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The appendices gather together some useful results that we take as known.

1 Introduction

Our topic is part of the huge field devoted to the study of stochastic processes.
Since first year, you’ve had the notion of a random variable, X say, on a probability
space (Q,.%#,P) and taking values in a state space (E,&). X : Q — E is just a
measurable mapping, so that for each e € &, X ~!(e) € .# and so, in particular, we
can assign a probability to the event that X € e. Often (E,&) is just (R, Z(R))
(where A(R) is the Borel sets on R) and this just says that for each x € R we can
assign a probability to the event {X < x}.

Definition 1.1 A stochastic process, indexed by some set 7, is a collection of
random variables {X; },c 7, defined on a common probability space (Q,.% ,IP) and
taking values in a common state space (E,&).

For us, .7 will generally be either [0, ) or [0,7] and we think of X; as a random
quantity that evolves with time.

When we model deterministic quantitities that evolve with (continuous) time,
we often appeal to ordinary differential equations as models. In this course we
develop the ‘calculus’ necessary to develop an analogous theory of stochastic (or-
dinary) differential equations.

An ordinary differential equation might take the form

dX(t)=a(t,X(1))dt,
for a suitably nice function a. A stochastic equation is often formally written as
dX(t) =a(t,X(t))dt +b(t,X(t))dB;,

where the second term on the right models ‘noise’ or fluctuations. Here (B;),;>0
is an object that we call Brownian motion. We shall consider what appear to be
more general driving noises, but the punchline of the course is that under rather
general conditions they can all be built from Brownian motion. Indeed if we added
possible (random) ‘jumps’ in X (¢) at times given by a Poisson process, we’d cap-
ture essentially the most general theory. We are not going to allow jumps, so we’ll
be thinking of settings in which our stochastic equation has a continuous solution
t — X;, and Brownian motion will be a fundamental object.
It requires some measure-theoretic niceties to make sense of all this.



Definition 1.2 The mapping t — X,(®) for a fixed ® € Q, represents a realisation
of our stochastic process, called a sample path or trajectory. We shall assume that

(1, 0) = X, (@) : ([0,%0) x 2, B([0,2)) ©.F) - (R, B(R))

is measurable (i.e. YA € B(R), {(t,0) : X; € A} is in the product G-algebra
A(]0,00)) ®.F. Our stochastic process is then said to be measurable.

Definition 1.3 Ler X,Y be two stochastic processes defined on a common proba-
bility space (Q, F,P) .

i. We say that X is a modification of Y if, for allt > 0, we have X, =Y, a.s.;
ii. We say that X andY are indistinguishable if P[X; =Y;, for all 0 <t < o] = 1.

If X and Y are modifications of one another then, in particular, they have the same
finite dimensional distributions,

P[(X,,....X, ) €A =P[(¥,,....Y, ) € A]

for all measurable sets A, but indistinguishability is a much stronger property.

Indistinguishability takes the sample path as the basic object of study, so that
we could think of (X;(w),7 > 0) (the path) as a random variable taking values in the
space E%*) (of all possible paths). We are abusing notation a little by identifying
the sample space Q with the state space E [02=), This state space then has to be
endowed with a o-algebra of measurable sets. For definiteness, we take real-valued
processes, so E = R.

Definition 1.4 An n-dimensional cylinder set in RO=) js q set of the form
C={weR®) : (a(n),...,0(1,)) €A}
forsome 0 <t <tp...<t,and A € B(R").

Let € be the family of all finite-dimensional cylinder sets and %(R[()*”)) the
o-algebra it generates. This is small enough to be able to build probability mea-
sures on A (R[O’w)) using Carathéodory’s Theorem (see B8.1). On the other hand
2 (R[0=)) only contains events which can be defined using at most countably many
coordinates. In particular, the event

{we BRO) - w(r) is continuous }

is not B(R%*))-measurable.

We will have to do some work to show that many processes can be assumed to
be continuous, or right continuous. The sample paths are then fully described by
their values at times ¢ € Q, which will greatly simplify the study of quantities of
interest such as supy,, |X;| or 7o(w) = inf{r > 0: X;(w) > 0}.

A monotone clags_argument (see Appendix A) will tell us that a probability
measure on %’(R[O’“)) is characterised by its finite-dimensional distributions - so
if we can take continuous paths, then we only need to find the probabilities of
cylinder sets to characterise the distribution of the process.
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2 An overview of Gaussian variables and processes

Brownian motion is a special example of a Gaussian process - or at least a version
of one that is assumed to have continuous sample paths. In this section we give an
overview of Gaussian variables and processes, but in the next we shall give a direct
construction of Brownian motion, due to Lévy, from which continuity of sample
paths is an immediate consequence.

2.1 Gaussian variables

Definition 2.1 A random variable X is called a centred standard Gaussian, or stan-
dard normal, if its distribution has density

with respect to Lebesgue measure. We write X ~ .4 (0,1).
It is elementary to calculate its Laplace transform:

A2
2

Ele*X]=e7, A €R,

or extending to complex values the characteristic function
iEX &2
E[eX]=¢F, £ R

We say Y has Gaussian (or normal) distribution with mean m and variance o2,
written Y ~ .4 (m,62), if Y = 6X +m where X ~ .4/(0,1). Then

22
. (o}
E[e’®Y] = exp (img - 25 ) £ eR,
and if o > 0, the density on R is
1 - (x—m)2
py(x) = e 22, xelR.

\V2mo

We think of a constant ‘random’ variable as being a degenerate Gaussian. Then
the space of Gaussian variables (resp. distributions) is closed under convergence in
probability (resp. distribution).

Proposition 2.2 Let (X,) be a sequence of Gaussian random variables with X, ~
N (my, 62), which converges in distribution to a random variable X. Then

(i) X is also Gaussian, X ~ AN (m,0?) with m = lim, _,e.m,, 62 = lim, ... 62,
and

(ii) if (Xp)n>1 converges to X in probability, then the convergence is also in LP
foralll <p < oo



Proof. Convergence in distribution is equivalent to saying that the characteristic
functions converge:

E [eiéx”] = exp(im, & — 62E%/2) — E [eiéx} , EeR. (1)

Taking absolute values we see that the sequence exp(—02£2/2) converges, which
in turn implies that 6> — 6 € [0, %0) (where we ruled out the case 6,, — oo since the
limit has to be the absolute value of a characteristic function and so, in particular,
has to be continuous). We deduce that

LS Ly ) {eiéx] , EeR.

We now argue that this implies that the sequence m, converges to some finite .
Suppose first that the sequence {m, },>; is bounded, and consider any two conver-
gent subsequences, converging to m and m’ say. Then rearranging (1) yields m = m’
and so the sequence converges.

Now suppose that limsup, _,,, 1, = oo (the case liminf,, ., m, = —oo is similar).
There exists a subsequence {my, };>1 which tends to infinity. Given M, for k large
enough that m,, > M,

1
PXy, > M] > P[X,, > my] = 2,

and so using convergence in distribution

1
PX > M] > limsupP[X,, > M| > 5 for any M > 0.
k—roo
This is clearly impossible for any fixed random variable X and gives us the desired
contradiction. This completes the proof of (i).

To show (ii), observe that the convergence of ¢, and m,, implies, in particular, that

supE [eex"} = supee"””rezo—"z/2 < oo, forany 6 €R.
n n

Since exp(]x|) < exp(x)+exp(—x), this remains finite if we take |X),| instead of Xj,.
This implies that sup,, E[|X,|"] < oo for any p > 1 and hence also

supE[|X, —X|F] < e, Vp>1. (2)
n

Fix p > 1. Then the sequence |X, — X |? converges to zero in probability (by as-
sumption) and is uniformly integrable, since, for any g > p,

E[|X, —X?: | X, —X|P >r] < E[|X, —X|?] - 0asr— o

1
rla—p)/p

(by equation (2) above). It follows that we also have convergence of X, to X in L?.
O



2.2 Gaussian vectors and spaces

So far we’ve considered only real-valued Gaussian variables.

Definition 2.3 A random vector taking values in RY is called Gaussian if and only
if
d
<u,X >:= ulx = Z uiX; is Gaussian for all u € RY.
i=1
It follows immediately that the image of a Gaussian vector under a linear transfor-

mation is also Gaussian: if X € R? is Gaussian and A is an m X d matrix, then AX
18 Gaussian in R™,

Lemma 2.4 Let X be a Gaussian vector and define my := (E[Xi],...,E[X,]) and
I'y = (cov(Xi,X j)1§i7 jgd), the mean vector and the covariance matrix respec-
tively. Then qx (u) := u'Txu is a non-negative quadratic form and

u'X ~ N (uTmX,qX(u)) , ucR% 3)

Proof. Clearly E[u"X] = u"my and

J 2
var(u'X)=F (;ui(Xi—E[Xi])> = Z i jcov(X;, X;) = u' Txu = gx (u),

1<i,j<d

which also shows that gx (1) > 0. O

The identification in (3) is equivalent to

: . 1
E [61<u,X>] — el<u,mx>—§qx(u)’ ue Rd.

From this we derive easily the following important fact:

Proposition 2.5 Let X be a Gaussian vector and Uy its covariance matrix. Then
X1,...,Xy are independent if and only if Uy is a diagonal matrix (i.e. the variables
are pairwise uncorrelated).

Warning: Note It is crucial to assume that the vector X is Gaussian and not just that
Xi,...,X, are Gaussian. For example, consider X; ~ .47(0, 1) and € an independent
random variable with Ple = 1] = 1/2 =P[e = —1]. Let X; := €X;. Then X, ~
A4(0,1) and cov(X;,Xz) = 0, while clearly X;, X, are not independent.

By definition, a Gaussian vector X remains Gaussian if we add to it a determin-
istic vector m € R?. Hence, without loss of generality, by considering X — my, it
suffices to consider centred Gaussian vectors. The variance-covariance matrix I'y
is symmetric and non-negative definite (as observed above). Conversely, for any
such matrix I, there exists a Gaussian vector X with I'y =TI, and, indeed, we can
construct it as a linear transformation of a Gaussian vector with i.i.d. coordinates.



Theorem 2.6 Let " be a symmetric non-negative definite d x d matrix. Let (€1,...,€;)
be an orthonormal basis in R? which diagonalises T, ie. T'e; = A& for some
M>0L>...24>0=4,1=...= Ay, where 1 <r <d is the rank of T.

(i) A centred Gaussian vector X with covariance matrix I'y =T exists.

(ii) Further, any such vector can be represented as

.
X=) vs, (4)
i=1
whereY),...,Y, are independent Gaussian random variables with Y; ~ 4 (0, ;).

(iii) Ifr =d, then X admits a density given by

(x) = 1 1
px\x)= (27r)d/2 det(r)

1
exp (— ExTF_1x>, xeRY,

Proof. Let A be a matrix whose columns are € so that 'y = AAAT where A is the
diagonal matrix with entries A; on the diagonal. Let Zi,...,Z, be i.i.d. standard
centred Gaussian variables and ¥; = v/A,;Z;. Let X be given by (4), i.e. X = AY.
Then
d
<uX >=<u,AY >=<ATuY >=Y /A <u,&>Z
i=1

is Gaussian, centred. Its variance is given by

QL,'(MTS,')Z =
1 i=1

ulgidigfu = (ATu)" AATu = u" ANATu = u"Tu,

M&

d
var((u, X)) = )]

and (i) is proved.
Conversely, suppose X is a centred Gaussian vector with covariance matrix I" and
letY =ATX. Foru € RY, < u,Y >=< Au,X > is centred Gaussian with variance

(Au)"TAu = u" ATTAu = u" Au

and we conclude that Y is also a centred Gaussian vector with covariance matrix
A. Independence between Yi,...,Y, then follows from Proposition 2.5. It follows
that when r = d, Y admits a density on R¢ given by

1 1 L7 d
= —'A eR?.
pr(y) T et exp< 5 y), y

Change of variables, together with det(A) = det(I") and |det(A)| = 1 gives the
desired density for x. ([l

Once we know that we can write X = Y/, ;& in this way, we have an easy
way to compute conditional expectations within the family of random variables



which are linear transformations of a Gaussian vector X. To see how it works,
suppose that X is a Gaussian vector in R? and define Z := (X; — Y%, a;X;) with the
coefficients a; chosen in such a way that Z and X; are uncorrelated for i = 2,...,d;
that is

d
cov(Xy,X;) — Z ajeov(X;,X;) =0,2<i<d.
j=2

Evidently Z is Gaussian (it is a linear combination of Gaussians) and since it is
uncorrelated with X, ..., Xy, by Proposition 2.5, it is independent of them. Then

d
EXi|0(Xa,....Xa)| =E[Z+ ) aiXi|o(Xa, ..., Xq)]
i=2

d d
=E[Z|o(Xa,.... Xo)] +E[Y aiXi|o(Xs,.... Xg)] = ) aiX,
i=2 i=2

where we have used independence to see that E[Z|6(X,,...,Xy)] = E[Z] = 0.

The most striking feature is that E[X|c(K)] is an element of the vector space
K itself and not a general 6(K)-measurable random variable. In particular, if
(X1,X>,X3) is a Gaussian vector then the best (in the L? sense, see Appendix B.6)
approximation of X in terms of X»,X3 is in fact a linear function of X; and X>.
This extends to the more general setting of Gaussian spaces to which we now turn.

2.3 Gaussian spaces

Note that to a Gaussian vector X in R, we can associate the vector space spanned

by its coordinates:
d
uiX; u; ER 5,
i=1

and by definition all elements of this space are Gaussian random variables. This is
a simple example of a Gaussian space and it is useful to think of such spaces in
much greater generality.

Definition 2.7 A closed linear subspace H C L*(Q,.7,P) is called a Gaussian
space if all of its elements are centred Gaussian random variables.

In analogy to Proposition 2.5, two elements of a Gaussian space are independent if
and only if they are uncorrelated, which in turn is equivalent to being orthogonal
in L?. More generally we have the following result.

Theorem 2.8 Ler Hy,H> be two Gaussian subspaces of a Gaussian space H. Then
H\,H, are orthogonal if and only if 6(H,) and 6 (H,) are independent.

The theorem follows from monotone class arguments, which (see Appendix A) re-
duce it to checking that it holds true for any finite subcollection of random variables
- which is Proposition 2.5.



Corollary 2.9 Let H be a Gaussian space and K a closed subspace. Let pk denote
the orthogonal projection onto K. Then for X € H

EX|o(K)] = pk(X). )
Proof. Let Y = X — pg(X) which, by Theorem 2.8 is independent of o (K). Hence
E[X|o(K)] = Elpk (X)|o(K)] +E[Y[o(K)] = px(X) + E[Y] = px(X),

where we have used that Y is a centred Gaussian and so has zero mean. O

Warning: For an arbitrary X € L? we would have

E[X|o(K)] = pro(a,00k),p) (X)-

It is a special property of Gaussian random variables X that it is enough to consider
the projection onto the much smaller space K.

2.4 Gaussian processes

Definition 2.10 A stochastic process (X; : t > 0) is called a (centred) Gaussian
process if any finite linear combination of its coordinates is a (centred) Gaussian
variable.

Equivalently, X is a centred Gaussian process if foranyn € Nand 0 < <, <
oo <ty, (X4, X1, - ., Xy,) 1s a (centred) Gaussian vector. It follows that the distribu-
tion of a centred Gaussian process on % (R[o*“’)), is characterised by the covariance
function I": [0,0)? — R, i.e.

['(s,t) :=cov(X;,Xy).

For any fixed n-tuple (X;,,...,X;,) the covariance matrix (I'(#;,¢;)) has to be sym-
metric and positive semi-definite. As the following result shows, the converse also
holds - for any such function, I', we may construct an associated Gaussian process.

Theorem 2.11 Let ' : [0,0)? — R be symmetric and such that for any n € N and
0<t1 <th<...<ty

Z uiqu(ti,tj)ZO, uGRd.

1<i,j,<n
Then there exists a centred Gaussian process with covariance function I

This result will follow from the (more general) Daniell-Kolmogorov Theorem 2.13
below.

Recalling from Proposition 2.2 that an L?-limit of Gaussian variables is also
Gaussian, we observe that the closed linear subspace of L? spanned by the variables
(X; : ¢ > 0) is a Gaussian space.
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2.5 Constructing distributions on (R, Z(RI0)))

In this section, we’re going to provide a very general result about constructing
continuous time stochastic processes and a criterion due to Kolmogorov which
gives conditions under which there will be a version of the process with continuous
paths.

