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Introduction

In this course we will develop the tools needed to handle continuous-time Markov
processes in R, We will restrict our attention to continuous processes, although the
theory we develop is also well-suited for dealing with processes that exhibit jumps. The
most basic example of such a process is Brownian motion (W, ¢ > 0) with constant
diffusivity a. That is, for all ¢ > 0, W; ~ N(0,at). In fact, by the Lévy-Khinchin
Theorem (see Advanced Probability, Chapter 8)

(Xt)tZO defined by Xt = Wt + bt

is the most general spatially homogeneous Markov process (meaning, a Markov process
whose transition probabilities are a shift of the transition probabilities starting from
the origin).

Subject to reasonable regularity conditions, the most general inhomogeneous continuous-
time Markov process can be characterized by the diffusivity a(z) and the drift b(x).
The interpretation of these coefficients is that the process follows the solution of an
ordinary differential equation in R?, & = b(x), which is perturbed by a Brownian noise
with intensity a(x) when the process is in x. Martingales play an important role in
the description of the time evolution of such processes, which is demonstrated in the
following non-rigorous calculation. Suppose that d =1 and (X¢)¢>0 is characterized by
a(x) and b(x). Conditional on X; = x; for all s <t

Xivar = @ + b(ay) dt + Gy,

where Gy ~ N(0,a(z;)dt). Take f € CZ(R) (bounded and two times continuously
differentiable). Then by Taylor expansion

B(f(Xerar) — (X0 | Xo = s, 5 < ) = (') (bae) dt + Gu 5 /() GF) ).

Up to order dt this includes the second derivative f”, since Gy ~ y/a(z¢)dt N(0,1) =
O(V/dt). This fact will be revisited later in a rigorous way as one of the main results
of stochastic calculus ([té’s formula). Calculating the expectations we get

E(f(Xt+dt) — f(Xt) | XS = T, S < t) = Lf(l’t) dt y

where

1

L f(z) = ga(x) ["(z) + b(x) f'(x),

which is also called the generator of the process (X)i>0. It describes the infinitesimal
expected time evolution of the process in the following sense. Consider

M = F(X0) = f(Xo) — /0 L f(X.)ds

We have calculated that E(Mtﬂ_dt - Mtf ‘ Xs=xg,5 < t) =0 for all £, and so the

process (Mtf )t>0 is a martingale for all f. This property will often serve to characterize
(Xt)t>0-



Organization of the course. The course contains three main parts of unequal size.
In the first part we introduce and study basic properties of Brownian motion, such
as continuity and Markov properties. This serves as a guide throughout the study of
more complex processes later in the course. In the second part, which is the largest, we
define the stochastic integral with resect to semimartingales and use this construction
to prove Itd’s formula. This allows us to study in far more details the properties
of Brownian motion: transience, recurrence, applications to harmonic analysis, and
Girsanov’s theorem. These deep results are an application of the martingale point of
view on Brownian motion, as opposed to the results in the first part of the course,
which are essentially based on the Markov property. Finally, in the third part of this
course, we develop the theory of stochastic differential equations and diffusions. We
use this theory to show that many simple stochastic discrete models can be effectively
studied by taking a diffusion approximation.

Stochastic calculus has very important application in sciences (biology or physics)
as well as mathematical finance. For example, we will develop all the necessary tools to
rigorously prove results like the Black-Scholes formula. But it is also a very beautiful
part of modern probability and has let to a considerable enrichment of the subject
itself.



1 Brownian Motion: definition and first properties

1.1 Introduction.

This chapter is devoted to the construction and some properties of one of probability
theory’s most fundamental objects. Brownian motion earned its name after R. Brown,
who observed around 1827 that tiny particles of pollen in water have an extremely
erratic motion. It was observed by Physicists that this was due to an important number
of random shocks undertaken by the particles from the (much smaller) water molecules
in motion in the liquid. A. Einstein established in 1905 the first mathematical basis for
Brownian motion, by showing that it must be an isotropic Gaussian process. The first
rigorous mathematical construction of Brownian motion is due to N. Wiener in 1923,
using Fourier theory.

In order to motivate the introduction of this object, we first begin by a ” microscop-
ical” depiction of Brownian motion. Suppose (X,,n > 0) is a sequence of R? valued
random variables with mean 0 and covariance matrix 021, which is the identity matrix
in d dimensions, for some o2 > 0. Namely, if X; = (X{,..., X{),

E[X{]=0, E[XiX]]=0%, 1<i, j<d.

We interpret X, as the spatial displacement resulting from the shocks due to water
molecules during the n-th time interval, and the fact that the covariance matrix is
scalar stands for an isotropy assumption (no direction of space is privileged).

From this, we let S,, = X1 + -+ X, and we embed this discrete-time process into
continuous time by letting

Bt(n) = nil/QS[m], t>0.
Let | - | be the Euclidean norm on R? and for ¢ > 0 and X,y € R%, define

jz/?

pe(x) = WGXP (— 5 ) :

which is the density of the Gaussian distribution N (0, tI;) with mean 0 and covariance
matrix tI;. By convention, the Gaussian law A (m,0) is the Dirac mass at m.

Proposition 1.1 Let 0 =t >ty < --- < tg. Then the finite marginal distributions of
B with respect to times t1, ..., t; converge weakly as n — co. More precisely, if F is
a bounded continuous function, and letting xo = 0, tg =0,

E |:F(B£ln), PPN Bt(:))} — /(Rd)k F(:Cl, e ,I‘k) H po'Q(tiftifl)(xi — .’Eifl)dxi.

n—o0
1<i<k

Otherwise said, (B,gf), ... ,Bg:)) converges in distribution to (G1,Go, ..., Gi), which is

a random vector whose law is characterized by the fact that (G1,Ga—G1, ..., G —Gr_1)

are independent centered Gaussian random variables with respective covariance matrices
2

o (ti - ti—l)Id-



Proof. With the notations of the theorem, we first check that (B t(1 ), Bt(g) —Bt(?), Ces BIS:) —

Bg:}l) is a sequence of independent random variables. Indeed, one has for 1 <i <k
1 [nt.b]
B - B, = 7 > X
J=[nt;_1+1

and the independence follows by the fact that (X;,j > 0) is an i.i.d. family. Even
better, we have the identity in distribution for the i-th increment

[nti]f[ntifﬂ

() _ g d VInti] = [ntii] !
B - B 4 Y
ti tim1 vn [nts] — [nti-1] 2 ’

j=1

and the central limit theorem shows that this converges in distribution to a Gaussian law
N(0,0%(t; —t;—1)I;). Summing up our study, and introducing characteristic functions,
we have shown that for every & = (§;,1 < j < k),

E |exp Zgj -B") Hexp (6B - B"))

k
— exp (Z§J (G Gj- 1))

n—00
7j=1

k
= E |exp iH&(Gj—Gj—ﬁ )
j=1

where G1,...,G} is distributed as in the statement of the proposition. By Lévy’s
convergence theorem we deduce that increments of B(™ between times t; converge to
increments of the sequence G;, which is easily equivalent to the statement.

This suggests that B™ should converge to a process B whose increments are in-
dependent and Gaussian with covariances dictated by the above formula. This will be
set in a rigorous way later in the course, with Donsker’s invariance theorem.

1.2 Wiener’s theorem

We now start to define and study Brownian motion.

Definition 1.1 An R%valued stochastic process (By,t > 0) is called a standard Brow-
nian motion if it is a continuous process, that satisfies the following conditions:

(i) Bp =0 a.s.,

(i) for every 0 = to < t1 < to < --- < t, the increments (By — By, B, —
By, ...,Bt, — By, _,) are independent, and

(iii) for every t,s > 0, the law of B;s — By is Gaussian with mean 0 and covariance
sld.



The term “standard” refers to the fact that B; is normalized to have variance I;, and
the choice By = 0.

The characteristic properties (i), (ii), (iii) exactly amount to say that the finite-
dimensional marginals of a Brownian motion are given by the formula of Proposition
1.1. Therefore the law of the Brownian motion is uniquely determined. We now show
Wiener’s theorem that Brownian motion exists!

Theorem 1.2 (Wiener) There exists a Brownian motion on some probability space.

We will first prove the theorem in dimension d = 1 and construct a process (B, 0 <
t < 1) satisfying the properties of a Brownian motion. This proof is essentially due to
P. Levy in 1948. Before we start, we will need the following lemma, which is left as an
exercise.

Lemma 1.3 Let N be a standard Gaussian random variable. Then

1 _ 3 —1

x
Var Var

Let Do ={0,1},D,, = {k27",0 < k < 2"} forn > 1, and D = Up>0Dy, be the set of
dyadic rational numbers in [0, 1]. On some probability space (2, F, P), let (Z4,d € D)
be a collection of i.i.d. random variables all having a Gaussian distribution N (0, 1)
with mean 0 and variance 1. It is a well-known and important fact that if the ran-
dom variables X, Xo,...” are linear combinations of independent centered Gaussian
random variables, then X7, Xo,...” are independent if and only if they are pairwise
uncorrelated, namely Cov(X;, X;) = E[X;X;]| = 0 for every i # j.

We set Xg = 0 and X; = Z;. Inductively, given (ngl, d € Dy,_q, we build (X},
d € Dy,) in such a way that (X7, d € D,) satisfies (i), (ii), (iii) in the definition of the
Brownian motion (where the instants under consideration are taken in D,,).

To this end, take d € D,, \ Dy,—1, and let d_ = d — 27" and dy = d + 27" so that
d_,dy are consecutive dyadic numbers in D,,_;. Then define:

e 2 < PN > 1) < —/2, (1.1)

n—1 n—1
X7 = Yot Xa, b 2
d 9 9(n+1)/2°

and put X = X:[__l and Xj = Xg:l. Note that with these definitions,
X = Xi = (X7 = X524 220D
and

Xi, = Xi = (XG7 = X5 /2= Zg /20D,

It follows that
Ngi= (X; = X57h)/2

and
Ny = Zaf2002



are by the induction hypothesis two independent centered Gaussian random variables
with variance 27"~!. From this, one deduces

Cov(Ny + N}, Ny — N}) = Var(Ny) — Var(N}) =0,

so that the increments X — X} and X[Z — X} are independent with variance 27", as
should be. Moreover, these increments are independent of the increments X, fono1 T
X7 for d' € Dy_y,d # d_ and of Zy,d' € D,\Dy_1,d # D so they are independent
of the increments Xy, 9-n — Xy for d” € D,,,d” ¢ {d_,d}. This allows the induction
argument to proceed one step further.

We have thus defined a process (X}, d € D,,) which satisfies properties (i), (ii) and
(iii) for all dydadic times t1,ta,...,t; € D,. Observe that if D € D,,, X' = X} for all
m > n. Hence for all d € D,

Ba= i X7
is well-defined and the process (Bg,d € D) obviously satisfies (i), (ii) and (iii). To
extend this to a process defined on the entire interval [0,1], we proceed as follows.
Define, for each n > 0, a process X,,(t),0 < ¢ <1 to be the linear interpolation of the
values (Bg,d € D,,) the dyadic times at level n. Note that if d € D, say d € D,,, with
m > 0, then for any n > m, X,,(d) = X,,(d) = By. Furthermore, define an event A,
by
A, = { sup | X, (t) — Xp—1(t)| > 2_"/4} )

0<t<1

We then have, by Lemma 1.1, if N is a standard gaussian random variable:

P(A,) =P sup | Xn(t) = Xno1 ()] > 274
j=0 t€l(2)27™,(25+2)27"]

1Z@jre-nl o _n
= P< Stz 2 >

< ST P(IN] > 200/
k=0
S 71_71/22371/4 eXp(_2n/2)

We conclude that

iIP’(An) < 00
n=0

and by Borel-Cantelli, the events A,, occur only finitely often. We deduce immediately
that the sequence of functions X, is almost surely Cauchy in C(0, 1) equipped with the
topology of uniform convergence, and hence X,, converges toward a continuous limit
function (X (t),0 < t < 1) uniformly, almost surely. Since X,,(t) is constantly equal to
X; for t € D and for n large enough, it must be that X; = )Z'(t) for allt € D. Thus X is
a continuous extension of X, and we still denote this extension by X. We now deduce
properties (i), (ii) and (iii) for X by continuity and the fact that X, satisfies these

properties. Indeed, let £ > 1 and let 0 < t; < tg9--- <t < 1. Fix ay,a9,...,a > 0.



For every 1 > i > k, fix a sequence (dgn))tOo such that lim,_, o dgn) = t;, and assume
(since D is dense in [0,1]) that d™ € D and t;_; < dgn) < t;. Then by Lebesgue’s
dominated convergence theorem:

E(eialth +iag (Xt2 —th ) ... +ia (th _th—l)

iqudgn) +iag (Xd2 (n) —ngn) )+ o (Xdin) _Xd]iTi)l

=5 Fe )
i exp [~ SLa(m L Qg _ gy
m eXp 5 1 T g\ k—1
2 2
g Ok
= . (7
eXp( 5l 5 (e =t 1))

It is now easy to construct a Brownian motion indexed by R. Simply take inde-
pendent standard Brownian motions (Bj,0 <t < 1),i > 0 as we just constructed, and
let

[t]—1
_ ) t]
Bi= Y Bi+Bl,, t>0.
i=0
It is easy to check that this has the wanted properties. Finally, it is straightforward to
build a Brownian motion in Ry, by taking d independent copies B!,..., B¢ of B and
checking that ((Bf,...,, B#),t > 0) is a Brownian motion in R%.

Remark. The extension of (Bg,d € D) could have been obtained by appealing to the
existence of a continuous modification, whose existence is provided by Kolmogorov’s
criterion below.

1.3 Continuity and Holder continuity of Brownian paths

In the last section we gave a construction of Brownian motion which directly yields
a random process satisfying the three properties defining a a Brownian motion, and
which was at the same time continuous. In fact, and that is the reason why continuity
is part of Definition 1.1, the next theorem will imply that any process satisfying (i),
(ii) and (iii) can be slightly modified so that its trajectories are a.s continuous. The
result is in fact much more general than that. As a consequence, we establish stronger
regularity properties for Brownian motion than mere continuity: we prove that the
path is almost surely Holder with exponent 1/2 — ¢ for all € > 0. To start with, we
need to introduce the concept of version (modification) and indistinguishable versions.

Definition 1.2 If X and X’ are two processes defined on some common probability
space (Q, F, P), we say that X' is a version of X if for every ¢, P(X;(w)) = X/(w)) = 1.

In particular, two versions X and X' of the same process share the same finite-
dimensional distribution, however, this does not say that there exists an w so that
X¢(w) = X/ (w) for every t. This becomes true if both X and X’ are a priori known to
be continuous or cadlag, for instance. When the two trajectories coincide almost surely
for all £ > 0, we say that X and X’ are indistinguishable:



Definition 1.3 If X and X’ are two processes defined on some common probability
space (2, F, P), we say that X’ is an indistinguishable version of X P(X;(w) = X/(w)
for all t) = 1.

Note that, up to indistinguishability, there exists at most one continuous modifi-
cation of a given process (X;,¢t > 0). Kolmogorov’s criterion is a fundamental result
which guarantees the existence of a continuous version (but not necessarily indistin-
guishable version) based solely on an LP control of the two-dimensional distributions.
We will apply to Brownian motion below, but it is useful in many other contexts.

Theorem 1.4 (Kolmogorov’s continuity criterion) Let (X;,0 < ¢t < 1) be a
stochastic process with real values. Suppose there exist p > 0,¢ > 0, € > 0 so that for
every s,t > 0,

B[|X: — X,[P] < eft — 5|,

Then, there exists a modification X of X which is a.s. continuous, and even a-Hélder
continuous for any o € (0,e/p).

Proof. Let D, = {k-27",0 < k < 2"} denote the dyadic numbers of [0, 1] with level
n, so D, increases as n increases. Then letting o € (0,¢/p), Markov’s inequality gives
for 0 < k < 2™,

P(|Xyo-n—=Xpy1ya-n| > 27" E[| Xpo-n =X (g 1)2-n [F] < 2727777 < e Empon,

Summing over D,, we obtain

Pl sup [Xpg-n — Xggryp-n| >27") < c2~e—pa)
0<k<2n

which is summable. Therefore, the Borel-Cantelli lemma shows that for a.a. w, there
exits N, so that if n > N, the supremum under consideration is < 27", Otherwise
said, a.s.,

Xpo-n — X —n
| Xko (k+1)2-7] < M(w) < oo, as.

sup sup
n>0 ke{0,...,2n—1}
We claim that this implies that for every s,t € D = U,>0 Dy, | Xs— Xi| < M'(w)|t—s|%,
for some M'(w) < o0 a.s.
Indeed, if s,t € D, s < t, and let r is the least integer such that t — s > 2771
Then there exists 0 < k < 2" and integers [, m > 0 such that

2771&

s=k2 " —g 27— g

and
t=k2 " g2 T 2 gl 2T

with &, ¢, € {0,1}. For 0 <7 <1, let

s; =k27" — 81277“71 = EZQ*T*i,

10



By the triangular inequality

l m
|Xt - XS| = |Xtm - X81| < |Xt0 - X80| + Z |Xt¢ - Xt¢71| + Z |X3j - X3j71|
i=1 j=1

l m
<M(W)27 + > M(w)2~ e 4y o=ty (y)
i=1 j=1

< M(w)27 (14201 -2
< M'(w)ft — s

where M'(w) = M (w)2%(1 + 2(1 — 2=%)~1). Therefore, the process (X;,t € D) is a.s.
uniformly continuous (and even a-Holder continuous). Since D is an everywhere dense
set in [0, 1], the latter process a.s. admits a unique continuous extension X on [0,1],
which is also a-Holder continuous (it is consistently defined by X; = lim,, X, , where
(tn,n > 0)is any D-valued sequence converging to t). On the exceptional set where
(X4,d € D) is not uniformly continuous, we let Xy = 0,0 <t <1, so X is continuous.
It remains to show that X is a version of X. To this end, we estimate by Fatou’s lemma

E[|X; — X;|"] < liminf E[|X; — X;,|"],
n

where (t,,n > 0) is any D-valued sequence converging to t. But since E[|X; — X3, |P] <
c|t — t,|1 ¢, this converges to 0 as n — oo. Therefore, X; = X, a.s. for every t.

From now on we will consider exclusively a continuous modification of Brownian
motion, which is unique up to indistinguishability. As a corollary to Kolmogorov’s
criterion, we obtain the aforementioned result on the Holder properties of Brownian
motion:

Corollary 1.5 Let (B, t > 0) be a standard Brownian motion in dimension 1. Almost

surely, B is Holder-continuous of order o for any 0 < a < 1/2. More precisely, with
probability 1, for

‘Bt — Bs,

sup ———

1.2
n<t,s<n+1 ‘t - 3|a ( )

Proof. Let s < ¢t € D, and notice that for every p > 0, since B; — B has the
same law as \/(t — s)N, (where N is a standard Gaussian random variable), we have
E(|B; — Bs|P) < M|t —s|**¢ withe =p/2—1and M = E(|N|P) < oo . Forp>2,¢ >0
and thus X is Holder of order a for @ < ¢/p = 1/2 — 1/p. For instance, (1.2) holds
with @ =1/2 — 1 = 2p for all p > 2, and hence for any o < 1/2 by taking a countable
intersection of sets of probability 1.

Notice that the above corollary does not say anything about higher-order Holder
continuity: all we know is that the path is a.s. Holder of order av < 1/2. The next
result tells us that this is, in some sense, sharp.

Theorem 1.6 Let B be a continuous modification of Brownian motion. Let v > 1/2.
Then it holds:

Byir, — B
P <Vt >0: limsupw

= = 1
h—0+ hY +OO>

11



Proof. We first observe that

B — B
{HtZO:limsup7| tth 1 <oo}
h—0+ hY

C G [j U {3t € [0,m] : |Bexn, — By| < ph”,Yh € (0,1/k)}.

p=1k=1m=1
Therefore, it suffices to show that
P(3t € [0,m] : |Bpyn, — Bi| < ph”,Yh € (0,9)) =

forallp>1,m>1,0 >0. Forn>1,1 <i<mn— 1, define:

Ai,n: {386 |:,Lyl_; :| :|Bs+h_BS’ Sph77Vh€ (0’5)}

n

It suffices to show:

mn—1
lim Zg P(A;,) =0

(1.3)

Fix a large constant K > 0 to be chosen suitably later. We wish to exploit the fact
that on the event A;, many increments must be small. The trick is to be able to fix
in advance the times at which these increments will be too small. More precisely, on

Aip,aslongasn > (K+1)/0,foralll <j < K:

0§Z+J—S§K+1§5

n n

where s is as in the definition of A;,. Thus, taking h = (i +j)/n — s, on A; p:

Bit; — B;

1+ 7 v K+1\"
() 5(8)

If 2 < j < K, by the triangular inequality:
K+1\"
<2p ( + >
n

Therefore, there exists C' > 0 such that for all n > (K +1)/6
K
K+1\"7
P(Ain) <P | (V{|Bis = B | <20 (== |
i) <P | [P ] <2 (5

e (oo < (£22))
§
>

)B’H»j —_ Bl+j 1

n

IN

(w “'QP(K“) ”ﬂ
K+1 UgKl_
B n(’Y—l/?)(K—l)

12
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It follows that for all n > (K +1)/4 :

mn—1 Cm
2(; Pldin) < Co=imm—n-1

Thus if K is large enough that (y —1/2)(K — 1) > 1, the right-hand side tends to
0 for all n > ng := [(K +1/0| + 1. This proves (1.3), and, as a consequence, Theorem
1.4.

As a corollary to the last result, we obtain the celebrated Paley-Wiener-Zygmund
theorem:

Corollary 1.7 Almost surely, t — By is nowhere differentiable

1.4 Basic properties

Let Q = C(Ry,R%) be the “Wiener space“ of continuous functions,endowed with the
product o-algebra W(or the Borel o-algebra associated with the compact-open topol-

ogy).

Definition 1.4 (Wiener’s measure) Let (B, ¢ > 0) be a Brownian motion, and let
W be the law on 2 of B: that is, for any A € W,

W(A) = P((B;,t > 0) € A)

W is called Wiener’s measure.
Of course, the point is that W does not depend on B. We now think of 2 as our
probability space. For w € € define:

Xo(w) = w(t),t >0

to be the canonical process. Then (X;,¢t > 0), under the probability measure W, is
a Brownian motion. This is the canonical construction of Brownian motion. (This
construction will come particularly handy when we discuss applications to Girsanov’s
theorem for change of measures.) For 2 € R? we also let W, (dw) be the image measure
of W by (w¢,t > 0) — (z + we,t > 0). A (continuous) process with law W, (dw) is
called a Brownian motion started at x. We let (F7,t > 0) be the natural filtration of
(B¢, t > 0), completed by zero-probability events.

We now state some fundamental results, which are often referred to as the scaling
properties of Brownian motion, or scale-invariance of Brownian motion. They are easy
to prove and are left as an exercise.

Proposition 1.8 Let B be a standard Brownian motion in R® .

