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1. Introduction

The following notes aim to provide a very informal introduction to Stochastic Calculus, and
especially to the It integral. They owe a great deal to Dan Crisan’s Stochastic Calculus
and Applications lectures of 1998; and also much to various books especially those of
L. C. G. Rogers and D. Williams, and Dellacherie and Meyer. They have also benefitted
from lecture notes of T. Kurtz. They aren’t supposed to be a set of lecture notes; and
it’s important to remember this if you are reading this as a part III student with a view
to being examined in this course. Many important parts of the course have been omitted
completely.

The present notes grew out of a set of typed notes which I produced when revising
for the Part III course; combining the printed notes and my own handwritten notes into a
consistent, text. I've subsequently expanded them inserting some extra proofs. The notes
principally concentrate on the parts of the course which I found hard; thus there is often
little or no comment on more standard matters; as a secondary goal they aim to present
the results in a form which can be readily extended :x their evolution they have taken a
very informal style; in some ways I hope this may make them easier to read.

The goal of the notes in their current form is to present a fairly clear approach to the Ito
integral with respect to continuous semimartingales. The various alternative approaches to
this subject which can be found in books tend to divide into those presenting the integral
directed entirely at Brownian Motion, and those who wish to prove results in complete
generality for a semimartingale. Here at all points clarity has hopefully been the main
goal here, rather than completeness; although secretly the approach aims to be readily
extended to the discontinuous theory. I'd especially like to convince the reader that the
It6 integral isn’t that much harder in concept than the Lebesgue Integral with which we
are all familiar. The motivating principle is to try and explain every detail, no matter how
trivial it may seem once the subject has been understood!

Passages enclosed in boxes are intended to be viewed as digressions from the main
text; usually describing an alternative approach, or giving an informal description of what
is going on — feel free to skip these sections if you find them unhelpful. Some of the proof
also contain solutions to important questions on the example sheets. I've tried to indicate
this by the legend QS.

These notes contain errors with probability one. I always welcome people telling me
about the errors because then I can fix them! I can be readily contacted by email as
afrb20@statslab.cam.ac.uk. Also suggestions for improvements or other additions are
welcome.

Alan Bain
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3. Stochastic Processes

The following notes are a summary of results from the theory of stochastic processes, proofs
may be found in the usual books, and in some cases in the notes from Dr. Norris” advanced
probability course.

3.1. Probability Space
Let (Q2, F,P) be a probability space. The set of P-null subsets of € is defined by

N:={NCQ:NcCAfor AecF, with P(4) =0}.

The space is complete if for A C B C Q with B € F and P(B) = 0 then this implies that
AeF.

In addition to the probability space (2, F,P), let (F,£) be a measurable space, the
state space, which is typically (R, B), or (R, B). A random variable is a F /€ measurable
function X : Q@ — FE.

3.2. Stochastic Process

Given a probability space (2, F,P) and a measurable state space (F,E), a stochastic
process is a family (Xt)tZO such that X; is an E valued random variable for each time
t>0.

Definition 1. Measurable Process
The process (X;):>0 is said to be measurable if the mapping (¢, w) — X;(w) is measurable
on R x © with respect to the product o-field B(R) x F.

Associated with a process is a filtration, an increasing chain of o-algebras i.e.

Fs CFif0<s<t< 0.

Define F, by

Fo=0c||JFR
t>0

If (X¢)¢>0 is a stochastic process, then the natural filtration of (X;);>¢ is given by
.7:,5X =0(Xs:5<t).
The process (X;):>0 is said to be (F;)i>0 adapted, if X; is F; measurable for each

t > 0. The process (X;)¢>0 is obviously adapted with respect to the natural filtration.

Definition 3.2.
A process (X¢)¢>0 is said to be bounded if there exists a universal constant K such that
for all w and t > 0, then | Xi(w)| < K.

Definition 3.3.

Let X = (X¢)i>0 be a stochastic process defined on (2, F,P), and let X' = (X{)¢>0 be a
stochastic process defined on (2, F,P). Then X and X' have the same finite dimensional
distributions if for alln, 0 <t; <ty < --- <t, < o0, and Ay, As,..., A, € E,

P(Xy, € A1, Xy, € Ay, ..., Xy, € Ap) =P(X;, € A1, X, € Ay,..., X[ €A,).

[1]
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Definition 3.4.
Let X and X' be defined on (2, F,P). Then X and X' are modifications of each other if

and only if
P{weQ: Xy(w) =X/ (w)}H) =1 Vt>0.

Definition 3.5.
Let X and X' be defined on (Q, F,P). Then X and X' are indistinguishable if and only if

P({we Q: Xi(w) = X[ (w)Vt > 0}) = 1.
There is a chain of implications

indistinguishable = modifications = same f.d.d.



4. Martingales

Definition 4.1.
Let X = {Xy, Fs,t > 0} be an integrable process then X is a

(i) Martingale if and only if E(X;|Fs) = X a.s. for 0 < s <t < 00

(i) Supermartingale if and only if E(X;|Fs) < X a.s. for 0 < s <t < o0
(iii) Submartingale if and only if E(X;|F,) > X a.s. for 0 < s <t < oo
Theorem (Kolmogorov) 4.2.
Let X = {X;,F,t > 0} be an integrable process. Then define Fyy := Nes0Fqe and also
the partial augmentation of F by F; = o(F4,N). Then there exists a martingale X =
{X,, Fy,t > 0} right continuous, with left limits (CADLAG) such that X and X are
modifications of each other.

Definition 4.3.
A martingale X = {X;, F,t > 0} is said to be an L?*-martingale or a square integrable
martingale if E(X?) < oo for every t > 0.

Definition 4.4.

A process X = { Xy, Fi,t > 0} is said to be LP bounded if and only if sup;> E(| X [P) < oo.
The space of L? bounded martingales is denoted by My, and the subspace of continuous
L? bounded martingales is denoted M.

Definition 4.5.
A process X = { X, Fi,t > 0} is said to be uniformly integrable if and only if

sup]E(|Xt|1|Xt|>N) —0as N — .
>0 =

Orthogonality of Martingale Increments
A frequently used property of a martingale M is the orthogonality of increments property
which states that for a square integrable martingale M, and Y € F, with E(Y2) < oo then

E[Y(M;— M) =0 for t > s.

Proof
Via Cauchy Schwartz inequality E|Y (M; — M,)| < oo, and so

E(Y(Mt - Ms)) = E(E(Y(Mt - Ms)|fs)) = E(YE(Mt - Ms|fs)) = 0.

[]

A typical example is Y = M, whence E(M(M; — M)) = 0 is obtained. A common
application is to the difference of two squares, let t > s then

E((M; — M,)?|F,) =E(M?2|F,) — 2ME(M,|F,) + M2
=E(M] — M}|F,) = E(M{?|F,) — M.

[3]
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4.1. Stopping Times
A random variable T : Q — [0,00) is a stopping time if and only if {w : T'(w) < t} € F;.
Given a stochastic process X = (X;)¢>0, a stopped process XT may be defined by

XT(W) ::XT(w)/\t(w)7
ft :{AEfAﬂ{TSt}Eft}

Theorem (Optional Stopping).
Let X be a right continuous integrable, F; adapted process. Then the following are equiv-
alent:

(i) X is a martingale.

(ii) XT is a martingale for all stopping times T.
(iii) E(X7) = E(Xy) for all bounded stopping times T .
(iv) E(Xr|Fs) = Xg for all bounded stopping times S and T such that S < T. If in
addition, X is uniformly integrable then (iv) holds for all stopping times (not necessarily
bounded).
Theorem (Doob’s Martingale Inequalities).
Let M = {M;, F;,t > 0} be a uniformly integrable martingale, and let M* := sup,~q |M¢|.
Then -

(i) Maximal Inequality. For A > 0,

AP(M* > X)) < E[|Moo|1ar+<oo] -
(ii) LP maximal inequality. For 1 < p < oo,

] p
1Ml < ﬁHMooHp-

Note that the norm used in stating the Doob LP inequality is defined by
1
|01, = [E(M PP

Theorem (Martingale Convergence).
Let M = {My, F;,t > 0} be a martingale.
(i) If M is LP bounded then M., (w) := limy_, o M¢(w) P-a.s.

(ii) If moreover M is uniformly integrable then lim;_, ., M;(w) = My (w) in L'. Then
for all A € LY(F.), there exists a martingale A; such that lim;_,., Ay = A, and
Ay = E(A|F;). Here Foo := limy_y00 Fi-

(iii) If moreover M is L? bounded then lim;_, o, My = My, in L?, and for all A € LP(F,,),

there exists a martingale Ay such that limy_, ., Ay = A, and Ay = E(A|F).

Definition 4.6.
Let My denote the set of L?>-bounded CADLAG martingales i.e. martingales M such that

sup M7 < oc.
>0
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Let MS denote the set of L?-bounded CADLAG martingales which are continuous. A norm
may be defined on the space My by |M||?> = ||[M |3 = E(M2).
From the conditional Jensen’s inequality, since f(z) = 22 is convex,

E (M2 |F:)
E(MZ|F)

(E(Mw|F1))*

>
>(EM,;)?.

Hence taking expectations
EM} < EMZ,

and since by martingale convergence in L2, we get E(M?) — E(M?2), it is clear that

E(MZ,) = sup E(M2).
t>0

Theorem 4.7.
The space (Ma, ||-||) (up to equivalence classes defined by modifications) is a Hilbert space,
with M$ a closed subspace.

Proof
We prove this by showing a one to one correspondence between Mo (the space of square
integrable martingales) and L?(F.,). The bijection is obtained via

f :Mz — Lz(foo)
[ :(Mp)es0 = Mo = lim M,

g :Lz(foo) — Mo
g : My — My = E(My | Ft)

Notice that
sup EM? = || My||5 = E(M2) < oo,
t

as My is a square integrable martingale. As L?(F,,) is a Hilbert space, My inherits this
structure.

To see that MS is a closed subspace of My, consider a Cauchy sequence {M (™} in
M, equivalently {Még)} is Cauchy in L?(F.). Hence M converges to a limit, M, say,
in L2(F). Let My := E(My.|F;), then

sup |[M™ — M,
£>0

— 0, in L2,

that is M — M uniformly in L2?. Hence there exists a subsequence n(k) such that
M™&) — M uniformly; as a uniform limit of continuous functions is continuous, M € M.
Thus M5 is a closed subspace of M.



5. Basics

5.1. Local Martingales

A martingale has already been defined, but a weaker definition will prove useful for stochas-
tic calculus. Note that I'll often drop references to the filtration F;, but this nevertheless
forms an essential part of the (local) martingale.

Just before we dive in and define a Local Martingale, maybe we should pause and
consider the reason for considering them. The important property of local martingales
will only be seen later in the notes; and as we frequently see in this subject it is one of
stability that is, they are a class of objects which are closed under an operation, in this case
under the stochastic integral — an integral of a previsible process with a local martingale
integrator is a local martingale.

Definition 5.1.
M = {M;, F;,0 <t < oo} is a local martingale if and only if there exists a sequence of
stopping times T, tending to infinity such that M™ are martingales for all n. The space
of local martingales is denotes M;,., and the subspace of continuous local martingales is
denotes M7, .

Recall that a martingale (Xt)tZO is said to be bounded if there exists a universal
constant K such that for all w and ¢ > 0, then | X;(w)| < K.

Theorem (QS1 Q1) 5.2.
Every bounded local martingale is a martingale.

Proof
Let T, be a sequence of stopping times as in the definition of a local martingale. This
sequence tends to infinity, so pointwise X" (w) — X;(w). Using the conditional form of the
dominated convergence theorem (using the constant bound as the dominating function),
fort>s>0

lim E(X;™|F,) = E(X¢|F,).

n—00

But as X™" is a (genuine) martingale, E(X"|F,) = XTn = Xp rq; 50

E(X|F,) = lim E(X/"|F,) = lim X" = X,.
n— 00 n—00

Hence X; is a genuine martingale. [l

Proposition 5.3.
The following are equivalent
(i) M = {M;,F;,0 <t < oo} is a continuous martingale.
(ii)) M = {M;, F;,0 < t < oo} is a continuous local martingale and for all t > 0, the set
{Mr : T a stopping time, T < t} is uniformly integrable.
Proof
(i) = (ii) By optional stopping theorem, if ' < ¢t then My = E(M;|Fr) hence the set is
uniformly integrable.

[6]
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Local Martingales which are not Martingales

There do exist local martingales which are not themselves martingales. The following is
an example Let B; be a d dimensional Brownian Motion starting from x. It can be shown
using It6’s formula that a harmonic function of a Brownian motion is a local martingale
(this is on the example sheet). From standard PDE theory it is known that for d > 3, the

function
1

f(m):W

is a harmonic function, hence X; = 1/| B2

norm of this local martingale

1 —x|? (d—
Ex|Xt|p:/WeXP <—%> ly| =P dy.

Consider when this integral converges. There are no divergence problems for |y| large, the
potential problem lies in the vicinity of the origin. Here the term

1 ly — =|?
(27t) /2 P 2t

is bounded, so we only need to consider the remainder of the integrand integrated over a
ball of unit radius about the origin which is bounded by

C/ ly| =Py,
B(0,1)

for some constant C, which on tranformation into polar co-ordinates yields a bound of the
form

is a local martingale. Now consider the L?

1
c / p=(a=2)ppd=14,
0

with C' another constant. This is finite if and only if —(d — 2)p+ (d — 1) > —1 (standard
integrals of the form 1/r¥). This in turn requires that p < d/(d —2). So clealry E, | X;| will
be finite for all d > 3.

