S x S X --- such that
(x1,--- ,xn) € I'), for every n. It follows that the set

A ={we S w(t) = for all i}

is a non-empty subset of D,, for every n, which leads to a contradiction. The construction
of this element is made through a compactness argument, which relies crucially on the
following general fact from measure theory (c.f. [7]).

Proposition 2.1. Let X be a complete and separable metric space. Then every finite
measure p on (X, B(X)) is (strongly) inner regular, in the sense that

u(A) =sup{u(K): K C A, K is compact}
for every A € B(X).

According to Proposition 2.1, for every n > 1, there exists a compact subset K, of
I',,, such that

Qo (Ta\Ka) < o2,
where () = (t1,- - ,tn). If we set
E, ={(wy, - ,w,) € Ky},
then we have E,, C D,, and

P(Da\En) = Qo (Tn\Kn) < o

n

Now define

and
Ky = (K x S (K2 x S () [ En-1 x ) [ Kn.

Then we have

On the other hand,
Qum (Kn) = P(E,) =P(Dy,) — P(D,\E,)

k=1
> P(Dp) — > P(Dp\Ey)
k=1
> -~ 0



Therefore, K,, # () and we may choose (xY‘), e ,xgzN)> € K, for every n > 1.

From the construction of [?n, we know that {:35”)} C K. By compactness, it
n=1

contains a subsequence azgml(n)) — 1 € K. Moreover, as {(m&ml(n)),azgml(n)))} , -
nz
K>, it further contains a subsequence <x§m2(")),x§m2(n))> — (21, 22) € Ks. Continuing

the procedure, the desired element (21, x2,---) is then constructed by induction.

(4) Finally, the uniqueness of P is a straight forward consequence of the uniqueness
of Carathéodory's extension since C is a m-system and PP is determined on C by the finite
dimensional distributions.

Now the proof of Theorem 2.1 is complete.

Remark 2.2. Kolmogorov's extension theorem holds in a more general setting where the
state space (S, B(S)) can be an arbitrary measurable space without any topological or
analytic structure. However, the given consistent family of finite dimensional distributions
should satisfy some kind of generalized inner regularity property which roughly means that
they can be well approximated by some sort of abstract “compact” sets. In any case the
nature of Proposition 2.1 plays a crucial role.

2.3 Kolmogorov’s continuity theorem

In the last subsection, a stochastic process is constructed on path space from its finite
dimensional distributions. From this construction we have not yet seen any regularity
properties of sample paths. It is natural to ask whether we could “detect” any sample path
properties from the finite dimensional distributions. Kolmogorov's continuity theorem
provides an answer to this question.

Theorem 2.2. Let {X;: t € [0,T]} be a stochastic process taking values in a complete
metric space (S, d). Suppose that there exist constants «, 3,C > 0, such that

E[d(Xth)a] < C|t - S|1+Bv VS,t € [O7T] (21)

Then there exists a continuous modification {)N(t : telo, T]} of X, such that for every

v € (0,5/a), X has ~-Hélder continuous sample paths almost surely, i.e.

d ()?)20
P sup ———— =< oo | =1.
s,t€[0,T7] |t - 5|’Y
s#t

To prove Theorem 2.2, without loss of generality we may assume that 7= 1. The
main idea of obtaining a continuous modification of X is to show that when restricted
to some dense subset of [0, 1], with probability one X is uniformly continuous. This is
based on the following simple fact.
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Lemma 2.1. Let D be a dense subset of [0, 1]. Suppose that f : D — S is a uniformly
continuous function taking values in a complete metric space (S,d). Then f extends to
a continuous function on [0, 1] uniquely.

Proof. Given t € [0,1], let ¢t,, € D be such that ¢, — t. The uniform continuity of f
implies that the sequence {f(¢,)}n>1 is a Cauchy sequence in S. Since S is complete,
the limit lim, o f(¢,) exists. We define f(¢) to be this limit. Apparently f(¢) is
independent of the choice of ¢,, and the resulting function f : [0,1] — S is indeed
uniformly continuous. Uniqueness is obvious. O

For technical convenience, we are going to work with the dense subset D of dyadic
points in [0, 1]. To be precise, let D = U2 (D,,, where D,, = {k/2" : k =0,1,--- ,2"}.
The following lemma is elementary.

Lemma 2.2. Lett € D. Then t has a unique expression t = > -2, a;(t)27", where
a;(t) is 0 or 1, and a;(t) = 1 for at most finitely many i . Moreover, for n > 0, let
th=> 1 a;(t)27%. Then t, is the largest point in D,, which does not exceed t.

Now we prove Theorem 2.2.

Proof of Theorem 2.2. Let v € (0,8/a). Forn > 0 and 1 < k < 2", Kolmogorov's
criteria (2.1) implies that

)2 ) < rrefu(rng)]

K
2m 2

P (d (Xk_l X
2n
< 27n(1+/3*a'y).

Therefore,
2”1
]P( max d(Xb,XL> > 27"> - P (U {d (X@,XL) > 2W}>
1<kL2n 2n 2n o1 omn om

2774

< _ -m

< Z]P’(d (X%,XQ%) > 2 )
k=1

< 9—n(B—av)

Since f — ary > 0, it follows from the Borel-Cantelli lemma (c.f. Theorem 1.4, (1)) that
1<k<2-n

P ( max d (XE,XL> > 277" infinitely 0ften> =0.
2n 2n

In other words, there exists some measurable set Q* such that P(Q2*) = 1 and for every
w € QF,

d (Xb(w),Xi(w» <277 Vk=1,---,2" and n > n*(w),
2n 277,

where n*(w) is some positive integer depending on w.
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Now fix w € Q*. Suppose that s,t € D satisfy 0 < |t — s| < 277"(@) Then there
exists a unique m > n*(w), such that 2=(M+1) L |t —s| < 27™ Write t = 370 a;(t)27"
according to Lemma 2.2, and let ¢, = Y7 ;a;(t)27" for n > 0. Define s, in a similar
way from s. Apparently s,, = ty, or |ty — Sm| = 27™. It follows that when evaluated at
w?

X, Xy) < ) d(Xs,,, Xs) +d(Xs,, Xy, +Zd X, Xi,y)

i=m i=m
00
< 222—7(i+1)+2—7m
=m
2
= 1 2™
(1 55)
< v (142 Vji—s. (2.2)
27 —1

In particular, this shows that for every w € Q*, X(w) is uniformly continuous when
restricted on D.

We define X in the following way: if w ¢ Q*, define X (w) = ¢ for some fxied ¢ € S,
and if w € O, define X (w) to be the unique extension of X (w) to [0, 1] according to
Lemma 2.1. Then X has continuous sample paths and (2. (2.2) still holds for X (w) when
w e Q and |t — 5| < 277", Moreover, since X;, — X; a.s. and X;, — X; in
probability as ¢, — ¢, we conclude that X, = X; as. The process X is the desired one.

0

Remark 2.3. If the process X, is defined on [0, c0) and Kolmogorov's criteria (2.1) holds
on every finite interval [0, 7] with constant C' possibly depending on T, then from the
previous proof it is not hard to see that there is a continuous modification X of X on
[0, 00), such that for every v € (0, 3/«), with probability one, X is y-H&lder continuous
on every finite interval [0, 7.

2.4 Filtrations and stopping times

In the study of stochastic processes, it is rather important to keep track of information
growth in the evolution of time. This leads to the very useful concept of a filtration.

Definition 2.6. A filtration over a probability space (£, F,P) is a increasing sequence
{Ft : t = 0} of sub-o-algebras of F, ie. Fs C F; C F for 0 < s < t. We call
(Q, F,P;{F:}) a filtered probability space.

We can talk about additional measurability properties of a stochastic process when
a filtration is presented.
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Definition 2.7. Let (Q, F,P; {F;}) be a filtered probability space. A stochastic process
X is called {F;}-adapted if X; is Fy-measurable for every ¢ > 0. It is called {F;}-
progressively measurable if for every t > 0, the map

XO: 0,4 xQ — RY
(s,w) — Xg(w),

is B([0,t]) ® Fi-measurable.

Intuitively, for an adapted process X, when the information of F; is presented to an
observer, the path s € [0,¢] — X, € R? is then known to her.

It is apparent that if X is progressively measurable, then it is measurable and adapted.
However, the converse is in general not true. It is true if the sample paths of X are right
(or left) continuous.

Proposition 2.2. Let X be an {F;}-adapted stochastic process. Suppose that every
sample path of X is right continuous. Then X is {F;}-progressively measurable.

Proof. We approximate X by step processes. Let t > 0. For n > 1, define
ZXQIZ {se 1 k) + X (w )1{s:t}7 (s,w) € [0,t] x .

Since X is adapted, it is obvious that X (™ is B([0,¢]) ® F;-measurable. Moreover, by
right continuity of X, we know that Xén)(w) — X(w) for every (s,w) € [0,t] @ Q.
Therefore, X is progressively measurable. O

Example 2.1. Let X, be a stochastic process on some probability space (2, F,P). We
can define the natural filtration of X; to be

Apparently, X; is { F/X}-adapted. According to Proposition 2.2, if X; has right continu-
ous sample paths, then it is {F;X }-progressively measurable.

Another very important concept for our study is a stopping time. Intuitively, a
stopping time usually models the first time that some phenomenon occurs, for instance
the first time that the temperature of the classroom reaches 25 degree. A characterizing
property for such time 7 is: if we keep observing up to time ¢, we could decide whether
7 is observed or not (i.e. whether the event {7 < t} happens), and if T is not observed
before time ¢, we have no idea when exactly in the future the temperature will reach 25
degree. This motivates the following definition.

Definition 2.8. Let (Q, F,P;{F;}) be a filtered probability space. A random time
7: Q — [0,00] is called an {F;}-stopping time if {T <t} € F; for every t > 0.
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Apparently, every constant time is an {F;}-stopping time. Moreover, we can easily
construct new stopping times from given ones.

Proposition 2.3. Suppose that o, T, 1, are {F;}-stopping times. Then

o+7T, cNT, OV T, SUDPTh
n

are all { F; }-stopping times, where “A" (", respectively) means taking minimum (taking
maximum, respective/y).

Proof. Consider the following decomposition:
{o+7>t} = {o=07>t}| fo<o<to+7>1t}
U{U >t 7> O}U{a > t,7 =0}.

The first and fourth events are obviously in F;. The third event is in F; because

{0<t}:U{a<t—Tll}€]:t.

For the second event, if w € {0 < o < t,0 + 7 > t}, then
T(w) >t —o(w) > 0.

Keeping in mind that o(w) > 0, we can certainly choose r € (0,¢) N Q, such that
T(w)>7r>t—o(w).

Therefore, we see that

{0<o<to+T>t}= U {r>rt—r<o<t}ekF
re(0,6)NQ

For the other cases, we simply observe that

{onT >t} = {o>t,7>t} €F,
{ovr<t} = {o<tr<t}er,

{suan < t} = ﬂ{Tn <ty e F.

n

O]

Remark 2.4. In general, inf, 7,,, and therefore lim sup,,_, .. 7, liminf, o 7,, may fail
to be {F;}-stopping time even though each 7, is. However, it is a good exercise to show
that they are {F; }-stopping times, where {F;} is the filtration defined by

For=()Fu2F t=0. (2.3)

u>t
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We could also talk about the accumulated information up to a stopping time 7.
Intuitively, the occurrence of an event A can be determined by such information if the
following condition holds. Suppose that the accumulated information up to time ¢ is
presented. If we observe that 7 < ¢, we should be able to decide whether A happens or
not because the information up to time 7 is then known. However, if we observe that
T > t, since in this case we cannot decide the exact value of 7, part of the information
up to 7 is missing and the occurrence of A should be undecidable. This motivates the
following definition.

Definition 2.9. Let 7 be an {F;}-stopping time. The pre-T o-algebra F; is defined by
fT:{AE}‘OO: ANr<tieF, \ﬁ>o},

where Foo 2 0 (U0 F3)

It follows from the definition that F; is a sub-o-algebra of F, and 7 is F--measurable.
Moreover, if 7 = t, then F. = F;. And we have the following basic properties.

Proposition 2.4. Suppose that o, T are two {F,}-stopping times.
(1) Let A € F,, then An{o < 7} € F;. In particular, if o < T, then F, C F-.
(2) Forr = Fo N Fr, and the events

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

are all 7, N F,.-measurable.

Proof. (1) We have

Aot {r<t = Ao )r <t o<t}
_ (Aﬂ{agt})ﬂ{rgt}ﬂ{aAt<¢At}.

From definition it is obvious that o At and 7 A ¢ are F;-measurable. Therefore, by
assumption we know that the above event is F;-measurable.

(2) Since o A 7 is an {F;}-stopping time, from the first part we know that F,,, C
Fo N Fr. Now suppose A € F, N F,, then

Afonr<ty = Aﬂ({agt}U{T@})
= (Aﬂ{agt})U(Aﬂ{rgt})eft.

Therefore, A € Fypr.
Finally, by taking A = Q in the first part, we know that {o > 7} = {0 < 7}° € F..
It follows that
{o<rt={oAT <7} E Fonr :faﬂ]—}.

The other cases follow by symmetry and complementation. O
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In the study of martingales and strong Markov processes, it is important to consider
conditional expectations given F,.. We give two basic properties here.

Proposition 2.5. Suppose that o, T are two {F,}-stopping times and X is an integrable
random variable. Then we have:

() B [Ligery X[ Fo] = E [1oery X[ Fonr] -

(2) E[E[X|F5]|F7] = E[X|Fons]-

Proof. (1) According to the second part of Proposition 2.4, {0 < 7} € Fonr C Fyp.
Therefore, it suffices to show that 1;,E[X|F,] is Fyar-measurable. Apparently it
is F,-measurable. But the F,.-measurability is a direct consequence of the first part
of Proposition 2.4 (standard approximation allows us to replace A by a general F,-
measurable function in that proposition).

(2) First observe that the same argument allows us to conclude that

AeF, = A({o<1}eF, (2.4)

and
E [1{U<T}X|F0] =K [1{0'<T}X|f0'/\7'] .

Therefore,

E [E[X"FG'”‘FT] E [1{O'<T}E[X"FO']|*FT:| +E [1{U2T}E[X‘f0'”f’r:|
E [1{O'<T}E[X’f0'/\T]|fT:| +E [1{U>T}E[X‘f0']|fo'/\T:|
E [1{0<T}X|}—0/\T] +E [1{02T}X|}—0/\7]

= E[X|Fonr]-

O]

Now we consider measurability properties for a stochastic process stopped at some
stopping time.

Proposition 2.6. Let (2, F,IP;{F;}) be a filtered probability space. Suppose that X,
is an {F}-progressively measurable stochastic process and T is an {F;}-stopping time.
Then the stopped process t — X, n; is also { F;}-progressively measurable. In particular,
the stopped random variable X;1, ., is Fr-measurable.

Proof. Restricted on [0, t] x €2, the stopped process is given by the following composition

of maps:
0,]xQ —  [0,¢]xQ — RY,
(Sv w) = (T(w) NS, w) = XT(w)/\s(w)'

By assumption, we know that the second map is B([0, t])®F;-measurable. The B([0, t])®
Fi-measurability of the first map can be easily seen from the following fact:

{(s.w) : (T(w) As,w) € [0, x A} = ([0, x 4) ] <(c,t] X ({T < c}ﬂA>)
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for every c € [0,¢] and A € F;.

The F7-measurability of X1, follows from the {7 }-adaptedness of the stopped
process X, n; (because it is {F;}-progressively measurable) and the simple fact that
Xrlgey = Xenlires- O

To conclude this section, we discuss a fundamental class of stopping times: hitting
times for stochastic processes.

Definition 2.10. The hitting time of I' C R? by a stochastic process X is defined to be
Hr(w) = inf{t >0: Xt(w) S F},
where inf () £ co.

The following result tells us that under some conditions, a hitting time is a stopping
time.

Proposition 2.7. Let (2, F,P;{F;}) be a filtered probability space. Suppose that X,
is an {F;}-adapted stochastic process such that every sample path of X, is continuous.
Then for every closed set F', Hr is an {JF,}-stopping time.

Proof. For given ¢t > 0 and w € Q, by continuity we know that the function
o(s) = dist(Xs(w), F), s €[0,¢],

is continuous. The result then follows from the following observation:

{Hp >t} = G N {dist(Xr,F) > i} € Fi.

n=1re[0,tjNQ
]

On the other hand, the hitting time of an open set is in general not a stopping
time even the process have continuous sample paths. The reason is intuitively simple.
Suppose that a sample path of the process first hits the boundary of an open set G from
the outside at time ¢. It is not possible to determine whether Hy < ¢ or not without
looking slightly ahead into the future.

However, we do have the following result. The proof is left as an exercise.

Proposition 2.8. Let (2, F,P;{F;}) be a filtered probability space, and let X be an
{Fi}-adapted stochastic process such that every sample path of X is right continuous.
Then for every open set G, Hq is an {Fy }-stopping time, where {Fy} is the filtration
defined by (2.3) in Remark 2.4.

Until now, to some extend we have already seen the inconvenience caused by the
difference between the filtrations {F;} and {F;1} (c.f. Remark 2.4 and Proposition 2.8).
In particular, in order to include a richer class of stopping times, it is usually convenient
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to assumption that F; = F; for every t > 0, i.e. the filtration {F;}-is right continuous.
This seemingly unnatural assumption is indeed very mild: the natural filtration of a strong
Markov process, when augmented by null sets, is always right continuous (c.f. [5]).

Another mild and reasonable assumption on the filtered probability space is to make
sure that most probabilistic properties, in particular for those related to adaptedness and
stopping times, are preserved by another stochastic process which is indistinguishable
from the original one. Mathematically speaking, this is the assumption that J{ contains
all P-null sets (recall from our convention that N is a P-null set if there exists F € F,
such that N C E and P(E) = 0). In particular, this implies that F and every F; are
P-complete.

Definition 2.11. A filtration is said to satisfy the usual conditions if it is right continuous
and F; contains all P-null sets.

Given an arbitrary filtered probability space (£2,G,P;{G;}), it can always be aug-
mented to satisfy the usual conditions. Indeed, let F be the P-completion of G and let
N be the collection of P-null sets. For every t > 0, we define

Fi = ﬂ o(Gs,N) = (G, N).

s>t

Then (Q, F,P; {F:}) is the smallest filtered probability space containing (£2,G,P; {G;})
which satisfies the usual conditions. We call it the usual augmentation of (2,G,P; {G.}).
It is a good exercise to provide the details of the proof.

In Proposition 2.7, if we drop the assumption that X; has continuous sample paths,
the situation becomes very subtle. It can still be proved in a tricky set theoretic way
that, under the usual conditions on {F;}, Hr is an {F;}-stopping time provided F' is a
compact set and every sample path of X; is right continuous with left limits (c.f. [9]).
However, the case when I is a general Borel set is even much more difficult. The result
is stated as follows. The proof relies on the machinery of Choquet’s capacitability theory
(c.f. [2]). The usual conditions again play a crucial role in the theorem.

Theorem 2.3. Let (2,G,P;{G.}) be a filtered probability space. Suppose that X, is a
{G:}-progressively measurable stochastic process. Then for every T € B(R?), Hr is an
{Fi}-stopping time, where {F;} is the usual augmentation of {G;}.

It is true that many interesting and important probabilistic properties will be pre-
served if we work with the usual augmentation of the original filtered probability space.
Moreover, the usual conditions have more implications than just enriching the class of
stopping times, for example in questions related to sample path regularity properties (c.f.
Theorem 3.10, 3.11).

However, to remain fairly careful, we will not always assume that we are working
under the usual conditions. We will state clearly whenever they are assumed.
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3 Continuous time martingales

This section is devoted to the study of continuous time martingales. The theory of
martingales and martingale methods lies in the heart of stochastic analysis. As we will
see, we are adopting a very martingale flavored approach to develop the whole theory of
stochastic calculus. The main results in this section are mainly due to Doob.

3.1 Basic properties and the martingale transform: discrete stochastic
integration

We start with the discrete time situation. As we will see, under certain reasonable
regularity conditions on sample paths, parallel results in the continuous time situation
can be derived easily from the discrete case. Therefore, in most of the topics we consider
in this section, we do not really see a substantial difference between the two situations.
However, in Section 5, we will appreciate many deep and elegant properties of continuous
time martingales which do not have their discrete time counterparts.

Let T'={0,1,2,---} or [0,00).

Definition 3.1. Let (Q, F,P; {F; : ¢t € T'}) be a filtered probability space. A real-valued
stochastic process { Xy, F; : t € T} is called a martingale (respectively, submartingale,
supermartingale) if:

(1) Xy is {F:}-adapted;

(2) X; is integrable for every t € T}

(3) for every s <t eT,

E[X¢|Fs] = Xs, (respectively, 7 > 7,7 < 7).

Example 3.1. Let T = [0,00). Consider the stochastic process {)Z't: te T} con-
structed in Problem Sheet 2, Problem 2 in dimension d = 1 (the 1-dimensional pre-
Brownian motion). Let {]—"tX} be the natural filtration of X;. Then for 0 < s < t,

)?t — )?s is independent of ]-"s)? with zero mean. Therefore, {Xt,ff} is a martingale.
A very useful way of constructing a new submartingale from the old is the following.

Proposition 3.1. Let {X;, F;: t € T} be a martingale (respectively, a submartingale).
Suppose that ¢ : R! — R! is a convex function (respectively, a convex and increas-
ing function). If o(X;) is integrable for every t € T, then {p(X;),F: : t € T} is
submartingale.

Proof. The adaptedness and integrability conditions are satisfied. To see the submartin-
gale property, we apply Jensen's inequality (c.f. inequality (1.2)) to obtain that

E[p(X0)|Fs] = @(E[X¢| Fs]) = o(Xs)

fors<teT. O
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Example 3.2. If {X;, 7;} is a martingale, then X;” = max(X;,0) and | X[ (p > 1)
are {F;}-submartingales, provided X is in LP for every t.

Now we consider the situation when 7' = {0,1,2,--- }.

In the discrete time setting, stopping times and pre-stopping time o-algebras are
defined analogously to the continuous time case in an obvious way.

We are going to construct a class of martingales which plays a central role in this
section, in particular in the study of martingale convergence and the optional sampling
theorem.

Definition 3.2. 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.

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

Yo=Y Cp(Xip— Xp1).
k=1

Definition 3.3. The sequence {Y,, : n > 0} is called the martingale transform of X,
by C,,. It is denoted by (C e X),,.

Comparing with Section 5, the martingale transform can be regarded as a discrete
version of stochastic integration.
The following result verifies the name. Its proof is straight forward.

Theorem 3.1. Let {X,,,F, : n > 0} be a martingale (respectively, submartingale,
supermartingale) and let {C,, : n > 1} be an {F, }-predictable random sequence which
is bounded (respectively, bounded and non-negative). Then the martingale transform
{(C e X),,Fr : n > 0} of X,, by C,, is a martingale (respectively, submartingale,
supermartingale).

Remark 3.1. The boundedness of C), is not important—we only need to guarantee the
integrability of Y,.

It is very helpful to have the following intuition of the martingale transform in mind.
Suppose that you are playing games over the time horizon {1,2,---}. C, is interpreted
as your stake on game n. Predictability means that you are making your decision on the
stake amount C,, based on the history F,, 1. X,, — X,,_1 represents your winning at
game n per unit stake. Therefore, Y,, is your total winning up to time n.

3.2 The martingale convergence theorems

The (sub or super)martingale property exhibits a trend on average in the long run. It
is therefore not unreasonable to expect that a (sub or super)martingale can converge
(almost surely) if its mean sequence is well controlled.
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We first explain a general way of proving the almost sure convergence of a random
sequence.

Let {X,, : n > 0} be a random sequence. Then X,,(w) is convergent if and only if
liminf, o X, (w) = limsup,,_, X, (w). Therefore,

{X,, does not converge} C {lim inf X,, < lim sup Xn}
n—oo

n—o0

- U {limiann <a<b< limsuan} .
n—00 n—o0o
a<b
a,beQ

Therefore, in order to prove that X,, converges a.s., it suffices to show that

P (hmiann <a<b< limsuan> =0 (3.1)
n—r00 n—o00
for every given a < b. But the event in the bracket implies that a subsequence of X, lies
below a while another subsequence of X, lies above b. This further implies that the total
number of upcrossings by the sequence X,, from below a to above b must be infinite.
Therefore, the convergence of X, is closely related to controlling the upcrossing
number of an interval [a, b].
Now we define this number mathematically.
Consider the following two sequences of random times:

g = 07
op=inf{n >0: X, <a}, 71 =inf{n > o1 : X, > b},
oo =inf{n > 7 : X, <a}, T = inf{n > o9 : X,, > b},

o =inf{n >7m_1: X, <a}, 7, = inf{n > o} : X,, > b},

Definition 3.4. For N > 0, the upcrossing number Un (X} [a,b]) of the interval [a, b]
by the sequence X,, up to time N is define to be random number

Un(X;[a,b]) = Z L <y
k=1

Note that Un(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, in this case
Un(X;[a,b]) is Fn-measurable.

The main result of controlling Un(X;[a,b]) in our context is the following. Here
we are in particular working with supermartingales. The technique of dealing with the
submartingale case is actually quite different. However, as they both lead to the same
general convergence theorems, we will omit the discussion of the submartingale case and
focus on supermartingales.
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Proposition 3.2 (Doob's upcrossing inequality). Let {X,,F, : n > 0} be a super-
martingale. Then the upcrossing number Uy (X [a,b]) of [a,b] by X,, up to time N
satisties the following inequality:

E[(Xy —a)7]

b—a ’

E[Un(X;a,b])] < (3.2)

where z~ = max(—=x,0).

The proof of this inequality can be fairly easy as long as we can find a good way of
looking at this upcrossing number.

Suppose in the aforementioned gambling model that X,, — X,,_1 represents the win-
ning at game n per unit stake. Now consider the following gambling strategy: repeat
the following two steps until forever:

(1) Wait until X,, gets below a;

(2) Play unit stakes onwards until X, gets above b and stop playing.

Mathematically, this is to say that we define

C1 = 1{X0<a}7
Cn = Yo, =0} l{x,_1<a} T L{cn1=1}1{x 1<), T = 2.

Let {Y},} be the martingale transform of X, by C,,. Then Yy represents the total winning
up to time . Note that Y comes from two parts: the playing intervals corresponding to
complete upcrossings, and the last playing interval corresponding to the last incomplete
upcrossing (possibly non-existing). The total winning Y from the first part is obviously
bounded below by (b —a)Un(X;[a,b]), and the total winning in the last playing interval
(possibly non-existing) is bounded below — (X — a)~. Therefore, we have

Yy = (b—a)Un(X;]a,b]) — (Xn —a)”.

On the other hand, by definition it is apparent that {C}} is a bounded and non-
negative {F, }-predictable sequence. According to Theorem 3.1, {Y,,, F,,} is a super-
martingale. Therefore, E[Yx] < E[Yp] = 0, which implies (3.2).

Now since Un (X [a, b]) is increasing in N, we may define

U (X;la,b]) = lim Un(X;][a,b]),
N—o0
which is the upcrossing number for the whole time horizon.

From Doob's upcrossing inequality, we can immediately see that if the supermartingale
{X,,, Fp.} is bounded in L', i.e. sup,-oE[|X,|] < oo, then

E[Uso(X;[a,b))] = lim E[Un(X;][a,b])] < SUp,,>0 E[| Xn|] + |al _

N—oo b—a

In particular, Us (X [a,b]) < oo a.s.
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But from the discussion at the beginning of this subsection, we know that

n—oo n—00

{limiann <a<b< limsuan} C {Ux(X;[a,b]) = oo} .

Therefore, (3.1) holds and we conclude that X,, converges to some X, a.s. Moreover,
Fatou's lemma shows that

E[| Xoo|] < liminf E[|X,|] < supE[|X,|] < oc.
n—oo

n=0
In other words, we have proved the following convergence result.

Theorem 3.2 (Doob’s 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 3.2. In the theorem, we can define X, = limsup,,_,., X5, so that X is
F.-measurable, where Foo £ o (U2 o Fn).

Now we consider the question about when the convergence holds in L. This is closely
related to uniform integrability.

Theorem 3.3. Let {X,,, F,,: n >0} be a supermartingale which is bounded in L', so
that X,, converges almost surely to some X, € L'. Then the following statements are
equivalent:

(1) {X,.} is uniformly integrable;

(2) X, converges to Xo, in L.
In this case, we have

(3) E[X|Fn] < X, a.s.

In addition, if { X, Fy} is a martingale, then (1) or (2) is also equivalent to (3) with
“<" replaced by “="".
Proof. Since almost sure convergence implies convergence in probability, the equivalence
of (1) and (2) is a direct consequence of Theorem 1.3. To see (3), it suffices to show
that

/Xoodpg/xndp, VA € Fp. (3.3)
A A

But from the supermartingale property, we know that
/ XndP < / X,dP, VYm >n, A€ F,.
A A

Therefore, (3.3) follows from letting m — oc.
The last part of the theorem in the martingale case is seen from Problem Sheet 1,
Problem 2, (1). O

Corollary 3.1 (Lévy's forward theorem). Let Y be an integrable random variable and let
{Fn: n >0} be a filtration. Then X,, = E[Y|F,,] is a uniformly integrable martingale
such that X,, converges to E[Y |Fx] almost surely and in L.
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Proof. The martingale property follows from
E[X | Fn] = E[E[Y|Fn]|Fn] = EY|F,] = X, Vm > n.

Uniform integrability follows from Problem Sheet 1, Problem 2, (1). In particular, from
Theorem 1.1 we know that {X,} is bounded in L. According to Theorem 3.3, X,
converges to some X, almost surely and in L.

Now it suffices to show that X, = E[Y|Fu] a.s. Since U2 (F, is a m-system, we
only need to verify

/ XoodP = / YdP, YA€ F,, n>0.
A A
This follows from letting m — oo in the identity:
/deIP’: / YdP, Vm >n, A€ F,.
A A

O]

It is sometimes very useful to consider martingales running backward in time, or equiv-
alently, to work with negative time parameter, in particular in the study of continuous
time martingales. As we shall see, due to the natural ordering of negative integers, con-
vergence properties for backward martingales are simpler and stronger than the forward
case.

Let T'= {—1,—2,--- }. By using the natural ordering on T, we define the notions
of (sub or super)martingales in the same way as the non-negative time parameter case.
Now observe that we have a decreasing filtration

G2 ()G S CGms) SGm-CG
n=1

as n — —oo.
The following convergence theorem plays a crucial role in the passage from discrete
to continuous time.

Theorem 3.4 (The Lévy-Doob backward theorem). Let {X,,G, : n < —1} be a
supermartingale. Suppose that sup, . 1 E[X,,] < co. Then X,, is uniformly integrable,
and the limit

X_ o= lim X,

n——oo

exists almost surely and in L'. Moreover, for n < —1, we have
E[Xn|G-x] € X_ o, as.,

with equality if {X,,,G,} is a martingale.
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Proof. To see that X, converges almost surely, we use the same technique as in the
proof of Doob’s supermartingale convergence theorem. The main difference here is that
the right hand side of Doob’s upcrossing inequality is now in terms of X 1 since we are
working with negative times. Therefore, the limit X_o £ lim,_,_o, X, exists almost
surely (possibly infinite) without any additional assumptions. It is apparent that X_ .,
can be defined to be G_,,-measurable (c.f. Remark 3.2).

Now we show uniform integrability.

Let A > 0 and n < k < —1. According to the supermartingale property, we have

E[|Xallgx,sx] = E[Xalgsay] —E[Xnlix, < a

= E[Xn] - E [Xolix, <] —E [Xalix,<—x)

< E[X,] - E [Xilx,on] —E [Xelix,con)

= E[Xy] - E[Xi] + E [Xilix,>x) — E [Xelix,<—x]
< E[Xn] — E[X4] +E [| Xkl 1x,52]

Given € > 0, by the assumption sup,,« 1 E[X},] < oo, there exists k < —1, such that
0 < E[Xn] — E[X4] < % Vn < k.

Moreover, for this particular k, by integrability there exists § > 0, such that

A€ FP(A) <6 = E[|Xg14] < g

On the other hand, since {X,,,G,} is a supermartingale, we know that {X,,G,} is

a submartingale. Therefore,
E[|X,|] = E[X,] + 2E[X,;] < E[X,] + 2E[X ], Vn < —1.
This implies that M £ sup,<_; E[|X,|] < co (which by Fatou's lemma already implies
that X is a.s. finite), and
E[lXn]] _ M
<=, Yn<—1, A>0.

h\ h\ n >
Now we choose A > 0 such that if A > A, then

P(IX,| > \) <6, ¥n<k,

P(| X, > A) <

and
E “Xn‘l{\an)\}] <e, ViE<n<-1.

The uniform integrability then follows.

With uniform integrability, it follows immediately from Theorem 1.3 that X,, — X
almost surely and in L' as n — —o0.

Finally, the last part of the theorem follows from

/ X, dP < / XpdP, VA€ G o, m<n<—1,
A A

and letting m — —oo. O
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Remark 3.3. We have seen that the fundamental condition that guarantees convergence
is the boundedness in L'. In particular, all the convergence results we discussed before
hold for submartingales as well, since — X, is a supermartingale if X, is a submartingale,
and applying a minus sign does not affect the L!'-boundedness.

3.3 Doob’s optional sampling theorems

Given a martingale, under certain conditions it is reasonable to expect that the martingale
property is preserved when sampling along stopping times. The study of this problem
leads to the so-called Doob'’s optional sampling theorems.

Again we will mainly work with (super)martingales, and all the results apply to sub-
martingales by applying a minus sign.

Let {X,, Fn: n >0} be a (super)martingale, and let 7 be an {F,, }-stopping time.

We first consider the stopped process X7 £ X, ry.

As in the proof of Doob’s upcrossing inequality, we can interpret X by a gambling
model. The model in this case is very easy: we keep playing unit stakes from the beginning
and quit immediately after 7. Mathematically, set

C;; = 1{n<‘r}> n = 1.

Then (C7 e X),, = X nn — Xo (recall that (C” e X),, represents the total winning up to
time n). Apparently, the sequence C7 is bounded, non-negative and {F, }-predictable.
According to Theorem 3.1, we have proved the following result.

Theorem 3.5. The stopped process X is an {F,}-(super)martingale.

Now we consider the situation when we also stop our filtration at some stopping time.
We first consider the case in which the stopping times are bounded.

Theorem 3.6. Let {X,,, F,, : n > 0} be a (super)martingale. Suppose that o, T are two
bounded {F, }-stopping times such that o < 7. Then {X,, F5; X;, F:} is a two-step
(super)martingale.

In particular, if T is an {F,}-stopping time, then {X pn,Fran : n = 0} is a
(super)martingale.

Proof. We only consider the supermartingale case. Assume that o < 7 < N for some
constant NV > 0. Adaptedness and integrability of {X,, Fy; X, Fr} are obvious. To see
the supermartingale property, let F' € F,. Consider the sequence

Cn=1pl(gencry, n > 1L
Then (C'e X)n = (X; — X5)1p. On the other hand, C,, is {F,, }-predictable because
Fﬂ{a<n<7’}:Fﬂ{U<n—1}ﬂ(7’<n—1)06}"n_1, Vn > 1.

It is also bounded and non-negative. Therefore, according to Theorem 3.1, {(C e
X)n, Frn : m =0} is a supermartingale. In particular,

E[(C b X)N] = E[(X‘r - XO')]'F} <0,

which is the desired supermartingale property. O
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The case when o, 7 are unbounded is more involved.

In general, since a stopping time 7 can be infinite, the definition of X involves its
value at oo. Therefore, a natural assumption on our (super)martingale is to included a
“last” element X.

Definition 3.5. A (super)martingale with a last element is a (super)martingale { X, F; :
t € T'} over the index set "= {0,1,2,--- } U {oo}.

According to Lévy's forward theorem (c.f. Theorem 3.1), a martingale {X,,F, :
0 < n < oo} with a last element is uniformly integrable and X,, — X, almost surely
and in L' as n — oo.

The general optional sample theorem for martingales is easy.

Theorem 3.7. Let {X,,, Fp, : 0 < n < oo} be a martingale with a last element. Suppose
that o, T are two {F, }-stopping times such that o < 7. Then {X,, F5; X+, F;} is a two-
step martingale.

Proof. Adaptedness is easy. Integrability follows from

EIX0 = 3B [ Xallgrmm] +E [[XoclLiro)
n=0
< ZE [|Xoo|1{7':n}] +E [’Xoo|1{7':oo}]
n=0
= E[ X[,

where we have used the fact that {|X,,|, 7, : 0 < n < oo} is a submartingale with a
last element.
Now we show that
E[Xo|Fr] = X7 as.

The martingale property will follow from further conditioning on F,. Let A € F,. For
every n > 0, we have

E [XT]-AO{TSn}] = ZE [Xk]-Aﬂ{T:k}] =E [Xoo]-Aﬂ{Tén}] :
k=0
Since X; and X, are both integrable, by the dominated convergence theorem, we have
E [XTlAﬁ{T<oo}] =E [XoolAﬁ{T<oo}] .

But the identity over {7 = oo} is obvious. Therefore, we have

E[X;14] = E[Xo14].
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To study the case for supermartingales, we need the following lemma.

Lemma 3.1. Every supermartingale with a last element can be written as the sum of a
martingale with a last element and a non-negative supermartingale with zero last element.

Proof. Let {X,,F,: 0 <n < oo} be a supermartingale with a last element. Define
Y, = E[Xoo|Fpl, Zn =Xy — Y, 0<n< o0
Then X,, =Y, + Z, is the desired decomposition. O

Now we are able to prove the general optional sampling theorem for supermartingales.

Theorem 3.8. Let {X,,F,: 0 < n < oo} be a supermartingale with a last element.
Suppose that o, T are two {F, }-stopping times such that o < 7. Then {X,, Fo; X+, Fr}
is a two-step supermartingale.

Proof. According to Theorem 3.7 and Lemma 3.1, it suffices to consider the case when
{Xn, Fn: 0< n < oo} isanon-negative supermartingale with a last element X, = 0.
Adaptedness is easy. To see integrability, since

Xo = XU]‘{0'<OO} + Xool{a:oo}
and X is integrable, we only need to show that X1, .. is integrable. But
XO']-{o<oo} = nh_{go XO'/\n]-{U<oo}7
and according to Theorem 3.6, we know that
E [XornTocooy] < E[Xorn] < E[X0)].

The integrability of X,1(,.) then follows from Fatou’s lemma.

Now we show the supermartingale property. Let A € F,. According to Proposition
2.4, forevery n > 0, AN{o < n} € F, N Fp = Fopn- From Theorem 3.6, we know
that { Xoan, Forn; Xran, Fran} is @ two-step supermartingale. Therefore,

/ X andP é/ XoandP :/ X, dP.
An{o<n} An{o<n} An{o<n}

Moreover, we know that

/ XT/\nd]P) 2 / XT/\nd]P)
An{o<n} An{o<n}n{r<oco}

as X, is non-negative, and we also have
XTlAﬂ{T<oo} = HILH;O XT/\nlAﬂ{aén}ﬁ{T<oo}'

Fatou's lemma then implies that

/ X.dP < lim X, dP < / X, dP.
An{r<oco} A

n=90 J An{o<n}

But the left hand side of the above inequality is equal to [, X dP since X, = 0. This
yields the desired supermartingale property. O
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Corollary 3.2. Let {X,,,F,, : 0<n < oo} be a (super)martingale with a last element.
Suppose that {7,, : m > 1} is a increasing sequence of {F, }-stopping times. Define
Xm =X, and F, = F,,,. Then { X, Fry : m > 1} is a (super)martingale.

3.4 Doob’s martingale inequalities

By using Doob's optional sampling theorem for bounded stopping times, we are going to
derive several fundamental inequalities in martingale theory which are important in the
analytic aspect of stochastic calculus.

Here we will work with submartingales instead.

The central inequality is known as Doob's maximal inequality, which is the first part
of the following result. As a submartingale exhibits an increasing trend on average, it is
not surprising that its running maximum can be controlled by the terminal value in some
sense.

Theorem 3.9. Let {X,,, F, : n > 0} be a submartingale. Then for every N > 0 and
A > 0, we have the following inequalities:

(1) AP (supge,< v Xn = A) < E[XJ];

(2) AP (infocn<n X < —A) < E[XF] — E[X).
Proof. (1) Let 0 = inf{n < N : X,, > A} and we define 0 = N if no such n < N
exists. Clearly o is an {F,}-stopping time bounded by N. According to Theorem 3.6,
we have

EXy] > E[X,]=E [XU1 (opoenen Xn%}] +E [XNl (poenen Xm}}
> )\P <{O<S’111£NXn > A}) + E [XNl{SupogngN Xn<)\}:| :
Therefore,
> +
- <{0§3£NXTL g A}) sE [XNl{SupogngN X@A}} < E[XQ].

The desired inequality then follows.

(2) Let 7 =inf{n < N : X,, < —A} and we define 7 = N if no such n < N exists.
Then 7 is an {F, }-stopping time bounded by N. The desired inequality follows in a
similar manner by considering E[X(] < E[X]. O

An important corollary of Doob’s maximal inequality is Doob’s LP-inequality for the
maximal functional. We first need the following lemma.

