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Abstract

Martingales are stochastic processes which model the ‘fair game’, i.e., these are the processes
where the expected value of the next term is equal to present observed term given that we
have the knowledge of all past terms. The aim of the project is to understand this special
class of stochastic processes with the continuous parameter time. Martingales are processes
which have unbounded first variation. Due to this we cannot define the integration of a
process with respect to martingales in the Lebesgue-Steiltjes sense. However, they have a
bounded second variation. Using this we can show that integral of simple processes converge
to the stochastic integration in £2 sense and this is how we define the stochastic integral
with respect to continuous martingales. The construction of stochastic integral with respect
to martingales has been carried out rigorously. Further I have discussed the change of
variable formula (Ito’s rule) which is important to understand the calculus of stochastic
processes. Also in the end, there is a discussion on the existence and uniqueness of SDEs
and under what conditions we can have a weak and strong solutions to the SDE with the

given coefficients.
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Chapter 1

Martingales, Stopping Times and

Brownian Motion

The first chapter is devoted towards understanding a class of stochastic processes which are
called Martingales. Martingales are processes in which expectation at any time t is equal.

Brownian motion is an important

1.1 Stochastic Processes

Definition 1.1. Stochastic Process is a collection of random variables
X ={X4;;0 <t < oo} on (Q,F), taking values on the second measurable space (S, p), which

1s called the state space.

The index ¢ € [0,00) of X; is interpreted as the time index. Also for a fixed sample point
w € Q, the function t — X;(w) is the sample path of X.

Let X and Y be two stochastic processes defined on the same probability space (€2, F,P).
As functions of ¢ and w, the concept of being equal can be categorized as the following:
e Y is a modification of X if P[X; =Y;] =1 for every t > 0.

e X and Y are indistinguishable if almost all their sample paths agree, i.e.,

P[X,=Y; Y0<t<oo]=1.

Example Let T be a positive random variable with continuous distribution, and let
X:=0,Y; =0on the set [t # T] and Y; = 1 on the set [t = T]. Then Y is a modification
of X, since for every t > 0, the probability measure of X; = Y; is the measure of the set
P[T" # t] which is equal to 1, but on the other hand we have P[Y; = X;;V ¢t > 0] = 0.



Definition 1.2. Filtrations are a non decreasing family of sub o-fields of F such that we
have Fs C Fy C F for 0 < s <t <oo. We also set Foo = 0((Us>0)F1)-

Definition 1.3. X is said to be adapted to the filtration F; if for each t > 0, X is F;

measurable.

Definition 1.4. X is measurable if, for every A € B(RY), the set {(t,w); X;(w) € A}
belongs to the product o-field B([0,00]) ® F.

Definition 1.5. X is progressively measurable if, for each t > 0 and A € B(R?), the
set {(s,w);0 < s <tweQ Xs(w) € A} belongs to the product o-field B([0,t]) @ F;.

1.2 Stopping Time

The parameter t is interpreted as time and the o-field F; associated is the information
accumulated upto that time ¢t. To study natural phenomenon like an earthquake of above
a certain richter scale or number of customers exceeding the safety requirements, one needs
to study the instant T'(w) at which the phenomenon occurs for the first time, where T is
an F measurable function. Therefore the event {w;T(w) < t} is part of the accumulated

information by time t.

Definition 1.6. Consider a measurable space (Q, F) equipped with a filtration {F;}. A
random time is a stopping time of the filtration, if the event {T < t} belongs to the o-field
Fi for every t > 0. A random time is an optional time, if the event {T < t} belongs to
the o-field Fy, for every t > 0.

Theorem 1. Every random time equal to nonnegative constant is a stopping time. Every

stopping time is optional, and the two concepts are equal if the filtration is right-continuous.

Proof If T'= C, where C is some constant, then the set {w € ;T (w) = C} has measure

1 and so it follows trivially. To prove the second statement we observe that {T" < t} =

oo
UA{T <t—(1/n) € Fi}, as T is a stopping time. To show that the two concepts are equal
1

n—=

o0
if the filtration is right-continuous, we can write {T' <t} = ({7 < t+(1/n)} and conclude

n=r
that {T' <t} € Fyy (1)), for every positive integer r, which proves that {T' <t} € Fiy = Fi.

Lemma 1.1. If T and S are stopping times, then so are TV .S, T NS and T 4+ S.

Proof The first two follow trivially. In the third one, we decompose as;

{T+S5>t}={T=0,S>t}u{0<T <t, T+ S >t}u{l>0,S=0}U{T >t,5>0}.



Here first, third and fourth are in F; and second can be written as:

U {t>T>r,S>t—r}.

reQ;0<r<t

Theorem 2. Let X be a progressively measurable process, and T be the stopping time of the
filtration {F}:. Then the random variable X is {F}r measurable and the stopped process
{X7nt, Ft;0 < t < 0o} is progressively measurable.

Definition 1.7. A filtration which is right continuous and contains all the P negligible

events in JFq is said to satisfy the usual conditions.

1.3 Martingales

Definition 1.8. Let (Q, F,IP) be the probability space with the discrete filtration {F},. A

Process X is called a discrete parameter martingale if the following holds true:
e X is adapted relative to {F}n},
o E(|X,]) < oo,
o E(X,|Fn-1) = Xn-1.

The above process is a supermartingale the first two conditions hold true and the third
is replaced by
E(Xn“/—:nfl) S anla

and is a submartingale if
E(Xn‘Fn—l) > Xn—l-

A martingale is both a submartingale and a supermartingale.

Example Let X1, Xo, ...., be a sequence of independent random variables with,
E(Xy)=0,VEk.

Define Sp:=0, S, := X1+ Xo---+ X,, Fpp:i=0(X1+ Xo---+ X,). Then S, for n > 11is

a martingale.

Definition 1.9. A process { X, F1;0 <t < 0o} is a continuous parameter martingale
if it satisfies the following:

e X is adapted to the filtration {F;},

o E(|X¢]) < oo,



o E(X}|Fs) = X, forevery s <t

The inequalities for submartingales and supermartingales in continuous case is the same

as that for the discrete case.

Definition 1.10. On (Q,F,P), a random sequence {A,}o,, adapted to the filtration is
increasing previsible process if for P a.e. w € Q, we have 0 = Ap(w) < Aj(w) < ...,
and E[A,] < oo forn >1 and {A,} is Fn—1 measurable.

Definition 1.11. A continuous adapted process A is called increasing process if for P

a.e. w € Q) we have:
o Ao(w) = 0,
o t— Ay (w) is a nondecreasing, right continuous integrable function.

Lemma 1.2. If X = {X,,,{F},,n > 0} is a martingale and T is a stopping time, then the
stopped process defined as XT := { Xppn, {F}n,n > 0} is also a martingale.

Proof Xgpa, can be written as:
Xran = Xo + Eo(Xi — Xi—1)xi<T-

We can write the difference of stopped processes as,
X1ran — Xran—1 = (Xn — Xno1)Xi<T-

Taking the expectation of the above term we get the result.
Let X be a martingale and T be a stopping time. We assume that 7T is finite almost

surely, then we can define the random variable X7 : 2 — R by,
Xp(w) = Xp) (@)

Intutively we can say that F(Xr) represents the player’s expected fortune when he is stop-

ping at time 71" which is random. If the game is fair, then we should have,
E(Xr) = E(Xp).

Instead we know that T' A n converges to T pointwise almost surely as n goes to infinity.
Also we know that F(X7r,) = E(Xp) for all n. If we can show that E[Xpp,] — E[X7]
as n — oo, we can conclude that the game is fair. However, such a convergence is not

guaranteed, so we need some hypotheses under which the convergence exist.