Now although E, |X;| < co and X; is a local martingale, we shall show that it is not
a martingale. Note that (B; — x) has the same distribution as v/#(B; — ) under P, (the
probability measure induced by the BM starting from z). So as t — oo, |By| — oo in
probability and X; — 0 in probability. As X; > 0, we see that E, (X;) = E;|X;| < oo.
Now note that for any R < oo, we can construct a bound

1

E,X;: <———+
"= (2nt)d/?

/ ly|~ 2 dy + R~
lyI<R

which converges, and hence
limsupE, X; < R~(4=2),

t— o0

As R was chosen arbitrarily we see that E, X; — 0. But B, X = |2|=(¢=2 > 0, which
implies that E, X; is not constant, and hence X; is not a martingale.
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(ii) = (i)It is required to prove that E(M,) = E(Mry) for any bounded stopping time 7.
Then by local martingale property for any n,

E(My) = E(Mynar, ),
uniform integrability then implies that

lim ]E(MT/\TR) = ]E(MT)

n—>00



6. Total Variation and the Stieltjes Integral

Let A : [0,00) — R be a CADLAG (continuous to right, with left limits) process. Let a
partition IT = {tg,t1,...,tym} have 0 =ty < t; < --- <, =t; the mesh of the partition is
defined by
o(IT) = te — 1]
(II) 1g}cagm| k— th—1]

The variation of A is then defined as the increasing process V given by,

n(I)
Vi = sup > Apnr = Ap_ipe] :0=tg <ty <o <ty =t
k=1

An alternative definition is given by
oo
VO = 1. A —n - A _ —n .
t ng]go 21: ‘ k2— " At (k—1)2 /\t‘

These can be shown to be equivalent (for CADLAG processes), since trivially (use the
dyadic partition), V.0 < V;. Tt is also possible to show that V.2 > V; for the total variation
of a CADLAG process.

Definition 6.1.
A process A is said to have finite variation if the associated variation process V is finite
(i.e. if for every t and every w, |Vi(w)| < oo.

6.1. Why we need a Stochastic Integral

Before delving into the depths of the integral it’s worth stepping back for a moment to see
why the ‘ordinary’ integral cannot be used on a path at a time basis (i.e. separately for
each w € Q). Suppose we were to do this i.e. set

I,(X) = /0 X, (w)d M, (),

for M € MS$; but for an interesting martingale (i.e. one which isn’t zero a.s.), the total
variation is not finite, even on a bounded interval like [0, T']. Thus the Lebesgue-Stieltjes
integral ddefinition isn’t valid in this case. To generalise we shall see that the quadratic
variation is actually the ‘right’ variation to use (higher variations turn out to be zero and
lower ones infinite — see QS2 Q2). But to start, we shall consider integrating a previsible
process H; with an integrator which is an increasing finite variation process. First we shall
prove that a continuous local martingale of finite variation is zero.

Proposition 6.2.
If M is a continuous local martingale of finite variation, starting from zero then M is
identically zero.

[9]
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Proof
Let V be the variation process of M. This V' is a continuous, adapted process. Now define a
sequence of stopping times S,, as the first time V exceeds n, i.e. S, := inf {t > 0: V; > n}.
Then the martingale M>» is of bounded variation. It therefore suffices to prove the result
for a bounded, continuous martingale M of bounded variation.

Fix t > 0 and let {0 = tg,t1,...,tNx = t} be a partition of [0, ¢]. Then since My = 0 it is

clear that, M2 = Y~ | (Mtzk — M}

i._, |- Then via orthogonality of martingale increments

E(Mtz) :]E< 3 (Mtk - Mtk—1)2>
k

=1

S]E (‘/;} S%p ‘Mtk - Mtk,1 ‘)

The integrand is bounded by n? (from definition of the stopping time S, ), hence the
expectation converges to zero as the modulus of the partition tends to zero by the bounded
convergence theorem. Hence M = 0. ]

6.2. Previsibility

The term previsible has crept into the discussion earlier. Now is the time for a proper
definition.

Definition 6.3.
The previsible (or predictable) o-field P is the o-field on RT x Q generated by the processes
(X¢)e>0, adapted to F, with left continuous paths on (0, 00).

Remark

The same o-field is generated by left continuous, right limits processes (i.e. caglad pro-
cesses) which are adapted to F;—, or indeed continuous processes (X;);>o, which are
adapted to F;_.

Definition 6.4.
A process (X¢)i>o Is said to be previsible, if the mapping (t,w) — X;(w) is measurable
with respect to the previsible o-field P.

6.3. Lebesgue-Stieltjes Integral
[In the lecture notes for this course, the Lebesgue-Stieltjes integral is considered first for
functions A and H; here I consider processes on a pathwise basis.]
Let A be an increasing cadlag process. This induces a Borel measure dA on (0, 00)
such that
dA((s,t])(w) = Ap(w) — As(w).

Let H be a previsible process (as defined above). The Lebesgue-Stieltjes integral of H is
defined with respect to an increasing process A by

(H - A)y(w) = /0 H,(w)dA, (w),
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whenever H > 0 or (|H|- A); < oo.
As a notational aside, we shall write

t
(H-A)tE/ HdX,
0

and later on we shall use
d(H-X)= HdX.

This definition may be extended to integrator of finite variation which are not increas-
ing, by decomposing the process A of finite variation into a difference of two increasing
processes, so A = AT — A=, where AT = (V 4+ A)/2 (here V is the total variation process
for A). The integral of H with respect to the finite variation process A is then defined by

(H - A)e(w) = (H - A7)y (w) = (H - A7 )y(w),

whenever (|H|-V); < oo.

There are no really new concepts of the integral in the foregoing; it is basically the
Lebesgue-Stieltjes integral eextended from functions H (t) to processes in a pathwise fashion
(that’s why w has been included in those definitions as a reminder).

Theorem (QS1 Q3) 6.5.

If X is a non-negative continuous local martingale and E(X,) < oo then X; is a super-
martingale. If additionally X has constant mean, i.e. E(X;) = E(Xq) for all t then X is a
martingale.

Proof
As X; is a continuous local martingale there is a sequence of stopping times T}, 1 oo such
that X™~ is a genuine martingale. From this martingale property

E(X, " |Fs) = X,
As X; > 0 we can apply the conditional form of Fatou’s lemma, so

E(X;|F,) = E(liminf X" |F,) < liminf E(X]"|F,) = liminf XT» = X,.
n— 00 n—00

n— 00

Hence E(X|Fs) < X, so X; is a supermartingale.
Given the constant mean property E(X;) = E(X;). Let

Ay ={w: Xy — E(X¢|Fs) > 1/n},

SO

A= An = {w: X, —E(X,|F,) > 0},
n=1

Consider P(A) = P(US2,A4,,) < Y07 P(A,). Suppose for some n, P(A,,) > ¢, then note
that
WweEA,  Xe—E(Xi|F)>1/n

weQ/A, X, —E(X|Fs) >0
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Hence 1
Xs - E(Xt|fs) Z _lAna
n

taking expectations yields
E(X,) — E(X;) > =,

but by the constant mean property the left hand side is zero; hence a contradiction, thus
all the P(A,,) are zero, so
Xs = E(X;|Fs) as.



7. The Integral

We would like eventually to extend the definition of the integral to integrands which are
previsible processes and integrators which are semimartingales (to be defined later in these
notes). In fact in these notes we’ll only get as far as continuous semimartingales; but it is
possible to go the whole way and define the integral of a previsible process with respect to
a general semimartingale; but some extra problems are thrown up on the way, in particular
as regards the construction of the quadratic variation process of a discontinuous process.

Various special classes of process will be needed in the sequel and these are all defined
here for convenience. Naturally with terms like ‘elementary’ and ‘simple’ occurring many
books have different names for the same concepts — so beware!

7.1. Elementary Processes
An elementary process H(w) is one of the form

Hi(w) = Z(w)1(5(w),1w)(t);

where S, T are stopping times, S < T < oo, and Z is a bounded Fg measurable random
variable.

Such a process is the simplest non-trivial example of a previsible process. Let’s prove
that it is previsible:

H is clearly a left continuous process, so we need only show that it is adapted. It can
be considered as the pointwise limit of a sequence of right continuous processes

1 1
Hn(t): lim Zl[Sn,Tn)7 Sn:S+—, Tn:T+—

n— 00 n n

So it is sufficient to show that Z1 v is adapted when U and V' are stopping times which
satisfy U < V, and Z is a bounded Fy measurable function. Let B be a borel set of R,
then the event

{Z1ywy(t) € BY = [{Z € B} n{U < t}]n{V > t}.
By the definition of U as a stopping time and hence the definition of Fy;, the event enclosed

by square brackets is in Fy, and since V is a stopping time {V >t} = Q/{V <t} is also
in Fy; hence Z1y vy is adapted.

7.2. Strictly Simple and Simple Processes
A process H is strictly simple (H € L£*) if there exist 0 <ty < --- < t,, < 0o and uniformly
bounded F;, measurable random variables Zj, such that

n—1
H = Hy(w)1p(t) Z 2 (w)l(tk,tk+1](t)'
k=0

[13]
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This can be extended to H is a simple processes (H € L), if there exists a sequence
of stopping times 0 < T, < .-+ < T}, — oo, and Zj uniformly bounded Fr, measurable
random variables such that

H = H()(w)lo(t) + Z Zkl(Tk,Tk+1]'
k=0

Similarly a simple process is also a previsible process. The fundamental result will
follow from the fact that the o-algebra generated by the simple processes is exactly the
previsible o-algebra. We shall see the application of this after the next section.



8. The Stochastic Integral

As has been hinted at earlier the stochastic integral must be built up in stages, and to
start with we shall consider integrators which are L? bounded martingales, and integrands
which are simple processes.

8.1. Integral for H € £ and M € M,

For a simple process H € £, and M an L? bounded martingale then the integral may be
defined by the ‘martingale transform’ (c.f. discrete martingale theory)

t 00
/mWFWWM:Z%WmmJMM
0 k=0

Proposition 8.1.
If H is a simple function, M a Lo bounded martingale, and T a stopping time. Then
(i) (H-M)T = (Hlq) - M = H- (M7).
(ii)) (H-M) € M.
(iii) E[(H - M%) = S5 [Z2(M3,,, - M3,)] < | H|[ZEM2,).
Proof
Part (i)
As H € L we can write
H = ZZkl(Tk,Tk+1]7
k=0

for T}, stopping times, and Zj an Fr, measurable bounded random variable. By our defi-
nition for M € M?2, we have

(H-M), = Zy (M, ne — Mrypr) »
k=0
and so, for T a general stopping time consider (H - M)l = (H - M) s and so
(H . M)g - Z Zk (MTk+1/\T/\t - MTk/\T/\t) .

k=0

Similar computations can be performed for (H - MT), noting that M = Mr,; and for
(H1,) - M) yielding the same result in both cases. Hence

(H-M)" = (Hlom-M)=(H-M").

[15]
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Part (ii)
To prove this result, first we shall establish it for an elementary function H € £, and then

extend to £ by linearity. Suppose
H = Z1(g,s],

where R and S are stopping times and Z is a bounded Fg measurable random variable.
Let T be an arbitrary stopping time. We shall prove that

E((H-M)r)=E((H-M)o),

and hence via optional stopping conclude that (H - M), is a martingale.
Note that
(H M) = Z (Ms — Mp),

and hence as M is a martingale, and Z is Fr measurable we obtain
E(H - M)oo =E(E(Z (Ms — Mg))|Fr) = E(ZE((Ms — Mg) |Fr))
=0.
Via part (i) note that E(H - M)7 = E(H - MT), so
B(H - M) =E(H - MT),, =0.

Thus (H - M); is a martingale by optional stopping theorem. By linearity, this result
extends to H a simple function (i.e. H € L).
Part (iii)
We wish to prove that (H-M) is and L? bounded martingale. We again start by considering
H € &, an elementary function, i.e.

H - Zl(R,S]7

where as before R and S are stopping times, and Z is a bounded Fr measurable random
variable.

E((H-M)>2%) =E(Z*(Ms — Mg)?),
=E (Z°E ((Ms — Mg)*|Fr)) ,

where Z2 is removed from the conditional expectation since it is and Fr measurable
random variable. Using the same argument as used in the orthogonality of martingale
increments proof,

E((H - M)2) = E(2°E (M2 - M})|Fr)) = E[(2® (M3 - M2)).
As M is an L? bounded martingale and Z is a bounded process,

E((H-M)%) < sup 21Z(w)°E (M)
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so (H - M) is an L? bounded martingale; so together with part (ii), (H - M) € Ms.
To extend this to simple functions is similar, but requires a little care In general the
orthogonality of increments arguments extends to the case where only finitely many of the

Z in the definition of the simple function H are non zero. Let K be the largest k£ such
that Zy # 0.

B((H-M)2) = iﬂz (22 (M3, - M3,)),

which can be bounded as

E((H - M)%) <||Ha|’E (fj (M3, - M%Q)

k=0
<|| Hoo|’E ( M3

2 2 2
TK+1 - MTO) S ||H00|| EMOO’
since we require Ty = 0, and M € M, so the final bound is obtained via the L? martingale
convergence theorem.
Now extend this to the case of an infinite sum; let n < m, we have that

(H-M)r, —(H-M)r, = (Hl, 1,1 M),

applying the result just proven for finite sums to the right hand side yields

|- a)Zy - (- a0y = Y E(22 (M3, - M)
k=n

< | Hool 3 E (M3, — Mz,) .