Lemma 3.2. Suppose that X,Y are two non-negative random variables such that

E[Y1ix>a]

P(X > \) < T VA0, (3.4)

Then for any p > 1, we have
X1 < allYllp, (3.5)

where ¢ 2 p/(p — 1) (so that 1/p+1/q =1).
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Proof. Suppose ||Y||, < oo (otherwise the result is trivial). Write

X o
E[X”] = E U WICM} —F V PV LA
0 0

By Fubini's theorem, we have

E [/ p)\pll{X>)\}d)\] =
0

o

PAPTIP(X > M\)d)

— S—

< Yl{X>)\}] dA
= E{ pAP™ zd)\}
= [YXP—l].

p— 1

First we assume that || X||, < oco. It follows from Hélder's inequality that
E[Y XP7 < Y| X7 g = Y I X (57

Therefore, (3.5) follows.

For the general case, let XV = X AN (N > 1). By considering A > N and A < N
it is easy to see that the condition (3.4) also holds for X~V and Y. The desired inequal-
ity (3.5) follows by first considering X and then applying the monotone convergence
theorem. O

Corollary 3.3 (Doob’s LP-inequality). Let {X,,F, : n = 0} be a non-negative sub-
martingale. Suppose that p > 1 and X,, € LP for all n. Then for every N > 0,
Xy = SUPg<n<n Xn € LP, and we have the following inequality:

XN llp < gl Xl

where ¢ = p/(p — 1).

Proof. The result follows from the first part of Theorem 3.9 and Lemma 3.2. O

3.5 The continuous time analogue

The key to the passage from discrete to continuous time is an additional assumption
on the right continuity for sample paths. With this right continuity assumption, the
generalizations of all the results in Section 3.1, 3.2 and 3.3 to the continuous time
setting are almost straight forward. It will be seen in Theorem 3.10 that this is not at all
a luxurious assumption.

Suppose that (Q, F,P; {F; : t > 0}) is a filtered probability space, and all stochastic
processes are defined on [0, 00) (except in the backward case in which the parameter set
is (—o0, —1]). In the following discussion, we always assume that the underlying (sub or
super)martingales have right continuous sample paths.
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1. The martingale convergences theorems: Theorem 3.2, Theorem 3.3, Corollary
3.1 and Theorem 3.4 (just for backward martingales) also hold in the continuous time
setting.

Proof. Indeed, the only place which needs care is the definition of upcrossing numbers.
Suppose that X; is an {F;}-adapted stochastic process. Let a < b be two real numbers.
For a finite subset F' C [0, 00), we define Up(X;[a,b]) to be the upcrossing number of
[a, b] by the process {X; : t € F'}, defined in the same way as in the discrete time case.
For a general subset I C [0, 00), set

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

If X; has right continuous sample paths, we may approximate Ujg ,, (X [a,b]) by rational
time indices to conclude that Uy, (X; [a,b]) and Uy o) (X; [a, b]) are measurable. The
remaining details in proving the continuous time analogue of these convergence results
are then obvious. O

2. Doob’s optional sampling theorems: Theorem 3.6 and Theorem 3.8 also hold
in the continuous time setting.

Proof. We only prove the analogue of Theorem 3.8. The case for bounded stopping
times is treated in a similar way.

Suppose that {X;, F; : 0 < ¢t < oo} is a supermartingale with a last element. Let
o < 7 be two {F;}-stopping times. For n > 1, define

o0
k
" ; g {5 <o} T o=

and define 7,, in the same way. It is apparent that 0, < 7, and o, | o, 7, | T.
Moreover, given ¢ > 0, let k be the unique integer such that ¢ € [(k — 1)/2", k/2™).
From {o, <t} = {o < (k—1)/2"}, we can see that o, is an {F;}-stopping time and
the same is true for 7,.

Since oy, 7, take discrete values {k/2" : k > 1} U {cc}, we can apply Theorem 3.8

to conclude that
E[X;, | Fs,] < X5, Yn > 1.

In other words,
/ X, dP < / X,.dP, VA€ Fy, n>1. (3.6)
A A

By Proposition 2.4, we know that F, C F,, and hence (3.6) is true for every A € F,.

Now a key observation is that { X, , Fo, : n > 1} is a backward supermartingale with
sup,,>1 E[Xo,] < co. This follows from the fact that 0,41 < 0y, and E[X,,,] < E[X]
for all n. The same is true for {X, ,F. :n > 1}. Under the assumption that X; has
right continuous sample paths (so that X,, — X,, X, — X; as n — o0), Theorem
3.4 enables us to conclude that X,,, X, € L' and to take limit on both sides of (3.6) for
every A € F,. Therefore, {X,, Fo; X, F;} is a two-step supermartingale. O
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Remark 3.4. Although here the backward supermartingale is indexed by positive integers,
the reader should easily find it equivalent with having negative time parameter as in
Theorem 3.4 by setting m = —n for n > 1.

3. Doob’s martingale inequalities: Theorem 3.9 and Corollary 3.3 also hold in the
continuous time setting.

Proof. The right continuity of sample paths implies that

sup Xy = sup X,
te[0,N] te[0,N]NQ

and the same is true for the infimum. Now the results follow easily. O

Finally, we demonstrate that we can basically only work with right continuous (sub
or super)martingales without much loss of generality. We can also see how the usual
conditions for filtration (c.f. Definition 2.11) come in naturally.

Definition 3.6. A function x : [0,00) — R is called cadlag if it is right continuous with
left limits everywhere.

Definition 3.7. A function z: Q% — R is called regularizable if

liﬁl x4 exists finitely for every ¢t > 0
q

and

lign x4 exists finitely for every t > 0.
qtt

The following classical fact about real functions is important.

Lemma 3.3. Let x : QT — R be a real function. Suppose that for every N € N,
a,b € Q witha < b, we have

sup  |z4| < oo and Ug+n[o,N] (x;]a,b]) < oo,
qeQ+N[0,N]

where Uyg n(z; [a, b]) is the upcrossing number of [a, b] by x|g+no,n]- Then the function
x is regularizable. Moreover, the regularization T of x, defined by

Ty =limz,, t>0,
t alt q =
is a cadlag function on [0, 00).
Proof. Suppose on the contrary that at some ¢ > 0 we have

liminf z, < lim sup z,.
qlit qlt

Then there exist a < b € Q, such that U nj(7;[a,b]) = oo for every N > ¢, which is
a contradiction. Therefore, lim, |+ x4 exists in [—00, 00]. The boundedness assumption
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guarantees the finiteness of this limit. The case of ¢ 1 t is treated in the same way.
Therefore, x is regularizable.

Now suppose t,, | t > 0. We choose ¢,, € (tn+1,t,) besuch that |z, =74, .| < 1/n.
It follows that g, | t and hence z;, — ;. Similarly, we can show that limg z, =
limgys 4 for every t > 0. Therefore, z is a cadlag function. O

Recall that the usual augmentation of a filtered probability space (2,G,P;{G,;}) is
given by F; = o(Gi1,N), where N is the collection of P-null sets. Now we have the
following regularization theorem due to Doob.

Theorem 3.10. Let {X;,G:} be a supermartingale defined over a filtered probability
space (2,G,P;{G}). Then:

(1) almost every sample path of X, when restricted to Q% is regularizable;

(2) the regularization X, of X;, defined as in Lemma 3.3, is a supermartingale with
respect to the usual augmentation {F;} of (2, G,P;{G});

(3) X; is a modification of X; if and only if X; is right continuous in L', i.e.

HmE[|X; — X,|] =0, Vs> 0.
tls

Proof. (1) According to Lemma 3.3, it suffices to show that, for any given N € N,
a,b € Q with a < b, with probability one we have

sup | X,| < o0, Ugtnio,n(X; [a,b]) < oo
q€QTN[0,N]

Indeed, let @, be an increasing sequence of finite subsets of Q1 N [0, N] containing
{0, N'}, such that US2 ,Q,, = QT N [0, N]. According to Theorem 3.9, we have

2 1
P sup | Xy >A| = lim P| sup |X,| > \| < SE[X5] + <E[X;],
<q6Q+m[o,N] ! N0\ geQn ! A M ‘

and according to Doob'’s upcrossing inequality (3.2), we have

ElUq-rjo.v) (X [a,6)] = Iim E{Ug, (X; [a, )] < S,
The result then follows.

(2) Define X, as in Lemma 3.3 on the set where X, is regularizable and set X = 0
otherwise. From the construction it is apparent that X, is {Fi}-adapted. Now suppose
s < t, and let p, < g, € QT be such that p, | s, ¢, | t. It follows that {X,, ,G,.} is a
backward supermartingale with sup,, E[X,, ] < oo, and the same is true for {X,,G,.}
Therefore,

Xp, — )?S, Xq, — )?t,

almost surely and in L' as n — oo. In particular, X, and X; are integrable. The
supermartingale property follows by taking limit in the following inequality:

/andpg/xpndp, VA€ G,
A A
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(3) Necessity. We only need a weaker assumption that X has a right continuous
modification X. In this case, given tg > 0, let ¢, (n > 1) be an arbitrary sequence
such that ¢, | tg. Then with probability one, th = Xy, for all n > 0. Since )A(t has
right continuous sample paths, we obtain that X; — X;, almost surely. On the other
hand, the same backward supermartingale argument as in the second part implies that
X, — Xy, in L'. Therefore, X is right continuous in L.

Sufficiency. Given ¢ > 0, let ¢,, € Q7 be such that g, | t. Then X, — X, in LL.
Since X, also converges to X; in L! by assumption, we conclude that X, = X;. O

Remark 3.5. By adjusting the proof slightly, one can show that if {X;,G;} is a super-
martingale with right continuous sample paths, then almost every sample path of X; also
has left limits everywhere.

If we start with a filtration satisfying the usual conditions, we have the following very
nice and stronger result.

Theorem 3.11. Let {Xy, F;} be a supermartingale defined over a filtered probability
space (2, F,IP; {F}) which satisfies the usual conditions. Then X has a cadlag modi-
fication X if and only if the function t — E[X,] is right continuous. Moreover, in this

case {)N(t, ]—"t} is also a supermartingale.

Proof. Necessity follows from the same argument as in the proof of Theorem 3.10, (3).
For the sufficiency, let X be the regularization of X given by Theorem 3.10. Then for
t>0, q, € Q" with ¢, > t, we have

/andpg/xtdp, VA e F.
A A

By letting ¢, J t, we conclude that E [)N(t|}"t} < Xy as. But )Zt is {F;}-adapted

since {F;} satisfies the usual conditions. Therefore, )?t < X; a.s. But from the right
continuity of ¢ — E[X}], we see that E [f{t} = E[X}]. Therefore, X, = X; as. Finally,
it is trivial that every modification of X is also an {F;}-supermartingale. O

It follows from Theorem 3.11 that every martingale has a cadlag modification, pro-
vided that the underlying filtration satisfies the usual conditions.

3.6 The Doob-Meyer decomposition

Now we discuss a result which is fundamental in the study of stochastic integration and
lies in the heart of continuous time martingale theory. This will also be the first time
that the continuous time situation becomes substantially harder than the discrete time
setting.

Roughly speaking, the intuition behind the whole discussion can be summarized as:
the tendency of increase for a submartingale can be extracted in a pathwise way, and
what remains is a martingale part.
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As before, we first consider the easy bit: the discrete time situation. This is known
as Doob's decomposition.

Definition 3.8. An increasing sequence {A, : n > 0} over a filtered probability space
(Q, F,P;{F,}) is an {F, }-adapated sequence such that with probability one we have
0=Ap(w) < A1(w) < Az2(w) < -+, and E[4,] < oo for all n.

Theorem 3.12 (Doob's decomposition). Let {X,,,F, : n > 0} be a submartingale
defined over a filtered probability space (2, F,P; {F,}). Then X has a decomposition

X, =M,+A,, n=0,

where {M,,, F,,} is a martingale, {A,, F,} is an increasing sequence which is {Fy,}-
predictable. Moreover, such a decomposition is unique with probability one.

Proof. We first show uniqueness. Suppose that X, has such a decomposition. Then
Xn - Xn—l = Mn - Mn—l + An - An—l-
Since M, is an {F,}-martingale and A, is {F, }-predictable, we have

E[Xn - Xn—l’]:n—l} = An - An—l.

Therefore,
A, = ZE[Xk — Xp1 | Fr1]- (3.7)
k=1
Existence follows from defining A4, by (3.7) and M,, & X,, — A,,. O

Remark 3.6. Predictability is an important condition for the uniqueness of Doob's de-
composition. Indeed, if {M,,, F,} is a square integrable martingale with M, = 0, then

M? =V, + B,

where B, = >} (M}, — Mjy_1)? is another decomposition of the submartingale M2
into a martingale part V,, and an increasing sequence B,. However, B,, here is not
{F,}-predictable.

To understand the continuous time analogue of Theorem 3.12, we first need to
recapture the predictability property in a way which extends to the continuous time case
naturally.

Definition 3.9. An increasing sequence A,, defined over some filtered probability space
(Q, F,P; {F,}) is called natural if

iE[mk(Ak — Akfl)] = iE[mk,l(Ak — Ak,1>], Vn 2 1, (38)
k=1 k=1

for every bounded martingale {m,,, 7, }.
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Note that from the martingale property, the left hand side of (3.8) is equal to
E[mnA,]. Moreover, simple calculation yields

> mp_1(Ap = Apr) = mp Ay = Ap(my — mp_1) = mp Ay — (Aem)y,
k=1 k=1

where (A e m),, is the martingale transform of m,, by A,,. Therefore, A,, is natural if
and only if
E[(Aem),] =0, Vn>1,

for every bounded martingale {m,,, F,,}.

Now we have the following simple fact.

Proposition 3.3. Suppose that Fy contains all P-null sets. Then an increasing sequence
A, is {F, }-predictable if and only if it is natural.

Proof. Suppose that A,, is {F, }-predictable. Given bounded martingale {m,,, F,}, ac-
cording to Theorem 3.1, we know that {(Aem),, F,,} is a martingale null at 0. Therefore,
A, is natural.

Conversely, suppose that A,, is natural and hence we know that

E[A,(my —mp—1)] =0, Vn>1,
for every bounded martingale {m,,, 7, }. It follows that for every n > 1,

Elma(An — E[An|Fn-1])]

E[mn,Ay] — E[m,E[A,| Frn-1]]

E[mnA,] — E[A,m,—1] (by Problem Sheet 1, Problem 1, (1))
0.

(3.9)

Now for fixed n > 1, define Z = sgn(A,, —E[A,|Fn-1]), and set my, = E[Z|Fy] if k <n
and my, = Z if k > n. It follows from {m,,, F,,} is a bounded martingale, and from (3.9)
we know that E[|A4,, — E[A,,|F,_1]|] = 0. Therefore, A,, = E[A,|F,,—1] almost surely,
which implies that A,, is {F,, }-predictable. O

Now we discuss the continuous time situation. In the rest of this subsection, we will
always work over a filtered probability space (Q, F,P; {F; : t > 0}) which satisfies the
usual conditions.

To study the corresponding decomposition, we first need the analogue of increasing
sequences.

Definition 3.10. A increasing process {A; : t > 0} is an {F;}-adapted process A,
such that with probability one we have Ag(w) = 0 and ¢t — A;(w) is increasing and right
continuous, and E[A;] < oo for all ¢ > 0.
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Definition 3.11. An increasing process A; is called natural if for every bounded and
cadlag martingale {m;, F;}, we have

t t
E [/ deAs] ~E [/ deAs} . V>0, (3.10)
0 0

where the integrals inside the expectations are understood in the Lebesgue-Stieltjes sense.

Note that every continuous, increasing process is natural, since a cadlag function can
have at most countably many jumps. Moreover, the left hand side of (3.10) is equal to
E[miAy]. Indeed, let P: 0=ty <t1 <--- <t, =t be an arbitrary finite partition of
[0,¢]. Then as in the discrete time case, we see that

> Elme, (Ay, — Ar, )] = ElmeAd]. (3.11)
k=1

Since my is right continuous, by the dominated convergence theorem, the left hand side
of (3.11) converges to E [fot msdAs} as mesh(P) — 0.

Remark 3.7. In the continuous time setting, there is also a notion of predictability which
is crucial for the study of stochastic calculus for processes with jumps. This is technically
much more complicated than the discrete time case. Under this notion of predictability,
it can be shown that an increasing process is natural if and only if it is predictable (c.f.
[1])-

Unlike discrete time submartingales, not every cadlag submartingale has a Doob-type
decomposition (see Problem Sheet 5, Problem 2 for a counterexample). We first examine
what condition should the submartingale satisfy if such a decomposition exists.

Suppose that {X;, F;} is a cadlag submartingale with a decomposition

Xy = My + Ay,

where {M;, F;} is a cadlag martinagle and Ay is an increasing process. Given T > 0, let
St be the set of {F;}-stopping times 7 satisfying 7 < T' a.s. According to the optional
sampling theorem, we have M, = E[Myp|F;| for every T € Sy. It follows from Problem
Sheet 1, Problem 2, (1) that {M, : 7 € Sr} is uniformly integrable. Moreover, since
Ar is integrable and A; < A a.s. for every 7 € Sy, we conclude that {X, : 7€ Sr}
is uniformly integrable.

Definition 3.12. A cadlag submartingale { X}, ;} is said to be of class (DL) if for every
T > 0, the family {X, : 7 € St} is uniformly integrable.

Now we prove the converse. This is the famous Doob-Meyer decomposition theorem.

Theorem 3.13. Let { X, F;} be a cadlag submartingale of class (DL). Then X, can be
written as the sum of a cadlag martingale and an increasing process which is natural.
Moreover, such decomposition is unique with probability one.
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Proof. The main idea is to apply discrete approximation by using Doob's decomposition
for discrete time submartingales.

(1) We first prove uniqueness.

Suppose that X; has two such decompositions:

Xp = My + Ay = M + Al

Then Ay & A} — Ay = M; — M/ is an {F;}-martingale. Therefore, fix ¢ > 0, for any
bounded and cadlag martingale {ms, Fs}, we have

t n
5[ [mean] = S (30 - 8] =0
0

mesh(P)—0 P

where P: 0 =1ty < t1 < --- <t, =tis a finite partition of [0,¢]. Since A and A’
are both natural, it follows that E[m;A;] = 0. For an arbitrary bounded F;-measurable
random variable &, let m, be a cadlag version of E[¢|Fs]. It follows that E[(¢A;] = 0.
By taking &£ = Lia, <Ay, we conclude that almost surely £A; = 0 and hence A; > Aj.
Similarly, A; < A} almost surely. Therefore, A; = A} almost surely. The uniqueness
follows from right continuity of sample paths.

(2) To prove existence, it suffices to prove it on every finite interval [0,7], as the
uniqueness will then enable us to extend the construction to the whole interval [0, o).

Forn > 1, let D, : t} = kT/2" (0 < k < 2") be the n-th dyadic partition of [0, 7.
Let

X, =M" + A", teD,,

be the Doob decomposition for the discrete time submartingale X|p, given by Theorem
3.12. Since {Mt(”),}'t S te Dn} is a martingale, we have

A" = X, ~E[X|F] + B[R], te D, (3.12)

(3) The key step is to prove that {Ag?) cn> 1} is uniformly integrable, which then

enables us to get a weak limit A7 along a subsequence according to the Dunford-Pettis
theorem (c.f. Theorem 1.2). In view of (3.12), the desired increasing process A; can
then be constructed in terms of A7 and X; easily.

Given A > 0, define

Tin)éinf{ZEDn: AR >)\}7

n
tt1

where inf@® £ T. Since {Ag”) cte Dn} is {F: : t € D,}-predictable, we see that
T)(\n) € Sr. Moreover, {Agrn) > )\} = {T)(\n) < T} € F (m). By applying the optional
DY
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sampling theorem to the identity (3.12), we obtain that

()
_ (n)
=k _XTl{T;n><T}] —E [XT;M 1{T;n><T}] +E [AT@ 1{T;n><T}]
<E _XT1{7§W><T}] _E [XT@1{T§”><T}] + )JP’( (™) < T) (3.13)

On the other hand, since { (n) T} {7')(\7; < T} , we have

E|(AP - A<,{>1 " ] EKA(”) ) . } "),

[( g ) {mas<th] ” r i/% {mr<r}] ~ P <)
(3.14)

Again from the optional sampling theorem, we know that the left hand side of (3.14) is

equal to E [(XT - X > Tﬂ Therefore, from (3.13) we arrive at
A/2

Tx/2

E |:A¥L)1{A¥l>>>\}:| < E |:XT1{7—>(\")<T}:| —E |:XT)(\n)1{T>(\"><T}:|

+2E |:XT1 (n) }:| 2K |:X my 1 ~(n) T}:| 3 15

Tr/2< a2 \Tas2<

Now observe that

P(r{" <T)=P(af > ) < 35 4] = LE(xr — X0 = 0

A A
uniformly in n as A — oo. Since X; is of class (DL), we conclude that the right hand
side of (3.15) converges to 0 uniformly in n as A — oo. In particular, this implies that
Agb) n > 1} is uniformly integrable.
(4) According to the Dunford-Pettis Theorem (c.f. Theorem 1.2), there exist a

subsequence Agfnj) and some A7 € LY(Q, Fr,P), such that Ag,?j) converges to Ar
weakly in LY(Q, Fr,P). In view of (3.12), now we define (taking a right continuous
version)

Ay = Xy — E[Xp|F] + E[Ap|F], te]0,T]. (3.16)

It remains to show that A; is a natural increasing process.
First of all, given any bounded Fp-measurable random variable &, from Problem
Sheet 1, Problem 1, (1), (i), we know that

E[SE[Ar|Fi]] = E[ATE[|F¢]],

and the same is true when Arp is replaced by Ag?) In view of (3.12) and (3.16), we see
that Agnj) converges to A; weakly in L1(Q, Fr,P) for any given t € D = US| D,,.
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To see the increasingness of A, let s <t € D and §{ = 174,54,)- It follows that
E(As— Ay) > 0. But

E[(4, - A7)] = lim E [¢ (40 - 4)] <.

J]—00

Therefore, Ay < A; almost surely. The increasingness of A; then follows from right
continuity.
To see the naturality of A, first note that {AE") cte Dn} is {Fy : t € Dy}-

predictable, and A%n),At differ from X; by martingales. Therefore, for any given bounded
and cadlag martingale {my, F; : t € [0,7]}, we have

s = 38 o (a4 )] = 35 e, (4 - 47
- S (- 0] = S e, (43 40.)]

By taking limit along the subsequence n;, we conclude that

E[mrAr] = [ / ms_dA } (3.17)

Now given ¢ € [0,T], by applying (3.17) to the bounded and cadlag martingale m! =
mins (s € [0,7]), we obtain that

simea 2] [ m-in]

Therefore, the naturality of A follows.
Now the proof of Theorem 3.13 is complete. O

It is usually important to understand the relationship between regularity properties of
a submartingale and of its Doob-Meyer decomposition.

Definition 3.13. A cadlag submartingale {X;, F;} is called regular if for every T' > 0
and 7,,, 7 € Sr with 7, 1T 7, we have

lim E[X,, | = E[X/].

n—oo
Note that from the optional sampling theorem, every cadlag martingale is regular.

Lemma 3.4. Let {Xy, F;} be a regular cadlag submartingale which is of class (DL), and
let A; be the natural increasing process in the Doob-Meyer decomposition of X;. Then
for any 1,7 € St with 7, T 1, A;, T A; almost surely.
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Proof. 0 < A;, < A; < Ap implies that {A,, : n > 1} is uniformly integrable. Let
B =1lim,,_,o A;,. Then E[B] = lim,,_,o, E[A;,]. On the other hand, it is apparent that
Ay is also regular and B < A,. Therefore, E[B] = E[A,], which implies that B = A,
almost surely. O

Now we have the following general result.

Theorem 3.14. Let { X, F;} be a cadlag submartingale which is of class (DL), and let
X = My + A; be its Doob-Meyer decomposition. Then X; is regular if and only if A; is
continuous.

Proof. Sufficiency is obvious. Now we show necessity.
Since A; is increasing and right continuous, we use the following global way to
establish the continuity of A; over an arbitrary finite interval [0,T]: it suffices to show

that, for every A > 0,
T T
E [/ Ay A )\dAt] =K [/ Al N )\dAt] . (3.18)
0 0

Indeed, since A; A X is also increasing and right continuous, it has at most countably
many discontinuities. Therefore,

T T
/ AANdA— / A AAAA; =) (AAA=Ar AN (A=A ) 2 ) (AAA=Ar AN,
0 0

t<T t<T

where the summation is over all discontinuities of A; A A on [0,7]. Therefore, (3.18)
implies that with probability one, A; A A does not have jumps on [0,7]. Since A is
arbitrary, we conclude that A; is continuous almost surely.

Now we establish (3.18). This looks very similar to the naturality property of A,
except for the fact that the integrand A; A A is not a martingale. To get around this
issue, we use piecewise martingales to approximate A; A A in a reasonable sense.

As in the proof of Theorem 3.13, let D,, be the n-th dyadic partition of [0, T]. Define
(taking a right continuous version)

A =E[Ag ANF], te (i, 6], 1<k <2

By applying the naturality property of A; on each (t}_,,t}], we obtain that

T T
IE[ / Ai")dAt} :E[ / A,ﬁ’i)dAt].
0 0

Now we prove that Agn) converges uniformly in ¢t € [0,T] to A; A X in probability.

This will imply that along a subsequence Ag"j) converges uniformly in ¢t € [0, 7] to A, A X
almost surely, which concludes (3.18) by the dominated convergence theorem.

(n

Note that with probability one, A§”) > AyAXand 4; Vis decreasing in n for every t €
[0,T7]. Given € > 0, let ol = inf {t €[0,77: Ag") — A A > 5} (inf @ = T). Then
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o§”) is an increasing sequence of {F;}-stopping times in Sp. Let 0. = lim, a§"’.

Now define another 7\ ¢ Sy by = e if o ¢ (7, t7]. It is apparent that

Uén) < Tg(n) and 7'5(”) 1 o, as well.
For fixed 1 < k < 2™, by applying the optional sampling theorem to the martingale
Ag") =E [At’,g A XF] (t € [0,T]), we obtain that

() _ ()
. Aa§”>1{tzl<cré"><tz}] -k Aa£">1{tzl<a£"><tz}]

= E Atg A Al{t2_1<aén)<t2}:|

= E AT(n)/\)\l{

tr  <o™ gt;;}} :

By summing over k, we arrive at E [A(n) } =K [AT(m A )\} . Therefore,

ot

E[A o AX=—A m A A} ) [A(”) — A A A} > P (a@ < T) .

o™
On the other hand, according to Lemma 3.4, we know that

lim A m AA=lim A oy AX=A,_ AN, as.
Oe n—oo Te

n—oo

Therefore, by the monotone convergence theorem, we conclude that

lim P (o) < T) = 0.

n—o0

But {aﬁ”) < T} = {suptE[O,T] (Agn) — A AN > 5}. In other words, Agn) converges
uniformly in t € [0,7] to Ay A X in probability.
Now the proof of Theorem 3.14 is complete. O
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4 Brownian motion

In this section, we study a fundamental example of stochastic processes: the Brownian
motion.

In 1905, based on principles of statistical physics, Albert Einstein discovered the
mechanism governing the random movement of particles suspended in a fluid, a phe-
nomenon first observed by the botanist Robert Brown. In physics, such random motion
is known as the Brownian motion. However, it was Louis Bachelier in 1900 who first
used the distribution of Brownian motion to model Paris stock market and evaluate stock
options. The precise mathematical model of Brownian motion was established by Nobert
Wiener in 1923.

Brownian motion is the most important object in stochastic analysis, since it lies
in the intersection of all fundamental stochastic processes: it is a Gaussian process,
a martingale, a (strong) Markov process and a diffusion. Moreover, being an elegant
mathematical object on its own, it also connects stochastic analysis with other parts of
mathematics, e.g. partial differential equations, harmonic analysis, differential geometry
etc. as well as applied areas such as physics and mathematical finance.

From this section we will start appreciating the great power of martingale methods
developed in the last section.

4.1 Basic properties

Definition 4.1. A (d-dimensional) stochastic process {B; : ¢ > 0} is called a (d-
dimensional) Brownian motion if:

(1) Bp = 0 almost surely;

(2) for every 0 < s < t, B;— B is normally distributed with mean zero and covariance
matrix (¢t — s)Ig, where I is the d x d identity matrix;

(3) for every 0 < t; < --- < t, the random variables By,, By, — By, , -+ , By, — B, _,
are independent;

(4) with probability one, t — By(w) is contiuous.

Direct computation shows that a Brownian motion is a d-dimensional Gaussian pro-
cess with i.i.d. components, each having covariance function p(s,t) = s At (s,t > 0).

As usual, it is also important to keep track of information when a filtration is pre-
sented.

Definition 4.2. Let {F; : t > 0} be a filtration. A stochastic process {B; : t > 0} is
called an {F;}-Brownian motion if it is a Brownian motion such that it is {F;}-adapted
and B; — B, is independent of F;, for every s < t.

Apparently, every Brownian motion is a Brownian motion with respect to its natural
filtration. Moreover, every {F;}-Brownian motion is an {F;}-martingale.

The existence of a Brownian motion on some probability space is proved in Problem
Sheet 2, Problem 2 by using Kolmogorov's extension and continuity theorems. From a
mathematical point of view, it is also important and convenient to realize a Brownian
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motion on the continuous path space (W% B(W4), p) (c.f. Section 1.5). Suppose that

By is a Brownian motion on (€2, F,[P) and every sample path of B; is continuous. It is

straight forward to see that the map B : w > (By(w))s>0 is F/B(W?) measurable. Let
& -1

g =PoB™".

Definition 4.3. p is called the (d-dimensional) Wiener measure (or the law of Brownian
motion).

From the definition of Brownian motion and the uniqueness of Carathéodory's exten-
sion, we can see that p¢ is the unique probability measure on (W<, B(W?)) under which
the coordinate process X;(w) = w; is a Brownian motion.

The following invariance properties of Brownian motion are obvious.

Proposition 4.1. Let B; be a Brownian motion. Then we have:

(1) translation invariance: for every s > 0, {By1s — Bs : t > 0} is a Brownian
motion;

(2) reflection symmetry: —B; is a Brownian motion;

(3) scaling invariance: for every A > 0, {\"'By2, : t > 0} is a Brownian motion.

4.2 The strong Markov property and the reflection principle

Now we demonstrate a very important property of Brownian motion: the strong Markov
property.

Heuristically, the Markov property means that knowing the present state, history on
the past does not provide any new information on predicting the distribution of future
states. “Strong” means that the meaning of “present” can be randomized by a stopping
time.

Let

1 _lz—y|?

e 2, t>0, z,y e R (4.1)
(27t)

pe(w,y) =

[S]ISW

It is easy to see that

0 1
apt(%y) - §A$pt($7y)7 t> 0.

Let B,(R?%) be the space of bounded measurable functions on R?, equipped with the
supremum norm. Define a family {P; : ¢ > 0} of continuous linear operators on B,(R?)
by

) Jrape(zy) f(y)dy, t>0;
Fuf(@) = {fﬂja:), t=0.

Routine calculation shows the following semigroup property:
Pt+S:PtOP3:PsOPt,VS,t>O.

This is known as the Chapman-Kolmogorov equation, which is a basic feature of Markov
processes.

Now let B; be an {F;}-Brownian motion with respect to some filtration {F;}. The
Markov property of B; can be stated as follows.
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Theorem 4.1. Forevery 0 < s <t and f € By(R?), we have

Elf (Bits)|Fs] = E[f (Bi+s)|Bs] as.

Proof. Note that
E[f(Bits — Bs + @)] = Pf(z), Vo eR%

Since Byis — By is independent of Fs and Bg is Fs-measurable, from Problem Sheet 1,
Problem 1, (1), (ii), we conclude that

E[f(Bits)|Fs] = E[f(Bits — Bs + Bs)|Fs] = P f(Bs) as.
The result then follows by conditioning on Bs. O

The kernel p.(z,y) is called the Brownian transition density (or the heat kernel).
Heuristically, it gives the probability density of finding a Brownian particle at position y
after time ¢ whose initial position is x. Respectively, the semigroup {P;} is called the
Brownian transition semigroup (or the heat semigroup). The relationship between the
Brownian motion B; and the Laplace operator A lies in the fact that A is the infinitesimal
generator of By, in the sense that

%Af = lim(Pf — )/t in By(RY),

at least for f € C?(RY), the space of twice continuously differentiable functions with
compact support. We will come back to this point when we study stochastic differential
equations and diffusion processes.

The strong Markov property of Brownian motion takes essentially the same form as
Theorem 4.1, but with s replaced by a stopping time. Indeed, we will establish a finer
result. The proof exploits the optional sampling theorem of martingales.

Theorem 4.2. Suppose that F contains all P-null sets. Let B; be an {F,}-Brownian
motion and let T be an {F;}-stopping time which is finite almost surely. Then the
process B(7) = {Br4t — B: : t > 0} is a Brownian motion which is independent of F.
In particular, for every t > 0 and f € By(R?), we have

E[f(Br4t)|Fr] = E[f(Br4t)|B] as. (4.2)

Proof. From classical probability theory, it is sufficient to show that:

E | e Tinr (B0 -B 0| gpe] . o Siy ulimtin) (43)

for every & bounded F,-measurable, 0 =t < t; < --- < t, and 6y,--- ,6, € R%
In general, given # € RY, define

Mt(a) — oH0:B)+510%t 4> 0,
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It is easily seen that {Mt(e ,.7-}} is a continuous martingale. Therefore, given an almost

surely finite {F; }-stopping time o and ¢ > 0, according to the optional sampling theorem,
we have

. 1 2 . 1 2
E [ez<9,BaAN+t>+§\a| (a/\Nth)’]:U/\N} — HOBoan) T3 I0POAN N e N,

Equivalently,
E |:ei<evBa'/\N+t_BGAN>|fa_/\N] - e—%|0\2t’ VN € N. (4.4)

Note that F, = UnenForn (A € F, = AN{o < N} € Foan for all N, so
AN{o < oo} € UyenForn. But AN {o = oo} € Fy by assumption.) By using the
definition of conditional expectation and the dominated convergence theorem, we may
take limit N — oo in (4.4) to conclude that

E [#0:Bori=Ba)| £, — o310t (4.5)

Now (4.3) follows from taking conditional expectations and applying (4.5) recursively,
starting fromo =7 +1t,_1, t =t, —tn,_1 and 0 = 0,,.

In the same way as before, the strong Markov property (4.2) follows from the fact
that

E[f(Bryt)|F7] = Pf(Br) aus.
O

In the one dimensional case, a very nice application of the strong Markov property
is the so-called reflection principle, which yields immediately the explicit distributions of
passage times and maximal functionals.

Let B; be a one dimensional Brownian motion, and let {F”} be the augmented
natural filtration of B; (i.e. 72 = o(GB, N') where {GP} is the natural filtration of B;
and N is the collection of P-null sets).

For x > 0, set

T =1inf{t > 0: B; = z}.

Then 7, is an {FF}-stopping time. To see it is finite almost surely, we need the following
simple fact.

Proposition 4.2. We have:

P (suth = oo) =P <inth = —oo) =1.
>0 t>0

In particular, T, < oo almost surely.

Proof. Let M = sup,~q B;. According to the scaling invariance of Brownian motion (c.f.
Proposition 4.1, (2)), for every A > 0, we have

(A By t>0 2 (B, t >0}

54



This certainly implies that A\=' M/ " AL, Now we have:

P(M >\ =P(M >1) =2 P(M=o0)=PM > 1),
PM<N)=PM<1) 22 PM<0)=PM<1).

Since M > 0 almost surely, we conclude that M is supported on {0, c0}.
On the other hand, observe that

P(M=0) < P(B; <0, B,<0Vu>1)

< P <B1 <0, sup(Bir — By) = 0>

120

— P(B <0)-P(M =0)
= SP(M=0),

where the second inequality follows from the fact that sup;.q(B11¢ — B1) is either 0 or
oo since {Bi4+¢ — By : t > 0} is again a Brownian motion. Therefore, P(M =0) =0
and M = oo almost surely.

The infimum case follows from the reflection symmetry of Brownian motion. O

The reflection principle asserts that the law of Brownian motion is invariant under
reflection with respect to the position x after time 7,. Here is the mathematical state-
ment.

Proposition 4.3. Define

~ B t ;
Bt _ ty < Tz} (46)
2 — Bt, t 2 Ty

Then By is also a Brownian motion.

Proof. According to Theorem 4.2, the process Bt(”) 2 Bt~ B, =B, —1xis
a Brownian motion which is independent of F, . Therefore, —Bt(T””) is also a Brownian
motion being independent of F, . Let Y; = B, A; be the Brownian motion stopped at
.. Note that the map w +— Y.(w) is Fr, /B(W{)-measurable, where W is the space
of continuous path w € W1 with wy = 0. It follows that as random variables taking
values in the space W{ x [0,00) x Wg, (Y, 75, B(™=)) has the same distribution as
(yﬂ Tas _B(Tx)) ]

Now define a map ¢ : Wy x [0,00) x Wy — Wy by @(2,t,y)(s) = s+ ys—t1{s>)
(s = 0). Then ¢ (Y, 7, B™)) = B and ¢ (Y, 7, —B(™)) = B. Therefore, B is also a
Brownian motion. O

4.3 The Skorokhod embedding theorem and the Donsker invariance
principle

In this subsection, we apply the strong Markov property to study the fundamental con-
nections between Brownian motion and random walk in dimension one. On the one hand,
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it is not hard to imagine that the Brownian motion can be regarded as the continuum
limit of scaled random walks. The precise form of this result is known as the Donsker
invariance principle. On the other hand, it is highly non-trivial that every random walk
can be embedded into a Brownian motion evaluated along a sequence of stopping times.
This embedding result is an easy consequece of the well known Skorokhod embedding
theorem.

We first establish the Skorokhod embedding theorem. As we will see, based on this
theorem, the Donsker invariance principle is a consequence of the continuity of Brownian
motion.

Suppose that B; is a one dimensional Brownian motion with {F} being its aug-
mented natural filtration.

The Skorokhod embedding theorem can be stated as follows.

Theorem 4.3. Let X be a real-valued random variable such that E[X| = 0 and E[X?] <
00. Then there exists an integrable {FP}-stopping time T, such that B, Y ¥ and
E[r] = E[X?2].

The proof of this theorem is highly non-trivial but the starting point is simple.
Consider the simplest case where X takes two values a < 0 < b. The condition
E[X] = 0 implies that

b —a
P(X =b) = E[X?] = —ab.
o ( ) [X7] a

On the other hand, define

P(X =a) =

Tap = inf{t > 0: B; ¢ (a,b)}.
From Proposition 4.2, we know that 7, is an almost surely finte {F}-stopping time.

Proposition 4.4. We have:

b —a
]P)(BTa,b = a’) = b—a’ IP(BTa,b =b) = b_a

y E[Ta,b] = —ab.

In particular, 7, gives a solution to the Skorokhod embedding problem for the distribution
of X.

Proof. By applying the optional sampling theorem to the {F/}-martingales B; and
B? —t, we have
E[B;, ,an] = 0, E[B2

Ta,bAn] = Elr,5 An).
Since |B7, ,an| < max(|al, [b]) for every n, by the dominated convergence theorem, we
conclude that

]E[BTa,b] =0, E[B?—a,b] = E[Ta,b]' (4-7)
As B, , takes the two values a and b, the first identity of (4.7) shows that B, , Y x
The second identity of (4.7) then shows that 7, is integrable and E[r, ;] = E[X?]

—ab.

Ol
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Remark 4.1. In general, it is a good exercise to show that: for every integrable {F/}-
stopping time 7, B is square integrable, and

E[B,] = 0, E[B?] = E[7].

This is called Wald’s identities. Therefore, E[X] = 0 and E[X?] = 0 are necessary
conditions for the existence of Skorokhod's embedding.

The general solution of the Skorokhod embedding is motivated from the simple two-
value case. The idea is the following. We approximate the general random variable X
by a binary splitting martingale sequence X, so that the desired stopping time 7 can be
constructed as the limit of a sequence 7, of stopping times each of which corresponding
to a two-value case but starting from the previous one. The strong Markov property will
play an important role in the construction.

Definition 4.4. A sequence {X,, : n > 1} of random variables is called binary splitting
if for each n > 1, there exists some Borel measurable function f,, : R* ! x {£+1} - R
and a {#1}-valued random variable D,,, such that

X = fn(Xb T aanlan) a.s.

It is called a binary splitting martingale if it is also martingale with respect to its natural
filtration.

Intuitively, if {X,} is binary splitting sequence, the conditional distribution of X,
given (X1,---,X,,_1) is supported on at most two values.
We first establish the approximation result.

Proposition 4.5. Let X be a square integrable random variable. Then there exists a
binary splitting martingale {X,, : n > 1} which is square integrable, such that X,, — X
almost surely and in L? as n — oo.

Proof. Define

1, X > E[X];
D = )
—1, otherwise,

F1 =0(D1), and X = E[X|F1]. Inductively, for n > 2, define

17 X > Xn—l;
D, =
—1, otherwise,

Fn=0(D1, -+ ,Dy),and X,, = E[X|F,]. It follows that X,, = ¢,,(D1,--- , D) almost
surely for some measurable function g, on {1}".