Theorem 3 (Doob’s Optional Stopping Theorem). [Wil91] Let X = {X,,,{F}n,n > 0} be
a martingale and T be the stopping time. Suppose that one of the following holds true:



1. There is a positive integer K such that we have T'(w) < K for all w € Q.

2. There is a positive integer N such that we have,
Xa(@)| < N

for all n and T 1is finite almost surely.

3. E[T) is finite and
| X (w) = Xp—1(w)] < N.

Then we have X7 an integrable function with,
E(Xr) = E(Xp).

Proof In all the three cases we have T a.s. a finite random variable. Suppose (1) holds,
then for n > K we would have T An = T for all w € Q that implies, Xpp, = X for all
n > K and we have,

E(Xo) = Xran = E(Xo)

as n — oo . Suppose (2) holds, using the boundedness of X,, we can write,
| X7an| < N
for all w €  and if (3) holds we get the inequality,
| X7An| < [ Xo|+ NT(w).

Certainly we have X integrable and E(NT) = NE(T) < oo by the assumption. There-
fore in either cases we have |Xpa,| bounded by constant which is integrable, so by using

Dominated Convergence Theorem we get the desired result.

Theorem 4 (Submartingale Convergence). Let {X;, F4;0 <t < oo} be a right continuous
submartingale such that supi>0E((X1)1) < 0o. Then limy_ooXi(w) ezists for almost every
w e Q.

Theorem 5 (Doob’s Decomposition). Let X = {X,, Fn;n € ZT} be a stochastic process
which is adapted to {F}, and X,, € L', ¥n. Then X can be decomposed as:

Xpn=M,+ A, + Xy Vn. (1.1)

Here M = {M;, Fy,t > 0} is a martingale and A = {Ay, Fy,t > 0} is a previsible process.
This decomposition is called as doob’s decomposition and it is unique modulo indistinguisha-
bility.



Proof Defining A, = >"1_, (E[X) | Fr1]—Xk—1) and M,, = Xo+> 11 (Xp—E[X} | Fi—1])
we have E(M,, — M,_1) = 0.

For uniqueness, assume that X,, = M, + A, and X,, = Mn + fln are two different
decompositions of X. Let us define Y,, = M,, — M,y = A,_1 — A,. Taking conditional
expectation we have the desired result.

To see that A, is increasing when X, is a submartingale, we write,

E<Xn - Xn—l‘Fn—l) - E(Mn - Mn—1|fn—1) + E(An—l - An’]:n—l)
— 04 (Ap_1 — Ap).

Henceforth we have, .
Ap = E(Xp — Xn1|Fio1).
k=1
Definition 1.12. Let p(pa) be a class of stopping time T satisfying P[T < oo] = 1
(resptively, P[T' < a] =1, for a > 0) ). The right continuous process X is said to be of class
D, if the family { X1 }re, is uniformly integrable and of class DL if the the family { X7 }rey,

is uniformly integrable, for every 0 < a < oo.

Theorem 6 (Doob Meyer Decomposition). [KS91] Let {F;} satisfy usual conditions. If
X is the right continuous submartingale (martingale) and is of class of DL then it has the
decomposition,

X = M + Ay,

where M is a right continuous martingale and A is an increasing process. Also the decom-

position is unique modulo indistinguishability.

Theorem 7 (Martingale /Doob’s Convergence Theorem). If X is supermartingale and
sup,, F|X,| < oo then we have that almost surely X, — Xo where Xoo = limy, 00 X

exist and is finite.

1.4 Continuous Square Integrable Martingales

Continuous square integrable martingales are an important class of processes which are
necessary to understand Brownian Motion. Also further we will construct integration with
respect to square integrable martingales.

Throughout this section we have the triplet (Q, F,P) and the filtration {F;} satisfying the

usual conditions.

Definition 1.13. A right continuous martingale X = {X;, F,0 < t < oo} is said to be a
square integrable martingale if EX? < ooVt > 0. If in addition we have, Xo = 0 then
we write X € My (X € M§, if X is continuous).
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For any X € Ma, we can easily observe that X? = {X?, 7,0 <t < co} is a nonnegative
submartingale (using jensen’s inequality), hence of class DL and so it has the following
decomposition:

X7 = M; + Ay,

where M and A are as defined in (Theorem 6). Further if X € M§$, then A and M are

continuous.

Definition 1.14. For X € My, we define quadratic variation of X to be (X); = A,
where A is an natural increasing process, which is also the decomposition of X? such that

X2 —(X) is a martingale.

Definition 1.15. For two martingales X,Y € Mao, we can define the cross variation process

by
1

4
such that XY -(X,Y) is a martingale. Also,

(X,Y) = ~[(X +Y) — (X —V); 0<t< o0 (1.2)

E[( Xy — X5)(Y; = Ys)] = E[(X2Y; — X, Y5)[F]
= E[<Xt)/t> - <Xs}/s>|]:s]7

for every 0 < s <t <oo. X andY are orthogonal if (X,Y) = 0, in which case XY is a

martingale.

Remark 1.1. It is observed that (-,-) is a bilinear form on Ma such that the following
holds: .

1. (aX +8Y,Z) = (X, Z)+ B(Y, Z).
2 (X,Y) = (Y, X).
3. (X Y)P < (X)(Y).

Definition 1.16. For any stochastic process X, we define the p-th wvariation (p > 0) of

X owver partition 11 as,

m
VP = X, — Xy, P,
k=1

where 1T = {tg,t1, ..., tm}, with 0 =tg < t; < --- <t = t, be a partition of [0,1].

Also mesh of the partition II is defined as || II |= mazi<p<m|te — tk—1]-
We now show that V,? converges in probability as || IT ||— 0, and the limit is the quadratic

variation of the process X.



Theorem 8. [KS91] Let X € M$. For partition II of [0,t], we have lim_oV?¢(I) =
(X)¢; d.e., for every e >0, n > 0, there exists 6 > 0 such that ||II|| < & implies

P[[VA(IL) — (X)e| > ] <,

where |[II|| = maxi<k<m|ty — tx—1| is the mesh of 1.

The proof to the above theorem proceeds through two lemmas. The key idea is, if
X e M§and 0 <s<t<u<wv, then we can write,

E[(Xv - XU)(Xt - XS)] = E{E[(Xv - Xu)‘}—U]}(Xt - XS)-
Also, we can write,
E[(Xy — Xu)?|Fs] = E[X,? — 2X,E[X,|Fu] + X.2|F]

= E[Xv2 - Xu2|]:t] = E[<X>v - <X>u,]:t]'
Proposition 1.1. Let X € My satisfies | X5| < C < o0 ,V s € [0,t] a.s P. IfII be a
partition on [0,t] with tg < t; < .... <t, then we have

BV ) < 6x*

Proof We can use the martingale property to proceed.

E[ Y (X — X4 )| Fen] = B[ ) (X2 = X2 )| F,] < BEIX | F,] < K2

ti—1
i=m-+1 i=m+1

therefore, we have,

n

n—1 n
E[Z Z (Xti - Xti—1)2(th - th—1)2] < KZE[ Z (Xti - Xti—l)Q] < K*
j=1 i=m+1 i=m+1

Further we have,

n n
E[Z(th - Xti—1)4] < KQE[Z(Xti - Xti—l)Q] < 4K4'
i=1 =1

Using the above inequalities we have,

BV ()P < 6K*.



Lemma 1.3. If X € M§ satisfies | X;| < K Vs € [0,t], a.s. P. Then for partitions 11 of
[0,t], we have,
lim EV,* =o.
[[TT—o0]|
Proof We consider my(X;9) := sup{|X, — Xy|;p,q < t,|p — q| < 6}. We can easily see
that,
v < v my(X,6).

Applying the Holder inequality we have the desired result.