But by the L2 martingale convergence theorem the right hand side of this bound tends to
zero as n — oo; hence (H - M) converges in My and the limit must be the pointwise
limit (H - M). Let n = 0 and m — oo and the result of part (iii) is obtained. []

8.2. Quadratic Variation

We mentioned earlier that the total variation is the variation which is used by the usual
Lebesgue-Stieltjes integral, and that this cannot be used for defining a stochastic integral,
since any continuous local martingale of finite variation is indistinguishable from zero. We
are now going to look at a variation which will prove fundamental for the construction of
the integral. All the definitions as given here aren’t based on the partition construction.
This is because I shall follow Dellacherie and Meyer and show that the other definitions
are equivalent by using the stochastic integral.

Theorem 8.2.

The quadratic variation process (M), of a continuous L? integrable martingale M is
the unique process A; starting from zero such that M? — A; is a uniformly integrable
martingale.
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Proof
For each n define stopping times

ST =0, S, = inf{t > T ‘Mt — My,

>2—"} for k > 0

Define
T = S At
Then
Mt2 = Z (Mtz/\sg - Mtz/\sg_1>
k>1
k>1
2
=2) My (MT" — My ) + (MT,? - MT,;LI)
E>1 E>1

Now define H™ to be the simple process given by

o" = Z Msg—ll(sg—l"slg]'
k>1

We can then think of the first term in the decomposition (x) as (H™ - M). Now define

2
Ap =7 (Mrp ~ My )
k>1
so the expression (x) becomes
M? =2(H™- M), + A}. (%)
Note from the construction of the stopping times S}’ we have the following properties
[H™ — H" oo =sup | HP — HP | < 270D
t
|H™ — H"™||oo =sup |H — HP™™| < 2=(FD for all m > 1
t
|H" — M||oo =sup |H' — M| < 27"
t

Let J,(w) be the set of all stopping times S} (w) i.e.
Jn(w) :={S (w) : k > 0}.

Clearly J,(w) C Jp+1(w). Now for any m > 1, using proposition 7.1(iii) the following
result holds

E( [ M) = @ )] ) =E([({H" - H ) )]
<|H™ — H"*™||2 B(M3,)

< (2—("“))21&(1\430).
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Thus (H" - M) is a Cauchy sequence in the complete Hilbert space L?(F); hence by
completeness of the Hilbert Space it converges to a limit in the same space. As (H™ - M)
is a continuous martingale for each n, so is the the limit N say. By Doob’s L? inequality
applied to the continuous martingale (H™ - M) — N,

B (sup (™ M) = NP ) < 48 ([ M) = NE.) b O

Hence (H™ - M) converges to N uniformly a.s.. From the relation (xx) we see that as a
consequence of this, the process A™ converges to a process A, where

A4f ::2AG'+44r

Now we must check that this limit process A is increasing. Clearly A™(Sy) < A™(Sp,,),
and since Jy,(w) C Jni1(w), it is also true that A(Sy) < A(Sp,,) for all n and k, and
so A is certainly increasing on the closure of J(w) := UpJy,(w). However if I is an open
interval in the complement of .J, then no stopping time S7' lies in this interval, so M must
be constant throughout I, so the same is true for the process A. Hence the process A
is continuous, increasing, and null at zero; such that M? — A; = 2Ny, where Ny is a Ul
martingale (since it is L? bounded). Thus we have established the existence result. It only
remains to consider uniqueness.

Uniqueness follows from the result that a continuous local martingale of finite variation
is everywhere zero. Suppose the process A in the above definition were not unique. That is
suppose that also for some B; continuous increasing from zero, M2 — By is a Ul martingale.
Then as M2 — A; is also a Ul martingale by subtracting these two equations we get that
Ay — By is a Ul martingale, null at zero. It clearly must have finite variation, and hence be

Zero. I:l

The following corollary will be needed to prove the integration by parts formula, and
can be skipped on a first reading; however it is clearer to place it here, since this avoids
having to redefine the notation.

Corollary 8.3.
Let M be a bounded continuous martingale, starting from zero. Then

t
M} = 2/ M,dM, + (M),.
0

Proof
In the construction of the quadratic variation process the quadratic variation was con-
structed as the uniform limit in L? of processes A7 such that

Al = M? —2(H"™ - M),
where each H™ was a bounded previsible process, such that

sup |Hp — M| < 27",
t
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and hence H" — M in L?(M), so the martingales (H™- M) converge to (M - M) uniformly
in L2, hence it follows immediately that

t
M} = 2/ M,dM, + (M),,
0

[]

Theorem 8.4.
The quadratic variation process (M), of a continuous local martingale M is the unique
increasing process A, starting from zero such that M? — A is a local martingale.

Proof
We shall use a localisation technique to extend the definition of quadratic variation from
L? bounded martingales to general local martingales.

The mysterious seeming technique of localisation isn’t really that complex to under-
stand. The idea is that it enables us to extend a definition which applies for ‘X widgets’ to
one valid for ‘local X widgets’. It achieves this by using a sequence of stopping times which
reduce the ‘local X widgets’ to ‘X widgets’ ; the original definition can then be applied to
the stopped version of the ‘X widget’. We only need to check that we can sew up the pieces
without any holes i.e. that our definition is independent of the choice of stopping times!

Let T,, = inf{t : |M;| > n}, define a sequence of stopping times. Now define

M), := (M™") for 0 <t < T,
To check the consistency of this definition note that
<MTn>Tn71 — <MTn71>

and since the sequence of stopping times T;, — oo, we see that (M) is defined for all ¢.
Uniqueness follows from the result that any finite variation continuous local martingale
starting from zero is identically zero. [l

The quadratic variation turns out to be the ‘right’ sort of variation to consider for
a martingale; since we have already shown that all but the zero martingale have infinite
total variation; and it can be shown that the higher order variations of a martingale are
zero a.s.. Note that the definition given is for a continuous local martingale; we shall
see later how to extend this to a continuous semimartingale.

8.3. Covariation
From the definition of the quadratic variation of a local martingale we can define the covari-
ation of two local martingales N and M which are locally L? bounded via the polarisation
identity
(M + N)— (M — N)

4

We need to generalise this slightly, since the above definition required the quadratic
variation terms to be finite. We can prove the following theorem in a straightforward

(M,N) :=
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manner using the definition of quadratic variation above, and this will motivate the general
definition of the covariation process.

Theorem 8.5.
For M and N two local martingales which are locally L? bounded then there exists a unique
finite variation process A starting from zero such that M N — A is a local martingale. This
process A is the covariation of M and N.

This theorem is turned round to give the usual definition of the covariation process of
two continuous local martingales as:

Definition 8.6.
For two continuous local martingales N and M, there exists a unique finite variation
process A, such that M N — A is a local martingale. The covariance process of N and M
is defined as this process A.

It can readily be verified that the covariation process can be regarded as a symmet-
ric bilinear form on the space of local martingales, i.e. for L,M and N continuous local
martingales

<M+N,L> :<M,L>+ <N,L>,
<M7N> :<N7M>7
<)\M,N> :)\<M,N>, AeER

8.4. Extension of the Integral to L*(M)
We have previously defined the integral for H a simple function (in £), and M € M§$, and
we have noted that (H - M) is itself in Ms. Hence

E((H-M)%) =E(22, (Mr, - Mr,_,)*)

Recall that for M € My, then M? — (M) is a uniformly integrable martingale. Hence for
S and T stopping times such that S < T, then

E ((Mr — Ms)*|Fs) = E(Mz — Mg|Fs) = E((M)y — (M) g|Fs).
So summing we obtain
E((H-M)%) =EY_ 72, (Mg, - My,_, ),
=E ((H? - (M))=0) -

In the light of this, we define a seminorm || H||»s via

Il = 2 (- ()-c)| L e[ maon,)] -

The space L£L2(M) is then defined as the subspace of the previsible processes, where this
seminorm is finite, i.e.

L2(M) := {previsible processes H such that |H||as < co}.
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However we would actually like to be able to treat this as a Hilbert space, and there
remains a problem, namely that if X € £2(M) and || X||ps = 0, this doesn’t imply that X
is the zero process. Thus we follow the usual route of defining an equivalence relation via
X ~Y if and only if || X — Y||pr = 0. We now define

L?(M) := {equivalence classes of previsible processes H such that ||H|» < oo},

and this is a Hilbert space with norm || - ||as (it can be seen that it is a Hilbert space by
considering it as suitable L? space).
This establishes an isometry (called the It6 isometry) between the spaces L?(M) N L
and L?(F.,) given by
I:L*(M)NL — L*(Fy)
[:H s (H-M)o

Remember that there is a basic bijection between the space My and the Hilbert Space
L?(F) in which each square integrable martingale M is represented by its limiting value
M., so the image under the isometry (H - M), in L?(F4) may be thought of a describing
an M. martingale. Hence this endows My with a Hilbert Space structure, with an inner
product given by

(M,N)=E(NyxM).

We shall now use this It6 isometry to extend the definition of the stochastic integral
from £ (the class of simple functions) to the whole of L?(M). Roughly speaking we shall
approximate an element of L2(M) via a sequence of simple functions converging to it; just
as in the construction of the Lebesgue Integral. In doing this, we shall use the Monotone
Class Theorem.

Recall that in the conventional construction of the Lebesgue integration, and proof of
the elementary results the following standard machine is repeatedly invoked. To prove a
‘linear’ result for all h € L1(S, ¥, i), proceed in the following way:

(i) Show the result is true for h and indicator function.

(ii) Show that by linearity the result extends to all positive step functions.

(iii) Use the Monotone convergence theorem to see that if h, T h, where the h, are
step functions, then the result must also be true for h a non-negative, > measurable
function.

(iv) Write h = ht —h~ where both 4™ and A~ are non-negative functions and use linearity
to obtain the result for h € L.

The monotone class lemmas is a replacement for this procedure, which hides away all
the ‘machinery’ used in the constructions.

Monotone Class Theorem.
Let A be m-system generating the o-algebra F (i.e. 0(A) = F). If H is a linear set of
bounded functions from €2 to R satisfying

(i) 14 € H, for all A € A,
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(ii)) 0 < fn T f, where f, € H and f is a bounded function f : Q — R, then this implies
that f € H,
then H contains every bounded, F-measurable function f: 2 — R.

In order to apply this in our case, we need to prove that the o-algebra of previsible
processes is that generated by the simple functions.

The Previsible o-field and the Simple Processes
It is fairly simple to show that the space of simple processes £ forms a vector space
(exercise: check linearity, constant multiples and zero).

Lemma 8.7.

The o-algebra generated by the simple functions is the previsible o-algebra i.e. the pre-
visible o-algebra us the smallest o-algebra with respect to which every simple process is
measurable.

Proof

It suffices to show that every left continuous right limit process, which is bounded and
adapted to JF; is measurable with respect to the o-algebra generated by the simple func-
tions. Let H; be a bounded left continuous right limits process, then

nk . .
-1
H = lim lim E H(i—l)/n (Z 71:|7
=2

k—o00 n—oo n n

and if Hy is adapted to Fy then H(;_1/, is a bounded element of F;_1/p-

We can now apply the Monotone Class Theorem to the vector space H of processes
with a time parameter in (0,00), regarded as maps from (0,00) x  — R. Then if this
vector space contains all the simple functions i.e. £ C H, then H contains every bounded
previsible process on (0, c0).

Assembling the Pieces
Since I is an isometry it has a unique extension to the closure of

U=L*(M)NL,

in L2(M). By the application of the monotone class lemma to H = U, and the m-system
of simple functions. We see that ¢/ must contain every bounded previsible process; hence
U = L?>(M). Thus the It6 Isometry extends to a map from L2(M) to L*(Fx).

Let us look at this result more informally. For a previsible H € L?(M), because of the
density of £ in L%(M), we can find a sequence of simple functions H,, which converges to
H, as n — oco. We then consider I(H) as the limit of the I(H,,). To verify that this limit
is unique, suppose that H) — H as n — oo also, where H,, € L. Note that H, — H], € L.
Also H,, — H], — 0 and so ((H,, — H},) - M) — 0, and hence by the It6 isometry the limits
limy,, oo (Hy, - M) and lim,,, o (H], - M) coincide.

The following result is essential in order to extend the integral to continuous local
martingales.
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Proposition 8.8.
For M € Mo, for any H € L?(M) and for any stopping time T then

(H-M)" = (Hlqgq-M)=(H-MT").

Proof
Consider the following linear maps in turn

f1:L3(Fs) = L*(Fs)
f1:Y = E(Y|Fr)

This map is a contraction on L?(F,,) since by conditional Jensen’s inequality
E(Yoo |Fr)? < E(YZ | Fr),
and taking expectations yields
[EY |F7)|3 = E(E(Yoo |F7)?) < E(E(YZ|Fr)) = E(Y) = [|Y]]3-
Hence f; is a contraction on L?(F.,). Now

fo :L*(M) — L*(M)
fz H — Hl(O,T]

Clearly from the definition of || - ||as, and from the fact that the quadratic variation process
is increasing

oo T 0o
[l = [ B2 1emdn, = [ H2aen, < [ mzaon, = |,

Hence fo is a contraction on L?(M). Hence if I denotes the Ito isometry then f; o I and
I o fy are also contractions from L?(M) to L?(Fs), (using the fact that I is an isometry
between L*(M) and L?(F)).

Now introduce I(T), the stochastic integral map associated with M7, i.e.