1. Rotational invariance: If U € O(d) is an orthogonal matriz, then UB = (U By, t >
0) is again a Brownian motion. In particular, —B is a Brownian motion.

2. Scaling property: If A > 0 then ()\_1/2B>\t,t > 0) is a standard Brownian motion

13



3. Time-inversion: (tBy,t > 0) is also a Brownian motion (at t = 0 the process is
defined by its value 0).

We now start to discuss ideas revolving around the Markov property of Brownian
motion and its applications to path properties. We begin with the simple Markov
property, which takes a particularly nice form in this context.

Theorem 1.9 Let (By,t > 0) be a Brownian motion, and let s > 0. Then
(Bt = Bt+s - Bs,t Z 0)
is a Brownian motion, independent of the o — j"ield]-";B = Nias FL L.

Proof. Since B is continuous and By = 0, to show that B is a Brownian motion
it S}lfﬁC?S to check that the increments have the correct distribution. However if ¢ >
u, By— By = Bgsyi— Bsyq 80 this follpws directly from the fact that B itself is a Brownian
motion. It remains to show that B is independent from Fy+ . We start by checking

independence with respect to Fj, for which we can assume d = 1. We will use this easy
lemma, which is an important property worth remembering:

Lemma 1.10 Let s,t > 0 Then
Cov(Bg, Bt) = s \t.

Now, to prove independence of B with repsect to Fs, it suffices to check that the finite-
dimensional marginals are independent: i.e., if s1 < ...s,, < sand t; <...t,, we want
to show that 3 )

(le, NN ,Bsm) and (Btl, e Btn)

are independent. However, the m-n-coordinate vector (B, , ..., Bs,,) and (By,, ... By,)
is a Gaussian vector (since it is the image by a linear application of a Gaussian vector),
and it suffices to check that the covariance of two distinct terms is 0. Since each term
has zero expectation:

Cov(By,, Bs,) =E(By,B;,)
= E(B5+tist) - E(BSBSJ')
:SjA(8+ti)—(Sj/\S):8j—8j =0

which proves the independence with respect to Fs. If A € F+, we wish to show that
for every continuous functional F : (R%)* — R continuous and bounded,

E(1{ayF(B,,...,By,)) = P(A)E(F(By,, ..., By,))

Now, for any ¢ > 0, A € Fo+ C Fsye, thus, using the property just proved:
E(lAF(Bt1+s+s_Bs+57 s 7Btk+s+e_Bs+e)) = P(A)E(F(Bt1+s+s_Bs+sa SRR Btk—l—s—&—s_Bs—&-s))

Letting ¢ — 0 in the above identity, since B is continuous and F' is bounded and
continuous, we have (by Lebesgue’s dominated convergence theorem),

E(1{syF(B,,...,By,)) = P(A)E(F(By,, ..., By,))

as required.
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Theorem 1.11 (Blumenthal’s zero-one law) Let B be a standard Brownian mo-
tion. The o-algebra ]-'(ﬁ =0 .7-"63 18 trivial i.e. constituted of events of probability 0
or 1.

Proof. By the previous result, (B;,t > 0) is independent from Fy.. However FZ2
contains ]-'@, so this implies that the o— field Fo is independent of itself, and P(A) =
P(AN A) = P(A)? by independence. Thus P(A) is solution to the equation x = z?
whose roots are precisely 0 and 1.

Proposition 1.12 (i) Ford =1 andt > 0, let S; = supg<s<; Bs and I; = info<s<¢ Bs
(these are random variables because B is continuous). Then almost surely, for every
€ >0, one has

Se >0 and I. <0

In particular, a.s. there exists a zero of B in any interval of the form (0,¢),e > 0
(i) As.,

sup By = —inf B, = 400

tzlo) ' >0 "

(iii) Let C' be an open cone in R? with non-empty interior and origin at 0 (i.e., a
set of the form {tu : t > 0,u € A} , where A is a non-empty open subset of the unit
sphere of R?). If

Ho=inf{t >0: B, € C}

is the first hitting time of C, then Ho = 0 a.s.

Proof. (i) The probability that B; > 0 is 1/2 for every t, so P(S; > 0) > 1/2,
and therefore if ¢,,n > 0 is any sequence decreasing to 0, P(limsup,{B;, > 0}) >
limsup,, P(B:, > 0) = 1/2. Since the event limsup,{B, > 0} is in Fy;, Blumen-
thal’s law shows that its probability must be 1. The same is true for the infimum by
considering the Brownian motion —B.

(ii) Let Se = sup;>q B¢. By scaling invariance, for every A > 0, ASo = sup;~g AB;
has same law as supt>5 Bj2; = So. This is possible only if Sy, € {0,000} a.s., however,
it cannot be 0 by (i).

(iii) The cone C'is invariant by multiplication by a positive scalar, so that P(B; € C)
is the same as P(B; € C) for every ¢ by the scaling invariance of Brownian motion.
Now, if C' has nonempty interior, it is straightforward to check that P(B; € C) > 0,
and one concludes similarly as above. Details are left to the reader.

We now want to prove an important analog of the simple Markov property, where
deterministic times are replaced by stopping times. To begin with, we extend a little
the definition of Brownian motion, by allowing it to start from a random location, and
by working with filtrations that are (slightly) larger than the natural filtration of a
standard Brownian motion.

Definition 1.5 We say that B is a Brownian motion (started at X) if (B; — X, ¢ > 0)
is a standard Brownian motion which is independent of X.
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Otherwise said, it is the same as the definition as a standard Brownian motion,
except that we do not require that By = 0. If we want to express this on the Wiener
space with the Wiener measure, we have for every measurable functional F' : Qp — R,

E[F(Bi,t > 0)] = E[F(B; — By + X, t > 0)],

and since (B; — By) has law W and since X is independent from (B; — By), this is

P(X € dz) / W(dw)F(z +w(t),t >0) = | P(X € dz)W,(F) = E[Wy(F)],
Q

R4 R4

where W (F') is the random variable w + Wy () (F).

Definition 1.6 Let (F;,t > 0) be a filtration. We say that a Brownian motion B is
an (F;)-Brownian motion if B is adapted to (F;), and if B®) = (By,s — By, s > 0) is
independent of F; for every ¢t > 0.

For instance, if (F;) is the natural filtration of a 2-dimensional Brownian motion
(B}, B%,t > 0), then (B},t > 0) is an (F;)-Brownian motion. If B’ is a standard
Brownian motion and X is a random variable independent of B’, then B = (X + B}, t >
0) is a Brownian motion (started at By = X), and is an (Ff) = (¢(X)VFF')-Brownian
motion. A Brownian motion is always an F/)-Brownian motion. If B is a standard
Brownian motion, then the completed filtration F; = F£ vV N (N being the set of
events of probability 0) can be shown to be right-continuous, i.e. Fiy = F; for every
t >0, and B is an (F;)-Brownian motion.

Definition 1.7 Let F be a filtration and let T be a stopping time. The o-field Fr is
defined by
Fr={AeFsx: AN{T <t} e F foralt>0}

It is elementary (but tedious) that in the case of filtration generated by a process X,
Fr = o(Xsar, s > 0). In particular 7" and Xp are Fp-measurable. This corroborates
the intuition that Fr is the o-algebra generated by all the events occurring prior to
time 7. We may now state the strong Markov property.

Theorem 1.13 (Strong Markov property) Let (B, t > 0) be an (F;)-Brownian
motion in R and T be an (F;)-stopping time. We let Bt(T) = Brit — Br for every
t > 0 on the event {T < oo}, and 0 otherwise. Conditionally on {T < oo}, the process
BT) s a standard Brownian motion, which is independent of Fr. Otherwise said,
conditionally given Fp and {T < oo}, the process (Brit,t > 0) is an (Fryt)-Brownian
motion started at Br.

Proof. Suppose first that T' < oo a.s. Let A € Fp, and consider times t1 <ty < --- <
t,. We want to show that for every bounded continuous function F on (R%)?,

EllyF(BY,...,B) = P(A)E[F(B,,,...,B,)). (1.4)

t1 0 Dy,
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Indeed, taking A = Q entails that B) is a Brownian motion, while letting A vary

in Fr entails the independence of (Bt(;f), e ,Bt(z)) and Fr for every tq,...t, hence of
BT) and FT.
T T e k2—n k2
ElyFB, ..., Bt(p = Jim E[L{an((h_na-n<r<pa-npl F(BE, Bt(,, M)
k=1

:nllrr;oiP(A N{(k—1)2"" < T < k2 "})E[F(By,...,B)]
k=1

— P(A)E[F(By,,....B,)].

where we used the simple Markov property and the fact that AN {(k—1)27" < T <
k27"s} € Fyo—n by definition. Finally, if P(T = oco) > 0, check that (1.4) remains true
when replacing A by AN {T < oo}, and divide by P({T" < oo}).

An important example of application of the strong Markov property is the so-called
reflection principle. Recall that S; = supg<s<; Bs.
Theorem 1.14 (Reflection principle) Let 0 < a and b < a, then for every t > 0,
P(Stza,BtSb):P(BtZQG—b)

Proof. Let T, = inf{t > 0: B; > a} be the first entrance time of B; in [a, c0) for a > 0.
Then T, is an (F{)-stopping time for every a and T, < co a.s. since So, = 00 a.s.
where So = limy_,oo S;.
Now by continuity of B, Br, = a for every a. We thus have:
P(St Z a,Bt S b>:P<Ta S t,Bt S b)
= P(T, < t,B"%) <b—a)

= P(T, <t,—BT) > q —p).

Now, by the strong Markov property at time T, B'* is a Brownian motion independent
of Fr, and thus of T,. In particular, we deduce that the joint law of (T, BT«)) is
identical to the joint law of (T, —B(T=)), by symmetry of Brownian motion. It follows
that

P(S; > a,B; <b)=P(T, <t,—B") > a —b)
=P(T, <t,B; >2a—0b)

Corollary 1.15 We have the following identities in distribution: for allt > 0,
St =a |Bt| =a IN(0,1)].

Moreover, for every x > 0, the random time T, has same law as (x/B1)?.

Proof. We write, for all ¢t > 0 and all a > 0,

P(StZQ)ZP(StZa,BtSCL)-f—P(StZCL,BtZa)
:P(Bt22a—a)+P(Bt2a)
=2P(B, > a) = P(IBy| > )
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since when B; > a, S; > a automatically as well. We leave the computation of the
distribution of T, as an exercise (cf. Example Sheet 1).

We end with a famous result of P. Lévy on the quadratic variation of Brownian
motion. This result plays a fundamental role in the development of the stochastic
integral. Let (By,t > 0) be a standard Brownian motion. Let ¢ > 0 be fixed and for
n>1let A, = {0 =to(n) < ti(n) < ...tm,(n) := t} be a subdivision of [0, t], such
that

M 1= 1;1;127);”(151(71) —ti—1(n)) — 0.
Theorem 1.16 (Lévy)
Mn,
lim Y (By, — By, 1)? =t

The proof is part of Example Sheet 1. (in fact, this convergence holds almost surely
as soon as the subdivisions are nested, but this is much more difficult).
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2 Preliminaries

2.1 The bigger picture, in a nutshell

We will now spend rather a lot of time to give a precise and rigorous construction of the
stochastic integral, for as large a class of processes as possible, subject to continuity.
This level of generality has a price, which is that the construction can appear quite
technical without shedding any light on the sort of processes we are talking about. So
before we embark on this journey, here are a few points which, in my opinion, guide
the whole construction and should also guide your intuition throughout. What follows
is only informal, and in particular, we do not describe issues related to measurability,
and finiteness of the integral.

The real difficulty in the construction of the integral is in how to make sense of

t
/ HdM, (2.1)
0

where M is a martingale and H is, say, left-continuous or continuous. Even though
dM does not make sense as a measure (the paths of martingales, just like Brownian
paths, have too wild oscillations for that), it is easy to cook up a definition which
makes intuitive sense when H is a simple process, that is, H takes only finitely many
(bounded) values. Indeed, it suffices to require that the integral process in (2.1) varies
in the same way as M on the intervals over which H is constant, and has jumps when
H does. A natural approach is then to try to extend this definition to more general
classes of processes by “taking a limit” of integrals

t t
/ H'dM, — / HdM, (2.2)
0 0

where the integrands in the left-hand side are simple and approximate H.

In implementing this method, one faces several technical difficulties. The strategy is
to construct a suitable function space where the sequence on the left-hand side of (2.2)
forms a Cauchy sequence. If the function space is complete, the sequence of integrals
has a limit, which we may call the integral of H with respect to M. But we must also
guarantee that this limit does not depend on the approximating sequence. It remains
to find a space which has the desired properties. The key property which we will use
(over and over again) is that martingales have a finite quadratic variation:

|27t]—1
[M]; == lim 2 (Mgt1)2-n — Myg—n)? (2.3)
exists and is finite, and is nondecreasing in ¢. Furthermore, one can show (Theorem
3.5) that M2 — [M]; is a martingale. Now, when H is simple, it is not hard to convince
yourself that the integral (2.1) must also be a martingale. So what should be the
quadratic variation of f(f HydM, 7 Based on the approximation (2.3), the amount of
quadratic variation that we add to the integral between ¢ and ¢ + dt is approximately
H2d[M];. Hence any sensible definition of the stochastic integral must satisfy

Uo HSdMSL - /Ot H d[M]s (2.4)
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The key insight of Itd was the realization that this property was sufficient to define the
integral. Indeed, using the optional stopping theorem, this is essentially the same as

e E ((/ooo Hdes> 2) - </0°° Hgd[M]s) ' .

Interpreting the right-hand side as an L? norm on the space of bounded integrands,
this statement is saying that the stochastic integral must be a certain isometry between
Hilbert spaces. The left-hand side shows that the correct space of martingales is the
set of martingales with E([M]2,) < oo, or, equivalently (as it turns out), martingales
which are bounded in L?. This space, endowed with the norm on the left-hand side
of (2.5) is indeed complete and simple processes are dense in it. Formula (2.5) is then
relatively easy to prove for simple processes. This implies, at once, that the sequence in
the left-hand side of (2.2) is Cauchy (and hence has a limit), and the isometry property
shows that this limit cannot depend on the approximating sequence.

At this point we have finished the construction of the stochastic integral for martin-
gales which are bounded in L?. Stopping at suitable stopping times, it is then easy to
extend this definition to general martingales, or indeed to processes known as local mar-
tingales. Adding a “finite variation” component for which the integral (2.1) is defined
as a good old Stieltjes-Lebesgue integral finishes the construction for semi-martingales.

Having spoken about the bigger picture in a nutshell, it is now time to rewind the
tape and go back to the beginning.

To make sense of a stochastic integral [ H(s)dA(s), it turns out that the most
general integrands H are previsible processes and the most general integrators are
semimartingales, i.e. processes of the form H = Hy + M + A where M is a local
martingale and A is a finite variation process. In this section we will define these
processes and study some basic properties.

2.2 Finite variation integrals

Finite variation processes are essentially those for which the standard notion of integral
(the one you learn about in measure theory courses) is well-defined. Since finite varia-
tion is a pathwise property, we will first establish integrals with respect to deterministic
integrants and lift it to stochastic processes in the last part of this section.

Recall that a function f : R — R is cadlag or rcll if it is right-continuous and has left
limits. For such functions we write Af(t) := f(t) — f(t—) where f(t—) = limgy f(s).
Suppose a : [0,00) — R is an increasing cadlag function. Then there exists a unique
Borel measure da on (0,00) such that da((s,?]) = a(t) — a(s), the Lebesgue-Stieltjes
measure with distribution function a. Since da is a proper measure, there is no problem
in defining, for any non-negative measurable function h and t > 0:

(h-a)(t) = /(0 ] h(s)da(s) . (2.6)

We may extend this definition to a cadlag function a = a’ — a”, where @’ and a” are

both increasing cadlag, and to integrable h : [0,00) — R. Subject to the finiteness of
all the terms on the right we define

h-a=h"-d —h"-a"—h"-d +h”-d". (2.7)
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where h* := max{4h, 0} are the positive and negative part of h.

To be able to make this definition we have assumed that a was the difference between
two nondecreasing functions. We now ask for an analytic characterization of those
functions which have this property. If a is a measurable function and I an interval, we
define (with a slight abuse of notation) da(I) := a(sup I) — a(inf I), even though da is
not really a measure.

Lemma 2.1 Let a: [0,00) = R be cadlag and define v™(0) =0, and for allt >0

r2n]—1
V') = > Ja((k+1)27") —a(k27M)| . (2.8)
k=0
Then v(t) := lim v"™(t) exists for all t > 0 and is nondecreasing in t.

n—oo

Proof. Let ¢;) =27"[2"¢] and ¢, = 27"([2"t] — 1) and write

"t)= > |da(D)|= D |da(I)|+ |a(t]) - a(t,)] . (2.9)

IeAnp IeApn
inf I<t sup I<t

where A, = {(k27",(k+1)27"] : k € N}. The first term is nondecreasing in n
by the triangle inequality, and so has a limit as n — oo. The second converges to

!Aa } = ‘ —aflt )’ as a is cadlag, and so v(t) exists for all ¢ > 0.
Since v™(t) is nondecreasing in ¢ for all n, the same holds for v(t). O

Definition 2.1 v(t) is called the total variation of a over (0,t] and a is said to be of
finite variation if v(t) < oo for all ¢ > 0.

Proposition 2.2 A cadlag function a : [0,00) — R can be expressed as a = a’ — d”,
with o', a” increasing and cadlag, iff a is of finite variation. In this case, t — v(t) is
cadlag with Av(t) = |Aa(t)| and o™ := (v £ a) are the smallest functions a’ and a”
with that property

Proof. Suppose v(t) < oo for all £ > 0.
Step 1: let us show that v is cadlag. Fix T' > 0 and consider

u'(t)= > |da(I)|] fort<T. (2.10)
t<ianIe<§1:lp I<T

u"(t) is clearly non-increasing in ¢, and it is easy to see that it is also right-continuous.
These two properties imply that {t € [0, 7] : u"(t) < z} is closed for all x > 0. Now,
just as for v™(t), the sum defining u"(¢) is nondecreasing in n by the triangular inequal-
ity. Thus for all ¢ > 0, v"(t) has a limit as n — oo which we may call u(t). We have
that

{teo,T] )<a}=(){te0,T]: u"(t) <} (2.11)
neN
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is closed as a countable intersection of closed sets. This, together with the fact that
u(t) is non-increasing in t, implies that wu is right-continuous. Furthermore, observe
that for all t < T

V"(T) = v"(t) + u™(t) + |a(T)) — a(T;,)], (2.12)

The final term on the right converges to |Aa(T)| as n — oo because a is right-
continuous. Hence for all ¢ < T we have v(t) = v(T) — u(t) + |Aa(T)| and since T
was arbitrary, v is right-continuous. v has left limits since it is nondecreasing, and
taking the limit n — oo in (2.9) we get v(t) = v(t—) + |Aa(?)].

Step 2: v = a™ —a~. Having made these observations, define two functions a™ and a~
by

1 1
ot = sw+a) and a = Z(v—a) arecadlig. (2.13)

Since v is cadlag, then a* and a~ are also cadlag. It thus suffices to prove that they
are non-decreasing. However, note that for each m € ZT,

dv™(I) =|da(I)| forall I € Ay,
and  dv"(I) > |da(I)| forall I € Ay, ifn>m . (2.14)

Thus da*(I) = Jdv(I)£3da(I) >0 forall Ie Uns1Am »  and so it follows easy

(by right-continuity) that ™ and a~ are nondecreasing.

Step 3: minimality. Suppose now a = a’ — a” where a’, a” are nondecreasing with
a(0) = d’(0) = a”(0) = 0 without loss of generality. Then for any I € A, n >0,

|da(I)| < da'(I) + da”(I). (2.15)

Summing over I € A, with sup/ < ¢ in (2.9), the terms in the sum telescope and we
obtain

v(t) < d(t)) +d" (). (2.16)

Letting n — oo, the left-hand side converges to v(t) by definition, and the right-hand
side converges to da/(t) + a”(t) since @’ and a” are right-continuous. Note that we can
also write v(t) = a™(t) + a~ (t) and hence the last inequality shows

at(t)+a (t) <d(t)+ad"(t)

for all t+ > 0, Adding and substracting @ = a* —a~ = @ — a” on both sides we get

at(t) < d(t) and a=(t) < a”(t) for all t > 0, as required.

Converse: Assume that a = a’ — a” for two cadlag nondecreasing functions a’, a”, and
let us show that v(t) < co. This is the easy direction: reasoning as in (2.16) we obtain
that v"(t) < d'(t,) + a”(t,) and so letting n — oo, we get v(t) < d/(t) + a”(t), as
required. O
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Exercise. Let B be a standard Brownian motion. Show that B has infinite variation
almost surely. (Hint: otherwise the quadratic variation would be finite.) Thus to
construct an integral with respect to B one must create something genuinely new.

Suppose now that we have a filtered probability space (£2, F, (F;)i>0, P). Recall that
a process X : 2 x [0,00) — R is adapted to (F)e>o0 if Xy = X(.,t) is Fy-measurable for
all t >0, and X is cadlag if X (w,.) is cadlag for all w € Q.

Definition 2.2 Let A be a cadlag adapted process. Its total variation process V is
defined pathwise (for each w € ) as the total variation of A(w,.). We say that A is of
finite variation if A(w,.) is of finite variation for all w € Q.

Lemma 2.3 Let A be a cadlag adapted process with finite total variation V. Then V
1s cadlag adapted and pathwise nondecreasing.

Proof. Using the same partition as in (2.9) we get
V= lim V" + |AA| (2.17)
n—o0

Mty —1
where f/;” = Z ‘A(k+1)2—n — Akg—n} is adapted for all n € N since ¢,; < ¢ and

k=0
AA; is Fy-measurable since A is cadlag adapted. Thus V is adapted and it is cadlag

and increasing because V (w, .) is cadlag and increasing for all w € Q. |

In the next section we will introduce a suitable class of integrands H for a pathwise
definition of the stochastic integral

(H-A)(w,t) = o H(w,s)dA(w,s) . (2.18)

2.3 Previsible processes

Definition 2.3 The previsible o-algebra P on €2 x (0,00) is the o-algebra generated
by sets of the form F X (s,t] where E € F, and s < t. A previsible process H is a
P-measurable map H : Q x (0,00) — R.

Proposition 2.4 Let X be cadlag adapted and Hy = Xy—, t > 0. Then H is previsible.

Proof. H : Q x (0,00) — R is left-continuous and adapted.
Set t,; = k27" when k27" <t < (k4 1)27" and

H]'=H,_ =Y Hip-n L{ga-n erna-n(t) - (2.19)
k=0

So H™ is previsible for all n € N since H o 1s F t;-measurable as H is adapted and
t, <t Butt, /tandso H' — H; as n — oo by left-continuity and H is also
previsible. a
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Proposition 2.5 Let H be a previsible process. Then Hy is Fy—-measurable for all
t >0, where Fy— = o(Fs: s <t).

Proof. Optional problem 4 in Example sheet 1 asks for a proof.