Now the key observation is that for each n > 1, D, is a function of Xq, -+, X,,.
When n = 1, this is apparent since X; = alyp,_;} + blyp,__1} for some constants
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a, b, so that we can obtain 1;p ;3 (and hence D1) from X;. Suppose that this fact is
true for k < n — 1. By the definition of X,,, we can write

Xn = Z Ciy i H{Dy =iy - Dp=in} = §11{D,=1} T &21{p,=—1} a:s.,
i1, in =21
where {1, &2 are functions of 1;p, 1y, -+, 1yp, _,—1}. By the induction hypothesis, &1, &2
are functions of X1, - -+, X;,_1.Therefore, 1,5 _1) (and hence D,,) can be obtained from

X1, , X, Therefore, X,, has the form X,, = f, (X1, -+, Xn—1,Dy) almost surely,
which shows that X, is a binary splitting sequence. The fact that it is a martingale with
respect to its natural filtration follows from F,, = (X1, -+, X,) (up to P-null sets).
Since X € L2, from Jensen's inequality we know that X, is bounded in L?. By
Problem Sheet 3, Problem 3, we conclude that X,, — X, almost surely and in L? for
some Xo. It remains to show that X = X, almost surely.
First of all, we have

li_>m Dp(X —X,) =X — X| as. (4.8)

Indeed, if w € {X = X}, (4.8) is trivial. If w € {X > X}, then X(w) > X, (w)
when n is large. By the definition of D,,, it follows that D, (w) = 1 when n is large.
Therefore, (4.8) holds at w. The case when w € {X < X} is similar. Now observe
that

E[D,(X — X,,)] = E[D,E[(X — X,,)|F.]] =0, Vn>1.

Since D,,(X — X,,) is bounded in L? (and hence uniformly integrable), we conclude that
E[|X — Xoo|] = le E[D,(X — X,,)] =0,

which implies that X = X, almost surely. O
Now we are able to prove the Skorokhod embedding theorem.

Proof of Theorem 4.3. Let X,, be the binary splitting martingale given by Proposition
4.5, so that X,, has the form X,, = f,(X1, -+, Xy, Dy,) for every n. By the martingale
property, we know that

Xp—1 =E[X,| X1, -, Xp1].

Moreover, X, takes values in {f,,(X1, -+, Xn-1,1), fu(X1, -, Xs—1,—1)} when con-
ditioned on (Xi,---, X,—1). This implies that the conditional distribution of X,, given
(X1, - ,Xp,—1) is a two-point distribution with mean X,,_;.

Now define 79 = 0, and for n > 1, define

Tn = inf{t = Tp1: By ¢ (fn(Bna T aBTn,p _1)7 fn(Bﬂa T 7B7'n717+1))} .

By the strong Markov property, for eachn > 1, {B,, ,++—B., , : t > 0} is a Brownian
motion independent of ]-'571. According to Proposition 4.4, the conditional distribution
of B;, given (B, -+ ,B., ) is a two-point distribution with mean B, .
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Therefore, (X1,---,Xy) faw (B, ,By,) for every n. Moreover,

E[Tn - 7'n—l] = E[E[Tn - Tn—l‘Ff,,_lﬂ = E[E[(Bm - qu)z‘fmqﬂ
= E[(Br, - Ban)Q] =E[(Xn — Xn—l)Q]‘

Since X,, € L?, the martingale property gives

Elr] = Y El(Xy — X4-1)?] = E[X]].
k=1

Finally, as 7, is increasing, we set 7 = lim,,_ o 7. Since X,, — X almost surely
and in L?, we conclude that E[r] = E[X?] < co. This particularly implies that 7 < oo

law

almost surely, and thus B, — B; almost surely which yields that B, = X.
O

By applying the strong Markov property, we easily obtain the following important fact:
in the distributional sense, a random walk can be embedding into a Brownian motion
evaluated along a sequence of stopping times.

Proposition 4.6. Let ' be a distribution function on R' with mean zero and finite
variance 0. Suppose that {S, : n > 1} is a random walk with step distribution F
(ie. S, = X1+ -+ X, where {X,,} is an i.i.d. sequence with distribution F'). Then
there exists a sequence {T, : n > 1} of integrable {FF}-stopping times, such that

.. . la;
{7, — Tn_1} are i.i.d. with mean 2, and B,, = S,, for every n.

Proof. By the Skorokhod embedding theorem, there exists an integrable {F/}-stopping

law

time 71, such that B, = F and E[r;] = 2. Applying the Skorokhod embedding theorem

again to the Brownian motion Blgn = B;, 1+ — By, with its augmented natural filtration

{FtB(Tl)}, we get an integrable {ftB(Tl)}—stopping time 74, such that B 2 b ond

75
E[r}] = 0%, Define 7 = 71 + 74. According to Theorem 4.2, we know that B, law Ss.
Moreover, according to Problem Sheet 2, Problem 4, (2), we know that {F”} is right
continuous. Therefore, the fact that 7 is an {F/?}-stopping time follows from Problem
Sheet 2, Problem 3, (2), (ii).
Now the result follows by induction. O

Finally, we establish the Donsker invariance principle, which asserts that the Brownian
motion is the weak scaling limit of a random walk.

Let S,, be a random walk with step distribution F', where F' has mean zero and finite
variance o2. From the identity E[(B; — B;)?] =t — s, it is not hard to write down the
right scaling of S,,: define

1
n 2 _1 _1
o n n non
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with Sy = 0. In other words, St(n) is a piecewise linear continuous process taking value
Si/(0\/n) at each vertex point k/n (k > 0). Let P(") be the distribution of the process

Slfn) on W'. The Donsker invariance principle can be stated as follows.

Theorem 4.4. Let p; be the one dimensional Wiener measure. Then P("") converges
weakly to pup as n — oo.

Proof. Without loss of generality, we may assume that & = 1. Since we are only concerned

with distributions, we may futher assume that the random walk S,, = B, , where {7, } is

the sequence of {F/?}-stopping times given in Proposition 4.6. Construct S(™ by (4.9)

based on this random walk and define B = n=1/2B,,, which is again a Brownian

motion. Note that S,, and B; are defined on some given probability space (2, F,P).
It is sufficient to show that: for every fixed T' > 0,

sup ’St(n) - Bgn) — 0 in prob. (4.10)

o<t<T

as n — 00. Indeed, suppose that (4.10) holds. From the definition of the metric p on
W (cf. (1.3)), it is then easy to see that p (S, B(™) — 0 in probability. Now let F
be an arbitrary closed subset of W1!. Then for every ¢ > 0,

PM(F) = P(S™ e F)
< P(p(S™, B™) > ¢) + P(p(B™, F) < ¢)
= P(p(S™, B™) > ¢) + ju(p(w, F) < e).

By letting n — oo, we conclude that

lim sup P (F) < ' (p(w, F) < ¢).

n—00

Since ¢ is arbitrary, the result of the theorem follows from Theorem 1.7, (3).
Now we prove (4.10). Without loss of generality, we assume 7' = 1.

If w e {supo<t<1 ‘St(n) - Bt(")‘ > 5}, then ’Sé”)(w) - Bt(")(w)‘ > ¢ for some t
and k with t € [(k — 1)/n,k/n]. Since Sp(w) = By, () (w), from the definition of
St(n) and the intermediate value theorem, there exists some v € [1;_1(w), 7% (w)], such
that St(n)(w) = By(w)/v/n. Write v = nu, we then have u € [r_1(w)/n, 7(w)/n]
and Sﬁn)(w) = B&")(w). Therefore, ’qun)(w) - Bt(n)(w)‘ > . From the continuity of
Brownian motion, it is now clear that the key step is to demonstrate 7;,/n and k/n are

very close to each other (so are u and t) in a suitable sense.
Given € > 0, by the continuity of Brownian motion, there exists 0 < § < 1, such that

P| | {IBi—Bd>e}| <e/2

5,t€[0,2]
[t—s|<é
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On the other hand, from Proposition 4.6 we know that {7, — 7,—1} are i.i.d. with unit
mean and 7, = >_;_, (7 — Tk—1). By the strong law of large numbers, 7,,/n — 1 almost
surely. In general, it is an elementary fact that

a 1
apb >0, — =0 = — sup a; — 0.
n N 1<k<n

Taking a, = |7, — n| in our case, we conclude that sup;c;<, [T — k|/n — 0 almost
surely. In particular, the convergence holds in probability. Therefore, there exists N > 1,
such that for any n > N, we have

1 )
IP’( sup \Tk—k]>)<;.

N 1<k<n 5

In addition, if n > 5/0, by the previous discussion, we see that

{ sup ‘St(n) — Bt(n)

0<t<1

1 0

>e, — sup ‘Tk_k|<5}g U {’Bt(n)_Bgn)‘>€
N 1<k<n s5,t€[0,2]
[t—s|<o

Therefore, we conclude that for any n > max(XV, 3/4),

P ( sup > 6) <&,
0<t<1

which gives the desired convergence in probability. O

By the Donsker invariance principle, we can easily obtain the central limit theorem in
the i.i.d. case without using any characteristic function method!

Corollary 4.1. Let {X,,} be a sequence of i.i.d. random variables with % = E[X?] < oo,
and define S, = X{ +--- + X,,. Then for every x € R',

i p (278 <) = 000

where ®(z) £ (2r)~1/2 [ . e™*/2qu s the standard normal distribution function.

Proof. Without loss of generality, we may assume that E[X;] = 0. Let 7! : W! — R!
be the projection defined by 71 (w) = w;. It follows that 71 (S(")) = Sp/(0y/n). By the
Donsker invariance principle, for every bounded continuous function f on R!, we have:

lim E [f ((j}%)] — lim E [fom (SWH — E[f o m(B)] = E[f(B1)].

n—o0 n—oo

But Bj is a standard normal random variable. Now the result follows from Theorem
1.6. O
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4.4 Passage time distributions

In this subsection, we apply martingale methods, the strong Markov property and the
reflection principle to perform a series of explicit computations related to passage times.
Given ¢ € R!, define a process X; = B; +ct, where B; is a one dimensional Brownian
motion. X; is called the Brownian motion with drift c.
Consider M; £ exp(#X; — A\t), where # € R! and A\ > 0 are two parameters. It is
straight forward to see that M, is a martingale (with respect to the aumented natural
filtration of By) if and only if

%92 —(A—ch) =0,

ie.0=a2 —c—VZ+2Xx<0orf =2 —c+Vc2+2X > 0. Now we use M; to
compute the Laplace transform of passage times for X;.
We first consider the passage time of a single barrier.
For z > 0, define
T, =inf{t >0: X; =x}.

Proposition 4.7. The Laplace transform of 7, is given by:

Efe7] = o #(VEH2A—0) )\ 5, (4.11)

In particular, we have
1, c =0

P(1, < 00) = {6201’ e (4.12)

Proof. By applying the optional sampling theorem to the martingale M; with 6 = 3, we
know that
E [efXmom=dmin] 1 v > 1,

But
eﬁsc—/\’rxl{%<oo} 200 (BXrpan=ATeAR < T
Therefore,
E [eﬁx*)‘ml{%@o}} =1,
which yields (4.11). (4.12) follows from letting A | 0 in (4.11). O

Now we consider the passage time of a double barrier.
For a < 0 < b, define 7,, 7, as before and 7, L AT

Proposition 4.8. The Laplace transform of 7, is given by:

eﬁb _ eab 4 ea _ eﬁa
ePbtaa _ gBa+ab ’

EF”Wﬂ: x> 0. (4.13)
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Proof. Similarly with the proof of Proposition 4.7, by applying the optional sampling
theorem to the martingale M; with & = « and 6 = 3 respectively, we conclude that

E [eaxrmb—m,b} 1L E [eﬁxm,b—”avb] =1. (4.14)
The first identity of (4.14) gives
E [ea“’““*bl{mqb}} iR |:eabf)\7a,b1{7_a>7_b}:| =1,
and the second identity (4.14) gives

By solving these two equations for E [e*et1, 1] and E [e™ab1y, 1], we obtain
(4.13) which is the sum of these two terms. O

By using the martingale My, we have seen how convenient it is in computing the
Laplace transform of passage times. The Laplace transform can be used to compute mo-
ments very easily via differentiation. However, in many situations we are more interested
in the entire distribution than just in the Laplace transform, and inverting the Laplace
transform is often rather difficult.

In what follows, we are going to use the strong Markov property and the reflection
principle to directly compute distributions related to passage times. The results are more
general and powerful. For simplicity, we only consider the Brownian motion case without
drift. The case with drift is treated in Problem Sheet 4, Problem 6 by a very inspiring
and far-reaching method: change of measure.

Again we first consider the single barrier case.

Fort > 0, let S; = maxp<s<¢ Bs be the running maximum of Brownian motion up to
time t. We start by establishing a general formula for the joint distribution of (S}, By).
The distribution of passage times then follows easily.

Proposition 4.9. For any x,y > 0, we have

1 & u?
P(S; >z, Bi<z—y)=P(B;>z+y) = ﬁ/ﬂ e 2 du. (4.15)
7‘(’ €T
v

In particular, the joint density of (S, By) is given by

2(2x — a—y)?
P(S; € dz, By € dy) = (ztgy)e@ 7 dedy, >0, ¢ >y, (4.16)
s

and the density of T,, (x > 0) is given by

22
P(ry € dt) = e 26dt, t>0. (4.17)

2t
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Proof. Let B; be the reflection of B, at z defined by (4.6), and define S, accordingly.
From the reflection principle (c.f. Proposition 4.3), we know that B; is also a Brownian

motion. Together with the simple observation that {S; > z} = {gt > SL‘} we arrive at

P(S; zx, Bi<z—y) = P<§t>$a Btga:—y) Z]P’(StZﬂ?; Etgx—y)
= PSi>2z, Bezx+y) =PB>2x+y).
Therefore, (4.15) follows. Now (4.16) follows by differentiation, and (4.17) follows from
the fact that

P(r, <t) = P(St2x)=P(St >z, Be<z)+P(S: >z, B >x)
> x) +P(By > x) =2P(B, > ). (4.18)

O]

Remark 4.2. From the formula (4.15), it is not hard to show that for each ¢t > 0,
S; — By taw |B|, and 2S; — By taw |Bt(3)|, where Bt@ is the standard 3-dimensional
Brownian motion. What is much more remarkable is the fact that § — B 2 |B| and

law | 75 . . .
28 — B £ | B| as stochastic processes. This result is closely related to the study of local

times and excursion theory (c.f. Theorem 5.23 which we will not prove in this course).

The formula (4.15) also gives the marginal distribution of the absorbed Brownian
motion. Given = > 0, let Bf be a one dimensional Brownian motion starting at position
x. Define 7y to be the passage time of position 0 for Bf.

Corollary 4.2. Fort > 0, we have:
P(Bf € dy, 10> t) = pi(z,y) — pe(z, —y), y >0,
where pi(x,y) is the Brownian transition density defined by (4.1) for d = 1.

Proof. According to the formula (4.15), we have

Therefore,

Now the result follows from differentiation. O

Finally, we consider the double barrier case. This is much more involved than the
single barrier case.

Again let BY be a one dimensional Brownian motion starting at =, where 0 < x < a.
Define 79, = 70 A 74 to be the first exit time of the interval (0,a) by BY.
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Proposition 4.10. Fort > 0, we have:

oo
P(Bf € dy, 104 >t) = Z (pe(z,y + 2na) — p(x, —y — 2na))dy, 0<y<a.
n=-—00
(4.19)
In particular,
P(ry, € dt) ! i ((2 T a)e
T = — na+x)e 2t
O Vmtd
_ (2na+a—z)2

+(2na+a—x)e 2 > dt, t>0. (4.20)

Proof. Define oy = 0, 0y = 79, and for n > 1, define o, = inf{t > 0,,_1 : B; = a},
0, = inf{t > o, : B; = 0}. By using the reflection principle (indeed a slightly more
general version for the stopping time 6,,, but the proof is the same), we can see that for
every y > 0,

P(Bf >y, 0, <t)=P(B < —y, 0, <1).

But by the definition of o, and 6,,, we know that {Bf < —y, 0, < t} = {Bf <
—y, op < t}. Therefore, we have

P(Bf >y, 0 <t) =P(Bf < —y, on < 1). (4.21)
Similarly, for every y < a, we have
P(Bf <y, op <t)=P(Bf >22a—y, 0, <t)=P(B} >2a—y, 0,-1 <t). (422)

Now (4.21) and (4.22) can be used recursively in pair to obtain that for every 0 < y < a,

P(Bf 2y, On <t) = P(Bf <—y—2na),
P(Bf <y, o, <t) = P(B <y—2na)
By differentiation, we arrive at
P(Bf €dy, 0, <t) = pz,—y—2na)dy,
P(th € dyv On < t) = pt(:l"a Yy— Qna)dy, (423)

for 0 <y < a.

Symmetrically, we define 79 = 0, pg = 7, and for n > 1, define 7, = inf{t > p,—1 :
By = 0}, pp, = inf{t > m, : By = a}. By the same argument, we conclude that for
every 0 <y < a,

) = piz,—y+2(n+1)a)dy,
) = pi(x,y+ 2na)dy. (4.24)
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Now the key observation is that 6,,_1 V p,_1 = oy A, and o, V 7, = 0, A py, for
every n > 1, which can be seen easily by considering the cases 79 < 7, and 75 > 7.
Therefore, we have

P(B? € dy, 6o A po < t)

= P(Bf €dy, 0o <t)+P(Bf €dy, po<t)

P(BY € dy, 6oV po <)
<

<t)—
= P(Bf €dy, 6p <t)+P(Bf €dy, po<t)—P(Bf €dy, o1 Am <t)
— B(B} e dy. fo< 1)+ P(BF € dy, po <)~ P(BF € dy, o < 1)
—P(B} € dy, m <t)+P(Bf €dy, 61 Ap1 <)

By induction, we arrive at

n

P(Bf €dy, 6o Apo<t) = Y (P(Bf €dy, Op_y <t)+P(Bf €dy, pp1 <1t)

k=1
_P(Bf S dy? Ok < t) - P(Bf = dy? Tk < t))
+P(BY € dy, 0, A pn < t). (4.25)

Finally, to see that the last term vanishes as n — oo, first note that according to the
strong Markov property, both 6,, — o, and o, — 6,,_1 have the same distribution as the
passage time of a for a Brownian motion starting at the origin. In particular, according
to (4.11), the Laplace transforms of 6,, — 0,, and o, — 6,,_1 are both given by e—aV2A
Moreover,

On, =00+ (01 —00)+ (61 —01)+ -+ (00 — Op—1) + (6 — on)

is a sum of indepentent random variables. Therefore, the Laplace transform of 6, is given
2n

by e TV2A (e*“m> — o (z+2ma)V2A |y particular, ,, has the same distribution as
the passage time of = + 2na for a Brownian motion starting at the origin. From (4.18)
we conclude that

P, <t) =2P(B; > x + 2na) — 0
as n — oo. Similarly, lim,,_,o P(p, < t) = 0. Therefore,

lim P(BY € dy, 6, App <t)=0.

n—oo

Now (4.19) follows from substituting (4.23), (4.24) in (4.25), letting n — oo and rear-
ranging terms.

(4.20) follows from integrating over 0 < y < a in (4.19) and differentiating with
respect to t. ]

The careful reader might use (4.11) and (4.17) to conclude that

1 e (2na+x)2
L 2na+x)e” 2 dt (t>0 = Ele ™1l crn],

n=—oo

1 > (2na+a—z)2
L 2na+a—x)e” 2 dt (t>0 = Ele 1 10|,
[ /27Tt3 Z ( ) ( )] [ { a< 0}]

n=—oo
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where £ denotes the Laplace transform operator, and the expectations on the right hand
side are indeed computed in the proof of Proposition 4.8 by using martingale methods.
Therefore, we obtain the following corollary.

Corollary 4.3. We have:

1 © (2na+z)2
Plrp €dt, 0 <71g) = 2na + x)e” 2t dt,
( D = g X (ot
1 s (2na+a71)2
P(r, € dt, 7 <T0) = Z (2na+a—x)e” 2 dt, t>0.

Vo3

n=—oo

Remark 4.3. From the results obtained so far, we are indeed able to derive the distribu-
tions of Bf) . (the single barrier case) and B, . (the double barrier case) respectively
for given ¢t > 0.

4.5 Sample path properties: an overview

So far we have been dealing with distributional properties of Brownian motion. However,
the study of sample path properties of Brownian motion is also a huge and important
topic, in which we may find a variety of interesting and striking results. As we are mainly
interested in the probabilistic side in this course, we will only give an overview on the
basic results along this direction. We do give a detailed proof of the fact that almost
every Brownian sample path has infinite p-variation (1 < p < 2) on every finite interval.
This reveals the fundamental obstacle to expecting a classical deterministic theory of
differential calculus for Brownian motion.

We assume that B; is a one dimensional Brownian motion.

1. Oscillations

We know from Problem Sheet 2, Problem 2, (2) that with probability one, the
Brownian motion is y-Hélder continuous on every finite interval for 0 < v < 1/2, and it
fails to be so if v = 1/2. It is very natural to ask what is the precise rate of oscillation
for Brownian motion.

At every given point t > 0, the exact rate of oscillation is given by Khinchin in his
celebrated law of the iterated logarithm.

Theorem 4.5. Let p(h) = /2hloglog1/h (h > 0). Then for every given t > 0, we

have:
P limsupM =1]=1
h10 w(h)

It is far from being true that Khinchin's law of the iterated logarithm holds uniformly
in ¢ with probability one. Indeed, it is Lévy who discovered the exact modulus of continuity
for Brownian motion.
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Theorem 4.6. Let ¢(h) = y/2hlog1/h (h > 0). Then for every T > 0, we have:

B;—B
P | limsup sup le =1.

no  o<s<t<r  Y(h)
t—s<h
The curious reader might wonder how big the gap is between Khinchin's law of the
iterated logarithm and Lévy's modulus of continuity theorem. Indeed, the set of times at
which Khinchin's law of the iterated logarithm fails is much larger than we can imagine:
with probability one, the random set

. By, — By
te[0,1]: limsup ———— =1
{ 0.1] wo () }

is uncountable and dense in [0, 1], and random the set

. Biyn — By
te|0,1]: limsup ————— = ©
{ [ } hl0 SO(h) }

has Hausdorff dimension one (c.f. [6]).

2. lrregularity

If this is the first time that we encounter Brownian motion, it is really hard to believe
how irregular a Brownian sample path can be.

Theorem 4.7. With probability one, the following properties hold:

(1) t — Bi(w) is nowhere differentiable;

(2) the set of local maximum points for t — By(w) is countable and dense in [0, c0),
and every local maximum is a strict local maximum;

(3) t — Bi(w) has no points of increase (t is a point of increase of a path x if there
exists § > 0, such that xs < xy < x,, forall s € (t — )", t) and u € (t,t +9));

(4) for given x € R, the level set {t > 0 : By(w) = '} is closed,unbounded, with
zero Lebesgue measure, and does not contain isolated points.

3. The p-variation of Brownian motion
Let z : [0,00) — (E, p) be a continuous path in some metric space (E, p). Recall
that for p > 1, the p-variation of = over [s,t] is define to be

1
P

H$||p—var;[s,t] = Sl7l;p (Z p(xtkl’xtk)p) )
k

where the supremum runs over all finite partitions P of [s, t].
We first show that B; has finite 2-variation (or finite quadratic variation) on any
finite interval in certain probabilistic sense.
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Proposition 4.11. Givent > 0, let P, : 0=ty <t} <--- <t} =1 be a sequence
of finite partitions of [0,t] such that mesh(P,) — 0 as n — co. Then

mMn
. 2 _ 4 .72
nh_)ng@ E (Bin — Bp_ )* =1t in L”.
k=1

If we further assume that 2  mesh(P,) < oo, then the convergence holds almost
surely.

Proof. Since B has independent increments, we have

Mn 2 mn 2
E (Z (Btn — By 1)2 . t> - E (Z ((Btn — By 1)2 - t};‘l)>>
k=1 k=1
mn 2 2
= ;-E <<Bt2 - Btzfl) —_ (tk — tk—l)) ]

Mn
= 2
k=1

< 2t -mesh(P,), (4.26)

where we have also used the fact that B, — B, ~ N(0,v — u) for u < v and E[Y*] =

3 (IE[YQ])2 for a centered Gaussian random variable Y. The L2-convergence then follows
immediately from (4.26). If we further assume that > ° | mesh(P,) < oo, then by the
Chebyshev inequality and (4.26), we conclude that

> 8) < o0

> 2
> (|35 (g - 2 -
n=1 k=1
for every € > 0. The almost sure convergence then follows from the Borel-Cantelli lemma.
O

Proposition 4.11 enables us to prove the following sample path property, which puts
a serious negative effect to the theory.

Corollary 4.4. For every 1 < p < 2, with probability one, B; has infinite p-variation on
every finite interval [s, t].

Proof. Given any finite partition P: s =ty <t; < --- <t, =t of [s,t], we know that

Z‘Btk Btk 1 < <ml?‘x}Btk Btk 1 2 p> Z{Btk Btk 1

27
< Q%MBQ—&kaﬁuugmmﬂ (a27)
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If we take a sequence of finite partitions P,, of [s, t] such that >~ ; mesh(P,) < oo, by
Proposition 4.11 and the continuity of Brownian motion, we know that with probability
one, the left hand side of (4.27) converges to t — s > 0 and the first term on the right
hand side of (4.27) converges to zero. Therefore, || B|,_var[s) = 00 almost surely. To
see that the statement is uniform with respect to all [s,t], we only need to run over all
possible s,t € Q. O

Remark 4.4. From the local Holder continuity of Brownian sample paths, it is easy to
see that for every p > 2, with probability one, B; has finite p-variation on every finite
interval. However, on the borderline p = 2, the fact that ||B|la_yar;s,y = 0o almost
surely is much harder to establish (c.f. [3]).

The result of Corollary 4.4 destroys any hope of establishing a pathwise theory of inte-
gration and differential equations for Brownian motion in the classical sense of Lebesgue-
Stieltjes (p = 1) or Young (1 < p < 2). It is indeed the fact that B, and B? —t are both
martingales leads us to the realm of It8’s calculus, an elegant L?-theory of stochastic
integration and differential equations, which has profound impacts on pure and applied
mathematics.
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5 Stochastic integration

In this section, we develop 1t8’s theory of stochastic integration. As we have seen in the
last section, the sample path properties of Brownina motion force us to deviate from the
classical approach, and we should look for a more probabilistic counterpart of calculus
in the context of Brownian motion, or more generally, of continuous semimartingales. A
price to pay is that differentiation is no longer meaningful, and everything is understood
in an integral sense. The core result in the theory is the renowed Itd's formula—a gen-
eral change of variable formula for continuous semimartingales which is fumdamentally
differential from the classical one. We will see a long series of exciting and important
applications of 1t8's formula in the rest of our study.

Through out the rest of this section, unless otherwise stated, we always assume that
(Q, F,P;{F:}) is a filtered probability space which satisfies the usual conditions. All
stochastic processes are defined on this setting.

5.1 L?*-bounded martingales and the bracket process

Taking a functional analytic viewpoint, the key ingredient to establishing Itd's integration
is the use of a Hilbert structure and isometry. Hence we start with the study of L2-
bounded martingales.

Definition 5.1. A cadlag martingale {M;, F;} is called an L?-bounded martingale if

sup E[M?] < oo.
>0

The space of L2-bounded martingales is denoted by H2. We use H? (H?, respectively)
to denote the subspace of L?-bounded continuous martingales (vanishing at ¢ = 0,
respectively).

It is immediate that an L2?-bounded martingale {M;, F;} is uniformly integrable.
Therefore, M; converges to some My, € Fa, almost surely and in L', and we have

M; = E[Moo|Fi]. (5.1)

Moreover, from Problem Sheet 3, Problem 3, we know that the convergence holds in L?
as well. Therefore, the relation (5.1) sets up a one-to-one correspondence between H?>
(modulo indistinguishability) and L?(€2, Foo, P).

Proposition 5.1. The space H? (modulo indistinguishability) is a Hilbert space when
equipped with the inner product

(M, N)g £ E[MN], M,N cH.

The space H? is a closed subspace of H?.
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Proof. The first claim follows simply because L?(), Fo,P) is a Hilbert space. To prove
the second claim, let M (™ be a sequence of L2-bounded continuous martingales con-
verging to some M € H? under the H2-metric. An application of Doob’s LP-inequality
with p = 2 (c.f Corollary 3.3 and Section 3.5) shows that

2
L2’

2

E [(sup )Mt(”) _ MtD ] <4 HMOQ}) - Mm‘
=0

In particular, along a subsequence M (%) we know that with probability one, Mt(nk)

converges to M; uniformly in ¢t as k — oo. This shows that M; is continuous. O

In this course, we will only focus on the continuous situation.

Lemma 5.1. Let {M;, F;} be a continuous martingale such that with probability one,
the sample paths of M; has bounded variation on every finite interval. Then M; = M,
for all t.

Proof. By considering M;— My we may assume that My = 0. Let V; = || M| _yar;[0, be
the one variation process of M;. We first consider the case when V; is uniformly bounded
by some constant C' > 0. In this case, for a given finite partition P of [0,¢], we have

BMZ = SCEMZ - M2 = SOE((M;, — M,,,)?
i€P 1€P
< B |Viomgxlah, - iyl < CE |max |t~ | (52)

Since M is continuous, from the dominated convergence theorem we know that the right
hand side of (5.2) converges to zero as mesh(P) — 0. Therefore, M; = 0.

In the general case, let 7, = inf{¢t > 0 : V; > n}. Then 7, is an {F;}-stopping
time with 7, T oo almost surely. From Problem Sheet 3, Problem 1, (1), we know that
the stopped process M;" = M, »; is an {J;}-martingale whose one variation process is

7

bounded by n. Therefore, M;™ = 0. By letting n — oo, we conclude that M; =0. O

The following result plays a fundamental role in establishing an L2-theory of stochastic
integration.

Theorem 5.1. Let M € HZ. Then there exists a unique (up to indistinguishability) con-
tinuous, {F;}-adapted process (M), which vanishes at t = 0 and has bounded variation
on every finite interval, such that M2 — (M), is an {JF;}-martingale.

Proof. We first prove uniqueness. Suppose A; and A} are two such processes. Then
{A} — A, Fi} is a continuous martingale with bounded variation on every finite interval.
According to Lemma 5.1, we conclude that A = A’.

Since { M?, F;} is a non-negative and continuous submartingale, from Problem Sheet
3, Problem 7, (1), we know that M2 is of class (DL) and regular (c.f. Definition 3.12 and
Definition 3.13). The existence of (M); then follows immediately from the Doob-Meyer
decomposition theorem (c.f Theorem 3.13) and Theorem 3.14. O
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It is immediate to see that (M), is an increasing process in the sense of Definition
3.10 and || M|z = VE[(M)oo] < 00 for M € HZ.

Definition 5.2. The process (M ); defined in Theorem 5.1 is called the quadratic variation
process of M;.

In general, the class HJ is too restrictive to serve our study in many interesting
situations. It is unnatural to impose a priori integrability conditions on the process we
are considering. To extend our study, it is important to have some kind of localization
method. We have already seen this in the proof of Lemma 5.1.

Definition 5.3. A continuous, {F;}-adapted process M; is called a continuous local
martingale if there exists a sequence 7,, of {F;}-stopping times such that 7,, T oo almost
surely, and the stopped process (M — My);* & M, ar — My is an {F;}-martingale

for every n. We use M'¢ (M€, respectively) to denote the space of continuous local
martingales (vanishing at ¢ = 0, respectively).

Remark 5.1. If M, is a continuous, {F;}-adapted process vanishing at ¢t = 0, we can
define a sequence of finite {F; }-stopping times by o, = inf{t > 0: |M;| > n}An. Itis
obvious that o, 1 co almost surely. If M € M%JOC with a localization sequence 7,, then
M{""™ is a bounded {F;}-martingale for each n. Therefore, for M € M, whenever
convenient, it is not harmful to assume that the stopped martingale A in Definition
5.3 is bounded for each n.

From the definition, it is easy to see that M!° is a vector space. Moreover, if
{M;, F;} is a continuous local martingale and 7 is an {F;}-stopping time, then the
stopped process M is also a continuous local martingale.

Every continuous martingale is a continuous local martingale (simply take 7,, = n).
However, we must point out that a continuous local martingale can fail to be a martingale,
even if we impose strong integrability conditions (for instance, exponential integrability
or uniform integrability). We will encounter important examples of continuous local
martingales which are not martingales in the study of stochastic differential equations.

The following result gives us a simple idea about the relationships between local
martingales and martingales. The proof is easy and hence omitted.

Proposition 5.2. A non-negative, integrable, continuous local martingale is a super-
martingale. A continuous local martingale is a martingale if and only if it is of class
(DL).

By certain localization argument, we can also define the quadratic variation of a local
martinagle M € M°.

Theorem 5.2. Let M € MY°. Then there exists a unique (up to indistinguishability)
continuous, {F;}-adapted process (M ); which vanishes at t = 0 and has bounded vari-
ation on every finite interval, such that M? — (M) € M{°. The sample paths of the
process (M) are indeed increasing.

73



Proof. We first prove existence.

According to Remark 5.1, we may assume that there exists a sequence 7, of finite
{Fi}-stopping times such that 7, T oo almost surely and M/™ is a bounded {F;}-
martingale vanishing at ¢ = 0 for each n. According to Theorem 5.1, we can define the
quadratic variation process (M™); for M[™ such that (M;")? — (M™); is an {F;}-
martingale.

Now we know that MTQHHATHM — (MT+1) o ng = M2 o — (M™+1) .y and M2\, —

(M7 ); are both {F;}-martingales. By Lemma 5.1, with probability one, we have
<M7-n+1>7—n/\t = <M7—">t, Yt > 0.

In other words, (M™+1); = (M™); on [0, 7,]. This enables us to define a continuous,
{Fi}-adapted process (M); = lim,, ,o(M™); which vanishes at ¢ = 0 and obviously
has increasing sample paths. Moreover, since (M), r¢ = (M™);, we conclude that
M2\, — (M)r, a is an {F;}-martingale. Therefore, M? — (M) € M{©.

The uniqueness of (M), follows from the fact that Lemma 5.1 holds for continuous

local martingales as well, which can be easily shown by a similar localization argument.
O

For M € M%)OC, the process (M), is also called the quadratic variation process of
Mt.

In the intrinsic characterization of stochastic integrals as we will see later on, it is
important to consider more generally the “bracket” of two local martingales.

Let M, N € Mic. Define

<M,N>t:%((M+N>t—<M—N>t).

Since M{P¢ is a vector space, we can see that (M, N); is the unique (up to indistin-
guishability) continuous, {F;}-adapted process which vanishes at t = 0 and has bounded
variation on every finite interval, such that M - N — (M, N) € M.

Definition 5.4. For M, N € M{°, the process (M, N); is called the bracket process of
M and N.

The bracket process is compatible with localization.
Proposition 5.3. Let M, N € M° and let T be an {F;}-stopping time. Then
(MT,N7) =(M",N) = (M,N)".

Proof. The fact that (M7, N7) = (M, N)" follows from the stability of M under
stopping and the uniqueness property of the bracket process. To see the other identity,
it suffices to show that M7 (N — N7) € M. By localization along a suitable sequence
of {F;}-stopping times, we may assume that M, N are both bounded {F;}-martingales.
In this case, for s < t, we have

E[Mrni(Nt — Nepe)|Fs] = E[MT/\tl{TSS}(Nt = None) | Fs]
+E[MT/\t1{T>S}(Nt - NT/\t)"FS]'
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The first term equals

E[MT/\sl{Tgs}(Nt - NT/\t)’]:s] - MT/\sl{Tgs}E[Nt - NT/\t‘-Fs]
= MT/\sl{Tgs}(Ns - NT/\S)
- MT/\S(NS - NT/\S)'

The second term equals

E[MT/\t]-{7—>s}(Nt - NT/\t)|]:T/\s] = E [E{MT/\t]-{T>s}(Nt - NT/\t)‘fT/\t”fT/\S]
= E [MT/\t]-{7—>s}E[Nt - NT/\t|FT/\t]|~7:T/\S]
= 0
Therefore, M (N; — N[ ) is an {F;}-martingale. O

The bracket process behaves pretty much like an inner product. Indeed, we have the
following simple but useful properties.

Proposition 5.4. Let M, My, My € M, and let o, 3 € R'. Then with probability
one, we have:

(1) <C¥M1 + ,BMQ,M> = 04<M1,M> + B<M2,M>;

(2) (My, M) = (My, M1);

(3) (M, M) = (M) >0, and (M) = 0 if and only if M = 0.

Proof. We only prove the last part of (3). All the rest assertions are straight forward
applications of the uniqueness property of the bracket process. Suppose that (M) = 0. It
follows that M2 € M°. Let 7, be a sequence of {F;}-stopping times such that 7, 1 0o
almost surely and (M?)]" is a bounded {F;}-martingale. Then we have E[M? /] =
E[Mg] = 0 for any given t > 0, which implies that M, »; = 0. By letting n — oo, we
conclude that M; = 0. O

In exactly the same way as for inner products, Proposition 5.4 enables us to prove
the following Cauchy-Schwarz inequality.

Proposition 5.5. Let M, N € M°. Then |(M, N)| < (M)Y/?.(N)'/? almost surely.
More generally, with probability one, we have:

D=

(M, N = (M, N)y| < (M) = (M);)2 - (N}, = (N)s)%, Y0<s<t (53)

What is really useful for us is the following extension of inequality (5.3).

Proposition 5.6 (The Kunita-Watanabe inequality). Let M, N € MY, and let X;,Y;
be two stochastic processes which have measurable sample paths almost surely. Then
with probability one, we have:

N

/Ot’XsHYs|d||<M,N>Hs<</0tX§d<M)S> .</OtY82d(N)S>§, V>0, (5.4)

where ||(M, N)||¢ denotes the total variation process of (M, N);.
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Proof. We may assume that the right hand side of (5.4) is always finite, otherwise there
is nothing to prove.

Define )
§(<M>t + (N)t), t = 0.

From (5.3), we know that with probability one, the measures d||(M, N)||;, d(M); and
d(N); are all absolutely continuous with respect to dy;. Therefore, we may write

Yt =

(M, N)y(w) = / f1 (1, 0)dipu (@),

for some measurable functions f;(t,w) (i = 1,2, 3).
Therefore, according to Proposition 5.4, for each pair (a, 3) of rational numbers,
there exists €, g € F with P(Q, 3) = 1, such that for every w € Q, 3, we have:

0 < (aM+fBN);— (aM + SN)
t
- / (02 ol ) + 208 f1(u, ) + B f3(u, ) dpu(w), VO < s < L.

This implies that there exists some T, g(w) € B([0,00)) depending on w and (a, ),
such that fT ) dpu(w) =0 and

® fo(t,w) + 2aBf1(t,w) + B2 f3(t,w) = 0 (5.5)
is true for all ¢ §é To p(w).

Now take Q = N(a, B)GQQQaﬁ and T(w) = U(a,8)cq?Ta,p(w) for every w € Q. It
follows that (5.5) is true for w € Q, ¢ ¢ T(w) and (o, 8) € Q2 (thus for all (v, 3) € R2).
Fix such w and ¢, replace o by a|X;(w)| and 3 by |Y;(w)]| - sgn(f1(¢,w)) respectively, we
obtain that

| Xy (W) fat, w) + 20| Xe(w)] - [Ya(w)] - [ fr(t, w)] + [Ye(w)[* f3(t,w) = 0
foreveryw € Q,t € T and o € RL.

Inequality (5.4) then follows from integrating against dy;(w) and optimizing «. [

Now we illustrate the reason why (M), is called the quadratic variation process of
M;.

Proposition 5.7. Let M € M°. Givent > 0, let P,, be a sequence of finite partitions
over [0, t] such that mesh(P,,) — 0. Then

Z (M, — My, )* — (M), in probability
ti€Pn
asn — 0o.
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Proof. To simplify the notation, for t; € P,,, we write A’M £ M;,—M;, | and AY(M) =
<M>t¢ - <M>t¢71~

We first assume that M and (M) are both uniformly bounded by some constant K.
In this case, M; and M? — (M), are both martinagles. Now we show that

> (AM)? = (M),

i

in L? as mesh(P,,) — 0. Indeed, we have:

2 2

|-l |
= Y E[(a'M)? - a'0n)’]

2 (ZE [(A'M)1] + ZE [(N(M>)2]> ,

where the second equality follows from the fact that

E || (A'M)? — (M),

(2

> ((A'M)* — AY(M))

%

N

E[((A'M)? = AYM))((ATM)? = A(M))] = 0

for ¢ # j, which can be easily shown by conditioning.
On the one hand, since (M) is continuous, we have

Z(N‘(M»? < (M), - max AYM) <K - m?XMM) -0

as mesh(P,,) — 0. According to the dominated convergence theorem, we see that
Y E[(AY(M))? =0
i

as mesh(P,,) — 0.
On the other hand,

D (ATM)* < (Z(AiMF) -max(A*M)?, (5.6)

1

1

(2

and thus

N[
1=

SE[(AM)] < (E

<Z(NM )2> 2] ) . (]E [m?x(AiM)zl} ) )

2
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We first show that E[(>",(A?M)?)?] is uniformly bounded. Indeed,

2
E (Z(AiMP) =Y E(A'M)Y]+2) > E(AM)>*(ATM)?]. (5.8)

i i j>i

Since E[}",(A'M)?] = E[M?] < K?, from (5.6) we can easily see that >, E[(A*M)%] <
4K*. Moreover, by conditioning we can also see that the second term of (5.8) equals

23 E[(A'M)*(M? — M2)] < 2K*> E[(A'M)?] < 2K*

)

Therefore, E[(>,(A"M)?)?] < 6K*. Applying the dominated convergence theorem to
(5.7), we obtain that

> E[(A'M)Y] =0

as mesh(P,,) — 0.
Therefore, we conclude that

> (A'M)? — (M),

%

in L? as mesh(P,,) — 0.
Coming back to the local martingale situation, we again apply a localization argument.
Let 7,, be a sequence of { F; }-stopping times increasing to co such that M;™ is a bounded
{Fi}-martingale and (M™™), is bounded. Given § > 0, there exists m > 1 such that
P(7,, < t) < 4. For this particular m, we have
>€)

d
< P(rn <) +P ( S AM)? (M),

)

D (AM)? — (M),

i

> g, Tm>t>
>g).