IDH)=(H-MT).

Note that
ITTV(H)||2 = |H||prr < | HIm-

We have previously shown that the maps f; oI and I o fy and H — IT)(H) agree on
the space of simple functions by direct calculation. We note that £ is dense in L?(M)
(from application of Monotone Class Lemma to the simple functions). Hence from the
three bounds above the three maps agree on L2(M). []
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8.5. Localisation

We’ve already met the idea of localisation in extending the definition of quadratic variation
from L? bounded continuous martingales to continuous local martingales. In this context
a previsible process {H;};>0, is locally previsible if there exists a sequence of stopping
times Tj, — oo such that for all n H1y 1, is a previsible process. Fairly obviously every
previsible process has this property. However if in addition we want the process H to be
locally bounded we need the condition that there exists a sequence T;, of stopping times,
tending to infinity such that H1(g r,] is uniformly bounded for each n.

For the integrator (a martingale of integrable variation say), the localisation is to a
local martingale, that is one which has a sequence of stopping times 7;,, — oo such that
for all n, X™~ is a genuine martingale.

If we can prove a result like

(H -X)" = (H1om - XT)

for H and X in their original (i.e. non-localised classes) then it is possible to extend the
definition of (H - X) to the local classes.

Note firstly that for H and X local, and T, a reducing sequence! of stopping times
for both H and X then we see that (H1( 7+ X7 ) is defined in the existing fashion. Also
note that if T' = T,,_1 we can check consistency

(H]'(O,Tn] . XTn)Tn—l — (H . X)Tn—l — (HI(O,TR,I] . XTn_l),
Thus it is consistent to define (H - X); on t € [0,00) via
(H-X)™ = (H1o,1,] - XTw) Vn,

We must check that this is well defined, viz if we choose another regularising sequence S,,,
we get the same definition of (H - X). To see this note:

(Hlor, - X™)% = (Hl@or,ns,) - X ") = (Hl,s,) - X°)™,

hence the definition of (H - X); is the same if constructed from the regularising sequence
S,, as if constructed via Tj,.

8.6. Some Important Results

We can now extend most of our results to stochastic integrals of a previsible process H
with respect to a continuous local martingale M. In fact in these notes we will never
drop the continuity requirement. It can be done; but it requires considerably more work,
especially with regard to the definition of the quadratic variation process.

1 The reducing sequence is the sequence of stopping times tending to infinity which
makes the local version of the object into the non-local version. We can find one such
sequence, because if say {7} reduces H and {S,,} reduces X then T, A S,, reduces both
H and X.
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Theorem 8.9.

Let H be a locally bounded previsible process, and M a continuous local martingale. Let
T be an arbitrary stopping time. Then:

(i) (H - M)T = (Hlq - M) = (H - MT)

(ii)) (H - M) is a continuous local martingale

(iii) (H - M) = H? - (M)

(iv) H-(K-M)=(HK)-M

Proof

The proof of parts (i) and (ii) follows from the result used in the localisation that:

(H-M)T = (Hlo,r - M) = (H-MT)

for H bounded previsible process in L2(M) and M an L? bounded martingale. Using this
result it suffices to prove (iii) and (iv) where M, H and K are uniformly bounded (via
localisation).
Part (iii)

B [(f - M)3] —E[(H1 - M) - M2

oo

=E | (H10m- (W)

=E[(H?- (M)),]

Hence we see that (H-M)?— (H?-(M)) is a martingale (via the optional stopping theorem),
and so by uniqueness of the quadratic variation process, we have established

(H-M)=H?*-(M).

Part (iv)
The truth of this statement is readily established for H and K simple functions (in £). To
extend to H and K bounded previsible processes note that

E[(H - (k- M) | =E[(H (K- M))_]
=E[(H? (K*- (M) ]
=E[((HK)* - (M))_]
=E[((10) - MY |

Also note the following bound

E[(HK)*- (M) ] < min {|[HIZ 1K, [ HI5 KIS



9. Semimartingales

I mentioned at the start of these notes that the most general form of the stochastic integral
would have a previsible process as the integrand and a semimartingale as an integrator.
Now it’s time to extend the definition of the Ito integral to the case of semimartingale
integrators.
Definition 9.1.
A process X is a semimartingale if X is an adapted CADLAG process which has a decom-
position

X=Xo+M+ A,

where M is a local martingale, null at zero and A is a process null at zero, with paths of
finite variation.

Note that the decomposition is not necessarily unique as there exist martingales which
have finite variation. To remove many of these difficulties we shall impose a continuity
condition, since under this most of our problems will vanish.

Definition 9.2.
A continuous semimartingale is a process (X;)¢>o which has a Doob-Meyer decomposition

X=Xo+M+ A,

where X is Fo-measurable, My = Ag = 0, M, is a continuous local martingale and A; is
a continuous adapted process of finite variation.

Theorem 9.3.
The Doob-Meyer decomposition in the definition of a continuous semimartingale is unique.

Proof
Let another such decomposition be

X=Xo+M + A,

where M’ is a continuous local martingale and A a continuous adapted process of finite
variation. Then consider the process N, where

N=M -M=A — A,

by the first equality, N is the difference of two continuous local martingales, and hence is
itself a continuous local martingale; and by the second inequality it has finite variation.
Hence by an earlier proposition (5.2) it must be zero. Hence M' = M and A’ = A. []

We definef the quadratic variation of the continuous semimartingale as that of the
continuous local martingale part i.e. for X = Xg + M + A,

(X) := (M).

T These definitions can be made to look natural by considering the quadratic variation
defined in terms of a sum of squared increments; but following this approach, these are
result which are proved later using the It6 integral, since this provided a better approach
to the discontinuous theory.

[27]
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Similarly if Y 4+ Yy + N + B is another semimartingale, where B is finite variation and N
is a continuous local martingale, we define

(X,Y) := (M, N).

We can extend the definition of the stochastic integral to continuous semimartingale
integrators by defining
(H-X):=(H -M)+ (H-A),

where the first integral is a stochastic integral as defined earlier and the second is a
Lebesgue-Stieltjes integral (as the integrator is a process of finite variation).



10. Relations to Sums

This section is optional; and is included to bring together the two approaches to the
constructions involved in the stochastic integral.

For example the quadratic variation of a process can either be defined in terms of
martingale properties, or alternatively in terms of sums of squares of increments.

10.1. The UCP topology

We shall meet the notion of convergence uniformly on compacts in probability when con-
sidering stochastic integrals as limits of sums, so it makes sense to review this topology
here.

Definition 10.1.

A sequence {H, },>1 converges to a process H uniformly on compacts in probability (ab-
breviated u.c.p.) if for each t > 0,

sup |HY — Hs| — 0 in probability.
0<s<t

At first sight this may seem to be quite an esoteric definition; in fact it is a natural
extension of convergence in probability to processes. It would also appear to be quite
difficult to handle, however Doob’s martingale inequalities provide the key to handling it.
Let

H; = sup |H,
0<s<t

then for Y™ a CADLAG process, Y™ converges to Y u.c.p. iff (Y™ — Y)* converges to
zero in probability for each ¢ > 0. Thus to prove that a sequence converges u.c.p. it often
suffices to apply Doob’s inequality to prove that the supremum converges to zero in L2,
whence it must converge to zero in probability, whence u.c.p. convergence follows.

The space of CADLAG processes with u.c.p. topology is in fact metrizable, a compat-
ible metric is given by

l\'J|H

d(X,Y) =3 E(min(1, (X - ¥)})).

for X and Y CADLAG processes. The metric space can also be shown to be complete. For
details see Protter.

[29]
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Since we have just met a new kind of convergence, it is helpful to recall the other usual
types of convergence on a probability space. For convenience here are the usual definitions:

Pointwise
A sequence of random variables X,, converges to X pointwise if for all w not in some null

set,
Xn(w) = X(w).

Probability
A sequence of r.v.s X,, converges to X in probability, if for any € > 0,

P(|X, — X|>¢) =0, as n — co.

L? convergence
A sequence of random variables X,, converges to X in LP, if

ElX, — X|?P — 0, as n — oo.

It is trivial to see that pointwise convergence implies convergence in probability. It is
also true that LP convergence implies convergence in probability as the following theorem
shows

Theorem 10.2.
If X,, converges to X in LP for p > 0, then X,, converges to X in probability.

Proof
Apply Chebyshev’s inequality to f(x) = 2P, which yields for any € > 0,

P(|Xn| >¢€) <ePE(|X,|P) = 0, as n — 0.

Theorem 10.3.
If X,, — X in probability, then there exists a subsequence ny, such that X,,, — X a.s.

Theorem 10.4.
If X,, — X a.s., then X,, — X in probability.

10.2. Approximation via Riemann Sums

Following Dellacherie and Meyer we shall establish the equivalence of the two constructions
for the quadratic variation by the following theorem which approximates the stochastic
integral via Riemann sums.



Relations to Sums 31

Theorem 10.2.
Let X be a semimartingale, and H a locally bounded previsible CADLAG process starting
from zero. Then

t oo
; H,dX; = nli_{{)lokz_%ﬂt/\kz—n (Xiart1)2-n — Xiara-n) u.C.D.

Proof
Let Ky = Hgl,<¢, and define the following sequence of simple function approximations

K= Z Hinkz a2 ta(e+1)2-1(8)-
k=0

Clearly this sequence K’ converges pointwise to K. We can decompose the semimartingale
X as X = Xy + Ay + M; where A; is of finite variation and M; is a continuous local
martingale, both starting from zero. The result that

t t
/ K!dA; —>/ K ,dA,, u.c.p.
0 0

is standard from the Lebesgue-Stieltjes theory. Let T} be a reducing sequence for the
continuous local martingale M such that M7+ is a bounded martingale. Also since K is
locally bounded we can find a sequence of stopping times Sy, such that K°* is a bounded
previsible process. It therefore suffices to prove for a sequence of stopping times Ry such
that Ry T oo, then

(K™ - M)E 5 (K- M)B w.cp..

S bl

By Doob’s L? inequality, and the It6 isometry we have

E[(K™ M)~ (K - M))"]* <4E[(K™- M) — (K - M), Doob L
<4||K™ - K|3,, It6 Isometry

<4 / (K — K,)*d(M),

As |[K™— K| — 0 pointwise, and K is bounded, clearly |[K™ — K| is also bounded uniformly
in n. Hence by the Dominated Convergence Theorem for the Lebesgue-Stieltjes integral

/(K? — K;)2d(M), — 0 as..
Hence, we may conclude

E([(K™- M) —(K-M)]")* =0, as n — .

So
(K™ M)~ (K-M)* —0in L?
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as n — oo; but this implies that
(K™ M) — (K - M)]" — 0 in probability.
Hence
(K" -M)— (K- -M)] - 0 u.c.p.
as required, and putting the two parts together yields

t t
/ K}dX, —>/ K.,dX,, u.c.p.
0 0

which is the required result. []
This result can now be applied to the construction of the quadratic variation process,
as illustrated by the next theorem.

Theorem 10.3.
The quadratic variation process (X), is equal to the following limit in probability

oo

. 2 . .
(X), = nlgglo Z (Xt/\(k—|—1)2—n - Xt/\kz—n) in probability.
k=0

Proof
In the theorem (7.2) establishing the existence of the quadratic variation process, we noted
in (*x) that

Al = M} —2(H™ - M),.

Now from application of the previous theorem
t 0o
2/0 XdX, = nh—{gokz_%X“\m" (Xenpt1)2-n — Xipara—r) -

In addition,
oo

th - Xg = Z (th/\(k+1)2—n - th/\k2—"> :
k=0
The difference of these two equations yields

Ay = X3+ nlggo Z (Xinwsny2—n — Xt/\kZ*”)2 ;

k=0
where the limit is taken in probability. Hence the function A is increasing and positive on
the rational numbers, and hence on the whole of R by right continuity. ]

Remark
The theorem can be strengthened still further by a result of Doléans-Dade to the effect
that for X a continuous semimartingale

oo

. 2

(X); = nlgglo Z (Xt/\(k~|—1)2—" - Xt/\k2—") )
k=0

where the limit is in the strong sense in L. This result is harder to prove (essentially the

uniform integrability of the sums must be proven) and this is not done here.



11. Ito’s Formula

[t6’s Formula is the analog of integration by parts in the stochastic calculus. It is also
the first place where we see a major difference creep into the theory, and realise that our
formalism has found a new subtlety in the subject.

More importantly, it is the fundamental weapon used to evaluate It6 integrals; we
shall see some examples of this shortly.

The It6 isometry provides a clean-cut definition of the stochastic integral; however it
was originally defined via the following theorem of Kunita and Watanabe.

Theorem (Kunita-Watanabe Identity) 11.1.
Let M € My and H and K are locally bounded previsible processes. Then (H - M), is
the unique element of L*(F,,) such that for every N € My we have:

E[(HM)OONOO] :E[(H <M7N>)oo]

Moreover we have

(H-M),N)=H - (M,N).

Proof
Consider an elementary function H, so H = Z1(g 17, where Z is an Fg measurable bounded
random variable, and S and T are stopping times such that S < T'. It is clear that

E[(H-M)sxNs| =E[Z (M — Mg) Noo]
=E[Z(MyNpr — MgNg)]
=E[My(H - N)x]
Now by linearity this can be extended to establish the result for all simple functions (in
L). We finally extend to general locally bounded previsible H, by considering a sequence

(provided it exists) of simple functions H™ such that H™ — H in L?(M). Then there exists
a subsequence ny such that H™ converges to H is L?(N). Then

E((H™ - M)ooNoo) — E((H - M)ooNoo) =E( (H™ — H) - M) N

<y ({m — m) ), [
g\/ﬂ«: ([(an M) — (H - M)]Q) \/E(Ngo)

By construction H™ — H in L?(M) which means that
|H™ — Hl||pr — 0, as k — oc.