Remark. P is the smallest o-algebra such that all adapted left-continuous processes
are measurable.

Examples. (i) Brownian motion is previsible by Proposition 2.4, since it is con-
tinuous.

(ii) A Poisson process (IVi):>o or, indeed, any other continuous-time Markov chain
with discrete state space is not previsible, since N; is not F;_-measurable.

Proposition 2.6 Let A be a cadlag adapted finite variation process with total variation
V. Let H be previsible such that for allt > 0 and all w € )

/(0 ) |H(w, )| dV (w,s) < oo . (2.20)

Then the process defined pathwise by

(H-A)yy= | H,dA, (2.21)
(0.4

is well-defined, cadlag, adapted and of finite variation.

Proof. First note that the integral in (2.21)is well-defined for all ¢t due to the finiteness
of the integral in (2.20). (More precisely, (2.20) implies that all four terms defining
(2.21) in (2.7) are finite).

We now show that (H - A) is cadlag for each fixed w € Q. We have 1 4y — Ly,q} as
s\ 1, 1{(075}} — 1{(07,5)} as s /'t and

(H - A), = /( L He Lo (94, (2.22)
Hence, by dominated convergence, the following limits exist

(H . A)H— = (H . A)t and (H . A)t_ = : )HS 1{(0715)}(8) dAS ; (223)
0,00
and H - A is cadlag with A(H - A); = f(o 00) H 1y (s) dAs = HiIAA, .

Next, we show that H - A is adapted via a monotone class argument. Suppose first
H = 1y (s} Where B € Fs. Then (H - A); = 1ypy(Atau — Asat) which is clearly
JFi-measurable. Now let
I={B x (s,u] : BEFs,s<u} and (2.24)
A={CeP: (Licy - At is Fi-measurable } (2.25)

so that IT is a m-system and I € A. But A C P = ¢(II) and A is a A-system.
[Q x (0,00) € A; if C C D € A then ((I{D} —10y)- A)t is Fy-measurable, which gives
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D\ C e A, if C, € Awith C,, /* C then C € A since a limit of measurable functions
is measurable.]

Hence, by Dynkin’s lemma, o(II) C A. But by definition, o(II) = P and A C P. Thus
A = P. Suppose now that H is non-negative, P-measurable. For all n € N set

H":=27"|2"H| = ;2% LUl e 2k 2 (k+ 1))y (2.26)

eP

so that (H" - A); is Fi-measurable. We have (H" - A);  (H - A); by monotone
convergence (applied for each w). Hence, (H - A); is Fi-measurable. This extends in the
usual way to P-measurable H = H* — H~ such that |H|-V = (H*-V)+(H™-V) < cc.

We show finite variation for each fixed w € Q. If H* = max{+H,0}, A* = L(V & A)
then analogous to (2.7)

H-A=(H"-AY+H A7) - (H* - A"+ H - A"). (2.27)

This is the difference of two increasing functions and thus H - A is of finite variation.O

Example. Suppose that H is a previsible process, such as Brownian motion, and
that

/ |Hs|ds < oo forallwe Qandt>0. (2.28)
(0.,2]

Then |, ( Hgds is cadlag, adapted and of finite variation.

0,4]

2.4 Local martingales

We work on a filtered probability space (2, F, (F¢)i>0, P) where (F¢)¢>0 satisfies what
is technically known as the usual conditions, i.e. F is P-complete (equivalently, Fo
contains all P-null sets), and (F;)>0 is right-continuous in the sense that

Fi=Fip = )Fs forallt>0. (2.29)

s>t

Note for instance that the filtration generated by Brownian motion completed by zero-
probability events satisfies the usual conditions (this is essentially a consequence of the
simple Markov property and Blumenthal’s zero-one law).

Recall that an adapted process X is a martingale if it is integrable (E(]X;|) < oo
for all ¢t > 0) and if

E(X:|Fs) = Xs a.s. foralls<t. (2.30)
We write M for the set of all cadlag martingales. The following result is fundamental

and will be used repeatedly in this course.

Theorem 2.7 Optional stopping theorem (OST) Let X be a cadlag adapted in-
tegrable process. Then the following are equivalent:
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(i) X is a martingale
(ii) XT = (X¢ar,t > 0) is a martingale for all bounded stopping times T.
(i1i) For all bounded stopping times S, T, E(Xr|Fs)= Xsrr a.s. .
(iv) E(X7) =E(Xp) for all bounded stopping times T .
It is a consequence of the Optimal Stopping theorem that if X is a cadlag martingale

and T is a stopping time, then the stopped process X T = (XiaT)e>0 is also a martingale.
We would like to deal with a slightly more general class than martingales.

Proof. It is well known that (i) = ... =(iv). We show how (iv) implies (i). Let s < ¢
and fix u > t. Let A € Fs, and define a random time T by saying 7' =t if A occurs, or
T = u otherwise. Similarly, define S = s if A occurs and S = u otherwise. Note that
both S and T are stopping times, and are bounded. Thus by (iv):

E(X7) = E(Xo) = E(Xg). (2.31)

On the other hand,
E(Xr) = E(Xi1pa)) + E(Xuliaey)

and similarly:

E(Xs) = E(Xs1gay) + E(Xyliaey)-
Plugging this into (2.31) and cancelling the terms E(X,1{4¢}), we find:

E(Xi1gay) = E(Xs1gay)
for all s <t and all A € F,. This means (by definition) that
E(X|Fs) = X5, a.s.

as required. Hence, since X is adapted and integrable, X is a martingale.

It is also the case that M is stable under stopping. This observation leads us to
define a slightly more general class of processes, called local martingales.

Definition 2.4 A cadlag adapted process X is a local martingale, X € M., if there
exists a sequence (T},)nen of stopping times with 7, * oo such that (XtT”)tzo € M for
all n € N. We say that the sequence (T},)nen reduces X.

In particular M C Mj,. since any sequence (T,)nen of stopping times reduces X by
OST(ii).
Recall that a family X = (X;);er of random variables is called uniformly integrable

(UT) if

sup B (1 X3 1x,>0) = 0 as A — oo (2.32)
iel N

Lemma 2.8 If X € L'(Q, F,P) then the set

X = {E(X|G) : G is a sub-c-algebra of F} is UI. (2.33)
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Proof. See Advanced Probability course.

We now give necessary and sufficient conditions for a local martingale to be a
martingale.

Proposition 2.9 The following statements are equivalent:
(i) X is a martingale
(i1) X is a local martingale and for allt > 0 the set

X = {XT : T is a stopping time, T < t} is Ul . (2.34)

Proof. Suppose (i) holds. By the Optional Stopping Theorem, if T is a stopping time
with T' < ¢, then X7 = E(X|Fr) a.s.. Thus by Lemma 2.8 X} is uniformly integrable.
If (ii) holds, suppose (T},)n>0 reduces X. Let T' be any bounded stopping time, T' < ¢,
say. By the Optional Stopping Theorem applied to the martingale X7,

E(Xp) = B(X{") = E(X7") = E(X7a73,) - (2.35)

Since {X7a7, : n € N} is uniformly integrable by assumption, E(X7a7,) = E(X7) as
n — 00. Therefore,
E(X7) = E(Xo).

But then by the Optional Stopping Theorem again, X must be a martingale. a

An extremely useful consequence of the above is the following:

Corollary 2.10 Let M be a local martingale, and assume that M is bounded. Then
M is a true martingale. More generally, if M is a local martingale such that for all
t >0, |M| < Z for some Z € L', then M is a true martingale.

Remark. Occasionally, we will need the following stronger version of (iii) in the
Optional stopping theorem: if X is a uniformly integrable martingale, then for any
stopping times S, T

E(X7|Fs) = Xsar (2.36)

almost surely.

Proposition 2.11 A nonnegative local martingale M is a supermartingale.

Proof. This follows simply from the definition of local martingales and Fatou’s lemma
for conditional expectations. a

Example. Let B be a standard Brownian motion in R? with |By| = 1, and let
M; := 1/|By|. It can be shown that M is a local martingale, which is reduced by the
sequence (T}, )nen where T, := inf{t : |M;| > n}. However, M, is not a true martingale.

Remark. A martingale can be interpreted as the fortune of a player in a fair game. A
local martingale which is not a true martingale, on the other hand, is the fortune of a
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player in a game which looks locally fair: unfortunately, this is only because there are
going to be times of huge increases of X followed by an eventual ruin. Overall, as the
above proposition shows, the expected fortune decreases. A local martingale is thus
something akin to a bubble in the market. (Thanks are due to M. Tehranchi for this
analogy).

Proposition 2.12 Let M be a continuous local martingale (M € M oc) starting from
0. Set S,, = inf {t >0: | M| = n} Then (Sp)n>o0 reduces M.

Proof. Note that {S, <t} = ﬂ U {IMs| >n—1/k} € 7,

ke 150
and so S, is a stopping time. For each w € §, (S,(w),n > 0) must be nondecreasing
by the mean-value theorem since M is continuous, and lim,,_,~, S, can only be infinite
by continuity as well. Hence S,, /* oo a.s.. Let (Tj)ken be a reducing sequence for M,
ie. MTe € M. By OST, also M**"Tk ¢ M and so MS» € My, for each n € N. But

M*» is bounded and so also a martingale. a

Theorem 2.13 Let M be a continuous local martingale which is also of finite variation,
and such that My =0 a.s. Then M is indistinguishable from 0.

Remarks.
(i) In particular Brownian motion is not of finite variation.

(ii) This makes it clear that the theory of finite variation integrals we have developed
is useless for integrating with respect to continuous local martingales.

(iii) It is essential to assume that M is continuous in this theorem.

Proof. Let V denote the total variation process of M. Then V is continuous and
adapted with V) = 0. Set S,, = inf{t > 0 : V; = n}. Then S, is a stopping time for all
n € N since V is adapted, and S,, /* 0o as n — oo since V; is nondecreasing and finite
for all ¢ > 0.

It suffices to show M = 0 for all n € N. By OST, M*" € M;,.. Also

M < |V <, (2.37)

and so, by Proposition 2.9, M5» € M.
Replacing M by M we can reduce to the case where M is a bounded martingale of
bounded variation, i.e. V' is bounded.

Lemma 2.14 Let M be a martingale and such that for some given s < t, E(M?2) < oo
and E(M?) < co. Then

E(M? — M2|F,) = E(My — M,)?|F,), a.s. (2.38)
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(This trick will be used over and over again in what follows, so it is a good point to
memorize it).
Proof. By expanding the square (M; — M;)?, the right-hand side is equal to

E((My — My)?|F) = B(M}|Fs) — 2ME(M|Fy) + M
= E(M?|F,) — 2M?2 + M?
= E(M{ — M| F;)
as required.

Coming back to the proof of the theorem, fix ¢ > 0 and set ¢t;, = kt/N for 0 < k < N.
By (2.38),

N-1 N-1
sty —e( Y r,, -8 ) =5 o, -1,
k=0 k=0
N-1
SE( sup |Mtk+1 - Mtk| Z |Mtk+1 - Mtk|) . (2.39)
k<N k=0
<Vi<n <Vi<n
As M is bounded and continuous
sup |[My, , — My | —0 as N — o0, (2.40)
k<N
and so, by bounded convergence,
N-1
E<]§up My, — My, | > My, — Mtk|) -0 as N = 00. (2.41)
<N —0

Hence, E(M?) = 0 for all t > 0. Since M is continuous, M is indistinguishable from 0.
a

Definition 2.5 A continuous semimartingale X is an adapted continuous process
which may be written as

X=Xg+M+A with My=Ay=0, (242)
where M € M, o, and A is a finite variation continuous process.

Note that as a consequence of Theorem 2.13, the decomposition is unique up to indis-
tinguishability. This is known as the Doob-Meyer decomposition.

Remark. The proof of the last theorem tells us something extremely useful for the
following. If ¢; is the dyadic subdivision, then the calculation shows that

E(Mt2) = E( Z (Mtk+1 - Mtk)Q)
kit <t

so there is good reason to believe that if M is say, bounded in L2, then it has finite
quadratic variation ); and moreover

M? — Q

has constant expectation 0. In fact, we will see that this is indeed the case and M7 —Q
is also a martingale.
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3 The stochastic integral

In this section we establish the stochastic integral with respect to continuous semi-
martingales. In places, we develop parts of the theory also for cadlag semimartingales,
where this involves no extra work. However, parts of the construction will use crucially
the assumption of continuity. A more general theory exists, but it is beyond the scope
of this course.

Recall that we say a process X is bounded in L? if

sup || X¢l|2 < o0 (3.1)
t>0

where here and in the rest of the course, for a random variable X:

1/2

X1z :=E(IX]?) (3.2)

Write M?2 for the set of all cadlag L2-bounded martingales, and M? for the set of
continuous martingales bounded in L?. Recall the following two fundamental results
from Advanced probability:

Theorem 3.1 Let X € M2. There exists Xoo € L? such that
X; = Xoo  a.s. and in L%, ast — oo . (3.3)

Moreover, X; = E(Xx|Ft) a.s. for all t > 0.

The second result which we will need is Doob’s L? inequality:

Theorem 3.2 For X € M?,

E <sup thP) <4E (X2). (3.4)

>0

Similar to the construction to the Lebesgue integral in measure theory, we start by
constructing the stochastic integral when the the integrand is very simple.

3.1 Simple integrands and L? properties

Definition 3.1 A simple process is any map H : Q x (0,00) — R of the form

n—1
H(w,t) =Y Zi(w) Lty teay (B (3.5)
k=0
where n € N, 0 =t < ... < t, < oo and Zj, is a bounded F; -measurable random

variable for all k. We denote the set of simple processes by S. Given H € §, we denote
|H||co = essup|H| the essential supremum of H, i.e., the smallest M > 0 such that
sup;>o [H(t,w)| < M almost surely.

Note that S is a vector space and that (by definition) every simple process is previsible.
We now define the stochastic integral for simple processes.
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Definition 3.2 For H = Zz;é Ze Lty tpa)y €S and M € M? set

n—1

(H- M)y = Z Zi(Myy nt — Migat) - (3.6)
k=0

Proposition 3.3 Let H € S and M € M?. Let T be a stopping time. Then
(i) H-MT = (H-M)T.
(ii) H-M € M>.

fiii) E((H - M)Z) < ||H|ZE((Mo — Mo)?) -

Proof. (i) For all t > 0 we have

|
—

n

(H - MT)t = Z (MtTkH/\t - Mg;;/\t) =

T T
= O

Zi(Myy,  nent — Mygpent) = (H - M)ipar = (H-M)T . (3.7)

e
I
o

(ii) Forty <s <t <tpy1, (H-M)y—(H -M)s= Zp(M; — Mj) , so that
E((H'M)t_(H'M)S‘]:S):ZkE(Mt_Ms’]:s):O' (3'8)

This extends easily to general s < ¢ and hence H - M is a martingale. To show it is
bounded in L?, note that if j < k we have the following ” orthogonality relation”:

E(Zj(Mthrl - Mtj) Zk(Mtk+1 - Mtk)) =

- E(Z]-(Mtj+1 — My,) ZyE(M;,,, — M, | }'tk)> ~0. (3.9)
Thus let ¢ > ¢, for the moment. To compute E((H - M)?), we expand the square and
use the above orthogonality relation:

n—1 n—1
E((H : M)?) :E<(Z Zk‘(Mtk+1_Mtk))2> = ZE(Zlg(MtkH_Mtk)Q)
k=0 k=0
n—1
<HIZ Y S E((Myy,—My)?) = [HIZE((M, — Mo)?) . (3.10)
k=0

(On two occasions, we used the trick (2.38)). By Doob’s L? inequality applied to
M — My,

supE((H - M)7) < 4| H|LE (Mo = Mo)) - (3.11)

Similarly, if £; <t < t;41, then

E((H - M)j) < || H|IZE((M; — Mo)?).
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Doob’s inequality applies equally well in this case and we conclude, for all ¢t > 0,

Sup E((H - M)F) < 4| H|XE((Moo ~ Mo)?)

Hence, H - M € M?2.

(iii) Since H - M € M?, it converges to a limit in L?. We may thus let ¢ — oo in (3.10),
which gives the result. g

To extend the simple integral defined in the last section, we will need some Hilbert
space properties of the set of integrators we are considering. As before, we work on a
filtered probability space (2, F, (Ft)t>0,P) where (F)i>0 satisfies the usual conditions.

Definition 3.3 For all cadlag adapted processes X define the triple norm!

XN == [ sup | X2
t>0

We write C? for the set of all cadlag adapted processes X such that || X|| < co. On
M?, define the norm || X|| := || Xool|2-

Remark. Note that the function || - || on M? defines indeed a norm. The only point
which demands justification is the requirement that if |M|| = 0, then M is indistin-
guishable from 0. But if ||M]| = 0, then E(M2) = 0 so My = 0 a.s. By the martingale
convergence theorem

Mt == E(Moo|ft) a.s.
so M; = 0 a.s. as well. Since M is cadlag, it is indistinguishable from 0.

We may now state some L? properties which show that the space of square-integrable
martingales can be seen as a Hilbert space. As we will see later, this underlying Hilbert
structure is key to the construction of the stochastic integral (formally, it is defined as
an isometry between Hilbert spaces).

Proposition 3.4 We have
(i) (C%|III) is complete
(ii) M? = M NC?
(iii) (M2, ||.||) is a Hilbert space with M? = M.N M? as a closed subspace

(iv) X = Xoo : M? = L?(Fy) is an isometry

Proof. (i) Suppose (X™),en is a Cauchy sequence in (C2, ||.||). Then we can find a
subsequence (ng)ren such that Y 7, [[X™+1 — X"™|| < co. Then by the triangular
inequality,

o0
H Zsup |ka“ — Xf’“}
k=1 20

oo
< XML — X || < 3.12
, S ; I I < o0 (3.12)

1Usual conventions about versions apply, dealing with equivalence classes analogous to LP-spaces

32



and so for almost every w € €,

o0
Zsup | X[ (w) — X (w)| < oo
k=1 120

Since the space of cadlag functions equipped with the || - ||ooc norm is complete, there
exists a cadlagprocess X such that (X;™(w)) peny — X (w) as k — oo uniformly in ¢ > 0.
Now

X7 — X2 =E(sup | X7 — X,/?) (3.13)
£>0
<liminf E(sup|X;" — X;"|*) by Fatou’s lemma
k—o0 t>0
=liminf || X" — X" ||> = 0 as n — oo (3.14)
k—o0
because (X™),en is a Cauchy sequence. Hence (C2,||.]|) is complete.

(ii) For X € C? N M we have

sup || X¢ll2 < || sup [Xql[|, = I X]] < o0 (3.15)
>0 >0

and so X € M?2. On the other hand, if X € M?, by Doob’s inequality,
Xl <2|X| <oo, andsoX eC’NM. (3.16)

(iii) (X,Y) + E(X«Ys) defines an inner product on M? whose associated norm is
precisely the double norm || - ||. Moreover, for X € M2, we have shown in (ii) that

X< 11X < 2117 (3.17)

that is, ||.]| and ||.|| are equivalent on M?. Thus M? is complete for ||.|| if and only
if it is complete for ||.||, and by (i) it is thus sufficient to show that M? is closed in
€2 .I1- If X™ € M? and || X™ — X|| — 0 as n — oo for some X, then X is certainly
cadlag adapted and L?-bounded. Furthermore, by Jensen’s inequality for conditional
expectations,

| E(X:|Fo) = X[, < JE(X: = X7F) ||, + 1X2 — Xoll2
<1 Xe = X2 — 1 XS — Xl (3.18)
<2 X" - X|| -0 (3.19)

as n — oo and so X € M2 By the same argument M?2 is closed in (M?2, ||.||), where
continuity of ¢ — X;(w) follows by uniform convergence in t.

(iv) For X, Y € M? || X — Y| = || Xoo — Yao||2 by definition. 0

3.2 Quadratic variation

Definition 3.4 For a sequence (X™),cn we say that X" — X wuniformly on compacts
in probability (u.c.p.) if

Ve>0Vt>0 : P(sup|X) — X5 >¢€) =0 asn—o0. (3.20)
s<t
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Theorem 3.5 Quadratic variation

For each M € Mg, there exists a unique (up to indistinguishability) continuous
adapted nondecreasing process [M] such that M*—[M] € Mo and such that [M]y =0
a.s. Moreover, for

|2nt]—1
[M]} = Z (M(k+1)2fn - Mk2*n)2 (3.21)
k=0

we have [M]" — [M] u.c.p. as n — oo. We call [M] the quadratic variation process
of M.

Example. Let B be a standard Brownian motion. Then we know that (B — t);>0 €
M. But then by Theorem 3.5, t = [B];.

Lemma. Let M € M be bounded. Supposethatl € Nand 0 =ty <t; < ... <t < o0.
-1

Then IE((X:(]WM+1 — Mtk)2)2> is bounded.

k=0
Proof of the Lemma. First note that

-1

4
E((kZ_O(Mtk+1 Mtk ) ) ZE Mtk+1 Mtk) )+
-1 -1
+22E<(Mtk+l — My)* Y (M, —Mtj)2> . (3.22)
k=0 j=k+1

For each fixed k we have

= E((Myy., — My 2E(MZ = M2, |Fie)) =
- E((Mtk-i,-l - Mtk)2(Mtl Mtk+1) ) : (323)
After inserting this in (3.22) we get the estimate

E((S(th = Mtk)2>2) <

k=0

-1
< E((sup | My, — My, 2 + 2sup | My, — My, | ) Z My, ., — My,) ) . (3.24)
J J k=0
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Now, M is uniformly bounded by C, say. So using the inequality (z —y)? < 2(z%+y?),
we obtain

1

E((ZZ(MW+1 - Mtk)2)2> < 12021E(li(1\4tk+1 - Mtk)2> _

k=0 k=0
=12C°E((M,, — My,)*) < 48C* .
(3.25)

Proof of Theorem 3.5. Wlog we will consider the case My = 0.
Uniqueness: If A and A" are two increasing processes satisfying the conditions for [M]
then

Ay — AL = (M} — A) — (M? — Ay) € Mo (3.26)

is of finite variation and thus A = A’ a.s. by Theorem 2.13.
Existence: First we assume that M is bounded, which implies M € M2, Fix T > 0
deterministic. Let
|2"T |1
Hl' = My wjgnyy = Y, Mig-n Lz (k12— (t) - (3.27)
k=0

Then H" € S for all n € N. Hence X" defined by

12T —1
X =H"-M);= Z Myg—n (Mg 1y2-nnt — Myo-np) (3.28)
k=0
is in M2 by Proposition 3.3 and by continuity of M. Recall that | X"| = || X2 |2 =

| X7|l2 since X} is constant for t > T'. For n > m we have

X" = X™|* = E(((H" — H™) - M)7)

|2"T |1
<E[( sup |H"— H™? M WM _nz)
- <0§t£T’ ! ' kZ:O (M41)2 k2-n)
1/2 St o 1/2
<E( sup |H{—HM* E( Mg 11y2-n — Myg-n)® ) 3.29
< (O§t£T| t t ’) ( Z (M 141)2 12 )) ( )

k=0

by Hoélder’s inequality. Since M is bounded, the second term is bounded by the lemma,
and

E( sup ’HZL — H;n’él) = E( sup |M27"L2"tj — M2—7nL2nLtJ‘4) —0 (330)
0<t<T 0<t<T
as m,m — oo by uniform continuity of M on [0,7] and bounded convergence. Hence

X™ is a Cauchy sequence in (M2, ||.||) and so, by Proposition 3.4, converges to a limit
Y = (Y;,0<t<T) e M2 Now for any n and 1 < k < [2"7T],

k—1
My =2X[ 0= (Mgy1ya—n — Mjp—n)? = [M]}y . . (3.31)
j=0
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Hence, M7 — 2X}" is increasing along the sequence of times (k27,1 < k < |2"T]).
Passing to the limit n — oo, M? — 2X* must be a.s. increasing. Set

[M]; := M? —2Y;, t€[0,T]

on the set where M? — 2Y is increasing and [M] = 0 otherwise. Hence, [M] is a
continuous increasing process and M? — [M] = 2Y is a martingale on [0, T].