Let T be the set of finite increasing sequences of non-negative numbers, i.e.
t € T if and only if t = (¢1,12,...,1,) forsome nand 0 <1} <tp < ...,<tp.

Suppose that for each t € T of length n we have a probability measure Q¢ on
(R", (R")). The collection (Qy : t € T) is called a family of finite-dimensional
(marginal) distributions.

Definition 2.12 A family of finite dimensional distributions is called consistent if
foranyt=(t1,ty,....t,) ETand 1 < j<n

QA1 x Ay x ... xAj 1 xR xAj11 x...XA,)
=Qs(A1 xAr X ... XAj_1 XAjr1 X ... XAy,)

where Aj € B(R) and s := (t1,t2,...,tj_1,tj11,... ).

(In other words, if we integrate out over the distribution at the jth time point then
we recover the corresponding marginal for the remaining lower dimensional vec-
tor.)

If we have a probability measure Q on (RI®*), Z(RI**))) then it defines a
consistent family of marginals via

Q(4) =Q({o e R (0(n),..., 0(n)) € A})

where t = (t1,02,...,t,), A € B(R"), and we note that the set in question is in
%’(R[O’”)) as it depends on finitely many coordinates. But we’d like a converse - if
I give you Q¢, when does there exist a corresponding measure Q.

Theorem 2.13 (Daniell-Kolmogorov) Let {Qq : t € T} be a consistent family
of finite-dimensional distributions. Then there exists a probability measure P on
(R[()’w),%’(R[O’“))) such that for any n, t = (t1,...,t,) € T and A € B(R"),

QA) =P{o e R") : (a(n),...,0(t)) € A}]. (6)

We won’t prove this, but notice that (6) defines IP on the cylinder sets and so if we
have countable additivity then the proof reduces to an application of Carathéodory’s
extension theorem. Uniqueness is a consequence of the Monotone Class Lemma.

This is a remarkably general result, but it doesn’t allow us to say anything
meaningful about the paths of the process. For that we appeal to Kolmogorov’s
criterion.

11



Theorem 2.14 (Kolmogorov’s continuity criterion) Suppose that a stochastic pro-
cess (X; :t <T) defined on (Q,.7 ,P) satisfies

E[|X, — X,|%| <Clt—s|'""P, 0<s,<T (7)

for some strictly positive constants o, 3 and C.
Then there exists X, a modification of X, whose paths are y-locally Holder contin-
uous Vy € (0,B/a) a.s., i.e. there are constants 8 > 0 and € > 0 s.t.
X — X,
sup % <e as. (8)
0<i—s<8.ss.c0r] [t =5

In particular, the sample paths of X are a.s. continuous.

3 Brownian Motion and First Properties

3.1 Definition of Brownian motion

Our fundamental building block will be Brownian motion. It is a centred Gaussian
process, so we can characterise it in terms of its covariance structure. It is often
described as an ‘infinitesimal random walk’, so to motivate the definition, we take
a quick look at simple random walk.

Definition 3.1 The discrete time stochastic process {Sy, }n>0 is a symmetric simple
random walk under the measure P if S, = Y."_| &, where the &; can take only the
values 1, and are i.i.d. under P with P[§; = —1] = 1/2 =P[&; = 1].

Lemma 3.2 {S,},>0 is a P-martingale (with respect to the natural filtration) and
cov(S,,Sm) =nAm.

To obtain a ‘continuous’ version of simple random walk, we appeal to the Central
Limit Theorem. Since E[&;] = 0 and var(&;) = 1, we have

IP’[ } / Fey/zdyasn—wxv

More generally,

where [nt] denotes the integer part of nt.
Heuristically at least, passage to the limit from simple random walk suggests
the following definition of Brownian motion.

e y/z’dyasn—wo

Definition 3.3 (Brownian motion) A real-valued stochastic process {B;};>o is a
P-Brownian motion (or a P-Wiener process) if for some real constant &, under P,

12



i. for each s > 0 and t > 0 the random variable B; s — B has the normal
distribution with mean zero and variance c*t,

ii. for each n> 1 and any times 0 <1ty <t; < --- <ty, the random variables
{B:, — By, , } are independent,

iii. By=0,
iv. B; is continuous int > 0.
When 6% = 1, we say that we have a standard Brownian motion.

Notice in particular that for s < 7,
cov(By,B;) =E[B;B;] =E[B; + B,(B, —B,)| =E[Bi] =s (=sAt).

We can write down the finite dimensional distributions using the independence of
increments. They admit a density with respect to Lebesgue measure. We write
p(t,x,y) for the transition density

pt,x,y) = \/;Tnexp (_(x;ty)2> .

For0=1 <t <t, <...<t,, writing xo = 0, the joint probability density function
of B;,...,By, is

n
f(-xlu' . .,Xn) = Hp(t] _tj_17'xj_17'xj)‘
1

Although the sample paths of Brownian motion are continuous, it does not
mean that they are nice in any other sense. In fact the behaviour of Brownian
motion is distinctly odd. Here are just a few of its strange behavioural traits.

i. Although {B,},> is continuous everywhere, it is (with probability one) dif-
ferentiable nowhere.

ii. Brownian motion will eventually hit any and every real value no matter how
large, or how negative. No matter how far above the axis, it will (with prob-
ability one) be back down to zero at some later time.

iii. Once Brownian motion hits a value, it immediately hits it again infinitely
often, and then again from time to time in the future.

iv. It doesn’t matter what scale you examine Brownian motion on, it looks just
the same. Brownian motion is a fractal.

The last property is really a consequence of the construction of the process. We’ll
formulate the second and third more carefully later.

13



We could recover the existence of Brownian motion from the general principles
outlined so far (Daniell-Kolmogorov Theorem and the Kolmogorov continuity cri-
terion plus what we know about Gaussian processes), but we are now going to take
a short digression to describe a beautiful (and useful) construction due to Lévy.

The idea is that we can simply produce a path of Brownian motion by direct
polygonal interpolation. We require just one calculation.

Lemma 3.4 Suppose that {B,},>¢ is standard Brownian motion. Conditional on
B; = x1, the probability density function of By, /» is

A [2 1 (x—3x )2
P ja(x) £ \/;leXp (2 (ﬁ)) .

In other words, the conditional distribution is a normally distributed random vari-
able with mean x; /2 and variance #; /4. The proof is an exercise.

The construction: Without loss of generality we take the range of ¢ to be [0, 1].

Lévy’s construction builds (inductively) a polygonal approximation to the Brown-

ian motion from a countable collection of independent normally distributed random

variables with mean zero and variance one. We index them by the dyadic points of

[0,1], a generic variable being denoted £ (k27") where n € Nand k € {0, 1,...,2"}.
The induction begins with

Thus X is a linear function on [0, 1].

The nth process, X, is linear in each interval [(k — 1)27",k27"] is continuous
in ¢ and satisfies X,(0) = 0. It is thus determined by the values {X,(k27"),k =
1,...,2".

The inductive step: We take
Xy (227050 =X, (262700 ) =X, (k277).

We now determine the appropriate value for X, ((2k - 1)2_(”+1)). Conditional
on X1 (2k2= ) —X,,, (2(k—1)27¢+D), Lemma 3.4 tells us that

Xoi1 ((2k — 1)2‘<”+‘>) — X1 (2(k - 1)2—<"+‘>)

should be normally distributed with mean

| (Xn+1 (2k2_(”+1)) Xy (2(k— 1)2—<n+1>))

2

and variance 2~ ("+2),

14



Now if X ~ #(0,1), then aX +b ~ .4 (b,a*) and so we take
Xoir ((2k— 1)24"*1)) X (2(k— 1)24"*1)) — (/24 ((2k— 1)2*<"+1>)

+% (XnJrl (2k2—(n+1)) — X1 (2(](— 1)2_(n+1)>) .

In other words

Xt ((Zk— 1)27<n+1>> _ %Xn((k—l)zfn)
4 %Xn (k27) (/2 ((Zk— 1)27(n+1)>
- X, ((Zk— 1)2*<"+1>>
122 <(2k— 1>2—(n+1)> 7 ©)

where the last equality follows by linearity of X,, on [(k—1)27" k277"].

The construction is illustrated in Figure 1
Brownian motion will be the process constructed by letting n increase to infinity.
To check that it exists we need some technical lemmas. The proofs are adapted
from Knight (1981).

Lemma 3.5

P [lim X, (1) exists for 0 <t < 1 uniformly in t] =1.
n—yoo

Proof: Notice that max, |X,1(r) — X, ()| will be attained at a vertex, that is for
re€{(2k—1)2="+D k=1,2,...,2"} and using (9),

P [mtax X1 (1) — X, (1)] > 2-"/4}

:P[max

1<k<2n

g <(2k— 1)27(n+1)>’ > 2n/4+1:|
<2P[E(1)] =241
Now

PEE() >0 < e/,
XV 2T

(exercise), and, combining this with the fact that
exp <_2(”/2+1)> < 272724»27
we obtain that for n > 4

2—2n+2 <o

2" 1
n n/4+1 _ ~(n/2+1)
21@[5(1)22/ }§2n/4+1\/2—7re><p( 2/ )Szn/w

15



0 v4 12 3/4 1

Figure 1: Lévy’s sequence of polygonal approximations to Brownian motion.
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Consider now for k > n,
P [max [X,(r) — X(0)] > 27443 = 1~ B [max | Xi(r) — X, ()| <24+
and

P [mtax Xe(t) — X, (1)) < 2—"/4+3}

Y

P

k—1
Z m;’:lX |Xj+1(l‘) —Xj(l‘)‘ < 2—n/4+3]

j=n

> P [mtax X1 () = X;(0)| < 2794,

j:n,...,k—l}

Y

k—1
1-Y 27/ >1-27""
j=n

Finally we have that
P [max X, (1) — X, (£)] > 2—"/4+3} <2,
t

for all kK > n. The events on the left are increasing (since the maximum can only
increase by the addition of a new vertex) so

P [max X, (t) — X (£)] > 27/+*3 for some k > n} <,
t
In particular, for € > 0,

lim IP[For some k > nandr < 1, |Xi(t) — X, (t)| > €] =0,
n—yoo
which proves the lemma. (]
To complete the proof of existence of the Brownian motion, we must check the
following.

Lemma 3.6 Let X (t) = lim,, .. X,,(¢) if the limit exists uniformly and zero other-
wise. Then X (t) satisfies the conditions of Definition 3.3 (for t restricted to [0, 1)).

Proof: By construction, the properties 1-3 of Definition 3.3 hold for the approxi-
mation X, (¢) restricted to T, = {k27",k =0, 1,...,2"}. Since we don’t change X}
on T, for k > n, the same must be true for X on U>_,T,. A uniform limit of con-
tinuous functions is continuous, so condition 4 holds and now by approximation of
any 0 <1 <1, <... <1, <1 from within the dense set U7"_, T, we see that in fact
all four properties hold without restriction for 7 € [0, 1]. O

17



3.2 Wiener Measure

Let C(R;,R) be the space of continuous functions from [0,e) to R. Given a
Brownian motion (B; : t > 0) on (Q,.#,P), consider the map

Q—CRL,R), givenby ®— (B(w):t>0) (10)

which is measurable w.r.t. Z(C(R;,R)) - the smallest c-algebra such that the
coordinate mappings (i.e. (@ : t > 0) — () for a fixed #p) are measurable. (In
fact Z(C(R4,R)) is also the Borel o-algebra generated by the topology of uniform
convergence on compacts).

Definition 3.7 The Wiener measure W is the image of P under the mapping in (10);
it is the probability measure on the space of continuous functions such that the
canonical process, i.e. (B;(®) = o(t),t > 0), is a Brownian motion.

In other words, W is the unique probability measure on (C(R;,R), Z(C(R4,R)))
such that

i. W{w e C(R{,R),0(0) =0}) =1;
ii. foranyn>1,V0=1n<t <...<t,,Ac BR")

W({a) €C(R,,R) : (@(1),..., o)) €A})
B dyi---dyy 2 (yi —yie 2
/ 2r)2 /u(ta—t1) . (ta—tn l)eXp( Z 20t —ti 1))

i=1

where yo := 0.
(Uniqueness follows from the Monotone Class Lemma, since Z(C(R_,R))) is
generated by finitely dimensional projections.)
3.3 Extensions and first properties

Definition 3.8 Let u be a probability measure on RY. A d-dimensional stochastic
process (B, : t > 0) on (Q,.%,P) is called a d-dimensional Brownian motion with
initial distribution W if

i. P[BocAl=pu(A), AcRBRY);

ii. YO <s <t the increment (B; — By) is independent of 6(B,, : u <s) and is
normally distributed with mean 0 and covariance matrix (t —s) x I,

iii. B has a.s. continuous paths.

Writing the d-dimensional Brownian motion as B; = (Bt(l) yeen ,Bt(d)), the coordinate

processes (B,(i)), 1 <i < d, are independent one-dimensional Brownian motions.
If w({x}) = 1 for some x € RY, we say that B starts at x.

18



Proposition 3.9 Let B be a standard real-valued Brownian motion. Then

i. —By; is also a Brownian motion,  (symmetry)
ii. Y¢ >0, ¢By2 is a Brownian motion,  (scaling)
iii. Xo=0, X, :=1tB1 is a Brownian motion, (time reversal)
t

iv. Vs >0, B; = B, s — By is a Brownian motion independent of 6(B,, : u < s),
(simple Markov property).

The proof is an exercise.

3.4 Basic properties of Brownian sample paths

From now on, when we say “Brownian motion”, we mean a standard real-valued
Brownian motion.

We know that t — B, (@) is almost surely continuous.
Exercise: Use the Kolmogorov continuity criterion to show that Brownian motion
admits a modification which is locally Holder continuous of order y for any 0 <
y<1/2.

On the other hand, as we have already remarked, the path is actually rather
‘rough’. We’d like to have a way to quantify this roughness.

Definition 3.10 Ler 7 be a partition of [0,T|, N(x) the number of intervals that
make up 1 and 6(w) be the mesh of 7 (that is the length of the longest interval in
the partition). Write 0 =19 <11 < ... <ty(g) =T for the endpoints of the intervals
of the partition. Then the variation of a function f : [0,T] — R is

N(m)
lim < sup f)—fti-1)| ¢ -
5—>0{n:5(n)—5 ,2::1 17 -0l

If the function is ‘nice’, for example differentiable, then it has bounded variation.
Our ‘rough’ paths will have unbounded variation. To quantify roughness we can
extend the idea of variation to that of p-variation.

Definition 3.11 In the notation of Definition 3.10, the p-variation of a function
f:]0,T] — R is defined as

N(z)
lim ¢ sup f) = fi-0]" ¢
60 {n:é(n)_5 J; ‘ / ’ }
Notice that for p > 1, the p-variation will be finite for functions that are much
rougher than those for which the variation is bounded. For example, roughly speak-
ing, finite 2-variation will follow if the fluctuation of the function over an interval
of order & is order /8.

For a typical Brownian path, the 2-variation will be infinite. However, a slightly
weaker analogue of the 2-variation does exist.

19



Theorem 3.12 Let B, denote Brownian motion under P and for a partition T of
[0,T] define
N(m) 5
S(m) = Z ‘ij_ij—l‘ :
j=1
Let m, be a sequence of partitions with (m,) — 0. Then

E[|S(nn)—T\2] 50 asn— oo, 11

We say that the quadratic variation process of Brownian motion, which we denote
by {(B)/}/>0 is (B), =t. More generally, we can define the quadratic variation
process associated with any bounded continuous martingale.