Since L? convergence implies convergence in probability, by applying what we just proved
in the bounded case, we obtain that

Z(AiMTm)Q _ <MTm>t

(2

< 5+P<

limsup P ( Z(A’AM)2 — (M) > 5) < 0.
As § is arbitrary, we get the desired convergence in probability. O
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Combining the existence of quadratic variation in the sense of Prosposition 5.7 and the
global positive definiteness of the quadradic variation process in the sense of Proposition
5.4, (3), we can further show the following local positive definiteness property.

Proposition 5.8. Let M € M°°. Then there exists a P-null set N, such that for every
w € N€ we have
My =M, Vtea,b] < (M), = (M)y,

for each a < b.

Proof. First of all, since convergence in probability implies almost sure convergence along
a subsequence, according to Proposition 5.7, we can see that for each given pair of rational
numbers p < g, there exists a P-null set IV, 4, such that for every w ¢ N,, 4, we have

My(w) = My(w) Vt € [p,q] = (M)p(w) = (M)q(w).

Take N1 £ Up e pcgNpg- Given any w ¢ Ny and a < b, if My(w) = My(w) on
[a, b], then the same holds on any subinterval [p,q] C [a,b] with p,q € Q. Therefore,
(M)p(w) = (M)q(w). By the continuity of ¢ — (M);(w), we conclude that (M), (w) =
(M)p(w). This is true for arbitrary a < b.

To see the other direction, first assume that M; is a bounded {F;}-martinagale. For

each g € Q, define J\Aft = M;yq—Mgyand Gy = Fiiy. Then {]\Z, Qt} is a martingale with
quaratic variation process <J\7> = (M)1q— (M), Let 7, £ inf {t >0: <J\7> > ()} .
t t

It follows that <M7q> - <M>T" = 0, and thus M7 = 0 by Proposition 5.4, (3).
In particular, for every w outside some P-null set N, we have M;(w) = M,(w) for
every t € [q,q + T4(w)]. Let Ny £ U,eq+N,. Given w ¢ Ny and a < b, suppose that
(M)q(w) = (M)p(w). Then for any ¢ € (a,b), (M)y(w) = (M)p(w). This implies that
Tq(w) = b —q. In particular, M;(w) = My(w) for every t € [g,b]. This is true for every
q € (a,b). By the continuity of ¢t — M;(w), we conclude that M;(w) = M,(w) on [a, b].

Therefore, the result of the proposition is proved for the case of bounded martingales.
For a general M € M°, let 7, be a sequence of {F;}-stopping times such that 7, 1 co
almost surely, and M;™ is a bounded {F;}-martingale for every n. Then there exists a
P-null set N, for each n, such that outside IV, the result holds for the martingale M, ™.
By taking N £ U2 | N,,, we know that outside N the result holds for M;. O

5.2 Stochastic integrals

The most natural way of defining the integral [ ®;dB; for a stochastic process ®; and a
Brownian motion By is to consider the Riemann sum approximation > . @, (B, — By, )
for a given partition P, where u; € [t;_1,t;]. However, as mesh(P) — 0, we can not
expect that the Riemnann sum would converge in a pathwise sense due to the fact that
sample paths of B; have infinite 1-variation on every finite interval. If instead we look
for convergence in some probabilistic sense, we have to be careful about the choice of w;.
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Suppose that ®; is uniformly bounded and {F;}-adapted. If we choose u; = t;_1
(the left endpoint), nice things will occur: for m > n,

m
E Z (@tifl(Bti - Bti71)|ftn
i=1

n m
= Z Py, (Bt, — Bi_y) + Z E [E[q)tiﬂ(Bti - Bt¢71)|fti71]|ftn}
=1 i=n+1

n
= Z Py, (Bt, — Bt,_,)-
i=1

This suggests that we might look for a construction under which [ ®;dB; is a martingale.
Another observation is that

n 2 n
E (Z Py, (B, — Bt¢1)) =E [Z o7 (ti— til)] :
=1 =1

This suggests that if we define a norm on @ by ||®||z = (E[[ @%dt])lp, then the
integration map ® — [ ®;dB; should be an isometry into L?. Therefore, it sheds light on
constructing stochastic integrals through a functional analytic approach (more precisely,
a Hilbert space approach).

A technical point is to identify suitable functional spaces on which the integration map
is to be built. To make sure [ ®;dB; will again be {F;}-adapted, a natural measurability
condition on ®; is progressive measurability (c.f. Definition 2.7).

It is remarkable that 1td already had this deep insight in his original construction of
stochastic integrals before Doob’s martingale theory was available. The more intrinsic
approach within the martingale framework that we are going to present here is due to
Kunita-Watanabe.

Suppose that M € H? is an L%-bounded continuous martingale vanishing at ¢t = 0
(c.f. Definition 5.1).

Define £2(M) to be the space of progressively measurable processes ®; such that

ot = (2| [~ otaon,|)" <. (5.9)
If we define a measure Py; on ([0, 00) x 2, B([0,00)) ® F) by
Py (A) £ E [/Oo 1A(t,w)d(M>t(w)] , Ae B([0,00)) @ F,
0

then £2(M) is just the space of IP);-square integrable, progressively measurable processes.
Note that P); is a finite measure since M € HZ. Define L?(M) to be the space of Py,-
equivalence classes of elements in £2(M).
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Remark 5.2. We will adopt the convention of not being very careful in distinguishing
between a process and its equivalence class. It will be clear that if ®, ¥ are equivalent,
then [ ®:dM;, [ W.dM, are indistinguishable.

Lemma 5.2. (L3(M),| - |la) is a Hilbert space.

Proof. The only thing which is not immediately clear is the progressive measurability
for a limit process. Let ®(™ be a sequence in £2(M) converging to some measurable
process ® under || - |[5;. Along a subsequence ®("%) we know that the set {(t,w) :

limy_ o0 @g"k)(w) # ®y(w)} is a Pys-null set. In general, ®; might not be progressively
measurable. But the process 14, where

A2 {(tw): klgilo <I>§”k)(w) exists finitely},

is easily seen to be progressively measurale. Moreover, the process ¥ £ lim sup,, . ®().
1,4 is Pps-equivalent to @. Since ®(") is progressively measurable for each k, we conclude
that W is progressively measurable. O

The construction of stochastic integrals with respect to M is contained in the fol-
lowing result.

Theorem 5.3. For each ® € L?(M), there exists a unique I (®) € H2 (up to indis-
tinguishability), such that for any N € HZ,

(IM(®),N) = ® o (M, N), (5.10)

where o (M, N) denotes the integral process fg ®,d(M, N)s, defined pathwisely. More-
over, the map IM . & s I™M (®) defines a linear isometry from L?(M) into HZ.

Proof. We first prove uniqueness. Suppose that X,Y € HZ both satisfy (5.10). It
follows that
(Y —X,N)=0, VN ¢ H;.

In particular, by taking N =Y — X, we know that (Y — X) = 0. Therefore, X =Y.
Now we show existence. Given ® € L2(M), define a linear functional F® on HZ by

F®(N)AE [/ yd(M, N>t] , N H.
0
According to the Kunita-Watanabe inequality (c.f. (5.4)), we have

([ <I>§d<M>t>é (W)

Therefore, by the Cauchy-Schwarz inequality, we have

8m>~

/ ed(M, N),
0

NI

o) < (B| [ @tan,) ) Bl = 19l ¥
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In particular, F'® defines a bounded linear functional on Hg. It follows from the Riesz
representation theorem that there exists X € HZ, such that

F®(N) = (X, N)y = E[XoNo|, VN € HZ. (5.11)

To establish (5.10) for X, suppose that 7 is an arbitrary {F;}-stopping time. Then
for any N € HZ, we have

E[X,N,] = E[E[Xo0|F/]N;] = E[XsoN,].

Note that N7 € H and N, = NI . Therefore, according to (5.11) and Proposition 5.3,
we arrive at

E[X,N,] = E[X,N.]=F®N")=E [/OOO ®yd(M, NT)t]

= E [/OOO ®,d(M, N>[] —E [/OT ®,d(M, N)t] .

By Problem Sheet 3, Problem 1, (2), we conclude that X N —®e (M, N is a martingale,
which implies (5.10).

It is apparent that the map I : ® — X = I™(®) is linear. Moreover, from (5.11)
and (5.10), we have:

X1 = 50x2] =5 | [T eator ] = | [T a0 = 1ol

Therefore, I is a linear isometry from L?(M) into HZ. O

Definition 5.5. For ® € L2(M), I™(®) is called the stochastic integral of ® with
respect to M. As a stochastic process, 1M (®); is also denoted as fot bsdM;. The map
IM . [2(M) — HZ is called the stochastic integration map.

The reason why I™ is called the stochastic integration map is the following. Let ®;
be a stochastic process of the form

o0
@ = (I)O].{O} + Z Qti—ll(tifl,ti]’
i=1
where 0 =ty < t; < -+- < t, < --- is a partition of [0,00), ®;, is {F;, }-measurable
for each n, and they are uniformly bounded by some constant C' > 0. Then ® € L?(M)
and

n—1

t
/ OodM, =Y O (My, — My,_,) + By, (My — My,_), tE [ta1,tn). (5.12)
0 i=1

The proof follows easily by computing the bracket with N € HZ of the right hand side
of (5.12), which is left as an exercise.
Now we present some basic properties of stochastic integrals.
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Proposition 5.9. Let M, N € HZ and let ® € L*(M),V € L*(N) respectively. Sup-
pose that o < 7 are two {F;}-stopping times. Then we have:

(1)
E [IM(®)ipr — IM (U)ipo|Fs] = 0.

(2)
E [(IM(®@)inr — I (®)tpo) IV (V) inr — IV (V)ino)| Fo ]

tAT
_ ]E[/ B, W, d(M, NYo|F, | .
t

No

Proof. The result follows easily from applying the optional sampling theorem to the
underlying martinagles stopped at ¢t. Note that

(IM(@), IN(V)) = @ o (M, IV(T)) = (D) o (M, N).
O

Remark 5.3. 0 = s <17 =1tor M = N are important special cases of Proposition 5.9.
In particular, (IM(®)) = ®% o (M).

The next property is associativity.

Proposition 5.10. Let M € H?2. Suppose that ® € L*(M) and ¥ € L?(IM (®)). Then
U@ e L2(M) and IM(Ud) = [T (®) ().

Proof. Since <IM(<I>)>t = fot ®2d(M)sand ¥ € L2(IM(®)), we see that U-& € L2(M).
Moreover, for every N € Hj, we have
(IM(T®),N) = (Ud)e(M,N)="Te(de(MN))
= we ((IM(@),N)) = (1" ®(w), N ).

Therefore, IM (U®) = 17"(®)(w). O
The associativity enables us to show compatibility with stopping easily.

Proposition 5.11. Let 7 be an {F;}-stopping time. Then for M € H§ and ® € L*(M),
we have
(@) = M(@1).,) = 1M (&7) = 1M ()7,

Proof. Firstly, observe that 1j ;) € L?(M) and I™(1p ;) = M" (note that the pro-
cess (t,w) > 1y, (t) is progressively measurable). Moreover, it is apparent that
®,®™ € L?(MT). Therefore, the first equality follows from Proposition 5.10, and the
other inequalities follow from taking bracket with N € HZ. O

So far our stochastic integration does not even cover the case of Brownian motion, as
the Brownian motion is not bounded in L2. The way to enlarging our scope of stochastic
integration is localization.
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Definition 5.6. Let M € M be a continuous local martingale vanishing at t = 0. We
use LIQOC(M) to denote the space of progressively measurable processes X, such that
with probability one,
t
/ ®2d(M), < 00, Vt=0.
0

We aim at defining the stochastic integral I (®) € M© for ® € L2 (M). This is
contained in the following theorem.

Theorem 5.4. Let M € M and let & € L2 (M). Then there exists a unique I (®) €
M such that for any N € M°¢, we have

(IM(®),N) = ® e (M, N), (5.13)

where the integral process ® e (M, N) is finitely almost surely according to the Kunita-
Watanabe inequality (c.f. (5.4)).

Proof. Uniqueness is obvious.
Now we show existence. For n > 1, define

t
Tn:inf{t20: ]Mt|>nor/§>§d<]\/[>s>n}.
0

Then 7, is a sequence of {F; }-stopping times such that 7, 1 oo almost surely. Moreover,
for each n, we have M™ € HZ and ®™ € L*(M™). Therefore, X(") £ [M™ (&™) ¢
H02 is well-defined. According to Proposition 5.11, we know that

(X(n+1)>7—n _ I]\/[Tn (@Tn) _ X(n) (514)
This implies that we can define a process X; on [0, c0) such that X; = Xt(n) on [0, 7, ).
It is apparent that X, is continuous and {F;}-adapted. From (5.14) we also know that
Xt(n) = const. for t > 7,. Therefore, X™» = X (). This implies that X € M °. Finally,

to see (5.13), let N € HZ (the general case where N € M follows easily by further
localizing N to be bounded). Then

t T/t
(X, N = (X, NY, = / ST d(M™, N, = / Byd(M, N),
0 0

for every n. (5.13) follows from letting n — oo. O

Remark 5.4. For M € M, we can define the space L?>(M) C L2 (M) in the same
way as (5.9). Exactly the same proof of Theorem 5.3 allows us to conclude that for each
® € L?(M), there exists a unique X € H satisfying the characterizing property (5.10).
The map ® — X is a linear isometry from L?(M) into HZ. This part has nothing to do
with the martingale property of M. Of course X coincides with I (®) which is defined
in Theorem 5.4 in the sense of local martingales.
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Although the stochastic integral 1M (®) is constructed from a global point of view,
we also have the following local property.

Proposition 5.12. Let M € M and let ® € L2 _(M). Then there exists a P-null set
N, such that for every w € N°€,

®; =0or My = M, on [a,b] = IM(®), = IM(®), on [a,D]
for each a < b.

Proof. The result is a direct consequence of Proposition 5.8 and the fact that (I (®)) =
2 o (M). O

As we will see in the next subsection, if M is a local martingale and f is a nice function,
f(M) is in general not a local martingale, but it is a local martingale (a stochastic
integral) plus a process with bounded variation. Moreover, in the study of stochastic
differential equations, we also consider systems having such a general decomposition,
namely dX; = pu(X;)dt + o(X;)dB;. Therefore, it is necessary to further extend our
scope of integration.

Definition 5.7. A continuous, {F;}-adapted process X; is called a continuous semi-
martingale if it has the decomposition

Xy = Xo+ M, + Ay, (5.15)

where M € MY is a continuous local martingale vanishing at ¢t = 0, and A, is a
continuous, {F;}-adapted process such that with probability one, Ap(w) = 0 and ¢
A¢(w) has bounded variation on every finite interval.

Given two continuous semimartingales X; = Xo+M;+A; and Y; = Yo+ N+ By, the
bracket process of X and Y is (X,Y); = (M, N);, and the gradratic variation process
of X is (X)y = (M),.

It is apparent that the decomposition (5.15) for a continuous semimartingale is unique.
Moreover, the quadratic variation process also satisfies Proposition 5.7.

When we talk about stochastic integrals with respect to continuous semimartingales,
it is convenient to have a universal class of integrands which is independent of the
underlying semimartingales.

Definition 5.8. A progressively measurable process ®@; is called locally bounded if there
exists a sequence T, of {F;}-stopping times increasing to infinity and positive constants
C,,, such that

|| < Cp, V>0,

for every n > 1.

It is apparent that every continuous, {F;}-adapted process ®; with bounded ® is
locally bounded. Indeed, we can simply define 7, = inf{t > 0: |®;| > n}. Moreover, if
@, is locally bounded, then for every M € M°, we have ® € L2 (M).

loc
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Definition 5.9. Let X; = Xy + M; + A; be a continuous semimartingale and let ®; be
a locally bounded process. The stochastic integral of ®, with respect to X; is defined
to be the continuous semimartingale

1X(®), = IM(®); + I(®);, t >0,

where the second term I4(®); £ fot ®,dA, is understood in the Lebesgue sense. The
stochastic integral IX(®); is also denoted as fg Pd.dX,.

When X; is a Brownian motion, the stochastic integral is usually known as /té's
integral.

It is important to point out that I (®) can fail to be a martingale if M € M °,
so the integrability properties in Proposition 5.9 may not hold in general. However, we
still have the following properties. The proof is similar to the non-local case and is hence
omitted.

Proposition 5.13. (1) IX(®) is linear in X and in ®.
(2) IX(¥®) = I (®)(W) for any locally bounded ®, V.
(3) I*7(®) = IX (DL ;) = I (D7) = IX(®)7 for any {F;}-stopping time 7.

Remark 5.5. In the definition of stochastic integrals and in Proposition 5.13, assuming
local boundedness is just for technical convenience. Everything works well as long as
we assume that all the 1td integals and Lebesgue integrals are well defined in their right
sense respectively.

To conclude this subsetion, we prove a very useful tool which acts as the stochastic
counterpart of the dominated convergence theorem.

Proposition 5.14. Let X; be a continuous semimartingale. Suppose that ®} is a se-
quence of locally bounded processes converges to zero pointwisely, and there exists a
locally bounded process ® such that |®"| < ®. Then IX(®"), converges to zero in
probability uniformly on every finite interval, i.e. for every T > 0,

t
/ rdX,
0

Proof. We only consider the situation where X € M¢ as the other case is easier. Let
Tm be a sequence of {F;}-stopping times increasing to infinity, such that for each m,
X™ € H2 and ®™ X7 (X)™ are all bounded. Given &,6 > 0, choose m such that

sup — 0 in probability

te[0,7)

asn — oo.
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P(r, < T) < 6. It follows that

t
P| sup /@?dXS > €
tefo,1] 1Jo

t
P(1, <t)+P | sup / OTdX,
tef0,7] 1o

IN

> g, Tm>T>

T AT
= P(r, <t)+P| sup / OVdX,
tefo,77 /o

> e, Tm>T>

t
= Pt <t)+P < sup / (™) dX ™
0

te[0,7

Since (®")™ € L*(X™™) for each n, we know that IX™ ((®")™) € HZ. According to
Doob’s LP-inequality, we have

> g, Tm>T>

< 0+P| sup
te[0,7

t
| @ axze
0

t 1 [ t 2
P sup /(‘P”);desTm >e|] < SE| sup /(@”);de;m
t€fo,77 1J/0 € [t€[0,7] 10
4 [/ T 2
< 2e[([ o)
€ 0

_ ‘g /OT |(q>");m\2d<XTM>s} ,

g2

which converges to zero as n — oo by the dominated convergence theorem. Therefore,

t
/ UdX,| > 5) <4,
0

which implies the desired convergence as ¢ is arbitrary. O

limsupP | sup
n—00 t€[0,T7]

A direct consequence of Proposition 5.14 is the following intuitive interpretation of
stochastic integrals.

Corollary 5.1. Let ®, be a left continuous and locally bounded process, and let X; be
a continuous semimartingale. For given t > 0, let P, be a sequence of finite partitions
over [0,t] such that mesh(Py) — 0. Then

t
lim > @y, (Xy, — Xy, ) = / ®,dX, in probability. (5.16)
n_ﬂ)ot.ep 0
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Proof. We only consider the case where X € /\/l%)oc. Suppose that X € HZ and @ is
bounded. Define

(I)? = @01{0}(8) + Z q)ti—11(ti71,ti](3) + cI)tl(t,oo)(S)-
t; €EPn
Then ®" is uniformly bounded and ®" — @ pointwisely on [0,¢] x Q. Note that (c.f.
(5.12))

t
/ (PngS = E Qti—l(Xti - Xtifl)‘
0

t, €Pn

According to Proposition 5.14, we know that

t
> Py (X, — X)) — / D dX,
t;€Pn 0

in probability as n — co. The general case follows from the same localization argument
as in the proof of Proposition 5.14. O

Remark 5.6. Taking left endpints in the Riemann sum approximation is an important
feature of stochastic integrals. Indeed, (5.16) does not hold any more if we are not
taking left endpoints.

5.3 Ité’s formula

In classical analysis, if z; is a smooth path, we have the differentiation rule df (x;) =
[/ (x)dxy, or equivalently, f(z:) — f(z0) = f(f f'(xs)dxzs. In the probabilistic setting,
a natural question is: what happens if we replace z; by a Brownian motion B;? The
answer is surprisingly different from the classical situation: we have f(B;) — f(By) =
fg f'(Bs)dBs + % [7 f"(Bs)ds. This is the renowned It6's formula. We can see why
it takes this form in the following naive way. Take the Taylor approximation up to
degree 2 (it is reasonable to expect that all higher degrees are negligible): df (B;) =
f'(By)dBy + (1/2) f"(By)(dBy)?. Here comes the key point: we have (dB;)? = dt # 0.
This is not entirely obvious at the moment, and it is crucially related to the martingale
nature of B; and the existence of its quadratic variation process. Therefore, [td's formula
follows naively.

Now we develop the mathematics.

We first consider the case when f(x) = x2. This is also known as the integration by
parts formula.

Proposition 5.15. Suppose that X;,Y; are two continuous semimartingales. Then
t t
X,Y; = XoYp + / XY, + / YidX, + (X, V).
0 0
In particular,

t
X?=X2+ 2/ XdXs+ (X);. (5.17)
0
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Proof. It suffices to prove (5.17). The general case follows immediately from considering
(X +Y;)?, (X¢ — Y;)? and linearity. Indeed, for any given finite partition P of [0, ], we

have
=2 Z Xty o (X, = Xy y) + Z(th - Xt¢71)2'
t,€P t,€P
According to Corollary 5.1 and the semimartingale version of Proposition 5.7, the result
follows from taking limit in probability as mesh(P) — 0. O

If we take X = M € Mc, (5.17) tells us that
t
M? — (M), = 2/ M,dMs,.
0

We have already seen in Subsection 5.1 that M2 — (M) € M°. Therefore, (5.17) gives
us an explicit formula for this local martingale.
The general 1t6's formula is stated as follows.

Theorem 5.5. Let X; = (X},---,X) be a vector of d continuous semimartingales.
Suppose that F € C%(RY) (continuously differentiable up to degree 2). Then F(X;) is
a continuous semimartingale given by

82F o
_ ? J
F(X;) = F(Xo) +Z/ o (Xs) Z/ 5inm (Xa)d(X', X7).. (5.18)

Proof. Suppose that F' € C?(RY) satisfies Itd's formula (5.18). Let G(z) = 2'F(x) for
some 1 < i < d. According to the integration by parts formula (c.f. Proposition 5.15), it
is easy to see that G(X;) also satisfies Itd's formula. Therefore, 1t6's formula holds for
all polynomials.

For a general F € C?(R%), we first assume that | X;| < K uniformly for some K > 0.
Let G € C?(RY) be such that G = F for |z| < K and G = 0 for |z| > 2K. We only
need to verify 1té's formula for G in this case. From classical analysis, we know that
there exists a sequence p,, of polynomials on R?, such that for |a| < 2,

sup |D%pp(x) — D*G(z)] — 0
|z|<2K

as n — 0o, where “D®" means the a-th derivative. Since 1td's formula holds for each
Pn, according to the stochastic dominated convergence theorem (c.f. Proposition 5.14),
we conclude that Itd's formula holds for G as well.

For a general X}, we need to apply a localization argument. For each n > 1, define

Tp = 0, | Xol
" linf{t>0: | X, >n}, |Xo| <n,

and set
Xt(n) = X01{\X0\<n} + MtT” + AZ",
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where M, A; are the (vector-valued) martingale and bounded variation parts of X; re-

(n)

spectively. Then X, is a uniformly bounded continuous semimartingale. By the previous

discussion, 1té's formula holds for Xt(n). On the other hand, since the stopped process
X™ = X™ on {7, > 0}, by Proposition 5.12 we conclude that 1t6's formula holds for
X™ on {71, > 0}. Since U ,{m, > 0} = Q, by letting n — oo, we conclude that Itd's

formula holds for X; and F. O

Remark 5.7. The same result holds if F € C?(U) for some open subset U C R? and
with probability one, the process X; takes values in U. The proof is identical but we need
to use compact subsets to approximate U and localize on each of these compact subsets.

Formally, we usually write 1t6's formula in the following differential form although it
should always be understood in the integral sense:

d d

oF 0’F o
dF(Xt):Za (X)dX! + = Z Soigny (X0d(X', X7).

=1 i,j=1

Now we present an important class of examples for 1té’s formula.

Proposition 5.16. Suppose that f(x,y) € C*(R x R) is a complex-valued function
which satisfies

of 10%f

oy 202
Then for every M € M, f(M;,(M);) is a continuous local martingale.

Proof. This is a straight forward application of Itd's formua to the vector semimartingale
(M, (M)+) and the function f. O

A particular f satisfying Proposition 5.16 is the exponential function
Payy) = X2

for given A € C. The resulting continuous local martingale
ENM), & MMz (M) 1y /\/ ENM

is known as the exponential martingale. This (local) martingale is very important in the
study of change of measure. In the case when M; = B; (Brownian motion), from the
distribution of B; we can see directly that £*(B); is a martingale, a fact which was
already used to prove the strong Markov property of Brownian motion and to compute
passage time distributions.
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5.4 The Burkholder-Davis-Gundy Inequalities

It is absolutely not unreasonable to say that Itd's formula is the most fundamental result
in stochastic calculus. Starting from here we will begin a long journey of applying Itd's
formula to a very rich class of interesting topics.

To appreciate the profoundness of 1té's formula, in this subsection we are going to
(solely) use it in a pretty non-trivial way to obtain a fundamental type of martingale
inequalities. These inequalities were first proved by Burkholder, Davis and Gundy and
we usually refer them as the BDG inequalities. They play a fundamental role in the
connection with harmonic analysis.

Let M, be a continuous and square integrable martingale. Define M; £ supgc <, | M|
to be the running maximum process. According to Doob's LP-inequality (in the case when
p = 2) and the definition of quadratic variation, it is seen that

E[(M)¢] = E[M{] < E[(M;)?] < 4E[M{] = 4E[(M)] (5.19)

for every t > 0. In other words, the running maximum and the quadratic variation control
each other in some universal way which is independent of the underlying martingale. In
a more functional analytic language, it suggests that the norm

1" £ VE[(M,)?]

on H§ is equivalent to the original norm || - ||z, where MZ £ supg;.o | M;|. However,
this simple fact relies on the very special L?-structure, in which we have E[M?] = E[(M),]
making the story a lot easier.

The BDG inequalities investigates the LP-situation for all 0 < p < oco. Here is the
main theorem.

Theorem 5.6. For each 0 < p < oo, there exist universal constants C'y ;,, Ca, > 0, such
that for every continuous local martingale M € M, we have

CrpE(M)]] < E[(M;)] < CopE[(M)], vt >0, (5.20)
where M} £ supg< <, | M.

Proof. We prove the theorem by several steps. To simplify our notation, we will always
use C), to denote a universal constant which depends only on p although it may be
different from line to line.

(1) By localization, we may assume that M and (M) are both uniformly bounded.
Indeed, if we are able to prove the theorem for this case, since the constants C 5, Cs,
will be universal, it is not hard to see that the general case follows by removing the
localization.

(2) The case p = 1. This is done in view of (5.19). In this case, we have C;; =1
and 02’1 =4.

(3) The case p > 1.
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We first prove the right hand side of (5.20). Let f(z) = 2?. Then f € C*(R!), and
f'(@) = 2pa®, f(x) = 2p(2p — a®P7 V.
According to Ité’s formula, we have

t t
MP = zp/ M2~ M, + p(2p — 1)/ M2P=D (M), (5.21)
0 0

Since M and (M) are bounded, we can see that the local martingale part in (5.21) is
indeed a martingale. Therefore,

t
B = p(zp — DE | [ M20-Da(an) | < pizp - [0 20 o).
0
On the one hand, Doob’s LP-inequality gives that
E[(M[)™] < CE[M;?),
while on the other hand, Holder's inequality gives that

B |:<Mt*)2(p—1)<M>t:| < 1Melly H(Mt*)2(P—l)‘

)
q

where ¢ = p/(p—1) is the Holder conjugate of p. By rearranging the resulting inequality,
we arrive at
E [(M{)*] < GE[M)].

To see the left hand side of (5.20), let A; £ (M),. To estimate A = [J pAL~'d A,

the key is to regard it as the quadratic variation process of some martingale and use Itd's
p=1
formula to estimate this martingale. More precisely, define N; £ f(f Ag? dMyg. Then
p—1

(N); = A¥/p. On the other hand, since the process A, 2 is bounded and increasing,
[td's formula yields that

p—1

t p=1
MA,? :Nt+/ MdAs® .
0

-1
Therefore, |N¢| < QM;‘A:T and thus
1 o
EE[Af] = E[(N):] = E[|N:[*] < 4E[(M;])?A]].

By applying Holder's inequality on the right hand side and rearranging the resulting
inequality, we arrive at
E[A}] < GRE[(M[)].

(4) The case 0 < p < 1. We still use A; to denote (M),.
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p—1
We first prove the right hand side of (5.20). Again we define N; = fg As? dMg so
that (V); = AV /p. According to the associativity of stochastic integrals (c.f. Proposition

1-p 1-p
5.10), we see that M, = fg As? dNj;. Since the process A, ? is bounded and increasing,
by 1t6's formula, we have

1—p t 1—-p
2

NiA 2 =M+ | NydAs
0

1-p 1-p
Therefore, |M;| < 2N; A, ? . Since this is true for all ¢ > 0, we see that M} < 2N/} A, ?
and thus

B[(M7)?] < 2B [(N;)»4p )
< 2%E[(NF)?)P - E[47]' P
< 2WAPE[NPP - E[AY)P
= PPN ElA7
_ O mrgp
= —ElA,
Finally, we prove the left hand side of (5.20). Given o > 0, consider
A = AP (o + M;) 2070 (o 4+ gy )20
and Hoélder's inequality gives

E[47) < (BlAda+ M) ~207)" (Bl + M)@)' . (522)

Here the reason of introducing « is to avoid the singularity in the term (o + M;*)~2(1=P),

Now since .

Ay(a+ M;H)~20-P) / (a+ M¥)~20-PlgA,, (5.23)
0

we introduce the martingale N, = fot(a + M¥)~(=P)dM, so that its quadratic variation

process coincides with the right hand side of (5.23). Since the process (o + M;)~(P)
is bounded and has bounded variation, from It6's formula, we know that

t
(a+ M})~OPIp, = N, +/ Mgd(a+ MF)P~1
0
t
= N+ (p— 1)/ M(oc+ MFP~2dM?.
0
Therefore,
t
Ny < (a+MHPIM + (1 —p) | Mo+ MHP2dM;
t t S S S
0
1 —
(MY + —L ()P
p
Lo
E(Mt )"

93



It follows that 1

E[(N):] = E[N{] < PE[(M:)%]'

Combining this with inequalities (5.22) and (5.23), we arrive at

E[AY] < pl (E[(M7)2))” - (El(0 + M;)?])"

Since this is true for all & > 0, the result follows by letting « | 0. O

Remark 5.8. From the proof, we can actually see that the constants C ,, and Cs,, can
be written down explicitly, although there is no need to do so.

5.5 Lévy’s characterization of Brownian motion

It is a rather deep and remarkable fact that most Markov processes can be characterized
by certain martingale properties. This is the renowned martingale problem of Stroock
and Varadhan, which we will touch at an introductory level when we study stochastic
differential equations. Here we investigate the special case of Brownian motion, which
is the content of Lévy's characterization theorem. This result, along with the series
of martingale representation theorems that we shall prove in the sequel, reveals the
intimacy between continuous martingales and Brownian motion. Probably this explains
why martingale methods are so powerful and why the Brownian motion is so fundamental
in the theory of 1t6's calculus.

Suppose that By = (B}, -+, B{) is a d-dimensional {F;}-Brownian motion. Ap-
parently, we have (B%); = t for each 1 < i < d. Moreover, for i # j, from the
simple observation that §(3§ + B/) are both {F;}-Brownian motions, we conclude

that <§(Bij:Bj)> = t. Therefore, (B?, B’); = 0. In other words, we know that
t

(B, Bi); = §;;t for all 1 < i,j < d. Lévy's characterization theorem tells us that this
property characterizes the Brownian motion.

Theorem 5.7. Let My = (M},--- , M{) be a vector of continuous {F;}-local martin-
gales vanishing at t = 0. Suppose that
(M', M7y, = 6;5t, t=0.

Then My is an {F;}-Brownian motion.

Proof. The key is to use the following neat characterization of an { ¥ }-Brownian motion
in terms of characteristic functions (see also the proof of Theorem 4.2): it suffices to
show that

E [ei<9’Mt_M5>|fs} = e_%w'z(t_s), V0 € RY and s < t. (5.24)

Let f = (f1,---, fq) € L*([0,00); R?) and define the (complex-valued) exponential
martingale

d t d t

4 1

£ (M) 2 exp @'}:/0 fj(s)dM§+2§:/0 Ps)ds | t> 0.
=1 =1
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By applying 1té's formula to the vector semimartingale

d t d t
. j 2
g / fj<s>dMg,j2:; / F2(s)ds

in R? and the function f(z,y) = ¢®¥/2 it can be easily seen that £/ (M), is a
continuous local martingale (starting at 1). Since it is uniformly bounded, we know that
it is indeed a martingale (c.f. Proposition 5.2).
Now let 6 € R?. For T' > 0, consider f £ 0157y € L*([0,00); R?). In this case, we
conclude that
ng(M)t — ei<97MTAt>+%|9‘2T/\t, t>0,

is a martingale. This is true for every T' > 0. Therefore, if we consider s < t < T, then
for any A € Fs, we have

E [ei<0,Mths>1A} - E [efiw,Ms)lA]E {ez'(e,Mg‘]_-SH
- E [1Ae—éw|2(t—s>}
— [[D(A)efélalz(tfs)’

which implies (5.24). O

5.6 Continuous local martingales as time-changed Brownian motions

Sometimes it can be very useful if we change the speed of a process. In particular, if
we change the speed of a continuous martingale in a proper way, we can get a Brownian
motion! Because the Brownian motion is so simple and explicit, this technique could
have lots of nice applications.

We should not be too surprised about this fact. Heuristically, let M; be a continuous
martingale with quadratic variation process (M );. Since (M), is increasing, we can define
an “inverse” process 7y of (M);. If we run M at speed 7, i.e. considering the process
]\Z £ M,,, the optional sampling theorem will imply that ]\/4: is a martingale with respect
to the filtration {F~,}. Therefore, it is not unreasonable to expect that <J\//f> =M),, =t
as ¢ is the “inverse” of (M);. Lévy's characterization theorem then implies that J\/Zt is a
Brownian motion.

Now we put this philosophy in a rigorous mathematical form, which is however tech-
nically quite involved.

We start with the discussion of a general time-change. This part is completely de-
terministic. Let a : [0,00) — [0,00) be a continuous and increasing function which
vanishes at t = 0. Define

ct = inf{s>0: as>1t}, t=0.

Definition 5.10. The function ¢; is called the time-change associated with a;.
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The following properties are elementary and should be clear when a picture is drawn.
They provide a good intuition about what the time-change looks like. The proof is easy
and we leave it to the reader as an exercise. Denote aoo = lims_, o0 as.

Proposition 5.17. The time-change c; of a; satisfies the following properties.

(1) ¢ is strictly increasing and right continuous for t < aso, and ¢; = 00 ift > ao.
If Goo = 00, then coo £ limy o0 ¢; = 00.

(2) For every s,t, ¢; < s <= as > t.

(3) Let t = as. Then ¢;— < s < ¢;. Moreover, for every t, a = constant on [c;—, ¢].
This implies that the size of every jump for ¢; corresponds to an interval of constancy
for a; and vice versa.

(4) For every t < aoo, ac, = t, and for every s < 00, ¢,
point of a (i.e. a(s') > a(s) for all s > s), then c,, = s.

> s. If s is an increasing

s

The time-change can give us a useful change of variable formula for integration. But
we need to be a bit careful as it should involve some continuity property with respect to
the time-change.

Definition 5.11. A continuous function z : [0,00) — R! is called c-continuous if x is
constant on [c;_, ¢;] for each t, where ¢ £ 0.

Under c-continuity, we can prove the following change of variable formula.

Proposition 5.18. Let x be a c-continuous function which has bounded variation on
each finite interval. Then for any measurable function y : [0,00) — R, we have

/ YudTy, :/ Ye, dTe,,
[cty»cts] [t1,t2]

provided that t1 < to < as and the integrals make sense.

Proof. First of all, observe that a|(, ] [ct,:ct,] = [t1,t2] is well-defined and surjec-
tive. For simplicity we still denote it by a. Respectively, dx denotes the Lebesgue-Stieltjes
measure induced by x on [c;,, ¢,] and u denotes the push-forward of dz by a on [t1, to].
It follows that for any [vy,va] C [t1, 2],

[60170112] - {u S [Ctuctz] DU S Gy S UQ} C [Cvl—’cvz]'
Since z is c-continuous, we conclude that
p([vr,ve]) = de({u € [ery, e, 1 01 < @y S v2}) = T, — T, -

In particular, p coincides with the Lebesgue-Stieltjes measure induced by the function
Ze, ON [t1,1a].
According to the classical change of variable formula in measure theory, we have

/ Ye, dxcu = / Ye, dp = / Yeay, Az,
[t1,t2] [tl,tz} [Ctl ,Ct2]
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whenever the integrals make sense. But we know that ¢,, = u for every increasing point
u of a, and apparently there are at most countably many intervals of constancy for a.
Therefore, from the c-continuity of z, we conclude that

/ Yea,, dxu = / yudxiu
[ctl :Ctg] [ctl :Ctg]

which then completes the proof. O

Now we put everything in a probabilistic context.

Recall that (Q, F,P;{F:}) is a filtered probability space which satisfies the usual
conditions. Let A; be an {F;}-adapted process such that with probability one, every
sample path t — A;(w) is continuous and increasing which vanishes at ¢t = 0. Define the
process

Cy2inf{s>0: A;>t}, t>0,

to be the time-change associated with A;.

Since the filtration {F5} is right continuous, according to Proposition 5.17, (2), for
every t > 0, C¢ is an {F;}-stopping time. Therefore, we may define a new filtration
Fi & Fc, associated with the time-change. Since Cj is right continuous, from Problem
Sheet 2, Problem 4, (2), (i), we knoxv that {]?t} also satisfies the usual conditions. In
addition, for every s > 0, A, is an {F;}-stopping time.

Now assume further that A, = oo almost surely, so that with probability one,
C; < oo for all ¢.

Definition 5.12. Let {X;} be an {F;}-progressively measurable stochastic process.
X; = Xg, is called the time-changed process of X; by Cj.

We are mainly interested in how a continuous local martingale behaves under a time-
change. To emphasize the dependence on the filtration, we use M°¢({F;}) to denote
that space of continuous {F;}-local martingales vanishing at ¢ = 0.

It is quite a subtle point that a time-changed continuous martingale can fail to be a
local martingale even it is continuous. Here is a counterexample.

Example 5.1. Let B; be a Brownian motion with augmented natural filtration {F7}.
Define A; £ maxg<s<¢ Bs. Then A; is a continuous and increasing process vanishing
at £ = 0, and Ay, = oo almost surely. Let C; be the time-change associated with A;.
Then we have B¢, = t. Indeed, apparently we have B, < A¢, = t. If Be, < Ag,,
by the continuity of Brownian motion, we know that A, = A¢, = ¢ on [Cy, Cy + 4]
for some small 6 > 0. It follows from the definition of C; that C; > C; + §, which is
a contradiction. Therefore, B, = t. In particular, B¢, cannot be a continuous local
martingale regardless of what filtration we take since it has bounded variation on finite
intervals.

To expect that a time-changed continuous local martingale is again a continuous local
martingale, we need the C-continuity. A stochastic process X; is called C'-continuous
if with probability one, X is constant on [C;_,C;] for each t, where Cy_ = 0 (c.f.
Definition 5.11).
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Proposition 5.19. Let A, = oo almost surely, and let Cy be the time-change associated
with A;. Suppose that M € MP<({F;}) is C-continuous.

(1) Let M, be the time-changed process of M by Cy. Then M € MY°({F;}) and
(M) = (M).

(2) Let ® € L?

loc
—_—

and IM (3) = [M(q).

(M) with respect to {F;}. Then ® € L2 (]\7) with respect to {F;}

loc

Proof. (1) Since M, is C-continuous, we know that ]\/4\,5 is continuous and ]/\4\0 = 0.
Moreover, it is obvious that M, is {F:}-adapted.

Now let 7 be a finite {F;}-stopping time such that the stopped process M/ is a
bounded {F:}-martingale. Define 7 = A.. From Proposition 5.17, (2), we see that
{T > t} = {C, < 7}. Therefore, T is a finite {ﬁt}—stopping time. In addition, by
definition we have P

M7 = My, = Mc..