We extend the definition of [M]; to t € [0,00) by applying the foregoing for all
T € N. Note that the process [M] obtained with 7" is the restriction to [0,7] of
[M] defined with 7'+ 1. Now, note that M22—"Lt2” converges to M? u.c.p. by uniform
continuity, and convergence of X" towards X also ﬂolds in the u.c.p. sense since it holds
in the stronger (M?2,].||) sense. Thus the theorem is proved when M is bounded.

Now we turn to the general case M € M, y.. Define

Tn :=inf {t >0 : M| >n}.

Then (T},)nen reduces M and we can apply the bounded case to M™», writing A" =
[MTr]. By uniqueness, A?/TTIH and A} are indistinguishable. Thus there exists an in-
creasing process A such that for all n € N, A;n7, and A} are indistinguishable. Define
[M]; = A:. By construction, (Mf/\Tn — Aiam, )i>0 € M. and so (M7 — Ap)i>0 € M joc
as required. It remains to show that [M] is the u.c.p. limit of its dyadic approxima-
tions. Let [M] (M) he the dyadic approximation at stage m. Note that for fixed n > 1,
we have [MT#]™ — [M™"] u.c.p. as m — oo by the bounded case. Since for all fixed

t>0,P(T,>1) = 1asn— oo, we obtain that [M]|™ — [M] wu.c.p. asm — co.O

Remark. Note that [M] is nondecreasing and thus of finite variation, and that if 7" is
any possibly random time,

[(MT] = [M]".
Theorem 3.6 If M € M2, M? —[M] is a uniformly integrable martingale. Moreover,
E([M]o) = E(MZ,).
Proof. Let S, = inf{¢t > 0 : [M]; > n}. S, is a stopping time and [M];g, < n.

Thus, the stopped local martingale satisfies

‘Mt2/\Sn - [M]t/\sn| <n+ ililg Mf (3.32)

is bounded by an integrable random variable and thus a true martingale (see remark
after Proposition 2.9). Thus

E([M]ins,) = E(Mpg,) forallt>0. (3.33)

We take the limit ¢ — oo, using monotone convergence on the left and dominated
convergence on the right, and then n — oo by the same arguments to get

E([M]x) =E(M2) < oo . (3.34)

Hence, |M? — [M];| is dominated by sup;sq M{ + [M]s which is integrable. Thus
M? — [M] is a true martingale and is uniformly integrable since:

E(sup |M7 — [M];]) < E((sup My)* + [M]s) < 5E(MZ) < oo . O (3.35)
120 t>0
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Remark. Some textbooks use the notation (M) rather than [M] for the quadratic
variation. In general, (M) should be previsible and means something slightly different
(beyond the scope of this course), but it coincides with [M] when M is continuous.

3.3 Ito6 integrals

Proposition 3.7 Let i be a finite measure on the previsible o-algebra P. Then S is a
dense subspace of L*(P, ).

Proof. As the Z;’s are bounded, it is certainly true that S C L?(P, u1). Denote by S
the closure of S in L(P, ). Set

A={AecP : 14 eS}. (3.36)
Then A is a A-system. [ Check: 11ayx(0,n)} € S 80 1{ax(0,00)} € S and Q x (0,00) € A;
if C C D€ Athen D\C € A; if C,, € A and C,, / C then C € A since S is the
closure of § in L*(P,p) | . A contains the m-system {B x (s,t] : B € Fs, s < t},

which generates P. Hence, by Dynkin’s lemma, A4 = P. The result now follows since
linear combinations of measurable indicator functions are dense in L2. O

Given M € M2, define a measure j on P by
p(A X (s,t]) =E(Lia([M] — [M]s)) foralls<t, AeF,. (3.37)

Since P is generated by the m-system of events of this form, this uniquely specifies u.
Alternatively, write

pu(dw ® dt) = Mw, dt) P(dw) (3.38)

where A(w, .) is the Lebesgue-Stieltjes measure associated to [M](w). Thus, for a pre-
visible process H > 0,

/Q x(o,oo)Hd“ :E( /0 “ . d[M]s) . (3.39)

Definition 3.5 Set L*(M) = L*(2 x (0, 00), P, 1) and write

1Hs = IH sy = B( [ HE b)) (3.40)
so that L?*(M) is the space of previsible processes H such that ||H||3, < oo.
Note that the simple processes S C L*(M) for all M € M?2.
Theorem 3.8 It6 isometry

For every M € M? there exists a unique isometry I : L*(M) — M? such that [(H) =
H-M forall HE€S.
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Proof. Let H = 32120 Z, 14 40,.]} € S- By Proposition 3.3, H - M € M2 with

n—1
||H : M||2 = ZE(Z;%(M%H - Mtk)Q) : (3-41)
k=0

But M? — [M] is a martingale so that
E(ZI%(MWH - Mtk)2) = E(ZI%E((MWH - Mtk)z ‘ ftk)) =

~E(ZE(ME,, - M| F)) = E(Z2(My,, — [M)s)) . (342)

andso |H-MIP=B( [ HIdb.) = [1H]
0
Now let H € L*(M). We have thus defined a function I from S to M2, which is an

co

isometry. However, S is dense in L?(M) = L?(P, ) by Proposition 3.7. This implies
that there is a unique way to extend I to L?(M) which makes I into an isometry.
Indeed, let H € L?(M). Then there exists H" a sequence of simple processes such that

H"™ — H in L?(M). Then by linearity:
[(H"™) = I(H™)|| = [[[(H" = H™)[| = [|H" = H™|[m

so I(H™) is a Cauchy sequence in (M2 - ||), which is complete. Therefore, I(H™)
converges to some limit which we may denote by I(H). It is easy to check that I(H)
does not depend on the sequence H™ chosen to approximate H: if H" — H and
K™ — H in L*(M), then ||[I(H") — I(K")|| = ||[H® — K"™||ps — 0 as n — 00, so the
limits of I(H™) and I(K™) must be indistinguishable. I(H) is then, indeed, an isometry
on L?(M). For H € S we have consistently I(H) = H - M by choosing H® = H. O

Definition 3.6 We write
t
I(H),=(H -M), :/ H,dM,
0

for all H € L?(M). The process H - M is Ité’s stochastic integral of H with respect to
M.

Remark. By Theorem 3.8, this is consistent with our previous definition of H - M for
HeS.

Proposition 3.9 Let M € M? and H € L*(M). Let T be a stopping time. Then
Hlgr € L*(M) and H € L*(M7), and we have:

(H-M)" =(H1yomy) M=H-(M"). (3.43)

Proof. Let H € L*(M). It is trivial to check that H1p € L*(M) (to see that it
is previsible, note that 1. )(t) is left-continuous and hence previsible). To see that
H ¢ L>(M7T), note that [M7T] = [M]” by the discrete approximation in the definition
of quadratic variation, and thus

00 T (%s)
IE/ H2d[MT), = IE/ HZ2d[M], < ]E/ H2d[M];s < .
0 0 0
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Step 1. Take M € M? and suppose first that H € S. If T takes only finitely many
values, H 147y € S and (H - MT =(H 1(o,77) - M is easily checked. For general T,
set T,, = (27™[2™T']) A n which is a stopping time that takes only finitely many values.
Then T,, /T as n — oo and so

1H 1oz, — H 1oy 3 = E(/O HE (L0,1,1y — Lgo)* () dW]t) =0 asn{3.44)

by dominated convergence, and so H 1¢q 1,3 - M — H 1oy - M in M? by Theorem
3.8. But (H-M){" — (H-M)T a.s. by continuity and hence, (H-M)T = (H ;1) M
since (H - M)™ = (H 149 1,13) - M for all n € N by the first part. On the other hand
we already know (H - M)T = H - (MT) by Proposition 3.3.

Step 2. Now for H € L?(M) choose H" € S such that H® — H in L?>(M). Then
H" - M — H-M in M2, so (H" - M)T — (H-M)" in M2 by Doob’s inequality. Also,

T
[H" Loy — H Lo,1|[3, = E</O (H" - H)id[M]s) < |H" - H|}3; — 0(3.45)

as n — o0, so  (H"lgomy) - M — (H1gory) - M in M?2 by the isometry property
of Theorem 3.8. Again, by equating the limits of both sequences we get (H - M)T =
(H 1(o,/m)) - M. Moreover,

I = 1 ([ = 2T, ) -
0
T
:E</ (H" — H)zd[M]s> <|H"—Hly >0,  (3.46)
0
so H" - (MT) — H - (MT) in M2. Hence, (H-M)" = H-(M7T). O
Proposition 3.9 allows us to make a final extension of It6’s integral to locally bounded,

previsible integrands.

Definition 3.7 Let H be previsible. Say that H is locally bounded if there exist
stopping times S, /" 00 a.s. such that H 1(g g, is bounded for all n € N, i.e. there
exists Cy, < oo nonrandom such that sup;sq |Hy1(.s,(t)] < Cn a.s.. Note that a
left-continuous process is always previsible and locally bounded.

Definition 3.8 Let H be a previsible locally bounded process and let M € M, .
Choose stopping times S, = inf {t >0 : |My] > n} M o0 a.s., and note that MS» €
M? for all n € N. Set T,, = S, A S/, and define

(H-M);:= (Hlqqg,  -M™), forallt<T,. (3.47)

Remarks.

(i) The stochastic integral in the right-hand side of (3.47) is well-defined: indeed,
every bounded previsible process is in L?(M) whenever M € M?2. Moreover, with
H1qs, also H 11, is bounded and MT = (M) e M2, s0 Hlgr, - M™
makes sense (it falls within the category of processes covered by Theorem 3.8).
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(ii) Proposition 3.9 ensures that the right-hand side does not depend on n for all n
large enough that 7T}, > t.

(iii) Note also that the definition does not depend on the sequence of stopping times
(T,)n>0 used to reduce M and H, so long as H" is bounded and M € M2 for
all n > 0. Such a sequence of stopping times is said to localize H and M.

(iv) It is furthermore consistent with our previous definitions of stochastic integral
when M € M? and H € L*(M).

Proposition 3.10 Let M € M., and H, K be locally bounded previsible processes.
Let T be a stopping time. Then

(i) (H-M)T = (H1q)- M = H-(M7) |

(i) H - M is a continuous local martingale,

(iii) The quadratic variation of [; HedMs is [ H2d[M], ,

(v) H- (K-M)=(HK)-M .
Remark. As we will see, martingales are completely characterized by their quadratic
variation, so (iii) is a fundamental property. (In addition, as already discussed infor-
mally at the very beginning of the construction, this property is in some sense what

motivates the entire theory of stochastic integration). (iv) Should be seen as a sort of
stochastic version of the fundamental theorem of calculus, since it is telling us that:

t
d </ stMs> = KidM;.
0

Proof. (i) Let us start by checking the first of these equalities. By Proposition 3.9, we
know that
(Hlmz,) - M™)" = Hlgpyloz,) - M™

As n — oo, the left-hand side converges pointwise a.s. to (H - M)? by definition, while
the right-hand side also converges pointwise a.s. to H1 1) - M since the sequence (T},)
also “reduce” H1( 7] and M in the sense of Defintion 3.8. The second equality follows
the same argument.

(i) By (i),
(H-M)™ = (H1grg,) M™ e M? (3.48)
which implies (ii).
(iii) Assume first that M € M? and that H is uniformly bounded in time. For any
stopping time 7', we have by the isometry property of Theorem 3.8:
E((H -M)7)=E((H 10,1 M)Z) =
=E((H* 107 - [M))so) = E((H? - [M])7) (3.49)
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By the optional stopping theorem, we conclude that (H-M)2—H?.[M] is a martingale.
Moreover, since H is locally bounded and [M] continuous one also shows that H?-[M] is
continuous with probability 1. Therefore, by Theorem 3.5, we have [H-M]|= H?-[M].
In the general case, note that as a consequence of (i) and of the fact that [M7] = [M]T,
we may write

[H - M] = lim [H - M|

n—o0

= lim [(H - M)

n—o0

= lim [Hlgp, - M™"]
n—oo n
= lim H21(07Tn] - [M]™ (by the above)

n— oo
= H? . [M] (by continuity)
where the limits in these equalities are a.s. pointwise limits.

(iv) The case H, K € S is tedious but elementary. For H, K uniformly bounded and
M € M2, there exist H", K™ € S, n € N such that H® — H and K" — K in L*(M).
Furthermore, we may also assume that |[H" || and || K"[[o are uniformly bounded in
n (indeed, truncating K™ at || K|/ + 1 can only improve the L? difference between K™
and K). We first prove an upper bound on ||H|[z2(x.a):
1oy = E((H? - [K - M])oo)
by (i)
=TE((H? - (K2 - [M])so)

= E(HK)” [M])x)
= HE0

min { | H (31K N2z ary: 1120 11130} (3.50)

A

where * holds by Optional problem 5 on example sheet 1, since [M] is nondecreasing
and thus of finite variation. We have H"-(K"-M)= (H"K")-M and using (3.50)

|H™ (K™ - M)—H-(K-M)|| <||[(H"—H)- (K" M)||+||H- (K" - K)-M)||
= [[H" = Hl[g2(&» .0y + 1H | L2((50n— 1) 01)
< [H" = H|[2(an) " [loo + [1H [loo [ K™ = K| L2(ar)
—+0 asn—oo.

So H"-(K"-M)— H-(K-M) in M2 Similarly, (H"K")-M — (HK)-M in
M?2, which implies the result. a

Definition 3.9 Let X be a continuous semimartingale X = Xg + M + A with M €
M ioc, A a finite variation process and My = Ag = 0. We set the quadratic variation
of X to be that of its martingale part, [X] := [M], independently of A.
This definition finds its justification in the fact that
127t —1

> (Xgprne—n — Xpo—n)® = [X]: w.cp. (3.51)
k=0
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as n — 00, as is not hard to show.

Definition 3.10 For a continuous semimartingale X and H locally bounded and pre-
visible, we define the stochastic integral

t
H-X=H-M+H-A, writing also (H-X)t—/Hsts, (3.52)
0

where H - M is 1t0’s integral from Definition 3.8 and H - A is the finite variation integral
defined in Proposition 2.6.We agree that

¢
dZy = HydX; means Zt—ZO:/ H,dX;
0
(3.53)

Note that H - X is already given in Doob-Meyer decomposition and is thus obviously a
continuous semimartingale. Under the additional assumption that H is left-continuous,
one can show that the Riemann sum approximation to the integral converges.

Proposition 3.11 Let X be a continuous semimartingale and H be a left-continuous
adapted process. Then

|27¢]—1 .
Z Hig-n(X(pg1)2-n — Xpo-n) — / HydXs w.ep.asn—oo. (3.54)
k=0 0

Proof. We can treat the finite variation part Xg+ A and the local martingale part M
separately. The first is proved in problem 6 on example sheet 2 (in fact, uniformly on
compacts for all w). So it suffices to show that

|2nt]—1
Z Hyg-n(Mq1y2-n — Myg—n) = (H - M) w.c.p.asn — o0 (3.55)
k=0

when M € Mg, with My = 0. By localization, we can reduce to the case where
M € M? and H; is bounded uniformly for ¢ > 0. Let Hf* = Hy—n|gn;). Then H}* — H,
as n — oo by left continuity. Now,
|27t] -1
(H* M)y = > Hygn(Mgi1yz-n — Myg—n) + Han g0y (My — Mp-n|20,)Y3.56)
k=0

where, since M is continuous (and therefore almost surely uniformly continuous on any
compact interval), M; — Mjy-n|gns) — 0 u.c.p as n — co. We can thus ignore the second
term on the right. Now

||H”—HHMZE(/()OO(Hf—Ht)Qd[M]t> —0 asn — o0 (3.57)

by bounded convergence and the fact that H; — H; for every ¢t as n — oco. By the
isometry property, H" - M — H - M in M?2. Using Doob’s inequality, it is easy to see
that this implies w.c.p. convergence. a

To step away from the theory for a moment and look at a concrete example, you should
try your hands at proving the following result. This will be generalized in a moment
in Theorem 3.16 so you can go look for some inspiration there if you are stuck.
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Proposition 3.12 Let (M;,t > 0) be a continuous local martingale. Then for allt > 0,
t
M? = M2 + 2/ MdMg + [M];.
0
In particular if (B, t > 0) is a one-dimensional standard Brownian motion, then
t
B? :2/ B,dB, +t
0
is a semi-martingale.

3.4 Covariation

In practice we do not calculate integrals from first principles, but rather use tools of cal-
culus such as integration by parts or the chain rule. In this section we derive these tools
for stochastic integrals, which differ from ordinary calculus in certain correction terms.
A useful tool for deriving these rules will be the covariation of two local martingales.

Definition 3.11 Let M, N € M_ o, and set
1
4
[M, N] is called the covariation of M and N.

[M,N]=—([M + N]—[M — N)) (polarization identity) (3.58)

Theorem 3.13 Let M, N € M_o.. Then we have:

(i) [M, N] is the unique (up to indistinguishability) continuous adapted process with
finite variation such that M N — [M, N] is a continuous local martingale started
from 0.

(i) Forn > 1 and for allt >0, let

|27t]—1

[M, NJj" = Z (Mg 1y2-n — Mya—n)(N(gy1)2—n — Nga—n) . (3.59)
k=0

Then [M, N]™ — [M, N] u.c.p. as n — o0 ,
(iii) for M,N € M2, M N — [M, N] is a UI martingale

(iv) [M,N] is a symmetric bilinear form.

Proof. (i) Note that M N = I((M + N)? — (M — N)?) It is thus obvious that
MN —[M, NJ is a continuous local martingale. Moreover, finite variation is an obvious
consequence of the definition and uniqueness follows easily from Theorem 2.13.

(ii) and (iii) follow form polarizing the sum (3.59) just as in (3.58) and applying The-
orems 3.5 and 3.6.

For (iv), the symmetry comes from the uniqueness in (i), while the bilinearity also
follows from (i).

Remark. Of course, [M, M] = [M].
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Proposition 3.14 Kunita-Watanabe Identity
Let M,N € Mo and H be a locally bounded previsible process. Then

[H-M,N]=H-[MN] . (3.60)

Proof. We may assume by localization that M, N € M? and that H is uniformly
bounded in time. Note that H - [M, N] is of finite variation, and thus by the uniqueness
of Theorem 3.13 (i), it suffices to prove that

(H-M)N —H-[M,N] € M¢oc-

By the optional stopping theorem, it suffices to prove that for all bounded stopping
times T,
E((H - M)rNr) = E((H - [M, N))r) (3.61)

and by considering the stopped processes HT, MT and N7 it suffices to prove that
E((H - M)wNs) = E((H - [M, N])). If H is of the form Z1y(,,; with Z bounded Fy

measurable, then this identity becomes
E{Z(M; — Ms)N} = E{Z([M, N]; — [M, N]s)}.
However, note that since M N — [M, N| is a martingale, we have:

E{Z(M; — M{)Noo} = E{ZME(Noo|F1)} — E{ZME(Noo|Fs)}
= B{ZE(M;N; — M,N,|F,)}
= E{ZE([M, N]; — [M, N]5|Fs)}
= B{Z([M,N]; — [M, N])},

as required. (3.61) then extends by linearity to all H € S. If H is bounded, we may
find a sequence H" — H in L?(M) such that H" € S and is uniformly bounded. The
Lebesgue convergence theorem then shows that (3.61) holds. This proves the result. O

Remark. Note that a consequence of this identity is that [H - M, H-N] = H?-[M, N].
As an exercise, try to derive directly the latter identity by polarization arguments.

Definition 3.12 Let X,Y be continuous semi-martingales. We define their covaria-
tion [ X, Y] to be the covariation of their respective martingale parts in the Doob-Meyer
decomposition.

It is not hard to see that lim,_,[X,Y]|" = [X, Y] u.c.p where

|2nt]—1

(X, Y] = Z (Xgr1)2-n — Xio—n) (Yignyz—n — Yio—n)-
k=0

An important property of the covariation is that two independent semi-martingales have
zero covariation. However, just as there exist many pairs of random variables with zero
correlation which are not independent, the converse is false. A notable exception is the
Lévy characterization of Brownian motion.
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Proposition 3.15 Let X,Y be independent continuous semi-martingales. Then [X,Y] =
0.

Proof. The case where X,Y € M, is treated in exercise 13 of Example Sheet 2.

You should think about the case where X,Y are general continuous semi-martingales.
O

Remark. Note that the Kunita-Watanabe identity [H - X,Y | = H-[X,Y] =[X,H Y]
also holds for continuous semi-martingales.

3.5 Ito’s formula

Theorem 3.16 Integration by parts. Let X,Y be continuous semimartingales.
Then

t t
XtY;—X()YO:/ XSdYs—k/ YedX, + [X,Y]; . (3.62)
0 0

Proof. Since both sides are continuous in ¢, it suffices to consider t = M 2~V for
M, N > 1. Note that

XY — XYy = X (Y, = Ys) + Yo( Xy — X) + (X — X)) (Ve — Ys) (3.63)

so forn > N
M2r—N_1
XY — XoYo= Z <Xk2*"(y(k+1)2*" = Yio-n) + Yio-n (X(pg1y2-n — Xpo—n) +
k=0
(Xt 1)2-n — Xpo—n) Yig1)2-n — Yszn))
CERAX - Y) 4+ (V- X))+ [X,Y]; asn— oo (3.64)
by Proposition 3.11 and Theorem 3.59. a

Note the extra covariation term which we do not get in the deterministic case. The next
result, Itd’s formula, tells us that a smooth function of a continuous semimartingale is
again a continuous semimartingale and gives us its precise decomposition in a sort of
chain rule.

Theorem 3.17 It6’s formula
Let X', X2, ..., X% be continuous semimartingales and set X = (X1, ..., X%).
Let f € C*(R%,R). Then

F(X)) = f(Xo) +Z / o (X ) dX!+ = Z / amzaxy )d[X*, X7, . (3.65)
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Remarks. (i) In particular, f(X) is a continuous semimartingale with decomposition

f(Xe §) dM +

EMc,loc

+Z/ (X ) dAL + Z/ axlaxj Xg)d[M*, M7]s . (3.66)

finite variation

where the covariation of the R%valued semimartingale X = Xo+ A + M is
(X%, X7] = [M?, M], due to quadratic variation and the polarization identity
(3.58).

