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Chapter 1

Probability Spaces, Measures, and
Random Variables

1.1 Probability Spaces as Measurable Spaces

The standard formulation of probability theory starts with a sample space 2. Events
correspond to subsets of this space. Logic dictates that if a subset A of 2 corresponds
to an event then its complement, A€ should also correspond to an event, namely the
non—occurrence of A. Similarly, if A and B are events then AU B and AN B should also
correspond to events. Families of sets are usually called classes and from the above it
should be clear that the class of all events events should be a field of sets.

Field: Let Q2 be a set and &7 a class of subsets of 2. &/ is a field if

Fl. Qe .
F2. A B € & implies that AUB € Q.
F3. A € of implies A° € &7

Note that in view of the above definition, if & is a field then ) = Q¢ € & and if A,
B, both belong to 2 then AN B = (A°U B°) € Q. Also, it follows by induction that
if A;, i =1,2,...,n belong in 7, then |J_, A; and ()_, A; also belong in & (ie. a
field is a class of subsets of € closed under finite unions and intersections). Note that the
set difference of two sets in o7, defined as A\ B := AB¢ and the symmetric difference
AN B:= AB°U A°B also belong to 7.

The above framework is the adequate for the simplest situations that arise in prob-



ability theory, namely those that deal with finite sample spaces. Consider for instance
the problem of casting a die. A natural choice of sample space in this case would be
Q = {wy,wq, w3, w4, ws,ws} where wy corresponds to the case where the face that lands
up is 1 etc. There are six ”"elementary events” in this case, {w;}, i = 1,2,...,6 and all
conceivable events are unions of these!. There are 26 = 64 possible events, including the
empty set (impossible event) and the whole space (certain event). For instance, the event
that the outcome is even is {ws, wy, wg}, while the event that the outcome is greater than
or equal to 5 is {ws, we}.

If the sample space has a finite or a countably infinite number of elements {w;, wo, ws, . ..}
it is possible to think in terms of elementary events {w;}. In the typical case however, when
the sample space is uncountably infinite, one begins with a field of subsets of 2. When 2
is not finite it is important to be able to extend the above considerations to sequences of
events. In particular we wish to ensure that countable intersections and unions of events
are again events and this leads us to extend the notion of the field to that of the o—field.

o—Field: Let S be a set and . a field of subsets of Q. .% is a o—field if it also satisfies
F4. If A;,i=1,2,3,... belong to .# then J;-, 4; € Z#.

Again we point out that (2, 4; = (U2, AS)° € .Z. Thus the countable union property,
together with closure under complementation and de Morgan’s laws, imply closure under
countable intersections as well and a o—field is closed under countable set operations.

The following propositions are direct consequences of the definition.

Proposition 1: Let .%;, i € I a family of o-fields on S, where [ is an index set. Then
the class . =), .%; is again a o-field.

Proposition 2: The class Z(S) := {A: A C S}, i.e. the set of all subsets of Q is a
o—field.

Let € a class of subsets of 2. The o-field it generates is the smallest o—field that
contains all its elements i.e. the intersection of all the o—fields that contain . We know
that the family of o—fields that contain % is not empty since it contains at least Z(S),
the power set of €.

Definition 1. Let 2 be a set and ¥ a o—field of subsets of Q. A probability measure
defined on (2,.% ) is a set function P :. % — [0,1] such that

(i) P =1,
(ii) P(A°)=1—P(A) forall A e 7,

!Note that the ”elementary events” are not the elements wi, wa,..., but the sets {wi}, {wa},....
Events are always subsets of (.



(iii) for all Ay, Ay, As, ... € F with A;NA; =0 we have P(U2,A;) =2, P(A;).

1.2 Sequences of Events

Let {A,} be a sequence of sets belonging to .. We say that this sequence is increasing
if A, C A, for all n and decreasing if A, O A, 1 for all n. The limit of a monotone
sequence of events is defined as lim,,_,, := [J ., A, for an increasing sequence {A,} and
lim,, oo := ﬂf;l A, for a decreasing sequence.