TAL®

If 7 > ¢, then Cy < 7 and M = Mec, = Mpo,- If T < ¢, then ]\/I\f = Mc.. But from
Proposition 5.17, (3), we know that C>_ < 7 < C». By the C-continuity of M, M is
constant on [7, C;]. Therefore, M = M, = M, nc, since Cy > 7 in this case. In other
words, we conclude that ]\//.7? = Mg, for all t. In particular, ]\/Zf is a bounded process.
Applying the optional sampling theorem to the bounded {F; }-martingale M which thus
has a last element (c.f. Corollary 3.2), we conclude that ]\/Zf is an {F;}-martingale. If
we let 7 =17, 1 00, then 7 = A, 1 Ay = oo. Therefore, M e M%)OC({]?t}).

Finally, since M, is C-continuous, according to Proposition 5.8, we see that (M), is
also C-continuous. Therefore, M2 — (M) € MP°({F;}) is C-continuous. From what
was just proved, we know that M2 — @ € ./\/l%)oc({]?t}). Therefore, <Z\/4\> = 64\}

(2) First of all, it is apparent that [} d2d(M), = CC;‘ ®2d(M)s < oo almost surely
for every t.

To prove the last claim, we first need to observe a slightly more general fact than
what was proved in (1): if M,N € ME({F;}) are C-continuous, then (M, N), is
C-continuous, and <]\/4\, ]/\7> = <m> Indeed, the fact that (M, N); is C-continuous
follows from the identity

1
(M,N); = 1(<M+N>t — (M — N)y).
Therefore, MN — (M, N) € M is C-continuous, which proves the claim according to
(1).

Coming back to the proposition, in order to show that IAA/[(&)) = I/(E), it suffices
to show that <IM(<T>) — IM(<I>)> = 0. On the one hand, we have

. t G .
(1"@), = [ ®adh. = [ a0, = (77@)) .
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On the other hand,
<1M($),ﬁ@)> — Do <1\7 W(E)> — B o (M, 1M(0))
t

Il
)
[ ]
S
A
. >
=
Il
S
~
3
@)
~_—

Therefore, the result follows. O

Now we are able to prove the main result of this subsection. This is known as the
Dambis-Dubins-Schwarz theorem.

Theorem 5.8. Let M € MY({F;}) be such that (M), = oo almost surely. Define
Cy to be the time-change associated with (M);. Then By & M, is an {F¢, }-Brownian
motion and My = By, .

Proof. From Proposition 5.17, (3), we know that (M), and hence M, is C-continuous.
Therefore, by Proposition 5.19, (1), B € MY({F¢,}) and (B); = </]\Z>t =(M)c, =t.
According to Lévy's characterization theorem (c.f. Theorem 5.7), we conclude that
B, is an {F¢, }-Brownian motion. Finally, for each ¢ > 0, from Proposition 5.17, (3)
again, we know that (M), and hence M, is constant on [Cypy,—, Cary,], as well as
tc [C<M>t—vc<M>t] Therefore, M; = MC(M>t = B(M) . ]

t

The condition (M) = oo almost surely in the Dambis-Dubins-Schwarz theorem
ensures that the underlying probability space is rich enough to support a Brownian motion.
To generalize the theorem to the case when (M), < oo with positive probability, we
need to enlarge the underlying probability space.

Definition 5.13. An enlargement of a filtered probability space (2, 7, P; { 7; }) is another
filtered probability space (€2, F,P; {F;}) together with a projection 7 : Q — €, such
that Por ! =P, 77 1(F) C F and 7= 1(F,) C 7~ 1(F) for all t.
If (0, F,P;{F:}) is an enlargement of (Q, F,P; {Fi}), then associated with any
given stochastic process X; on 2, we can define a process X; on Q by
X(@) & Xy(n(@)), DeQ, (5.25)

canonically. Apparently, the law of X is the same as the law of X by the definition of
enlargement. For simplicity, we may use the same notation X to denote X.

Now we have the following extension of the Dambis-Dubins-Schwarz theorem. Recall
from Problem Sheet 5, Problem 1, (3) that if M € M, then with probability one,
My = limy_, oo My exists finitely on the event {(M ), < oo}.

Theorem 5.9. Let M € ME({F}). Define C; to be the time-change associated
with (M);. Then there exists an enlargement (0, F,P; {Fi}) of (Q, F,P;{Fc,}) and a
Brownian motion 3 on Q which is independent of M, such that the process

B, £ Me,, t~< <]y>oo§
Moo+ B — ﬂt/\(M}oo,t > <M>007

is an { F;}-Brownian motion. Moreover, M, = By, -
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Proof. Let (Q', F',P';{F/}) be a filtered probability space on which an {F]}-Brownian
motion f3; is defined. Let (ﬁ,]?, f’; {]T't}) be the usual augmentation of (2 x Q' F x
F! PxIP; {Fe,x F/}). Apparently, (€2, F,P; {F;}) is an enlargement of (Q, F,P; { F, })
with projection 7((w,w’)) = w. Define B;((w,w’)) £ By(w'). Then S, is a Brownian mo-
tion on €. It is apparent that 3 and M are independent.

An important general fact for this enlargement is that for every X € MIOC({}"@})
on , we have X € ./\/lloc({]:t}) and (X) = < ) almost surely on , where X ((X)
respectively) is the process on  defined by pulling back X ((X), respectively) via the
projection 7 (c.f. (5.25)). Similarly, for every {F¢,}-stopping time 7 on €, T is an
{ Fi}-stopping time on Q.

Now we rewrite the definition of B; in the following form:

t
B, = Mg, + /1(< o) (8)dBs.

On the one hand, by adaating the argument in the proof of Proposition 5.19, (1), we can
see that Mo € MlOC({}}}) with quadratic variation process t A (M)o. On the other
hand, [ 1¢(ar.,00)(8 )dBs € ./\/lloc({}"t}) with quadratic variation process ¢t —t A (M) .

Therefore, B € MIOC({}}}) and

t ~
(B)e=t+ 2/0 L((M)so,00) (8)A( M, B)s.

Finally, by the independence of of 77! (Fx) and (n')~*(FL,), it is not hard to see that
Mc B € MP({F}). Therefore, (Mc., ) = 0, which implies that (B); = t. According
to Lévy's characterization theorem, B; is an {F;}-Brownian motion. The fact that
M; = By, follows from the same reason as in the proof of Theorem 5.8. O

A natural question is whether the Dambis-Dubins-Schwarz theorem can be extended
to multidimensions. This is the content of Knight's theorem.

Theorem 5.10. Let My = (M}, --- , M{) be d continuous {F;}-local martingales van-
ishing at t = 0, such that (M7, M*), = 0 for j # k. Then there exists an enlargement
(Q, F,P) of (2, F,P) and a d-dimensional Brownian motion 3 on © which is independent
of M, such that the process B; = (B},--- , B{) defined by

M.
Bj — C’J’
ML, + 6 — M<MJ> t> (M),

is a d-dimensional Brownian motion.

Proof. From the proof of Theorem 5.9, we can see that on some enlargement (ﬁ,f, IF))
of (2, F,P), every B} is a one dimensional Brownian motion. It remains to show that

100



Bl,...  B% are independent. To this end, we again use the method of characteristic
functions. Let f; (1 < j < d) be a real step function of the form

fj (t) = Z )\;?l(tkfl:tk] (t)
k=1

We only need to show that E[L] = 1, where

d d
L&exp|i E /0 fi(s)dB] + 3 E /0 sz(s)ds
i=1 i=1

The independence then follows immediately since the equation E[L] = 1 (for arbitrary
)\f and 1) gives the right characteristic functions for the finite dimensional distributions
Of Bt. ) ] ) ]

We use A} to denote (M7),;. Since s < A}, <t <= C% <u < C}, we know that

Még—Méé,: /0 1(C£7Ctj](u)dM5: /0 1.4 (Al)dM].

Therefore, by the definition of BY and f;, we have

[T nwast = [ poani+ [ pwas
= /OOO (A M + /; £i(t)ds!. (5.26)
On the other hand, a simple change of variables also shows that
/OOO fA(t)dt = /OOO FHA]AA] + /: FA(t)dt. (5.27)

Now define

d t d ¢
, 1 . .
52 exp (iz /0 MEOTEEESS /0 ff(Aé)dAé), £>0
j=1 j=1

From 1t8’s formula and the assumption that (M7, M*), = 0 for j # k, I, is a bounded
{Fi}-martingale. Therefore, E[I.] = E[Iy] = 1. Moreover, define

d d
A . o j 1 > 2
J 2 exp zZ/j fj(t)d/8§+22/j F}(t)dt
Jj=1 Ao Jj=1 Aco

From (5.26) and (5.27) we know that L = IJ. But E[J|FM] = 1 where 7M is
the o-algebra generated by M, since the conditional distribution of E?:l Ja fi(t)as]
given M is Gaussian with mean 0 and variance 3°7_ [ai_ f7(t)dt. Therefore,

E[L] = E[lJ] = E [E [I.oJ|FM]] = E [IE [J|FM]] = E[l] = 1,

which completes the proof. O
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Remark 5.9. Although Knight's theorem is a generalization of the Dambis-Dubins-Schwarz
theorem to higher dimensions, it is somehow less precise because there is no counterpart
of a filtration with respect to which the time-changed process B; is a Brownian motion.

5.7 Continuous local martingales as It6's integrals

Now we take up the question about when a continuous local martingale M; can be
represented as an Itd’s integral fot ®.dBs; where B; is a Brownian motion. Formally
speaking, the main results can be summarized as two parts:

(1) If a Brownian motion is given, then every continuous local martingale with respect
to the Brownian filtration has such a representation.

(2) Given general continuous local martingale M, if d(M); is absolutely continuous
with respect to dt, then M has such a representation for some Brownian motion defined
possibly on an enlarged probability space.

Now we develop the first part, which is indeed much more surprising than the second
one.

Suppose that B, is a one dimensional Brownian motion and {F/?} is its augmented
natural filtration.

Let 7 be the space of real step functions on [0, 00) of the form

f(t)= Z ML, (), =0,
=1
For an f € T, define
t 1 t
&t ([ s0am— [ Pos). 120
0 0

to be the associated exponential martingale. It is apparent that Stf is uniformly bounded
in L2.
The following lemma reveals why the Brownian filtration is crucial.

Lemma 5.3. The set {€L,: f e T} is total in L2(Q, F3 ).

Proof. Let Y € L2(9), FB,P) be such that E[YEL] = 0 for all f € T. We want to show
that Y = 0. Define a finite signed measure 1 on (9, F2) by

M(A)é/AYd]P’, Aec FB.

It is equivalent to showing that u = 0. Since FZ is generated by the Brownian motion,
it then suffices to prove that the induced finite signed measure v on (R™, B(R™)) given
by

l/(F) = /QYl{(Btl,'--,Btn)GF}d]P7 I'e B(Rn),
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is identically zero, for every choice of n > 1 and 0 <t <ty < -+ < t, < co. But this
is equivalent to showing that the Fourier transform of v is zero.
By definition, the Fourier transform of v is given by

P 2 [t sy ), A= (e A) € R

Moreover, by the definition of v and a standard approximation argument by simple func-
tions, it is easy to see that

[ gtar mvlde) = EIYg(Buy -+ By,)
for any bounded Borel measurable function g on R™. In particular,
To see why () is identically zero, we define a complex-valued function ® on C™ by
P(z) 2 E [Yelet1+"'+Z”Bt”] , 2= 1(z1,-+ ,2,) € C".

It is apparent that ®(z) is analytic on C™. Moreover, when z € R"™, by assumption we
have '
b(z) = e T On g [yel ] <o,

where

f(t) é Zzllcl(tk,l,tk](t) € T
k=1

with 2, £ 2 + -+ + 2,,. According to the identity theorem in complex analysis, we
conclude that @ is identically zero on C™. Therefore, by taking z = i), we know that
©(A) =0. O

Now we are able to prove the following representation theorem.

Theorem 5.11. Let ¢ € L*(Q, FZ,P). Then there exists a unique element ® € L*(B),
such that

§=E[¢] + /OOO ®,dB;. (5.28)

Proof. Suppose that ® and @’ both satisfy (5.28). Then [;*(®, — ®,)dB, = 0, which

implies that
E [/ (P — @;)st} =0,
0

as [,(®; — ®,)dBs € Hi. Therefore, ® = @ in L?(B) and the uniqueness holds.
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To see the existence, we first show that the space H of elements ¢ € L?*(Q, F2 P)
which has a representation (5.28) is a closed subspace of L2(Q2, F2 P). Indeed, let

& = E[¢,] + /O T B,

be a sequence converging to some & € L2(Q, F2 P). It follows that E[¢,] — E[£].
Moreover, from

‘ / ®™adB, — / M dB,
0 0

we know that ®() is a Cauchy sequence in L?(B). According to Lemma 5.2, ®(") —
® € L%(B). Therefore, [; ®VdB, — [, ®,dB, in HZ, which implies that

2

=E [/ (@) — eM)H2gs |
L2 0

¢ =E[¢] + /OOO O,dB,.

Therefore, H is a closed subspace of L?(Q2, FZ | P).
Now the existence follows from the simple fact that # contains elements of the form
ECJ:O for f € T and Lemma 5.3, since

o
L =1 +/ f(s)&ldBs,
0
where Etf is the exponential martingale defined by

el e ([ ram. -3 [ pas) =1+ [ st

according to Itd's formula, and apparently f - £/ € L?(B). O

Remark 5.10. From the proof of Theorem 5.11, we can see that the uniqueness of ® is
equivalent to saying that if ®, ® € L?(B) both satisfy (5.28), then with probability one,
we have

/ (B — L)%ds = 0.
0

On the other hand, if we remove the restriction that ® € L?(B), then uniqueness fails in
the class L2 (B) provided Jo" ®sdBs = limy_s00 fg ®.dB; exists finitely (c.f. Problem
Sheet 5, Problem 5).

Remark 5.11. The reader should find it easy to obtain a local version of Theorem 5.11,
i.e. the representation of ¢ € L?(Q, FEZ P) as an Itd's integral over [0,T] for given
T >0.

Theorem 5.11 enables us to prove the following representation for continuous local
martingales with respect to the Brownian filtration. This is the main result of the first
part.
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Theorem 5.12. Let M; be a continuous {F{P}-local martingale. Then M, has the
representation

t
M, = My + / ®,dB;, (5.29)
0

for some ® € L2 (B). Such representation is unique in the following sense: if ' is

another process in L2 (B) which also satisfies (5.29), then ®.(-) = ®'(-) P x dt-almost

loc
everywhere, or equivalently, with probability one, ®.(w) = ®/(w) dt-almost everywhere.

Proof. We may assume that My = 0 so that M € M¥<({FF}).
If M € H2, according to Theorem 5.11, we know that

o0
MOO:/ ®,dB;
0

for some ® € L?(B). Therefore,

o] t
M, =E [M|FP] =E U <1>3st|$,53} :/ ®,dBs,
0 0

which proves the representation for M.
In general, suppose T, is a sequence of finite {F}?}-stopping times increasing to

infinity such that M™ € HZ for each n. Write M]" = fg oM dB, for &M € L%*(B).
According to Proposition 5.11, we have

t t
| @as, = = ez = [Ca 1, ()b

Therefore, with probability one, o™ (w) = <I>.(n+1)(w)1[07m(w)](~) dt-almost everywhere.
This implies that with probability one, <I>.(n+l)(w) = o (w) on [0, 7, (w)], which enables

us to patch all those ®(™)'s to define a single process ®. More precisely, let

A .
o2 (hm sup CI>(”)> - 1{lim5upn_>oo o) is finite}"

n—oo

Apparently, @ is progressively measurable, and ® € L2 (B). To see that M; =
[y ®5dBs, let N € ME°({FF}). Then

t
(M. N) s = (M7, N = [ @ (B, ),
0
for each n. But from the Kunita-Watanabi inequality (c.f. (5.4)) and the fact that with
probability one, <I>.(n)(w) = &.(w) dt-almost everywhere on [0, 7,(w)], we know that
f(f @g")d(B,]\Os = fg ®.d(B, N)s whenever t < 7,. Therefore, by letting n — oo, we
conclude that

(M,N); = /th)Sd(B,N)s.
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Since this is true for arbitrary N € MEP¢({FP}), we obtain the desired representation.
Finally, the uniqueness follows from the fact that if ® € L2 (B) satisfies f(f ®,dBs =
0 for every t, then with probability one,

t
/ ®2ds =0, Vt>0.
0

O

Remark 5.12. Since By = 0 and {F} is the augmented natural filtration of B, every
Fo-measurable random variable is therefore a constant. In particular, M is a constant
for a continuous {F}-local martingale.

The same argument extends to the multidimensional case without any difficulty. We
only state the main result and leave the details to the reader.

Theorem 5.13. Let B; be a d-dimensional Brownian motion and let {FP} be its aug-
mented natural filtration. Then for any continuous {FP}-local martingale M, there
exists ®J € L2 (BY), such that

loc

d
Mt:M0+Z/ dIdBI.
j=170

These ®;'s are unique in the sense that if W/'s satisfy the same property, then with
probability one,

(@ (w), -, B (w)) = (T} (w), -, Thw)), dt— ae.

An analogous result of Theorem 5.11 also holds in the multidimensional case, and we
will not state it here.

Now we turn to the second part: what if the underlying filtration is not the Brownian
filtration?

Suppose that M; = fg ®,dB; for some Brownian motion. Then (M), = fg d2ds.
Therefore, a necessary condition for M having the representation as a stochastic integral
is that d(M ) is absolutely continuous with respect to the Lebesgue measure. Moreover,
if we know the Radon-Nikodym derivative d{M);/dt = ~; > 0, then B; = fot fys_l/QdMS
will be a Brownian motion by Lévy's characterization theorem, and from the associativity
of stochastic integrals, of course we have M; = fg 7;/2dBt. If ¢ is simply non-negative,
in order to support a Brownian motion we need to enlarge the underlying probability
space as we have seen in the last subsection.

To be precise, we are going to prove the following main result in the multidimensional
setting. Let (Q,F,P;{F:}) be a filtered probability space which satisfies the usual
conditions.

We are going to use matrix notation exclusively and apply results from standard
linear algebra. To treat things in an elegant way, we first fix some notation. For a real
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m X n matrix A, A* is denoted as the transpose of A, and we define the norm of A
to be ||A| £ maxi<icm,1<j<n |A;| The space of real m x n matrices is denoted by
Mat(m,n). If My = (M},---, M) is a vector of continuous {F;}-local martingales,
we use (M); to denote the matrix ((Mi,Mj>t)1<ij<d. It is apparent that this matrix
is symmetric and non-negative definite for each toIf W, is a matrix-valued process,
we use ¥ o )M to denote the vector-valued stochastic integral [ W - dM as long as the
matrix multiplication and the stochastic integral make sense in a componentwise manner.
Apparently, (Ve M) =W - (M) - ¥*.

Recall that every real d x d matrix A has a singular value decomposition as A =
UAV*, where U,V are orthogonal matrices, A is a diagonal matrix with non-negative
entries on the diagonal. Moreover, the nonzero elements on the diagonal of A are the
square roots of nonzero eigenvalues of AA* counted with multiplicity.

Theorem 5.14. Let M, = (M}, --- , M) be a vector of d continuous {F;}-local mar-
tingales. Suppose that there exist matrix-valued progressively measurable processes 4
and ®, taking values in Mat(d, d) and Mat(d, r) respectively, such that:

(1) with probability one, fg |®s]|?ds < oo for every t > 0;

(2) (M), = fg vsds for every t > 0;

(3) ¢ = @4 - ®f for every t > 0.
Then on an enlargement (0, F,P; {F;}) of (0, F,P; {F1}), there exists an r-dimensional
{ Fi}-Brownian motion, such that

t
Mt:Mo—i—/ ®; - dB;.
0

Proof. We may assume that My = 0. By adding M* = 0 or ®} = 0 when necessary, it
suffices to prove the theorem in the case d = r.

First of all, let ® = Spo* be a singular value decomposition of ®. Note that 3, p, o
are matrix-valued processes, where 3, o are orthogonal and p is diagonal . It follows that

v = ®P* = BpoopB = Bp*B*.

A

This also gives the diagonalization of ~. Let a@ £ Bp and A £ 63*, where 6 is the
diagonal matrix formed by replacing each nonzero element on the diagonal of p by its
reciprocal. It is important to note that all these matrix-valued process constructed here
are progressively measurable, as they are constructed from a pointwise manner.

Now define ¢; £ rank(y), and let P, to be the matrix-valued process given by
(Pgt)é =1ifi=j<( and (Pct)é- = 0 otherwise. Define the stochastic integral process

N £ )\ e M. It follows that
d{N)y = X-d(M) - \* = My \*dt = 95*5,025*@9(% = Pedt.
Next define X 2 o« e N. Then we have

d(X); = aPca*dt = BpPepB*dt = Bp*B*dt = ydt = d{M)y,
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and

d(X, M), = d{M,X)" =a\d(M); = a\ydt
= BpfB*Bp*Brdt = vdt.

Therefore, (X — M) = 0, which implies that X = M.

To finish the proof, let (Q, F,P; {ft}) be an enlargement of (2, F,P; {F;}) which
supports a d-dimensional Brownian motion W; independent of M. The construction of
(Q, F,P; {ft}) is similar to the one in the proof of Theorem 5.9. Define

WEN+(Id— P;)eW.

Then

d(W); = d(N); + (Id — P;)dt = dt,
where we have used the fact that (N, W) = 0 due to independence (the same reason
as in the last part of the proof of Theorem 5.9). Therefore, W; is an {F;}-Brownian
motion according to Lévy's characterization theorem. Moreover, by the definition of «,
we know that

aeW = aeN+(a(ld—F;))eW =X =M.

Since a = @0, we conclude that M = ® e (o @ W). But B £ o e W is also an {F;}-
Brownian motion according to Lévy's characterization theorem as o takes values in the
space of orthogonal matrices. Therefore, we arrive at the representation

t
Mt—/ d, - dB,.
0

O

Remark 5.13. The underlying idea of proving Theorem 5.14 is very simple. The com-
plexity arises from the possibility that - is degenerate. If we further assume that 7; is
positive definite everywhere, then B £ &~ ¢ M will be an {F:}-Brownian motion, and
M = deB. In particular, in this case we do not need to enlarge the underlying probability
space.

5.8 The Cameron-Martin-Girsanov transformation

In Section 5.6, we have seen the notion of a random time-change. Now we study another
important technique: change of measure. This technique is very useful in the study of
stochastic differential equations.

It is well known that the Lebesgue measure on R? is translation invariant, in the sense
that given any h € R?, the measure induced by the translation map = — x + h is again
the Lebesgue measure. The Lebesgue measure is essentially a finite dimensional object:
there is no counterpart of Lebesgue measure in infinite dimensions in any obvious way.
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However, a Gaussian measure is quite different: for instance, a natural infinite dimen-
sional counterpart of a finite dimensional Gaussian measure is just the law of Brownian
motion defined on the continuous path space. A natural question therefore arises: what
is the invariance property for a Gaussian measure with respect to translation?

We first illustrate the motivation by doing a series of formal calculations.

Let us first consider the finite dimensional situation. Let

1 |z |2

,LL(dl') = Wedeﬂf

be the standard Gaussian measure on (R%, B(R%)), so that the coordinate random vari-
ables £(x) £ 2% define a standard Gaussian vector & = (£,--- &%) ~ N(0,1Id) under
the probability measure . Now fix h € R?. Consider the translation map 7}, : R? — R?
defined by Tj,(z) £ = + h, and let u* £ jo (T")~! be the push-forward of u by Tj,.
From the simple relation that for any nice test function f: RY — R!,

Fu(dy) = fz + h)p(dz)
R4 Rd

1 _le?
BRCHLE /Rd fla+hjem 2 d
= | Fw)em = (),

we see that p” is absolutely continuous with respect to p, and the Radon-Nikodym
derivative is given by

A’ _ a3 (5.30)
dp

This property is usually known as the quasi-invariance of Gaussian measures.

Another way of looking that this fact is the following: if we define u* by the formula
(5.30), then 7 = & — h is a standard Gaussian vector under i, since its distribution,
which is the push-forward of 1" by the map T, : =+ = — h, is just p.

Now we look for the infinite dimensional counterpart of this simple observation. For
simplicity, let Wy be the space of continuous paths w : [0,1] — R! vanishing at
t = 0, and let u be the law of a one dimensional Brownian motion over [0, 1], which is
a probability measure on (Wy, B(Wy)). Define B;(w) = wy, so that B; is a Brownian
motion under . Now fix h € Wy, which is in this case a continuous path. We assume
that h has “nice” regularity properties and let us do not bother with what they are at the
moment. Again consider the translation map 7}, : Wy — W, defined by T} (w) = w+h,
and let p* be the push-forward of y by Tj,.

To understand the relationship between 1 and 1, we need some kind of finite di-
mensional approximations. For each n > 1, consider the partition P, : 0 =1ty < t; <
-+ < t, = 1 of [0,1] into n sub-intervals with equal length 1/n. Given w € Wy, let
(n)

w(™ € W, be the piecewise linear interpolation of w over P,,. More precisely, wy, = wy,

for t; € P,, and w™ is linear on each sub-interval associated with P,,. Given a nice test
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function f: W — R, we define an approximation f( of f by f(w) £ f(w™). A
crucial observation is that f(™) depends only on the values {wy,,--- ,w,}. Therefore,
™) is a finite dimensional function, in the sense that there exists H : R™ — R, such
that £ (w) = H(wy,,--- ,wy,) for all w € Wy.

Now we do a similar calculation as in the finite dimensional case:

0 (w) " (dw)

Wo

= £ (w + h)p(dw)
Wo

- H(wtl + htlv T, Wi, + htn):u'(dw)

Wo
= C H(zy+ hyy -+ o0 + hy,) exp —*ZM dz
R 1 n t —tz 1
ht‘_ht'_l ]. n (ht ht' 1)2
— H ... n 7 2 . Z_ z_ _ 7 ?
C . (Y1, » Yn) €XP (;ti_ti—l (Yi — Yi-1) 2
1~ (yi —yi1)?
1 M) "
2 4 t; —ti1
=1
= hu, — Iy, 1N (hyy — g y)?
— (n) ti — i 1 ti — My d
1w e (; e ) - g T ),

where C' £ (27)~"/2(t1(ta—t1) - - (tn —tn—1)) " '/2. Here comes the crucial observation.
If we let n — oo, it is natural to expect that (") (w) — f(w), and also

N 1
E S iy . (’U)ti — wtifl) — / h;dBt,
0

i—1 tl_tll
“~ (g, — hy, - )? /1 e
- = ti —ti_ hy)°dt, (5.31
L CETAIE RUIETN e

where the first limit is [td's integral! Therefore, formally we arrive at
1 1 /1

Fw)yt(dw) = [ Fw)exp ( / WdB, — / (h;)th> u(dw),
Wo Wo 0 0

which suggests that p” is absolutely continuous with respect to u, and the Radon-
Nikodym derivative is given by

duh 1 1 1
- = h,dB, — = | (h})%dt) . 5.32
v = ([ hias - g [ (5.32)

Another way of looking at this fact is the following: if we define u" by the formula
(5.32), then under the new measure ", By & By — hy = B; — fot h'.ds is a Brownian
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motion, since its distribution, which is the push-forward of uh by the map T, : w +—
w — h, is just p.

The above argument outlines the philosophy of Cameron-Martin's original work. The
main technical difficulty lies in verifying the convergence in (5.31) for the right class of
h. Here the right regularity assumption on h is the following: h needs to be absolutely
continuous and fol(hg)th < 00. Cameron-Martin’s result can be stated as follows. We
refer the reader to [10] for a modern proof.

Theorem 5.15. Let H be the space of absolutely continuous paths h € Wy with
fol(hg)th < o00. Then for any h € H, u" is absolutely continuous with respect to i
with Radon-Nikodym derivative given by (5.32), and w; — fg h'.ds is a Brownian motion
under 1", In addition, for any h ¢ H, u* and u are singular to each other.

Remark 5.14. We can see from Cameron-Martin’s theorem that the infinite dimensional
situation is very different from the finite dimensional one: the quasi-invariance prop-
erty is true and only true along directions in . This space H, which is known as the
Cameron-Martin subspace, plays a fundamental role in the stochastic analysis on the
space (Wo, B(Wy), ).

After Cameron-Martin's important work, Girsanov pushed this idea further into a
more general situation. It is Girsanov's work that we will explore in details with the help
of martingale methods.

Let (2, F,IP; {F;}) be a filtered probability space which satisfies the usual conditions,
and let B; = (B},---, BY) be a d-dimensional {F;}-Brownian motion. Suppose that
X¢ = (X}, , X is a stochastic process with X* € L2 (B*) for each i.

Motivated from the previous discussion on Cameron-Martin’s work, we define the
exponential martingale

d t t
EX 2 exp <Z/ XqdBg — 2/ |Xs|2d8) , t>0. (5.33)
=170 0

According to Ité’s formula, we have
d  rt
gX =1 +Z/ EXXUB!,

i=170
Therefore, £ is a continuous local martingale. Now take a localization sequence 7,, 1 oo
of stopping times such that Sfi/\t is martingale for each n, i.e.

X X
E[STn/\t“FS] = ng/\S'

Fatou’s lemma then allows us to conclude that & is a supermartingale and E[£X] <
E[€X] = 1 for all t > 0. In general, & can fail to be a martingale. However, we have
the following simple fact.

Proposition 5.20. £~ is a martingale if and only if E[£X] = 1 for all t > 0.
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Proof. Since £ is a supermartingale, given s < ¢, we have
/ EXdP < / EXdP, VA€ F.. (5.34)
A A
If StX has constant expectation, then

EXdP > [ &£XdP, VA e F.. (5.35)
Ac Ac

But (5.34) and (5.35) are true for all A € F. It follows that

/gffdpz/gfdp, VA € Fs,
A A

which implies the martingale property. O

Remark 5.15. In Cameron-Martin's work, given h € H, since fot h!.dBs is Gaussian

distributed with mean 0 and variance fg(h;)2d8 (c.f. Problem Sheet 5, Problem 1, (2)),
we know from Proposition 5.20 that the exponential martingale

t t
EM £ exp (/ (R,)dB, — 1/ (h;)2d3>
0 2 Jo

is indeed a martingale.

Now we make the following assumption exclusively and explore its consequences.
At the end of this subsection, we will establish a useful condition which verifies the
assumption.

Assumption 5.1. {&X, 7} is a martingale.

As in Cameron-Martin's formula (5.32), for each given T > 0, we define

Pr(A) 2 E[14£5%], A< Fr.

According to Assumption 5.1, Pris a probability measure on (€2, Fr) which is obviously
equivalent to IP. _
The following lemma tells us how to compute conditional expectations under Pr.

Lemma5.4. Let0 < s <t <T. Suppose thatY is an { F;}-measurable random variable
which is integrable with respect to Pr. Then we have:

~ 1 ~
Er[Y|Fs] = 5—XIE[Y53<|fS], P and Py — a.s.,

s

where IET is the expectation under IF’T.
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Proof. For any A € F,, by the martingale property of £X under P, we have

Er[Y14] = E[Y14&%] = E[Y14&]

gX
E [14E[Y &S | 5] =E [;(ME[Y&’WIS]

~ 1
= Er gXIA]E[Y€X|}'@

Therefore, the result follows. O

With the help of Lemma 5.4, we are able to understand the relationship between
continuous local martingales under P and Pr. Given T > 0, we use the notation MlOC

(respectlvely Mloc) to denote the space of continuous local martingales {M;, F; @ 0 <

< T} on (2, Fr,P) (respectively, on (Q,]-"T,IF’T)) which vanishes at ¢t = 0. The
meaning of a local martingale defined on a finite interval [0, 7] should be clear to the
reader.

Theorem 5.16. For T > 0, the transformation map
Gr: Ml — M5

MtHMt /XlMB

is a linear isomorphism and respects the bracket, i.e. <M, N) = (M,N) for all M,N €
M}]‘;CT, where the bracket processes are computed under the appropriate probability mea-
sures.

Proof. We first show that M = Gp(M) € MIOC for M € Mloc By localization,
we may assume that all involved local martlngales and bounded variation processes are
uniformly bounded. By the definition of M and the integration by parts formula (c.f.
Proposition5.15), we have

MEX = / EXAM, +> / M, EXX'dB,
0 - 0

which shows that ]\Zé’tx is a martingale under P. Therefore, by Lemma 5.4,

Er[M|Fs] = —E[MEX | Fs) = M,

1
&x
showing that ]\Z is a martingale under Iﬁ’T. This proves that G maps /\/lloC to ./\/lloc
It is apparent that G is linear.

Now we show that G respects the bracket. Indeed, again localizing in the bounded
setting, exactly the same but longer calculation based on the integration by parts formula
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shows that (]\ZKQ (M, N);)EX is a linear combination of stochastic integrals, which

proves that it is a martlngale under P. Therefore, Lemma 5.4 again shows that M,N, —
(M, N)y is a martingale under Pr. This proves that (M, N) = (M, N).
In particular, G is injective since

M=0= (M)=(M)=0 = M =0.

Finally, we show that G is surjective. Let M € /\/lloC If M is bounded, by Lemma
5.4, we know that s o .
E[ME | Fo) = EFBr[My| Fy) = MoES*.

Therefore, ]\Zé’tx is a martingale under P. Since M; = (]\Zé’f()/gtx, after removing
the localization, It6’s formula shows that M; is a continuous semimartingale under P
Therefore, we may assume that under P, M; = M; + A; for some M € /\/lloC and some

bounded variation process A. Now define M £ G (M) € MlOC It follows that
—_— d t . .
M, — M, = A+ Z/ X'd(M, B',.
— /o

This shows that M — M is a bounded variation process. But M—1 e M%)OCT Therefore,
M=M= Gr(M), which shows that G is also surjective. O

From the characterization of stochastic integrals, a direct corollary of Theorem 5.16
is that the transformation map G respects stochastic integration.

Corollary 5.2. Let M € MEO.%, and let ®, be a progressively measurable process on

0, 7] such that P ([, ®2d(M), < o0) = 1. Then (@) = I'/(®).

Proof. Since <M> = (M), we have Py <f0T @§d<M>S < oo) = 1. The last claim follows
from the fact that

<ﬁ4\(6),ﬁ> — (IM(®),N) = & e (M, N)
- <1>.<J\7,J\7>:<ﬂ7<q>),ﬁ>, VN € ME5.
]

Another direct consequence of Theorem 5.16 is the following result. This is the
original Girsanov's theorem.

Theorem 5.17. Define the process B; = (Etl, . ,Ef) by
Bgégg_/xgds, £20, 1<i<d (5.36)
0

Then for each T' > 0, the process {Et,]:t : 0 <t < T} isad-dimensional Brownian
motion on (2, Fr,Pr).
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Proof. From Theorem 5.16, we know that B = Gp(B') € /K/lv%)OCT for each 1 < i < d.
Moreover, we have

(B!, B’); = (B, B?); = §;;dt, t€0,T).

Therefore, according to Lévy's chaLacterization theorem, we conclude that Et isan {F;}-
Brownian motion on [0, 7] under Pr. O

The careful reader might ask if there exists a single probability measure Pon (Q, Foo)s
such that P = ﬁT on Fp for every T' > 0. This is not true in general. Indeed, if such
P exists, then P is absolutely continuous with respect to P on Fuy (A € Fio, P(A) = 0
implies A € Fy, and hence P(A) = Py(A) = 0). In this case, if we let & £ dP/dP on
(9, Fso), then it is not hard to see that & = E[¢|F;] so that & is uniformly integrable.
Certainly this is too strong to assume in general (for instance, the martingale B3t s
not uniformly integrable). Conversely, if £ is unn‘ormly integrable, then £~ = E[¢|F]

for € 2 limy_y00 & € Fuo. If we define IP’ fA &dP for A € Foo, then P = Pr

on Fr for every T > 0. Therefore, we see that an extension P of {IP’T : > 0}
exists on (0, Fo) if and only if & is uniformly integrable, in which case P is absolutely
continuous with respect to P on F,. This is crucially related to the fact that we assume
Fo contains all IP’—nulI sets, which is part of the usual conditions. Also note that in tbis
case, the process B, defined by (5.36) is an {F;}-Brownian motion on [0, 00) under P

However, if we only consider the natural filtration and do not take its usual augmen-
tation, then we do have such an extension P even without the uniform integrability of
£X, and the process B; is a Brownian motion on [0, c0) under P.

To be more precise, let us consider the continuous path space (W%, B(W?), it), where
p is the d-dimensional Wiener measure. Let Bj(w) £ w; be the coordinate process
and let {GP} be the natural filtration of B;. It follows that {B;,GP} is a Brownian
motion under 1. Now consider a {GF }-progressively measurable process X; which satisfies
fg X2(w)ds < oo for every (t,w). Define the exponential martingale £~ by (5.33) and
assume that it is a martingale (technically speaking, in order to make sense of the
stochastic integrals involved, we need to define £ with respect to the augmented natural
filtration {F}, and assume that & is a martingale under this filtration). Then

Br(A) 2 / Xy AcGP,
A

defines a compatible family of probability measures. Therefore, they extend to a proba-
bility measure on the m-system Ur=oGZ. By verifying the conditions in Carathéodory’s
extension theorem, we get a smgle probablllty measure P on GB = B(WY) which ex-
tends those P7's. Apparently, B; £ fo X,ds is {GP}-adapted and it is indeed a
{GP}-Brownian motion on [0, 00) under

In general, althought Pis absolutely continuous with respect to p when restricted on
each GB (because Py is by definition), it can fail to be so on GB . A simple example is the
following: consider X = ¢ # 0. Then under the new probability measure IF, Et = B;—ct
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is a Brownian motion and therefore B; = Et + ct is a Brownian motion with drift c. Let

A2 {wew?: tirgowt/t:c}egg.

Then P(A) = 1 but u(A) = 0.

We leave the reader to think about these details.

To finish this part, we give a useful condition, known as Novikov's condition, under
which Assumption 5.1 holds.

Theorem 5.18. Let M € M. Suppose that

N

E [e <M>t} < oo, Vtz=0.

Then
gM & M=z (M 4>,

)

is an {F;}-martingale.

The idea of the proof is not hard: we try to use the Dambis-Dubins-Schwarz theorem,
which tells us that My = B, for a Brownian motion possibly defined on some enlarged

probability space. Since eBs38 s obviously a martingale and (M), is a stopping time

with respect to the relevant filtration, by applying the optional sampling theorem formally,
it is entirely reasonable to expect that

E [eMt—%<M>t] -F [eB<M>t—%<M>t =1.

Therefore, the result follows according to Proposition 5.20. To make this idea work, we
need to overcome the issue of integrability by a technical trick.

Proof of Theorem 5.18. According to the generalized Dambis-Dubins-Schwarz theorem
(c.f. Theorem 5.9), there exists an {F;}-Brownian motion B, possibly defined on some
enlarged space (Q, F,P;{F;}), such that M, = Bary,- Moreover, (M), is an {F}-
stopping time for every t > 0.

For each b < 0, define

m 2inf{s > 0: By —s=b}.

Note that in Problem Sheet 4, Problem 6, (2), we have computed the marginal distri-
bution of the running maximum process for the Brownian motion with drift. From that
formula it is not hard to see that the density of 7, is given by

B(ry € ds) = e~ "5 s, £ 0
T € ds) = —=e~ " 2 ds, :
V2ms3
In particular,
1 *© |b] (b+s)?
E [627—’3] — / egs e 25 ds= e_b, 5.37
0 V2ms3 ( )



where we applied the change of variables u = |b|//s.
Apparently, Z; = B2 s an {Fs}-martingale. Therefore, Z7 is also an {F;}-

martingale. Moreover, since 7, < oo almost surely,

T — eBTb_%Tb — e%Tb-i-b
o .

Now on the one hand, Fatou's lemma tells us that {Z™ F, : 0 < s < oo} is a
supermartingale with a last element. On the other hand, (5.37) tells us that E[Z7t] =
E[Z*] = 1 for all s. Therefore, similar to the proof of Proposition 5.20, we know that
{Z*,Fs: 0 < s < oo} is a martingale with a last element. This allows us to use the
optional sampling theorem to conclude that

E [ZZJZ(/I%] = E [eBTbMMM*%Tb/\(]Vf)t} -1

1 _1
= B [1{<M>t27b}92Tb+b] +E [1{<M>t<7b}eMt 2<M>t] '
As b — —o0, the first term goes to zero by the dominated convergence theorem, since

the integrand is controlled by ebez (M)t (note that E[e%<M>t] < oo according to the
assumption) and 7, — oco. Therefore,

E [eMﬁ%WN} — 1.

As this is true for all ¢, according to Proposition 5.20, we conclude that M is an {F;}-
martingale.
O

Combing back to the setting of the Cameron-Martin-Girsanov theorem, we have the
following direct corollary.

Corollary 5.3. Suppose that X' € L2 (B?) fori=1,--- ,d. Suppose that

loc

t
E [exp <;/ |X8]2ds)] < oo, Vt=0.
0

Then the exponential martingale £/ defined by (5.33) is indeed a martingale.

5.9 Local times for continuous semimartingales

From Itd's formula, we know that the space of continuous semimartingales is stable under
composition by C?-functions. Now a natural question is: what happens if the function
fails to be in C??