Definition 3.13 Suppose that {M, },;>o is a bounded continuous P-martingale. The
quadratic variation process associated with {M},> is the process { (M), };>0 such
that for any sequence of partitions m, of [0,T] with 6(m,) — 0,

N(7,) 2 2
E|| Y M, ~M, [~z |50 asn—e. (12)
=1

Remark: We don’t prove it here, but the limit in (12) will be independent of the
sequence of partitions. O
Proof of Theorem 3.12: We expand the expression inside the expectation in (11)
and make use of our knowledge of the normal distribution. Let {7, j}yz(g”) denote
the endpoints of the intervals that make up the partition 7,. First observe that

N(z,) 2

Z {‘Btn.j - Btmj—l ‘2 - (tnvj - tﬂvj—l)}

J=1

|S(m) — T =

. . . 2
It is convenient to write J, ; for ‘Btm_/ —By,., ‘ — (ty,j —tn j—1). Then

N(m,)
S(m)—T)> =Y, 62,+2Y 818k
j=1 j<k
Note that since Brownian motion has independent increments,
E [84,j0nk] =E [y ;] E[8u] =0 if j #£k.
Also
4 2
E [61121} =E UB,W. B, { —2 ‘Btn-,j —Bi,; ‘ (tn,j —tn,j—1) + (tnj _’n,j—l)2 :

For a normally distributed random variable, X, with mean zero and variance A,
E[|X|*] = 342, so we have

E[82] = 3(twj—taj1)"—2(tnj—tnj1)+ (tnj—tnj-1)’

= 2(tn,_] _tmj—l)z
< 26(75’1) (tmj - t”vj_l) :
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Summing over j

, N(z,)
E[ys(nn)—Ty } < 2 Zl 8(M) (tn — tnj1)

Jj=
= 28(m,)T
— 0 as n — oo,

O

Corollary 3.14 Brownian sample paths are of infinite variation on any interval
almost surely.

Corollary 3.15 Brownian sample paths are almost surely nowhere locally Holder
continuous of order y > %

(The proofs are exercises.)

To study the very small time behaviour of Brownian motion, it is useful to
establish the following 0 — 1 law.

Fix a Brownian motion (B;);>0 on (,.%#,P). For every t > 0 we set .%; :=
o6 (B, : u<t). Note that #; C .Z if s <t. We also set Fp := Nyg=0Fs.

Theorem 3.16 (Blumenthal’s 0-1 law)
The o-field F . is trivial in the sense that P[A] =0 or 1 for every A € Fy,.

Proof. Let0 <t <tp---<tyandletg: R¥ — R be a bounded continuous function.
Also, fix A € .#(+. Then by a continuity argument,

E[lAg(Btl g ’B[k)] == lsl\lg)lE[lAg(Btl _Bg7 cee ’Btk _BE)]

If 0 < & <1y, the variables B, — Bg,...,B; — B, are independent of .%¢ (by the
Markov property) and thus also of .% . It follows that

E[lAg(B[l,...,B[k)] = EJ%]E[].Ag(BII _Bg,...7B[k_Bg)]
= PJAJE[g(B,,...,By,)]

We have thus obtained that .% is independent of ¢(B;,,...,B;,). Since this holds
for any finite collection {r1,...,#} of (strictly) positive reals, .%. is independent
of o(B;,t > 0). However, o(B;,t > 0) = 6(B;,t > 0), since By is the pointwise
limit of B; when r — 0. Since %, C 6(B;,t > 0), we conclude that .% is inde-
pendent of itself and so must be trivial. U

Proposition 3.17 Let B be a standard real-valued Brownian motion, as above.
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i. Then, a.s., for every € > 0,

sup B >0 and inf B <O0.
0<s<e 0<s<e

In particular, inf{t >0 : B, =0} =0 a.s.

ii. For every a € R, let T, := inf{t > 0 : B; = a} (with the convention that
inf) = o). Then a.s. for each a € R, T, < 0. Consequently, we have a.s.

limsupB; = +oo, liminfB; = —oco.
t—so0 f—eo

Remark 3.18 It is not a priori obvious that sup . Bs is even measurable, since
this is an uncountable supremum of random variables, but since sample paths are

continuous, we can restrict to rational values of s € [0, €] so that we are taking the
supremum over a countable set. We implicitly use this observation in what follows.

Proof. (i) Let €, be a sequence of strictly positive reals decreasing to zero and set
A= ﬂpzo{suPogsgg,, B; > 0}. Since this is a monotone decreasing intersection,
A € %.. On the other hand, by monotonicity, P[A] is the decreasing limit

P[A] = lim | P[ sup B; > 0]
p—ree 0<s<g,
and |
P[ sup By >0]>P[Be, > 0] = 5

0<s<g,

So P[A] > 1/2 and by Blumenthal’s 0 — 1 law P[A] = 1. Hence a.s. for all € > 0,
SUpPy<,<¢ Bs > 0. Replacing B by —B we obtain Plinfo<s<¢ By < 0] = 1.
(i1) Write

I:P[ sup Bs>0] :(siﬂ)lT]P’[ sup BS>5},

0<s<1 0<s<1

where 1 indicates an increasing limit. Now use the scale invariance property, BfL =
B2,/ A is a Brownian motion, with A = 1/ to see that for any § > 0,

P[sup BS>5]:IP>[ sup B§>1}:P[ sup Bs>1}. (13)

0<s<1 0<s<1/62 0<s<1/82
If we let 6 | 0, we find

PlsupB; > 1] =limTP[ sup By>1]=1

50 510 0<s<1/82

(since limg o T P[supg<p <y Bs > 6] = 1).
Another scaling argument shows that, for every M > 0,

PlsupB; > M| =1

5s>0
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and replacing B with —B,
Plinf By < —M| = 1.
5>0

Continuity of sample paths completes the proof of (ii). U

Corollary 3.19 a.s. t — B, is not monotone on any non-trivial interval.

4 Filtrations and stopping times

These are concepts that you already know about in the context of discrete param-
eter martingales. Our definitions here mirror what you already know, but in the
continuous setting one has to be slightly more careful. In the end, we’ll make
enough assumptions to guarantee that everything goes through nicely.

Definition 4.1 A collection {%;,t € [0,0)} of G-algebras of sets in .F is a filtra-
tion if #; C F4s for t,s € [0,00). (Intuitively, F; corresponds to the information
known to an observer at time t.)

In particular, for a process X we define FX = o({X(s) : s <t}) (that is FX
is the information obtained by observing X up to time t) to be the natural filtration
associated with the process X.

We say that %, is right continuous if for each t > 0,

T =Ty =Nex0F11e-

We say that { .} is complete if (Q,.%,P) is complete (contains all subsets of
the P-null sets) and {A € F : P|A] =0} C % (and hence C .F, for all t).

A process X is adapted to a filtration {7, } if X (t) is %;-measurable for each
t >0 (if and only if FX C .F, forallt).

A process X is F-progressive if for each t > 0, the mapping (s, ®) — X;(®) is
measurable on ([0,t] x Q,A([0,1]) @ F).

If X is .%;-progressive, then it is .%;-adapted, but the converse is not necessarily
true. However, every right continuous .%#;-adapted process is .%;-progressive and
since we shall only be interested in continuous processes, we won’t need to dwell
on these details.

Proposition 4.2 An adapted process (X;) whose paths are all right-continuous (or
are all left-continuous) is progressively measurable.

Proof. We present the argument for a right-continuous X. Fort > 0,n > 1, k=
0,1,2...,2" ~ 1 let X" () = Xo() and X," (@) := Xy, (@) for & <5 < K5lr.

Clearly (Xs(") : 5 <t) takes finitely many values and is %([0,]) ® .%,—measurable.

Further, by right continuity, X;(®) = lim, .. X" (@), and hence is also measurable
(as a limit of measurable mappings). U
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Definition 4.3 A filtration (.%,),>¢ (or the filtered space (Q, 7 ,(F;)>0,P)) is said
to satisfy the usual conditions if it is right-continuous and complete.

Given a filtered probability space, we can always consider a natural augmentation,
replacing the filtration with 6(.%#1,./"), where 4/ = A (P):={A € Q:3B €
Z such that A C B and P[B] = 0}. The augmented filtration satisfies the usual
conditions. In Section 5.3 we’ll see that if we have a martingale with respect to a
filtration that satisfies the usual conditions, then it has a right continuous version.

Usually we shall consider the natural filtration associated with a process and
don’t specify it explicitly. Sometimes we suppose that we are given a filtration .%;
and then we say that a process is an .%;-Brownian motion if it is adapted to .%,.
4.1 Stopping times

Again the definition mirrors what you know from the discrete setting.

Definition 4.4 Let (Q,.7 (%), ) be a filtered space. A random variable T :
Q > [0, 4] is called a stopping time (relative to (%)) if {t <t} € %, ¥Vt > 0.

The ‘first time a certain phenomenon occurs’ will be a stopping time. Our funda-
mental examples will be first hitting times of sets. If (X;) is a stochastic process
andI" € Z(R) we set

Hr(ow)=Hr(X(w)):=inf{t >0 : X(w) €T'}. (14)
Exercise 4.5 Show that

i. if (X;) is adapted to (%) and has right-continuous paths then Hr, for I an
open set, is a stopping time relative to (F;.).

ii. if (X;) has continuous paths, then Hr, for T a closed set, is a stopping time
relative to ().

With a stopping time we can associate ‘the information known at time 7’:

Definition 4.6 Given a stopping time 7T relative to (%) we define

Fr={AecF : An{1 <t} € .FVt >0},
T i={Ae F  An{t <t} € F},
Fr=c({An{r>1}:t>0,A € %#})

(which satisfy all the natural properties).

Proposition 4.7 Let T be a stopping time. Then
(i) F:isa oc-algebra and T is F;-measurable.

(ii) Fr_ C Fr C Fry and Fr = Froy if (%) is right-continuous.
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(lll) If‘E:tthen gf;:%, yf+ :ﬂpr.

(iv) If T and p are stopping times then so are T\p, TV p and T+ p and {1t <
p} € Frnp. Further if T < p then F; C Fp.

(v) If T is a stopping time and p is a [0,e0|-valued random variable which is
Fr-measurable and p > T, then p is a stopping time. In particular,

= ok+1
Wi X o

I 1s)
=0

is a sequence of stopping times with T, | T as n — oo

Proof.

We give a proof of (v).

Note that {p <t} = {p <t}N{t <t} € .% since p is .F#;-measurable. Hence
p is a stopping time. We have 7, | T by definition, and clearly 7, is .%;-measurable
since 7T is .%;-measurable. O

It is often useful to be able to ‘stop’ a process at a stopping time and know
that the result still has nice measurability properties. If (X;);>o is progressively
measurable and 7 is a stopping time, then X* := (X;r¢ : t > 0) is progressively
measurable.

We’re going to use the sequence T, of stopping times in (15) to prove an impor-
tant generalisation of the Markov property for Brownian motion called the strong
Markov property. Recall that the Markov property says that Brownian motion has
‘no memory’ - we can start it again from B and B;;; — By is just a Brownian
motion, independent of the path followed by B up to time s. The strong Markov
property says that the same is true if we replace s by a stopping time.

Theorem 4.8 Let B= (B, : t > 0) be a standard Brownian motion on the filtered
probability space (Q,.7 (% )i>0,P) and let T be a stopping time with respect to
(Z)i>0. Then, conditional on {T < e}, the process

B\" :=B.,,— B, (16)

is a standard Brownian motion independent of .

Proof. Assume that T < « a.s..
We will show that VA € .%;,0 <1 < ... <t, and continuous and bounded
functions F' on R” we have
E[LF(B,...,B)] = P(A)E[F(By,...,B,)]. (17)

»Hp

Granted (17), taking A = Q, we find that B and B(®) have the same finite dimen-
sional distributions, and since B(") has continuous paths, it must be a Brownian
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motion. On the other hand (as usual using a monotone class argument), (17) says
that (B,(lr ), e 7B,(:)) is independent of .%, and so B(®) is independent of .%;.
To establish (17), first observe that by continuity of B and F,

Bi,....B: Bk) a.s.,
27!

Ip S <T<gzr a1+ a1+ o

(7) DY _ i ¥
F(B,’,...,B )fr}grolo/;)lkfl «F(By
and by the Dominated Convergence Theorem

() (V] — i}
E[LF(B....,B?)] _nlgrolo];)E [Wly oo s F(By oy —ByoBy —By)|

For A € %, the event AN {kjl <1< zﬁn} € 92%, so using the simple Markov
property at k/2n,

E 1y o cec s F(By y — BBy, —Bzin)}
k—1 k
=P [Am{zn <1< 2}} E[F(By,...,B,)].

Sum over k to recover the desired result.
If P(7 = ) > 0, the same argument gives instead

E 1Aﬁ{T<°°}F(Bt(1T)7' e aBt(:)):| - P[Aﬂ{f < oo}]]E [F(Btl"' : ’Btp)] :

0

It was not until the 1940’s that Doob properly formulated the strong Markov
property and it was 1956 before Hunt proved it for Brownian motion.

The following result, known as the reflection principle, was known at the end
of the 19th Century for random walk and appears in the famous 1900 thesis of
Bachelier, which introduced the idea of modelling stock prices using Brownian
motion (although since he had no formulation of the strong Markov property, his
proof is not rigorous).

Theorem 4.9 (The reflection principle) Let S; := sup,,B,. Fora>0andb<a
we have
P[S; > a, B, <b]=P[B; >2a—b] Vt>0.

In particular S; and |B;| have the same distribution.

Proof. We apply the strong Markov property to the stopping time 7, = inf{r > 0 :
B; = a}. We have already seen that 7, < e a.s. and so in the notation of Theo-
rem 4.8,

Ta

P[S, > a,B, <b]=P[T, <t,B, <b]=P[T, <1,B") <b—a]  (I8)
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(since Bg"%ﬂ =B, —Br, =B, —a).

Now B4 is a Brownian motion, independent of .%7, and hence of 7. Since
BU4) has the same distribution as —B(%), (Ta,B(T“)) has the same distribution as
(T,,— B(Ta))_

So

PIT, <t,B™ <b—a] = P[T,<t,-B') <b—ad
P[T, <t,B; >2a—b] =P[B, > 2a—b),

since 2a—b > a and so {B; > 2a—b} C{T, <t}.
We have proved that P[S; > a,B, < b] = P[B, > 2a — b]. For the last assertion
of the theorem, taking a = b in (18), observe that

IP)[SI > a] = IP)[SI >a,B; > Cl] +IP)[SI >a,B; < Cl]
= 2P[B; > a] =P[B; > a]+P[B, < —a] (symmetry)
= P[B/>d].

5 (Sub/super-)Martingales in continuous time

The results in this section will to a large extent mirror what you proved last term for
discrete parameter martingales (and we use those results repeatedly in our proofs).
We assume throughout that a filtered probability space (Q,.7, (% );>0,P) is given.

5.1 Definitions

Definition 5.1 An adapted stochastic process (X;);>o such that X; € L' (P) (i.e.
E[|X;|] < o) for any t > 0, is called

i. amartingale if E[X;|.%] = X, forall 0 < s <1,
ii. a super-martingale if E[X;|.Z] < X; forall 0 <s <t,

iii. a sub-martingale if E[X;|.%;] > X, forall 0 <s <t.

Exercises: Suppose (Z; : t > 0) is an adapted process with independent incre-
ments, i.e. for all 0 < s < t, Z, — Z; is independent of .%;. The following give us
examples of martingales:

i. if V> 0,7 €L!, then Z, := Z — E[Z] is a martingale,
ii. if V¢ >0, Z, € L2, then Z? — E[Z?] is a martingale,

iii. if for some 6 € R, and V¢ > 0, JE[eQZ'] < oo, then % is a martingale.
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In particular, B,, B> —t and OBi=0%/2 gre a]] martingales with respect to a filtration

(Z4)s>0 for which (B;);>¢ is a Brownian motion.
Warning: It is important to remember that a process is a martingale with respect
to a filtration - giving yourself more information (enlarging the filtration) may
destroy the martingale property. For us, even when we don’t explicitly mention it,
there is a filtration implicitly assumed (usually the natural filtration associated with
the process, augmented to satisfy the usual conditions).

Given a martingale (or submartingale) it is easy to generate many more.

Proposition 5.2 Let (X;);>0 be a martingale (respectively sub-martingale) and @ :
R — R be a convex (respectively convex and increasing) such that E[|@(X;)|] < oo
foranyt > 0. Then (¢(X,)),>0 is a sub-martingale.

Proof. Conditional Jensen inequality. U

In particular, if (X;);>0 is martingale with E[|X;|?] < co, for some p > 1 and
all ¢ > 0, then |X,|P is a sub-martingale (and consequently, ¢ — E[|X;|”] is non-
decreasing).