By the Ito isometry
E|((H™ — H)-M)*| = ||[H™ — H||?; = 0, as k — 00,

[33]
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that is (H™ - M) — (H-M ) in L. Hence as N is an L? bounded martingale, the right
hand side of the above expression tends to zero as k — oo. Similarly as (H™ - N)y, —
(H - N)o in L2, we see also that

E((H™ - N)ooMs) — 0, as k — oo.

Hence we can pass to the limit to obtain the result for H.
To prove the second part of the theorem, we shall first show that

(H-N),(K-M))+((K-N),(H-M))=2HK(M,N).

By polarisation
(M + N)— (M — N)

<M7N>: 4 )

also (4 K- (H—K)Z‘

HK =
4

Hence
mHK-wLN»:%(KH+KF—(H—KVyﬂM+m—4MNﬂ>

Now we use the result that ((H - M)) = (H? - (M)) which has been proved previously in
theorem (7.9(iii)), to see that

2HK - (M, N)) :%(((H+K) (M + N)) = (H + K) - (M = N))
—<<H—K>-<M+N>>+<<H—K>-<M—N>>).

Considering the first two terms

(H+ K)(M+N)) = ((H+K)-(M~-N))=
=(H+K) - M+(H+K)-N)—{((H+K)-M—-(H+K)-N)
=4(H+K)-M,(H+ K)-N) by polarisation
—4((H-M,H-N)+(H-M,K-N)+(K-M,H-N)+ (K -MK-N)).

Similarly for the second two terms
(H-K)-(M+N))-(H-K)-(M-N)) =
=(H-K)-M+(H-K)-N)—(H-K)-M—-(H-K)-N)

=4((H — K)-M, (H — K) - N) by polarisation
—A((H-M,H -N)—(H-M,K-N)—(K-M,H-N)+ (K -M,K-N)).
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Adding these two together yields
2(HK - (M,N)) = ((H - N), (K - M))+ ((K-N),(H-M))
Putting K =1 yields
2H-(M,N)=(H-M,N)+ (M,H - N).

So it suffices to prove that ((H - M),N) = (M, (H - N)), which is equivalent to showing
that
(H-M)N — (H-N)M

is a local martingale (from the definition of covariation process). By localisation it suffices
to consider M and N bounded martingales, whence we must check that for all stopping
times 7',

E((H-M)rNr)=E((H-N)rMr),

but by the first part of the theorem
E((H -M)swNs) =E((H -N)suMs),
which is sufficient to establish the result, since

(H-M)pNp =(H - M)LNT
(H-N)rMp =(H-N)T M~

[]

Corollary 11.2.
Let N, M be continuous local martingales and H and K locally bounded previsible pro-

cesses, then
((H-N),(K-M))=(HK-(N,M)).

Proof
Note that the covariation is symmetric, hence

((H-N),(K-M))=(H (X, (K M)))

[]

We can prove a stochastic calculus analogue of the usual integration by parts formula.
However note that there is an extra term on the right hand side, the covariation of the
processes X and Y. This is the first major difference we have seen between the Stochastic
Integral and the usual Lebesgue Integral.

Before we can prove the general theorem, we need a lemma.
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Lemma (Parts for Finite Variation Process and a Martingale) 11.3.

Let M be a bounded continuous martingale starting from zero, and V a bounded variation
process starting from zero. Then

t t
MtVt:/ Msts+/ Vsd M.
0 0

Proof
For n fixed, we can write

MV = ZMkz—n/\t (Via=nat = Vik—1)2-nnt) + Z Vik—1)2-nat (Myga—nat — M—1y2-nnt)

k>1 k>1
t
= ZMkZ—n/\t (Vk2—"/\t - V(k—1)2—"/\t) + / HdMs,
k>1 0

where H™ is the previsible simple process

Hg = Z sz—n/\tl((k_1)2_"/\t,k;2_"/\t] (S)
k>1

These H™ are bounded and converge to V' by the continuity of V', so as n — oo the second

term tends to .
/ V,dM,,
0

and by the Dominated Convergence Theorem for Lebesgue-Stieltjes integrals, the second

term converges to
t
| v,
0

as n — oo. []

Theorem (Integration by Parts) 11.4.
For X and Y continuous semimartingales, then the following holds

t t
X,Y, — XoYp = / X,dY, +/ Y,dX, + (X,Y),.
0 0

Proof

It is trivial to see that it suffices to prove the result for processes starting from zero.
Hence let X; = M; + A; and Y; = N; + B; in Doob-Meyer decomposition, so Ny and M,
are continuous local martingales and A; and By are finite variation processes, all starting
from zero. By localisation we can consider the local martingales M and N to be bounded
martingales and the F'V processes A and B to have bounded variation. Hence by the usual
(finite variation) theory

t t
AtBt = / ASdBS +/ BSdAS.
0 0
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It only remains to prove for bounded martingales N and M starting from zero that
t t
M; Ny :/ Myd Ny +/ NydM; + (M, N);.
0 0

This follows by application of polarisation to corollary (7.3) to the quadratic variation
existence theorem. Hence

(M + Ay)(Ny + By) =M Ny + M B, + N Ay + A By

t t
:/ Msts+/ NydM, + (M, N),
0 0

t t t t
+/ MSdBS+/ Bdes+/ NSdAS+/ AgdN,
0 0 0 0
t t
+ [ s+ [ Baa,
0 0

:/t(Ms + A)d(N, + By) + /t(Ns + By)d(M, + A,) + (M, N).

[]

Reflect for a moment that this theorem is implying another useful closure property of
continuous semimartingales. It implies that the product of two continuous semimartingales
X.:Y; is a continuous semimartingale, since it can be written as a stochastic integrals with
respect to continuous semimartingales and so it itself a continuous semimartingale.

Theorem (It6’s Formula) 11.5.
Let f : R* — R" be a twice continuously differentiable function, and also let X =
(X1, X2 ..., X"™) be a continuous semimartingale in R". Then

f(Xy) — f(Xo) = Z / 57X S)dXE 4 Z / axzaxa X,)d(X XY,

Proof

To prove Itd’s formula; first consider the n = 1 case to simplify the notation. Then let
A be the collection of C? (twice differentiable) functions f : R — R for which it holds.
Clearly A is a vector space; in fact we shall show that it is also an algebra. To do this we
must check that if f and g are in A, then their product fg is also in A. Let F; = f(X})
and G = g(X;) be the associated semimartingales. From the integration by parts formula

t t
F,Gy — FyGo = / F,dG, +/ G,dF, + (F,,G,).
0 0

However since by assumption f and ¢ are in A, It6’s formula may be applied to them

individually, so
t t 8f
/FsdGsz/ Fx0) 2 (x,)dx,.
0 0 3.1'
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Also by the Kunita-Watanabe formula extended to continuous local martingales we have

(F.G), = / F(X2)g' (X)d(X, X)..

Thus from the integration by parts,

t t t
Fth - FOGO :/ FsdGs +/ Gdes +/ f/(Xs)gl(Xs)d<X,X>s,
0 0 0

- / (Fog(X,) + F(X,)Gy) dX,

1

+ 3 /0 (Fug"(X,) +2f'g'(X,) + £"(X,)Gs) (M),

So this is just what Ito’s formula states for fg and so It6’s formula also applies to fg;
hence fg € A.

Since trivially f(x) = z is in A, then as A is an algebra, and a vector space this
implies that A contains all polynomials. So to complete the proof, we must approximate f
by polynomials (which we can do by standard functional analysis), and check that in the
limit we obtain It6’s formula.

Introduce a sequence U, := inf{t : |X;| + (X), > n}. Hence {U,} is a sequence of
stopping times tending to infinity. Now we shall prove It6’s formula for twice continuously
differentiable f restricted to the interval [0, U,], so we can consider X as a bounded martin-
gale. Consider a polynomial sequence f; approximating f, in the sense that for r = 0,1, 2,
f,gr) — ) uniformly on a compact interval. We have proved that Ité’s formula holds for
all polynomial, so it holds for f; and hence

tAU, tAU,
R = fe0) = [ reoax.+ 5 [ en)ae),

Let the continuous semimartingale X have Doob-Meyer decomposition
Xt = Xo + My + Ay,

where M is a continuous local martingale and A is a finite variation process. We can rewrite
the above as

tAU, tAU, tAUR
R = fe0) = [ pexoa o+ [ ponoaag [ acao,,

since (X) = (M). On (0,U,,] the process |X| is uniformly bounded by n, so for r = 0, 1,2
from the convergence (which is uniform on the compact interval [0, U,,]) we obtain
R =

sup —0as k — o0

lz|<n

And from the It6 isometry we get the required convergence.
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11.1. Applications of Itdo’s Formula

Let B; be a standard Brownian motion; the aim of this example is to establish that:

t
1 1
B,dB, = —B? — —t.
/0 27t 2

This example gives a nice simple demonstration that all our hard work has achieved some-
thing. The result isn’t the same as that which would be given by the ‘logical’ extension of

the usual integration rules.
To prove this we apply Ito’s formula to the function f(x) = x%. We obtain

b0 1[92
f@ﬂ—ﬂ&ﬂzé;ﬁ@@ﬂﬁ+i45%@@«&3%

noting that By = 0 for a standard Brownian Motion we see that
t 1
B? = 2/ B,dB;, + 52ds,
0

whence we derive that

t 2
/ ByB, = 5t _ L
0 2 2

For those who have read the foregoing material carefully, there are grounds to complain that
there are simpler ways to establish this result, notably by consideration of the definition of
the quadratic variation process. However the point of this example was to show how It6’s
formula can help in the actual evaluation of stochastic integrals; not to establish a totally
new result.

11.2. Exponential Martingales
Exponential martingales play an important part in the theory. Suppose X is a continuous
semimartingale starting from zero. Define:

Z, = exp <Xt - %<x>t> .

This Z; is called the exponential semimartingale associated with X;, and it is the
solution of the stochastic differential equation

dZt = thXt,
that is

t
Z, =1 +/ Z,dX,,
0

so clearly if X is a continuous local martingale, i.e. X € M
stability property of stochastic integration, that Z € M
exponential martingale.

i, then this implies, by the

e also. In which case Z is the
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Proof
For existence, apply It6’s formula to f(x) = exp(z) to obtain

A (exp(¥2)) = exp(V)dY, + 5 exp(Vi)d(Y, V).

Hence

d (exp(Xt - %(X)Q) = exp(X; — %(Xh)d (Xt - %<X>t>

Ao o))

=exp(X; — %(X>t)dXt — %exp (Xt — %(X%) d(X),

1 1
+ e (X0- 300,) a0,
:thXt

Hence Z; certainly solves the equation. Now to check uniqueness, define

1
Y, = exp <—Xt + 5<X>t> ,

we wish to show that for every solution of the Stochastic Differential Equation Z;Y; is a
constant. By a similar application of It6’s formula

dY; = -YdX; + Y:d(X),,
whence by integration by parts (alternatively consider It6 applied to f(z,y) = zy),

d(Ztlft) :thYrt + X/tdZt + <Z, Y>t7
=7 (—Yd X, + Y d(X),) + V1 Z,d X, + (=Y Z;)d(X),,
=0.

So Z.Y; is a constant, hence the unique solution of the stochastic differential equation
dZt = thXt, with Z() = 1, is

Zt = exp <Xt - %<X>t> .
L]

Example
Let X; = 0By, for an arbitrary scalar 6. Clearly X; is a continuous local martingale, so the
associated exponential martingale is

1
Mt = exp <9Bt - 592t> .



12. Lévy Characterisation of Brownian Motion

A very useful result can be proved using the Ito calculus about the characterisation of
Brownian Motion.

Theorem 12.1.
Let {B'};>0 be continuous local martingales starting from zero for i = 1,...,n. Then
B = (Btl:. ., B}") is a Brownian motion with respect to (2, F,P) adapted to the filtration
Fi, if and only iff

(B',B7), = 0t ¥i,j€{l,...,n}.

Proof

In these circumstances it follows that the statement B; is a Brownian Motion is by definition
equivalent to stating that B; — By is independent of F and is distributed normally with
mean zero and covariance matrix (¢ — s)[.

Clearly if By is a Brownian motion then the covariation result follows trivially from the
definitions. Now to establish the converse, we assume (B?, BY), = §;;t for 4,5 € {1,...,n},
and shall prove B; is a Brownian Motion.

Observe that for fixed § € R" we can define M/ by

M = 1(Brt) = exp (i0.0)+ 3 ).

By application of It6’s formula to f we obtain (in differential form using the Einstein
summation convention)

of - Of 1 0%f
d (f(By,t)) :%(Bt,t)dBZ + E(Bt,t)dt + 5 5ionk

1 1
=if;f (Be, )dB] + 5 10 f(By, t)dt — 5 0i0k0jif (B, t)dt

(Bt7 t)d<BJ7 Bk>t7

—if); f(By, t)dB].

Hence

M =1+ / A (B ),

and is a sum of stochastic integrals with respect to continuous local martingales and is
hence itself a continuous local martingale. But note that for each ¢,

|M7| = (e%w'%) <
Hence for any fixed time to, (M*), satisfies

[(MF0),] < |(M")o] < o0,

[41]
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and so is a bounded local martingale; hence (M™);) is a martingale. Hence M is a genuine
martingale. Thus for 0 < s < t we have

E (exp (i(6, B, — B,)) | Fs ) = exp (—%(t ) |9|2> as.