Proof Using the above results, we would now proceed with Theorem 8.
We first consider the case when X is bounded by a constant K < oo and (X)s < K
holds Vs € [0,t], a.s. P. Then,

n

BV () — (X):2 = Y BH(Xe, — Xe)? — (XD, — (X))}
=1

<2 Z E[(th - Xt¢71)4 + (<X>t7, - <X>ti71)2]
i=1
< 2BV, () 4+ 2B[(X)emy((X), T0)

As mesh approaches 0 we get the desired result using [Lemma 1.3] .
The second case when X is unbounded , we use localization and proceed as the above case

discussed. For the same we define sequence of stopping times :
T, =inf{t > 0;|X| >n or (X);>n},

with this Xt(n) = Xya7, and th/\Tn — (X)aT, are bounded martingales. As T,, — oo we get

the desired result.

Proposition 1.2. Let X = {X;, F;,0 <t < oo} be a continuous process having the property
that for some p > 0 and each fized t > 0,

Hl%i\\rgo Vt(p) = L; (in probability).

Where Ly takes values in [0,00) and is a random variable. Then for q > p,

lim Vt(Q) =0 (in probability),
(11| =0
and for 0 < q < p,

||1%i||movt(q) =00 (in probability).
o



From the above proposition we can thus conclude that martingales have finite quadratic
variation but have unbounded first variation. Variations of higher order are zero. Being of
unbounded first variation, these processes cannot be differentiated nor we can make sense of
integration in the Lebesgue-Steielges sense. In Chapter 2, we will talk about the construction

of stochastic integration using the idea of boundedness of quadratic variation.

Definition 1.17. Let X = {X;, F;,0 <t < 0o} be a (continuous) process such that if there
exist a non decreasing sequence {T),}°° 1 of stopping times where Ty = 0 and limy, oo T;, = 00
such that {Xt(n) = Xt Ft, 0 <t < 0o} is a martingale for each n > 1, then we say that X
is a (continuous) local martingale. If in addition Xo = 0 a.s, we write X € M!e¢(Mloc),

Remark 1.2. Every martingale is a local martingale as {Xtae, Ft,0 < t < oo} is a sub-

martingale and by optional sampling theorem, we have the result.

Lemma 1.4. Let X,Y € M%°°. Then there is a unique adapted, continuous process of
bounded variation (X,Y) satisfying (X,Y)o =0 a.s P, such that XY — (X,Y) € M&toe,

Definition 1.18. For any X € M2 and 0 <t < co we define,
2n

I X le=: 1/ E(XP).

The above defines a pseudo metric, || X || on Ma which becomes a metric modulo indistin-

)

| X ln A

X => T
n=1

qguishable processes.

Proposition 1.3. Under the preceeding metric, My is a complete metric space and MS is

a closed subspace of Ms.

Proof Let {X(}%, C My be a cauchy sequence in My such that lim, m oo || X —
X ||=0. {X(M}> _ is Cauchy in £2 for each fixed t and has a limit.

From £2? convergence and Cauchy-Schwarz inequality we have, for A € Fj,

lim,, 00 E[IA(XSS”) — Xy)] =0, limy, 00 E[IA(Xt(n) — X¢)] = 0. From this we have E[lAXt(n)] =
E[lAXS(")} which implies E[14X;] = E[14X,]. We then take the right continuous modifica-

tion of X and conclude the result.

1.5 Brownian Motion

Definition 1.19. A continuous process B = {B:} adapted to the filtration F; on (Q, F,P)

is a standard Brownian Motion if the following holds:

10



e By =0 a.s.,

o For 0 < s <t, increments are independent, i.e By — By is independent of Fs,

o The increments are normally distributed with mean 0 and variance t — s of By — Bs.
Remark 1.3. B is a square integrable martingale with quadratic variation process (B); =

tt>0.

1.5.1 Properties

Let B = {By, F;;0 <t < oo} be a standard Brownian Motion, then the following properties
hold:

1. Markov Property: Brownian motion has stationary and independent increments which

makes it a Markov Process.
2. Martingale Property: Brownian Motion is a continuous martingale as :
E[WyFs] = E[Wy — W + W|Fs]

= E[W, — W,|F,] + E[W,|F]
= E[W, — W] + W, = W..

3. Scaling and Time inversion :If W is a Brownian Motion, then the process X =
{X¢, Fe24;0 <t < 00} for ¢ > 0 defined by

1
X, =Wy 0<t<oo.
C

is a Brownian Motion.

Scaling is an equivalence transformation as the continuity and stationary increments

property is preserved. We note that

Var[X, — X) = Varlc“D W () — W(c?s))] = 2 (Pt — ¢2s)

=t—s.

The expectation is 0. Also X; — X, = "D(W () — W(c?s)) is distributed as
eN(0,c%(t — 5)) ~ N(0, (t — 5)).
Also the process Y = {V;, F};0 <t < oo} defined by
Y, = Wy 0<t<oo
0 t=20

11



is an equivalence transformation.

The new process is continuous and 0 at origin. We have E[Y;] = tE[W;,] =0 and Y;

1 1
is a Gaussian process also we have the covariance function E[Y;Y;] = st(— A g) = sAt.
s

. Symmetry:
Proof If W is a Brownian motion so is -W as continuity and stationary increments are
preserved. mean and variance are not affected by the negative sign. The distribution

(can be seen with the help of probability law) does not change.

. Finite Quadratic variation Let {I1,,}°°, be a sequence of partitions of the interval
[0,t] with lim,_,~ ||IT,|| = 0.

with
Xi = (Wti - Wt¢71)2 - (ti - tifl)

We have E(X;X;) =0 for i # j since the increments are independent; also E[(W;, —
Wi, )% = t; — ti—1. We also see using computations that E[(W; — W)4] = 3(t — 5)2.

E(X7?) = E{(Wy, = Wi,_)* — 2t(Wy, — Wy, )? — 17}
:32( —ti )2 +2 Z (t; —ti 1) (th — tp_1) — 12
k=1 1<j<k<n

n
= 2Z(tk —tr1)?
k=1

< 2t | An[0,1] | 0.

. For almost every w € 2, the sample path W (w) is monotone in no interval

. For almost every w € €2, the Brownian sample path W (w) is nowhere differentiable.

Wipn — Wy . N(0,h) N

Proof DW; = limy_,g ~ limy,_.g N(0,h~1). By this we can

say that variance goes to infinity, hence the brownian motion is nowhere differentiable.

12



Chapter 2
Stochastic Integration

To give meaning to the ordinary differential equations that involves continuous stochastic
processes, the theory of Stochastic Calculus emerged. Since many important processes that
we observe in real life such as Brownian Motion, cannot be differentiated, stochastic calculus
assigned meaning to the integration of such processes; through the construction of Stochastic

Integration.

2.1 Construction of Stochastic Integration

Consider continuous square integrable martingales M = {M;, F;;0 < t < oo}, on a probabil-
ity space (€2, F,P),equipped with the filtration {F;}. We assume My =0 a.s P. M € M§ is

of unbounded first variation on any finite interval [0, 7] , and as a consequence, the integral,

T
Ir(X) = / Xt (w)dMy(w)
0
cannot be defined in the Lebesgue-Stieljes sense.

Since martingale M has a bounded second variation, this allows us to proceed with the
construction of stochastic integration with respect to continuous, square integrable matin-
gales for an appropriate class of integrands. The construction was given by Ito(1942) for
the case when martingale M is a Brownian Motion and later was given by Kunita and
Watanabe(1967)[KS91] for the general case M € Mas.

We are going to talk about the case where M € MS$ and will then extend to the gen-

eral, continuous, local martingales M.
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We define a measure on ([0, 00) x Q,5([0, c0) ® F) by,

—E /O La(t, w)d(M)¢(w).