(ii) Intuitive proof by Taylor expansion for d = 1:

12nt|—1
[(Xy) = )+ Z Xgs1ya-n) — f[(Xpa—n)) + (F(Xe) = f(X|2n¢)2-n)) =
k=0
l2nt]—1
= f(Xo) + Z F'(Xpo-n) (X (e1)2-n — Xpo—n) +
|2n¢]—1

"‘* Z F( Xk;an)(X(kH)g—n - Xk27n)2 + error terms

L F(Xo) + /f YdX, + = /f” (3.67)

We will not follow this method of proof, because the error terms are hard to deal
with.

Proof. (ford=1)
Write X = Xy + M + A, where A has total variation process V. Let

T, =inf {t>0: |X¢|+V; + [M]; >7r} . (3.68)

Then (T),>0 is a family of stopping times with 7). * co. It is sufficient to prove (3.65)
on the time intervals [0,7;]. Let A C C%(R,R) denote the subset of functions f for
which the formula holds. Then

(i) A contains the functions f(x) =1 and f(x) = . (ii) A is a vector space.
Below we will show that A is, in fact, an algebra, i.e. in addition
(iii) f,ge A = fgeA.
Finally we will show that
(iv) if f, € A and f, — f in C*(B,,R) for all » > 0 then f € A, where f, — f in
C?(B,, R) means that A, — 0 as n — oo with B, = {z : |z| < r} and
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Ay i= max { sup | fu(@)= ()], sup [ )= F' ()], sup |72@)— ()|} -(3.69)
rEB, TEB,

T€EB,

(i) -(iii) imply that A contains all polynomials. By Weierstrass’ approximation theorem,
these are dense in C?(B,,R) and so (iv) implies A = C?(B,,R).

Proof of (iii): Suppose f,g € A and set F} = f(X;), Gt = g(X};). Since the formula
holds for f and g, F and G are continuous semimartingales. Integration by parts
(Theorem ??) yields

t t
FiGy— FyGo — / FodG, + / G dF, + [F,G), . (3.70)
0 0

By Proposition 3.10(iv) we have F'-G = F'-(1-G), and using [t&’s formula for (1-G)s =
9(Xs) — g(Xo) we get again by Proposition 3.10(iv)

/FdG _/ F(Xs) g/ (Xs) dX, + & /f yaxl, . (3.71)

By the Kunita-Watanabe identity (Proposition 3.14) we have [f'- X,G] = [’ - [X,G].
Applying this a second time for G leads to

F.G) = [/'(X) X4 / f'(Xa) g'(X.) d[X]s . (3.72)

Substituting these into (3.70), we obtain Itd’s formula for f g.
Proof of (iv): Let f,, € A such that f, — f in C?(B,,R). Then

tAT) 1 tATy
/ |f1/1(Xs)_f/(Xs)|st+2/ ‘fT/L/(XS)_f//(XS)‘d[M] <
0 0

1
S A'n,'r‘ (‘/t/\TT + §[M]t/\TT) S ’I”AnJa —0 asn—o0. (373)
and so
tAT, 1 tAT tA\Ty 1 tA\Ty
fxgaa+ L [ g an o [ o aae L [ ey da,
0 0 0 0

Moreover, MTr € M? and so

i =E< /O U - f’(Xs>)2d[M]s>

< AL E([M]g,) <rAZ,.—0, (3.74)

| () an)™ = (£ - a) "

as n — oo and so (f}(X) - M)TT = (f(X) - M)TT in M2. For any fixed r, X' € B,
and taking the limit n — oo in Ité’s formula for f,, we obtain

tATy 1 tATy
f(Xiar) = f(Xo) +/ f(Xs)dXs + 2/ f"(Xs)d[X]s - (3.75)
0 0
g
Remark. For d > 1, (i) becomes "A contains the constant 1 and the coordinate func-
tions fi(x) = ., fa(z) = 2% Check that you can then follow the same argument,

dealing with all the different components X°*, M, [M*, M7] etc.
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Corollary 3.18 Let X', X2, ..., X% be continuous semimartingales and set X = (X',..., X9).
Let f € C?(Ry x RY,R). Then

F(t, Xy) = £(0, Xo) /a (s, Xs) ds+Z/ (X 5) dX?

i J
+ = Z/ am@aﬂ X,)d[ Xt X, .

Proof. This is an immediate consequence of (3.65). Indeed, the process t — ¢ is
nondecreasing and so of finite variation, so (£, X},..., X¢) is a (d + 1)-dimensional
semi-martingale. The result follows by applying It6’s formula to this d 4+ 1-dimensional
process, and observing that since ¢ — t is of finite variation, it does not contribute to
any of the covariation terms.
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4 Applications to Brownian motion and Martingales

4.1 Brownian martingales

As we will see in a few moments, martingales are very useful to understand (and
ultimately prove results about) the behaviour of random processes. We start our study
of Brownian motion by finding martingales associated with it. If 2,y € C% we note
(x,y) = Z?:l x;7; their complex scalar product.

Theorem 4.1 Let (By,t > 0) be an (F;)-Brownian motion.
(i) If d =1 and By € L*, the process (By,t > 0) is a (F;)-martingale.
(ii) If d =1 and By € L2, the process (B? —t,t > 0) is a (F;)-martingale.
(iii) In any dimension, let u = (uy,...,uq) € CL If Eflexp((u, Bo))|] < oo, the
process defined by
M; = exp({u, B) — tu®/2)

2 2

is also a (F;)-martingale for every u € C, where u? is a notation for 25:1 ug.

Notice that in (iii), we are dealing with C-valued processes. The definition of E[X|F]
the conditional expectation for a random variable X € L'(C) is E[RX|G] +iE[3X|]],
and we say that an integrable process (X, ¢ > 0) with values in C, and adapted to
a filtration (F;), is a martingale if its real and imaginary parts are. Notice that the
hypothesis on By in (iii) is automatically satisfied whenever u = iv is purely imaginary,
ie.,veER.

Proof. (i) If s <t, E[B; — Bs|Fs| = ]E[Bt(i) ] = 0, where Bq(f) = Byis — Bs has mean
0 and is independent of Fs, by the simple Markov property. The integrability of the
process is obvious by hypothesis on By.

(ii) Integrability is an easy exercise using that B; — By is independent of By. We
have, for s < t, B? = (B; — Bs)? + 2Bs(B; — Bs) + B2. Taking conditional expectation
given Fy and using the simple Markov property gives that E[B?] = (t — s) + B2, hence
the result. A proof using It6’s formula is to say that B is an F-local martingale and
hence

t
B? = 2/ B,dB, +t.
0

Thus M; = fg BydB; is an F-local martingale. It thus suffices to show that it is a true
martingale, which can be proved for instance by observing that the quadratic variation
is

t
[M]; = / BZds
0

which has finite expectation for all ¢ > 0 by Fubini’s theorem. By problem 11 in
Example sheet 2, (Mps, s > 0) is a martingale bounded in L? and hence M is a true
martingale.
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(iii) To check integrability, note that E[exp(AB;)] = exp(tA2/2) whenever B is a
standard Brownian motion, and since |e*| = ¢™?, then we have
E(| exp(u, B)|) = E(| exp{u, (B; — Bo + Bo))])
E(] exp{u, B — Bo))E(| explu, Bo)])

d
= exp( ) _ t(%u;)?/2)E| exp(u, By)| < oc.
i=1
To show that M is a martingale, consider X ;1 = t which is a continuous semi-

martingale. Let f(z1,...,%q,Tqr1) = exp(E?zl wir; — (1/2)u’wqy1). f € C?*(RITLC)
so we may apply It6’s formula and obtain:

t d
M, = M, —1—/ Zuz exp((u, Bs) — su’®/2)dB.
0 =1

since d[B*, BY]; = §; jdt and [B%,t] = 0 for all 1 <4, < d, so that the finite variations
term cancel. It thus suffices to show that: fot u; exp((u, Bs) — su?/2)dB! is a true
martingale. We take the quadratic variation of the real and imaginary parts, and it
suffices by Fubini’s theorem to show that

d
/tIE (exp(z 2r; Bt — s<u,ﬂ>2)> ds < o0 (4.1)
0 i=1

where r; is the complex modulus of u; and (u,u)? = Zle r2. (4.1) follows instantly

from the independence of the coordinates and the fact that Elexp(rB;)] = exp(tr?/2).
(]

A classical application of these martingales is to show the following result, often
referred to as the gambler’s ruin estimates.
Theorem 4.2 Let (B, t > 0) be a standard Brownian motion and T, = inf{t > 0 :
B, =x}. Then for x,y > 0, one has

T
r+y

P(T_y <Ty) = . E[T, AT_,| = zy.

Proof. Let T' = T, A T,, which is a stopping time. Moreover, BT is bounded
(by max(z,y)) so we may apply the optional stopping theorem to find that E(Br) =
E(Bp) = 0. On the other hand, E(Br) = —yp + 2(1 — p), where p = P(T_, < T) is
the probability of interest to us. Thus py = (1 — p)x and the first statement follows
easily. For the second statement, observe that B2, — (t A T) is a martingale (since
martingales are stable by stopping) and thus

E(BZ,) =E({tAT).

We may let t — oo since the left-hand side is bounded and the right-hand side is

monotone, and deduce that
E(B}) = E(T)
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Using the first statement,

+
r+y Y+

and the claim follows. O
Similarly,

Theorem 4.3 The Laplace transform of T, for x € R is given by E(e=1z) = e~lelV2a,
Moreover, the random variable T' = T, NT_, has a Laplace transform given by
_or  sinh(y/2qx) 4 sinh(1/2qy)
E(e™®) = .
sinh(1/2¢(z + y))

and when y = x, T is independent from the event {T_, < T,}.

Proof. The first statement follows directly from the optional stopping theorem and
the fact that e*Bi=(\*/2) jg 4 martingale. The second statement is a bit more involved.
Let

M, = e~ 1/2 sinh(A(B; + v))

is also a martingale since it can be written as

%e—vt/2ex<3t+y) _ %e—wme—x(my)

which is the sum of two martingales. Now, stopping at T' = T_, A T, M is bounded
so we can use the optional stopping theorem to obtain:

sinh(Ay) = E(sinh(A(Br + y))e” TA"/2)
= E(sinh(A(z +p))e” ™ Lipon )

Thus: nh(\y)
]E 7T)\2/21 _ Sin y .
(e {T>Ty}) sinh(A(z + y))
By symmetry,
B inh(Ax)
]E T)\Z/Ql _ Sin '
(e {T-y>T:}) sinh(A(z + y))

Adding up the two terms,

sinh(\y) + sinh(Az)
sinh(A(z +v))

E(e—TA2/2) _
When x = y, it suffices to check that
—TA2 a2 1 2

E(e™™ Plp o) =E(eT™ ) P(T, < Ty) = SE(e /%)

which is easy to check. U

Another family of martingales is provided by the result below. This is the first
hint of a deep connection between Brownian motion and second-order elliptic partial
differential operators, a theme which we will explore in greater detail later on in the
course. (This also connects to the theory of martingale problems developed by Stroock
and Varadhan, which has proved to be one of the most successful tools in probability
theory).
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Theorem 4.4 Let (By,t > 0) be a (F;)-Brownian motion. Let f(t,z): Ry x R? — C
be continuously differentiable in the variable t and twice continuously differentiable in
x. Then,

t
M/ = 70,50 - 0.80) - [as (54 38) fs.B) 120
d 52

is a (Fi)-local martingale, where A = ) is the Laplacian operator acting on

=1 6713
the spatial coordinate of f. If moreover, the first derivatives are uniformly bounded on

every compact interval (that is, for all T > 0,

sup sup
t€[0,T] zeR4

< 00

of
871131'(75’ LE)

for all1 <i<d), then MY is a true martingale.

Proof. By It6’s formula,

! ‘- Of :
M; = g B.)dB"
t /0 i1 ox; <S’ S)d s

is indeed a local martingale. The fact it is a true martingale when the first partial
derivatives are uniformly bounded on every compact time interval, follows from the
fact that the quadratic variation of M/ is bounded on on every compact time interval,
and hence it is a true martingale (even bounded in L?) on every compact time interval.

4.2 Martingales characterized by their quadratic variation

We work on a filtered probability space (Q, F, (F)i>0,P) where (Fi)e>o satisfies the
usual conditions.

Theorem 4.5 Lévy’s characterization of Brownian motion
Let X',..., X% ¢ Meioc- The two following statements are equivalent.

(i) For allt >0, [X¢, XI]; = 6;;t.
(i) X = (X',..., X% is a Brownian motion in RY.

Proof. It suffices to show that, for 0 < s <t, X; — Xg ~ N(O, (t— s)I) and the incre-
ment is independent of Fs. By uniqueness of characteristic functions, this is equivalent
to showing that for all s < ¢ and for all § € R¢,

E(exp(i(0, X1 — X.)) | Fo) = exp (= 3I01%(t - 9)). (4.2)

(Here (-,-) is the usual scalar product on R? and ||| is the Euclidean norm). Fix
6 € R? and set
Y =0, X;) = 00 X} + ... +0,X7

Then Y is a local martingale, and by the assumptions and the bilinearity of the
d

covariation, [Y] = >"¢_, 67t = t||0||>. Define also and
Zy = exp (iV; + 3[Y]e) = exp (i(0, X;) + 310/*¢) .
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By Ito’s formula, it is easy to check that Z is a local martingale. Moreover, Z is

bounded on [0,#] for all ¢ > 0 (since [Y]; = [|0]|*t) and so is a true martingale by
Proposition 2.9. Hence, E(Z;|F,) = Zs, or equivalently:
Z
E <Z: ]:S> =1, a.s.
(4.2) follows directly. O

Proposition 4.6 Let B be a Brownian motion and let h be a deterministic function in
L2(R*, B, \) with Lebesgue measure \. Set X = [ hsdBs. Then X ~ N(0,]h|3).

Proof. Let M; = fg hsdBs. Then M € M. 0. and (since [h - B] = h? - [B]) we have
[M]; = [y h2ds . Now let Z; = exp (iuM; + 2u?[M];) . This is in My, as in the
proof of Lévy’s characterization and, as it is uniformly bounded by exp (1u?||h[|3), is
in fact in M?2. Hence,

1 =E(Zy) =E(Zx) = E(exp(iuX)) exp (%u2||h||%) : (4.3)
O

Theorem 4.7 Dubins-Schwarz Theorem
Let M € Mg joc with My = 0 and [M]oe = 00 a.s.. Set 7, = inf {t >0 : [M] > 3},
Bs = M,,. Then 7s is an (Fi)i>0-stopping time. If Gs = Fr, then (Gs)s>o0 is a filtration

and B is a (Gt)¢>0-Brownian motion. Moreover M; = B[M]t.

Remark. So any continuous local martingale is a (stochastic) time-change of Brownian
motion. In this sense, Brownian motion is the most general continuous local martingale.

Proof. Since [M] is continuous and adapted, 75 is a stopping time, and since [M], = 0o
it must be that 7, < oo a.s. for all s > 0. We start the proof by the following lemma.

Lemma 4.8 B is a.s. continuous

Proof. Note that s — 75 is cadlag and nondecreasing and thus B is cadlag. So it
remains to show B, = B; for all s > 0, or equivalently M, = M, , where

Te— =inf {t >0 : [M], = s} (4.4)

and note that 7,- is also a stopping time. Let s > 0. We need to show that M is
constant between 7s_ and 74 whenever 7,_ < 74, i.e. whenever [M] is constant. Note
that (M2 —[M])™ is uniformly integrable since E([M™].,) < co. Hence, by the optional
stopping theorem (the uniformly integrable version 2.36), we get:

E(MZ — [M]

Ts s

FTS*) = MES, - I:M]Tsf'

But by assumption, [M],, = [M],

E} s—

and M is a martingale, we obtain

E(M2 — M2 | Fr,) =E((M,, — M, _)?|F,,_) =0
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and so M is a.s. constant between 75 and 7. This proves that B is almost surely
continuous at time s. To prove that B is a.s. continuous simultaneously for all s > 0,
note that if 7, = inf{t > 0 : M; # M,} and S, = inf{t > 0 : [M]; # [M],} then the
previous argument says that for all fixed » > 0 (and hence for all r € Q4), T, = S, a.s.
But observe that T, and S, are both cadlag. Thus equality holds almost surely for all
r > 0 and hence almost surely, M and [M] are constant on the same intervals. This
implies the result. O
We also need the following lemma.

Lemma 4.9 B is adapted to (G¢)i>0.

Proof. It is trivial to check that (Gs)s>0 is a filtration. Indeed, if S < T a.s. are two
stopping times for the complete filtration (F;), and if A € Fg, then for all ¢ > 0,

AN{T <t} =(AN{S<t})n{T <t}

up to zero-probability events. The first event in the right-hand side is in F; by assump-
tion, and the second is also in F; since T is a stopping time. Since (F%) is complete,
we conclude that A € Fr as well, and hence Fg C Fpr. From this, since 7, < 75
almost surely if r <'s, (Gs) is a filtration. It thus suffices to show that if X is a cadlag
adapted process and T' is a stopping time, then Xr1lip ) is Fr-measurable. Note
that a random variable Z is Fr-measurable if Z1;p<;y € F; for every ¢ > 0. If T only
takes countably many values {t;}7°,, then

oo
Xrl(reoy = )Xo Lir—y)
k=1

so it is trivial to check that X71(p ) is Fr-measurable, since every term in the above
sum is. In the general case, let T,, = 27" [2"T| where [x] denotes smallest n € Z with
n > x. Then T, is also a stopping time, finite whenever T' < oo, and such that T, > T
while T;, — T almost surely. Thus for all v > 0, and for all n > 1, XTnl{Tngu} is Fyu-
measurable. Furthermore, by right-continuity of X, limy, 00 X7, 17, <0y = X71lfr<u}-
Thus X7li7,) is Fy-measurable. Naturally, Xrlir—,) = Xylip—y) is also Fy-
measurable, so we deduce that Xr1ir<,) is Fy-measurable. O

Having proved this lemma, we can now finish the proof of the Dubins-Schwarz
theorem. Fix s > 0. Then [M ™| = [M],, = s, by continuity of [M]. Thus by example
sheet 2, problem 11, M™ € M? since E([M™]s) < oo. In particular, (Miar,, s > 0) is
uniformly integrable by Doob’s inequality. Applying the uniformly integrable version
of the optional stopping theorem (2.36) a first time, we obtain

E(MTS |‘F7"r) = MTT

a.s. and thus B is a G-martingale. Furthermore, since M™ € M2, by Theorem 3.6,
(M? —[M])™ is also a uniformly integrable martingale. By (2.36) again, for r <'s,

E(B? - Slgr) =E ((M2 - [M])Ts FT?")
N2 (M, =B
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Hence, B € M, with [B]s = s and so, by Lévy’s characterization, B is a (Gt)¢>0-
Brownian motion. O

Before we head on to our next topic, here are a few complements to this theorem, given
without proof. The first result is a strengthening of the Dubins-Schwarz theorem.

Theorem 4.10 (Dubins-Schwarz) Let M be a continuous local martingale with My = 0
a.s. Then we may enlarge the probability space and define a Brownian motion B on it
in such a way that

M = By, a.s. forallt > 0.

More precisely, taking an independent Brownian motion 3, if

) M, for s < My
T Mo + Bo—(M]o  Sfor all s > [M]

then B is a Brownian motion and for all t > 0, My = Byyy,.

See Revuz-Yor (Chapter V, Theorem (1.10)) for a proof.

Remark. One informal (but very informative!) conclusion that one can draw from
this theorem is the fact that the quadratic variation should be regarded as a matural
clock for the martingale. This is demonstrated for instance in the following theorem.

Theorem 4.11 Let M be a continuous local martingale. Then
(i) P(lim |M]; = o0) =0
(ii) {w: tlim My exists and is finite} = {w : [M]oo < 00} up to null events.
—00

(11i) {[M]oo = o0} = {limsup M; = +o0 and litm inf M; = —oo} up to null events.
t—o0 —+oo

Another fundamental application of the Lévy characterization is the following re-
sult, which tells us that Brownian motion is conformally invariant. That is, given a
conformal mapping f between two simply-connected planar domains D and D', the
trajectories of a Brownian motion in D’ (that is, stopped upon reaching the boundary
0D') are the image by f of Brownian motion in D, up to reparametrization.

Theorem 4.12 Let d = 2 and identify R? with the complex field C. Let f : D — D’ be
a conformal map (i.e., complex analytic). Let z € D and let Tp = inf{t >0: B, ¢ D}.
Then there exists a nondecreasing random function (o(t),t > 0) such that (f(By)),t >
0) has the same distribution as (B{ATD,,t > 0) where B’ is a Brownian motion started

from f(2).

The proof is one of the exercises of Example Sheet 3, where you will be asked to
explicit the stochastic time-change o(t). It will be useful to recall the Cauchy-Riemann
equations for complex analytic functions: if f = u + iv is a complex-differentiable
function with real and imaginary parts u and v, then

ou _ Ov
or ~— Oy
ou _ _ Ov
dy Oz
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from which it follows by further differentiation that both v and v are harmonic functions
(i.e., Au = Av = 0) all over D). Applying It6’s formula and the Cauchy-Riemann
equations shows that the real and imaginary parts of f(B;) have zero covariation and
that they have identical quadratic variation. Applying the ideas of the Dubins-Schwartz
theorem yields the result.

In principle, Theorem 4.12 (in combination with the famous Riemann mapping
theorem) can be used to extract all the information we need about the behaviour of
Brownian motion. For instance, the exit distribution from a domain D is simply the
conformal image of the uniform measure of the circle by a map from the disc to this
domain.

Remark. The ramifications of this result are huge. On the one hand, it serves as a
bridge between probability and complex analysis, and in the example sheet you will
prove a result of complex analysis just using Brownian motion. This connection is one
aspect of the deep connection between random processes and harmonic analysis (which
will be further developed later on). On the other hand, conformal invariance of Brow-
nian motion, already observed by Paul Lévy in the 1940’s, can be seen as the starting
point of one of the most fascinating recent theories developed in probability, which is
that of SLE (for Schramm-Loewner Evolution) and conformally invariant processes in
the plane.

4.3 Recurrence and Transience of Brownian motion

As explained in the introduction to these notes, Brownian motion is the scaling limit
of d—dimensional random walks (this theorem will actually be proved in its strong
form in the next subsection). One of the most striking results about random walks is
Polya’s theorem which says that simple random walk is recurrent in dimension 1 and
2, while it is transient in dimension 3. What is the situation for Brownian motion?
Being the scaling limit of simple random walk, one might expect the answer to be the
same for Brownian motion. It turns out that this is almost the case: there is however
something subtle happening in dimension 2. In the planar case, Brownian motion is
neighbourhood-recurrent (it visits any neighbourhood of any point “infinitely often”)
but almost surely does not hit any point chosen in advance.