Let us consider the simplest case: f(x) = |z|. Then f'(z) = sgn(z) and f"(x) =
200 (x), where 0y is the Dirac o-function at 0. Applying Ité's formula for the one dimen-
sional Brownian motion and f in a formal way, we have

t t
|Bt|:/ Sgn(BS)st+/ 60(Bs)ds.
0 0
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Heuristically, fo 00(Bs)ds measures the “amount of time" before ¢ that the Brownian
motion is at the zero IeveI Of course this is not m({s € [0,t] : Bs = 0}) (m is the
Lebesgue measure), because level sets of Brownian motion are Lebesgue null sets with
probability one. More precise, the term fg d0(Bs)ds should be understood as

/ do( B.)ds = lim 21 m({s € 0,4 : |By| < e)), (5.38)

so it measures some kind of occupation density at the zero level.

This motivates the definition of a local time, and with which we can extend It&'s
formula to functions with singularities. The theory of local times for Brownian motion
is a very rich subject, and it leads to a large amount of deep distributional properties
related to the Brownian motion. Here we only introduce the basic theory for local times
of general continuous semimartingales, and we will not touch those deep computational
aspects.

We start with the following result. Let X; = Xy + M; + A; be a continuous semi-
martingale.

Theorem 5.19. Let f be a convex function on RY. Then there exists a unique {F;}-

adapted process A{ with continuous, increasing sample paths vanishing at t = 0, such
that

f(Xt) = f(Xo) / F(X)dXs + A,
where f' is the left derivative of f. In particular, f(X;) is a continuous semimartingale.

Proof. Let ,0 € C®(R') be a non-negative function with compact support on (—oo, 0]
and [p, p(y)dy = 1 We can think of p as a mollifier. For each n > 1, define p,(y) =

np(ny) and f(z) £ [ f(x + y)pn(y)dy. Then f, € C(R') and f,(z) = f(x) for
every r € RL. Moreover since f is convex, it is locally Lipschitz. Therefore, f’ exists
almost everywhere and f’ is locally bounded. By the dominated convergence theorem,
we have

= [ rrnnwir= [ 1 (o+2) o)

But we know that for a convex function f, f’ is left continuous. As p is supported on
(—00,0], we conclude that f!(z) — f (z) for every z € R
Now we define

2 07 |XO|
T inf{t=0: X4 >m}, | Xo| <m,

and Xt(m) £ Xol{xo|<m} + M]™ 4+ A]™ in the same way as in the proof of It&'s formula.

Then each X (™) is a bounded continuous semimartingale. By applying [t6's formula to
X (™) and the function f,,, we have

fu (X)) = fu (x87) + /0 gy () axim 4 g,
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where A7 2 1 [ fu (Xs(m)> d (X)) _If we let n — oo, according to the stochastic

and ordinary dominated convergence theorems (c.f. Proposition 5.14), we conclude that
t
() =1 () + o (x0) t

where A7 £ lim,, o, A}"™ which has to exist. In addition, as {r,, > 0} T Q and
X(m) = X7 on {7, > 0}, by letting m — oo, we arrive that

F(X0) = f(Xo) + /0 (X)X, + A,

where A; £ lim,, o, A" which also has to exist. Since f, is convex, we know that
"> 0. Therefore, A;"™ is increasing in ¢ for every m,m. This implies that A; is
increasing in t. Therefore, we can simply define

AL 2 F(X) — f(Xo) — /0 1 (X.)dX., (5.30)

which is continuous and has to be a modification of A;. A{ will be the desired process,
and uniqueness is obvious as it has to be given by the formula (5.39). O

The reader might think that Theorem 5.19 is very general and the increasing process
A{ can depend on f in some complicated way. In fact, this is not true. The process A{
can be written down in a very explicit way in terms of the local time of X which we are
going to define now.

We define sgn(z) = 1 if > 0 and and sgn(z) = —1 if < 0. If f(z) = |z|, then
7'(z) = sgn(z).

Theorem 5.20 (Tanaka's formula). For any real number a € R!, there exists a unique
{Fi}-adapted process L} with continuous, increasing sample paths vanishing at t = 0,
such that

t
| X: — al | Xo — al + / sgn(Xs — a)dX, + LY,
0
t 1
(Xt — a)Jr — (XO — a)+ +/0 1{Xs>a}dXS + iL?,
t 1
(Xt — a)* = (X() — G)i — /0 ]-{nga}dXs + iLg

In particular, | X; — a|, (X; — a)* are all continuous semimartingales.

Proof. We apply Theorem 5.19 for the function f(x) = |z — a| and define L¢ £ A{ in
the theorem. Then the first identity holds. Let B; and C; be the increasing processes
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arising from Theorem 5.19 applied to the functions (z — a)® respectively, i.e.

t

(X — a)+ = (Xo— a)+ +/0 1{Xs>a}dXS + By,
t

(Xt — CL)_ = (XO — CL)_ - / ]-{nga}dXs + Ct.
0

Adding the two identities gives B; + C; = L, while subtracting them gives B, —C; =0
as

t
Xt =X +/ dXs.
0
Therefore, B, = C, = L} /2. O

Definition 5.14. The process {L{ : t > 0} is called the local time at a of the continuous
semimartingale X.

Example 5.2. Let B; be a one dimensional Brownian motion. Then the first identity in
Tanaka's formula gives the Doob-Meyer decomposition for the submartingale |B; — a,
where the corresponding increasing process is the local time at a, and the martingale
part is |By — a| + fot sgn(Bs — a)dBs, which interestingly, is a Brownian motion starting
at | By — a| according to Lévy's characterization theorem.

Since L{ is increasing in t, it defines a (random) measure dL® on [0,00). The first
property of L{ is that the random measure dL® is almost surely carried by the set
A 2{t>0: X, =a}.

Proposition 5.21. With probability one, dL*(AS) = 0.

Proof. By applying 1t6's formula to the continuous semimartingale | X; — a| given by the
first identity of Tanaka's formula and the function f(z) = 22, we have

t
(X;—a)? = (Xo—a)?+ 2/ | Xs — a| - sgn(Xs — a)dX,
0
t
+2/ | X — aldL® + (X ),
0
t t
= (Xg—a)*+ 2/ (X5 —a)dXs + 2/ | Xs — aldLs 4+ (X);.
0 0

On the other hand, 1t6's formula applied to X; — a and the same function f(z) = x2

gives that
t
(X; —a)> = (Xo—a)® + 2/ (X5 —a)dXs + (X);.
0

Therefore, fg | Xs —aldL? =0 for all ¢ > 0. This implies that dL%(A¢%) = 0. O
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So far the local time process is defined for each given a € R!. In order to obtain
more interesting results from the analysis of local times, we should first look for better
versions of L{ as a process in the pair (a,t). At the very least, we should expect a jointly
measurable version of L{. This is the content of the next result.

Proposition 5.22. There exists a B(R') ® B([0, o)) ® F-measurable L: (a,tw)
L%(w), such that for every a € R!, the processes {L% : ¢ > 0} and {L%: t > 0} are
indistinguishable.

Proof. This is a direct consequence of the stochastic Fubini's theorem (c.f. Problem
Sheet 5, Problem 3). O

With this jointly measurable version of local time process (which is still denoted as
L¢), we are able to prove the following so-called /t6-Tanaka's formula. This result gives
an explicit formula for the process A{ arising from Theorem 5.19 in terms of the local
time L.

Theorem 5.21. Let f be a convex function on R' and let X; be a continuous semi-
martingale. Then

F(X0) = £(X0) /f DX+ [ Liutda)
where i is the second derivative measure of f on (R', B(R')) induced by u([a,b)) =
fL(b) — fL(a) for a < b. In particular, f(X;) is a continuous semimartingale.

Proof. The main idea is to represent a convex function in some more explicit way. This
part involves some notions from generalized functions.
First assume that p is compactly supported. Define the convex function

Al

g(x) = 5 /Rl |z — alp(da), z € R (5.40)

We claim that f(z) — g(x) = az + 3 for some «, 3 € R!. To this end, it suffices to show
that 1 = ¢” in the sense of distributions. Let ¢ € C°(R!) be a smooth function with
compact support. Then

Tyr(p) = — /R gde = /R 9dx
1
= 5 L ([ 1o antan)) " o
2 Jr1 \Jg1

- ;/R pu(da) /R 204 (z)p(z)dx
_ A;wmmu@,
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where we have used the fact that |« — a|” = 2§,(z) in the sense of distributions. There-
fore, the claim holds. Since the theorem is apparently true for any affine function ax + 3
(in which case p = 0), it remains to show that it is true for g given by (5.40).

Integrating the first identity of Tanaka's formula with respect to x and applying the
stochastic Fubini's theorem (c.f. Problem Sheet 5, Problem 3), we have

9X) = o)+ [ (5 [ st~ o) ) ax.+ 3 [ Liutao

t
— g(X0)+ [ o (X)aXet 5 [ Liutda)
0 R!
Therefore, the theorem holds for g.

In general, if 1 is not compactly supported, we define f,, to be a convex function such
that f, = f on [—n,n| and its second derivative measure i, is compactly supported on
[—n,n]. By stopping along a sequence 7, of stopping times, we then localize X, inside
[—n,n] in the same way as in the proofs of 1t6's formula and Theorem 5.19. It follows
that the theorem holds for f on each [0,7,] provided {7, > 0}, and therefore holds
globally by letting n — oc. O

[t6-Tanaka's formula immediately gives the following so-called occupation times for-
mula.

Corollary 5.4. There exists a P-null set outside which we have

/ t(I)(Xs)d<X)5: / O(z)L¥dx (5.41)
0 R1

for all t > 0 and all non-negative Borel measurable functions ®.

Proof. Let ® € C.(R!) be a non-negative continuous function with compact support.
Let f € C%(R') be a convex function whose second derivative is ®. By comparing It6’s
formula and It6-Tanaka's formula for f, we conclude that outside a P-null set Ng,

/ t<I>(Xs)d<X)S - / &(z)Lidz, Vit > 0. (5.42)
0 R1

To obtain a single P-null set independent of @, let X = {Pg, go.gs.qu © @1 < @2 < g3 <
g4 € Q} be the countable family of functions defined by

0, T < qorT > qy;
r—qg1 .
— q1 <z <q2
P41 .,92,05,04 (x) £ era’ ,
1, @2 <z < g3;
jf:;, q3 < < qq.

Let N £ UgpenNo. Then N is a P-null set outside which (5.42) holds for all ® € H.
From a standard approximation argument, this is sufficient to conclude that (5.42) holds
for all non-negative Borel measurable functions. O
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It is tempting to choose ®,, — ¢, so that we obtain L} = fg 0q(Xs)d(X)s, at least
in the sense of (5.38), which verifies the intuitive meaning of local time (in the Brownian
motion case) that we explained at the beginning. To do so, we need an even better
version of L.

Theorem 5.22. Suppose that X; = Xo+ M;+ Ay is a continuous semimartingale. Then
there exists a modification {L% : a € R, ¢ > 0} of the process {L% : a € R!,t > 0},
such that with probability one, the map (a,t) — L%(w) is continuous in t and cadlag in
a. Moreover, for each a € RY,

- - t t
Ly — L = 2/0 1(x,—a)dAs = 2/0 1(x,—a}dXs. (5.43)

In particular, if X; is a continuous local martingale, then there is a bicontinuous modifi-
cation of the process {L¢ : a € Rt > 0}.

Proof. We start with the jointly measurable modification L{ given by Proposition 5.22,
which allows us to integrate with respect to a. From the second identity of Tanaka's
formula, we have

1 t t
5[1? = (Xt - a)+ - (XQ - a)+ — /0 1{X5>a}dMS — /0 1{Xs>a}d‘48' (5.44)

We first show that the family J\//E“ = fot 1¢x,>aydM; of continuous local martingales
possesses a bicontinuous modification in the pair (a,t). To this end, given T' > 0, let
Wr be the space of continuous paths on [0, 7], equipped with the uniform topology. It
suffices to show that, when restricted on t € [0,7], the Wr-valued stochastic process

{J\/i‘l : a € R} possesses a continuous modification in a.
Indeed, for given a < b and k > 1, the BDG inequalities (c.f. (5.20)) implies that

(/OT 1{a<Xs<b}d<M>S>k] - (5.45)

By applying the occupation times formula (c.f. (5.41)) to the function ® = 1,4, the

right hand side of (5.45) is equal to
b k 1 b k
x Nk T
(/a Td:n) ] Cr(b—a)"E [(b—a/a Lood:c> ]
Cr(b—a)*E ! /b(Lx Yda
F b—a [,

< Culb— ) sup E[(IZ)").
zeR!

— Aka
E[sup ‘Mt‘l—Mt‘ }ngE

0<t<T

CiE

N

N

Now from (5.44), we can see that

n / dHAHs> |
0

t
LY <2 (sup | Xe — Xo| + St1>118 ‘/ Lix >y dM;
>0 |Jo

t=>0
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where || A||; is the total variation process of A;. The BDG inequalities again implies that

0 k
Mﬂéﬂﬂ<C%EkmﬂXr—Xd”+Mﬂﬁz+<A dWﬂJ

t=>0

Observe that the right hand side is independent of z. If it is finite, then our claim follows
from Kolmogorov's continuity theorem with state space Wp which is a complete metric
space. In general, we define

t k
Tnéinf{t20: |Xt—Xo|k+(M>f/2+</ d||AHS> >n}.
0

Then the previous argument applied to the stopped process X™ (note that in this case
the corresponding local time L% will be the local time of the stopped process) implies
that for each n, the family (]/\4\“)7" possesses a bicontinuous modification in (a,t) €
R! x [0, T]. We denote such modification as M"". Note that when a,n are fixed, the
relevant processes are always continuous in t. Therefore, for each given n > 1 and
a,t >0,
an%?l = MM as. (5.46)

From the bicontinuity property, outside a single null set (5.46) holds for all n,a,t. In
particular, we are able to define a single process M on RY x [0, T such that M® = M*"
on [0,7, A T]. Of course ]\Z‘l is bicontinuous in (a,t) with probability one and it is a
modification of ]\/4\1?. R

Now consider the family of pathwise integral processes A% = fot 1¢x,>a)dAs. Appar-
ently,

t

t
A" = lim 1{X5>a—€}dAS:/ 1{X9>a}dA5’ (5.47)
€10 Jo 0 '

t t
A\?+ = lim 1{X5>a+g}dAs = / ]—{Xs>a}dAs = A\?
&0 Jo 0
Since Eg is already continuous in ¢ and cadlag in a pathwisely, there is no way to improve
the continuity of A\? by taking a modification.

Therefore, there exists a modification L{ of L{ which is continuous in ¢ and cadlag
in a with probability one. If X; is a continuous local martingale, then A = 0 and we
obtain a bicontinuous modification.

It remains to show (5.43). The first part is clear from (5.47). To see the second part,
it suffices to show that

t
‘/IMF@ML—Q vt >0,
0

for each given a. But from the occupation times formula applied to the function & =
144}, we know that

t t .
/0 1{X3:a}d<M>s = /0 1{Xs:a}d<X>s = /Rl 1{a}($)Lfd:L‘ = O, vt > 0.
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Therefore the result follows. O

Remark 5.16. It is important to point out that in the presence of A;, we cannot expect
a modification which is bicontinuous in (a,t) in general (a good example is illustrated
in Problem Sheet 5, Problem 7). However, such possible discontinuity is not a pure
effect of the presence of A;. Indeed, if M = 0, by the occupation times formula we
have [ ®(z)Lfdx = 0 for all non-negative Borel measurable ®. In particular, L¥ = 0
for almost every x € R!. Since L¥ is cadlag in x, we conclude that L?¥ = 0 for all
(x,t). Therefore, the possible discontinuity of L{ in a is a consequence of the interaction
between the martingale part and the bounded variation part of X.

Remark 5.17. From the proof of Theorem 5.22, if X is a continuous local martingale,
we have indeed shown that there exists a modification L¢ of {L{ : a € R',t > 0}, such
that with probability one, a — L{ is locally v-Hdlder continuous uniformly on every finite
t-interval for every v € (0,1/2) :

i

P| sup sup <o | =1

t€[0,T] 0<|a—b|<C la —b[7

for every T,C' > 0 and v € (0,1/2).

Now we use the version L{ of local time that we obtain in Theorem 5.22. Then we
have the following result which verifies (5.38) at the beginning.

Corollary 5.5. With probability one, we have

1 t
Lf =1lm= [ 1 a0(X)d(X)s VaeR't>0. (5.48)
el0 € Jo ’
If X; is a continuous local martingale, we also have
1t
g =l o /0 Loearo)(X)d(X)s, Ya R0, (5.49)

In particular, in the Brownian motion case, (5.38) holds with the left hand side being the
local time at O of the Brownian motion.

Proof. From the occupation times formula, we know that with probability one,

I 1 [ote

/ 1[a7a+€)(Xs)d<X>S = / Lfd:c, Vaﬂf, €.

€ Jo € Ja

But L{ is right continuous in a, so we have (5.48) by letting ¢ — 0. If X, is a continuous
local martingale, then L{ is continuous in a, in which case (5.49) follows from the same
reasoning but with ® = 1(,_. ,,.) when applying the occupation times formula. O

Although we are not going to touch any distributional properties related to local
times, we finish this section by stating an elegant result for the Brownian local time
along this direction. This result is due to Lévy. We refer the reader to [8] for the proof.
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Theorem 5.23. Let B; be a one dimensional Brownian motion, and let L; be the local
time at 0 of B. Then the two-dimensional processes {(S; — By, S) : t > 0} and

{(|B¢|, Lt) : t = 0} have the same distribution, where S; £ maxg<s<¢ Bs is the running
maximum of B.
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6 Stochastic differential equations

Consider a second order differential operator A over R™ of the form

A= ! Zn: a"j(:r:)i62 Jrzn:bl(x)i
2 0zidzd 4 dxt’

ij=1 i=1

There are two fundamental questions one could ask in general:

(1) How can we construct a Markov process (or more precisely, a Markov family
(Q,F,P),{X}, Ft: v €R"t>0})) with A being its infinitesimal generator, in the
sense that )

lim = (E[f(X{)] = f(2)) = (Af)(2), Vo eR",
for all f € CZ(R™)?

(2) How can we construct the fundamental solution to the parabolic PDE %7; —Au =
0?

The first question is purely probabilistic and the second one is purely analytic. How-
ever, to some extent, these two questions are indeed equivalent. If a Markov family solves
Question (1) with a nice transition probability density function p(t,z,y) = P(X} €
dy)/dy, then p(t,x,y) solves Question (2). Conversely, if p(¢,z,y) is a solution to
Question (2), then a standard Kolmogorov's extension argument allows us to construct
a Markov family on path space which solves Question (1).

It was Lévy who suggested a purely probabilistic approach to study these questions,
and |t6 carried out this program in a series of far-reaching works. The philosophy of
this approach can be summarized as follows. Let a = oo™ for some matrix . Suppose
that there exists a stochastic process X; which solves the following stochastic differential
equation (in matrix notation):

dXT = o(XF)dB, + b(XF)dt, >0,
XO =,

which is of course understood in Itd's integral sense. Then the family {X[} solves
Question (1), or equivalently, the probability density function p(¢, z,y) = P(X¥ € dy)/dy
solves Question (2) provided that it exists and is reasonably regular. The existence and
regularity of the density p(t,z,y) is a rich subject under the framework of Malliavin's
calculus, in which the theory is well developed in the case when A is a hypoelliptic
operator. The reader may consult [10] for a nice introduction to this theory.

This general discussion provides us with a natural motivation to study the theory of
stochastic differential equations in depth. This is the main focus of the present section.

6.1 Itd's theory of stochastic differential equations

We start with 1té’s classical approach.
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Recall that (W™, B(W™)) is the space of continuous paths in R™, equipped with a
metric p defined by (1.3) which characterizes uniform convergence on compact intervals.
We use {B;(W™)} to denote the natural filtration of the coordinate process on W™.

In its full generality, we are interested in a stochastic differential equation (we simply
call it an SDE hereafter) of the form

dX; = a(t, X)dB, + B(t, X)dt. (6.1)

Here B; is a d-dimensional Brownian motion, X; is an n-dimensional continuous stochas-
tic process, «, 3 are maps defined on [0, 00) x W™ taking values in Mat(n, d) (the space
of real n x d matrices) and in R™ respectively. Note that «, 5 here can depend on the
whole trajectory of X, and we write X to emphasize that it is a random variable taking
values in W™,

From now on, when we are concerned with an SDE of the form (6.1), we always
make the following measurability assumption on the coefficients « and .

Assumption 6.1. Regarded as stochastic processes defined on (W™, B(W™)), o and 3
are {B:(W™)}-progressively measurable.

Remark 6.1. Recall from the solution of Problem Sheet 2, Problem 6 that A € B,(W™)
if and only if for any two w,w’ € W" if w € A, w = w’ on [0,¢], then w' € By(W™).
Given ¢ > 0, consider

A2 {weW": alt,w) = a(t,w’)} € By(W"),
where w! = (wias)s>0 is the path obtained by stopping w at ¢. For every w € W™, since
w = w' on [0,¢] and w! € A, we conclude that w € A. Therefore, a(t,w) = a(t,w’)
for every (t,w) € [0,00) x W™. Similar result holds for 5.

Remark 6.2. If X; is a progressively measurable process defined on some filtered proba-
bility space, then the process a(t, X) is progressively measurable. Similar result is true
for B(t, X).

Now we can talk about the meaning of solutions to (6.1). Unlike ordinary differential
equations, the meaning of an SDE is not just about a solution process itself; it should also
involve the underlying filtered probability space together with a Brownian motion. This
leads to two notions of solutions: strong and weak solutions. Heuristically, being solutions
in the strong sense means that we are solving the SDE on a given filtered probability space
with a given Brownian motion on it, while being solutions in the weak sense means that
the SDE is solvable on some filtered probability space with some Brownian motion on it.
In the strong setting, we are particularly interested in how a solution can be constructed
from the given initial data and the given Brownian motion. In the weak setting, we
are mainly interested in distributional properties of the solution process and do not care
what the underlying space and Brownian motion are (they can be arbitrary as long as
the equation is verified). From the next subsection, we will discuss the strong and weak
notions of solutions in detail .
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As an introduction to the theory, we start with 1t&'s classical approach which falls
in the context of strong solutions. Therefore, we assume that (Q2, F,P; {F;}) is a given
filtered probability space which satisfies the usual conditions, and By is an {3 }-Brownian
motion. Suppose that the coefficients «, 3 satisfy Assumption 6.1.

[t&’s theory, which is essentially an L2-theory, asserts that the SDE (6.1) is uniquely
solvable for any given initial data & € L?(€2, Fo,P), provided that the coefficients satisfy
the Lipschitz condition and have linear growth.

Theorem 6.1. Suppose that the coefficients «, B satisfy the following two conditions:
there exists a constant K > 0, such that
(1) (Lipschitz condition) for any w,w’ € W™ and t > 0,

l(t, w) = a(t, )| + |8, w) = Bt w)]| < K(w —w); (6.2)
(2) (linear growth condition) for any w € W™ and t > 0,
le(t, w)l| + 18, w)|| < K(1+ wp), (6.3)

where w; £ sup,., |ws| is the running maximum of w. Then for any initial data & €
L?(2, Fo,P), there exists a unique continuous, {F;}-adapted process X; in R", such
that

d  rt t
Xf:erZ/ ai(s,X)dB§+/ Bi(s,X)ds, t>0,1<i<n. (6.4)
k=10 0

In addition, for each T > 0, there exists some constant Cr i depending only on T, K
and dimensions, such that

E[(X7)?] < Orx (1 +E[€[%]), t>0. (6.5)
In particular, the martingale part of X, is a square integrable {F;}-martingale.

The key ingredient in proving the theorem is the following estimate. Although here
we only need the case when p = 2, the estimate for arbitrary p is quite useful for many
purposes.

Lemma 6.1. Let X; = (X}, -+, X[*) be a vector of continuous semimartingales of the
form

t t
X =&+ / asdBs —I—/ Bsds, (6.6)
0 0

provided the integrals are well defined in the appropriate sense, where (6.6) is written
in the matrix form. Then for each T' > 0 and p > 2, there exists some constant Cr,,
depending only on T', p and dimensions, such that

N

B Y] < Ony (BIEP) 2 [ [ (ol + 180 5] ) <o

where X} £ sup <, | X,|.
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Proof. Note that

EASaUdBup+-<[fu@mdu>p).

The result then follows easily from the BDG inequalities (c.f. (5.20)) and Holder's
inequality. O

<me<c;0ww—mp

0<s<t

Coming back to Theorem 6.1, we first prove uniqueness. It then allows us to patch
solutions defined on finite intervals to obtain a global solution defined on [0, c0).

Similar to ordinary differential equations, uniqueness is usually obtained by applying
the following Gronwall’s inequality.

Lemma 6.2. Let g: [0,7] — [0,00) be a non-negative, continuous function defined on
[0,T]. Suppose that

t
g(t) < c(t) + k:/ g(s)ds, 0<t<T, (6.7)
0
for some k > 0 and some integrable c : [0,T] — R'. Then
t
g(t) < e(t) + k:/ c(s)e"t9ds, 0<t<T.
0

Proof. From (6.7), we have

o) < et)+k /0 t <c(s) s /0 ) g(u)du) ds
= c(t)+k /Ot c(s)ds + k? /0<u<s<tg(u)duds
= ¢(t)+k /Ot c(s)ds + k? /Ot g(u)(t — u)du.

By applying (6.7) inductively, for every m > 1, we have

S [T [
ot < o) + 38 [ st [ g (69)

Since g is continuous on [0, 7], we know that it is bounded on [0, T"]. Therefore, the last
term of (6.8) tends to zero as n — oco. As c¢ is integrable on [0,T7, it follows from the
dominated convergence theorem that

g(t) <c(t) + k:/ot c(s)e"t5)ds.
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Now suppose that X, Y are two solutions to the SDE (6.1) (i.e. satisfying Theorem
6.1), so in matrix form we have

t t
X, = 5—}—/ a(s,X)st—{—/ B(s, X)ds,
0 0

t t
Y, = 5—}—/0 a(s,Y)dBS—i—/O B(s,Y)ds.

Define 7, 2 inf{t > 0: |X; — Yi| = m}. Then we have
t
(X —Y)m = /0 (s, X) — a(s,Y)) 1.5, dBs

+ /0 (B(s, X) — B(s,Y)) g, 1ds.

By applying Lemma 6.1 in the case when p = 2 and the Lipschitz condition (6.2), we
conclude that for every given T' > 0,

B[((X = V)ins,)] < O [ E[((X = V)ip)Y ds, WO,

Now define
() =E[((X =), )?], teloT)

From the dominated convergence theorem, we easily see that f is non-negative and
continuous on [0, 7. Therefore, according to Gronwall's inequality (c.f. Lemma 6.2),
f=0.As 7, T 0o, we conclude that X =Y on [0, 7], which implies that X =Y as T
is arbitrary.

Now we consider existence. From the uniqueness part, it suffices to show existence
on every finite interval [0, 7). Indeed, if X(7) satisfies (6.4) on [0, 77, then the uniqueness
argument will imply that X(T+1) = X(T) on [0, 7], which allows us to define a single
process X such that X = X(T) on [0, 7). In view of Remark 6.1, we see that

a(s, X)=a(s, X*) =« (s, (X(T)>S) — (S’X(T)>

for every s < T, and similar result is true for 3. Therefore, X is a global solution to the
SDE (6.1) in the sense of Theorem 6.1.

For fixed T > 0, define L2 to be the space of all continuous, {F;}-adapted processes
X; on [0,7] such that E[(X%)?] < oo (technically we define X; £ X7 for t > T so that
X, is well defined on [0,00)). Then L2 is a Banach space. Indeed, if X(™) is a Cauchy
sequence in L2, then along a subsequence my, we have

E [ sup ‘Xt(mk“) - Xt(m’“)

0<t<T

2 1
]<2k’ vk > 1.

From Chebyshev's inequality and the first Borel-Cantelli's lemma, we know that with
probability one, X(™+) is a Cauchy sequence in the space of continuous paths on [0, T]
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under uniform topology. Therefore, with probability one, Xt(mk) converges to some
continuous X; uniformly on [0, T. It is apparent that X} is {F; }-adapted and E[(X%)?] <
00. Moreover, from Fatou's lemma, we have

2
lim E | sup )Xt(m) —Xt‘ } < lim liminfE { sup ‘Xt(’“ — x )

m—00 [ogth m—00 k—00 0<t<T

Therefore, L2. is a Banach space. For t < T, we denote || X|; = /E[(X[)2].
The proof of existence on [0, 7] is a standard Picard’s iteration argument. Therefore
we consider the map R : L% — L2 defined by

t t
(RX); = €+ / a(s, X)dBs +/ B(s, X)ds, te€0,T).
0 0
Similar to the uniqueness argument, Lemma 6.1 and the Lipschitz condition show that
t
IRX —RY|? < CT,K/ | X —Y|%ds, YO<t<T. (6.9)
0

Now define X(© 2 ¢ and for each m > 1, define X(™) & RX(m=1) By the linear
growth condition (6.3), It is apparent that

IXM — X O3 < Ok (1 + E[I¢[)).

In addition, from (6.9), we have

T
X+ _ xm2 o CT,K/ X0 _ xon=1) 24,
0

< ok [ 1X0 = XO2 dsy - dsy
0<s1< <5 <T
oy
< ERT (11 E[eP). (6.10)

Since the right hand side of (6.10) is summable, we conclude that X (™) is a Cauchy
sequence in L2. Suppose that X = lim,_,o. X(m) in LZ. It follows that

IX = RX |7 < X = X7 + |IXT = RXUD |l + [RXT — RX 7.

Combining with (6.9), (6.10) and the fact that X(™+1) = RX (™) we conclude that
X = RX, which shows that X is a solution to the SDE (6.1) on [0, 7.

Finally, since X € LZ, (6.5) follows immediately from Lemma 6.1 and Gronwall's
inequality.

Now the proof of Theorem 6.1 is complete.

Let us take a second thought on the proof of Theorem 6.1. On the one hand,
to expect (pathwise) uniqueness, we can see that some kind of Lipschitz condition is
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necessary. Because of localization, this part does not really rely on the integrability of
solution. On the other hand, in the existence part, it is not so clear whether the Lipschitz
condition is playing a crucial role as the fixed point argument is certainly not the only
way to obtain existence. Moreover, in the previous argument we can see that the square
integrability of £ does play an important role for the existence. It is not so clear from the
argument whether existence still holds if £ is simply an Fy-measurable random variable.

Therefore, to some extent, it is more fundamental to separate the study of existence
and uniqueness in different contexts, and to understand how they are combined to give
a single well-posed theory of SDE. This leads us to the realm of Yamada-Watanabe's
theory.

6.2 Different notions of solutions and the Yamada-Watanabe theorem

In this subsection, we study different notions of existence and uniqueness for an SDE,

which are all very natural and important on their own. Then we present the fundamental

theorem of Yamada and Watanabe, which outlines the structure of the theory of SDEs.
We first make the following convention.

Definition 6.1. By a set-up ((2, F,P;{F;}),&, B:), we mean that
(1) (Q, F,P;{F:}) is a filtered probability space which satisfies the usual conditions;
(2) £ is an Fy-measurable random variable;
(3) B is a d-dimensional {F;}-Brownian motion.

Now let a: [0,00) x W™ — Mat(n,d) and B : [0,00) x W™ — R™ be two maps
satisfying Assumption 6.1. We are interested in an SDE of the general form (6.1). For
simplicity, we always use matrix notation in writing our equations.

Motivated from Ité’s classical result, it is natural to introduce the following definition
in the strong sense.

Definition 6.2. We say that the SDE (6.1) is (pathwise) exact if on any given set-up
(Q, F,P;{F:}),&, By), there exists exactly one (up to indistinguishability) continuous,
{Fi}-adapted n-dimensional process X;, such that with probability one,

/0 (lals, X)I* + [18(s, X)||) ds < o0, Vt >0, (6.11)

and
t t
X =¢ —|—/ a(s, X)dBs +/ B(s,X)ds, t=>=0. (6.12)
0 0

As we mentioned at the end of last subsection, it is even not clear if exactness is
true in Itd's setting (i.e. under the conditions in Theorem 6.1) although we do have
uniqueness. Therefore, it is a fundamental problem to understand how one can prove
exactness in general. Before doing so, we need to introduce different notions of existence
and uniqueness, which are all important and natural on their own.
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Definition 6.3. Let p be a probability measure on R™. We say that the SDE (6.1) has
a weak solution with initial distribution p if there exists a set-up ((2, F,P;{F:}),&, By)
together with a continuous, {F;}-adapted n-dimensional process X;, such that

(1) & has distribution p;

(2) X; satisfies (6.11) and (6.12).

If for every probability measure p on R™, the SDE (6.1) has a weak solution with
initial distribution 1, we say that it has a weak solution.

From Definition 6.3, a weak solution is the existence of a set-up on which the SDE
is satisfied in 1t6's integral sense. A particular feature of a weak solution is that we have
large flexibility on choosing a set-up; it could be any set-up as long as conditions (1)
and (2) are verified on it. Therefore, in some sense a weak solution only reflects its
distributional properties.

Corresponding to weak solutions, we have the notion of uniqueness in law.

Definition 6.4. We say that the solution to the SDE (6.1) is unique in law if whenever
X, and X] are two weak solutions (possibly defined on two different probability set-ups)
with the same initial distributions, they have the same law on /™.

In contrast to the weak formulation, we have another (strong) notion of uniqueness.

Definition 6.5. We say that pathwise uniqueness holds for the SDE (6.1) if the fol-
lowing statement is true. Given any set-up ((Q,F,P;{F:}),&, By), if Xy and X] are
two continuous, {F;}-adapted n-dimensional process satisfying (6.11) and (6.12), then
P(X, = X!Vt > 0) = L.

It is part of the Yamada-Watanabe theorem that pathwise uniqueness implies unique-
ness in law (c.f. Theorem 6.2 below). However, the converse is not true and the following
is a famous counterexample due to Tanaka.

Example 6.1. Consider the one dimensional SDE
dXt = O'(Xt)dBt (613)

where o(z) = —1ifx < 0and o(x) =1if z > 0.
Suppose that X; is a weak solution with initial distribution 1 on some given set-up
((Q, F,P; {F:}),&, Bt), so that we have

t
X, =¢ +/ o(X,)dBs.
0

Since fg 0(Xs)dBs is an {F;}-Brownian motion according to Lévy's characterization
theorem, we see immediately that the distribution of X is uniquely determined by p and
the law of Brownian motion. Therefore, uniqueness in law holds. Moreover, for given
initial distribution wu, let ((Q, F,P;{F}),&, B:) be an arbitrary set-up in which & has
distribution ji. Define X; £ ¢ 4+ B; and let B, 2 fg 0(Xs)dBs. Lévy's characterization
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theorem again tells us that B, is an {J;}-Brownian motion, and the associativity of
stochastic integrals implies that

t ~
X, =¢ +/0 o(X,)dBs.

Therefore, the SDE (6.13) has a weak solution.

However, pathwise uniqueness does not hold. Indeed, suppose that X; = fg 0(Xs)dBs
on some set-up (so Xp = 0 in this case). According to the occupation time formula (c.f.
(5.41)), we know that fg 1{x,=0yds = 0, which implies that fg 1{x,=0ydBs = 0. There-
fore, (—X;) = fot 0(—X)dBs. This shows that pathwise uniqueness fails as X # —X.

Now we can state the renowned Yamada-Watanabe theorem which has far-reaching
consequences. The proof is beyond the scope of the course and hence omitted. The
interested reader may consult N. lkeda and S. Watanabe, Stochastic differential equations
and diffusion processes, 1989 for basically the original proof.

Theorem 6.2. The SDE (6.1) is exact if and only if it has a weak solution and pathwise
uniqueness holds. In addition, pathwise uniqueness implies uniqueness in law.

If we have an exact SDE, it is natural to expect that there is some universal way
to produce the unique solution (as the output) whenever an initial data and a Brownian
motion are given (as the input), regardless of the set-up we are working on. In other
words, it is natural to look for a single function F': R™ x W — W™, such that on any
given set-up ((Q, F,P;{F:}),&, By), X 2 F(&, B) produces the unique solution. This
is indeed the original spirit of Yamada and Watanabe.

Definition 6.6. A function F : R" x W% — Wn is called E(R™ x W%)-measurable
if for any probability measure ;1 on R", there exists a function F,, : R" x we —

- 194
W™ which is B(R™ x Wd)“X]P /B(W™)-measurable, where PV is the distribution of

— PV
Brownian motion and B(R" x Wd)uX is the 1 x PW-completion of B(R" x W),

such that for p-almost all z € R™, we have
F(z,w) = F,(z,w) for P — almost all w € W4,

If £ is an R™-valued random variable with distribution 1z and B; is a Brownian motion,
we set F(¢,B) £ F, (&, B).

Definition 6.7. We say that the SDE (6.1) has a unique strong solution if there exists
an £(R" x W%)-measurable function F: R™ x W% — W™, such that:

_  pW
(1) for every fixed z € R™, w +— F(x,w) is Bt(Wd)P /B (W™)-measurable for each
t > 0;
(2) given any set-up ((Q, F,P;{F}), & By), X = F(£,B) is a continuous, {F;}-
adapted process which satisfies (6.11) and (6.12);
(3) for any continuous, {F;}-adapted process X; satisfying (6.11) and (6.12) on a
given set-up ((Q, F,P;{F:}),&, By), we have X = F(£, B) almost surely.
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The following elegant result puts the philosophy of “constructing the unique solution
out of initial data and Brownian motion in a universal way" on firm mathematical basis.
This is essentially another form of the Yamada-Watanabe theorem.

Theorem 6.3. The SDE (6.1) is exact if and only if it has a unique strong solution.

6.3 Existence of weak solutions

The Yamada-Watanabe theorem tells us that the structure of exactness is very simple:
we only need to study weak existence and pathwise uniqueness independently, and they
combine to give exactness.

We first study weak existence in this subsection. The main result is that (surprisingly)
continuity of coefficients is sufficient to guarantee weak existence (up to an intrinsic
explosion time), and it has nothing to do with any Lipschitz property (compare Theorem
6.1 in Itd's theory).

In general, the weak existence has an elegant martingale characterization, which is
known as Stroock and Varadhan's martingale problem. Let «, 8 be the coefficients of
the SDE (6.1) which satisfy Assumption 6.1. We define the generator A of the SDE in
the following way: for f € CZ(R™) (the space of twice continuously differentiable with
bounded derivatives of up to second order), define Af to be the function on [0, co) x W™
given by

n 2
(ADtw) & 13 (w07
ij=1

—|—Z,8i(t,w) ggﬁ (wy), (t,w) € [0,00) x W, (6.14)
i=1

where @ is the n x n matrix defined by a £ aa*.
Suppose that X; satisfies (6.11) and (6.12) on a given set-up ((Q2, F,P; {F:}), &, By).
For any f € CZ(R"), according to Itd's formula, we have

n d tH ‘ n t A
) = 1O+ 33 [ Shaie 0+ 3 [ 2L xds
i=1 k=10 i=1 70
n d t 82 A .
+;;; /O axiaij(Xs)aﬂs,X)agc(s,X)ds.
Therefore, _
FO0) = £(6) = [ (AD) (s, X)ds € ME* (6.15)

on (ij:a P? {]:t})
Conversely, suppose that X, is a continuous, {F; }-adapted process defined on a given
filtered probability space (€2, F,IP; {F;}) satisfying the usual conditions, such that (6.11)
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and (6.15) hold for every f € CZ(R™) (of course with £ = Xj). Let
t
M, & X, — Xy —/ B(s,X)ds, t=0.
0

For each R > 0, define fi € CZ(R") to be such that f&(z) = 2' if |z| < R. Let
> R} |

\oR i i ORN: ; oc
(M')™" = fr(Xopa) = fr(Xo0) —/0 Bi(s, X)ds € MY©.

O'Rﬁinf{t>(): ’Xt’>ROI'

/t B (s, X)ds
0

From (6.15), we know that

But (M*)°% is uniformly bounded, so (M*)°% is indeed a martingale. Since o 1 0o as
R — o0, we conclude that M? € MiP©. -
Similarly, by considering f € CZ(R™) with fg(z) = z'z7 when |z| < R, and by
defining o in a similar way but for f}J, we know that
NY £ XPXT - XEX] — / a(s,X)ds — / (X159 (s, X))+ XIB(s, X))ds € M.
0 0
(6.16)
On the other hand, from the integration by parts formula, we have
XX = Xix{ +/ XldXx? +/ X1dX,+ (X', X7),
0 0
= XX +/ XidM]! +/ XI1dM:
0 0
+/ X;B](S,X)ds+/ XI1B%(s, X)ds + (M", M7). (6.17)
0 0
By comparing (6.16) and (6.17), we conclude that

t
(M",Mﬂ)tz/ a (s, X)ds.
0

According to the martingale representation theorem for general filtrations (c.f. Theorem
5.14), possibly on an enlargement of (2, F,P; {F;}), we have

¢
M, = / a(s, X)dBs
0
for some Brownian motion B;. Therefore,

t t
X =Xo+ / a(s, X)dBs + / B(s, X)ds.
0 0

To summarize, we have proved the following result.
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Theorem 6.4. Let uu be a probability measure on R™. Then the SDE (6.1) has a weak so-
lution with initial distribution y if and only if there exists a continuous, {JF;}-adapted pro-
cess n-dimensional process X; defined on some filtered probability space (Q, F,P; {Fi})
which satisfies the usual conditions, such that Xy has distribution p, and (6.11) and
(6.15) hold for every f € CZ(R™).