5.2 Doob’s maximal inequalities

Doob was the person who placed martingales on a firm mathematical foundation
(beginning in the 1940’s). He initially called them ‘processes with the property E’,
but reverted to the term martingale in his monumental book.

Doob’s inequalities are fundamental to proving convergence theorems for mar-
tingales. You already encountered them in the discrete setting and we shall recall
those results that underpin our proofs in the continuous world here. They allow us
to control the running maximum of a martingale.

Theorem 5.3 If (X,),>0 is a discrete martingale (or a positive submartingale)
w.r.t. some filtration (%), then forany N € N, p > 1 and A > 0,

)LPIP’[sup X, | > l} <E[|Xy|"]

n<N

and for any p > 1

E[|Xy["] <E [sup Xn\”} < (L)pE[IXN\"]-
n<N p—1
We’d now like to extend this to continuous time.

Suppose that X is indexed by ¢ € [0, ). Take a countable dense set D in [0, 7],
e.g. D =QnNJ0,T], and an increasing sequence of finite subsets D, C D such that
Un_Dn, = D.

The above inequalities hold for X indexed by t € D,, U{T}. Monotone con-
vergence then yields the result for ¢+ € D. If X has regular sample paths (e.g. right
continuous) then the supremum over a countable dense set in [0, 7] is the same as
over the whole of [0, T] and so:
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Theorem 5.4 (Doob’s maximal and L? inequalities)
If (X;)i>0 is a right continuous martingale or positive sub-martingale, then for any
T>0A>0,

Mp[sup\x,| > ;L} <E[X/?], p>1

t<T

p
E [supxt\”} < (57) %] p>1

t<T

(19)

As an application of Doob’s maximal inequality, we derive a useful bound for
Brownian motion.

Proposition 5.5 Let (B;);>0 be Brownian motion and S; = sup,, B,. For any A >
0 we have ,
A
P[S, > Af] <e T
Proof. Recall that ¢®Bi—%°1/ 21>0,isa non-negative martingale. It follows that,
for a > 0,

P[S; > Ar] < ]P)[Sup (eO!Bufazt/Z) > ea/ltf(xzt/Z}
u<t
< P{sup (eOCBufoczu/Z) > ealtfazt/2:|
o u<t -
< e—OC)LH—OtZI/Z]E [eaB,—azt/z] .
—
=1
The bound now follows since ming>q e~ QA2 _ ,—271)2 (with the minimum

achieved when @ = A). O

In the next subsection, we are going to show that even if a supermartingale is
not right continuous, it has a right continuous version (this is Doob’s Regularisation
Theorem). To prove this, we need a slight variant of the maximal inequality - this
time for a supermartingale - which in turn relies on Doob’s Optional Stopping
Theorem for discrete supermartingales.

Theorem 5.6 (Doob’s Optional Stopping Theorem for discrete supermartinagles)
(bounded case)

If (Yn)n>1 s a supermartingale, then for any choice of bounded stopping times
Sand T such that S < T, we have

Ys > E[Yr|Zs].
Here’s the version of the maximal inequality that we shall need.

Proposition 5.7 Let (X, :t > 0) be a supermartingale. Then

Pl sup [X|=2

1
< - QE[Xr[|+E[X]]), VA, T>0.  (20)
t€[0,71NQ A

In particular, sup,cjo r1ng |Xi| < o a.s.
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Proof. Take a sequence of rational numbers 0 =#) <# < ... <t, =T. Applying
Theorem 5.6 with S = min{z; : X;, > A} AT, we obtain

E[XO] > E[XS] > AP[ sup X, > A] +E[XTlsup1§i§nX,i<7L]'

1<i<n
Rearranging,
AP( sup X;, > A) <E[Xo] + E[X; ]
1<i<n
(where X;; = —min(X7,0)). Now X, is a non-negative submartingale and so we

can apply Doob’s inequality directly to it, from which

AP(sup X;” > A) <E[X;],

1<i<n

and, since E[X; ] < E[|X7|], taking the (monotone) limit in nested sequences in
[0,T]NQ, gives the result. O

5.3 Convergence and regularisation theorems

As advertised, our aim in this section is to prove that, provided the filtration satisfies
‘the usual conditions’, any martingale has a version with right continuous paths.
First we recall the notion of upcrossing numbers.

Definition 5.8 Ler f: I — R be a function defined on a subset I of [0,0). If a < b,
the upcrossing number of f along [a,b], which we shall denote U ([a,b], (fi):er) is
the maximal integer k > 1 such that there exists a sequence s; <t; < --- < sy <1y,
of elements of I such that f(s;) < a and f(t;) > b for everyi=1,... k.

If even for k = 1 there is no such sequence, we take U([a,b],(f)icr) = 0. If
such a sequence exists for every k > 1, we set U([a,b], (f;)rer) = o°.

Upcrossing numbers are a convenient tool for studying the regularity of functions.
We omit the proof of the following analytic lemma.

Lemma 5.9 Let D be a countable dense set in [0,00) and let f be a real function
defined on D. Assume that for every T € D

i. fisboundedonDN|0,T];

ii. for all rationals a and b such that a < b
U([aab]a (ﬁ)tEDﬂ[O,T]) < .

Then the right limit

fl+) = Jim 7

exists for every real t > 0, and similarly the left limit

flt=)= lim f(s)

sTt,seD
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exists for any real t > 0.

Furthermore, the function g : Ry — R defined by g(t) = f(t+) is cadlag ( ‘con-
tinue a droite avec des limites a gauche’; i.e. right continuous with left limits) at
everyt > 0.

Lemma 5.10 (Doob’s upcrossing lemma in discrete time) Ler (X;);>0 be a su-
permartingale and F a finite subset of [0,T]. If a < b then

E[U([a,b], Xy:ne F))} < EEEE[(}ZH_;)_] < E[()ZT_aa)_] .

The last inequality follows since (X; —a)~ is a submartingale.
Taking an increasing sequence F, and setting U,F, = F, this immediately ex-
tends to a countable F C [0, 7]. From this we deduce:

Theorem 5.11 If (X,) is a right-continuous super-martingale and sup, E[X;”] < eo
then lim;_,. X; exists a.s. In particular, a non-negative right-continuous super-
martingale converges a.s. ast — oo.

Proof. This is immediate since, by right continuity, upcrossings of [a,b] over t €
[0,00) are the same as upcrossings of (a,b) over ¢ € [0,00) NQ and a sequence
(xn)n>1 converges if and only if U([a,b], (x,)n>1 < oo for all a < b with a,b € Q.
U

The next result says that we can talk about left and right limits for a general
supermartingale and then our analytic lemma will tell us how to find a cadlag ver-
sion.

Theorem 5.12 If (X; :t > 0) is a supermartingale then for P-almost every @ € Q,

Vi € (0,00) lim X,(®)and lim X,(w) exist and are finite. (21)
rit,reQ rit,reQ

Proof. Fix T > 0. From Lemmas 5.7 and 5.10, there exists Q7 C Q, with P(Q7) =
1, such that for any w € QT

Va,b € Q witha < b, U([a,b], (X (@) : 1 €[0,T]NQ)) < oo,

and

sup | X (@)| < oo.
1€[0,7]NQ

It follows that the limits in (21) are well defined and finite for allz < T and w € Q7.
To complete the proof, take Q := Q' NQZNQ3N.... O

Using this, even if X is not right-continuous, its right-continuous version is a.s.
well defined. The following fundamental regularisation result is again due to Doob.
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Theorem 5.13 Let X be a supermartingale with respect to a right-continuous and
complete filtration (%#;). If t — E[X,] is right continuous (e.g. if X is a mar-
tingale) then X admits a modification with cadlag paths, which is also an (F;)-
supermartingale.

Remark 5.14 If X is a martingale then its cadlag modification is also a martin-
gale.

Proof. By Theorem 5.12, there exists Qo C Q, with P[Qp] = 1, such that the
process

lim, | coX (@) ®€Q
Xt+(w):{0 11,req Xr (@) o

is well defined and adapted to (.%,;). By Lemma 5.9, it has cadlag paths.

To check that we really have only produced a modification of X;, that is X; =
X;+ almost surely, lett,, | t be a sequence of rationals. Set Y, =X, , for every integer
k < 0. Then Y is a backwards supermartingale with respect to the (backward)
discrete filtration 7% = .%; , and sup;,E[|Yk|] < e=. The convergence theorem for
backwards supermartingales (see Ap[;endix C) then implies that X; converges to
X, in L', In particular, X;, € L! and thanks to L' convergence, we can pass to the
limit n — oo in the inequality X, > E[X, |.%] to obtain X; > E[X;+|.%].

Right continuity of ¢ — E[X;] implies E[X,; —X;] = 0, so that X; = X, almost
surely.

Now, to check the supermartingale property, let s < ¢ and let (s,),>0 be a se-
quence of rationals decreasing to s. Assume that s, < ¢ for all n. Then, as above,
X;, > X5y € L' soifA e Fs+, which implies A € .%,, for every n, with 1, as above,

EXs+14] = lLimE[X; 14] > }E};E[th 14]

n—oo

= E[X:14) =E[E[X,, |71 ]14].

Since this holds for all A € %, and since X, and E[X,;|%, ] are both %, -
measurable, this shows
Xs+ > E[Xt+|gs+]-

For martingales all the inequalities can be replaced by equalities and for submartin-
gales we use that —X is a supermartingale. U

Remark 5.15 Let’s make some comments on the assumptions of the theorem.

i. The assumption that the filtration is right continuous is necessary. For ex-
ample, let Q = {—1,+1}, P[{1}] =1/2 =P[{—1}]. We set e(®0) = » and
X =0if0<t <1, Xy, =¢€ift > 1. Then X is a martingale with respect
to the canonical filtration (which is complete since there are no nonempty
negligible sets), but no modification of X can be right continuous at t = 1.
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ii. Similarly, take X; = f(t), where f(t) is deterministic, non-increasing and not
right continuous. Then no modification can have right continuous sample
paths.

5.4 Martingale convergence and optional stopping

Theorem 5.16 Let X be a supermartingale with right continuous sample paths.
Assume that (X;);>0 is bounded in L'. Then there exists Xo. € L' such that lim; ., X; =
X almost surely.

Proof. Let D be a countable dense subset of R,. We showed before that for a < b

1
b—a

E[U([a,b], (X:)iepnppr)] < 7—El(Xr —a)7].

By the Monotone Convergence Theorem,

E[U([a,b],(Xi)ren)] < bia 251@[(}@ —a)7] <o

(since X is bounded in L'). This implies that X, = limps, . X; exists a.s. in
[_°°7°°]'

We can exclude the values +oo since Fatou’s Lemma gives

< fimi N
E[[Xo] < Liminf E[1X/[] <o,

so X, € L'. Right continuity of sample paths allows us to remove the restriction
thatz € D. ]

Under the assumptions of this theorem, X, may not converge to X.. in L',
The next result gives, for martingales, necessary and sufficient conditions for L'-
convergence.

Definition 5.17 A martingale is said to be closed if there exists a random variable
Z € L' such that for everyt > 0, X, = E[Z|.7,).

Theorem 5.18 Let (X, :t > 0) be a martingale with right continuous sample paths.
Then TFAE:

i. X isclosed;
ii. the collection (X;);>o is uniformly integrable;
iti. X; converges almost surely and in L' as t — oo,

Moreover, if these properties hold, X; = E[X..|.%;] for every t > 0, where X.. € L
is the almost sure limit of X; as t — oo.
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Proof. That the first condition implies the second is easy. If Z € L!, then E[Z|¥],
where ¢ varies over sub o-fields of .% is uniformly integrable.

If the second condition holds, then, in particular, (X;),>¢ is bounded in L' and,
by Theorem 5.16, X; — X. almost surely. By the uniform integrability, we also
have convergence in L', so the third condition is satisfied.

Finally, if the third condition holds, for every s > 0, pass to the limit as  — co in
the equality X; = E[X;|.%;] (using the fact that conditional expectation is continuous
for the L'-norm) and obtain X; = E[X..|.%]. O

We should now like to establish conditions under which we have an optional
stopping theorem for continuous martingales. As usual, our starting point will be
the corresponding discrete time result and we shall pass to a suitable limit.

Theorem 5.19 (Optional stopping for uniformly integrable discrete martingales)
Let (Y,)nen be a uniformly integrable martingale with respect to the filtration
(%) nen, and let Yo, be the a.s. limit of Y,y when n — oo. Then, for every choice
of the stopping times S and T such that S < T, we have Yr € L' and

Ys = E[Yr|¥Ys],
where
Ys={A€Y.:AN{S=n} €Y, for everyn € N},

with the convention that Yr = Y., on the event {T = oo}, and similarly for Y.

Let (X;);>0 be a right continuous martingale or supermartingale such that X; con-
verges almost surely as t — oo to a limit X... Then for every stopping time 7', we
define

X7 (@) = 1i7(0)<c} X7 () (@) + 1{7(0) =00} Xeo ().

Theorem 5.20 Let (X;);>0 be a uniformly integrable martingale with right contin-
uous sample paths. Let S and T be two stopping times with S < T. Then Xs and Xt
are in L' and X5 = E[X7|Fs].

In particular, for every stopping time S we have Xs = E[Xw|%s] and E[Xs] =
E[X.] = E[X)).

Proof. For any integer n > 0 set

o k+1

Th= ¥ S Yaversiorn +olr—sy.
= ki1

Sn =Y Lz res<rnpny +ool 5=}
k=0

Then T, and S, are sequences of stopping times that decrease respectively to 7 and
S. Moreover, S, < T, for every n > 0.
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For each fxed n, 2"S, and 2"7, are stopping times of the discrete filtration
Hy = Fy o and Yk(") = Xy /2» 1s a discrete martingale with respect to this filtration.

From Theorem 5.19, Yz(nn S)n and Yz(,:% are in L! and
Xs, =Yy, = V) | #prs,] = ElX, | 7).

Let A € Z. Since Zy C F5, we have A € Z, and so E[14Xs,| = E[14X7,]. By
right continuity, Xg = lim,_,.. X5, and X7 = lim, ., X7,. The limits also hold in
L' (in fact, by Theorem 5.19, X5, = E[X..|.Zs,] for every n and so (X, ),>1 and
(Xr,)n>1 are uniformly integrable). L! convergence implies that the limits Xg and
Xr are in L' and allows us to pass to a limit, E[14Xs] = E[14X7]. This holds for
all A € Fg and so since X is .-#s-measurable we conclude that Xg = E[X7|.Z5], as
required. U

Corollary 5.21 In particular, for any martingale with right continuous paths and
two bounded stopping times, S < T, we have Xs, X7 € L' and X5 = E[X7|.Zs).

Proof. Let a be such that S < T < a. The martingale (X;,,);>0 is closed by X, and
so we may apply our previous results. ([l

Corollary 5.22 Suppose that (X;);>o is a martingale with right continuous paths
and T is a stopping time.

i. (XiaT)r>0 is a martingale;
ii. if, in addition, (X;);>0 is uniformly integrable, then (X;nr);>0 is uniformly

integrable and for every t > 0, X;nr = E[X7|.%].

We omit the proof which can be found in Le Gall.
Above all, optional stopping is a powerful tool for explicit calculations.

Example 5.23 Fix a > 0 and let T, be the first hitting time of a by standard Brow-
nian motion. Then for each A > 0,

E[eilT"] _ efam.

Recall that N} = exp(AB; — %zt) is a martingale. So NZ‘ATH is still a martingale and

it is bounded above by ¢** and hence is uniformly integrable, so IE[N%H | =E[Ng].
That is, ,
e Bl /2] = E[N}] = 1.

Replace A by v/2A and rearrange.
Warning: This argument fails if A < 0 - the reason being that we lose the
uniform integrability.
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6 Continuous semimartingales

Recall that our original goal was to make sense of differential equations driven
by ‘rough’ inputs. In fact, we’ll recast our differential equations as integral equa-
tions and so we must develop a theory that allows us to integrate with respect to
‘rough’ driving processes. The class of processes with which we work are called
semimartingales, and we shall specialise to the continuous ones.

We’re going to start with functions for which the integration theory that you
already know is adequate - these are called functions of finite variation.

Throughout, we assume that a filtered probability space (Q,.%, (% ),P) satis-
fying the usual conditions is given.