Two processes X and Y are equivalent if|

Xi(w) =Yi(w); punr — ae., (t,w).

We also define,

T
X% = E/ X2d(M
0

Then [X]% is the £2-norm for X, as a funtion of (¢,w) on [0, 7] x €2, under the measure ;.
[X-Y]=0VT>0iff X and Y are equivalent.

Definition 2.1. Let L(M) be the set of equivalence classes of all measurable {F;} adapted
process X, such that [X]|p < oo VT > 0. We define a metric on L by [X — Y], where

N[ XAl
-3

n=1

Let £*(M) be the set of equivalence classes of all progressively measurable processes X,
such that [X]r < oo VT' > 0. We define a metric on £* by [X — Y] in the same way.

Definition 2.2. X is simple if there exists an increasing sequence in R with tg = 0
and limy, oo t, = 00 , sequence of r.v. {£,}5°, and nonrandom constant C > 0 with

Sup,>q [§n(w)| < C, such that for every w € Q, &, is Fy, measurable and

w)lgoy(t) +Z§z Mt t5,01(1)-

The class of simple processes is denoted by Ly.

As members of Ly are progressively measurable and bounded, we have,

Lo C LY CL.
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For X in £y we define the martingale transform as,

n—1
It(X) = Zgi(Mti+l - Mti) + fn(Mt - Mtn) (2'1)
i=1
= Z‘Ei(Mt/\ti+1 — Mint,) ;0 <t < oo. (2.2)
=1

This definition is then extended to the class of integrands in £ and £* by approximations

by simple processes. To get there we require a couple of results.

Lemma 2.1. Let X be bounded, measurable, {F;} adapted process. Then there exist a

o0

sequence { X (™ }_,

of simple process such that

T
sup lim E/ |Xt(m) — X4|?dt = 0.
0

T>0 m—ro0

Proof [Idea of the proof]We divide the proof in three cases where the process is continuous,

progressively measurable and the third case when the process is measurable and adapted.

Case 1 When X is continuous, we construct a sequence of simple processes:

2n—1
X" (w) = Xo()lioy(8) + > Xypjan (@) Lrjan (kr1yryen (£); n > 1
=0

that satisfies lim,,_soo E fOT \Xt(n) - Xt]2dt = 0 by bounded convergence theorem.

Case 2 When X is progressively measurable, consider continuous progressively measurable

processes,
AT = (m)
Fiy(w) := Xs(w)ds; Xe 7 (w) = m[F(w) = Fi_1/mvo(w)]; m > 1,
0
By virtue of case 1, we again define a sequence of simple processes. {Xt(m’n) o and use

bounded convergence theorem to proceed.

Case 3 When X is measurable, we cannot quarantee that the continuous process F' is
progressively measurable, because we do not know if F' is adapted. However, we can have a
progressively measurable modification Y of X. Using this modification we can proceed as

case 2.

Proposition 2.1. If the function t — (M)(w) is absolutely continuous with respect to

Lebesgue measure for P a.e w, then Ly is dense in L with respect to the defined metric.
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Theorem 9. Let {A;;0 <t < 0o} be a continuous increasing process adapted to the filtration
of the martingale M = {My; Fi, 0 <<t < oo}. If

X ={X};0 <t < oo} is a progressively measurable process and EfOT X2dA; < oo for each
T > 0 then there exist {X(")}jf’:1 of simple process such that,

T
sup lim IE/ 1x™ — X,|2dA, = 0.
0

T>0 m—00

Proof [Basic Idea] WLOG we can assume that X is bounded (in case of unbounded we
can define a sequence of bounded processes converging to X and use dominated convergence
theorem) i.e.,

| Xt (w)] < C < o0; VE>),w e .

It suffices to show for each fixed T', a sequence of simple processes { X (”)};’Z":l such that

T
lim IE/ X" — X,2dA; = 0.
0

n—oo

Again, WLOG we have,
Xi(w)=0; YVt >T,we

and define strictly increasing inverse function Ts(w) such that,
A7, (o) () + Ts(w) = 55 Vs > 0.

This Ts(w) is a stopping time w.r.t the filtration {F'};. We also define the new filtration

with s as the new time variable such that
Gs = Fr.,
and define the new time changed process as,
Yi(w) = Xr () (w)-

This process is adapted to Gs because of the progressively measurability of X. Also,

E / Y,%ds = F / Iy, <7 X7, %ds (2.3)
0 0

Ap+T
=FE / Xr1,%ds < C*(EAr +T) < oo. (2.4)
0

We use Lemma 2.1 to construct a family of simple processes {Ys} and show that these

processes converge to Y w.r.t the defined metric.
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Proposition 2.2. The set Ly of simple processes is dense in L* with respect to the metric
defined.

we take A = (M) in Theorem 9 and conclude.

2.2 Construction and Properties of the Integral

We have defined the stochastic integral of simple processes X € Ly . For X,Y € Ly we have

the following elementary properties:

In(X) =0, a.s P (2.5)
IHaX +8Y) =al(X)+pI(Y), a,feR (2.6)
BEI(X)|Fs] = Is(X), (2.7)
t
E(L(X)*=E | X2d(M),, (2.8)
0
11(X)|| = [X], (2.9)
t
EI(L(X) - LOOPIF) = Bl | X2d(M). ) (2.10)
Properties (2.5) and (2.6) are obvious. Property (2.7) follows from,
E[g’i(Mt/\tH,l - Mt A tl)‘Fs] = gi(Ms/\tiJrl - MS A t’l)
Thus we see that I(X) defined as :
i=n—1
It(X) = Z é-i(Mti+l - Mti) + fn(Mt - Mtn)
i=1
is a continuous martingale. For s <t and t;_1 < s < t; and t, <t < t,,+1 we have,
n—1
B[(I(X) = I(X)*|Fs) = E{ék—1(My, — M) + > &(My,,, — My,) + &u(M; — My, ) Y| F]
i=k
= ElG 1 (My, — My)* + X022 (My,,, — My,)? + &0(My — My, )| F]
n—1
= Bl _1(M)y, — (M)s)* + Y & (M)t — (M)1,)> + E2 (M) — (M)y,,)?|F]
i=k

= E[/t X2d(M),|F).

This proves (2.10) and shows that I(X) is square integrable i.e I(X) € M§, having the

quadratic variation as,

mmn:émem
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With s = 0 and taking expectations in (2.10) we get (2.8). (2.9) also follows from the metric
defined.

For X € L* , Proposition 2.2 implies that we can construct a sequence {X ™} in £°
such that [X(™ — X] — 0 as n — co. By (2.6) and (2.9) we say that,

[7(X) = 1XO)]| = X = X0 = (X = x 8] 5 0

as n,k — oo. This helps us understanding that {I(X ()} forms a cauchy sequence in M5.
We know that MS$ is closed in My and therefore the limit I(X) = {[;(X);0 < t < oo}
exists and is in M$ such that |[|[I(X ™) — I(X)|| — 0 as n — oo. This shows that I;(X) =
{I(X),F:;0 <t < oo} is a continuous martingale that follows properties (2.5) and (2.7).
We also have, for 0 < s < ¢, processes {I(Xs(n))}, {I(Xt(n))} converging to I4(X) and I;(X)
respectively in £2 sense. Therefore for A € F, we have,

ElA(I(X) — I(X))*] = lim E[14(I,(X™) — I,(X®™)))?]

n—oo

t
= Jim B[ty [ (X)),
t
= E[lA/ (X2d{M),)].
Showing that I(X) also satisfies the above properties mentioned.