There is yet a more intrinsic way to formulate the martingale characterization de-
scribed in Theorem 6.4. Recall that (W™, B(W™)) is the continuous path space over R",
and {B,(W™)} is the natural filtration of the coordinate process.

Theorem 6.5. Let i be a probability measure on R™. Then the SDE (6.1) has a weak
solution with initial distribution 1 if and only if there exists a probability measure P* on
(W™, B(W™)), such that:

(1) PH(wo € T') = u(T") for every T' € B(R™);

(2) PH-almost surely, we have

t
/0 (la(s,w) |2 + [18(s, w)]]) ds < 00, Vi > 0;
(3) for every f € CZ(R™), under P* we have
F(w) — fluo) — / (Af) (s, w)ds € M (3, (7)),

0

where {H,(W™)} is the usual augmentation of {B,(W™)} under P*.

Proof. Sufficiency is already proved before.

Now we consider necessity. Suppose that X; is a continuous, {F;}-adapted process
on some (Q, F,P;{F;}) satisfying the usual conditions, such that X has distribution
1, and (6.11) and (6.15) hold for every f € CZ(R™). Consider the distribution PX of
X on (W™, B(W™)). Apparently, (1) and (2) are satisfied for PX. To see (3), given
f € C}(R™), define

> R}

V2 f(Xona) = FX0) = [ (AR (s X0

t
oRr = inf {t >0: / (Af)(s, X)ds
0

on €2, and consider the stopped process

Y; is indeed an {F; }-martingale since it is uniformly bounded. Correspondingly, define

> i

t
TRéinf{t>O: / (Af)(s, w)ds
0

on W™, and consider the stopped process

138



TRAL
202 Flwmgne) — Fluo) — /0 (Af) (s, w)ds

which is also uniformly bounded. Now a crucial observation is that o and Y are de-
termined by X pathwisely. Therefore, for A € H(W™), since {F;} satisfies the usual
conditions, we have X 1A € F;, and

/ 2, dPX = / Y,dP = / Y.dP = / 2, dPX.
A X-1A X-1A A

This shows that z; is an {#H;(W™)}-martingale under PX. As 75 1 oo, we conclude that
(3) holds. O

Remark 6.3. If we assume that the coefficients «, 8 are bounded, then all the relevant
local martingale properties in the previous discussion become true martingale properties,
and fg(Af)(s, w)ds is finite for every (t,w) € [0, 00) x W™. In this case, we do not need
to pass to the usual augmentation, and (3) is equivalent to the following statement: for
every f € CZ(R"), the process

ml 2 wt—w—t s,w)ds
£2 fluwy) — f(uwn) /O(Af)( )

is a {B;(W")}-martingale under P*. Indeed, the only missing gap is perhaps the fact
that m{ is a {B;(W")}-martingale if and only if it is an {#;(W™)}-martingale, which
can be shown easily by using the discrete backward martingale convergence theorem.

In view of Theorem 6.5, there are lots of advantages working on the path space. For
instance, it has a nice metric structure, and we can apply the powerful tools of weak
convergence and regular conditional expectations. The search of a probability measure
P# on (W™, B(W™)) satisfying (1), (2), (3) in Theorem 6.5 is known as the martingale
problem.

As a byproduct, we have indeed proved the following nice result.

Corollary 6.1. (1) A continuous, {F;}-adapted process X, on (2, F,P; {F;}) satisfying
the usual conditions in an {F;}-Brownian motion if and only if Xy = 0 almost surely and

1

F000) = 1(0X0) = 5 [ (An(E.)as

is an {F;}-martingale for every f € CZ(R™).
(2) A probability measure P on (W™, B(W™)) is the n-dimensional Wiener measure
if and only if P(wp = 0) =1 and

1

Flun) = fwn) = 5 [ (@G s

is an {B,(W™)}-martingale under P for every f € CZ(R™).
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By the same reasoning, it is easy to show that uniqueness in law holds if and only if
for every probability measure 1 on R™, there exists at most one probability measure on
(W™, B(W™)) which satisfies (1), (2), (3) in Theorem 6.5. Remark 6.3 also applies for
the uniqueness.

We will appreciate the power of the martingale characterization of weak existence in
the following general result.

Theorem 6.6. Suppose that «, 8 satisfy Assumption 6.1, and they are bounded and
continuous. Then for any probability measure . on R™ with compact support, the SDE
(6.1) has a weak solution with initial distribution .

Proof. For m > 1, define a,, : [0,00) x W™ — Mat(n, d) by am(t,w) = a(dm(t),w),
where ¢,,,(t) is the unique dyadic partition point k/2™ such that k/2™ < ¢t < (k+1)/2™.
Define 3, similarly. Now we construct a weak solution to the SDE with coefficients
Qm, B with initial distribution p explicitly.

Let ((Q, F,P;{F:}),&, By) be a set-up in which & has distribution p. Define a process
Xt(m) inductively in the following way. Set X(()m) 2ef Xt(m) is defined for t < k/2™,
then for t € [k/2™, (k + 1)/2™], define

Xt( )éX(/Q)m +a<27n’X( ,k)) (Bt_Bk/Qm)“‘ﬁ(WnaX( 7k)> <t_2,m>7

where X (™) is the stopped process defined by

X(m,k) L

{Xt(m), t < k/2m;
¢

(m) m
X jom» t>k/2m.

It follows from Remark 6.1 that

o (;,XW’“)) = o (£XM), 8 (;,X(m’k)> = B (1, X,

provided that t € [k/2™, (k + 1)/2™]. In particular, we conclude that

t

Xt(m) :§+/ om, (s,X(m)) dBS+/tﬁm (S,X(m)> ds, t>=0.
0 0

In other words, Xt(m) is a weak solution to the SDE with coefficients a,,, 8, with
initial distribution 1. Now define P(™) to be the distribution of X (™) on (W™, B(W™)).
According to Theorem 6.5 and Remark 6.3, we know that for given f € CZ(R"), the
process

Fwr) — flwp) — /0 (A f) (1, w)ds

is a {B;(W™)}-martingale under P("™) where the differential operator A,, is defined by
(6.14) in terms of the coefficients vy, B
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In addition, given constants v,p > 1, we have

sw E [|x{"|'] =Eler < ¢

m>1

and by the BDG inequalities, we have

2
sup E “Xt(m) - X§m>‘ p] < Crylt — P, Vs, t e [0, 7). (6.18)

m>=1

According to Problem Sheet 3, Problem 3, (3) (we take p = 2 in (6.18)), we conclude
that {P(™)} is tight. Without loss of generality, we may assume that P(™) converges
weakly to some probability measure IP.

In view of Theorem 6.5 and Remark 6.3 again, it suffices to show that P(wy € T") =
p(T) for T' € B(R™) (which is trivial), and for every f € CZ(R™), the process

) = o) = [ (AF) (w0
is a {B:(W")}-martingale under P

Indeed, let s < ¢, and ®(w) = @(ws,,- - ,ws,) for some 51 < --- < s, < s and
@ € Cy(R™F). Then from the P(™)-martingale property, we know that

/ ®(w) - (f(wt) — f(ws) — /St(Amf)(U,w)du> dPM — g

for every m. To simplify our notation, set

Cmw) 2 Fwg) — f(ws) - / (A ) (1, )

and

Goalw) £ f(un) = () = [ (AF) (s w)ia

respectively. From the tightness of {P(™)}, given £ > 0, there exists a compact set
K C W™, such that
PO(K®) <&, Ym>1

By the definition of a,, 8, and the uniform continuity of «, 8 on [s,t] x K, when m is
large, we have

sup [({}(w) — G p(w)] <e.
weK

Therefore, when m is large,

‘/ . W) (w ™ / . @(w)g&t(w)d}?(m)' <C (P(m)(KC) +6> < 2Ck.
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On the other hand, by weak convergence we know that

lim B (w)Co s (w)dP™ = / O (w)Cs (w)dP.

m—0o0 wn n

Since ¢ is arbitrary, we conclude that

| et =0,

which implies the desired P-martingale property. O

Remark 6.4. The assumption that 4 is compactly supported in Theorem 6.6 is just for
technical convenience. Indeed, we have shown that for every x € R", there exists P*
which solves the martingale problem with initial distribution 6,. For a general probability
measure 1 on R™, we can simply define

PH(A) £ / P*(A)u(dz), A€ BW™). (6.19)

This P# will then solve the martingale problem with initial distribution p. Of course here
a rather subtle point is whether 2 — P* is measurable before making sense of (6.19).
This is not true in general, but we can always select P* so that the map x — P* is
measurable. This selection theorem is rather deep and technical, and we will not get into
the details.

From now on, we will restrict ourselves to a special but very important type of SDEs:
dX; = O'(Xt)dBt + b(Xt)dt, (620)

where o : R™ — Mat(n,d) and b : R™ — R"™. This type of SDEs is usually known
as time homogeneous Markovian type, and it is closely related to the study of diffusion
processes. In particular, we are going to develop a relatively complete solution theory
along the line of Yamada and Watanabe's philosophy.

Of course the general weak existence theorem (c.f. Theorem 6.6) that we just proved
covers this special case (with a(t,w) = o(wy), B(t,w) = b(w;)). However, in general
it is not natural to assume uniform boundedness on the coefficients. And it is not so
clear how a localization argument should yield weak existence without the boundedness
assumption. Indeed, if we do not assume boundedness, the solution can possibly explode
in finite amount of time. Therefore, it is a good idea to start with this general situation
independently, and then to explore under what conditions on the coefficients will a solution
be globally defined in time without explosion. Uniform boundedness will be too strong
to assume and not so satisfactory.

To include the possibility of explosion, we take A to be some given point outside R™
which captures the explosion. Define R £ R*U{A}. Topologically, R" is the one-point
compactification of R™. In particular, R" is homeomorphic to the n-sphere S™. In this
sphere model, A corresponds to the north pole N, and R™ is homeomorphic to S"\{N}.
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We consider the following continuous path space over R™. Let W™ be the space of
continuous paths w : [0,00) — I@", such that if wy = A, then wy = A for all ¢/ > t.
The Borel o-algebra B(W") is the o-algebra generated by cylinder sets in the usual way.
For each w € /W”, we can define an intrinsic quantity

e(w) 2 inf{t > 0: w; = A}.

e(w) is called the explosion time of w.
Unless otherwise stated, we assume exclusively that the coefficients o, b are continu-
ous. Note that o, b are defined on R™ instead of on R".

Definition 6.8. Let i be a probability measure on R™. We say that the SDE (6.20) has
a weak solution with initial distribution p if there exists a set-up ((2, F,P; {F:}), €, By)
together with a continuous, {F;}-adapted process X; in R™, such that:

(1) £ has distribution p;

(2) if e(w) = e(X(w)) is the explosion time of X (w) € W™, then we have

X, :§+/0ta(Xs)st +/0t b(XJ)ds, te[0,e). (6.21)

Remark 6.5. The stochastic integral in (6.21) is defined in the following way. Let o, =
inf{t > 0: |X¢| > m}. From the continuity of o, we know that for each fixed m > 1,
the process o(X;)1(y,,(t) is uniformly bounded, and hence the stochastic integral

t
1 2 /0 o(X) 10, (5)dB,

is well-defined on [0, 00). Moreover, by stopping we see that I(™+1) = 1(™) on [0, 5,,,].
Therefore, since o, 1 e, we can define a single process I; on [0, e), such that [; = It(m)
if t < oy < e. This I; is our stochastic integral in (6.21).

Similarly, the notions of exactness, uniqueness in law, pathwise uniqueness, and
unique strong solution carry through without much difficulty. In particular, the Yamada-
Watanabe theorem remains true in this setting. Moreover, the martingale characterization
is also valid as long as we localize in the same way as Remark 6.5 when we describe the
martingale property.

To establish a solution theory for the SDE (6.20) in the spirit of Yamada and Watan-
abe, we first take up the question about weak existence. We have the following main
result.

Theorem 6.7. Suppose that the coefficients o, b are continuous. Then for any probability
measure [ on R™ with compact support, the SDE (6.20) has a weak solution with initial
distribution .

The most convenient way to prove this result is to use the martingale characterization
in the sense of Theorem 6.4. To this end, we need to show that, on some filtered
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probability space (2, F, P; { F; }) satisfying the usual conditions, there exists a continuous,
{F:}-adapted process X; in ]@", such that:

(1) P(Xp € T') = u(T) for I € B(R™);

(2) for every f € CZ(R™) and m > 1, the process

F(Xant) — F(Xo0) — /0 T AR (X ds

is an {F;}-martingale, where the differential operator A is defined by (6.14) in terms of
the coefficients o, b, and

Om 2= 1inf{t > 0: |X¢| = m}. (6.22)

The idea of proving Theorem 6.7 is to obtain X as the time-change of some X which
is a weak solution to some SDE with bounded coefficients.

For this purpose, we choose a function p(z) on R™ such that 0 < p(z) < 1 for
every z € R", and p(z)a(x), p(x)b(z) are both bounded, where a(z) £ o(z)o(z)*.
It is not hard to see that such p exists. Consider the differential operator defined by
(Af)(x) 2 p(z)(Af)(z) for f € CZ(R™). According to Theorem 6.6 and the martingale
characterization, there exists a continuous, {F;}-adapted process X, in R" defined on
some filtered probability space (2, F,P; {]?t}) which satisfies the usual conditions, such
that X has distribution i, and for every f € Cf(R”),

~ ~ t ~ ~
P& — F(Xo) /0 (Af)(X.)ds

is an {F;}-martingale.
Consider the strictly increasing process

t ~
Até/ p(Xs)ds
0

and define

00 ~
e é/ p(Xs)ds.
0

Let Ct be the time-change associated with A, so that C; < oo if and only if ¢t < e.

Define F;, = F¢,, and
X, & Xec,, t<e
A, t>e.
The key ingredient of the proof is to show that e is the explosion time of X. We assume
this is true for the moment and postpone its proof for a little while.

Now we show that X satisfies the desired martingale characterization on (2, F, P; { F;})
for the differential operator A. Recall that o, is defined by (6.22). Set G, = inf{t >
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0: |)Zt| > m}. It follows that C, = &,,, and thus Cy At = 0 A Cy for all ¢ > 0.
Now we know that

F(Fsne) — F(Ko) /0 " AR (R )ds

is a bounded {ft}—martingale. According to the optional sampling theorem,

FmACt B
fncs) — F(Xo) /0 (pAS)(X2)ds
- . Comnt _
= [(Re) — F(Ko) - /O (pAS)(X2)ds

Copnt "
— F(Xomnt) — F(Xo) — /0 (PAF)(X.)ds

is an {F;}-martingale. But a change of variables s = C,, (u = A;) together with the
definition of Ay yields immediately that

CU'mAf/ —~ O'm,/\t
/ (PASf)(Xs)ds = / (Af)(X,)du.
0 0

Therefore, we have the desired martingale characterization property for X; on (Q, F,P; { F:}).
Now it remains to prove the following key lemma.

Lemma 6.3. With probability one, if e(w) < oo, then limy X; = A.

Proof. It is equivalent to showing that, with probability one, if [i* p(X,)ds < oo, then
lim; oo )?t — Ain R™. This is not surprising to expect. Indeed, since p > 0, we know
that the minimum of p on any compact subset of R™ is strictly positive. Therefore, if X,
spends too much time being trapped inside a compact set, then the integral fooo p()N(S)ds
will have a high chance of being infinity.

Now fix < R such that | Xo| < r almost surely. The key point is to demonstrate
that, with probability one, if fooo p()N(S)ds < 00, then after exiting the R-ball and coming
back into the r-ball for at most finitely many times, X, will stay outside the r-ball forever.
As r can be arbitrarily large, this shows that X, has to explode to infinity as ¢t — oo.

To be precise, define

o 2 0, 712 inf{t>51: |X| >R},
Gy 2 inf{t>7: |Xy|<r}, R 2 f{t>5: |X,| >R},
We want to show that, with probability one,
oo ~
{/ p(Xs)ds < oo} C{3Im >1, s.t. 7, < 00 and Ty = 00} . (6.23)
0
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This is equivalent to showing that, with probability one,
ﬂ {Tim =00 or o1 < 00} C {/ p(Xs)ds = oo} . (6.24)
m=1 0

Observe that the left hand side of (6.24) is equal to the event that

{Im > 1, s.t. Jm<ooand7m—oo}U{am<oon 1}.

Therefore, we need to show that with probability one, this event triggers [ p()?s)ds =
0.

Case one. Suppose that there exists m > 1, such that 7, < co but 7,,, = 0o. Then
]Xt| < R for all t > 7y, Since min,<g p(x) > 0, we have

[T oEaas> [ s> (min o) - s = o
0 Gm |z|<R T

Case two. Suppose that 7, < oo for every m > 1. In this case, we only need to
show that

Z Tm - Um = . (625)
m=1
Indeed, if this is true, then
/ p(Xs)ds > Z / " p(Xs)ds > <n|111}%p(x)> Z(?—m — Om) = 00.
0 m=1"0m zIs m=1
Observe that (6.25) is equivalent to showing that with probability one,

(ﬁ 1{5m<oo}) e Zm=1(Fm=Fm) H (1{am<oo}€7(?mfam)) =0,
m=1

which is also equivalent to showing that

ﬁ (1{5m<oo}e_ﬁm_5m))] =0. (6.26)

m=1

E

We write

m+1 - ~
E [ (1{crk<oo}e ek ) ‘F5m+1]
k=1

— ﬁ (1{&k<oo}e—@j’“)> 15, 1<o0} B [e_(FmH_amm’fa’"“} ' (6.27)
k=1
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Now we estimate the quantity 145 . <o) E [e*(;m+1*5m+1)|fgm+l . In particular,

we are going to show that this quantity is bounded by some deterministic constant v < 1,
which depends only on R,r and A. If this is true, then by taking expectation on both
sides of (6.27), we get (6.26) immediately.
Let .
M2 R - K- [ pRH(Rds € MEEUFY)
0
for each i (the reader may recall from the proof of Theorem 6.4). According to It6's
formula, we may write N N
X2 = | Xo)? + Ny + Ay

in semimartingale form, where
n t "
N, = 22/ XidM?,
i=170

A, = zn;(2/0t)~<;'p(fcs)bi()?s)ds+<M@'>t>.

Since p-a and p - b are both bounded, by the definition of 7,11, it is not hard to see
that there exists a constant C' > 0 depending only on A, such that on {7,,4+1 < oo}, for
every 0 <t < Tppe1 — Omer1, We have

<N>5m+1+t - <N>5m+1 < CR2ta
‘A5m+1+t - A5m+1 ‘ < C(ZR + 1)t.
If 71 < 00, then we know that
|X7m+1| =R, |X5m+1| =T
Therefore,
R2 _ 7,2 RQ o 7,2
’N?m+l - Ngm,+l‘ 2 or |A?m+l - A5m+1| = 2 *
In particular, if we define
RQ 2
Géinf{t20: N5, o+t — Na,n | = 21" }’
then
RQ _ ,r.2

Nm _Nm 29 A YA AN
Tmit = i1 20N e R )

In addition, according to the generalized Dambis-Dubins-Schwarz theorem (c.f. Theorem
5.9), there exists an {F;}-Brownian motion defined possibly on some enlargement of the
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L

underlying filtered probability space, such that N; = By, where A th and Dy is
the time-change associated with (IV),. Let
RQ o 7,.2
> .
-

N < ANz i1t0 — (N)z,.,, < CR?.

Therefore, we obtain that on {7,,+1 < 0o},

n é lnf {U > 0: }B<N>Em+1+u - B<N)5m+l

It follows that

_ _ S, R? — 2
TmAl T Omtl 2 OR2 N 9C(RR + 1)

It follows that

2_.2

R%—r

e = -y Aol
1{57,L+1<00}E [e (Frnt1 077L+1)|f&m+1 < 1{57,L+1<00}E [e cr2\N30ERID

7]

In addition, observe that ~3m+1 C ]?<N>5 » Indeed, if A € F5, ., according to

Proposition 2.4, we know that

AN{(N)5,,, <t} = AN {Gni1 < Di} € Fp, = F,

E’!TL+ 1

therefore A € .7?<N> - It follows that

Im

7L/\ R277‘2 ~
14z, 1<} B |€ ©oR?2CCRIL A\ FH
_%/\ R27r2 o~ ~
= 1@<t | BTy, <oy CRFCCRID I F 1 P | -

Now a crucial observation is that on {(N)z, ., < oo}, Bny, e T By, » is a

Brownian motion independent of .7?<N> ) by the strong Markov property. Therefore,

C

2 2

R —r

2,2
E [ec"R?Azcmmn Fuvy } = Ele” /ORI =t 5, on {(N);,,,, < oo},

Tm+1 Om+1

where T is the hitting time of the level set (R? — r2)/2 by a one dimensional Brownian
motion. Apparently v < 1, otherwise 7 = 0 which is absurd. Therefore, we arrive at

1{Em+1<oo}E {e*(?m-klfamﬂ)‘fgm“} <7,

which concludes (6.26).
To summarize, we have show that with probability one, (6.23) holds. Since r, R are

arbitrary, we conclude that with probability one, on {fooo p()?s)ds < oo} . X, = Aas
t — oo. O
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The next question is about non-explosion criteria. The following result shows that
explosion will not happen if the coefficients have linear growth. This is compatible with
Theorem 6.1 in Itd's classical theory.

Theorem 6.8. Suppose that the coefficients o, b are continuous, and satisfy the following
linear growth condition: there exists some K > 0, such that

llo(z)]] + [[b(z)|| < K(1+ |z]), VzeR"™ (6.28)

Then for any weak solution X, to the SDE (6.20) with E[| Xo|?] < oo, we have E[| X¢|?] <
oo for all t > 0. In particular, e = oo almost surely.

Proof. Suppose that X; is a weak solution on some set-up with E[|X¢|?] < oo. Let

om = inf{t > 0: |X;| > m}. Then for any f € CZ(R"™), the process

F(Xont) — F(X0) — /0 " AR () ds

is a bounded martingale. In particular, if we choose f € CZ(R") to be such that
f(z) = |x|?> when |z| < m, then by the martingale property and the condition (6.28),
we have

E | X0 nel?] < E[|X0|2]+ZE[/% (a“(XS)+2bi(XS)X§)dS]
i=1 0
< E[|Xo]2] + CxE MUMAt(1 + |X8]2)d5]

t
< E[yxoy2]+cK/ (14 E[| X0, pe]?]) ds.
0

Gronwall's inequality then implies that
E[| X, 0e[2] < (14 E[|Xo/?]) eCKt — 1.

By letting m — oo, we conclude that e > ¢ almost surely and E[|X;|?] < oco. Since t is
arbitrary, we know that e = oo almost surely. O

Remark 6.6. By the same reason as in Remark 6.4, we can remove the compactness
assumption on g in Theorem 6.7. In addition, by Theorem 6.8, we know that every
weak solution with initial distribution y = ¢, does not explode. By using the martingale
formulation on the continuous path space W", we have

Pz<lim am:oo)zl, vV € R",

m—0o0

where P* is a solution to the martingale problem with initial distribution §,, and &,, £
inf{w € W" : |w| > m}. For an arbitrary probability measure 1 on R", we define P*
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by (6.19) as in Remark 6.4 (after suitable measurable selection on the family {P*}). It
follows that
]P’“(lim am:oo>:1.

m—0oQ
Therefore, P* is a non-exploding solution to the martingale problem with initial distribu-
tion p. In particular, a non-exploding weak solution with initial distribution g exists.

6.4 Pathwise uniqueness results

Now we study pathwise uniqueness for the SDE (6.20). It is a standard result that (local)
Lipschitz condition implies pathwise uniqueness.

Theorem 6.9. Suppose that the coefficients o,b are locally Lipschitz, i.e. for every
N > 1, there exists Kn > 0, such that

lo(z) = o)l + llbo(x) = b(y)|| < Knlz —yl, Vz,y € Bw, (6.29)

where By is the Euclidean ball of radius N. Then pathwise uniqueness holds for the SDE
(6.20).

Proof. Suppose that X, X] are two solutions to the SDE (6.20) on a given set-up
((Q, F,P;{F:}), &, Be) with the same initial condition £. Define

oN 2 inf{t >0: |X;| > N}, O’;V £ inf{t >0: |X£\ > N},
respectively. Then we have
ONNONAL
XUN/\UQ\,/\t - X;N/\aﬁ\,/\t = / (U(XS) - U(Xé)) dBs
’ on/ANoN AL
+ / (b(Xs) — b(X})) ds. (6.30)
0

Therefore, given T > 0, for every t € [0,T], we have

2
/
E |:‘X0'N/\U§V/\t - XO‘N/\O'N/\t‘ :|

oNNTN AL 2 oNAoN AL 2

< 2E / (O'(Xs) —U(X;)) dBs| + / (b(Xs) —b(X;)) ds

0 0

O’N/\O'EV/\t UN/\OEV/\t
< oE / lo(Xs) — o(X0)|%ds | + 2TE / 1B(X) — b(X1)|%ds

0 0

- ¢ ,
< 28 | [ 100oynsgns) = oK g p s
t
27| [ 100X n ) = Xl )]
t

< 2KN(1 +T)A E |:|XU'N/\O'§V/\5 - X;'NAJ§VA8|2:| dS.
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Since the function t € [0,7] — E [|X0N/\a§v/\t _lem/\a;vmﬂ is non-negative and

continuous, according to Gronwall's inequality, we conclude that

E |:’XO'N/\0'?\,/\t - Xc/rN/\ag\,/\tP} =0
for every t € [0,T]. As T is arbitrary, it follows that with probability one,

X

oONATl AL = XUN/\U;V/\ta vVt > 0.

This implies that X; = X/ on [0,0n5 A o/y). By the definition of o and o/, we must
have o = o’y. In particular, by letting N' — oo, we conclude that with probability one,
e(X)=e(X') and X; =Y; on [0,e(X)), where e(X) and e(Y") are the explosion times
of X and Y respectively. O

The local Lipschitz condition can be weakened in the one dimensional case. In par-
ticular, pathwise uniqueness holds if o is 1/2-Hdlder continuous and b is locally Lipschitz
continuous.

Theorem 6.10. Suppose that n = 1 and the coefficients o,b are continuous. Assume
further that the following two conditions hold:

(1) there exists a strictly increasing function p on [0,00) such that p(0) = 0,
Jos o 2(w)du = o0, and o (x) — oy < pllz — yl) for all 2,y € R;

(2) b is locally Lipschitz in the sense of (6.29).
Then pathwise uniqueness holds for the SDE (6.20).

Proof. According to Condition (1), we can find a sequence 0 < -+ < a,, < ap—1 <
-+- < ag < ay < 1 such that

1 al an—1
/ p 2 (w)du = 1, / pA(w)du=2, -, / p 2(wdu=mn,- -
a1 a2 an

Apparently a,, | 0 as n — oo. For each n, choose a continuous function v,, supported
on [an, an—1], such that

9 —2
0< ¢n(u) X P n(U)u Yu = 0,
and o
/ Uy (u)du = 1.
Define

pn(z) 2 /0 " dy /0 ’ U (w)du.

It is not hard to see that ¢, € C?(RY), pn(z) 1 |2/, |¢h(2)| < 1, and ¢! (z) = P (|z]).
Now suppose that X;, X, are two solutions to the SDE (6.20) on a given set-up
(2, F,P; {F:}), &, By) with the same initial condition £. Define o, oy in the same way
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as in the proof of Theorem 6.9. For the simplicity of notation, we set 7 = o A oy,
Y, £ Xoynot ne and Y/ 2 X! By rewriting the equation (6.30), we obtain that

ONNTN AL

Yi— Y/ = / (0(Y2) = o(Y)) Lo (5)dBs + / (b(Y) — B(YY)) L1 (s)ds.
0 0

According to Ité's formula,
t
=Y = [ A=) (o0 = o) L (5)aB,

4 / (Vs = YD) (b(Ys) = b(YD)) 1 (5)ds
0

1

t
by [ =YDl o (V) Lo (5.
0

Since !, o are bounded, we know that the first term is a martingale. Therefore,
E [pn(Y; = Y))] = I, + I,

where

e B[ [ D () - b0) 1 o)

(>

t
o2 gn | [ - v (o) - o) 1o (s)ds].
0
On the one hand, according to Condition (2), we have
t
Ih < Ky [ E[Y. - Yi]ds
0

On the other hand, since 0 < ¢/ (x) = ¥, (|z|) < 2p~2(|z|)/n, according to Condition
(1), we have

1T [t 202(Ys — YY) t
fﬁ<2E[/o S B gy, - vipas| = L

Since ¢, (x) 1 |x|, by the monotone convergence theorem, we arrive at
t
B - /| < Kx [ (BY. - ¥/])ds
0

Gronwall’s inequality then implies that Y; = Y/ for all ¢ > 0. Since N is arbitrary, the
same reason as in the proof of Theorem 6.9 shows that ¢(X) = e(X’) and X; = X] on
[0, e(X)). O
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The integrability condition on ¢ in Theorem 6.10 is essentially the best we can have.
The following example shows what can go wrong if the integrability condition is not
satisfied. This also gives an example in which uniqueness in law does not hold.

Example 6.2. Consider the case n = d = 1 with b = 0. Suppose that ¢ is a function
such that o(0) = 0, fil o7 2(z)dxr < oo and |o(x)] > 1 for |z| > 1 (for instance,
o(x) = |z|* with 0 < o < 1/2). Let W be a one dimensional Brownian motion, and let
L7 be its local time process. For each A > 0, define

t
a2 [ o@nzaeant = [ o n)ds AL
R?! 0

According to the assumptions on o, apparently A} is well defined and strictly increasing.

Moreover, since LY v g, (c.f. Theorem 5.23), we know that A}, = co. Let C} be
the time-change associated with A}, and define X} Wea It follows from Proposition

5.19 that X} is a local martingale with respect to the time-changed filtration, and
<XA>t = <W>ctA = C{\-
On the other hand, we know that
dA} = o72(Wy)dt + ALY,

Now a crucial observation is that o2(W;)dL} = 0 because ¢(0) = 0 and dL°({t > 0 :
W; # 0}) = 0. Therefore, dt = o?(W,;)dA} and

cp c} t
cﬁ:/ ds:/ aQ(Ws)dAgz/ o?(X N du.
0 0 0

According to the martingale representation theorem (c.f. Theorem 5.14), we conclude
that

t
Xf‘:/ o(X))dB,
0

for some Brownian motion B;. Therefore, we have a family of weak solutions X}* with the
same initial distribution X = 0, which are possible defined on different set-ups because
the filtrations, which depend on X, can be different. Apparently, the distribution of X*
varies for different \ (if Ay < Ao, then C}* < G for all ¢, so that as X increases, X* is
defined by running the Brownian motion in strictly slower speed which certainly results
in a different distribution). Therefore, uniqueness in law for the corresponding SDE does
not hold, and of course pathwise uniqueness fails as well.

Remark 6.7. The weak existence theorem and uniqueness theorems that we just proved
for the time homogeneous SDE (6.20) extend to the time inhomogeneous case

dXt = O'(t, Xt)dBt + b(t, Xt)dt
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without any difficulty. Indeed, by adding an additional equation dX? = dt, the time
inhomogeneous equation reduces to the time homogeneous case. In particular, Theorem
6.7 and Theorem 6.9 hold for this case. Moreover, it can be easily seen that the proof
of Theorem 6.10 works in exactly the same way without any difficulty in the time inho-
mogeneous case, although we cannot simply apply this reduction argument as the nature
of this theorem is one dimensional. In the time inhomogeneous case, the corresponding
assumptions on the coefficients in the uniqueness theorems should be made uniform with
respect to the time variable.

Remark 6.8. In the context of Theorem 6.9 or Theorem 6.10, we also know that weak
solution always exists. Therefore, according to the Yamada-Watanabe theorem, the SDE
(6.20) is exact and has a unique strong solution. In addition, if we assume that the
coefficients satisfy the linear growth condition, then for every probability measure p on
R™, a non-exploding weak solution with initial distribution p exists (c.f. Theorem 6.8
and Remark 6.6). But we also know that pathwise uniqueness implies uniqueness in law,
which is part of the Yamada-Watanabe theorem (c.f. Theorem 6.2). Therefore, every
weak solution must not explode (note that the explosion time is intrinsically determined
by the process, so if two processes have the same distribution, their explosion times will
also have the same distribution).

6.5 A comparison theorem for one dimensional SDEs

Now let us use the same technique as in the proof of Theorem 6.10 to establish a useful
comparison result in dimension one.

Let o(t, ), b;(t,x) (i = 1,2) be real-valued continuous on [0, 00) x R!. We consider
the SDEs

dX; = o(t, Xy)dBy + bi(t, Xy)dt (6.31)

fori=1,2.

We assume the same condition on ¢ as in Theorem 6.10, i.e. there exists a strictly
increasing function p on [0, 00) such that p(0) =0, [y, p~2(u)du = oo, and ||o(t,x) —
o(t,y)|| < p(lz —yl|) forall t >0 and z,y € RL.

Theorem 6.11. Suppose that

(1) by(t,z) < ba(t,x) for allt >0 and x € RY;

(2) at least one of bi(t, x) is locally Lipschitz, i.e. for somei = 1,2, for each N > 1,
there exists K > 0, such that

b (t, ) — b (t,y)| < Kyl —y|

for allt > 0 and z,y € R* with |z|,|y| < N.
Let X} (i = 1,2) be a solution to the SDE (6.31) on the same given filtered probability
space up to the intrinsic explosion time, i.e. X satisfies

t t
X;‘:X(H/ a(s,X;')st+/ bi(s, XD)ds, 0<t<e(XY),
0 0
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for i = 1,2. Suppose further that X} < X3 < oo almost surely. Then with probability

one, we have
X} < X}P vt <e(XY) ne(X?).

Proof. Suppose that b (t, z) is locally Lipschitz.
Define 1, in the same way as in the proof of Theorem 6.10, but we set

NOERY e <0
" - fordyfoy@bn(u)du, x> 0.

Then ¢, € C?(RY), ¢, (z) T 2%, 0 < ¢ (2) < 1, and ¢! (z) = Un(2)1{z>0}-

We also localize X}, X? in the same way as in the proof of Theorem 6.10, so we
define Y £ X1, (i = 1,2) where 7 £ o}, A 03

By applying 1t&’s formula, we have

b (Vi —Y2) =1 + 12+ I3, (6.32)
where
JE / G (Y2~ Y2)(0(5, Y1) — 0(5,Y2) L0 ()dB,
J R / b (Y —Y2)(bi(s, Y} — by (s, Y2) 1o 7 (5)ds,
poel /0 V= ¥2) (5, V) - (s, ¥2) L ()

From the boundedness assumption, we know that E[I}] = 0. Moreover,

1 2
E[}] = §E {/ Uy (Y, 1{Y1>Y2}( (s,Y)) —o(s, YD) 1jo,7(s)ds
—2/1yv1
0 n
t
< =
n
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And also we have
t

’

o= | ¢,(Y) =Y2)(b1(s, V) — ba(s,Y2)) 10, (s)ds
0
t

= | (YL = Y2)(bi(s,Y)) = bi(s,Y2)) 1 1 (s)ds
0

¢;(Y — Y2)(bi(s,Y2) — ba(s,Y2))1 g1 (s)ds

N

/ b (VL= Y2)(ba(5, Y1) — bu(s, Y2)) 1.0 (5)ds

N

K/ Lyisyzy|Ys — Yo |ds
= K/ Y2 tds.
Therefore, by taking expectation on (6.32) and letting n — oo, we arrive at

t
B - Y2)') < K [ BV - Y2)tds.
0
According to Gronwall’s inequality, we conclude that
E[(Y -Y)'] =0, vt>0
which implies that with probability one,
Y < Y2 vt >0. (6.33)

Now the result follows from letting N — oo.
In the case when ba(t, ) is locally Lipschitz, the same argument gives the desired
result. O

Remark 6.9. If we make a more restrictive assumption that by (¢, x) < ba(t,x) for all
t > 0 and z € R!, then we do not need to assume that at least one of b is locally
Lipschitz. Indeed, after suitable localization, we may assume that b;(¢,z) is uniformly
bounded on [0,7] x R! for each fixed T' > 0. In this case, it is possible to choose some
b(t, =) defined on [0, 7] x R! which is Lipschitz continuous. If we consider the unique
solution to the SDE

dXt = O'(t,Xt)dBt + b(t,Xt)dt, 0 <t < jﬂl7
Xo = X2,

then the argument in the proof of Theorem 6.11 shows that with probability one
Y < X, <Y?2 Vtelo,T].

As T is arbitrary, we conclude that (6.33) holds, which implies the desired result by letting
N — o0.
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6.6 Two useful techniques: transformation of drift and time-change

In this subsection, we introduce two important probabilistic techniques of solving SDEs in
the weak sense. These techniques usually apply to SDEs with discontinuous coefficients,
hence they are not covered by the existence and uniqueness theorems that we have proven
so far.

The first technique is transformation of drift, which is an application of the Cameron-
Martin-Girsanov transformation. For this part, we are interested transforming an SDE

dX; = o(t, X)dBy + B(t, X)dt, 0<t<T, (6.34)

to another SDE
dX; = a(t,X)dB; + ' (t, X)dt, 0<t<T, (6.35)

which has the same diffusion coefficient o but a different drift coefficient 3’. In practice,
we usually want 3’ = 0. In view of the Cameron-Martin-Girsanov transformation, we will
always fix 7' > 0 and consider SDEs defined on the finite interval [0, 7).

In this part, we will always make the following assumption.

Assumption 6.2. There exists some vy : [0,T] x W™ — R%, such that ~ is bounded,
{B(W™)}-progressively measurable, and

B'=pB+an.

This is the case if « is invertible with bounded inverse, and 3, 3’ are bounded.
Suppose that X; is a solution to the SDE (6.34) on some filtered probability space
(Q,F,P;{F: 0<t<T}) with an {F;}-Brownian motion B;. Define

t 1 [t
7 2o ([ 106,008, § [ 1066, 0Pas)

Since + is bounded, according to Novikov's condition (c.f. Theorem 5;18)' we know that
{&',F¢: 0<t < T}is amartingale. Define a probability measure P on Fr by

P(A) 2 E[14€7], A€ Fr.

It follows from Girsanov's theorem (c.f. Theorem 5.17) that
_ t
B, 2B —/ (s, X)ds, 0<t<T,
0

is an {F;}-Brownian motion under the probability measure P. Therefore, under P, X,
satisfies

t _ t
X = Xo+ / a(s, X)dB, + / (B(s, X) + as, X)v(s, X)) ds
0 0
= X0+/toz(s,X)d§s+/tﬁ'(s,X)ds.
0 0
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In other words, X solves the SDE (6.35) with the new Brownian motion B; under P.
On the other hand, suppose that X; solves the SDE (6.35) with Brownian motion
B;. By defining

t
g 7 £ exp (—/ (s, X / (s, X)|| d$>
0

the same argument shows that X; solves the SDE (6.34) with Brownian motion
_ t
By = By +/ v(s, X)ds, 0<t<T, (6.36)
0

under the probability measure
P(A) 2 E[14€,7], A€ Fr. (6.37)
Now we consider uniqueness. A crucial point is the following: we can assume without

loss of generality that v = a*n for some {B;(W")}-progressively measurable n : [0, 7] x
W™ — R™. Indeed, for each (¢t,w) € [0,T] x W™, write

RY = (Im(a* (¢, w))) €D (Tm(a*(t,w))*)

where we regard a*(t,w) as a linear map from R” to R%. Under this decomposition, we
can write
7(75, w) =M (tv w) =+ 72(75, w)

for some 71 (t,w) € Im(a*(t,w)). Since 71 is defined pointwisely and ||y1] < |7, we
know that 7 is bounded, {B;(W™)}-progressively measurable. Moreover, since

<O‘(ta w)’VZ(ta w)a y> = <’72(ta w)a Oz*(t, w)y> =0, Vy € an
we have a(t, w)v2(t,w) = 0, and hence a(t, w)y(t,w) = a(t,w)y1(t,w). As v (t,w) €
Im(a*(t,w)), there is a canonical way of choosing n such that v; = a*n and 7 is
{Bi(W™)}-progressively measurable. For instance, we can define 7(¢, w) to be the unique
element in the affine space {n € R" : o*(¢t, w)n(t,w) = y1(t, w)} which minimizes its
Euclidean norm. In the following, we will assume that v = a*n.

Suppose that uniqueness in law holds for the SDE (6.34). Let X; be a solution to
the SDE (6.35) with Brownian motion B;. It follows from the previous discussion that
X; solves the SDE (6.34) with a new Brownian motion B; defined by (6.36) under the
new probability measure P defined by (6.37). However, we know that for every A € Frp,

P(A)

= Bluieo ([ vexm g [ exrs))
</0T77 adB, +§/Twu2ds)]
_F 1Aexp< radB, — /Twn%ls)]
([ s xax— [ (6208630 + gl 017 as) |

= E 1Aexp




In particular, for given k > 1,0< 1 < - <ty <Tand f € C’b(R”Xk), we have

E[f(Xtu T 7th)]

—E[f(Xey, -, Xp)
oo ([0, [ (33086, + Jipts. 0 a5 .

But the integrand of the expectation on the right hand side is a functional of {X; :
0 <t < T}. So its distribution is uniquely determined by the distribution of X. Since
uniqueness in law holds for the SDE (6.34) and X; solves this SDE under PP, we conclude
that the distribution of X under P is uniquely determined by the distribution of X under
P. In particular, uniqueness in law holds for the SDE (6.35). Conversely, similar argument
shows that uniqueness in law for the SDE (6.35) implies uniqueness in law for the SDE
(6.34).
To summarize, we have obtained the following result.