6.1 Functions of finite variation

Throughout this section we only consider real-valued right-continuous functions
on [0,e0). Our arguments will be shift invariant so, without loss of generality, we
assume that any such function a satisfies a(0) = 0. Recall the following definition.

Definition 6.1 The (fotal) variation of a function a over [0,T| is defined as

ng—1
V(a)r = sup ‘ali+l —ay,
T =0
where the supremum is over partitions T = {0 =1ty <t; <...<t,, =T} of [0,T].
We say that a is of finite variation on [0, T] if V(a)r < e. The function a is of finite
variation if V(a)r < eo for all T > 0 and of bounded variation if imr_... V (a)r < oo.

Remark 6.2 Note thatt — V(a), is non-negative, right-continuous and non-decreasing
int. This follows since any partition of [0, s] may be included in a partition of [0,t],
t>s.

Proposition 6.3 The function a is of finite variation if and only if it is equal to the
difference of two non-decreasing functions, a| and a.

Moreover, if a is of finite variation, then a, and ay can be chosen so that
V(a); = ai(t) +ax(t). If ais cadlag then V (a), is also cadlag.

Proof.
n(m)—1
V(a); —a(t) = sup Z (’Cl(l‘prl) —a(t)|— (a(t,-ﬂ) fa(t,-)))
T =0
is an non-decreasing function of ¢, as is V (a), + a(t). O

If we define measures U, U by

V(a);+a(t)

p((0,]) = = A,
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then we can develop a theory of integration with respect to a by declaring that

/Otf(s)da(s) = /Otf(s)qu(ds) —/Otf(s)u_(ds),

provided that

L1 lulas) = [[179] e (ds) + () < o=

We say that @ = p — u_ is the signed measure associated with a, .y, y_ is its
Jordan decomposition and [ f(s)da(s) is the Lebesgue-Stieltjes integral of f with
respect to a.

We sometimes use the notation

(F-a)0) = [ F()dats).

The function (f - a) will be right continuous and of finite variation whenever a is
finite variation and f is a-integrable (exercise).

Proposition 6.4 (Associativity) Let a be of finite variation as above and f,g mea-
surable functions, f is a-integrable and g is (f - a)-integrable. Then gf is a-
integrable and

./Otg(S)d(f-a)(S) = /Otg(s)f(S)da(s).
In our ‘dot’-notation:
g (f-a)={(gf)a. (22)

Proposition 6.5 (Stopping) Let a be of finite variation as above and fixt > 0. Set
a'(s) = a(t \s). Then d' is of finite variation and for any measurable a-integrable
function f

u/Nt u u

/0 F(s)da(s) = /O F(s)da'(s) = /0 F() g (s)dals), u € [0,00].
Proposition 6.6 (Integration by parts) Ler a and b be two continuous functions
of finite variation with a(0) = b(0) = 0. Then for any t

a(t)b(t) = ./Ota(s)db(s) —i—/otb(s)da(s).

Proposition 6.7 (Chain-rule) If F is a C' function and a is continuous of finite
variation, then F (a(t)) is also of finite variation and

Fla(t)) = F(a(0)) + /0 "F'(a(s))da(s).
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Proof. The statement is trivially true for F(x) = x. Now by Proposition 6.6, it is
straightforward to check that if the statement is true for F, then it is also true for
xF (x). Hence, by induction, the statement holds for all polynomials. To complete
the proof, approximate F € C' by a sequence of polynomials. ([l

Proposition 6.8 (Change of variables) Ifa is non-decreasing and right-continuous
then so is
c(s):=inf{t >0 :a(t) > s},

where inf@ = +oo. Let a(0) = 0. Then, for any Borel measurable function f >0
on R, we have

[ rwaae = [ sietspas

Proof. If f(u) = 1jg y|(u), then the claim becomes

a(v) :/ Li(s)<vyds = inf{s: c(s) > v},
0 <

and equality holds by definition of c¢. Take differences to get indicators of sets
(u, v]. The Monotone Class Theorem allows us to extend to functions of compact
support and then take increasing limits to obtain the formula in general. U

6.2 Processes of finite variation

Recall that a filtered probability space (Q,.7, (%), P) satisfying the usual condi-
tions is given.

Definition 6.9 An adapted right-continuous process A = (A, :t > 0) is called a
finite variation process (or a process of finite variation) if Ag =0 and t — A, is (a
function) of finite variation a.s..

Proposition 6.10 Let A be a finite variation process and K a progressively mea-
surable process s.t.

!
W20, Vo e 0, [ 1K (0)]lda (o) <=
0

Then ((K-A); :t > 0), defined as (K -A); (@) := [y Ky(@)dAs(®), is a finite varia-
tion process.

Proof. The right continuity is immediate from the deterministic theory, but we
need to check that (K -A), is adapted. For this we check that if # > 0 is fixed and
h:[0,t] x Q — R is measurable with respect to A([0,]) ® %, and if

[ s, @)llaas(@)] <=
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for every m € Q, then
t
/ h(s, 0)dA, (o)
0

is .%;-measurable.
Fix ¢ > 0. Consider first & defined by A(s, @) = 1(,,)(s)1r(®) for (u,v] C [0,7]
and I' € .%;. Then
(h-A), = 1r(A, — A,)

is #;-measurable. By the Monotone Class Theorem, (&-A), is .%#;-measurable for
any h = 1 with G € %(|[0,1]) ® .%,, or, more generally, any bounded %([0,7]) ®
F;-measurable function h. If h is a general %([0,7]) ® .#;-measurable function
satisfying

t
[ s 0)llda@) <= voen,
0

then / is a pointwise limit, 4 = lim,_,« /,,, of simple functions with || > |h,|. The
integrals [ h,(s, ®)dAs(®) converge by the Dominated Convergence Theorem, and
hence [;h(s,®)dA,(®) is also .F,-measurable (as a limit of .7,-measurable func-
tions). In particular, (K -A),(w) is .%,-measurable since by progressive measura-
bility, (s,®) — K,(®) on [0,¢] is #([0,]) ® .%;-measurable. O

It is worth recording that our integral can be obtained through the limiting
procedure that one might expect. Let f : [0,7] — R be continuous and 0 = ¢} <
1} <---<t, =T be asequence of partitions of [0, T] with mesh tending to zero.
Then

[ ondats) = im 3 ) o) —ate).

The proof is easy: let f, : [0,7] — R be defined by f,(s) = f(¢" ) if s € (] {,1]"],
1 <i< py,and f,(0) =0. Then

YA (@) ~ali) = [ fs)utas)

where u is the signed measure associated with a. The desired result now follows
by the Dominated Convergence Theorem.

In the argument above, f; took the value of f at the left endpoint of each inter-
val. In the finite variation case, we could equally have approximated by f,, taking
the value of f at the midpoint of the interval, or the right hand endpoint, or any
other point in between. However, we are going to extend our theory to processes
that do not have finite variation and then, even if f is continuous, it matters whether
[ takes the value of f at the left or right endpoint of the intervals.

The processes that make our theory work are slight generalisations of martin-
gales.
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6.3 Continuous local martingales

Definition 6.11 An adapted process (M; :t > 0) is called a continuous local mar-
tingale if My = 0, it has continuous trajectories a.s. and if there exists a non-
decreasing sequence of stopping times (T,),>1 such that T, 1 o a.s. and for each n,
M = (M, =t > 0) is a (uniformly integrable) martingale. We say (7,) reduces
M.

More generally, when we do not assume that My = 0, we say that M is a con-
tinuous local martingale if Ny = M, — My is a continuous local martingale.

Any martingale is a local martingale, but the converse is false.

Proposition 6.12 i. A non-negative continuous local martingale such that My €
L' is a supermartingale.

ii. A continuous local martingale M such that there exists a random variable
Z € L' with |M;| < Z for every t > 0 is a uniformly integrable martingale.

iii. If M is a continuous local martingale and My = 0 (or more generally My €
L), the sequence of stopping times

T, =inf{t > 0: |M;| > n}
reduces M.

iv. If M is a continuous local martingale, then for any stopping time p, the
stopped process MP is also a continuous local martingale.

Proof. (i) Write M; = My + N,. By definition, there exists a sequence 7,, of stopping
times that reduces N. Thus, if s <¢, for every n,

NY/\T,, = E[M/\T,, ’9}]
We can add M, to both sides (M is .%;-measurable and in L') and we find
MsAT,, = E[Mt/\Tn‘yS]'

Since M takes non-negative values, let n — oo and apply Fatou’s lemma for condi-
tional expectations to find
M > E[M,|.7]. (23)
Taking s = 0, E[M,] < E[My] < . So M, € L' for every ¢ > 0, and (23) says that
M is a supermartingale.
(ii) By the same argument,

Mint, = E[Mt/\T,Jysy

Since |M;1,| < Z, this time apply the Dominated Convergence Theorem to see that
M, 7, converges in L! (to M,) and My = E[M,|.7].
The other two statements are immediate. ]
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Theorem 6.13 A continuous local martingale M with My = 0 a.s., is a process of
finite variation if and only if M is indistinguishable from zero.

Proof. Assume M is a continuous local martingale and of finite variation. Let
t
T, =inf{t >0 : / |dM,| > n} =inf{r >0 : V(M), > n},
Jo

which are stopping times since V (M), = [; |dM,] is continuous and adapted.
Let N = M™%, which is bounded since

tAT, AT,
th| = |Mt/\'r,,‘ < ’/O dMu| S/O |dMu| <n,

and hence (N;) is a martingale.
Lett>0and 1 ={0 =1y <t; <tp <... <ty =t} be apartition of [0,]. Then

E[Ntz] = Z E[Nt?_Ntil} = Z E[(Nti _Nfi—l)z]
i=1
‘Nti _Nli—l |) ' Z‘Nh _Nti—l| }
) —
SV(N)t:V(M)mr,,Sn
<nE[ sup |N,—N,,|] >0 asd(m)—0

1<i<m(r)

i=1
<E {( sup

1<i<m(m

(where §(m) is the mesh of 7), by the Dominated Convergence Theorem (since
IN;, =N, ,| <V(N); < nand so nis a dominating function).
It then follows by Fatou’s Lemma that

E[Mt ] = E[}E;EOMIZ/\T,,] < Y}EI(}OE[MtZATn] =0

which implies that M, = 0 a.s., and so by continuity of paths, P[M, =0V > 0] = 1.
O

6.4 Quadratic variation of a continuous local martingale

If our martingales are going to be interesting, then they’re going to have unbounded
variation. But remember that we said that we’d use Brownian motion as a ba-
sic building block, and that while Brownian motion has infinite variation, it has
bounded quadratic variation, defined over [0, T] by

‘ N(m,) )

We are now going to see that the analogue of this process exists for any continuous
local martingale. Ultimately, we shall see that the quadratic variation is in some
sense a ‘clock’ for a local martingale, but that will be made more precise in the
very last result of the course.
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Theorem 6.14 Let M be a continuous local martingale. There exists a unique (up
to indistinguishability) non-decreasing, continuous adapted finite variation pro-
cess ((M,M), : t > 0), starting in zero, such that (M*> — (M, M), : t > 0) is a con-
tinuous local martingale.

Furthermore, for any T > 0 and any sequence of partitions m, = {0 =t} <
f<...<thg = T} with 8(7t,) = SUP| <j<p(m,) (' —1i1) = 0 asn — oo

n(m,)
(M, M)7 = lim 3" (Mg — My )?, (24)
1

—

1

where the limit is in probability.
The process (M,M) is called the quadratic variation of M, or simply the in-
creasing process of M, and is often denoted (M,M), = (M),.

Proof.[Sketch of the Proof (NOT EXAMINABLE)]
Uniqueness is a direct consequence of Theorem 6.13 since if A,A’ are two such
processes then (M2 —A—(M?—A )) = A — A’ is a local martingale starting in zero
and of finite variation, which implies A = A’ by Theorem 6.13.
The idea of existence is as follows. First suppose that M is bounded. Take
a sequence of partitions 0 =75 < --- <17, =T with mesh tending to zero. Then
check that ;
P
X = ZMt;QI (Mt{’/\t _Mt;il/\t)
i=1
is a (bounded) martingale. Now observe that
2 / 2
M — 22Xy = Y (M — My ).

()

A direct computation gives

lim E[(X"—X")?] =0,

n,m—sco
and by Doob’s L2-inequality

lim E[sup(X" —X")?] = 0.

nm—eo T

By passing to a subsequence, X* — Y almost surely on [0,7] where (Y;);<r is a
continuous process which inherits the martingale property from X.

J
2 n 2 . n
Mz_7 -2 " = Z{(Mt{’ _Mt,-",.) = QVI? (M)
i=
is non-decreasing along 77 : j < n(m,). Letting n — oo, M? — 2Y, is almost surely
non-decreasing and we set (M, M), = M? —2Y,.

42



To move to a general continuous local martingale, we consider a sequence of
stopped processes.
Details are in, for example, Le Gall’s book. ]

Our theory of integration is going to be an ‘L?-theory’. Let us introduce the
martingales with which we are going to work. We are going to think of them as
being defined up to indistinguishability - nothing changes if we change the pro-
cess on a null set. Think of this as analogous to considering Lebesgue integrable
functions as being defined ‘almost everywhere’.

Definition 6.15 Let H? be the space of L>-bounded cadlag martingales, i.e.

((:Z:),P)—martingales M s.t. supE[M?] < oo,
t>0

and H? the subspace consisting of continuous L*-bounded martingales. Finally, let
Hi={MecH?*:My=0as.}.

We note that the space H? is also sometimes denoted ..
It follows from Doob’s L?-inequality that

E [supM,z] <4supE[M}] < +oo, M € H.

t>0 t>0

Consequently, {M; : t > 0} is bounded by a square integrable random variable
(sup,~q |M;|) and in particular is uniformly integrable. It follows from the Optional
Stopping Theorem that M; = E[M..|.%;] for some square integrable random variable
M...

Conversely, we can start with a random variable ¥ € L?(Q,.%...,P) and define
a martingale M, := E[Y|.%,] € H? (and M.. = Y).

Two L?-bounded martingales M, M’ are indistinguishable if and only if M., =
M!, a.s. and so if we endow H with the norm

M|z == \/E[M2] = | M|l 20,75, M€, (25)

then H? can be identified with the familiar L?(Q,.%..,P) space.

Theorem 6.16 H? is a closed subspace of H>.

Proof. This is almost a matter of writing down definitions. Suppose that the se-
quence M" € H? converges in || - || to some M € H?. By Doob’s L2-inequality

E [sup M} —M,|2] <4|M"—M|3 — 0, asn— .
>0

Passing to a subsequence, we have sup,- |M"* — M;| — 0 a.s. and hence M has
continuous paths a.s.,which completes the proof. (]

For continuous local martingales, the norm in (25) can be re-expressed in terms
of the quadratic variation:
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Theorem 6.17 Let M be a continuous local martingale with My € L?.
i. TFAE

(a) M is a martingale, bounded in L?;
(b) E[(M,M).]] < oo

Furthermore, if these properties hold, M? — (M, M), is a uniformly integrable
martingale and, in particular, E[M2) = E[M] + E[(M,M)..).

ii. TFAE

(a) M is a martingale and M, € L? for everyt > 0;
(b) E[(M,M)] < e for everyt > 0.

Furthermore, if these properties hold, M? — (M, M), is a martingale.

Proof. The second statement will follow from the first on applying it to M, for
every choice of a > 0.
To prove the first set of equivalences, without loss of generality, suppose that
My = 0 (or replace M by M — M).
Suppose that M is a martingale, bounded in L?>. Doob’s L*-inequality implies
that for every 7 > 0,
E[ sup M?] < 4E[M3].

0<t<T

and so, letting T — oo,

E[supM?] < 4supE[M?] = C < o.
>0 t>0

Let S, = inf{r > 0: (M, M), > n}. Then the continuous local martingale M7, ; —

(M,M);,s, is dominated by sup,~,M?+n, which is integrable. By Proposition 6.12
this continuous local martingale is a uniformly integrable martingale and hence

E[(M. M)1ns,) = EIM}ss) < Elsup}] < C < oo
A

Let n and then ¢ tend to infinity and use the Monotone Convergence Theorem to
obtain E[(M,M).] < .