However this is just the characteristic function of a normal random variable following
N(0,t — s); so by the Lévy character theorem B; — By is a N(0,t — s) random variable.
[]



13. Time Change of Brownian Motion

This result is one of frequent application, essentially it tells us that any continuous local
martingale starting from zero, can be written as a time change of Brownian motion. So
modulo a time change a Brownian motion is the most general kind of continuous local
martingale.

Proposition 13.1.
Let M be a continuous local martingale starting from zero, such that (M), — oo ast — oo.
Then define

Ts := inf{t > 0: (M), > s}.

Then define

(i) This 75 is an F stopping time.

(ii) (M), =s.
(iii) The local martingale M can be written as a time change of Brownian Motion as
M; = B<M> . Moreover the process A, is an Fy adapted Brownian Motion, where F, is

t

the time-changed o algebra i.e. F, = Fr..

Proof
We may assume that the map ¢ — (M), is strictly increasing. Note that the map s — 7y is
the inverse to ¢ — (M),. Hence the results (i),(ii) and (iii).

Define
T, :=inf{t: |M|; > n},

U, := <M>Tn
Note that from these definitions

Tiav, =inf{s >0: (M), >t AU,}
=inf{s > 0: (M), >t A (M) }
:Tn N Tt

So
iU, 7 s
Agm = Agau, = M

Now note that U, is an F; stopping time, since consider

A={U, <t} ={M)p <t} ={T, <7},

the latter event is clearly F,, measurable i.e. it is F, measurable, so U, is a F, stopping
time. We may now apply the optional stopping theorem to the UI martingale M~ which
yields

E (AP 7)) =E (Ain, |17) =B (MI|F,)
~E(MT|F,) = MP = AT

[43]
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So A; is a F; local martingale. But we also know that (M? — (M))T» is a UI martingale,
since M~ is a UI martingale. By the optional stopping theorem, for 0 < 7 < s we have

E (AgAUn - (8 A Un)|fr> =E ( ((Mg;n)z - <M>Ts/\Tn> |fTT>
=E (M2 — (M), )" |7, ) = (M2 - (M)

:A%/\Un = (r A Up).

)"

Tr

Hence A2 —t is a F; local martingale. Before we can apply Lévy’s characterisation theorem
we must check that A is continuous; that is we must check that for almost every w that
M is constant on each interval of constancy of (M). By localisation it suffices to consider
M a square integrable martingale, now let ¢ be a positive rational, and define

Sq = inf{t > ¢: (M), > (M)},

then it is enough to show that M is constant on [g,S,). But M? — (M) is a martingale,
hence

B |(M3, - 0)5,) " 1| =aa2 - o,
“MZ — (Mg, as (M), = (M),

Hence 5
E|(Ms, - M,)"|F,| =0,

which establishes that A s continuous. .
Thus A is a continuous F; adapted martingale with (As)s = s and so by the Lévy
characterisation theorem Ag is a Brownian Motion.

13.1. Gaussian Martingales
The time change of Brownian Motion can be used to prove the following useful theorem.
Theorem 13.2.
If M is a continuous local martingale starting from zero, and (M); is deterministic, that
is if we can find a deterministic function f taking values in the non-negative real numbers
such that (M), = f(t) a.e., then M is a Gaussian Martingale (i.e. M; has a Gaussian
distribution for almost all t).
Proof
Note that by the time change of Brownian Motion theorem, we can write M; as a time
change of Brownian Motion through

Mt — B<M>t7

where B is a standard Brownian Motion. By hypothesis (M), = f(t), a deterministic
function for almost all ¢, hence for almost all ¢,

M = By,
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but the right hand side is a gaussian random variable following N (0, f(¢)). Hence M is a
Gaussian Martingale, and at time ¢ it has distribution given by N (0, (M),). []

As a corollary consider the stochastic integral of a purely deterministic function with
respect to a brownian motion.

Corollary 13.3.
Let g(t) be a deterministic function of t, then M defined by

t
M, ::/0 f(s)dBs,

t
M, ~ N (0, 2d>.
t ( | s
Proof

From the defintion of M via a stochastic integral with respect to a continuous martingale,
it is clear that M is a continuous local martingale, and by the Kunita-Watanabe result,
the quadratic variation of M is given by

satisfies

(M), = / £ (s)lds,

hence the result follows. []

This result can also be established directly in a fashion which is very similar to the
proof of the Lévy characterisation theorem. Consider Z defined via

1
7y = exp (z’@Mt + 592<M>t> :

as in the Lévy characterisation proof, we see that this is a continuous local martingale,
and by boundedness furthermore is a martingale, and hence

E(Zo) = E(Z),

whence E (exp(i0M,)) = E (exp (—%92 /Ot f(8)2d5>>

which is the characteristic function of the appropriate normal distribution.



14. Girsanov’s Theorem

Girsanov’s theorem is an element of stochastic calculus which does not have an analogue
in standard calculus.

14.1. Change of measure

When we wish to compare two measures P and Q, we don’t want either of them simply to
throw information away; since when they are positive they can be related by the Radon-
Nikodym derivative; this motivates the following definition of equivalence of two measures.
Definition 14.1.

Two measures P and QQ are said to be equivalent if they operate on the same sample space,
and if A is any event in the sample space then

P(A) > 0 < Q(A) > 0.

In other words P is absolutely continuous with respect to Q and Q is absolutely continuous
with respect to P.
Theorem 14.2.
If P and Q are equivalent measures, and X; is an JF;-adapted process then the following
results hold

dQ

Eq(Xt) = Ep <@Xt> ,

Eq (X4 Fs) = Ly "Ee (L X4|Fs)

d
L,=Ep <§‘g>.

Here L; is the Radon-Nikodym derivative of Q with respect to P. The first result basically
shows that this is a martingale, and the second is a continuous time version of Bayes
theorem.

Proof

The first part is basically the statement that the Radon-Nikodym derivative is a martingale.
This follows because the measures P and Q are equivalent, but this will not be proved in
detail here. Let Y be an F; measurable random variable, such that Eq(|Y|) < co. We shall
prove that

where

1
Eq(Y|,) = —Ez [YLi|7,] as. (P and Q).

Then for any A € Fg, using the definition of conditional expectation we have that

1
Eg <1AL—EP [YLt|}"s]> =FEp (14Ep [Y L¢|Fs))
=Ep [14Y L] =Eq [14Y].
Substituting Y = X; gives the desired result. ]

[46]
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Theorem (Girsanov).
Let M be a continuous local martingale, and let Z be the associated exponential martingale

7, = exp <Mt - %(M>t> .

If Z is uniformly integrable, then a new measure QQ, equivalent to P may be defined by

dQ
— = 7.
dP

Then if X is a continuous P local martingale, X — (X, M) is a Q local martingale.

Proof

Since Z. exists a.s. it defines a uniformly integrable martingale (the exponential mar-
tingale), a version of which is given by Z; = E(Z |F:). Hence Q constructed thus is
a probability measure which is equivalent to P. Now consider X, a P local martingale.
Define a sequence of stopping times which tend to infinity via

T, :=inf{t > 0:|X¢| >n, or (X, M) > n}.
Now consider the process Y defined via
Y= XTn —(XTn M),

By Ito’s formula for 0 <t < T,,, remembering that dZ; = Z;dM; as Z is the exponential
martingale associated with M,

A(2.Y;) =2%,dY; + YidZ, + (Z,Y)
=Z,(dX; — d(X, M)) + Y: Z,dM; + (Z,Y)
=Z,(dX, — d(X, M)) + (X; — (X, M)y) Zod M, + Z,d(X, M)
=(X; — (X, M)) Z,dM, + Z,dX,

Where the result (Z,Y); = Z;(X, M); follows from the Kunita-Watanabe theorem. Hence
ZY is a P-local martingale. But since Z is uniformly integrable, and Y is bounded (by
construction of the stopping time T},), hence ZY is a genuine P-martingale. Hence for s < ¢
and A € F,, we have

Eo [(Y: —Y5)1la]| =E[Z(Y: — Y5)14] = E[(Z:Y; — Z:Ys)14] =0,

hence Y is a Q martingale. Thus X — (X, M) is a Q local martingale, since T}, is a reducing
sequence such that (X — (X, M))T» is a Q-martingale, and T}, 1 0o as n — 00. []

Corollary 14.3.

Let W, be a P Brownian motion, then Wy := W; — (W, M), is a Q Brownian motion.
Proof

Use Lévy’s characterisation of Brownian motion to see that since W, is continuous and
(W,W)t = (W,W); = t, since W; is a P Brownian motion, then W is a Q Brownian
motion. []



15. Relations to Second Order PDEs

The aim of this section is to show a rather surprising connection between stochastic differ-
ential equations and the solution of second order partial differential equations. Surprising
though the results may seem they often provide a viable route to calculating the solutions
of explicit PDEs (an example of this is solving the Black-Scholes Equation in Option Pric-
ing, which is much easier to solve via stochastic methods, than as a second order PDE).
At first this may well seem to be surprising since one problem is entirely deterministic and
the other in inherently stochastic!

15.1. Infinitesimal Generator
Consider the following d-dimensional SDE,
dXt :b(Xt)dt + O'(Xt)dBt,
Xy =

where o is a d X d matrix with elements ¢ = {¢;;}. This SDE has infinitesimal generator

A, where
d

A=) "X i+1§d:§d:§d: (Xy) X)LZ
- 8 92 Uzk t Ukj t BRI

7=1 i=1 j=1k=1

It is conventional to set .
aij — Zo-iko-kja
k=1
whence A takes the simpler form
92

1 d d
A= Zb] Xt) 3$3+§ZZG 3a7’3$1

1=1 5=1

Why is the definition useful? Consider application of Itd’s formula to f(X;), which
yields

oy
F(Xs) — F(Xo) = / M dX+/ awﬂ( DA, XY,

Substituting for dX; from the SDE we obtain,

f(Xt)_f(XO):/O ij % Xs) Zzzazk k"@aﬂ@agﬂ(xs) dt

i=1 j=1k=1
t d of
+/0 ;Uz‘j(xs)%(xs)st
t t d of
:/0 Af(X.)as + | ;o—,-j(xs)@( 5)dB,
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Definition 15.1.
We say that X, satisfies the martingale problem for A, if X; is F; adapted and

M, = [(X1) — [(Xo) - / Af(X,)ds

is a martingale for each f € C?(R?).
It is simple to verify from the foregoing that any solution of the associated SDE
solves the martingale problem for A. This can be generalised if we consider test functions

¢ € C?(Rt x R, R), and define

M = p(t,X,) — $(0, Xo) — /0 t ( ha A) b(5, X, )ds.

then MfS is a local martingale, for X; a solution of the SDE associated with the infinitesimal

generator A. The proof follows by an application of It6’s formula to M,fs , similar to that
of the above discussion.

15.2. The Dirichlet Problem
Let € be a subspace of R? with a smooth boundary 9. The Dirichlet Problem for f is
defined as the solution of the system

Au+ ¢ =0 on Q,
u = f on 0f).

Where A is a second order partial differential operator of the form

2

d . 9 1 d d
A= PR 2D K0

which is associated as before to an SDE. This SDE will play an important role in what is
to follow.

A simple example of a Dirichlet Problem is the solution of the Laplace equation in
the disc, with Dirichlet boundary conditions on the boundary, i.e.

V2u =0 on D,
u= fondD.

Theorem 15.2.

For each f € CZ(0R) there exists a unique u € C#(Q) solving the Dirichlet problem for f.
Moreover there exists a continuous function m : Q — (0, 00) such that for all f € CZ(92)
this solution is given by

u(x) = /8 (.3 f(3)o(dy).
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Now remember the SDE which is associated with the infinitesimal generator A:

dXt :b(Xt)dt + O'(Xt)dBt,
Xo =g

Often in what follows we shall want to consider the conditional expectation and probability
measures, conditional on zg = x, these will be denoted E, and P, respectively.

Theorem (Dirichlet Solution).
Define a stopping time via
T :=inf{t>0: X, ¢ Q}.

Then u(x) given by

u(x) :=E,

/0 H(X,)ds + f<xT>] ,

solves the Dirichlet problem for f.

Proof
Define

tAT
M = u(Xpat) +/ »(Xs)ds.
0
We shall now show that this M; is a martingale. For ¢ > T, it is clear that dM; = 0. For

t <T by Ito’s formula
dM; = du(Xy) + ¢(Xe)dt

Also, by Itd’s formula,

d
du(X,) = Z - (X)dX] + = ZZ axz (M )d(X* XY,
Jj=1 1=1 j=1
. ou 14 4 d
:JZ::I %(Xt) [b(X¢)dt + o(X¢)dBy] + 3 ;;;m k]a ,333] (X¢)dt

d
du
=Au(Xy)dt + ) o(Xy) a—(Xt)dBt

Putting these two applications of It0’s formula together yields

dM; = (Au(X,) + (Xy)) dt + > o(Xy) g—u(Xt)dBt

but since u solves the Dirichlet problem, then

(Au+ ¢)(Xy) =0,



Relations to Second Order PDE's 51

hence

d
dM, = (Au(X,) + $(X)) dt + Y o (Xy) g—(Xt)dB

d
:Za Xt xt)dBJ

from which we conclude by the stability property of the stochastic integral that M; is a
local martingale. However M, is uniformly bounded on [0, ¢], and hence M; is a martingale.