We work with the Wiener measure W on the space of continuous functions, and
recall that W, denote the law of a Brownian motion started at x. Let E, denote the
expectation under this probability measure. In the sequel, B(x,r) and B(z,r) denote
the Euclidean ball of radius  about = € R,

Theorem 4.13 (i) If d = 1, Brownian motion is point-recurrent in the sense that:

Wo —a.s. for all z € R, {t > 0: By = x} is unbounded

(i1) If d > 3, Brownian motion is transient, in the sense that | Bi|| — oo almost surely
as t — oo.

(i1i) If d = 2, Brownian motion is neighbourhood-recurrent, in the sense that for every
x € R?, every open set is visited infinitely often Wy-almost surely. Equivalently,
for any e > 0,
{t >0:||B|| < e} is unbounded
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W,-almost surely for every x € R%2. However, points are polar in the sense that
for every x € R?,
Wo(B: = x for somet >0) =0.

Proof. (i) is a consequence of (ii) in Proposition ?7.

(ii) Let B = (B',..., B?) be a d-dimensional Brownian motion with d > 3. Clearly it
suffices to prove the result for d = 3 since

3
I1Bell* > R = [IBf|?
=1

and we are precisely claiming that the right-hand side tends to infinity as t — oo. Now,
for d = 3, a simple calculation shows that if f(x) = 1/||z||, then Af = 0. Thus by Itd
s formula,

1/R; is a local martingale.

Since it is nonnegative, it follows from Proposition 2.14 that it is a supermartingale.
Being nonnegative, the martingale convergence theorem tells us that it has an almost
sure limit M as ¢ — 0o, and it suffices to prove that M = 0 almost surely. Now on the
event {M > 0}, R; must be bounded, and thus so is |B}|. This has probability 0 by (i)
and hence M =0 a.s.

(iii) Let d = 2 and let B be a planar Brownian motion. Assume without loss of
generality that By = 1. We are going to establish that starting from there, B will never
hit 0 but will come close to it “infinitely often” (or rather, “unboundedly often”). For
k€7, let Ry = e* and let

7 = inf{t > 0: || Bi|| = R}

and let
T =T_oo =inf{t > 0: B = 0}.

Our first goal will be to show that 7 = oo, almost surely. Define a sequence of stopping
times T;, as follows: Ty = 0, and by induction if Z,, = ||Br, || then

Toi1 = inf{t > T, | Bi|| € {e ' Zp,eZ,}}.

Notice that if k,m > 1 are two large integers, the probability that 7_; < 7, is the
probability that Z,, visits e ¥ before e™. Put it another way, it is also the probability
that (log Z,,n > 0) visits —k before m.

On the other hand, by It6’s formula, M; = log || Bia-|| is a local martingale since

(z,y) — log(z? + ¢?) is harmonic on R?

Since M, is bounded on [T},; T},+1], it follows from the Optional Stopping Theorem that
given log Z,, = k € Z,

P(log Zy41 =k +1|log Z, = k) = P(log Z+1 = k — 1|log Z,, = k) = 1/2.
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Moreover, the strong Markov property of Brownian motion implies that (log Z,,n > 0)
is a Markov chain. In other words, (log Z,,n > 0) is nothing but simple random walk
on Z. In particular, it is recurrent. Therefore, for any m > 0,

P(r_p <Tm) —0

as k — oo. Therefore,
P(r<7m)=0

for all m > 0. This implies that 7 = oo almost surely since 7,,, — 00 as m — oco. On
the other hand, this argument shows that 7, < oo for all k € Z, and there are infinitely
many times that B visits this ball after returning to a radius greater than 1. Thus the
set of times such that B; € B(0, Ry) is unbounded a.s. g

Remark. Notice that (iii) implies the fact that {¢ > 0 : B; € B(z;¢) is unbounded
for every € R? and every ¢ > 0, almost surely. Indeed, one can cover R? by a count-
able union of balls of a fixed radius). In particular, the trajectory of a 2-dimensional
Brownian motion is everywhere dense. On the other hand, it will a.s. never hit a
fixed countable family of points (except maybe at time 0), like the points with rational
coordinates!

4.4 Donsker’s invariance principle

The following theorem completes the description of Brownian motion as a ‘limit’ of
centered random walks as depicted in the beginning of the chapter, and strengthens
the convergence of finite-dimensional marginals to that convergence in distribution.

We endow C([0,1],R) with the supremum norm, and recall (see the exercises on
continuous-time processes) that the product o-algebra associated with it coincides with
the Borel o-algebra associated with this norm. We say that a function F' : C([0, 1]) — R
is continuous if it is continuous with respect to this norm. Often, functions F' defined
on C will be called functionals. For instance, the supremum of a path on the interval
[0,1] is a (continuous) functional.

Theorem 4.14 (Donsker’s invariance principle) Let (X,,,n > 1) be a sequence of
R-valued integrable independent random variables with common law w, such that

/lmddx):()andu/agukhﬁzzaze(Oﬂm)

Let So =0 and S, = X1+ ...+ X, and define a continuous process that interpolates
linearly between values of S, namely

Se=1—{t})Sy +{t}Syy-1  t >0,
where |t| denotes the integer part of t and {t} =t — |t|. Then

SNt

SWL—(,0<t<1>
Vo2N

converges in distribution to a standard Brownian motion between times 0 and 1, i.e.

for every bounded continuous function F : C([0,1]) — R,

n—oo

Epwmﬂ—+mww»
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Notice that this is much stronger than what Proposition 1.1 says. Despite the slight
difference of framework between these two results (one uses cadlag continuous-time
version of the random walk, and the other uses an interpolated continuous version),
Donsker’s invariance principle is stronger. For instance, one can infer from this theorem
that the random variable N—1/2 SUPg<p<n On converges to supg<;<; B in distribution,
because f — sup f is a continuous operation on C([0,1],R). Proposition 1.1 would be
powerless to address this issue.

The proof we give here is an elegant demonstration that makes use of a coupling of
the random walk with the Brownian motion, called the Skorokhod embedding theorem.
It is however specific to dimension d = 1. Suppose we are given a Brownian motion
(B¢, t > 0) on some probability space (€2, F, P).

Let py(dz) = P(X1 € dz)lg>op, p—(dy) = P(=X1 € dy)ly,~0y define two non-
negative measures. Assume that (2, F, P) is a rich enough probability space so that
we can further define on it, independently of (B;,t > 0), a sequence of independent
identically distributed R?-valued random variables ((Yy,, Z,),n > 1) with distribution

1
B((Yn, Zn) € dzdy) = & (z + y)p+ (do)p—(dy),
where C' > 0 is the appropriate normalizing constant that makes this expression a
probability measure (this is possible because X has a well-defined expectation).
We define a sequence of random times, by Ty = 0,77 = inf{t > 0: B, € {Y1,—Z1}},
and recursively,

T, =inf{t > T,_1: By — By, , € {Yn,—Z}}.

By (ii) in Proposition ??, these times are a.s. finite, and they are stopping times with
respect to the filtration (F;). We claim that

Lemma 4.15 (Skorokhod’s embedding) The sequence (Br,,n > 0) has the same law
as (Sp,n > 0). Moreover, the intertimes (T, — T,—1,n > 1) form a sequence of inde-
pendent random variables with same distribution, and expectation E[T}] = o?.

Proof. Let FB be the filtration of the Brownian motion, and for each n > 0, introduce
the filtration G" = (G, t > 0) defined by

Gr=FBvo1,2y,....Y0, Zy).

Since (Y;, Z;) are independent from F2, (B;,t > 0) is a G"-Brownian motion for every
n > 0. Moreover, T}, is a stopping time for G™. It follows that if B, = (Br,++— B, t >
0) then B is independent from Gy, - Moreover, (Y41, Zn+1) is independent both from
Gy, and from B, therefore (T}, 11 — Ty,), which depends only on B and (Y41, Zni1) is
independent from G7. . In particular, (75,41 —T5) is independent from o (7o, T1, ..., Ty).
More generally, we obtain that the processes (Byyr,_, — Bp,_,,0 <t <T, —T,_1) are
independent with the same distribution.

It therefore remains to check that Br, has the same law as X; and E[T}] = o2.
Remember from Proposition 4.2 that given Yj, Z;, the probability that By, = Y] is
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Z1/(Y1 + Zy), as follows from the optional stopping theorem. Therefore, for every
non-negative measurable function f, by first conditioning on (Y7, Z7), we get

Y1

E[f(Br)] =E [f(Yl)Ylilzl HI(=205— ZJ
= 1 x x ) —2 - °
= [ v (05 )
— % pt(dz)p—(dy)(yf(x) + zf(—y))
R4 xR?
=& [ mtanso [ @ s [ n s [

Now observe that since E(X;) = 0, it must be the case that

/R+ zpq(dz) = /]R yu-(dy) = ¢,

+

say, and thus, the left hand side is equal to

BB = 5 [ (s + f(-a)p-(a)

C/
-G [ femtas)
C/

:‘ZTELf@YQL

C, and hence By, has the same law as X;.

By taking f = 1, it must be that C’
For E[T1], recall from Proposition 4.2 that E[inf{t > 0: B; € {z,—y}}] = zy, so by a

similar conditioning argument as above,

E[Th] = /R - %(x+y)wyu+(dx)uf(dy)

1
=& [ @ne(da) / yu-(dy) + 5 / y*u—(dy) / wpy (dz)
R RY R Ry

C’/ 9

= — | z*u(dx

c ). p(dx)
Cl

but since we already know that C’ = C, this shows that E(T}) = 02, as claimed. [
We will need another lemma, which tells us that the times 7, are in a fairly strong
2

sense localized around there mean mo

Lemma 4.16 We have the following convergence as N — 00:
(4.5)

N~' sup |T, —o°n| -0 a.s.
0<n<N
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Proof. By the strong law of large numbers, note that T},/n — o2 almost surely.
Thus, fix £ > 0. Then there exists Ng = Ny(e,w) such that if n > Ny, |n 1T}, —0?| < €.
Thus if Ny < n < N, then

NﬁllTn—nJQ\ < %s <e

Moreover, N ! SUPo<n<N, | Tn —no?| tends to 0 almost surely as N — oo, so this implies
(4.5). O

Proof of Donsker’s invariance principle. We suppose given a Brownian motion
B. For N > 1, define BY) = NY2By_1,,t > 0, which is a Brownian motion by

scaling invariance. Perform the Skorokhod embedding construction on B®Y) to obtain
variables (TT(LN)7 n > 0). Then, let SéN) — BWY) . Then by Lemma 4.15, (57(1N)’ n > 0) is

TN
a random walk with same law as (S,,n > 0). We interpolate linearly between integers
to obtain a continuous process (St(N),O < t < 1) which thus has the distribution as
(St,0 <t <1). Finally, let
_ &)
S(N) — Nt ,t 2 0

! VoIN
(N)

and TV = N—17V), Finally, let B; = B,2;/V 02, which is also a Brownian motion.
We are going to show that the supremum norm

~(N
1B, — S™||oe = 0

as N — oo, where —, denotes convergence in probability.
First recall what we have proved in (4.5), and note that this implies convergence in
(N

probability. Since (T3 ),n > 0) has the same distribution as (7},,n > 0) we infer from
this that for every § > 0, letting 0’ = 6o > 0, we have:

N—o0

P(N_l sup ]T,SN)—n02]25’> — 0.
0<n<N
Therefore dividing by o2
P( sup |T7§N)/02—n/]\7\26> — 0.
0<n<N N—oo

Now, note that if ¢t = n/N, then

(N)
s _ s _Prm

NoZ ol *B'TV,EN)/af

Thus, by continuity, if ¢t € [n/N, (n + 1)/N], there exists u € [T»,(LN)/O'Z,TéJI%/O'Q] such

that St(N) = B),. Therefore, for all € > 0 and all § > 0, the event

{ sup ]gt(N) - Bj| > E} - ULf;YE,
0<t<1
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where

Kévz{ sup \TTEN)/JQ—TL/N\>5}
0<n<N
and

Ly.={3te[0,1],Juet—6,t+5+1/N]:|B] - B,| > ¢}.

We already know that P(KY) — 0 as N — oo. For LY, since B’ is a.s. uniformly
continuous on [0, 1], by taking § small enough and then N large enough, we can make
P(L") as small as wanted. More precisely, if

Lose ={3t €1[0,1], Ju € [t — 25,¢t + 20 : |B; — B, | > ¢}

then for N >1/0, Lé\; C Lys., and thus for all 6 > 0:

limsup P (Hg(N) — B[00 > E) < P(Lase)
N—o0

However, as § — 0, P(Las.) — 0 by almost sure continuity of B’ on (0, 1) and the fact
that these events are decreasing. Hence it must be that

lim sup P (||§(N) — B[ > 5) =0.

N—oo

Therefore, (§ M o<t< 1) converges in probability for the uniform norm to (B, 0 <
t < 1), which entails convergence in distribution. This concludes the proof. Il

4.5 Brownian motion and the Dirichlet problem

Let D be a connected open subset of R? for some d > 1 (though the story is interesting
only for d > 2). We will say that D is a domain. Let 0D be the boundary of D. We
denote by A the Laplacian on R

Definition 4.1 Let g : 0D — R be a continuous function. A solution of the Dirichlet
problem with boundary condition g on D is a functionu : D — R of class C*(D)NC(D),
such that

{ Au=0 onD

4.6
ulop = 9. (46)

A solution of the Dirichlet problem is the mathematical counterpart of the following
physical problem: given an object made of homogeneous material, such that the tem-
perature g(y) is imposed at point y of its boundary, the solution u(x) of the Dirichlet
problem gives the temperature at the point z in the object when equilibium is attained.

As we will see, it is possible to give a probabilistic resolution of the Dirichlet problem
with the help of Brownian motion. This is essentially due to Kakutani. We let E, be
the law of the Brownian motion in R? started at x. In the remaining of the section,
let T'=inf{t > 0: B; ¢ D} be the first exit time from D. It is a stopping time, as it
is the first entrance time in the closed set D¢. We will assume that the domain D is
such that P(T < co) = 1 to avoid complications. Hence Br is a well-defined random
variable.

We will need the following generalization of 1t6’s formula:
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Lemma 4.17 Let D be a domain (open and connected subset of R?) which is a proper
subset. Let f: D — R be a C? function on D. Then if X is a semimartingale such that
Xo € D almost surely, and if T = inf{t > 0: X; ¢ D} then we have:

0
F(X0) = E_jagfz JAXI+ S Z/ axiax] d[X*, X7,

almost surely for allt < T.

Proof. We may assume without loss of generality that X* € M2 for each 1 < i < d.
Let n > 1 and define T;, = inf{¢t > 0 : d(Xy, D¢) < 1/n}. Then T,, < T almost surely
and T, is nondecreasing, hence L = lim,_,, 1), exists. We have L. < T by passing
to the limit in 7T,, < T, and we also claim that L > T. Indeed, since the distance
is a continuous function, d(Xr, D) = 0. Note that d(Xp, D) = infycpe d(Xp,y) =
inf,c penp(x, 1) (XL, y). Since D is open, DN B(Xp,1) is compact and thus this
distance is attained. This means that X € D¢ which implies L > T'. Thus L =T
Now, let us introduce a sequence of functions (¢, )m>1 which are C*°-approximations
of the identity (such as the Gaussian kernel with variance 1/m.) Consider the function

Jnm = (fl{Dn}) * Pm

where D,, is the subdomain D, = {ac E D : d(:n DC) > 1/n} and x denotes the
convolution of two functions, i.e., f x g(x f]Rd — y)dy. Since ¢, is C*°, and
since convolution is a regularlzlng operatlon the functlon fr,m is C* for all n, m. Thus
we can apply It6’s formula to f;, »,,. Stopping at time T}, we get:

tAT, d af ) 1 d tATy, 82f . .
(X = DX )X+ = 2 (X)X, X, (4.
Fu Xz, = [ > 5+2§:}1/0 Fag e (X)X X, (47

However, since f is C? inside D, we have for all x € D,,:

Ofom, \ of
7(%1, (7) = Pm * 8751

and 5 o
8xi8xj (:E) = $mx 83@18% (l’)

Since ¢y, is an approximation of the identity, this means that as m — oo,

8fn,m af a2fnm an
ox; (@) = ox; (z), and 0x;0x; () = 0x;0x; (z)

pointwise in D. This implies that one can take the limit m — oo in (4.7). Indeed, the
second term

NI g2 S AT g2 ¢ o
) 7 7 i j
/0 Gy VAN X e /0 o, O X,
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converges because of the Lebesgue convergence theorem since each X; € M?2. To see
that the first term also converges, apply the isometry property of the stochastic integral
and the Lebesgue convergence theorem:

afnvm af i 2 o Tn afn,m af 2 i
H< dw; axi) (X)X X - </0 < dr; (%‘i) (XS)d[X]8> o

Thus we get the desired formula for all ¢ < T,, almost surely. Letting n — oo finishes
the proof. n

In the sequel, | - | is the Euclidean norm on R?. The goal of this section is to prove
the following result:

Theorem 4.18 Suppose that g € C(OD,R) is bounded, and assume that D satisfies a
local exterior cone condition (l.e.c.c.), i.e. for every y € OD, there exists a nonempty
open convex cone with origin at y such that C N B(y,r) C D¢ for some r > 0. Then
the function

u: x> By [g(Br)]

is the unique bounded solution of the Dirichlet problem (4.6). In particular, if D is
bounded and satisfies the l.e.c.c., then u is the unique solution of the Dirichlet problem.

We start with a uniqueness statement.
Proposition 4.19 Let g be a bounded function in C(0D,R). Set
u(z) = E; [9(Br)] .
If v is a bounded solution of the Dirichlet problem, then v = u.

In particular, we obtain uniqueness when D is bounded. Notice that we do not
make any assumption on the regularity of D here besides the fact that T" < oo a.s.
Proof. Let v be a bounded solution of the Dirichlet problem. Let T, = inf{t >
0:d(Xy, D) < 1/n}. Since Av = 0 inside D, we know by Lemma 4.17 that M; =
v(Biat,) — v(Bo) is a local martingale started at 0 (here, By = x almost surely).
Moreover, since v is bounded, M is a true martingale which is uniformly integrable.
Applying the optional stopping theorem (2.36) at the stopping time T,

E(Mrz, ) = Ee(v(Br,) — v(z)) = Es(9(Br,)) — v(z) = 0.
Since T;, — T almost surely as n — oo, and since v is continuous on C(D), we get:
v(z) = Eq(9(Br))

as claimed.
O

For every € R? and r > 0, let oz, be the uniform probability measure on the
sphere S, = {y € R?: |y —z| = r}. Tt is the unique probability measure on S, , that is
invariant under isometries of S, ,. We say that a locally bounded measurable function
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h: D — R is harmonic on D if for every x € D and every r > 0 such that the closed
ball B(z,r) with center z and radius r is contained in D,

hz) = /S b))

Proposition 4.20 Let h be harmonic on a domain D. Then h € C>*(D,R), and
Ah =0 onD.

Proof. Let x € D and ¢ > 0 such that B(z,e) C D. Then let ¢ € C°(R,R) be
non-negative with non-empty compact support in [0,[. We have, for 0 < r < ¢,

h(z) = / h(z + y)oo,r(dy).
S(0,r)
Multiplying by ¢(r)r?~! and integrating over r € (0,¢) gives
ch(zx) = / o(|z])h(z + 2)dz,
B(0,¢)
where ¢ > 0 is some constant, where we have used the fact that
flx)dze =C rd_ldr/ f(ry)oor(dy)
Rd Ry S(0,7)

for some C' > 0. Therefore, ch(x) = fB(%E) o(|z — z|)h(2)dz = [pa (|2 — z|)h(2)d=z
since ¢ is supported on B(0,¢). By derivation under the [ sign, we easily get that h is
C>. (Indeed, we may assume that 7 — @(r'/2) is C*°). Another way to say this is to
say that ch(x) = @ h where $(2) = ¢(|2]). If r — @(r'/2) is C*°, then ¢ € C®°(R%, R)
and thus, the convolution being a regularizing operation, this implies pxh € C*(D,R).
Thus h € C=°(D, R).

Next, by translation we may suppose that 0 € D and show only that Ah(0) = 0.
we may apply Taylor’s formula to h, obtaining, as x — 0,

d

2 2
h(e) = h0) + (VA0).2) + D st 5 (0) + 3 a5 (0) + offaf).
i=1 i i£j ¢

Now, integration over Sg, for r small enough yields
/ h(x)og - (dz) = h(0) + C.AR(0) + o(r?),
Sz,r

where C, = fSo,r 2300, (dx), as the reader may check that all the other integrals up to
the second order are 0, by symmetry. Now, it is easy to see that there exists ¢ > 0 such
that C, > ¢r? for all 0 < r < 1. Since the left-hand side is h(0) and the error term on
the right-hand side is o(r?) = o(C,.), it follows that Ah(0) = 0. O

Therefore, harmonic functions are solutions of certain Dirichlet problems.
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Proposition 4.21 Let g be a bounded measurable function on 0D, and let T' = inf{t >
0: By ¢ D}. Then the function h : x € D — Ey[g(Br)] is harmonic on D, and hence
Ah =0 on D.

Proof. For every Borel subsets Ay, ..., A of R and times ¢; < ... < tj, the map
X — Pm(Btl € Aq,... ,Btn € An)

is measurable by Fubini’s theorem, once one has written the explicit formula for this
probability. Therefore, by the monotone class theorem, = — E,[F] is measurable for
every integrable random variable F', which is measurable with respect to the product
o-algebra on C(R,R?). Moreover, h is bounded by assumption.

Now, let S = inf{t > 0 : |By —x| > r} the first exit time of B form the ball of center
r and radius . Then by (ii), Proposition 1.12, S < oo a.s. By the strong Markov
property, B = (Bgy¢,t > 0) is an (Fg4¢) Brownian motion started at Bg. Moreover,
the first hitting time of 9D for B is T'=T — S. Moreover, B = Br, so that

Bulo(Br)) = Bula(By)) = [ Po(Bs € d9)Bylo(Br)1 o)

and we recognize [ P,(Bg € dy)h(y) in the last expression.

Since B starts from z under P,, the rotation invariance of Brownian motion shows
that Bg — x has a distribution on the sphere of center 0 and radius r which is invariant
under the orthogonal group, so we conclude that the distribution of Bg is the uniform
measure on the sphere of center x and radius r, and therefore that h is harmonic on
D. O

It remains to understand whether the function u of Theorem 4.18 is actually a
solution of the Dirichlet problem. Indeed, is not the case in general that u(z) has limit
g9(y) as ¢ € D,z — y, and the reason is that some points of 9D may be ‘invisible’ to
Brownian motion. The reader can convince himself, for example, that if D = B(0,1) \
{0} is the open ball of R? with center 0 and radius 1, whose origin has been removed,
and if g = 10y, then no solution of the Dirichlet problem with boundary constraint
g exists. The probabilistic reason for that is that Brownian motion does not see the
boundary point 0. This is the reason why we have to make regularity assumptions on
D in the following theorem.