As mentioned, we know that X and M are progressively measurable, implying that fst((Xl(Ln) N)2d(M),
is also JF; measurable for fixed s <t . Also the process I(X) for X € £* is well defined and

we have,

(1(X)) = /0 X2d(M),,

Definition 2.3. For X € L*, the stochastic integral of X with respect to the martingale
M in MS§ is I(X) = {L(X), F;0 < t < 0o}, which is a unique square integrable martingale
that satisfies || I(X ™) — I[(X)|| = 0 for every sequence {X (™} | C L0 with lim,, o [X ™ —
X]=0. We write

t
L(X) = / X,dM,.; 0<t< oo (2.11)

0
Remark 2.1. If for every w € Q the map t — (M)(w) of the quadratic variation process

(M) are absolutely continuous functions of t for P a.e w, then Proposition 2.1 could be used
directly to define stochastic integral I(X) for every X € M§.
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In the case when M is a standard Brownian Motion with (M) = ¢, we can use Proposition
2.1 again to come to the conclusion without defining the time inversion process and using

the results of Theorem 9.

2.3 Characterization of the Integral

Let M = {M;, F;0 <t < oo} and N = {Ny, F;0 < ¢t < oo} are in M$§ and we have
X € L*(M) and Y € L*(N). Then IM(X) = [} XsdM; and IN,(X) = [ YsdM; are also
in M§ with all the defined properties (2.5)-(2.10).

We can extend this result from simple processes to X € L*(M) and Y € L*(N).

Proposition 2.3 (An inequality of Kunita and Watanabe(1967)). [KW67] If M, N € M§
and X € L*(M) and Y € L*(N), then a.s,

t ~ to, to
/0 XY ldE < ( /0 X 2d(M), ) /0 Y.2d(N),), (2.12)

where & denotes the total variation of & := (M, N) on [0, s]

Lemma 2.2. If M, N € M§ and X € L*(M) and {X™}> | C L£*(M) such that for T > 0,

T
lim |X,™ — X, |2d(M), = 0; a.s P, (2.13)
n oo 0
then,
lim (I(X™),N); = (I(X),N); 0<t<T a.sP. (2.14)

n—oo

Proof Using the inequality,

()™ = (I(X), N), N)el* < (1(X)™) = X)e(N)e,

T
< [ - X PN
0
we can conclude the result.

Lemma 2.3. If M, N € M§ and X € L*(M) , then,

M _ t
(M (X), N, = /0 X, (M, N), (2.15)
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Proposition 2.4. If M,N € M§ and X € L*(M) and Y € L*(N), then,

IM(x), IN(Y)) = / t X, Youd(M,N),.
" (2.16)
E[(IMy(X) = IM (X)) IV (V) = IV (V)| F] (2.17)
_ g / XL Yud(M, NV, |F

holds.

Proof From Lemma 2.3 we know that d(M,IV(Y)); = Y,d(M,N),. Swaping N with
IN(Y) , we get,

(IM(X), IV (Y)) = /t X, Yyud(M,N)y; t >0, P—a.s. (2.18)
0

2.4 Integration with respect to Continuous, Local Martin-
gales

Let M € M%¢ ie a continuous local martingale. Then for a certain class of processes we

can define the stochastic integration w.r.t to continuous, local martingales.

Definition 2.4. Let P be the class of measurable, adapted process X = { X, F;0 <t < oo}
satisfying

T
IP’([/ X2d(M); < 0]) =1 V T €0,00).
0
Let P* be the class of progressively measurable process agreeing to above condition.

We can observe that P C £ and P* C L£*. We will continue our discussion when the
class of integrands belong to P*. If for a.e. path, the quadratic variation process is abso-
lutely continuous w.r.t to the time parameter, we can talk about a larger class of integrands,

mainly P for integration w.r.t continuous, local martingales.
As taken M € M®Sc; hence there exist a sequence of stopping time {T},}72, such that

lim,, oo T}, = 0o and we have M7, belongs to Mc€. For X € P* we construct another

sequence of stopping time,

¢
Rn—n/\inf{OSt<oo;/ X2d(M); > n}.
0
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We can see that lim,, ., R,, = 0o, and is bounded for each n. For n > 1, w € €, we set,

Sp = Ry N1,
M (w) = Mips, (w),
th(w) = Xt(w)l{Tn(w)zn} 0<t < o0.

Then we have, M € M§ and X € £*(M™) such that we can define for X € P*,
L(X) = M (x™), (2.19)

which is a local martingale.

Definition 2.5. For M € M®%°¢ and X € P* we define the stochastic integral of X with
respect to M € M1°¢ as I;(X) = {I[;(X), F;0 < t < 00} € M°¢ defined by (5.19).
Proposition 2.5. Let M € M and X € P*(M). Then there exists a sequence of simple
process {X(”)};L‘O:1 such that, for every T > 0,

T

lim X — X, |d(M), = 0.

n—oo 0

Also

lim sup |I,(X™)—I(X)| = 0.
n=0 0<t<T

Example Let M = W a standard brownian motion and X € P. We define
t 1 t
G(X) = / X dW, — 2/ X2du.
S S

The process {exp((t(X)), F;0 <t < oo} is a super martingale because fst X, dW,, € Melee,
It is a martingale if X € L.

2.5 The Change of Variable Formula

To study the integral-differential calculus of stochastic processes we should study the change

of variable formula, or the Ito’s Rule. We start with the following definition.

Definition 2.6. A continuous semimartingale X = {X;, F4;0 < t < oo} is an adapted

process which has the decomposition a.s

Xi=Xo+ M+ B;; 0<t< o0,
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where (M € M°¢) and B = {By, F;0 < t < oo} is the difference of continuous, nonde-

creasing, adapted processes

Theorem 10 (Ito’s Rule). [KS91] Let f : R — R belong to the class of C*(R) function.
Let X = {X;, F1;0 < t < oo} be a continuous semi-martingale with above decomposition.

Then, a.s,

F0) = £ + [ Xgadt+ [ f (XgaB+g [ 1 odon.. 20

Remark 2.2. X (w), for a fized w, is a bounded function for 0 < s < t due to which
[ (X,) is bounded as well on this interval. It follows that integral fg f(Xs)dM, exists and
it is a continuous, local martingale(from the last section). The other two intergals can be
evaluated in the Lebesgue-Stieljes sense, as the process (M) is of bounded variations and
f (Xs) is also a bounded function and so, are functions of bounded variations. It follows

that {f(Xy), F;0 <t < oo} is a continuous semimartingale.

Proof We divide the proof into several steps.

Step 1: We define the stopping time,

Th = inf{t > 0;|My| >nor By >nor (M), >n} if | Xo| <mn,
00 if | Xo| <nand inf{t > 0;|M;| >nor By >nor (M), >n}=0.

This stopping time is defined for localization. We have {7,}°°,; which is an increasing
sequence with lim,,_,o T, = co. If we can show (2.20) for X1, (w), MiaT, (W), (M)¢(w), then
we have the result. We can assume that the processes are bounded by a common constant
K such that M is a bounded martingale. With this assumption, we have | X;(w)| < 3K and
f has a compact support implying that both f* and f~ are bounded.

Step 2: For fix ¢t > 0 and partition II = {tg,¢1,- - ,ty} with {to =0 <t; < -+ <, = t}.
We use the Taylor's Expansion and get

FX0) = F(Xo) = D {F(Xe) = F(Xi )} (2:21)
k=1
= 3" PN — X} 5 YL X — X P (2:22)
k=1 k=1

where n, = Xy, (w)+0k(w){ Xy, — Xt,_, }- We choose 6 such that f”(ny) is measurable
and 0 < 6, <1.
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Using the semimartingale decomposition of X and taylor’s expansion we divide f(X;)—f(Xo)

as sum of three decompositions. They are,
f(Xe) = f(Xo) = Ji(IT) + Jo(IT) + J3(IT), (2.23)

where ,

NE

Ji(A) =) (X ){By, — By, }-

ol

=1

f/(th—1){Mtk - Mtk—l}'

NE

Jo(A) =

o

=1

Js(A) = ") { X0, — Xy, 1

k=1

As for Ji(IT), it can be seen that it converges to the Lebesgue-Stieltjes integral fot 1 (Xs)dBs

as mesh goes to 0 because f is bounded and B is of bounded variation.