In particular, let ¢(z) = 1, and f = 0, by the optional stopping theorem, since T A ¢
is a bounded stoppping time, this gives

u(x) = By (M) = E, (Mrag) = Ey [u(Xpe) + (T A )],

Letting ¢ — oo, we have via monotone convergence that E,(T') < oo, since we know that
the solutions u is bounded from the PDE solution existance theorem; hence T' < oo a.s..
We cannot simply apply the optional stopping theorem directly, since 7" is not necessarily
a bounded stopping time. But for arbitrary ¢ and f, we have that

[ M| < lulloo + T'l|d]loc = sup [u(x)[ + T sup |p(x)],
x€ xeQ

whence as E, (T) < oo, the martingale M is uniformly integrable, and by the martingale
convergence theorem has a limit M. This limiting random variable is given by

Moo= (Xn) + [ 0(X)s

Hence from the identity E, My = E, M, we have that,

f(X7) +/0 ¢(Xs)ds] .

u(x) = By (My) = E, (Mo) = E

15.3. The Cauchy Problem
The Cauchy Problem for f, a C? function, is the solution of the system

u(t,x) = f(x) Vt > 0, on x € 92
A typical problem of this sort is to solve the heat equation,

ou 1_,
5—5VU,
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where the function u represents the temperature in a region €2, and the boundary condition
is to specify the temperature field over the region at time zero, i.e. a condition of the form

u(0,x) = f(x) for z € Q,
In addition the boundary has its temperature fixed at zero,
u(0,x) = 0 for z € 0.
If €2 is just the real line, then the solution has the beautifully simple form
u(t, ) = Es (f(Bt)),

where By is a standard Brownian Motion.

Theorem (Cauchy Existence) 15.3.
For each f € C2(R?) there exists a unique u in Cy’*(Rx R%) such that u solves the Cauchy
Problem for f. Moreover there exists a continuous function (the heat kernel)

p:(0,00) x R* x R* — (0, 00),
such that for all f € CZ(R?), the solution to the Cauchy Problem for f is given by

utx) = [ plt.x.)1(3)ay.

Theorem 15.4.
Let u € C’;’Z(R x R?) be the solution of the Cauchy Problem for f. Then define

T:=inf{t > 0:X; ¢ Q},
a stopping time. Then
u(t,x) = Eq [f(Xzat)]

Proof
Fix s € (0,00) and consider the time reversed process

M :=u((s —t) AT, X¢ar).

There are three cases now to consider; for 0 < T < ¢t < s, My = u((s —t) ANT,Xr),
where X7 € 012, so from the boundary condition, My = f(Xr), and hence it is clear that
dM; = 0. For 0 < s <T <tand for 0 <t < s <T, the argument is similar; in the latter
case by Ito’s formula we obtain

d
ou ou j
th - — &(S — t, Xt)dt + jE_l %(S — t, Xt)dXt

1 LI 0%u ) .
- _ iy
T2 ey (® — B XDA(XE X,

1=1j5=1

ou 4. ou - k
B <_a + A“) (s —t, X;)dt + ; a7 (5~ 6 Xe) > k(Xe)dBY.

k=1
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We obtain a similar result in the 0 < ¢ < T < s, case but with s replaced by T'. Thus for
u solving the Cauchy Problem for f, we have that

ou

we see that M, is a local martingale. Boundedness implies that M; is a martingale, and
hence by optional stopping

U(S?X) =K, (MO) =E, (Ms) =E, (f(Xs/\T))a

[]

15.4. Feynman-Kac¢ Representation
Feynman observed the following representation for the representation of the solution of a
PDE via the expectation of a suitable function of a Brownian Motion ‘intuitively’ and the
theory was later made rigorous by Kac.

We have already considered solving the Cauchy problem

%:Auonﬁ

u(0,x) = f(x) on x € Q
u(t,x) = f(x) ¥t > 0, on x € 90

where A is the generator of an SDE and hence of the form

d d

d o 1 2
A:;b(xt)%+§_zz“”( ) gmiomd

i=1 j=1

Now consider the more general form of the same Cauchy problem where we consider a
Cauchy Problem with generator L of the form:

2

d d d
, 0 1
L=Atv=) t/(X)p+ 522 i(Xe) 18x3+v(Xt)'

7j=1
For example
1
A = §v2 + ’U(Xt),
so in this example we are solving the problem

% _ %v%(t, X,) + 0(X,)u(X,) on R,
&u(0,x) = f(x) on ORY.
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The Feynman-Kac¢ Representation Theorem expresses the solution of a general second
order PDE in terms of an expectation of a function of a Brownian Motion. To simplify
the statement of the result, we shall work on € = R?, since this removes the problem of
considering the Brownian Motion hitting the boundary.

Theorem Feynman-Kaé Representation).
Let u € C’ (R x R%) be a solution of the Cauchy Problem with a generator of the above
form for f , and let B; be a Brownian Motion in R? starting at x. Then

u(t,x) = E, {f(Bt) exp </0t v(Bs)dsﬂ .
Proof

Fix s € (0,00) and apply It6’s formula to

M, = u(s — 1, X;) exp </0t U(BT)dr> .

For notational convenience, let

B, = exp </Otv(BT)dr> .

For 0 <t <'s, we have

th -

Q.'J‘Q-,
LY

(s —t Xt)EtdB + (% + Au + vu> (s —t, X¢)Epdt

T

<
I
—

Il
Q.'J‘Q-,
> &

I
—

(s — t,X,)E,dBi.
X
J

Hence M; is a local martingale; since it it bounded, M; is a martingale and hence by
optional stopping

u(s, x) = By (M) = Ey (M) = E, (f(X,)Ey).



16. Stochastic Filtering

The aim of the stochastic filtering problem is to determine the law of the signal given the
observations. This must be formalised in the language of stochastic calculus. The notation
|| - || will be used in this section to denote the Euclidean norm in d-dimensional space.

16.1. Signal Process
Let { Xy, Fi,t > 0} be the signal process. It is defined to be the solution of the stochastic
differential equation

dX; = f(t, Xp)dt + o(t, X¢)dV;,

where V is a d dimensional standard Brownian motion. The coefficients satisfy the condi-

tions
1@t z) = fE& )+ llot,z) — ot y)l| < kllz -yl

1t 2)I1” + [lo(t 2)[1* < B2 (1 + |l=]]*),

which ensure that the equation for X has a unique solution.

16.2. Observation Process
The observation process satisfies the stochastic differential equation

dY; = h(t, X,)dt + dW,, Yy =0,

where W; is an m dimensional standard Brownian motion. The function A satisfies a linear
growth condition
1At 2))1* < k(1 + [J]|?).

A consequence of this condition is that for any 7" > 0,
E ([ X¢]1?) < C (1 +E[[|Xoll]) e,
for ¢ € [0, T] with suitable constants C' and ¢ which may be functions of 7. As a result of

this bound

E < 0.

T
/ Ih(s, X,)|” ds
0

Given this process a sequence of o-algebras may be defined
Vii=o(Ys:0<s<t)UN,

where N is the set of P null subsets of €2, and

Y=

>0

[55]
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16.3. The Filtering Problem

The above has set the scene, we have a real physical system whose state at time ¢ is
represented by the vector X;. The system state is governed by an SDE with a noise term
representing random perturbations to the system. This is observed to give the observation
process Y; which includes new independent noise (represented by W). An example might
be a GPS system on a rapidly moving object, where periodic position measurements may
be obtained by the GPS system. The object obeys Newton’s laws of motion (giving the
signal SDE), and the observations are those of the GPS system (with inherent errors). The
filtering problem is to find the conditional law of the signal process given the observations,
i.e. to find

T (p) = E(d(Xt)|Ve) Vit €[0,T].

In the case mentioned above the filtering problem is to work out the position of the object
given the sequence of GPS position measurements.

16.4. Change of Measure

To solve the filtering problem Girsanov’s theorem will be used to make a change of measure
to a new measure under which the observation process Y is a Brownian motion. Let

t 1 t
Zt = exp <—/ hT(S,XS)dWS — 5/ |h(S,XS)|2dS> .
0 0

Proposition 16.1.
{Z, Fi,t > 0} is a martingale.
Proof
The process Z; satisfies
t
Zy=1-— / ZhT (s, X,)dW,,

0

that is Z; solves the SDE
dZt - —ZthT(t,Xt)th,
Zy =1.

Given this expression, Z; is a positive continuous local martingale and hence is a super-
martingale. To prove that it is a true martingale we must prove in addition that it has
constant mean.

Let T), be a reducing sequence for the local martingale Z;, i.e. an increasing sequence
of stopping times tending to infinity as n — oo such that Z7» is a genuine martingale. By
Fatou’s lemma, and the local martingale property

EZ, =E lim Z!" <liminf EZ]" = 1,

n— 00

SO
EZ, <1 Vt. (*)



Stochastic Filtering 57

This will be used as an upper bound in an application of the dominated convergence
theorem. By application of It6’s formula to

x
f(,fl?) - 1 _|_ 65[77
we obtain that
¢
F(22) = 1(Z0) / £(2z+ 5 [ £1(2)42., 20,
0
Hence . ) )
Zy 1 Zh(sX 6Z|th|
= — —— - dW, — ds.
1+eZ 1+c¢€ /0 (1+€eZs)? / (1+€eZy) y ()

Consider the term

t 7 T
/ sh (S’Xs)dWs,
o (1+eZg)?

clearly this a local martingale, since it is a stochastic integral. The next step in the proof
is explained in detail as it is one which occurs frequently. We wish to show that the above
stochastic integral is in fact a genuine martingale. From the earlier theory (for L? integrable
martingales) it suffices to show that integrand is in L?(W). We therefore compute

-l ]

with a view to showing that it is finite, whence the integrand must be in L?(W) and hence
the integral is a genuine martingale. We note that since Z5 > 0, that

ZhT (s, X,)

(1+eZ,)?

ZhTsX
1+6Z

1 <1 d ZSZ < 1
AteZy) 0 M Urez,)2 = &
S0,
Zoh(s X" Ze s x)2
(1+€eZy) (14 eZ,)*

VA 1 2
B (1+ eZ4)? % (1+eZ5)? S
1 2
< [[h(s, X"
Using this inequality we obtain

x|/

Z,hT (s, X,) ||I?
(1+eZ,)?

1
€

/0 ||h<s,Xs>||2ds] ,
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however as a consequence of our linear growth condition on h, the last expectation is finite.
Therefore . .
/ Zsh' (s, Xs)
o (1+eZg)?
is a genuine martingale, and hence taking the expectation of (x*) we obtain

t 2 2
E Zy _ 1 E / eZZh(s, Xs)] ds
1+ eZ; 1+e o (1+¢€Zs)3

dW

Consider the integrand on the right hand side; clearly it tends to zero as e — 0. But also

eZ2h(s, X,)|? eZ 9
AR5 2L %z k(s X,
(1—|—6Z3)3 (1+€Zs)3 | (57 )|

1+eZ, 9
<% g k(s X,
< Zu s X

<kZs (1+[1X]%),

where we have used the fact that |h(s, X,)|> < k(14| X;]|?). So from the fact that EZ, < 1
and using the next lemma we shall see that E (Z,||X,||?) < C. Hence we conclude that
kZs(1+ || X4||?) is an integrable dominating function for the integrand on interest. Hence
by the Dominated Convergence Theorem, as ¢ — 0,

b eZ2|h(s, X,)|?
E s 105 )1 g .
[/ (Lt cZ,)? S]AO

In addition, since E(Z;) < 1, we have

Z
E z E(Z, .
<1+6Zs>—> (Zs), ase =0

Hence we conclude that
E(Zt) =1 Vt,

and so Z; is a genuine martingale. [l

Lemma (Gronwall’s Inequality).
Suppose that g(t) is a continuous function which satisfies

t
0 <g(t) <alt) +B/ g(s)ds; 0<t<T,
0
in which > 0 and o : [0,T] — R is integrable. Then

t
g(t) < aft) + 6/ as)et=)ds; 0<t<T.
0
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Lemma 16.2. .
EV Zs||Xs||2ds} < C(T) Vtelo,T].
0

Proof
To establish this result It6’s formula is used to derive two important results

d(||1 X:]1?) =2X ] (fdt + odW;) + tr(oTo)dt
Ad(Z|| X4l|?) = — Zo|| Xe||*RT AV, + Z,(2X T (fdt 4 odW,,) + tr(ooT)dt

Putting these into the following larger expression yields

Ze|| X)) ) 1 2
d = d(Z:|X +
<1+ezt||Xt||2 it ez prd GIxd)

€
(1 + eZy[| X 1)

=d(Z4]| X4 I%, Ze|| X ]|?).
Inserting the appropriate expressions for d(Z;|| X||?) yields

( Z|| X¢ ) 2) — 1 S [~ Z|| X ||PRT AWy + Zi2X ] od V]
1+ eZ|| X¢|] (1+ eZ||X|2)

Zy 2XEf+tr(ooT)) e (ZE|Xul|*hTh + 4Z22X FooT X,) &
(L+ eZy]|1 X0 )12)° (L+ eZy[|1Xe)12)° '

After integrating this expression from 0 to t, the terms which are stochastic integrals are
clearly local martingales. In fact they can be shown to be genuine martingales. For example

consider the term . .
Z2X
/ = 2 ZdVS’
0 (14 eZ:]|X[7)

2
Z2XTo
(1+ eZ||X||?)°

we much therefore check that

/

Note that the term X[ ool X; is a sum over terms of the form

/t Z2XFooT X,
= ! s < 00
o (1+ ez X][7)

[ Xioij (8, Xe)ow; (8, Xo) X¢| < || X170,

of which there are d® terms (in R?). But by the linear increase condition on o, we have for
some constant
loll* < (1 + 11X,

and hence .
| Xi0i5(t, Xe)ow; (6, Xo) XE| < 6l Xl (141X ]]%)
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so the integral may be bounded by

t 2v7T 4T t 72 2 2
72X X 22| X617 (1 + || X
/ s 00 t4ds§md3/ 2IXl? (1 + | 4”)
0 (1+€Z]| X4]|?) o (L+eZl| Xe]?)

t 2 2 t 2 4
72||X, 72||X,
:F,;dg / S|| || 4d5+/ SH || 1 dS
o Wrezlx Tl W ezxp)

Considering each term separately,

t 2 2 t 2
ZZ|| X Zs|| Xs 1
[ B [y ZIXE "
0 (1+eZi||X4]]?) 0 (L+eZe||Xell?) (1 + eZ4]| X24]|2)
t t
Zs 1
<[ Zas<: [z,
o € €Jo
the last integral is bounded because E(Z5) < 1. Similarly for the second term,

b Z2 X 22X 1 1
7dr < 53 % 22ds§—2t<oo.
0 (1+€eZ[| X¢[]?) 0 (L+€eZ)|Xe]|?)” (14 eZ|X]|2) €

A similar argument holds for the other stochastic integral, so they they must both be
genuine martingales, and hence if we take the expectations of the integrals they are zero.
Hence integrating the whole expression from 0 to ¢, the taking expectation and finally
differentiation with respect to t yields

dE<meP><E(mMH+mMﬁ>
dt "\ 1+ eZe|| Xe|?2) — (1 + eZ¢]| X4 [[?)?