Conversely, assume that E[(M,M).] < eo. Set T,, = inf{r > 0 : [M;| > n}. Then
the continuous local martingale M7, — (M, M), 7, is dominated by n* + (M, M).,
which is integrable. From Proposition 6.12 again, this continuous local martingale
is a uniformly integrable martingale and hence for every ¢ > 0,

E[M} 7] =E[(M,M)in1,] <E[(M,M)o] = C' < . (26)

Let n — oo and use Fatou’s lemma to see that E[M?] < C' < oo, s0 (M;);>0 is
bounded in 2.
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We still have to check that (M), is a martingale. However, (26) shows that
(M1, )n>1 is uniformly integrable and so converges both almost surely and in L!
to M, for every t > 0. Recalling that M is a martingale, L' convergence allows us
to pass to the limit as n — oo in the martingale property, so M is a martingale.

Finally, if the two properties hold, then M? — (M, M) is dominated by sup,, M>+
(M, M).., which is integrable, and so Proposition 6.12 again says that M2 — (M, M)
is a uniformly integrable martingale. g

Our previous theorem immediately yields that for a martingale M with My = 0
we have
1M|[F = E[MZ] = E[(M)..].

We can also deduce a complement to Theorem 6.13.

Corollary 6.18 Let M be a continuous local martingale with My = 0. Then the
following are equivalent:

i. M is indistinguishable from zero,
ii. (M);=0forallt>0a.s.,
iii. M is a process of finite variation.

In other words, there is nothing ‘in between’ finite variation and finite quadratic
variation for this class of processes.

Proof. We already know that the first and third statements are equivalent. That
the first implies the second is trivial, so we must just show that the second implies
the first. We have (M)., = lim; ,.(M); = 0. From Theorem 6.17, M € H* and
E[MZ] = E[(M)w] = 0 and so M; = E[M..|.%,] = 0 almost surely. O

We can see that the quadratic variation of a martingale is telling us something
about how its variance increases with time. We also need an analogous quantity
for the ‘covariance’ between two martingales. This is most easily defined through
polarisation.

Definition 6.19 The quadratic co-variation between two continuous local martin-
gales M, N is defined by

1
It is often called the (angle) bracket process of M and N.

Proposition 6.20 For two continuous local martingales M, N

i. the process (M,N) is the unique finite variation process, zero in zero, such
that (M;N; — (M,N), : t > 0) is a continuous local martingale;

ii. the mapping M,N — (M,N) is bilinear and symmetric;
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iii. for any stopping time T,

(MT,NT>Z = <MT,N>t = (M,Nr>t = <M,N>1/\[7 t Z O, a.s.; (28)

iv. foranyt > 0 and a sequence of partitions m, of [0,t] with mesh converging
to zero
Z (Mti+1 7Mti)(Nti+l 7Nti) - <M,N>,, (29)

Len,

the convergence being in probability.

Proof. (i) (M +N)? — (M + N,M + N); is a continuous local martingale and by
adding and subtracting terms it is equal to

M?* — (M, M); +N* — (N,N);+2 (M:N; — %((M+N,M+N>z — (M,M); — (N,N),))

vV Ve
l.mat l.mat
hence also a l.mat

Uniqueness follows from Theorem 6.13.
(iv) Note that

(M, + N, — My — Ny)* — (M; — My)* — (N, — Ny)*> = 2(M, — M) (N, — Ny).

The asserted convergence then follows from Theorem 6.14

(ii) Both properties follow from (iv). Symmetry is obvious from the definition in
27).

(iii) Follows from (iv). g

Definition 6.21 Two continuous local martingales M, N, are said to be orthogonal
if (M,N)=0.
For example, if B and B are independent Brownian motions, then (B,B’) = 0.

Remark 6.22 It follows that if M and N are two martingales bounded in L* and
with MoNp = 0 a.s., then (M;N, — (M ,N);,t > 0) is a uniformly integrable martin-
gale. In particular, for any stopping time T,

]E[M‘L'N’L'] :E[<M7N>T]- (30)

Take M,N € H?, which we recall had the norm [|M||%, = E[(M,M)..] = E[MZ].
Then we see that this norm is consistent with the inner product on H? x H? given
by E[(M,N)«] = E[M.Nw] and, by the usual Cauchy-Schwarz inequality,

E[[(M,N)e|] = E[|MeNo|] < V/E[(M)]E[(N)].

Actually, it is easy to obtain an almost sure version of this inequality, using that

’Z (Mfi+1 _Mfi> (Nfi+1 _Nti)‘ < \/Z (Mli+1 _Mfi)z\/z (Nli+1 _Nti)z
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and taking limits to deduce that

[(M,N)e| < v/ (M)iv/ (N

It’s often convenient to have a more general version of this inequality.

Theorem 6.23 (Kunita-Watanabe inequality) Let M, N be continuous local mar-
tingales and K, H two measurable processes. Then for all 0 <t < oo,

t ' 12 /o 1/2
/ (| |K, || d (M, NY,| < ( / H3d<M>S> ( / Kszd(N>s> as. G
0 0 0

We omit the proof which approximates H, K by simple functions and then
essentially uses the Cauchy-Schwarz inequality for sums noted above.

6.5 Continuous semimartingales

Definition 6.24 A stochastic process X = (X, :t > 0) is called a continuous semi-
martingale if it can be written as

Xt:XQ+M[+At, IZO (32)

where M is a continuous local martingale, A is a continuous process of finite vari-
ation, and My = Ay =0 a.s..

The decomposition is unique (up to modification on a set of measure zero). It
should be remembered that there is a filtration (.%;) and a probability measure [P
implicit in our definition.

Proposition 6.25 A continuous semimartingale is of finite quadratic variation and
in the notation above (X,X) = (M,M).

Proof. Fix r > 0 and consider a sequence of partitions of [0,¢], m, = {0 =1y <1 <

... <tyn, =t} with mesh(m,,) — 0 as m — co. Then

Nm Nm Nm n

Z(Xfi _X[i—l )2 = Z(Mli _Mti—l )2 + Z(Ati _Ali—l)z +22m(Mti _MtH )(Ali _A[i—l) .

i=1 i=1 i=1 i=1
() (i) (ii)
It follows from the properties of M and A that, as m — oo,

(i) = (M,M);,

(ii) < sup |A,—A; ,|-Vi(A)—0 as.,
1<i<n,,

(iii) < sup |M; —M, ,|-V;(A) -0 as..
1<i<ny,

O

If X,Y are two continuous semimartingales, we can define their co-variation
(X,Y) via the polarisation formula that we used for martingales. If X, = Xo + M, +
A;and Y, =Yy + N, + A, then (X,Y); = (M,N),.
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7 Stochastic Integration

At the beginning of the course we argued that whereas classically differential equa-
tions take the form

dX(t) = a(t,X(t))dt,
in many settings, the dynamics of the physical quantity in which we are interested
may also have a random component and so perhaps takes the form

dXt = a(t,X[>dt + b(t,X[)dBt

We actually understand equations like this in the integral form:

! t
X[—X():/ a(s,Xs)ds—}—/ b(s,X;)dB;.
0 0

If a is nice enough, then the first term has a classical interpretation. It is the second
term, or rather a generalisation of it, that we want to make sense of now.

The first approach will be to mimic what we usually do for construction of the
Lebesgue integral, namely work out how to integrate simple functions and then
extend to general functions through passage to the limit. We’ll then provide a very
slick, but not at all intuitive, approach that nonetheless gives us some ‘quick wins’
in proving properties of the integral.

7.1 Stochastic integral w.r.t. L?>-bounded martingales

Remark on Notation: We are going to use the notation ¢ e M for the (Itd) stochas-
tic integral of ¢ with respect to M. This is not universally accepted notation; many
authors would write [j @,dM; for (¢ @ M),. Moreover, for emphasis, when the inte-
grator is stochastic, we have used ‘e’ in place of the ‘-’ that we used for the Stieltjes
integral.

We’re going to develop a theory of integration w.r.t. martingales in H?. Recall
that H% is the space of continuous martingales M, zero at zero, which are bounded
in L2. It is a Hilbert space with the inner product (M, N)y2 = E[M..N..] and induced

norm
M2 = \/E[MZ] = VE[(M)].

(In a very real sense we are identifying H> with L2.)
Define & to be the space of simple bounded process of the form

=Y 01, (1), t>0, (33)
i=0

forsomem eN, 0<ry <t <...<ty+ and where (p(i) are bounded .%#; -measurable
random variables. Define the stochastic integral ¢ e M of ¢ in (33) with respect to
M € H? via

m

(poM), := Z (P(i) (Mipgyy —Ming), t2>0. (34)
i=0
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If we write M! := Y (Mips;,, — Mipy;) then clearly M' c H? and so ¢ e M is a
martingale. Moreover, since for i # j the intervals (¢;,7;41] and (¢}, 1] are disjoint,
Mfo is a martingale and hence (M’, M/), = 0. Using the bilinearity of the bracket
process then yields

m ) m N2 t
(poM), = Z<M1>z = Z (fP(l)) (<M>ti+mt - <M>t,-At) :/0 (pfd(M)s, t>0.
i=0 i=0
(35)
We already used the notation that if K is progressively measurable and A is of finite
variation, then

(K-A),:/(:K,(a))dAS(a)), £>0.

In that notation
(poM) = (M).
More generally, for N € H?,

<§D°M7N>t = Z<Mi7N>t = Z‘P(i) (<M7N>ti+1/\t - <M=N>ti/\f)
i=0 i=0 (36)

:/Ot(psd<M,N>s=((P'<M,N>)z-

Proposition 7.1 Let M € H?. The mapping @ — ¢ e M is a linear map from & to
H(z). Moreover,

losmle == | [ giaon,). @

The proof is easy - we just need to show linearity. But given ¢, v € &, we use
a refinement of the partitions on which they are constant to write them as simple
functions with respect to the same partition and the result is trivial.

Remark 7.2 If we were considering left continuous martingales, then it would be
important that the processes in & are left continuous.

We are expecting an L2-theory - we have already found an expression for the ‘L>-
norm’ of ¢ e M. Let us define the appropriate spaces more carefully.

Definition 7.3 Given M € H? we denote by L?(M) the space of progressively mea-
surable processes K such that

KT =B | [ K000 <4 38)
L?>(M) is a Hilbert space, with inner product

HK—E [ /0 ) H,K,d(M}t] _E[(HK - (M)).].
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We have & C L?(M) and (35) tells us that the map & — H3 given by ¢ — @ e M
is a linear isometry. If we can show that the elementary functions are dense in
L?*(M), this observation will allow us to define integrals of functions from L?(M)
with respect to M via a limiting procedure.

Proposition 7.4 Let M € H?. Then & is a dense vector subspace of L*(M).

Proof. It is enough to show that if K € L?(M) is orthogonal to ¢ for all ¢ € &, then
K =0 (as an element of L?(M)). So suppose that (K, @)12m) =0forall g € &. Let
X =K-(M),ie. X, = [y K,d(M),. This is well defined and by Cauchy-Schwarz

E[|X,|] < E [/Ot |Ku\d<M>u] < %@ UO’Kgd<M>M} E(M), < 4o

since M € H? and K € L?(M) (we took one of the functions to be identically one
in Cauchy-Schwarz).

Taking ¢ = &1, € &, with 0 < s <t and § a bounded .7;-measurable r.v., we
have

0=< Keg v~ |£ [ Kidlhh| ~EEE (X -X.).

Since this holds for any .%;-measurable bounded &, we conclude that E[(X; —
X;)|-%;] = 0. In other words, X is a martingale. But X is also continuous and
of finite variation and hence X =0 a.s. Thus K =0 d(M) — a.e. a.s. and hence
K=0inL*(M). O

We now know that any K € L?(M) is a limit of simple processes ¢" — K. For
each ¢" we can define the stochastic integral ¢" ¢ M. The isometry property then
shows that ¢” e M converge in H> to some element that we denote K e M and which
does not depend on the choice of approximating sequence ¢".

Theorem 7.5 Let M € H%. The mapping ¢ — @ e M from & to H(2) defined in (34)
has a unique extension to a linear isometry from L*(M) to H} which we denote
K— KeM.

Remark 7.6 For K € L>(M), the martingale K @ M is called the 1td stochastic

integral of K with respect to M and is often written as (K e M), = [; K,dM,. The
isometry property may be then written as

([ o)

Notice that if B is standard Brownian motion and we calculate (B e B),, then

IK oM. =E

—| TR0, = KT @9

N(m)—1
(Bem) = fim Y. B, (B, —B,). (40)
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We also know already that the quadratic variation is

N(m)—1 N(m)—1

2
_ : _ 2 2
= lim Y (By—y) =B -B-2 3 By (BB,

and so rearranging we find

f 1 1
/OBsdBS:§<B,2—Bg—t) :§<B,2—t>.

This is not what one would have predicted from classical integration theory (the
extra term here comes from the quadratic variation).

Even more strangely, it matters that in (40) we took the left endpoint of the in-
terval for evaluating the integrand. On the problem sheet, you are asked to evaluate

B, +B,
li B, (B. —B,), d i ’7’“(B. —B,).
5(75202 e\ P TP ) A0 6(75202 2 L

Each gives a different answer.
We can more generally define

/OTf(BS) odB.— lim Z <f(Bt,-) +f(Bt,-+1)) <Bt.,~+1 —Bz_,>-

6(m)—0 2

This so-called Stratonovich integral has the advantage that from the point of view
of calculations, the rules of Newtonian calculus hold true. From a modelling per-
spective however, it can be the wrong choice. For example, suppose that we are
modelling the change in a population size over time and we use [t;,7;1]) to repre-
sent the (i+ 1)st generation. The change over (;,#;41) will be driven by the number
of adults, so the population size at the beginning of the interval.

7.2 Intrinsic characterisation of stochastic integrals using the quadratic
co-variation

We can also characterise the Itd integral in a slightly different way.

Theorem 7.7 Let M € H2. For any K € L?>(M) there exists a unique element in
H(z), denoted K e M, such that

(KeM,N)=K-(M,N), VN €H. (41)

Furthermore, ||K M|z = ||K|| 2 and the map
L’ (M)> K — KeM c H}

is a linear isometry.
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Proof. We first check uniqueness. Suppose that there are two such elements, X and
X'. Then
(X,N)—(X',N) = (X -X'N)=0, VN cH>.
Taking N = X — X’ we conclude, by Corollary 6.18, that X = X'.
Now let us verify (41) for the It6 integral.

Fix N € H?. First note that for K € L?>(M) the Kunita-Watanabe inequality
shows that

B | [ 1K1 | < 1K IV e <

and thus the variable

/Owst(M,N)S - <K~ <M,N>)

oo

is well defined and in L!.
If K is an elementary process, in the notation of (34) and (35),

(KeM,N) =Y (M',N)
i=0
and . .
<M17N>t = (p(l) (<M’N>ti+1/\f - <M7N>t,'/\t))
SO

(KeM,N), :Z‘P(i)<<M’N>"'“A’_ <M,N>W) = /Othd<M,N>S.

Now observe that the mapping X + (X, N).. is continuous from H? into L!. Indeed,
by Kunita-Watanabe

1/2 1/2
E[IN)]] SE[(X,X)a| E[(V,N)a| = V] 1X e
So if K" is a sequence in & such that K" — K in L2(M),
n—r n—so0

(K o M,N)w. = lim (K" e M,N).. = lim (K : <M,N>>°° - (K- (M,N))m,

where the convergence is in L' and the last equality is again a consequence of
Kunita-Watanabe by writing

| [ (k- kJar| | <[] 16 = Kl

We have thus obtained

(K o M,N)o = (K (M,N>) ,

oo
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but replacing N by the stopped martingale N’ in this identity also gives

(K o M,N), = (K- <M,N>>

t

which completes the proof of (41). O
We could write the relationship (41) as

. t
( /0 K,dM;,N), = /0 Kod(M,N);:

that is, the stochastic integral ‘commutes’ with the bracket. One important conse-
quence is that if M € H? and K € L?>(M), then applying (41) twice gives

(KoM,KoM)=K- (K- (M,M>> = K> (M,M).
In other words, the bracket process of [ K,dMj is [ K2d{M,M),. More generally,

for N another martingale and H € L*(N),

. . 1
( /0 H,dN,, /0 KodM,), — /0 H,K,d(M,N),.
Proposition 7.8 (Associativity of stochastic integration) Let H € L>(M). IfK is
progressive, then KH € L*(M) if and only if K € L>(H e M). In that case,
(KH)eM =Ke(HeoM).