We also observe that f/(Xs(w)) is an adapted, bounded and continuous (in £* ). We can

approximate it be simple processes and write as,

m

Y = f'(Xo(@) L) (8) + Y I (Kot (@)t y,001(5):
k=1

We have,
t
E2(YY—v) = E/ Y2 — v, 2d(M)s — 0
0

as ||II|| — 0, by bounded convergence theorem. Therefore Jo(IT) = fot Y HaM, — fg YsdMj
in quadratic mean.
Step 3: We can further write J3(II) as

J3(I) = Ja(I1) + J5(I1) + J6(1I),

where,
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m
=3 f"m){Br, — By, }*. (2.24)
k=1
m
=>_ f"(mw){By, — By H{ My, — My, . }. (2.25)
k=1
m
= ) {My, — My, ¥ (2.26)
k=1
B is bounded variation process which is bounded by K, thus we have,
[Ja(ID)] + [J5(ID] < 2K oo max By, — Bi,_y | + max [My, — My, _,|)
which converges to 0 as mesh goes to zero.

For Js(II), we define the following sum,
JG*(H) = 2”:1f//(th_1){Mtk - Mtk—1}2'

We observe that,

[Jo(I1) = J§ (D) < VAL - mave [7"() = " (Xoe )

where V,2(IT) is the quadratic variation of martingale M over the partition. Using Cauchy-

Schwarz inequality we have,
ELJs(IT) — J3 ()] < BVA(A) - masc () — 1"(Xi, )

< @\/E(lgﬁxm Lf" (k) — f"( Xt ,)|)2

X is continuous and using bounded convergence theorem we have the above inequality going
to 0 as mesh goes to 0. To show the convergence of J3(II) to fo f(X5)d(M), in L' as mesh

goes to 0, we need to compare J¢ (II) to the sum,

= (X (M), — (M), )}
k=1

24



E|Jg (1) = LD = B Y f"(Xe (M, — My, _,)? = (M) — (M), )}
k=1

B Y (1" (Xo My, = My_))* = (Mg, — (M)y, )}
k=1
< 2Hf””c2>o ’ E[Z(Mtk - Mtk71)4 + Z(<M>tk - <M>tk71)2]
k=1 k=1

< 20|78 - BV ) + (M)e max ((M)g, = (M)y,_,)]

We know that (1/;(4) (IT)) goes to zero and using the bounded convergence theorem , the last
term goes to zero as mesh goes to zero.

Convergence in £2 implies convergence in £!, from this we can conclude that,

lim Js( —>/ (X

[T =0

Step 4: Further, if we have a sequence of partions {II(™} such that ||[TI(™| — 0, then for

some subsequence {II(™)}2° | we have a.s :

hm J1 (I () /f
k—o0
klggoJQ M) / F'x

Jim J(TT(,,)) = /0 F1(X0)d(M),

Applications of Ito’s Formula

The following characterization of the Weiner Process can be obtained using the Ito’s Formula

Theorem 11 (Kunita-Watanabe). Let M € Mloc in R? with My =0 and (M), = tI(I is
the d x D identity matriz). Then we have:

o (M) is a d dimensional Weiner Process.

o fors<t, olMy,— M, :s<u<wv <t]is orthogonal to Fs. Then on each interval

[0, T, (M) is continuous L* martingale.

Here we are not assuming the fitration to be right continuous.
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Proof Let us first assume that (Fs) is right continuous. For fixed s < T and u =
(u1,...,uq) € RY with s <t < T, define,

g(t) = / wM=Ms)gp A ¢ F,.
A
Applying Ito’s Formula to F(z) = €/(**) we have,
i(u, M, RTORY: Lo [
ewvazym§:wﬁew»mmm_2myéawvm%
J
where |u|? = > u;?. Thus we have,

t t
GiluMi—M,) _ q quj/ i Mo =M gy i ;‘u|2/ i, My—My) gy,
N 0 0
J

With s fixed and integrating with respect to IP over A , we have,
Ele!wM=M)| F] =0 a.s.

From the above we observe that,

o(t) = P(A) = gluf [ (o).

On differentiating with respect to the time parameter t we obtain,

!

g (1) =~ lulg(0).

Hence, g(t) = e~ z1W’(=9P(A) | From this we get the desired result.

Example 1 f(z) = 2% and Xg = 0 and M = W = Brownian Motion. Then M as a
semimartingale will have the decomposition such that B; = 0 Vt. Using the Ito’s rule we
have,

t
W72 = 2/ WedW, +t.
0

Example 2 Let the martingale be the Standard Brownian Motion and let X € P. We
define,

t 1 t
G (X) :—/ Xuqu—2/ X2du,

and
Zy =exp(¢); 0<t<o0.
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Then the process {exp(¢:(X)),F;0 < t < oo} is a supermartingale. Using Ito’s rule we

show that the process Z satisfies the stochastic integral equation,
t
thl—{—/ZsXSdWS; 0<t<oo.
0
With f(z) = e, we have,
t t 1 rt
2= 1@ = 1@)+ [ ricyams+ [ piean+s [ e,

t t 1 1 t
=1+/ ZSXSdWS+/ Zs(—Xf)der/ Z,X?2ds
0 0 2 2 0

t
:1+/ Zs XdWs.
0
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Chapter 3

Stochastic Differential Equations

3.1 Introduction

In this chapter we will explore the existence and uniqueness for solutions to stochastic differ-
ential equations. We would also explore under what conditions do we have a unique solution
modulo indistinguishability. SDEs have a lot of applications in the world of mathematical
economics as they are used to model the fluctuations of stock prices and also problems

related to the consumption/investments. The stochastic differential equation is of the form,

dX; = b(t, Xt) + U(t, Xt)th (31)

3.2 Strong Solutions

We begin with the introduction to stochastic differential equations with respect to the
Brownian motion and its solution in the strong sense. We also discuss the properties and
answer questions about their existence and uniqueness.
Let {b;(t,x), 04j(t,z), 1 <i<d, 1 <j <r} beborel measurable functions from [0, co) x R?
to R and we also define b(t,x) = {b;(t,x)}1<i<q which is the drift vector and o(t,z) =
{04j(t,x) }1<i<d 1<j<r which is the dispersion matrix. We want to assign meaning to the
differential equation,

dX; = b(t, Xy)dt + o(t, X¢)dWr, (3.2)

which can be written componentwise as,

dX{" = bi(t, Xy)dt + > ot xpaw;  1<i<d (33)
j=1

Here W is an r-dimensional Brownian Motion and X is a stochastic process with continuous

sample paths with values in R%.
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To develop the concept of strong solution we require a suitable filtration. We consider a prob-
ability triple (€2, F,P) with r-dimensional Brownian Motion W = {W;, F}V,0 < t < oo}.
We also accommodate a random vector ¢ with values in R? independent of F/ with the
distribution defined as u(I') = P[¢ € T ; T' € B(R?). This vector helps us in defining the
notion of strong solution.

We start with construction of the filtration. We consider a left continuous fitration,
Gri=0(§ Ws, 0 < s <t),
with a collection of null sets,
N :={N C Q3G € G with N C G and P(G) =0}
to get the augmented filtration which is defined as,
Fi=0(GeUN). (3.4)
Following is an example of a SDE.