Proof of Theorem 4.18.

It remains to prove that under the l.e.c.c., u is continuous on D, i.e. u(z) converges
to g(y) as € D converges to y € dD. In order to do that, we need a preliminary
lemma. Recall that T is the first exit time of D for the Brownian path.

Lemma 4.22 Let D be a domain satisfying the l.e.c.c., and let y € 0D. Then for
everyn >0, P,(T<n)—1asx €D —y.

Proof. Let C, = y + C be a nonempty open convex cone with origin at y such that
Cy C D¢ (we leave as an exercise the case when only a neighborhood of this cone around
y is contained in D¢). Then it is an elementary geometrical fact that there exists a
nonempty open convex cone C’ with origin at 0 such that for every § > 0 small enough,
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we can find an € = £(§) > 0 such that if C), = z + C’, then (C, \ B(z,d)) C C, for all
x € B(y,e).

[Here is a justification. Assume without loss of generality that y = 0 to simplify, and
fix 0 > 0. Let O be an open set in the unit sphere such that C = {\z,z € O, \ > 0}.
There exists a > 0 and another open set O’ in the unit sphere such that O’ C O and
if z € Sp1 with d(z,0’) < a then z € O. (For instance consider the intersection of the
sphere with two concentric open balls centered at some zg € O, and take O the smaller
of the two balls intersected with S). Now, choose ¢ = da/4. Let = € B(0,¢), and let us
show that (z +C’)\ B(z,d) C C where C’ is the cone generated by O’ originating at 0
(which does not depend on 9). For y € O', let z = (z+ \y)/r where r = ||z + Ay||, then
z € Sp,1. Moreover, note that by the triangular inequality |r — A| < e. Thus if r > §/2,

1
ly =2l = lly =~y + )]

1

= L~ A - al
2

<4—€<

=75 S«

by definition of €. Hence z € O and hence x + Ay = rz € C. Now, if € is further chosen
such that ¢ < §/2, then for all x € B(0,¢) and for all u € (z + C")\ B(x,9), r = |jul]| <
d/2 automatically by the triangular inequality, and thus the previous conclusion u € C
holds. We have shown that (z + C’) \ B(x,8) C C as desired.]

Now by (iii) in Proposition 1.12, if

HS, = inf{t >0: B; € C'\ B(0,0)},

then
Po(HS < 1) = Po(Her <n) =1as | 0.

Therefore, for all a > 0 there exists § > 0 such that P(HS, <) > 1 — a. Choosing
e = ¢(9) associated with this d, we find that for every = € B(y, €), we have by translation
invariance, and letting Tk be the hitting time of a set K,

= Po(Hs > 1)
< a (by our choice of 9).

This means that P,(7 > n) — 0 as x — y, which proves the lemma. O

We can now finish the proof of Theorem 4.18. Let y € 0D. We want to estimate
the quantity E;[g(Br)] — g(y) for some x € D. For 1, > 0, let

Ays = { sup |B; — x| > 5/2}.

0<t<n@
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This event decreases to @ as i | 0 because B has continuous paths. Now, for any
d,m >0,

E.[lg(Br) — )| =Ez[lg(Br) — g(y)|; {T < n} N A§,]
+E.[|g(Br) — g(y)|; {T < n} N Asy]
+E.[lg(Br) — 9(y)|; {T = n}]

Fix e > 0. We are going to show that each of these three quantities can be made < £/3
for = close enough to y. Since g is continuous at y, for some § > 0, |y — z| < ¢ with
Y,z € 0D implies |g(y) — g(z)| < /3. Moreover, on the event {T" < n} N Af . we know
that |Br — x| < 0/2, and thus |By —y| < ¢ as soon as |z — y| < §/2. Therefore, for
every 1 > 0, the first quantity is less than /3 for x € B(y,§/2).

Next, if M is an upper bound for |g|, the second quantity is bounded by 2M P(A; ).
Hence, by now choosing 7 small enough, this is < ¢/3.

Finally, with ¢, 7 fixed as above, the third quantity is bounded by 2M P, (T > 7).
By the previous lemma, this is < £/3 as soon as x € B(y,a) N D for some o > 0.
Therefore, for any x € B(y,a Ad§/2) N D, |u(x) — g(y)| < e. This entails the result. [

Corollary 4.23 A functionu : D — R is harmonic in D if and only if it is in C*(D,R),
and satisfies Au = 0.

Proof. Let u be of class C?(D,R) and be of zero Laplacian, and let z € D. Let ¢ be
such that B(z,¢) € D, and notice that u|g, . is a solution of the Dirichlet problem

on B(z,e) with boundary values u|yp(; ). Then B(z,e) satisfies the Le.c.c., so that
ul B(xz,) 18 the unique such solution, which is also given by the harmonic function of
Theorem 4.18. Therefore, u is harmonic on D. O

4.6 Girsanov’s theorem

4.6.1 An intuitive approach to Girsanov’s theorem

Given a local martingale M, one may define an exponential martingale associated with
it, which will play a crucial role in what follows.

Definition 4.2 Let M € M., with My = 0. Set Z; = exp (M — 1[M];). By Ito’s
formula

dZy = Zy(dM, — 3d[M),) + 1 Z, d[M], = Z, dM, (4.8)

and so Z € M joc. We call Z the exponential martingale of M (sometimes also called
the stochastic exponential of M) and write Z = E(M).

Girsanov’s theorem is a result which relates absolute continuous changes of the
underlying probability measure P to changes in the drift of the process. In order
to see where this deep result comes from on a simple example where one can compute
everything by hand, consider the following. Let ¢ > 0 and b # 0, and let X; = 0 B, + bt.
Then we claim that the law of X is absolutely continuous with respect to the law of
Brownian motion Y; = oB; with speed o (but without drift), so long as we restrict
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ourselves to events of [F; for some fixed ¢ > 0. Indeed, if n > 1 and 0 = {5 < t1 <
...tp,=tand x9g = 0,21,...,x, € R, then we have:

n—1

i1 — i = bltis1 —:))*\ -
=1

i—0 20’2 (ti—i-l - ti)

where C is a factor depending on t1,...,t, and o, whose value is of no interest to us.
It follows that

]P)(th :.fl,...,th :.’En) :e_Z
P(}/tl :$1,---7Yt :$n)

n

where

I
—

o @i — @ = bt —4))* (i — @)

20’2(ti+1 — ti) - 20’2(ti+1 — ti)

Z

o
|

=0
1

3

b 1
—— @it1 —z) + T‘QbQ(tiH — i)

g

Il
o

%

t 1 t
— —/ o 2bdY, + 2/ Vo 2%ds asmn — oo.
0 0

(We have written the last bit as a convergence although there is an exact equality,
since it should be clear from this calculation that when ¢ and b depend on the position
x (which is precisely what defines the SDE’s developed in the next chapter), then a
similar convergence holds.) Thus if Q is the law of X, and P the law of Y,

=E(07'Y),

So we have written the density of X with respect to Y as an exponential martingale.
The point of view of Girsanov’s theorem is a slightly different perspective, essentially
the other side of the same coin. We will consider changes of measures given by a suitable
exponential martingale, and observe the effect on the drift.

4.6.2 Statement of Girsanov’s theorem

We start by the following inequality which will be useful in the proof of Girsanov’s
theorem, but is also interesting in its own right.

Proposition 4.24 Exponential martingale inequality
Let M € Mg o with My = 0. Then for all x > 0,u > 0,

IP’(sup M; >z, [M]x < u) < e/ (u), (4.9)
t>0
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Proof.
Fix x > 0 and set T'=inf{t > 0: M; > z}. Fix 6 € R and set

Zy = exp (OM] — 10*[M]]) . (4.10)

Then Z € Mo and |Z] < e, Hence, Z € M? and, by OST, E(Z) = E(Zy) = 1.
For v > 0 we get by Markov’s inequality

P(sup M; >z, [M]oo < 1) < P(Zoo > ?7720°%) < e 0rt30% (4.11)
t>0

Optimizing in 0 gives # = z/u and the result follows. (It is also possible to use the
Dubins-Schwarz theorem if we allow a multiplicative constant on the right-hand side
of the inequality). O

Proposition 4.25 Let M € M o with My = 0 and suppose that [M] is a.s. uniformly
bounded. Then E(M) is a UI martingale.

Proof. Let C be such that [M], < C a.s. By the exponential martingale inequality,
for all x > 0

]P’(sup M; > :z) = P(sup M; >z, [M]e < C’) < e /20) (4.12)
>0 >0

Now, sup&(M); < exp (sup Mt> and
>0 >0

E(exp (Suth)) :/OOIP)<suth>log)\) A
0

>0 £>0
< 1+/ e~ (108 0)*/20) ) < oo . (4.13)
1
Hence, £(M) is Ul and, by Proposition 2.9, £(M) is a martingale. O

The next result is of fundamental importance in mathematical finance (in the con-
text of “risk neutral measures”). Remember that for two probability measures Py, Py
on a measurable space (£2, F), P is absolutely continuous with respect to Py, P; < Po,
if

Py(A)=0 = Pi(A)=0 forall Aec F. (4.14)

In this case, by the Radon-Nikodym theorem, there exists a density f : Q — [0, 00) which
is F-measurable and Py unique almost surely (and hence P; unique almost surely as
well), such that P; = fPy. That is, for all A € F,

Py(A) = /Q F(@) Ly (@) AP ().

f is also called the Radon-Nikodym derivative, and we denote:

dPy

|, =t

f
(Note that in general, the density f depends on the o-field F).
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Theorem 4.26 Girsanov’s theorem
Let M € Mcioc with Mo = 0. Suppose that Z = E£(M) is a Ul martingale. We can
define a new probability measure P < P on (2, F) by

P(A) =E(Zs14), A€ F. (4.15)

Then for every X € Mcoc(P), X — [X, M] €~./\/lc,loc(1§’). Moreover the quadratic
variation of X under P and of X — [X, M| under P are identical P and P almost surely.

Proof. Since Z is Ul, the limit Z,, = lim;_,, Z; exists P-almost surely, Z,, > 0 and
E(Zs) = E(Zy) = 1. Thus P(Q) = 1, P(§) = 0 and countable additivity follows by
linearity of expectation and the monotone convergence theorem. P(A) = J4 ZoodP =0
if P(A) =0s0 P < P.

Let X € M_ o and set

T, =inf{t>0: |X;— [X,M};| >n} . (4.16)

Since X — [X, M] is continuous, P(T}, * 0o) = 1 with implies P(T;, /* o0) = 1. So to
show that Y = X — [X, M] € M, o.(P), it suffices to show that

yTn = xTn — [ X" M) € M.(P) forallneN . (4.17)

Replacing X by X™» we reduce to the case where Y is uniformly bounded. By the
integration by parts formula and the Kunita-Watanabe identity,

d(Z:Yy) =YdZy + Zy dY; + d[Zy, Y]
— Y, ZudM, + Zy(d X, — d[Xy, My)) + Z d[My, X3
=Y, Z,dM, + Z,dX, (4.18)
and so ZY € Mco(P) . Also {ZT : T is a stopping time} is UI.

So since Y is bounded, {ZT Yr : T is a stopping time} is UL. Hence, ZY € M (P).
But then for s <t,

E(Y; — Yy | Fo) =E(Zo(Y; — V) | F) (4.19)
=E(Z:Y; — Z; Y | Fs) =0 (4.20)

since ZY € M.(P). Therefore, Y € M, (P) as required. The fact that the quadratic
variation [Y] is the same under PP as it is under P comes from the discrete approximation:

[27t] -1
Y]e=[Xl = lim »  (Xgsnpn = Xpon)?
k=0

P almost surely. Since P is absolutely continuous with respect to I this limit also holds
[P almost surely, and hence the quadratic variation [Y] under P has the same value as
under P. a

Corollary 4.27 Let B be a standard Brownian motion undef P and M € Mo such
that My = 0. Suppose Z = E(M) is a Ul martingale and P(A) = E(Zs 14) for all
A€ F. Then B := B — [B, M] is a P-Brownian motion.
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Proof. Since B € M, o(P) by Theorem 4.26 and has [B]; = [B]; = t, by Lévy’s
characterization, it is a Brownian motion. O

Remark. This corollary should be read backward: if X is a Brownian motion, then
changing the measure by the exponential martingale £(M), X = X + [X, M] where
X is a Brownian motion under the new measure. So the old process (which was just
Brownian motion) becomes under the new measure a Brownian motion plus a “drift”
term given by the covariation [X, M].

Let (W, W, W) be the Wiener space. (Recall that W = C([0,00),R), W = o(X; :
t > 0) where X; : W — R with X;(w) = w(t). The Wiener measure W is the unique
probability measure on (W, W) such that (X¢)¢>o is a Brownian motion started from
0.)

Definition 4.3 Define the Cameron-Martin space
H = {h eW : h(t / ¢(s) ds for some ¢ € L*(|0, oo))} . (4.21)

For h € H, write h = ¢ the derivative of h.

Theorem 4.28 Girsanov, Cameron-Martin theorem
Fiz h € H and set W to be the law on (W, W) of (B; + h(t),t > 0) where By is a
Brownian motion: that is, for all A € W,

Wh(A) =W({weW : w+he A}). (4.22)

Then W" is a probability measure on (W, W) and Wh <« W with Radon-Nikodym

density
oo 1 [ .
~ exp < / () dX, — 5 / h(s)2d5>. (4.23)
w 0 0

Remark. So if we take a Brownian motion and shift it by a deterministic function
h € H then the resulting process has a law which is absolutely continuous with respect
to that of the original Brownian motion.

dWh
dW

Proof. Set W, = 0(Xs,s < t)and M; = fo s)dXs. Then M € M? (W W, (Wt)tZO,W)
and

Ml = /000 P(s)?ds =: C < o0 . (4.24)

By Proposition 4.25, £(M) is a Ul martingale, so we can define a new probability
measure P < W on (W, W) by

I ()= exp (Mao(0) 5 (Moo (0) ) = exp ( /0 "o(s)dX, )5 /0 °O¢<s>2ds) (4.25)
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and X = X — [X,M] € Meioc(P) by Girsanov’s theorem. Since X is a W-Brownian
motion, by Corollary 4.27, X is a P-Brownian motion. Thus if A € Foo = W,

WH(A)=W({w: X(w)+h€A}) (by definition of W")
=P({w: X(w)+h e A}). (since X is a P-Brownian motion) (4.26)

But by the Kunita-Watanabe identity,

[XaM]t:[X ¢ X1y
X, X,

/ o(s)ds = h(t)

hence we get that X(w) = X(w) — h = w — h. Hence, plugging back in (4.26), for
AeWw,

Wh(A) = P({w: w € A}) = P(A). (4.27)

Therefore, W = P on Fao = W as required. a.

One of the most important applications of Girsanov’s theorem is to the study of Brown-
ian motion with constant drift. Indeed, applying the previous result with ¢(s) =1 {s<t}
gives us the following corollary (check it!)

Corollary 4.29 Let v # 0 and let WY be the law of (Xy +~t,t > 0) under W. Then
for allt > 0, and for any A € F,

W(A) = Evy <1{A} exp(y X — ;72t)> . (4.28)

This allows us to compute functionals of Brownian motion with drift in terms of Brow-
nian motion without drift — a very powerful technique. You will see some applications
of this result in Example Sheet 3.
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5 Stochastic Differential Equations

dx(t)

Suppose we have a differential equation, say =5~ = b(m(t)) , or, in integral form,

x(t) = z(0) —i—/o b(z(s))ds , (5.1)

which describes a system evolving in time, be it the growth of a population, the tra-
jectory of a moving object or the price of an asset. Taking into account random per-
turbations, it may be more realistic to add a noise term:

t
Xt = XO +/ b(XS)dS+UBt 5 (52)
0

where B is a Brownian motion and o is a constant controlling the intensity of the noise.
It may be that this intensity depends on the state of the system, in which case we have
to consider an equation of the form

t t
Xt:X0+/ b(Xs)ds+/ o(Xs) dB, | (5.3)
0 0

where the last term is, of course, an It6 integral. (5.3) is a stochastic differential
equation and may also be written

dX, = b(X,)dt + o(X,) dB; . (5.4)

5.1 General definitions

Let B be a Brownian motion in R™ with m > 1. Let d > 1 and suppose

and
b(z) = (bi(x))lgigd :RY — R?

are given Borel functions, bounded on compact sets. Consider the equation in R%:
dXt = O'(Xt) dBt + b(Xt) dt y (55)
which may be written componentwise as
dX} =Y o0y(Xy)dBl + b(Xy)dt, 1<i<d. (5.6)
j=1
This general SDE will be called E(o,b). A solution to E(c,b) in (5.5) consists of
e a filtered probability space (Q,}" . (Ft)e>0, IP’) satisfying the usual conditions;

e an (F;)s>0-Brownian motion B = (B!, ..., B™) taking values in R™;
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e an (F;)i>0-adapted continuous process X = (X1, ..., X% € R? such that
¢ ¢
X, = Xo + / o(X,) dB, +/ b(X,) ds . (5.7)
0 0

When, in addition, Xy = 2 € R?, we say that X is a solution started from .

There are several different notions of existence and uniqueness for SDE’s, and we need
to carefully distinguish between the various modes in which solutions can exist and be
unique.

Definition 5.1 Let E(o,b) be the SDE in (5.5).

e We say that E(c,b) has a solution if for all z € RY, there exists a solution to the
SDE started from z.

e There is uniqueness in law if all solutions to F(o,b) started from x have the same
distribution.

e There is pathwise uniqueness if, when we fix (Q,]:, (‘Ft)tZOa]P)) and B then any
two solutions X and X' satisfying Xo = X|, a.s. are indistinguishable from one
another.

e We say that a solution X of E(o,b) started from z is a strong solution if X is
adapted to the natural filtration of B.

Remark. In general, o(Bs, s < t) C F; and a solution might not be measurable with
respect to the Brownian motion B. A strong solution depends only on z € R% and the
Brownian motion B, and is moreover non-anticipative: if the path of B is known up to
time ¢, then so is the path of X up to time t. We will term weak any solution that is
not strong.

Example. It is possible to have existence of a weak solution and uniqueness in law
without pathwise uniqueness. Suppose (3 is a Brownian motion in R with Sy = x. Set

-1 ifx <0

t
Bt:/o sgn(fBs) dBs where sgn(:v):{ L x>0 (5.8)

In problem 3 on example sheet 2, we showed that (Sgn(ﬁt)) >0 1s previsible, so that
the It6 integral is well defined and B € M jo.. By Lévy’s characterization, B is a
Brownian motion started from 0, since [B]; = [8]; = t. It is also true that

t
B = +/ sgn(f3s) dBs . (5.9)
0
Hence, $ is a solution to the SDE
dX; =sgn(Xy)dBy, Xo==x. (5.10)

Thus (5.10) has a weak solution. Applying Lévy’s characterization again, it is clear
that any solution must be a Brownian motion and so there is uniqueness in law. On the
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other hand, pathwise uniqueness does not hold: Suppose that § is a solution to (5.10)
with Sy = 0. Then both 8 and —f are solutions to (5.10) started from 0. Indeed, we
may write

t
= /D sgn(Bs)dB,

t t
= / sgn(—ﬁs)st + 2/ 1{5520}6135.
0 0

The second term is a local martingale since it is an integral with respect to B. The
quadratic variation of this local martingale is 4 fot 1¢,—0yds which is 0 almost surely
by Fubini’s theorem (since 8 must be a Brownian motion by Lévy’s characterization).
Hence this local martingale is indistinguishable from 0, and — is a solution to (5.10).
It also turns out that /5 is not a strong solution to (5.10) — see example sheet 4 for a
proof.

The following theorem (whose proof is omitted) shows however that there is no coun-
terexample in the opposite direction.

Theorem 5.1 (Yamada-Watanabe) Let o,b be measurable functions. If pathwise
uniqueness holds for E(o,b) and there exist weak solutions, then there is also uniqueness
in law. In this case, for every filtered probability space (0, F, (Ft)t>0,P) and every Fi-
Brownian motion B, and for every x € R?, there exists a strong solution X to E(o,b).

In particular pathwise uniqueness is stronger than weak uniqueness, provided that there
exist solutions.

5.2 Lipschitz coefficients
For U CR% and f: U — RY, say f is Lipschitz with Lipschitz constant K < oo if
‘f(x)—f(y)}ﬁ[(]a:—y[ for all z,y € U , (5.11)

where |.| denotes the Euclidean norm on R?. (If f : U — R%™ then the left-hand
side is the Euclidean norm in R4*™). The key result of this section will be that SDE
with Lipschitz coefficients have pathwise unique solutions which are furthermore always
strong.

We start preparing for this result by recalling two important results which will be
used in the proof.

Theorem 5.2 Contraction Mapping Theorem
Let (X,d) be a complete metric space and F : X — X. Suppose that the iterated
function F™ is a contraction for some n € N, i.e.

Ir<1Vz,ye X : d(F"(z),F"(y)) < rd(z,y) . (5.12)

Then F has a unique fixed point.
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Remark. This theorem is most well-known when F' itself is contractive, rather than
F". However, the theorem for n > 1 easily follows from the n = 1 result. Indeed, if
n > 1 and F" is contractive, then (by the theorem for n = 1) F™ must have a unique
fixed point . We claim that x is also a fixed point of F. Indeed, let 1 = F (), =
F2(x),...,2,_1 = F" !(2). Then since F"(z) = x, we have

F"(a1) = F(F"}(21))
= F(F"(x))
=F(z) =21

so x1 is a fixed point of F™ as well. But F™ has a unique fixed point, so x = x1.
Therefore, F(x) = 1 = x and x; is a fixed point of F.

Lemma 5.3 Gronwall’s Lemma
Let T > 0 and let f be a non-negative bounded measurable function on [0,T]. Suppose
that

Ja,b >0Vt € [0,T] : f(t)§a+b/tf(s)ds. (5.13)
0

Then f(t) < aexp(bt) for allt € [0,T]. In particular if a =0 then f = 0.

Theorem 5.4 Suppose that o : R — R and b : R — R are Lipschitz. Then
there is pathwise uniqueness for the SDE

dX; = O‘(Xt) dB; + b(Xt) dt . (514)

Moreover, for each filtered probability space (Q, F, (Ft)e=0, ]P’) and each (Ft)¢>0-Brownian
motion B, there exists a strong solution to the SDE started from x, for any x € RY.

Proof. (for d = m = 1). Fix (, F, (Ft)i>0,P) and B. Let (F)i>o be the natural
filtration generated by B so that 7P C F; for all t > 0. Suppose that K is the Lipschitz
constant for o and b.