Theorem 6.12. Under Assumption 6.2, the existence of weak solutions and uniqueness
in law are equivalent for the two SDEs (6.34) and (6.35).

The following is an important example which is not covered by our existence and
uniqueness theorems so far, but it is within the scope of Theorem 6.12.

Example 6.3. Let 3: [0,7] x W% — RY be bounded, {B;(W%)}-progressively measur-
able (here n = d). Then weak existence and uniqueness in law hold for the SDE

dX, = dB, + B(t, X)dt, 0<t<T. (6.38)

Indeed, we can just take v £ 3 in the previous discussion to see that weak existence and
uniqueness in law are both equivalent for the SDE

dX,=dB;,, 0<t<T,

and the SDE (6.38). In particular, the law of the weak solution with initial distribution
0, is determined by

E[f(Xt17' o 7th)]

T T
. 1
= st e ([ 5w 3 [ 180, w)1Pas)|
0 0
fork>1,0<t < - <t <T, and f € Cy(R¥*F), where P* is the law of the
Brownian motion starting at x, and w; is the coordinate process on path space.

It should be pointed out that existence and uniqueness only hold in the weak sense.
In general, the SDE (6.38) can fail to be exact.
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Now we study another useful technique: time-change. This technique applies to the
one dimensional SDE of the following form:

dXt = Oé(t,X)dBt, (639)
where we assume that there exists constants C7, Co > 0, such that
C1 < a(t,w) < Cy, Y(t,w) € [0,00) x W

We have already seen the notion of a time-change in Section 5.6. Here we consider
a more restrictive class of time-change. Denote 7 as the space of continuous functions
a: [0,00) = [0,00) such that ag = 0, t — ay is strictly increasing and lim;_,~ a; = 0.
An adapted process A; on some filtered probability space is called a process of time-
change if for almost all w, A(w) € Z. As in Section 5.6, we use C; to denote the
time-change associated with A;. In this case, C} is really the inverse of A;. Given a
process X;, we use T4X £ X, to denote the time-changed process of X; by C; (c.f.
Definition 5.12).

The following result gives a method of solving the SDE (6.39) by using a time-change
technique.

Theorem 6.13. (1) Let by be a one dimensional Brownian motion defined on some

filtered probability space (Q0, F,P; {F;}) which satisfies the usual conditions. Let X, be

an Fo-measurable random variable. Define & = X + b;. Suppose that there exists a

process A; of time-change on (), such that with probability one, we have
t
At—;/ oAy, TA€)2ds, Yt > 0. (6.40)
0

If weset X £ TA¢ = Xo+bo and Fy & .7?0,5, then there exists an { F; }-Brownian motion
By, such that X, solves the SDE (6.39) on (Q, F,P;{F;}) with Brownian motion B.
(2) Every solution to the SDE (6.39) arises in the way described by (1).

Proof. (1) Let b, Xy and A; be given as in the assumption. According to Proposition
5.19, we know that M = T4b € MP({F;}) and (M); = C;. In view of (6.40), we have

(A, TAE) dA, = dt,
so that . .
:/M&E%W&:/M&Jﬂ%,
0 0
and hence

Cy t
Cy :/ oAy, X)?dA, :/ a(u, X)2du.
0 0

If we define B; = fg a(s, X)~tdMj, by Lévy's characterization theorem we know that
By is an {F;}-Brownian motion, and

t
Xt - XO = Mt = / Oé(S,X)st.
0
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In other words, X; solves the SDE (6.39) on (2, F,P; {F;}) with Brownian motion B;.
(2) Let X solves the SDE (6.39) on some filtered probability space (Q ]-" P;{F:})
with Brownian motion B;. Then M. £ X.—Xo € MP°({F:}) and (M) = [ a(s, X)?ds.

Let A; be the inverse of (M);. Define b L2 MM and F, 2 Fa,. It follows that b; is
an {F;}-Brownian motion, and M = T4b. If we define & £ X + by, then apparently

X = T4¢. In addition, since
t
t= [ als.x)2aq),
0

a simple change of variables shows that

¢ ¢
Ay :/ a(As, X) 2d5 —/ af AS,TAf) 2ds.
0 0

Therefore, X; arises in the way described by (1). O

An important corollary of the second part of Theorem 6.13 is that if the ordinary
differential equation (6.40) is always uniquely solvable from (X, b) in a pathwise sense,
then weak existence and uniqueness in law hold for the SDE (6.39). Indeed, in this case
the solution X is some deterministic functional of Xy and b, so that its distribution is
uniquely determined by the initial distribution and the distribution of Brownian motion.

Example 6.4. Consider the time homogeneous SDE
dXt = CL(Xt)dBt,

where a : R!' — R! is a Borel measurable function such that C; < a < Cy for some
positive constants C1, Cy. By setting a(t,w) £ a(w;), the differential equation (6.40)
becomes

_ ' A -2 5. _ ' -2
At—/ a ((T4€)a,) ds-/o a(&s) “ds. (6.41)

0

Apparently A; is uniquely determined by X, and b, and it is simply given by the formula
(6.41). Therefore, X £ T¢ defines a weak solution and uniqueness in law holds.

Example 6.5. Consider the time inhomogeneous SDE
dXt = a(t,Xt)dBt,

where a : [0,00) x R! — R! is a Borel measurable function such that C; < a < Cs for
some positive constants O, Cy. By setting a(t, w) = a(t,w;), the differential equation
(6.40) becomes

t
At:/ a(Asygs)_QdSa
0

dAy _ 1
dt 7 a(At,&)?)
{AO =0.

or
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This equation has a unique solution along each fixed sample path of £, for instance if
a(t,z) is Lipschitz continuous in t. In this case, X £ TA¢ defines a weak solution and
uniqueness in law holds.

Example 6.6. Let f(z) be a locally bounded, Borel measurable function on R, and let
a(x) be a Borel measurable function on R! such that C; < a < Cy for some positive
constants C1, Cy. For a fixed y € R!, define

t
ot w) £ a (y+ / f(ws)d8> (tw) € [0,00) x W,
0
Consider the SDE
t
dX, = a(t,X)dB, = a (y +/ f(Xs)ds) dB;.
0

The differential equation (6.40) now becomes

A = /Ota (y—i—/OASf(ﬁc“)du)2 ds
= /Ota(y+/osf(£u)Audu> - ds.

t
z, 2 /0 F(60) Audu.

Define

It follows that

azy o f(&)
A a(y+ 2%
and hence
t t
| aty+ zpaz. = [ s as
0 0
If we set

O(x) é/ aly + 2)%dz, ©eR!,
0

then ®(x) is continuous, strictly increasing and

t
®2) = [ s(eas
t
Zy =0 </0 f(gs)ds) :
and Ay is uniquely solved as

Ay = /Ota <y+ ot </Osf(fu)du>>_2 ds.
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In this case, X = TA§ defines a weak solution and uniqueness in law holds.
A particular example is that f(z) = . In this case, the SDE is equivalent to the
following equation of motion with random acceleration:

dY; = X;dt,
dX, = a(V;)dBy,
YO =Y.

6.7 Examples: linear SDEs and Bessel processes

In this subsection, we discuss several useful examples of SDEs.

The first type of examples that we are going to study are linear SDEs. This is the
very nice case where we can obtain explicit formulae.

Consider the SDE

dX;, = (A() X, + a(t))dt + o(t)dB,, (6.42)

where A(t), a(t) and o(t) are bounded, deterministic functions taking values in Mat(n, n),
Mat(n, 1) and Mat(n, d) respectively.

This SDE can be solved explicitly in the following way. First of all, from classical
ODE theory, we know that the matrix equation

40 — A()D(t), > 0;
®(0) = Id,,

has a unique solution ®(t) which is absolutely continuous. Moreover, it is not hard to see
that ®(t) is non-singular for every t > 0. Indeed, suppose on the contrary that for some
to > 0 and some non-zero A € R™, we have ®(ty)\ = 0. Since the function z(t) £ ®(t)A
solves the ODE

dz(t)

dt

with condition z(¢y) = 0, from the uniqueness of (6.43), we know that z(t) = 0 for all ¢.
But this contradicts the fact that 2:(0) = ®(0)A = A # 0. Therefore, ®(t) is non-singular
for every t > 0. In the case when A(t) = A, ®(t) is explicitly given by

= A(t)z(t) (6.43)

. Akgk

k!’
k=0

O(t) =€ £

and ®71(t) = e7t4,
®(t) is called the fundamental solution to the ODE (6.43). The reason for this name
is very simple: the solution to the inhomogeneous ODE

dx(t)
dt

= (A(t)x(t) + a(t)) (6.44)
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and even to the SDE (6.42) can be expressed in terms of ®(¢) and the coefficients.
Indeed, it is classical that the solution to the ODE (6.44) is given by

Moreover, by using Ité's formula, it is not hard to see that

X 2 0(1) <X0+ /O t &~L(s)a(s)ds + /0 t q>—1<s)a(s)st> (6.45)

is a solution to the SDE (6.42). This is the unique solution because pathwise uniqueness
holds as a consequence of Lipschitz condition.

Since the integrands in the formula (6.45) are deterministic functions, we know that
X is a Gaussian process provided X is a Gaussian random variable. In this case, the
mean function m(t) £ E[X,] is given by

and the covariance function p(s,t) = E[(Xs — m(s)) - (X; — m(t))*] is given by

p(s,t) = ®(s) (p((), 0) + /OS O (w)o(u)o* (u) (q)_l(u))* du) o*(t), s,t=0.

A important example is the case when n = d = 1, A(t) = —y (v > 0), a(t) = 0,
o(t) = o, so the SDE takes the form

dXt = —’)/Xtdt + O'dBt.

This is known as the Langevin equation and the solution is called the Ornstein-Uhlenbeck
process. In this case, the solution is given by

t
X;=Xpe M 4o / e V=94 B,.
0

If X¢ is a Gaussian random variable with mean zero and variance 2, then X, is a centered
Gaussian process with covariance function

p(s,t) = et <n2+02/ eQWdu>
0

2 2
— <n2__0>e—vw+ﬂ_+°'e—vu—ﬂ
2y 2

provided s < t. In particular, if n? = 02/(27), then X; is also stationary in the sense
that the distribution of (X, 14, -+, Xt, 41) is independent of h for any given k£ > 1 and
t <o <t
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We can generalize the SDE (6.42) to the case where the diffusion coefficient depends
linearly on X;. For simplicity, we only consider the one dimensional case (n =d = 1), in
which the SDE takes the form

dXy = (A(t) Xy + a(t))dt + (C(t) Xy + ¢(t))dB. (6.46)

Of course we also have pathwise uniqueness in this case.

To write down the explicit solution for this SDE, it is helpful to first understand
heuristically how to obtain the formula (6.45) in the previous discussion. Indeed, in the
SDE (6.42), the linear dependence on X, appears only in the term A(t)X.dt, which can
be viewed as contributing to an “exponential form” of the solution. Since ®(¢) behaves
like the exponential of [ A(t)dt, it is reasonable to expect that if we apply It&'s formula
to the process ®~!(¢) Xy, all those terms involving X; should get killed and we will obtain
that

d(@ 1) X,) = @ N (t)a(t)dt + & (t)o(t)dB;.

The reader might do the computation to see that this is indeed the case.

Now to solve the SDE (6.46), note that the linear dependence on X, appears in
the terms A(t)X; and C(¢)X;. These two terms should contribute to the “exponential
form” of X;. Therefore, taking into account the fact that C(¢) appears in the diffusion
coefficient, we may define the “exponential” of (A(t),C(t)) by

Zy & exp (/OtA(s)ds + /Ot C(s)dBs — % /Ot 02(5)d5> .

Then it is reasonable to expect that after applying It6's formula to the process Zt_lXt,
we should arrive at an expression which does not involve X;. This is indeed the case, and
we can obtain that the solution to the SDE (6.46) is given by

X, =2 <X0 + /Ot Z Y a(s) — C(s)c(s))ds + /Ot Zslc(s)st> .

An important example is the case when A(t) = p, C(t) = o, and a(t) = ¢(t) = 0.
In this case, the SDE takes the form

dXt = /,LXtdt + O'XtdBt

and the solution is given by
Xt — Xoeut—i_UBt_%UZt.

X, is known as the geometric Brownian motion.

Another type of examples that we are going to study are Bessel processes. These
are one dimensional SDEs. They are important and useful because a lot of explicit
computations are possible and many interesting SDE models can be reduced to Bessel
processes.

We first take a slight detour to discuss a bit more about one dimensional SDEs.
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In the one dimensional case, explosion can be described in a more precise way as
there are exactly two possible ways to explode in finite time: to the left or to the right.
Therefore, we may consider more generally an SDE

(6.47)
XO =€ Ia

{dXt = o(X,)dB, + b(X,)dt, t >0,
defined on an open interval I = (I,7) with —oco <1 < r < o0, and we think of [ and
r as two points of explosion. In Section 6.3, we were essentially identifying [ and r in
the case of explosion, which we do not want to do here. The argument here fails in
higher dimensions, and indeed very little is known for the geometry of multidimensional
diffusions.

Suppose that o,b are continuously differentiable on I. According to the Yamada-
Watanabe theory (continuity gives weak existence and local Lipschitz condition gives
pathwise uniqueness), the SDE (6.47) has a unique solution X defined up to an explosion
time e. More precisely, ¢ = lim,, _,oo 7, Where 7, 2 inf{t > 0: X7 ¢ [ay,,b,]} and
an, by, are two sequences of real numbers such that a,, | I, b, T 7. If we define W to be
the space of continuous paths w : [0,00) — [I,7] such that wg € I and w; = we(y, for
t > e(w), where e(w) £ inf{t > 0: w; =1 or 7}, then X7 is a random variable taking
values in W, and the explosion time of X® is e = e¢(X®). What is more precise than
Section 6.3 is that lim;y, X7 exists and is equal to [ or r on the event that {e < oo}, a
fact which can be proved by the same argument as in the proof of Theorem 6.7 and the
continuity of X7,

From now on, we always assume that 2 > 0 on I.

The following quantities play a fundamental role in studying the geometry of one
dimensional diffusions.

Definition 6.9. Let ¢ € I be a fixed real number.
(1) The scale function is defined by

s(m)é/jexp <_2/C§ :2(8)(1() d¢, rel.

(2) The speed measure is defined by

m(dz) = @)@’ xel.

(3) The Green function is defined by

Gan(z,y) 2 (s(zny) = s(@)(s() —sxvy) o b C 1.

s(b) — s(a)

We first show that these quantities can be used to compute expected exit times.

166



Let [a,b] C I. Consider the ODE

(6.48)

b(z)M'(z) + 302 (2)M"(z) = -1, a<z <b;
M(a) = M(b) = 0.

It is not hard to see that a solution is given by

b
Mg p(x) é/ Gop(z,y)m(dy), z € [a,b].

In particular, M, is non-negative.
Define 7,5 = inf{t < e : X ¢ [a,b]}. According to It6’s formula and the ODE
(6.48), we see that

Ta,b/\E
Map(X5, ) = Mop(@) + [ MLy (XA (X)AB, — g .
0
Therefore,
Elrap A t] = Map(x) — E[Map(XT )] < Map(x) < oo (6.49)

In particular, 7,y is integrable. Indeed, in view of the boundary condition for the ODE
(6.48), by letting ¢t — oo in (6.49), we have obtained the following result.

Proposition 6.1. The expected exit time E[r, ] equals M, (). In particular, 7, < 0o
almost surely.

Note that Proposition 6.1 does not imply that e < oo almost surely. In fact, we are
going to study the limiting behavior of X as ¢ — e and give a simple non-explosion
criterion for X*. This is the content of the following elegant result.

Theorem 6.14. (1) Suppose that s(I+) = —oo and s(r—) = oo, then
Ple=00) =P (h?lsololet = r) =P (htrgg)let = l) =1.
(2) If s(I+) > —o0 and s(r—) = oo, then limy. X[ exists almost surely and
P (thf = l) =P (supXtm < 7“> =1
tte t<e
A similar assertion holds if the roles of | and r are interchanged.

(3) If s(I+) > —o0 and s(r—) < oo, then

P <1tiTr£1X§‘ = z) —1-P <1tiTr£1Xf - 7“> - m (6.50)

167



Proof. The main feature of the scale function is that (As)(z) = 0 for all z € I, where

(Af)(@) = 50> (@) " (&) + b(a) T (2)

is the generator of the SDE. Given | < a < x < b < r, we again consider the first exit
time 7,5. According to the martingale characterization for the weak solution, we know
that s(X7  1+) — s(z) is a martingale. In particular, we have

Ta

E [s(XZ,, )| = s(a).

By letting ¢ — oo and noting that 7, ; < oo almost sure (c.f. Proposition 6.1), we obtain
that
s(a)P (Xfa = a) + s(b)P (Xfa , = b) = s(x)

as well as

Ta,b

P(Xz,=a)+P(xz, =0)=1
Therefore,

P(X5, =a) - ZEZ; - iﬁi; P (X5 =) = S5 st

(1) Suppose that s(I+) = —oo and s(r—) = oo.

In this case, lim,; P(X7 = b) = 1. Since {XT | = b} C {sup,., X > b} for all
a, we conclude that P(sup,.. X7 > b) > 1. This is true for all b, which implies that
P(sup;., X{ = r) = 1. Similarly, we have P(inf,.. X7 = [) = 1. This in particular
implies that P(e = oo) = 1, for otherwise on the event that {e < oo}, we know that
limyq X exists and equals [ or 7, which is a contradiction.

(2) Suppose that s(I4) > —oo and s(r—) = oc.

In this case, by the discussion in the first case, we see that

P <%1<1£ X[ = l> =1. (6.51)
On the other hand, the process

Y& S(XE ) = s(4)

is a non-negative martingale. According to Fatou's lemma, by letting a | 1,b 1 r, we
conclude that
Yy £ s(XZy) — s(l+)

is a non-negative supermartingale. In particular, with probability one lim; .o, Y; exists
finitely. This implies that lim. s(X[) exists finitely. But s is continuous and strictly
increasing, we therefore know that lim. X} exists almost surely. In view of (6.51), we
conclude that P(limy. X7 = 1) = 1. This also implies that P(sup,., X{ < r) = 1 since
{limppe X7 =1} C {sup;, X7 < r}.
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The case when s(l4+) = —oo and s(r—) < oo is treated in a similar way.
(3) Suppose that s(I4+) > —oo and s(r—) < oo.
In this case, we have

P <sung” > b) > S) = s(4)

t<e

for all b. Therefore,

L) s = s
g <Stl<lEXt B > > s(r—) —s(l+)" (6.52)

Similarly,
e wm _ s(r—) —s(x)
P (%r<1£ XF = l) > P (6.53)

On the other hand, by the discussion in the second case, we see that limy, X} exists
almost surely. Therefore,

{lime = r} = {supr = r}, {lime = l} = {ianf = l}.
tte t<e tte t<e

In particular, these two events are disjoint. Since the right hand sides of (6.52) and
(6.53) add up to one, we arrive at (6.50). O

Remark 6.10. In the first case in Theorem 6.14, we see that X' is recurrent, in the sense
that P(o,, < o0) = 1 for every y € I, where oy £ inf{t > 0: X; = y}. This case gives a
simple non-explosion criterion for the SDE. In the second and third cases, there exists an
open subset U of (I,r), such that with positive probability X never enters U. In these
cases, it is not clear whether X7 explodes in finite time with positive probability. The
famous Feller’s test studies explosion and non-explosion criteria in a very elegant way, in
terms of a more complicated quantity than just the scale function. We are not going to
discuss Feller's test here, and we refer the reader to [4] for a detailed introduction.

Now we come back to the example of Bessel processes.

Let By = (B}, -, B?) be an n-dimensional Brownian motion. R; £ |By| is known
as the classical n-dimensional Bessel process. By applying Itd's formula to the process
pr = R?2 =" (B})?, formally we have

dpy = 2 BjdB+ndt
=1

"  BldB!
— 2\/@ Zz—l t t

+ ndt.
VPt

But the process

Z” t BidB!

IIr A S S

! /0 VvV Ps
=1
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is a one dimensional Brownian motion according to Lévy's characterization theorem.
Therefore, p; solves the SDE

dpr = 2/pedW; + ndt.

In terms of the SDE, we can generalize the previous notion of Bessel processes to
arbitrary (real) dimensions. To be precise, consider the one dimensional SDE

dpt = 2\/ |pt|dBt + Oédt, (654)

where o > 0 is a constant.

Proposition 6.2. The SDE (6.54) is exact without explosion to infinity in finite time.
Moreover, if pg > 0, then p; > 0 for all t.

Proof. Since the coefficients are continuous, weak existence holds. From the inequality

lVz — \/y| < /& —y, pathwise uniqueness holds. Moreover, since \/|z| < (1 + |z])/2,

the solution cannot explode. Therefore, the SDE is exact without explosion.
Now observe that the unique solution to the SDE

dpt =2 V |pt|dBt> t= Oa
po =0,

is the trivial solution p = 0. According to the comparison theorem (c.f. Theorem 6.11), we
conclude that the solution p; to the SDE (6.54) is non-negative, provided that pg > 0. O

Due to Proposition 6.2, when writing the SDE (6.54), we may drop the absolute
value inside the square root.

Definition 6.10. Given o > 0 and x > 0, the solution to the equation

t
pt:x+2/ VpsdBs + at
0

is called a squared Bessel process starting at x with dimension o and it is simply denoted
as BSEQ®. The process R; = /Pt is called a Bessel process starting at \/x with dimension
« and it is simply denoted as BSE®.

From the comparison theorem again, we easily see that if p;, p7 are BESQ*' ,BESQ"2
starting at 21, o respectively such that a1 < ag, 1 < 29, then p} < p? for all t.

An important property for Bessel processes is the additivity property. For a > 0,2 >
0, we use Q2 to denote the law of BESQ" starting at = on the path space W,

Proposition 6.3. Let oy, > 0 and x1, 75 > 0. Then Qf x Q32 = (@glli‘;‘;, where *
means convolution of two measures.
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Proof. In terms of processes, it is equivalent to prove the following. Suppose that B!, B?
are two independent Brownian motions. Let pi (i = 1,2) be the unique solution to the
following SDE:

dpt = 2+/pidB! + a;dt, t >0,
,06 = Zj.

Then p} = p! + p? solves the SDE

{dp? = 2\/p}dBs + (o1 + ag)dt, t >0,

3 _
Pop = T1 + T2,

for some Brownian motion B;. Indeed, this is true because

t
1+ T2 + 2/ (x/pédB; + \/pgdB§> + (a1 + a9t
0

t V/pldBY  \/p2dB?
= + +2/ \/ 55” 578 4 Ch R + t
T 0 P ( N V3 ) (e 02)

t
= X1 +2I2+ 2/ \/ pgdBS + (041 + Oég)t,
0

p;

where

oo [ (Vo i
o\ Vri VP2
is a Brownian motion according to Lévy's characterization theorem. O
We can also derive the Laplace transform of a BSEQ® explicitly. In fact, if @ € N, let

pi (1 <i < a)beaBESQ! starting at /a (driven by independent Brownian motions).
According to Proposition 6.3, we have

E [o0b+400)] = (B [e—Ap%Da _ We‘uﬁm, (6.55)

where we have used the formula for the Laplace transform of the square of a Gaussian
random variable. This formula must be true as the additivity holds even when « is not
an integer, as indicated by Proposition 6.3. In other words, we have the following result.

Proposition 6.4. The formula (6.55) gives the Laplace transform for a BESQ® starting
at x for arbitrary o, x > 0. In particular,

_@24?)

e 21 o Ty
P(R; € dy) = W?/ Moo (7> , ¥y>0,

where Ry is a BES™ starting at x, and

o\ Y x/2)%"
I(x) 2 (3) Zmr((u/f)nm

n=0

is the modified Bessel function.
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Proof. The function v(t, x) defined by the right hand side of (6.55) is in C’bl’Q([O, 00) X
[0,00)) and satisfies Ov/dt = Av, where
(Af) (@) £ 202l f"(z) + af'(z)
is the generator of the SDE (6.54). Given ¢y > 0, define
u(t,r) £ vty —t,x), (t,x) € [0,t0] x [0, 00).

By applying Ité's formula to the process u(t, p;), we can see that u(t, p;) — u(0,z) is
martingale (one may see the integrability of quadratic variation process by comparing p;
with a BESQ® where o/ > « is an integer). Therefore,

E[’u,(to, pto)] = E[U(O, .CC)],

which is exactly the formula (6.55) at t.
The second part follows from inverting the Laplace transform and the fact that R; =

NG O

Another interesting property is the behavior at the boundary point 0.

Proposition 6.5. Let R; be a BES™ starting at \/x > 0. If « > 2, then with probability
one, R; never reaches (.

Proof. It is equivalent to looking at p; = R?. Let e = inf{t > 0: p; = 0}. As we are
only concerned with the process before e, we can use the model (6.47) with I = (0, c0)
and think of 0 and oo as two explosion times. In this framework, consider the scale

function . v oed .
s(z) = / exp <—/ j Z> dy = / y 2 dy.
1 1 z 1

In particular, s(0+) = —oo if and only if & > 2, and s(c0) = oo if and only if & < 2.
Therefore, the result follows from Theorem 6.14 (Case (1) for o = 2 and Case (2) for
a>2). O

Remark 6.11. By using Feller's test of explosion, it is possible to show that if 0 < a < 2,
then with probability one, R; reaches O in finite time. Moreover, by using pathwise
uniqueness and local times (we leave this part as a good exercise), one can show that
the point 0 is absorbing (i.e. the process remains at 0 once it reaches it) if « = 0 and
reflecting (i.e. whenever Ry, = 0, we have for any § > 0, there exists ¢t € (to,to + 0)
such that R, > 0) if 0 < a < 2.

As we mentioned before, Bessel processes are useful because they are related to many
interesting SDE models. Here we present two of them: the Cox-Ingersoll-Ross processes
and the Constant Elasticity of Variance processes.

(1) The Cox-Ingersoll-Ross (CIR) model
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Consider the SDE

dry = k(0 — r;)dt dB;, t>0,
{rt (6 — ri)dt + o/rdBy, (6.56)

ro=x =0,

where k-0 > 0 and o # 0. Apparently, the SDE (6.56) is exact without explosion.
Moreover, according to the comparison theorem, we know that r; > 0 for all . The
solution to this SDE is nothing but a time-change and rescaling of a BESQ.

Proposition 6.6. The solution r; to the SDE (6.56) is given by

2

re=c"p <Zk(ekt - 1)) )

where p; is a BESQ® starting at x with « £ 4k9/02.

Proof. Let Z; £ r;e**. According to the integration by parts formula, we have
t
Zy :m—l—H(ekt— 1)+ Ue%\/ZSdBS.
0

To relate Z; with a BESQ), let A; be a non-negative, increasing function to be determined
and let C} be the associated time-change. It follows that

Cy
Ze, = z+0% —1)+ [ oe5\/Z,dB,
0

kCg
t oe

_ x+0(ekct—1)+2/ 22 -/Zc.dBe,.
0

In view of the SDE (6.54) for a BESQ, we want

t
Wté/ %€ * 4Be,
o 2

to be a Brownian motion. This is equivalent to saying that

O_QGkCt

and hence -
oert
I C;=1.
Since we also want Cy = 0, we obtain easily that
(ekc — 1)0’2
t R — 3 C 2 07
4k
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and this is the increasing function ¢ — t = A, that we need. C; would just be the inverse
of Ay. If we set py = Z,, then

4k0 !
pt:$+02t+2/ \/pde&
0

which shows that p; is a BESQ® starting at = with a = 4k6/0>. The result then
follows. ]

From Proposition 6.6 and Theorem 6.14, we know that r; never reaches 0 if k6 >
02 /2, provided ry = 2 > 0.

(2) The Constant Elasticity of Variance (CEV) model

Consider the SDE

dS; = Sy(udt + 0SPdBy), t>0,
{ + = Si(pdt + oSy dBy), (6.57)

S()::L'>0,

where > 0 and o # 0. Apparently, the SDE (6.57) is exact.
We first look at the case when p = 0. Let 79 = inf{t > 0: S; = 0}. Define

N

2 —2f
pt = 0252St , t<ToANe.

According to Ité's formula, we have

1 t 1
pt:J2B2x_2B—|—2/ \/pde5+<2+>t, t<TyAe,
0

B

where W, & —B; is a Brownian motion. Therefore, p; is a BESQ® starting at 0%6295_2‘3

with @ £ 2 4+ 371 > 2. In particular, we know that p; does not explode in finite time
and hence P(19 = o0) = 1. In other words, S; never reaches 0. Moreover, according
to Proposition 6.5, we know that p; never reaches 0. Therefore, S; does not explode in
finite time. Since

1\ -4 g
St: O'TBQ Pt =xr+o0 ) Su dBu,

we see that S; is a local martingale with strictly decreasing expectation. In particular, S;
is not a martingale (but of course it is a non-negative supermartingale). The distribution
of S; can of course be computed from the distribution of BESQ explicitly.

Now we consider the case when p # 0. Similar to the previous discussion, let 7
inf{t > 0: S; =0}, and define

A

I 2
rtéwst o t<mne.
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According to Ité's formula, we obtain that

1 t t
Ty = @x_zﬁ +/ k(O —rs)ds+ (—o) - / \VTsdBs, t<TpAe.
0 0

where k = 2u3, 0 = (28 + 1)0?/(4kB). In particular, 7; satisfies the CIR model with
parameters k, 6, —o. Therefore, r, does not explode and hence P(79 = oo) = 1. Moreover,
since k0 > 02 /2, we know from the previous discussion on the CIR model that r; never
reaches 0. In other words, S; does not explode. Since

1
1 \% -5
si=(a2) "

according to Proposition 6.6, the distribution of S; can also be computed from the
distribution of BESQ explicitly.

6.8 1t6’s diffusion processes and partial differential equations

To conclude this course, we study [td's diffusion processes and explore their relationship
with partial differential equations. In particular, we are going to show that solutions to a
class of elliptic and parabolic equations admit stochastic representations.

Throughout this subsection, we consider the multidimensional SDE

{dXt = o(X)dB; + b(Xy)dt, t>0, (6.58)

ona:,

where o, b are Lipschitz continuous. We know from the Yamada-Watanabe theory that
this SDE is exact. Let {X} : = € R", ¢ > 0} be the unique solution to the SDE (6.58)
on some given filtered probability space.

Definition 6.11. {X[ : = € R", ¢ > 0} is called a time homogeneous [t6's diffusion
process.

A important consequence of exactness is the following strong Markov property.

Theorem 6.15. Suppose that 7 is a finite {F;}-stopping time. Then for any x € R"™,
0 >0 and f € By(R™), we have

E[f (X710)| F7] = E[f(Xg)]ly=xz-
Proof. From the SDE (6.58), for 6 > 0, we have

T+60 T+0

XT g :U+/0 U(X;”)st+/0 b(XZ)ds
T+0 T+0

= Xf—i—/ U(Xf)st+/ b(X7)ds
Te T 0

= Xz [ olxz)aB?) + [ bz
0 0
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(7)

where By’ £ B, ., — B; is a Brownian motion. Therefore, the process X7, g solves

the SDE (6.58) with initial data X and Brownian motion B("). According to exactness,
X7 4 is a deterministic functional of X7 and B and we may write

X73-3+0 = F(G’ngB(T))

for some deterministic functional F, where 6 — F(0,y, B) gives the unique solution
to the SDE (6.58) starting at y with a given Brownian motion B. Now since X7 is
F,-measurable and B() is independent of F,, we see immediately that

E[f(X20)1 7] = E|f(F(0,X2,B7)) ||
= E[f(F(Qa%B))] |y:X$
= E[f(X))]ly=x:-
O

Now recall that the generator A of the SDE (6.58) is the second order differential

operator
n

1 ,
(Af)@) = 2 Z a*( 8x’8:139 Z Bx“

ij=1 i=1

where ¢ £ 5 - o*.

In the theory of elliptic PDEs, we are usually interested in the boundary value problem
associated with the operator A. More precisely, suppose that D is a bounded domain
in R". Let k: D — [0,00), g: D — Rland f: 9D — R! be continuous
functions. We consider the following (Dirichlet) boundary value problem: find a function
u € C(D) N C?(D), such that

{Au—k-u——g, x €D, (6.59)
u = f, x € 0D.

The existence of such u is well studied in PDE theory under suitable regularity conditions
on the coefficients and the geometry of D. Here we are not concerned with existence,
but we are interested in representing the solution in terms of 1té's diffusion process under
the assumption of existence.

Theorem 6.16. Suppose that there exists u € C(D)NC?(D) which solves the boundary
value problem (6.59). Let X} be the solution to the SDE (6.58). Assume that the exit
time
o =inf{t >0: X[ ¢ D}
satisfies
E[rp] < o0 (6.60)
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for every x € D. Then u is given by

we) = Blsoez e (- [ hoenas)

+/OTD 9(XY) exp < /Osk(Xg)Cw) dS] : (6.61)

In particular, the solution to the boundary value problem is unique in C(D) N C?(D).

Proof. Fix x € D. According to Ité’'s formula and the elliptic equation for u, we have

n d TpAt au k TpAt
WXz = @+ Y [T Srenedeant + [T (anas
1=1 k=1
n d Tp /At au )
= w0+ Y [ el oant
i=1 k=1

TpAt Tp /At
4 / B(XT)u(XT)ds — / o(XT)ds.
0 0

By further applying the integration by parts formula to the process

TpAt
(X ) - exp(— / K(XT)ds), ¢ 30,
0

we conclude that the process

W(XE ) - exp <— /0 TDAtk(X?)ds) + /0 (X7 exp <— /0 814:(X§")d0> ds

TpAt au . s .
= +Z / 5 (XD)L(X; )exp< /0 k(Xg)d0> dBk

=1 k=1

[I>

M,

is a continuous local martingale. Moreover, from continuity we see that
M| < C(1+71p), Vt=>0.

According to the assumption (6.60), we conclude that M is of class (DL). In particular,
M; is a martingale. Indeed, the same reason shows that M; is a uniformly integrable

martingale. Therefore,
E[Mo] = E[Mx],

which yields the desired formula (6.61). O

One might wonder when the condition (6.60) holds. Here is a simple sufficient
condition.
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Proposition 6.7. Suppose that for some 1 < i < n, we have

inf a®(z) > 0.
rzeD

Then (6.60) holds for every x € D.

Proof. Define

p= inf a”(z), ¢ = sup [b(z)], r = inf 2",
€D €D xeD

Let A > 2¢q/p, and define _
h(z) £ —e*', zeR™

Then we have
—(Ah)(z) = A <;)\2aii($) + )\bi(.’L‘)> > %/\pe)"" </\ — 2q> =7 >0,
b

for every x € D. On the other hand, for fixed x € D, we know from the martingale
characterization that the process h(X7? ;) —h(z) — OTDM(Ah)(Xg)ds is a martingale.
Therefore,

Tp /At
B0 = b+ | [ anx]
< h(z) —~E[rp A t],
which implies that
h(z) — BR(X7p)] _ 28uP,ep [A(2)]
Y Y
Therefore, by letting ¢t — 0o, we conclude that (6.60) holds. O

E[TD/\t] <

Next we turn to the parabolic problem. The idea of the analysis is similar to the
elliptic problem.

We fix an arbitrary T > 0. Let f : R® — R k: [0,7] x R® — [0,00) and
g: [0,T] x R™ — [0,00) be continuous functions. We consider the following backward
Cauchy problem: find a function v € C([0,T] x R™") N C*2([0,T) x R™) (continuously
differentiable in ¢ and twice continuously differentiable in x), such that

~% i kv=Av+g, (tz)€0,T)xR", (6.62)

o(T,x) = f(x), x € R™ '
Here A acts on v by differentiating with respect to the spatial variable. Again we are not
concerned with existence which is contained in the standard parabolic theory, and we are
looking for a stochastic representation for the existing solution.

Suppose that f, g satisfy the following polynomial growth condition:

If(2) <O+ |z]*), sup |g(t,z)] < O(1+ |z|"), VzeR", (6.63)

<t<

for some C, 1 > 0. Then we have the following result which is known as the Feynman-Kac
formula.
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Theorem 6.17. Suppose that v € C([0,T] x R") N CY2([0,T) x R™) is a solution to
the backward Cauchy problem (6.62) which satisfies the polynomial growth condition:

sup [v(t, )] < K(1+[z*), Vo eR",
o<t<T

for some K, \ > 0. Then v has a representation
T—t
o) = E|fxE e (< [ ks x2as)
0
T—t s
+/ g(t+ s, X7)exp </ k(t + G,Xg)dH) ds}
0 0

In particular, the solution is unique in the space of C([0,T] x R*) N CY2([0,T) x R")-
functions which satisfy the polynomial growth condition.
Proof. The proof is essentially the same is the one of Theorem 6.16. Given 0 < ¢ < T,

by applying Itd's formula to the process together with the parabolic equation for v,

Kév(t+s,X§)-eXp<—/ k‘(t+9,X§)dG), 0<s<T—t,
0

we arrive at
dYs = —g(t+s,X7)- exp <—/ k(t + G,Xg)(w) ds
0
n d 3 o 4
£ S e (- [ e+ 0.3000) - e XDl 0624}

=1 k=1

for 0 < s < T —t. On the other hand, since o, b satisfy the linear growth condition which
is a consequence of Lipschitz continuity, we see from the BDG inequalities and Gronwall's
inequality that

E [ sup |X§|p] <oo, VeeR"t>0,p>2.
0<s<t

In particular, together with the polynomial growth condition for g and v, we conclude
that the local martingale

s [4
Ys—v(t,x)—i—/ g(t+0,Xyg) - exp (—/ k:(t+r,Xf)dr> dg, 0<s<T—t,
0 0

is indeed a martingale (one might show that this local martingale is of class (DL)).
Therefore, we arrive at

T—t s
v(t,z) =E [YT_t +/ g(t+ s, X3)exp (—/ k(t+ 6, Xg)d&) ds} ,
0 0
which yields the desired formula. O]
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We can see from the proof of Theorem 6.17 that the backward Cauchy problem
is a more natural one to consider from the probabilistic point of view. Of course one
can consider the following classical forward Cauchy problem, which is indeed a direct
consequence of the backward case.

Corollary 6.2. Let f: R* = R', k: [0,00) x R® — [0,00) and g : [0,00) x R® — R}
be continuous functions such that f,g have local polynomial growth in the sense that
for each T" > 0, there exists C, > 0 such that (6.63) holds. Suppose that u €
C([0,00) x R™) x C*2((0,00) x R™) is a solution to the Cauchy problem

ou — "
{&+k.u_.,4u+g, (t,z) € (0,00) x R", (6.64)

u(0,z) = f(z), z e R,
which has local polynomial growth in the same sense. Then u is given by
u(t,z) = E [f(Xf)exp <— /Ot k(t — s,Xf)ds)
—I—/Otg(t—s,Xf) exp <— /0S k(t—@,Xg)d@) ds] . (6.65)
In particular, the solution is unique in the space of C([0,00) x R™") N C2((0,00) x R")-

functions which have local polynomial growth.

Proof. For fixed T > 0, define
v(t,z) Eu(l —t,x), 0<t<T.

Then v solves the backward Cauchy problem. The result follows from applying Theorem
6.62 to v. [

Remark 6.12. A nice consequence of Theorem 6.16 (the elliptic problem) is a maximum
principle: suppose that g > 0, f > 0, then u > 0. Similar result holds for the parabolic
problem (backward and forward).

In the end, we give a brief answer (not entirely rigorous) to the two fundamental
questions that we raised in the introduction of this section.

(1) According to the martingale characterization for the SDE (6.58) and some bound-
edness estimates, we know that the process

t
FOE) = 1) = [ (An(x2)ds
is a martingale. Therefore, it is very natural to expect that

E[f(thi] — fz) _ 1/0 (Af)(XZ)ds — (Af)(x)

ast ] 0.
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(2) Let p(t,z,y) be the fundamental solution (if it exists) to the parabolic equation

%? — Au = 0. In other words, p(t, z,y) satisfies

%_(Ap)zov t>07
p(0,2,y) = 02(y),

where A acts on p by differentiating with respect to the x variable. It follows that for
every f: R™ — R!, the function

ut.) 2 [ pltao) )y

solves the forward Cauchy problem (6.64) (k = 0,g = 0) with initial condition given by
f. According to Corollary 6.2, we know that

u(t,z) = E[f(X7)].
This implies that p(t,z,y) has to be given by

p(t,x,y) = P(X{ € dy)/dy.

Remark 6.13. There are still technical gaps to fill in order to make the previous argument
work. Even so, a rather subtle point is that it is not at all clear that if we define
u(t, ) by the right hand side of (6.65) (respectively, define p(t,x,y) = P(X¥ € dy)/dy
if it exists), then u(t,x) (respectively, p(t,x,y)) solves the forward Cauchy problem
(respectively, defines a fundamental solution). This philosophy of proving existence was
not fully explored because it turns out to be not as efficient as traditional PDE methods in
general. The elegance of the stochastic representation lies in the fact that once a solution
exists, it has to be in the neat probabilistic form that we have seen here, which gives
us solid intuition about its structure and probabilistic ways to study its properties. On
the practical side, it enables us to simulate the solution to the PDE from a probabilistic
point of view (the so-called Monte Carlo method), which proves to be rather efficient
and successful.
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