Example: Let X; = cos(B(t)) and Y; = sin(B(t)). The column vector V; with compo-
nents X; and Y; represents the position at time t of an object moving in unit circle with

angle governed by Brownian motion. Applying Ito’s formula

1 1
dX; = —sinB(t)dB(t) — icosB(t)dt = —-YidB(t) — §Xtdt,

1 1
dY; = cosB(t)dB(t) — QsinB(t)dt = XydB(t) — thdt.

Therefore, the stochastic differential equation of V; is obtained as:

i

Definition 3.1. A strong solution of the stochastic differential equations, on (2, F,P) with

01

1
Wi= || | VdB@) = SV, Vo=

respect to the fized Brownian motion W and having the initial condition &, is again a stochas-

tic process X = {X4;0 <t < oo} with continuous sample paths, with the following properties

1. X is adapted to the filtration {F;}.

2. P[Xo=¢ =1.
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3. IP’[fg{|b,~(s,X8)\ —i—afj(s,Xs)} < o0] holds for every 1 < i < d, 1< j < r and
0<t<oo.

4. The integral version of (3.2),
Xi=Xxi +/ bi(s, Xs)ds + Z/ oij(s, Xo)dWW),
0 — Jo
7=1

holds almost surely.

Definition 3.2. Let the drift vector b(t, X;) and the dispersion matriz o(t, X;) be given.
Whenever W is an r-dimensional Brownian Motion with initial condition &, where £ is an
independent, r-dimensional random vector on {F;} and X and X are the two strong solutions
of (3.2), then P[X = X;0 <t < oo] = 1. In such case strong uniqueness holds for (b, o).

If o(t, X), which is the dispersion matrix is identically zero, then the integral form of

SDE can be written as,

t
X =X, +/ b(s, Xs)ds. (3.5)
0

In the theory of such equations, we have to impose the assumption that b(t, x) satisfies the
local Lipchitz condition in the space variable x and is bounded on compact subsets to ensure

that for sufficiently small ¢ we can apply the Picard-Lindelof iterations where,
t
X0 = Xxo; x,0Y = X 4 / b(s, X,)ds,
0

so that the above converges to the integral solution (3.5) such that the solution is unique.

In the absence of this condition the equation might fail to be solvable.
To develop the theory of stochastic differential equations, the condition of Lipschitz continu-
ity was imposed and shown what kind of existence and uniqueness results can be obtained.

The theory was developed by K. Ito.

To begin with we would start with the Gronwall inequality.

Proposition 3.1. Let g(t) be a continuous function that satisfies,

oSMUSfm+bAg@m& (3.6)

Then we have the following equality:
t
o) < £(0)+ [ 1(2)exp(b(t - 9)ds.
0
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Proof We define,

v(s) = exp(—b[s — 0]) /05 bg(r)dr, se0,T]

taking the derivative, we have the inequality,

v (s) = g(s)exp(—bls — 0]) — bexp(—b[s — 0]) /08 bg(r)dr

:=[g(s)—-jﬁsbg(r)dﬂbewp(—lﬂs——0])

where g(s) — [3 bg(r)dr < f(s).
Since b and exponential are non negative, the above equation gives an upper bound for
derivative of v.

Since v(0) = 0, integration of this inequality from 0 to t gives us,

t
u(t) < /0 f(s)bexp(—bls — 0])ds.

Using the definition of v(t) and the inquality above, we obtain

/ bg(r)dr < / f(r)bexp[b(t —0) — b(s — 0)]dr
0 0

t
Sb/f@MwFW—ﬂ)
0
substituting this inequality into the assumed integral we get the desired result.
Remark 3.1. For every d x r matriz , we define,
d r
2 2
lol> =" ai”
i=1 j=1

Theorem 12. Let us suppose that the coefficients b;(s, Xs) and o45(s, Xs) are locally Lip-
schitz continuous in the space variable, that is, for every n > 1 there exist a constant A,

such that for every t >0, ||z|| < n and ||y|| < n we have:

16(t, ) = b(t, )l + llo(t, ) — ot y)|| < Anllz = yl|. (3.7)

Then strong uniqueness holds for (3.1).
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Proof Let X and X be the strong solution of (3.1) defined for all ¢ > 0, with respect to
some Brownian motion W and initial conditions £ on the probability space. For each n > 0,
we define the stopping time as 7, = inf{t > 0;||X||; > n;n > 1} and 7, = inf{t > 0; || X ||; >

n;n > 1}. We also set S, = 7 A 7. Clearly we have lim,,_,~, S, = 0o and,

R tASn _ tASn .
Xins, — Xong, = /0 (b(u, Xu) — b(u, (X)) b + /O (o(u, X)) — 0w, (X)) AW

Using the vector inequality |lv1 + va + - - vg|| < E2(Jlor |2 + |lv2|? - - - |[vk|?) and the Holder
inequality for Lebesgue integrals, we have for 0 <t < T,

tASn ~
B Xins, = Xens,lI* < E[/ 1{b(u, Xu) — b(u, (Xu))du}|[}?
0

d r tASy, ~ .
+4EY Y /O {oij(u, Xu) = 05 (u, (X)) dW P} |2

i=1 i=1

tAS, .
=t [ bl X.) ~ b, (X)) P
0
tASh -
48 [ ot X,) = ol (%)} Pd

t
< 4T+ I)AZ/ E| Xins, — Xins, | du.
0

Using Gronwall inequality with g(t) = E||Xins, — Xias, ||> we can conclude that X and X
are modifications of one another, thus are indistinguishable. Letting n — oo we get the

desired result.
Remark 3.2. Fven for the ordinary differential equations the condition of local Lipschitz
18 not sufficient to guarantee global existence of a solution. For example:

¢

X, =1+ / X2ds,

0
is Xy = 1/(1 —t) which shoots to infinity as t 1 1. We thus need a stronger condition to
show the existence of the solution.

Theorem 13. [KS91] Let the coefficients bi(s, Xs) and 0;;(s, X) satisfy the global Lipschitz

and linear growth conditions, i.e,
1b(t, z) — bt y)|| + [lo(t,z) —o(t,y)|| < Allz —yll. (3.8)

bt 2)II* + llo(t, )12 < 421+ [|=]?). (3.9)

for every 0 <t < oo, x € R?, y € R? and A € [0,00). On probability triple (Q, F,P), let F;
be the filtration defined and let & be RY valued random variable which is independent of the
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Brownian motion W = {Wy, ]-"tW, 0 <t < oo} of dimension r, such that £ satisfies,
E|l€|]? < . (3.10)

Then there exist a continuous process X = {X;, F;,0 < t < oo} adapted to the filtration
such that it is a strong solution of the SDE with respect to the given Brownian motion W
and initial conditions £. This process is also a square integrable process such that for every

T > 0, we have constant C, depending on A and T such that we have,
EIX|1? < C(L+ BIEI?)eC 0 <t < T (3.11)

The idea of the proof is to use iterative method and to construct recursively using

Picard’s iterations a sequence of successive approximations with X;(0) = £ and,
i t t
Xt( g {—i—/ b(s,ng))ds+/ o(s, XFaw,; 0<t< . (3.12)
0 0

Lemma 3.1. For every T > 0, we have a positive constant C that depends only on A and
T, such that the iterations in (3.12) satisfy:

E|IX, P2 <ca+E|¢)?)e’ 0<t<T; 0<t<T, k>0. (3.13)
Proof We need to show that for £ > 0 we must have the following:
t
b X+ e X < o
for £k = 0, the above holds true. We can show by induction that,

sup E|I X2 < cc. (3.14)
0<t<T

Let us assume that (3.14) is true for some value k. Then using the idea of Theorem 12 we

get a bound for ¢ i.e,
t
k+1 k
BV < 0Bl +9(T + 1A% [ (14 BIXP|P)as.
which gives (3.14) for k + 1. Also we have,

t
k+1 k
EIxFV12 <o+ E|g)?) + C/O E||x™®)2ds.
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Iteration of this inequality gives:

(Ct)? P (Ct)k+1

EIX* V12 < o1 + El€1D)1 .
IX:77 < 0+ BN+ Ct + (k+1)!]