(This is the analogue of what we already know for finite variation processes, where
K-(H-A)=(KH)-A.)
Proof.

EV Kfod(M,M)S} :EV K?d(HeM ,HeM)| ,
0 0

which gives the first assertion.
For the second, for N € H? we write
(KH)eM,N) = KH-{M,N)=K-(H-(M,N))
= K- (HeM,N)=(Ke(HeM),N),
and by uniqueness in (41) this implies
(KH)eM =Ke(HeM).
O

Recall that if M € H? and 7 is a stopping time, then M® = (M;,¢ > 0) denotes
the stopped process, which is itself a martingale and clearly M* € H?. For any
N € H? we have

(M*,N) = (M,N)" =111 - (M,N) = (1) ;) e M,N),
so by uniqueness in Theorem 7.7, 1jg ;j e M = M".

In fact a much more general property holds true.
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Proposition 7.9 (Stopped stochastic integrals) Let M € H, K ¢ L>(M) and t a
stopping time. Then

(KeM)"=KeM®=Kljy oM.

Proof. We already argued above that the result holds for K = 1.
Associativity says

KeM*=Ke (1 oM) =Kl oM.
Applying the same result to the martingale K e M we obtain
(K.M)T = 1[0,1} o(KeM)= 1[0,1]K°Ma

which gives the desired equalities. U

7.3 Extensions: stochastic integration with respect to continuous semi-
martingales

Definition 7.10 For a continuous local martingale M, denote by leac (M) the space
of progressively measurable processes K such that

t
V>0 / K2d(M); < 40 a.s.
0

Theorem 7.11 Let M be a continuous local martingale. For any K € L2 (M)

loc
there exists a unique continuous local martingale, zero in zero, denoted K e M and

called the Ito integral of K with respect to M, such that for any continuous local

martingale N
(KeM,N)=K-(M,N). (42)

IfM € H? and K € L>(M) then this definition coincides with the previous one.

Proof. We only sketch the proof. Not surprisingly, we use a stopping argument.
For every n > 1, set

t
T, :inf{t zo:/ (14+K2)d(M), zn},
0

so that T, is a sequence of stopping times that increases to infinity. Since (M™)., =
(M), < n, the stopped martingale M™ is in H2. Also

b Tn
/ de(MT",MT")S:/ K2d(M,M); < n,
0 0

so that K € L?(M™) and the definition of K e M™ makes sense. If m > n,

K.M‘Fn — (K.Mfm)fn
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so there is a unique process, that we denote K e M such that
(KeM)" =KeM™

and (K e M), = lim,_..(K @ M™), and so, since (K @ M™) is a martingale, the pro-
cess K e M is a continuous local martingale with reducing sequence 7,,.

If N is a continuous local martingale (and without loss of generality Ny = 0),
we consider a reducing sequence

T,=inf{t > 0:|N,| >n} andset p,:=71,A7%,.
Then NP € H(z) and hence

(K o M N)P =((K o M)t NP%) "= (K o ™) NPr) !

Thm 7.7

(K o M NP}
K- (% NPy B K (M NYPr = (K- (M,N))P

so that (K e M,N) = K- (M,N) as required. Uniqueness of K e M follows as in
Theorem 7.7. g

Naturally, we’re going to define an integral with respect to a continuous semi-
martingale X = Xy + M + A as a sum of integrals w.r.t. M and w.r.t. A.

Definition 7.12 We say that a progressively measurable process K is locally bounded
if
a.s.Vt >0 sup|K,| < +oo.
u<t

In particular, any adapted process with continuous sample paths is a locally bounded
progressively measurable process.

If K is progressively measurable and locally bounded, then for any finite vari-
ation process A, almost surely,

!
Vi >0, / IK,||dA;| < oo
0

2
loc

and, similarly, K € Li (M) for every continuous local martingale M.

Definition 7.13 Let X = Xo + M + A be a continuous semimartingale and K a
locally bounded process. The 1td stochastic integral of K with respect to X is the
continuous semimartingale K ¢ X defined by

KeX =KeM+K-A

often written
t t t
(KoX)t:/ stXS:/ stMs+/ K dA;.
0 0 0
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This integral inherits all the nice properties of the Stieltjes integral and the It6
integral that we have already derived (linearity, associativity, stopping etc.).
And of course, it is still the case for an elementary function ¢ € & that

(poX) = Z o) (Xti+1At —Xz,-m> .

=

We should also like to know how our integral behaves under limits.

Proposition 7.14 (Stochastic Dominated Convergence Theorem) Let X be a con-
tinuous semimartingale and K" a sequence of locally bounded processes with K' —
0 as n — oo a.s. for all t. Further suppose that |K]'| < K, for all n where K is a lo-
cally bounded process. Then K" ¢ X converges to zero in probability and, more
precisely,

vVt >0 sup

s<t

)
/ K;dX,,| — O in probability as n — .
0
Proof. We can treat the finite variation part, Xy + A, and the local martingale part,
M, separately. For the first, note that

t t 1
/K[}dAu :‘/ K{;dA;—/ K'dA,
0 0 0
t i 1 t
n n - n
< [ iiaag + [ kiida; = [ KA,

The a.s. pointwise convergence of K” to 0, together with the bound |K"| < K, allow
us to apply the (usual) Dominated Convergence Theorem to conclude that, for any
t >0, [y |K"||dA,| converges to 0 a.s. (in fact, as fj|K"||dA,| is non-decreasing in
t, the convergence is uniform on any compact interval).

For the continuous local martingale part M, let (1,,) be a reducing sequence
such that M™ € H3 and K € L?(M™). Then, by the It6 isometry,

T 2
< / Kt"th>
0

The right hand side tends to zero by the usual Dominated Convergence Theorem.
For a fixed t > 0, and any given € > 0, we may take m large enough that P[z,, <
t] < &/2. We then have

K" o b1 [} =E

=8| [ R P 10 0000, | = K"

P [sup(K"oMM > e] <IP>[ sup |(K"eM)y| > 8] +¢€/2

s<t o S<tA\Ty,
1
< ?HK”oMT'"HIQ{Z +e/2<e,

for n large enough. O

From this we can also confirm that even in their most general form our stochas-
tic integrals can be thought of as limits of integrals of simple functions.
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Proposition 7.15 Let X be a continuous semimartingale and K a left-continuous
locally bounded process. If m" is a sequence of partitions of [0,t] with mesh con-
verging to zero then

Z K. (X, — X1,) —>/ K dX; in probability as n — oo.

Len”

7.4 Ito’s formula and its applications

We already saw that the stochastic integral of Brownian motion with respect to
itself did not behave as we would expect from Newtonian calculus. So what are
the analogues of integration by parts and the chain rule for stochastic integrals?

Proposition 7.16 (Integration by parts) If X andY are two continuous semimartin-
gales then

! t
XY, = XoYo+ / X,dY, + / Y,dX, + (X,Y),, >0 a.s. (43)
0 0
= XYoo+ (XeY), +(YeX), + (X,Y),.

Proof. Fix ¢ and let 7" be a sequence of partitions of [0,7] with mesh converging to
zero. Note that

XY = XY = X, (Vi = ¥y) + Yo (X = X,) 4+ (X = X) (¥, = X)
so for any n

XYy — XoYo = Z (Xli(YliH - le) + Yt; (Xfi+1 _X[i) + (Xli+1 _sz)(yli+1 - le))

ten"

— (XeY),+(YeX), +(X,Y), asn—oco.

O
Theorem 7.17 (Itd’s formula) Let X', ..., X9 be continuous semimartingales and
F:RY— RaC? function. Then (F(X]',...,X?):t > 0) is a continuous semimartin-
gale and a.s. forallt > 0
1 d 1 d L [MOF dy\yi
F(Xt,...,Xt):F(XO,...,X0)+Z/ S (Koo X)ax;
(44)
a2F 5! i o
= XD AdX X
! 1<zzj:<d/ 8x’8x1 Ko XX
In particular, for d = 1, we have
F(X,) = F(Xo) +/ X,)dX, + 2/ F(X,)d(X),.
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Proof. Let X' = Xé + M’ 4 A" be the semimartingale decomposition of X’ and
denote by V' the total variation process of A’. Let

ti=inf{t >0 : |X/|+V/ + (M), > r},

and T, = min{t.,i = 1,...,d}. Then (7,),>0 is a family of stopping times with
T, 1 oo, It is sufficient to prove (44) up to time 7,. We will prove that the result holds
for polynomials and then the full result follows by approximating C? functions by

polynomials.
First note that it is obvious that the set of functions for which the formula holds
is a vector space containing the functions F = 1 and F(xy,...,x;) = x; for i < d.

We now check that if (44) holds for two functions F' and G, then it holds for
the product F'G. Integration by parts yields

! t
FG, — FyGo = / F,dG, + / G,dF, + (F,G),. (45)
0 0

By associativity of stochastic integration, and because (44) holds for G,

FdGs = / F(X Xm / d(x’ X]
/ lz‘j 1<lz]:<d 8x’8x1 & )

with a similar expression for fé G,dF;. Using the fact that (44) holds for F and G,
we also have

' JF; dG;

£ G ZZ/ 3 gt AKX s

i=1j=1

Substituting these into (45), we obtain 1t6’s formula for FG.

To pass to limits of sequences of polynomials, use the stochastic Dominated
Convergence Theorem (and the fact that everything is nicely bounded up to time
Ty). ]

As a first application of this, suppose that M is a continuous local martingale
and A is a process of finite variation. Then (M,A) = 0 and applying Itd’s formula
with X! = M and X2 = A yields

t OF t OF
F(M;,A,) = F(Mo,Ao) + / O (M, Ay)dM, + / T (M, A,)dA,
0 dm 0 aa

1 92F

+2 o

(M, Ag)d{M)s.
Note that this gives us the semimartingale decomposition of F (M;,A,) and we can,
for example, read off the conditions on F' under which we recover a local martin-
gale. In particular, taking F(x,y) = exp(Ax — %zy) with X! = M and X? = (M, M),
we obtain:
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Proposition 7.18 Let M be a continuous local martingale and A € R. Then

2
EMM),; = exp <7LMt - )L2<M>,> , >0, (46)

is a continuous local martingale. In fact the same holds true for any A € C with
the real and imaginary parts being local martingales.

Proof. Computing the partial derivatives and simplifying gives:
2 A "9 2
EM M), = E(M)o + /0 P (M, (M))aM,.

O

Note that we have %F (x,y) = AF(x,y) so that we could have written this as
t
EHM), = E* (Mo + 4 [ &*(),am,
0
or in ‘differential form’ as
d&* (M), = A& (M),dM,

which shows &* (M) solves the stochastic exponential differential equation driven
by M: dY, = AY,dM,.
Here is a beautiful application of exponential martingales:

Theorem 7.19 (Lévy’s characterisation of Brownian motion) Let M be a con-
tinuous local martingale starting at zero. Then M is a standard Brownian motion
if and only if (M), =t a.s. for all t > 0.

Proof. We know that the quadratic variation of a Brownian motion B is given by
Suppose M is a continuous local martingale starting in zero with (M), =1 a.s.
for all # > 0. Then, by Proposition 7.18,

g2
exp <i§Mt + 2t> , >0

is a local martingale for any £ € R and, since it is bounded, it is a martingale. Let
0 <s <t. We have

E [exp (i&M, + fz) ‘9 — exp <ie§Ms + é;s>

which we can rewrite as

E [eié(M,fMS) Z] =09, (47)
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In other words, M; — M, is centred Gaussian with with variance ¢ — s.
It follows also from (47) that for A € .%;,

E {1Aei5<M,—MS>} — PAJE {eii(szMs)} ,

so fixing A € .%; with P[A] > 0 and writing P4 = P[- N A]/P[A] (which is a proba-
bility measure on .%;) for the conditional probability given A, we have that M, — M
has the same distribution under P as under P4 and so M; — M; is independent of .%;
and we have that M is an (.%; )-Brownian motion. O

So the quadratic variation is capturing all the information about M. This is sur-
prising - recall that it is a special property of Gaussians that they are characterised
by their means and the variance-covariance matrix, but in general we need to know
much more. It turns out that what we just saw for Brownian motion has a powerful
consequence for all continuous local martingales - they are characterised by their
quadratic variation and, in fact, they are all time changes of Brownian motion.

Theorem 7.20 (Dambis, Dubins and Schwarz) Let M be an ((.#;),P))-continuous
local martingale with My = 0 and (M). = oo a.s. Let T, :=inf{t > 0: (M), > s}.
Then the process B defined by By := My, is an ((%1,),P)-Brownian motion and
M; = B(M),’ Vvt >0a.s.

Proof. Note that 7, is the first hitting time of an open set (s,o0) for an adapted
process (M) with continuous sample paths, and hence 7 is a stopping time (recall
that (.%;) is right-continuous). Further, (M). = oo a.s. implies that 7, < oo a.s.
The process (7, : s > 0) is non-decreasing and right-continuous (in fact s — 7, is
the right-continuous inverse of t — (M),). Let %, := .%;. Note that it satisfies
the usual conditions. The process B is right continuous by continuity of M and
right-continuity of 7. We have

limB, =limM;, = M;,_ .

ufs uts
But[,_, 7,] is either a point or an interval of constancy of (M). The latter are
known (exercise) to coincide a.s. with the intervals of constancy of M and hence
M, = M, = B, so that B has a.s. continuous paths. To conclude that B is a (¥;)-
Brownian motion, by Lévy’s theorem, it remains to show that (B) and (B2 — s) are
(%;)-local martingales.

Note that M® and (M )? — (M) are uniformly integrable martingales. Taking

0 <u < s < n and applying the Optional Stopping Theorem we obtain

E[B;|%.] = E[M"

Fr) = M;:' =M. =B,
and
u?

E[B; —s|9] =E[(M7)* — (M)Z|Fs,] = (M)’ = (M)7: = (My,)* — (M), = By~

u

60



where we used continuity of (M) to write (M), = u. It follows that B is indeed a
(% )-Brownian motion.

Finally, By, = Mz, = M, again since the intervals of constancy of M and of
(M) coincide a.s. so that s — T, is constant on [t, Ty, ]. O
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A The Monotone Class Lemma/ Dynkin’s 7 — A Theorem

There are multiple names used for this result (often with slightly different formu-
lations).
Let E be an arbitrary set and let &2 (E) be the set of all subsets of E.

Definition A.1 A subset # of P (E) is called a monotone class, or a Dynkin
system/ A-system, if

L. Ec;
ii. ifA,B€ # and A C B, then B\A € .

iii. if (An)n>0 is an increasing sequence of subsets of E such that A, € ., then
Un>04, € M.

The monotone class generated by an arbitrary subset € of #(E) is

(C) M.

=04 monontone classcc.n

Equivalently, .# is a montone class if
i. Ee A,
ii. ifA,B€ .# and A C B, then B\A € .4

iii. if (A,)n>0 is a sequence of subsets of E such that A;NA; =0 for i # j, then
Un>04, € M.

Definition A.2 A collection .# of subsets of E such that O € call and for all A,
Be 7,ANB € Y is called a w-system.

You may have seen the result expresed as:

Theorem A.3 (Dynkin’s 7 — A Theorem) If P is a m-system and D is a A-system
such that P C D, then 6(P) C o(D).

Le Gall’s (equivalent) formulation is:

Lemma A.4 (Monotone class lemma) [f ¢ C & (E) is stable under finite inter-
sections, then M = o (F).

In other words, a Dynkin system which is also a w-system is a G-algebra.
Here are some useful consequences:

i. Let .o/ be a o-field of E and let u, v be two probability measures on (E, <7).
Assume that there exists ¢ C .« which is stable under finite intersections
and such that 6(%¢) = </ and u(A) = v(A) for every A € €, then u = v.
(Use that ¥ = {A € o/ : u(A) = v(A)} is a montone class.)
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ii. Let (X;);e; be an arbitrary collection of random variables, and let ¢ be
a o-field on some probability space. In order to show that the o-fields
o(X;:i€ ) and ¢ are independent, it is enough to verify that (X; ,...,X; )
is independent of ¢ for any choice of the finite set {i,...,i,} C I. (Observe
that the class of all events that depend on a finite number of the X; is stable
under finite intersections and generates o (X;,i € I).)

iii. Let (X;)ic; be an arbitrary collection of random variables and let Z be a
bounded real variable. Let io € I. In order to verify that E[Z|X;,i € I| =
E[Z|X;,], it is enough to show that E[Z|X;,,X;, ... X; | = E[Z|X;,] for any
choice of the finite collection {ij,...i,} C I. (Observe that the class of all
events A such that E[14Z] = E[14E[Z|X;,]] is a monotone class.)