Zy|| X4 ||? D
<k(l14+E| —MM— )
- < LﬂLthHXt“Z

Applying Gronwall’s inequality gives,

Z|| X¢||? >
2t ) < o(T): Yt e [0, T).
<1+6Zt||Xt||2 S [0, 7]

Applying Fatou’s lemma the desired result is obtained. ]

Given that Z; has been shown to be a martingale a new probability measure P may
be defined by the Radon-Nikodym derivative:

ap

= Zr.
P Fr T

Proposition 16.3. B
Under the new measure P, Y is a Brownian motion, independent of X.
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Proof
From Girsanov’s theorem, the process

t
ift :V;f"_/ h(S,XS)dS,
0

is a Brownian Motion under the new measure P. Now we must check independence of Y
and X. The law of the pair (X,Y") on [0,T] is absolutely continuous with respect to that
of the pair (X, V) on [0, 7], since the latter is equal to the former plus a drift term.
Their Radon-Nikodym derivative (which exists since they are absolutely continuous
with respect to each other) is Z7, which means that for f any bounded measurable function

Hence in terms of the new measure

and hence under P, the variables X and Y are independent. ]

Proposition 16.4.
Let U be an integrable F; measurable random variable. Then

Es [U|W] = B [U|V].

Proof
Define
y; 1:U(Yt+u—Tt3UZO)7

then Y = Y, U Y. Under the measure P, the o-algebra )] is independent of F, since Y is
an F; adapted Brownian Motion. Hence

Es [U]Ve] = B [U|V: U Y] = B [U]Y].
[]

16.5. The Unnormalised Conditional Distribution
To simplify the notation in what follows define Zt = 1/Z;. Then under the measure P we
have

Az, = Z;hT (t, X,)dYs, (%)

s0 Z; is a P local martingale. Hence

B t 1 [t
7, = exp (/ hT (s, X,)dY; — 5/ |h(s,Xs)|2ds> :
0 0
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Also Es (Z) = Ep (ZtZt) = 1, the constant mean condition implies that Zt isalP

martingale. Also
dP

dP

Now define, for every bounded measurable function ¢, the unnormalised conditional dis-
tribution on X via

Fi = Zt, for all t > 0.

pu(6) =5 | $(X0) 24|V
=B [qﬁ(Xt)ZtD)] ,
using the result of proposition 16.4. [l

Proposition (Kallianpur-Striebel) 16.5.
For every bounded measurable function ¢, we have

pi(¢)
Pt(l)

() := Ep [p(X3) | V] = , Pand P as..

Proof
Let b be a bounded ); measurable function. From the definition that

T (P) == Ep [p(X¢) | V4],

we deduce from the definition of conditional expectation that

Ep (m(¢)b) = Ep (¢(X4)D),
hence
Es (Zem(d)h) = Bs (Z6(X0)b)
Whence
By (me(@)Bs |29 b) = Bs (s [6(X0) Z3i] ) -

16.6. The Zakai Equation

Definition 6. Definition
A set S is said to be total in LY(2, F;, P), if for every a € LY(Q2, 7, P)

E(ae;) =0 Vee S=a=0.

Lemma 16.7.

Let
t 1 rt
St = {et = exp (2/ rTdY, + 5/ rsTrsds> o rs € L™ ([O,t],Rm)},
0 0

then the set Sy is a total set in L'(Q, Y, P).
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Remark .
As a result if ¢ € L'(Q,),P) and we wish to compute E(¢|)), it suffices to compute
E (¢e;) for all €, € Sy.

Lemma 16.8.
Let {U}+>0 be a continuous F; measurable process such that

T
E(/ Ut2dt)<oo, VT >0,
0

then for any t > 0, and for j = 1,..., m the following holds
~ t . t ~ .
i </ UdeSJ|yt> _ / & (U, [,) 7.
0 0
Proof
As S; is a total set, it is sufficient to prove that for any ¢; € S; that
~ ~ t . ~ ~ .
E (etIE (/ UdeSJ|Yt>> —E (etIE (U,||Ys) dYSJ> .
0
To this end note that for every ¢; € S; the following holds

t
€ =1 +/ ieerdYs,
0

and hence

t t
: —K <<1+/ iesrsTdYs> (/ Udesj>>
0 0
~ t - ~ t -
=K </ USdYSJ> +E (/ iesrgUsd.S) .
0 0

Here the last term is computed by recalling the definition of the covariation process, in
conjunction with the Kunita Watanabe identity. The first term is a martingale (from the
boundedness condition on Uy) and hence its expectation vanishes. Thus

t t
E <et]E </ Udesj|Y2>> =K <]1?: </ z‘esrgUsdsm))
0 0
t
—E </ i E (Us|Vs) ds>
0

2 ([ Bw?).
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As this holds for all ¢ in S;, and the latter is a total set, by the earlier remarks, this
establishes the result. ]

Lemma 16.9.
Let {Us}4>0 be an F; adapted continuous process such that

T
E (/ des) < oo, VT >0, (%)
0

and let Ry be another continuous F; adapted process such that (R,Y); = 0 for all t. Then

t
E {/ UstsD/t} =0.
0
Proof

As before use the fact that S; is a total set, so it suffices to show that

t
E (etE (/ USdRSD/t)) = 0.
0
Now as €; is V; measurable we see that
~ ~ t s t
E <€tE (/ UstsD/t)) =E <E (6,5/ UstSD/t))
0 0
B t
=K <et/ Usts>
0

However as before each ¢; in S; satisfied
t
e =1 +/ iegrl dY,
0

Hence substituting this into the above expression yields

E <et]I~4] </0t Usts|yt>> =K (/Ot Usts> +E [(/Ot iesrsTdYs> </0t Usts>]
=K (/Ot Usts> +E </0t iesUgrTd(Y, R>>
—E (/Ot USdRS>

=0.

The last term vanishes, because by the condition (x), the stochastic integral is a genuine
martingale. The other term vanishes because from the hypotheses (Y, R) = 0. []
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Remark
In the context of stochastic filtering a natural application of this lemma will be made by
setting Ry = V4, the process driving the signal process.

We are now in a position to state and prove the Zakai equation. The Zakai equa-
tion is important because it is a parabolic stochastic partial differential equation which is
satisfied by p;, and indeed it’s solution provides a practical means of computing pi(¢) =

E (qu(Xt)ZtD?t) . Indeed the Zakai equation provides a method to approach numerical solu-

tion of the non-linear filtering problem by using recursive algorithms to solve the stochastic
PDE.

Theorem 16.10.

Let A be the infinitesimal generator of the signal process X;, let the domain of this in-
finitesimal generator be denoted D(A). Then subject to the usual conditions on f, o and
h, the un-normalised conditional distribution on X satisfies the Zakai equation which is

t t
pu(d) = mo(d) + / po(Asd)ds + / po(RT$)AY,, V>0, Ve D(A).

Proof ~
We approximate Z; by

oo 2
1 + EZt
from the integration by parts formula,

d (Zi6(X0)) = (X0AZ; + Zid(9(X0) + (25, 6(X0) ).

However from the definition of an infinitesimal generator, we know that
t
$0X0) = $(Xa) = [ Aui(o)ds + M,
0

where M is a martingale. Also application of Ité’s formula to f(z) = /(1 + ex), yields
AZ; = df(Zs) = (1 + €2,) 2 ZhTdY; — e(1 + eZ,) 2 Z2||h(t, Xy) ||
Putting these two results together yields
A (Zi9(X0)) = | ZEAB(X0) — (1 + eZ0) (e, Xo)|?] at
+ ZEAMP + ¢(X,) (1 + €Z,) "2 Z, 0T (¢, X,)dY;

In terms of the functions already defined we can write the infinitesimal generator for X,
as

d d d 2
() =3 il ) (@) + 3 30 ( k(5 2)05 (5, m>) o (@),

i=1 i=1 j=1
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and from the earlier discussion of the martingale problem for A, we can also write
M :/ S 2 Xy 1, X)W,
0 =1 j=1 Ot

Now we wish to compute
E (Zo(X0)10)

we shall do this using the previous expression which on integration gives us
~ ~ t ~ ~
Zio(X0) =ZiplXa) + [ [ZiAD(X.) - e(1+ 2) (s X.) P
0
/ ZedM? +/ O(Xs)(1+ €Z,) "2 Z,hT (s, X,)dY,

Note that 1

1+¢€

Hence taking conditional expectations on the whole expression we obtain

E (Z56(X0)|Y%) = pol@) = mo(6)po(1) = mo(9)

mo(¢)
+e€

1
4o

E (quS(Xt)Dit) - n /Oth (¢(Xs)(1 +eZ,) 22,0 (s, Xs)|yt) ay;

Now we take the € | 0 limit. Clearly Zte — Z;, and also

E(Zio(X0Dh) = B (Zb(X002) = (@),
and also
B (ZeAp(X)IVs) = palAsh).

We can bound this by
B (Z:A:0(X,)95) < [ AIIE (Z19:) .

and the right hand side is an L! bounded quantity. Hence by the dominated convergence
theorem we have

/OtIE (Z’EAS¢(XS)|yS> ds — /Ot ps(Ayd)ds as.

Also note that ) 1
lim eg(X.) (Z:) (14 Z) b, X0)|? =

e—0
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and since the function may be dominated by

~\—1 ~
b(Xo) (2 (1+2:)  Ih(s, X2 < 18l Zeln(s, X,)1%

as a consequence of these two results, we see via the Dominated Convergence theorem, as
the right hand side of the above inequality is integrable, that

/ot = [QS(XS) <Z§)2 (1 + 625)_1 ”h(S’Xs)Hst] ds — 0, ase—0.

It now remains to check that the stochastic integral

t . - -1 ¢
[® [¢<XS>Z: (1+2.) hT<s,Xs>|ys] ¥ = [ (7B,
0 0
To this end define
t - N1
I.(1) ;:/ E [¢(XS)Z; (1 +Zs) hT(s,Xs)D)s} dv;,
0

and the desired limit .
I(t) :== / ps(hT (X ,))dYs.
0

Note that both of these can be shown to be continuous, square bounded integrable mar-
tingales. Now note that the difference

t GZSZ (2 + GZS>
Lo - 10) =~ [ E|4(x.) (s, X, | s,
(R
Now we use the dominated convergence theorem to show that for a suitable subsequence
that since ||h(s, X,)[|? < K(1 + || X,]|?) we can write

2

R €Z? (2+€Zs>
E / E | $(X,) ——=h" (5, X,)|Vs| | ds| — 0. a.s.
0 (1+e7)

which is the same as B
E [([E(t) - I(t))z] - 0.

By a standard theorem of convergence, this means that there is a suitable subsequence ¢,
such that
I (t) — I(t) a.s.

which is sufficient to establish the claim. []
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16.7. Kushner-Stratonowich Equation

The Zakai equation as described above provides an SDE satisfied by the unnormalised con-
ditional distribution of X, i.e. pi(¢). It seems natural therefore to derive a similar equation
satisfied by the normalised conditional distribution, m(¢). Recall that the unnormalised
conditional distribution is given by

pul(#) =B |9(X) 2|9
and the normalised conditional law is given by

me() := E[p(X¢)|Ve] -
As a consequence of the Kallianpur-Striebel formula

Pt(@
pe(1)’

Now using this result together with the Zakai equation, we can derive the Kushner-
Stratonovitch equation.

Theorem (Kushner-Stratonovich) 16.11.
The normalised conditional law of the process X; subject to the usual conditions on the
processes X and Y satisfies the Kushner-Stratonovich equation

T (}) =

m($) = mo(@) + / ro(Aup)ds + / (s (KT ) — (W7 )y () (AYs — my(B)ds)