This gives us the desired results.

Proposition 3.2 (Martingale Moment Inequalities). For a continuous martingale M which
is bounded along with its quadratic variation process (M), we have, for every stopping time
T,

B|M7|®™ < Ay E{M7)™. (3.15)
B E(Mp)™ < E|Mp|™. (3.16)
B E(Mp)™ < E(M3)*™ < Ay E(M7p)™. (3.17)

where M; = maxgs<¢ | M|

Proposition 3.3. Let M be a d-dimensional continuous local martingale, i.e., M® ¢ M.
Also

1M1 = max | Ml Ay =) (M), (3.18)
Then for every stopping time T we have constants \,, and A, such that :
AnE(AF) < E(|M[7)*™ < AnB(AT). (3.19)

Remark 3.3. If Mgi) in the above Proposition is given by,

M=% / X awl),
i=1 70
where W is a r dimensional Brownian motion and
X={X,=X}7:1<i<d; 1<j<r}

such that Xy is Fy measurable and,

12 = iz (X;7)°.

i=1 j=1

Then the above proposition holds with,

T
Ar= [ x|
0
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Proof of Theorem 13 We can decompose X;(k + 1) — X;(k) = B + M; where,

t t
B; = / {bi(s,Xf) — bi(s,Xffl)}ds M; = / {Ji(s,Xf) — O'i(S,Xfil)}dWS.
0 0

Using the global Lipschitz condition and growth condition along with the martingale moment

inequalities we have,
t t
Blinax| M7 < ME [ flo(s, XE) — (s, X5 ) ds < 002 [ xE - X Pds,
s< 0 0
For the square integrable continuous martingale M, we also have,
t
E||B|? < A%E/ | XF — xk=1)12ds.
0
Therefore,
t
Blmax| X5 - X <4428+ T)E [ (X - X P
s< 0

The above inequality can be iterated successively to get,

(4A2(A + T)t)k
k! i

k41 _ k2] < 1 g2
Blmax| X — X)) < max BIX} ¢

Using the Chebyshev’s inequality we now get,

1

(4-4A2(A + T)t)*
2k '

k!

K+l k2 > }< 1_ g2,
P[ma X5 - XEI 2 o] < dmaxl X! ¢

A general term of the convergent series with above terms has an upper bound. Using Borel
Cantelli lemma we can say that 3 Q* € F such that, we have P(2*) = 1 and corresponding

to each w € 2%, we have an integer valued random variable such that V w € Q*,

m<a%<HX§+1 — Xk <128 V> NW).
s<

m<a:,)1(HX§+m — XK <12 VE> NW)Vm>1.
RS

On the space of continuous functions, we see that that the sequence of sample paths
{Nt(k) (w); s > T} are convergent in sup norm. Using this convergence, we can say that the
continuous limit {X;;t < T'} is exists. T is arbitrary and the process is continuous, the sam-
ple paths converges uniformly on the compact sets. Finally we show that X; = lim X} ¢ >0

satisfies the 4th condition of the definition. Since the process is square integrable and satisfy
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linear growth condition we have property 3 being satisfied of the definition.

Remark 3.4. On the one dimensional case, we can considerably relax the Lipschitz condi-

tions on the dispersion coefficients

Proposition 3.4 (Yamade and Watanabe(1971)). [KS91] Let us suppose that the coeffi-

cients of the one dimensional equation where d =1 =1 can be written as,
dX; = b(t, Xt)dt + U(t, Xt)th,
which satisfies

[b(t,2) = b(t, y)| < Alz —yl, (3.20)
ot 2) — o(t,y)| < h(lz —yl), (3.21)

Vit e [0,00) and z,y € R, where A is a positive constant and h is a strictly increasing
function with h(0) =0 and

/ h=2(u)du = oo; Ve > 0.
(0,€)
Then we have strong uniqueness for (3.1).

Proof There exists a decreasing sequence {a,}72 in [0,1) such that lim, . a, = 0 and

Ji "t h=2(u)du = n ¥ n > 1. For each n there exist a continuous function p, on R with

2 a
support in (a,—1, a,) such that 0 < p,(x) < (W), Vz € (0,00) and fann—l pn(z) = 1.

Then we have,
lz|  ry
U () ::/ / pn(u)dudy; =z € R. (3.22)
0 0

This is a C?(R) function such that |+, (z)| < 1 and the sequence {1/, }%; is non decreasing.
Let us take two solutions of (3.1) X1, X(). By definition we take,

t
E/ lo(s, Xs)|?ds < 00; 0 <t < 0.
0

t t
Z=xM - x® = / {b(s, XY — b(s, X)) ds + / {o(s, XV = (s, X[?)}ds
0 0
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We further apply the Ito’s Formula to get,

(=) / U (E) (s, XO) — b(s, XP)]ds + / W (E)lo(s, XU) — (s, X D) 2ds

+ / U (B lo(s, XIV) — o(s, X)2dT,,
0

We now have E[f(;S W (Es)[o (s, Xs(l)) —o(s, XS(Z))}QdWS] = 0 as W is a brownian motion and,
E[fg lo(s, Xs)|?ds] < 00;0 <t < co. Further we have for the second term

/w (s, XY — o (s, XP)]2ds] <E/ W(Z,)[h]Es)2ds]) < 2t/n.

Hence forth,

By () / W (E (s, XY — b(s, XP)]ds + t/n

t
gA/ E|Z,|ds + t/n
0

as n — oo gives us E|Z;| < A fot E|Zs]ds. By applying Gronwall Inequality we get the

desired results.

3.3 Weak Solutions

There are two concepts of uniqueness that can be associated with the existence of the weak
solution to stochastic differential equations. The first talks about the pathwise uniqueness
which is a generalization of strong solution and the other is uniqueness in law which is more

weaker sense of equality. Also pathwise uniqueness implies uniqueness in law.

Definition 3.3. Whenever {(X,W), (Q,F,P)}, {Fi} and (X, W), {(Q, F,P)}, {F} are
weak solutions to SDE with common Brownian motion and on the same probability space,
with the same initial value, then the two solutions X and X are indistinguishable i.e., P[X =
XVo<t< oo] = 1. Then X and X are said to have pathwise uniqueness.

Definition 3.4. Uniqueness in the sense of distribution is said to hold if for any two weak
solutions (X, W), (Q, F,P){F;} and (X, W), (Q, F,P), {F;} with the same initial distribu-
tion, i.e.

P[Xo e T =P[X, €I]; T € BRY),

have the same law.
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To state the existence of a weak solution we need to state the Girsanov’s theorem.

Consider for the process

t 1 t
Y; = exp(/ X,dB, — / (X)s2ds.
0 2 Jo

This process is a martingale with,
E[Yr] = E[Yy] = 1.

Theorem 14. Let the process X be defined on the probability space {Q, F,P} such that
{By, Fi;t > 0} is a standard Brownian motion. Let Y be the process defined by,

t 1 t
Y; = emp(/ X,dB, — / (X)s2ds)
0 2 Jo

with,
ElYr] =1

Then on the same probability space we define a measure by,
P(dw) = Yy (w)P(w),

such that the process {B, F;t > 0} on the probability space {Q, F,P} is a Brownian motion
with .
Bt = / Xst + Bt.
0

We can now talk about the existence of weak solution to the SDE

Theorem 15. Consider the stochastic differential equation
dXt = b(t,Xt) + O'(t,Xt)dBt; 0 S t S T

with the initial conditions Xo = x, such that X, b and o are adapted to the filtration, then

the weak solution exists.
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