B Review of some basic probability

B.1 Convergence of random variables.
a) X, — X as. iff P{o :lim, . X,(0) =X ()} = 1.
b) X, — X in probability iff Ve > 0, lim,_..P{|X, —X|> €} =0.

¢) X, converges to X in distribution (denoted X,, = X) iff lim,,_,o. P{X,, < x} =
P{X < x} = Fx(x) for all x at which Fy is continuous.

Theorem B.1 a) implies b) implies c).
Proof. (b = c¢) Let € > 0. Then

P{X,<x}—-P{X<x+e} = P{X,<x,X>x+e}—P{X<x+¢X,>x}
P{|X,—X| > €}

A

and hence limsup P{X, < x} < P{X < x+ €}. Similarly, liminf P{X, < x} >
P{X < x—¢€}. Since € is arbitrary, the implication follows. O
B.2 Convergence in probability.

a) If X, — X in probability and ¥,, — Y in probability then aX,, +bY,, — aX +bY
in probability.

b) If 2:R — Ris continuous and X,, — X in probability then 2(X,,) - 2(X)
in probability.

¢) If X, — X in probability and X,, —Y¥,, — O in probability, then ¥, — X in
probability.

Remark B.2 (b) and (c) hold with convergence in probability replaced by con-
vergence in distribution; however (a) is not in general true for convergence in
distribution.
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B.3 Uniform Integrability

If X is an integrable random variable (that is E[|X|] < o) and A, is a sequence
of sets with P[A,] — 0, then E[|X1,,]] — 0 as n — oo. (This is a consequence
of the DCT since |X| dominates |[X14,| and |X14,| — Oa.s.) Uniform integrability
demands that this type of property holds uniformly for random variables from some
class.

Definition B.3 (Uniform Integrability) A class € of random variables is called
uniformly integrable if given € > O there exists K € (0,00) such that

E[|X‘1{\X|>K}] <€ forallX € 6.
There are two reasons why this definition is important:

i. Uniform integrability is necessary and sufficient for passing to the limit un-
der an expectation,

ii. it is often easy to verify in the context of martingale theory.

Property 1 should be sufficient to guarantee that uniform integrability is interesting,
but in fact uniform integrability is not often used in analysis where it is usually
simpler to use the MCT or the DCT. It is only taken seriously in probability and
that is because of 2.

Proposition B.4 Suppose that {Xy, a € I} is a uniformly integrable family of ran-
dom variables on some probability space (Q,.7 ,P). Then

i
supE[[Xq|] < ee,
a

ii.
P[|X«| > N] — 0 as N — oo, uniformly in o.

1il.
E[|Xa[1A] — 0 as P[A] — 0, uniformly in c.

Conversely, either 1 and 3 or 2 and 3 implies uniform integrability.

B.4 The Convergence Theorems

Theorem B.5 (Bounded Convergence Theorem) Suppose that X, = X and that
there exists a constant b such that P(|X,| < b) = 1. Then E[X,] — E[X].

Proof. Let {x;} be a partition of R such that Fy is continuous at each x;. Then

inp{xi <Xy <xip1} <E[X,) < ZXH—]P{xi <Xy <Xit1}
7 7
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and taking limits we have

Y xiP{xi <X <xip1} < lim, E[X)]
i
< limy e E[X] <Y xi P < X <xipa}
i

As max |x;;1 —x;| — 0, the left and right sides converge to E[X], as required. [J
Lemma B.6 Let X > 0 a.s. Then limy_,.. E[X AM] = E[X].

Proof. Check the result first for X having a discrete distribution and then extend to
general X by approximation. (]

Theorem B.7 (Monotone Convergence Theorem.) Suppose 0 < X, < X and X,, —
X in probability. Then lim,_,. E[X,| = E[X].

Proof. For M >0
E[X] > E[X,] > E[X, AM] — E[X AM]

where the convergence on the right follows from the bounded convergence theo-
rem. It follows that

E[X AM] <liminfE[X,| <limsupE[X,] < E[X]
n—oo

n—oo
and the result follows by Lemma B.6. O
Lemma B.8 (Fatou’s lemma.) If X, > 0 and X,, = X, then liminf E[X,,] > E[X].
Proof. Since E[X,] > E[X, A M| we have
liminfE[X,] > liminfE[X, AM] = E[X AM].

By the Monotone Convergence Theorem E[X A M] — E[X] and the result follows.
O

Theorem B.9 (Dominated Convergence Theorem) Assume X,, = X, Y, =Y,
Y,, and E[Y,] — E[Y]| < co. Then E[X,] — E[X].

Xl <

Proof. For simplicity, assume in addition that X,, +Y, = X +Y and ¥, — X, =
Y — X (otherwise consider subsequences along which (X,,Y,) = (X,Y)). Then
by Fatou’s lemma liminfE[X,, +Y,] > E[X + Y] and liminfE[Y, — X,,] > E[Y —
X|. From these observations liminf E[X,] + limE[Y,] > E[X]+ E[Y], and hence
liminfE[X,] > E[X]. Similarly liminfE[—X,] > E[—X] and limsup E[X,] < E[X]
O

Lemma B.10 (Markov’s inequality)
P{|X| > a} <E[X|]/a, a>0.

Proof. Note that |X| > al{|x|-.}. Taking expectations proves the desired inequality.
O
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B.S Information and independence.

Information obtained by observations of the outcome of a random experiment is
represented by a sub-c-algebra Z of the collection of events .%. If D € &, then
the oberver “knows” whether or not the outcome is in D.

An S-valued random variable Y is independent of a o-algebra & if

P({Y € BynD) = P{Y € B}P(D),VB € B(S),D € 2.
Two o-algebras 7, %, are independent if
P(D1 ﬂDz) = P(DI)P(Dz), VD € 9,,D> € 9.

Random variables X and Y are independent if 6(X) and o(Y) are independent, that
is, if
P{X €Bi}nN{Y € Bo}) =P{X € B }P{Y € By}.

B.6 Conditional expectation.

Interpretation of conditional expectation in ;.

Problem: Approximate X € L, using information represented by 2 such that the
mean square error is minimized, i.e., find the Z-measurable random variable Y that
minimizes E[(X —Y)?].

Solution: Suppose Y is a minimizer. For any € # 0 and any Z-measurable random
variable Z € L,

E[|X -YY <E[X -Y —€Z|?| = E[|X —Y|*] —2eE[Z(X —Y)] + €*E[Z?].
Hence 2¢E[Z(X —Y)] < €2E[Z?). Since ¢ is arbitrary, E[Z(X —Y)] = 0 and hence
E[ZX] = E[zY] (48)

for every Z-measurable Z with E[Z%] < oo. O

With (48) in mind, for an integrable random variable X, the conditional expec-
tation of X, denoted E[X|Z)], is the unique (up to changes on events of probability
zero) random variable Y satisfying

A) Y is Y-measurable.

B) [pXdP = [,YdP forallDe 2.

Note that Condition B is a special case of (48) with Z = Ip (where Ip denotes
the indicator function for the event D) and that Condition B implies that (48) holds
for all bounded Z-measurable random variables. Existence of conditional expec-
tations is a consequence of the Radon-Nikodym theorem.
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C Convergence of backwards discrete time supermartin-
gales

For a backwards supermartingale, Y, is .7Z,-measurable and form < n <0, E[Y,|.74,] <
Y,,. Notice that the o-field (.77;,),c_n gets ‘smaller and smaller’ as n — —eco.

If (Y,)ne—n is a backwards supermartingale and if the sequence (V;)qec_n is
bounded in L', then (Yy)ne—n converges almost surely and in L' as n — —oo.

D A very short primer in functional analysis

We start with a brief recall of basic notions of functional analysis leading to Hilbert
spaces and identification of their dual.

E Normed vector spaces

We start with basics. A vector space V over R is a set endowed with two binary op-
erations: addition and multiplication by a scalar, which satisfy the natural axioms.
We focus the discussion on real scalars as this is relevant for us but most of what
follows applies to spaces over complex numbers (or more general fields).

Definition E.1 A norm || -|| on a vector space V is a mapping from'V to [0,0) such
that

(i) foranyace R, veV,

av|| = |al||v|| (absolute homogeneity);
(ii) forany x,y €V, ||x+y|| < |[x||+ ||y|| (triangle inequality);
(iii) ||v|| = 0 if and only if v is the zero vector in'V (separates points).

Note that a norm induces a metric on V through d(x,y) = ||x —y|| and hence a
topology on V. A norm is then a continuous function from V to R. The space of
continuous linear functions plays a special role:

Definition E.2 Given a normed vector space over reals (V,|| - |lv), its dual V' is
the space of all continuous linear maps (functionals) from V to R. V' itself is a
vector space over R equipped with a norm

[9llv::= sup [@(v)].

veV |vllv<1

The classical examples of spaces to consider are spaces of sequences or of
functions. Let (., IF, ) be a measurable space endowed with a o-finite measure.
Then for a real valued measurable function f on . we can consider

= ([ ireoenian)”
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and let 7 (.7, FF, 1) be the space of such functions for which || f||, < co. Observe
that || - ||, is not yet a norm on .£? — indeed it fails to satisfy (iii) in Definition
E.1 since if f = 0 p-a.e. but is not zero, e.g. f = 14 for a measurable A € [ with
H(A) =0, then still || f||, = 0. We then say that || - ||, is a semi-norm on .Z7.

To remedy this, we consider the space L? (., [F, i) which is the quotient of .£’?
with respect to the equivalence relation f ~ g iff f = g u-a.e. Put differently, L is
the space of equivalence classes of functions equal p-a.e. and which are integrable
with p'* power. Then (L?(.,F, 1), || - ||,) is a normed vector space for p > 1. The
triangle inequality for || - ||, is simply the Minkowski inequality.

A more geometric notion of measuring the relation between vectors is given by
an inner product.

Definition E.3 Given a vector space V over R, a mapping < -,- >:V xV — R is
called an inner product if

(i) it is bilinear and symmetric: < ax+bz,y >=a < x,y > +b < z,y > and
<x,y>=<yx>fora,beR x,y,z€V;

(ii) foranyx €V, <x,x>>0;
(iii) < x,x >=0if and only if x is the zero vector in'V.

This notion is very familiar on V = R" where an inner product is given by

n
T
<xy>=x'y=)Y xy.
i=1

An inner product satisfies the Cauchy-Schwartz inequality

Proposition E.4 An inner product on a vector space satisfies

| <xy>|<V<xx>y<yy>, xyeV. (49)

Proof. Let ||x|| := /< x,x>, x € V. Fix x,y € V and define a quadratic function
QO:R—Rby

O(r) = Jx+ry> = DIPP +2 <x,y > r+[lx[?, reR
which clearly is non-negative and hence its discriminant has to be non-positive i.e.
4 <x,y > 2= 4|x|*[ly|* < O thatis | <x,y > | < [|x[| ]Iy,

as required. We note also that equality holds if and only if the vectors x,y are
linearly dependent i.e. x = ry for some r € R. g

The above implies that ||x|| := /< x,x > is anorm on V. We say that the norm
is induced by an inner product. Among spaces L? defined above only L? has norm
which is induced by an inner product, namely by

<fig>= [ S@gu(@. (50)
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F Banach spaces

We first define Cauchy sequences which embody the idea of a converging sequence
when we do not know the limiting element.

Definition F.1 A sequence (x,) of elements in a normed vector space (X,|| - ||) is
called a Cauchy sequence if for any € > 0 there exists N > 1 such that for all
n,m > N we have ||x, — x| < €.

Definition F.2 A normed vector space (X, || - ||) is complete if every Cauchy se-
quence converges to an element x € X. It is then called a Banach space. Further, if
the norm is induces by an inner product then (X, || -||) is called a Hilbert space.

Naturally, the Euclidean space R? is a Banach space (and in fact a Hilbert
space) with the norm ||x|| = /Y%, x?. This implies (reasoning for d = 1) that

Proposition F.3 If (X, | - ||x) is a normed vector space over R then its dual (X', || -
|lx) in Definition E.2 is a Banach space.

In many cases it is interesting to build linear functionals satisfying certain addi-
tional properties. This is often done using the Hahn-Banach theorem. It states in
particular that a continuous linear functional defined on a linear subspace Y of X
can be continuously extended to the whole of X without increasing its norm. A
version of this is also known as the separating hyperplane theorem since it allows
to separate two convex sets (one open) using an affine hyperplane.

An important step in studying continuous linear functionals on X is achieved
by describing the structure of X’. We have

Proposition F.4 Let (7,F, 1) be a measurable space with a o-finite measure.
Then for any p > 1, LP(,F,u) is a Banach space and for p > 1 its dual is
equivalent to (isometric to) the space LY(.7 ,F, ), where 1/p+1/q = 1.

In particular we see that L? is its own dual. This means that any continuous linear
functional on L? can be identified with an element in L2. This property remains
true for any Hilbert space:

Proposition F.5 Let (X, ||-||) be a Hilbert space with the norm induced by an inner
product, ||x|| = /< x,x>. If ¢ : X — R is a continuous linear map then there exists
an element xy € X such that

o(y) =<x,y>, VyeX.

In particular, if ¢ : L*>(.7,F,u) — R is a continuous linear map then there exists
an element f € L*(.7,F, ) such that

0(8)= | sWfe(0u(dn. VeeLX( S F ).
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Note that the inner product < x,y >, or the integral [ g(x)fs(x)u(dx), in the
above statement is well defined by (49)-(50).

On a (separable) Hilbert space, we can also state an infinite dimensional ana-
logue of the Pythagorean theorem. Recall that R" is a Hilbert space with inner
product < x,y >=Y"" | x;y;. This uses the canonical basis in R” but if we take any
orthonormal basis in R”, say (&j,...,&,), then

n n
x=) <x&>¢g andhence |lx||* = Y <xs& >2
i=1 i=1

which is the Pythagorean theorem. The same reasoning gives < x,y >= Y7 | <
X, & ><y,& >. The infinite dimensional version is known as the

Proposition F.6 (Parseval’s identity) Ler (X,| - ||) be a separable Hilbert space
with the norm induced by an inner product (x,y) —< x,y > and let (&, :n > 1) be
an orthonormal basis of X. Then for any x,y € X

<X,y >= Z < X,8 ><y,& >, and in particular ||x||* = Z <X,8 >%.
n>1 n>1

Finally we state one more result, which is crucial for the construction of the
stochastic integral.

Proposition E.7 Suppose (X, ||-||x) and (Y, || - ||y) are two Banach spaces, & C X
is a dense vector subspace in X and I : & — Y is a linear isometry, i.e. a linear map
which preserves the norm, ||1(x)|ly = ||x||x for all x € X. Then I may be extended
in an unique way to a linear isometry from X to'Y.

Proof. Take x € X and x, — x with x, € &. Then, by the isometry property, (I(x,))
is Cauchy in Y since (x,) is Cauchy in X. It follows that it converges to some
element which we denote I(x). Further, if we have two sequences in &, (x,) and
(yn), both converging to x € X and giving raise to potentially two elements /(x) and
I(x)’ then we can build a third sequence 22, = X,, Zon+1 = y» Which also converges
to x and we see that /(z,) has to converge and the limit has to agree with both 7(x)
and I(x)’, so that I(x) = I(x)’ is unique. It follows that we defined I(x) € Y uniquely
for all x € X. Further,

Gl = T [|7(xa) [y = Tim [, |x = [l

so that I is norm-preserving. Finally, if x,y € X then we can write them as limits
of sequences of elements in &, say (x,) and (y,) respectively. For any a,b € R,
ax, + by, € & since & is a vector space, and then by the above and linearity of 7 on
& we have

I(ax+by) = liznl(axn +by,) = li;n (al(xn) —|—bl(yn)> =al(x)+bl(y),

so that [ is linear on X as required. g
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