Pathwise uniqueness:

Suppose X and X’ are two solutions on (Q,]—", (]—})tZD,P) with Xo = X a.s.. Fix M
and let

T=inf{t>0: XV |X]|>M}. (5.15)

tAT

tAT
Then Xinr = Xo + / o(Xs) dBs —I—/ b(Xs)ds , and similarly for X'.
0 0
Let T'> 0. If 0 <t < T then, since

(z +9)* <2(2® + 47 (5.16)
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for all z,y € R, we have:

E((XMT - Xz;/\r)z)

< QE((/OW (0(X,) — o(X1) dBS>2> 4 215:((/0 (b(X,) — b(X")) ds)Q)
< 2E</OW (0(X,) — o(X2))? ds> + 2TE</OMT (b(X,) — b(X1))* ds>

(by the It isometry and the Cauchy-Schwarz inequality)

tAT

tAT
<2K*(1+T) IE< / (X, — X1)? ds> (by the Lipschitz property)
0

t
< 2K?%(1 + T)/ E((Xonr — Xine)?) ds. (5.17)
0
Let f(t) = E((X¢nr — X{p;)?). Then f(t) is bounded by 4M? and

F(t) < 2K2(1+T) /Otf(s) ds | (5.18)

Hence, by Gronwall’s lemma, f(¢t) = 0 for all t € [0,T]. So X¢ar = X[a, a.s. and,
letting M, T — oo, we obtain that X and X’ are indistinguishable.

Ezxistence of a strong solution:

We start by constructing a weak solution as a fixed point of a certain mapping. Let
(Q, F,(F),P) be a filtered probability space and let B be a Brownian motion. Write
Cr for the set of continuous processes X : [0,7] — R adapted to (F;) such that

X[l := || sup | X¢||, < o0 (5.19)
t<T

and C for the set of continuous adapted processes X : [0,00) — R such that
IX|lr < oo forall T>0. (5.20)
Recall from Proposition 3.4 that (Cr, ||.||7) is complete. Let Cf = Cp N {Xy = 2}, and
let ® be a mapping defined on C/. by;
t t
(X)) == +/ o(Xs)dBs —l—/ b(Xs)ds forallt<T. (5.21)
0 0

Note that a solution to E(o,b) is a fixed point of ®. We start by showing that if
X € Cl, then so is ®(X). For all y € R,

lo(y)| < |o(0)] + Kyl , |b(y)| < [b(0)| + Kyl . (5.22)

Suppose X € Cr for some T. Let M; = foto(XS)st, 0 <t <T. Then [M|p =
[T o(X,)2ds and so by (5.16)

0
E([Mlr) < 27 (jo(0) + K2[|X[13) < oo . (5.23)

Hence, by example sheet 2, problem 11, (M;)o<;<r is a martingale bounded in L?. So
by Doob’s L? inequality and (5.23)

t
E(sup’/ 0(Xs) dBs
t<T 1 Jo

2) < E;T(\a(o)y2 + K2||yX||y2T) <. (5.24)
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Therefore (M;,t > 0) belongs to Cr. Similarly, by (5.22), (5.16) and the Cauchy-
Schwarz inequality:

<§2¥‘/ b(X ds‘ ><TE</OT\b(Xs)I2ds)

< 2T(\b(0)\2 + K2|||X|||2T) <. (5.25)

Therefore, fo s)ds,t > 0) belongs to Cr as well. By the triangular inequality, it
follows that ®(X) 6 Cr and thus ®(X) € C/, since by definition ®(X )y = z. Now, let
X,Y € Cl.. By Doob’s inequality again and (5.17),

le(X) - e(Y)||7 =E (021% [(X)s — ‘P(Y)S\Z) (5.26)
t + 2
<2E (OiltlgT /0 0(Xs)dBs —/0 o(Ys)dBs > (5.27)
t t 2
+2E ((éltlgT /0 b(Xs)ds —/0 b(Ys)ds > (5.28)

T
< 2K2(4+T)/ E(|X; — Yi[*)dt
0

T
<2K*(4+T) / X = Y||? dt (5.29)
—f—‘c 0
T

By induction using (5.29), we have for all n > 0 that

T ptn-1 to
18"(X) — (V) |I3 < CRIIX — Y I3 / /O /0 bty
C’”T”

X —Y||3 by symmetry. (5.30)

For n sufficiently large, ®" is a contraction on the complete metric space (CJ., ||.[|7).
Hence, by the Contraction Mapping Theorem, ® has a unique fixed point which we

may call X(T) € C.. By uniqueness, Xt(T) = Xt(T/) for all t < T AT’ a.s. and so we
may consistently define X € C by

X, =X fort<N, NeN. (5.31)

This is the pathwise unique solution to the SDE started from z. It remains to prove
that it is (F?);>0-adapted. Define a sequence (Y™),>¢ in Cr by

Y=z, Y"=d("Y) forn>1. (5.32)

Then Y™ is (FP);>0-adapted for each n > 0. Since X = ®"(X) for all n > 0 by (5.30)
we have

Cn n
X = Y"I7 <

1X — =l - (5.33)
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Hence, Y™* — X in Cr and thus Y,* — X; in probability for a fixed ¢ > 0. Thus
there exists a subsequence ny, such that Y;"* — X, almost surely. Since Y;"* is FP-
measurable, then so is X;. Therefore X is (F);>0-adapted and the proof of this
theorem is finished. |

Example. Ornstein-Uhlenbeck process
Fix A € R and consider the SDE in R?

dV}/ = dBt - )\V}/ dt 5 Vb =1 , dXt = V;g dt, XO =g - (534)

When A > 0 this models the motion of a pollen grain on the surface of a liquid. X
represents the z-coordinate of the grain’s position and V' represents its velocity in the
x-direction. —AV is the friction force due to viscosity. Whenever |V| becomes large, the
system acts to reduce it. V' is called the Ornstein-Uhlenbeck (velocity) process. Then
there is pathwise uniqueness for this SDE. In fact, this is a rare example of a SDE we
can solve explicitly, see example sheet 4.

5.3 Strong Markov property and diffusion processes

In an ordinary differential equation, the future of the trajectory of a particle is entirely
determined by its present position. The stochastic analogue for stochastic differential
equations is true as well: solutions to SDE’s have the strong Markov property, i.e.,
the distribution of their future depends only on their present position. (In fact, SDE
solutions should be viewed as the prototypical example of a strong Markov process.)

Theorem 5.5 (Strong markov property). Assume that o and b are two Lipschitz
functions. Then for all z € R?, if X* denotes a weak solution started from x to E(c,b),
if F is any nonnegative functional on C([0,00),R%) then almost surely:

E [F(X§.,,t > 0)|Fr] = E[F(X},t > 0] (5.35)

y=Xr '

Proof. As we will see, the strong Markov property is a relatively straightforward
consequence of the consequence that in the previous theorem, all solutions are strong
(i.e., adapted to the driving Brownian motion), which follows from pathwise uniqueness
and the existence of strong solutions for every driving Brownian motion and filtered
probability space. Let ¥; = X% ,. Since X is a solution to F;(c,b), we have

T+t T+t

o(XT)dBs + / b(XT)ds (5.36)

X’flc“-s-t_X%‘:/ T

T
To make the change of variable u = ¢ + 1", we use the following Lemma:

Lemma 5.6 Let H be a previsible locally bounded process, and let X be a continuous
local martingale. If T is a stopping time and X™T) = (X7 — X7, t > 0) then

t+T t
/ HydX, = / HrpydX(D
T 0
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Proof. The proof of this lemma is an easy application of the monotone class theorem
after observing that the statement is trivial for processes of the form H = 1y, (s
where A € F;.

Thus, if y = Xp, then making the change of variable in (5.36) we get:

t t
Yt:y+/ a(Yu)ngTM/ b(Yy)du
0 0

where B]ET) = Br4; — Br is a Brownian motion independent from Fr. Y is adapted to
the filtration (Fr.,w > 0) which satisfies the usual conditions. Therefore, the previous
theorem applies and Y is adapted to G, where for all ¢ > 0, G; is the o-field generated
by X7 and BET). That is, we can write Y; as a certain deterministic functional ® of
its starting point X7 and the driving Brownian motion, ® (XT, B(T)). Furthermore,
note that by definition ®(y, B) is the unique solution to E,(o,b) corresponding to the
driving Brownian motion B. Hence (by weak uniqueness) ®(y, B) has the same law
as XV. Since B is independent from Fr, it is independent from X7 (because X is
adapted to F). It follows that the left-hand side of (5.35) may be computed as:

E[F(Y;,t > 0)\Fr] =E |F (@ (X7, BT)) | 7]

L))

= E[F(X}{,t > 0)]|,_p, as.

which is exactly the content of the strong Markov property. O

In the remainder of this course we now provide a brief introduction to the theory of
diffusion processes, which are Markov processes characterized by martingale properties.
We first construct these processes with SDE’s and then move on to describe part of a
fundamental connection with PDE’s.

Define, for f € C?(R%),

d

d 82 9
Lf(x) = % Z a; () Baziafmj + Ebz(x) ai (5.37)

ij=1

where a; j(x) is a bounded measurable function called the diffusivity and b(x), another
bounded measurable function, is called the drift. We assume that (a;;(x))i; is a
symmetric nonnegative matrix for all z € R%.

Definition 5.2 Let (Q, F,(F;),P) be a filtered probability space satisfying the usual
conditions. Say that a process X = (X, t > 0) is an L-diffusion if for all f € Cf(Rd),
the process MY is a martingale, where for all t > 0:

ME = 5(0X) = £X0) = [ LX) (5.39)

For the moment, we don’t know whether such processes exist, and we haven’t shown
any sort of uniqueness. The following result takes care of the existence part.
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Theorem 5.7 Let X be a solution (in R?) to the SDE
dXt = O'(Xt)dBt + b(Xt)dt

where B is a (F;)-Brownian motion in R, and where o = (0;;(x))1<i j<qa and b =
(bi(7))1<i<q are bounded measurable. Then for all f € C?(Ry x RY),

Mtf:f(taXt)_f([lXO)_/t

0

(2{ ir f> (5, X,)ds (5.39)

is a local martingale, where a = oo’ . In particular, if the coefficients o,b are bounded,
then X is an L-diffusion.

This results follows simply from an application of [t6’s formula.

Remarks.

1. If a; ; is uniformly positive definite (that is, there exists € > 0 such that

&ag(2)&; > e]|€])?

for all ¢ € R? and all = € RY), then a has a positive-definite square root matrix
o. If a is furthermore Lipschitz, then it can be shown that o(x) is also Lipschitz.
It follows that if a, b are bounded Lipschitz functions and a is uniformly positive
definite, then L-diffusions exist, by Theorem 5.4, for any given starting point Xg.

2. Brownian motion in R? is an L-diffusion for L = %A.

3. In the language of Markov processes, we say that L is the infinitesimal generator
of X. Intuitively, Lf(x) describes the infinitesimal expected change in f(X) given
that X; = x. That is,

iy £0Ke) =)

e—0 IS

ft,Xt = l’) = Lf(.’E)
for every f € C’bl’Q(]Rd).

5.4 Dirichlet and Cauchy problems

In this section we state a theorem which we do not prove due to time constraints.
(Parts of this result are easy and other less trivial...)

Theorem 5.8 Let D be an open set in RY. Let L be defined by (5.87) for uniformly
positive definite Lipschitz bounded coefficients a,b. Let g € C(OD) and let ¢ € C(D).
Define:

e = C o(X0)ds FalXr). weD

where X is an L-diffusion and T = inf{t > 0 : Xy ¢ D}. Then u is the unique
continuous function on D which is solution to the Dirichlet problem:

Lu+¢=0 D
U=y on 0D.
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Another link is provided by the following Cauchy problem — that is, an evolution
problem for which the initial condition is prescribed.

Theorem 5.9 Let g : R? — R be a given function, and let X be an L diffusion where
L satisfies the same assumptions as in Theorem 5.8. Then if we define:

u(t,z) = By (g(Xy)) for allt >0,z € RY

then u is the unique solution in CY2(Ry x R?) to the problem:

0
a—?:Lu on Ry x RY

u(0,-) =g onR%

One word about the proof of the uniqueness part: let v be a solution to this problem, and
let u be our candidate. Let us show that v = u. Fix T' > 0 and let f(¢t,z) = v(T —t,x).
Applying Theorem 5.7 to the function f, we see that

My=v(T—t,X;), 0<t<T
is a martingale. Thus
Mt == E(MT‘]‘}) a.s.

and it follows that v(T' —¢, X;) = E,(g(X7)|F:), almost surely. However, we know that
X is Markovian so the right-hand side of this equation can also be written:

U(T —t, Xt) = EXt (g(XT,t)), a.s.
Writing y = X; and s = T — ¢ (which is arbitrary since T is arbitrary) we have:

v(s,y) = Ey(g(XS))'

It can be shown that the support of the distribution of X; is R? (this a consequence of
uniform positive definiteness). It thus follows that this equation must be true for all
y € R The uniqueness part of the Theorem is proved.

Example. Let (B;,t > 0) be a 3-dimensional Brownian motion with By = 0. Let
7 = inf{t > 0 : ||B|| = 1}. Compute E(7). Answer: Let R; = ||B¢||. Then an
application of It6’s formula shows that

1
dR; = dB; + —dt.
t t + R,

It follows that (R, ¢t > 0) is a diffusion process on (0, 00), with generator:

_1d*  1d

= %d? T rds

Thus if ¢ = 1 and g = 0 in the previous theorem, Eo(7) = u(0) where u(z) = E,(7) is
a function solving:
Lu= -1, forall z € (0,1).
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Solving this ODE yields that if f = u’ then

f(2) = (—2a° — a2
3
for some constant ¢ € R, so integrating;:
1 2 /
u(z) =—3% +-—+c

for a constant ¢ € R. But we note that ¢ must be equal to 0. Indeed, otherwise
Eo(7) = oo by the monotone convergence theorem, and if we apply the Markov property
at time t > 0, we get

Eo(7) = Eo(T1{r<sy) + Eo(T1fr>4)

1
<t +/ Po(r > t; Ry € dx)(t + Ex (7))
0

e—:c2/2t

1
< 2de——rs
< t—l—t—i—/o A dx(27rt)3/2Ex(T)

If ¢ # 0, then E;(7) ~ ¢/x as © — 0. This means that the integral on the right-
hand side is finite and hence Eq(7) < oo, which is a contradiction. Thus ¢ = 0 and
E, (1) < 0.
Thus
u(x) = —%xz +d

and since u(1) = 0 we have u(z) = (1 — 2%). Hence Eo(7) = 1/3.

Exercise. The above calculation is not rigorous because of the singularity of 1/x at
0 (hence the SDE is not even properly defined at 0, let alone Lipschitzian...) Make it
rigorous by considering the diffusion R; started at level ¢ and taking D’ = (¢/,1) with
¢/ < e. Letting ¢’ and £ — 0, recover the fact that Eo(7) = 1/3.

5.5 The Feynman-Kac formula

The Feynman-Kac formula is a systematic way of solving a class of PDE’s by using
Brownian motion.

Theorem 5.10 Let f € CZ(RY) and let V € L*°(RY), that is, V is uniformly bounded.
Let For all t,xz >0, let

uttea) =, (B0 ( [ t v(Bas) )

Then wu is the unique solution w € C;’Q(RJF x RY) :

0 1
a—quiAw—FVw O’I’LR+XRd
w(0,-) = f on RY,
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Proof. Here again, the uniqueness part is an easy application of It6’s formula. Let
u be a solution and let M; = u(T — t, B;)Ey where E; = exp(fot V(Bs)ds) is of finite
variation. By It6’s formula:

1
dMy = Vu(T —t, By) Exd By + (—11 + EAU + Vu> (T —t, By)Edt
= VU(T — t, Bt)EtdBt

since the second term is equal to 0 (because u is a solution to the PDE problem). Thus
M is a local martingale, and it is uniformly bounded on [0, T'], hence a true martingale.
By the Optional Stopping Theorem:

u(T7 37) = Ex(MO) = Ex(MT) = E:c(f(BT)ET)

which is precisely the claim.

Remark. This formula turns out to be very useful when applied the other way round:
in fact, it was originally introduced to compute expectations involving exponential
functionals of Brownian motion, which tend to occur frequently in mathematical finance
and in statistical mechanics, where V' is a potential. (This is presumably why Feynman
got interested in this problem). Then we can write:

e (e {5 [ Vixgash s ) = e

where 5 )
U

— = ~Au— BuV on Ry x R?

ot 2 P *
and u(x,0) = f(z) for all z € R% This often makes these computations easier, by
bringing in techniques that were developed in analysis (e.g., Fourier analysis). In
mathematical finance, the Feynman-Kac formula allows to compute the Black-Scholes
formula for the price of a call in terms of a certain PDE. This point of view is in some
sense dual to ours, and it is a great advantage to have these two approaches for what

is, fundamentally, the same object.

This finishes the lecture notes for this course. I hope you’ve enjoyed it!
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Ideas: windings, full form of Girsanov theorem: if QjjP then density is an exponen-
tial martingale. Novikov criterion. Scale functions, and application to hitting of lev-
els. Arcsine law via Feynman-Kac. Martingale representation theorem. Black-Scholes
formula and PDE. Bessel diffusions, and phase transition with dimension. Compute
expected hitting time of level. Hitting different radii for BM in varying dimensions (cf.
scale functions). Stochastic calculus proof of LIL.

Convergence to deterministic ODE when diffusion tends to 0. Proof of ordering if
bi1(z) < ba(x). Extinction of 0d Bessel. h-transforms and 2d bessel.

Martingale method for convergence of processes. In particular: Wright fisher diffu-
sion, Feller diffusion from branching processes, RW with drift (!),
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Appendix: Martingales in continuous time

Considering cadlag martingales makes it straightforward to generalize to the continuous
case the inequalities of section by density arguments. Most theorems are a rather
straightforward generalization of the discrete case.

Proposition 5.11 (A.s. convergence) Let (X;,t > 0) be a cadlag martingale which
is bounded in L'. Then X; converges ast — 0o a.s. to an (a.s.) finite limit Xoo.

To prove this, notice that convergence of X; as ¢ — oo to a (possibly infinite) limit
is equivalent to the fact that the number of upcrossings of X from below a to above
b over the time interval R is finite for every a < b rationals. However, by the cadlag
property, it suffices to restrict our attention to the countable time set QL rather than
R;. Indeed, for each upcrossing of X from a to b between times s < ¢ say, we can find
rationals s’ > s,t' >t as close to s,t as wanted so that X accomplishes an upcrossing
from a to b between times s, ¢', and this implies that N (X, Ry, [a,b]) = N(X,Q4, [a, ])
(possibly infinite). Then, use similar arguments as those used in the first part of the
proof of Theorem ?7.

Proposition 5.12 (Doob’s inequalities) If (X;,t > 0) is a cadlag martingale and
X[ = supg<s<t | Xs|, then for every ¢ > 0,t >0,

cP(Xy > ¢) < B[ Xq).

Moreover, if p > 1 then
p
[ X{ ]y < E||Xt||p~

To prove this, notice that X = sup,c30(0,4n0) | Xs| by the cadlag property.

Proposition 5.13 (LP convergence) (i) If X is a cadlag martingale and p > 1 then
supsq || Xtllp < 0o if and only if X converges a.s. and in LP to its limit X, and this
if and only if X is closed in LP, i.e. there exists Z € LP so that E[Z|F] = X; for every
t, a.s. (one can then take Z = X ).

(ii) If X is a cadlag martingale then X is U.L if and only if X converges a.s. and
in L' to its limit X, and this if and only if X is closed (in L').

Proposition 5.14 (Optional stopping) Let X be a cadlag U.I. martingale. Then
for every stopping times S < T, one has E[X1|Fs] = Xg a.s.

Proof. Let T, be the stopping time 27"[2"T"] as defined in the proof of Proposition
??. The right-continuity of paths of X shows that X7, converges to X7 a.s. Moreover,
T, takes values in the countable set D7 of dyadic rationals of level n (and co), so that

E[XOO"FTn] = Z E[l{Tn:d}XOOLFTn] = Z 1{} {Tn = d}E[XOO‘-’rd]
deDy, deDy

(you should check this carefully). Now, since X; converges to X, in L!, X; =
E[Xi|Fq] = E[Xx|F4] as., and E[X|Fr,] = X7,,. Passing to the limit as n — oo
and using the backwards martingale convergence theorem, we obtain E[X|Fy| = X1
where F. = (1,1 Fr,, and therefore E[X|Fr] = X7 by the tower property, since
Xr is Fr-measurable. The theorem then follows as in Theorem ?7?. O
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5.6 Local solutions

Definition 5.3 A locally defined process (X, () is a stopping time ( together with a
map

X :{(w,t) €Qx[0,00) : t<((w)} > R. (5.40)

It is cadlag if t — Xi(w) : [0,{(w)) — R is cadlag for all w € Q. Let @ = {w : t <
w)}. Then (X, () is adapted if X; : Q¢ — R is F-measurable for all ¢ > 0.

Similarly, we say that (X, () is a locally defined continuous local martingale if there
exist stopping times 7T}, ' ¢ a.s. such that X7 is a martingale for all n € N. Say
(H,n) is a locally defined locally bounded previsible process if there exist stopping times
Sn /' n a.s. such that H 1(g g, is bounded and previsible for all n € N. The notion of
stochastic integral with respect to a locally defined continuous martingale also makes
sense: it suffices to stop at time T, and let n — oco. Not surprisingly, there is an easy
extension of It6’s formula in this setup:

Proposition 5.15 Local 1t6 formula
Let X',..., X% be continuous semimartingales and let X = (X',..., X%). Let U C R?
be open and let f € C*(U,R). Set ( =inf{t >0 : X; ¢ U}. Then for all t <,

(X)) = f(Xo) +Z / 7 (X o) dX! + Z / 81’181‘] )d[X?, X7], . (5.41)

Proof. Apply Ito’s formula (Theorem 3.17) to X, where
1
Tn=inf {t >0 : |X; —y| < = for some y € U}, (5.42)
n

and use T, /C a.s. . O

Suppose now that U € R? is open and o : U — R and b : U — R? are
measurable functions, bounded on compact sets of U. By a local solution to the SDE

dX; = o(X;)dB, + b(Xy) dt (5.43)
we mean
e a filtered probability space (Q,]—' . (Ft)e=0, IP’) satisfying the usual conditions;
e an (F;)i>o-Brownian motion B = (B!,..., B™) taking values in R"™;

e an (F:):>o-adapted continuous locally defined process (X, () such that X € U
and

t t
Xt = Xo +/ o(Xs)dBs —|—/ b(Xs)ds forallt<(. (5.44)
0 0
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We say that (X, () is mazimal if, for any other local solution (X, 7) on the same set-up,
(Xy=Y forallt<(An) = n<(. (5.45)

It turns out that Theorem 5.4 also extends to this setup. The statement is the
following.

Theorem 5.16 Assume that o and b are two given locally bounded, locally Lipschitz
functions from U to R™>™ and RY, respectively. Let (0, F, (Fi),P) be a filtered proba-
bility space and B be an (F;)-Brownian motion. Let x € RY. Then there exists a unique
mazximal solution (X, () started from Xo. Moreover for all compacts C C U,

sup{t < (: Xy € C} < (¢
almost surely on {¢ < oo}.

The proof of this result is omitted.
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