If {A,}n=12.. is an increasing sequence of events, we can write D,, = A, \ A,_1,
n=23,.. D1 = A;. Note that D, € % and D,(\D,, = 0 when m # n. Thus
U 1An = Uff:l B,, where the D,’s are disjoint and P(D,) = P(A,) — P(A,_1), n =

2,

“ﬁ8||

9

P(UAn):P(UDn):ZP(Dn) +ZP nl)

However, the last series is telescopic and has the value lim, P(A,) — P(A;). Thus
P(lim A,)) = lim P(A,)

for increasing sequences. The same can be shown for decreasing sequences, hence the
above equality holds for all monotonic sequences of events.

If { A, } is a sequence of events that is not monotonic, we define its superior and inferior
limits as

limsup A,, = ﬁ G A, liminf A,, = [j ﬁ A,

n=1m=n n=1m=n

The meaning of these two events can be understood as follows: w € limsup 4,, or w €
Mo, U _, A, means that w € (J-_ A, for all n which in turn means that for every
natural number n there exists another natural n’ > n such that w € A,,. In other
words, w € limsup,, A, if there exists a subsequence (ny) such that w € A, for every
k or equivalently if w belongs to infinitely many A,’s. We also point out that the sets

B, :=U>_, An, n=12, .. form a decreasing sequence.

Similarly, the sequence of sets C,, = ~_ A, is an increasing sequence of sets hence

liminf, A, = {J, C, = lim, C,,. Thus w € liminf A, or w € |J,_, C,, if there exists a
natural number n such that w € C,,, which in turn means that w € () °_ , i.e. that w
belongs to all the A,,, for m > n. Hence liminf,, A, is the set of w that belong to all but
a finite number of the A,’s.



Theorem 1. [Borel-Cantelli] Let {A,} be a sequence of events such that

iP(An) < 00 . (1.1)

Then, with probability 1, only a finite number of these events occurs.

Proof: Let 2 be the probability space and define

1 ifu}€<Ai
14,(w)=¢ 0 fw¢A

Also {w : a finite number of the A;’s occur} = {w : > 7 14,(w) < co}. Note however
that

i P(A,) =F i mathbfl,, (w)
n=1 n=1

and hence (1.1) implies that the rhs of the above equation is finite and hence that
> 14, (w) <oow.p. L [ )

An alternative proof of the Borel-Cantelli lemma (as it is widely known) goes as fol-
lows. The probability that infinitely many of the events A,, occur is precisely P(lim sup,, A,,)
in view of the above discussion. But limsup,, A,, = lim,, Uan Ay, hence

n n—00 n— 00
k>n k>n

P(limsup A,) = P(lim | J A¢) = lim P[] Ay) < lim }  P(4,) =0,
k=n

the last limit being zero since the series Y .- | P(Ay) converges by assumption.

The Borel-Cantelli lemma has the following partial converse in the case where the
events A, are independent.

Theorem 2. [Second Borel-Cantelli Lemma] If the events A,, n = 1,2,..., are
independent and )~ > | P(A,) = oo then the probability that infinitely many of the events
A, occuris 1, i.e. P(limsup, A,) = 1.

Proof: It suffices to show that lim,, P(Ug>,Ax) = 1 or equivalently that lim,, P ((Ug>,Ax)) =
0. Using de Morgan’s laws, (Ug>nAk)® = Mi>nAS hence (UpsnAr) C Nt AS for all
m > n. Thus

m m

P ((Ukznd)%) < P (i, A) = [T PA5) = T (1 = P(Ay)



where in the next to the last equality above we have used the independence of A,,. Using
the inequality 1 — x < e which is valid for all x € R we have

P ((UpsnAy)%) < e 2k=n P(AR) for all m > n. (1.2)

However, since the series Y, | P(A) diverges it follows that lim,, .o Y . P(A;) = 00
and hence, letting m — oo in (1.2) we obtain

P (UkznAk)%) = 0,

or equivalently
P (UpsnAx) =1,

whence
P(llmlann) = P(ﬂzozl Uan Ak) = lim P(UanAk) = 1.

n—oo

1.3 Random Variables, Expectation

The Borel o—field on the real line, denoted by Z(R), or simply 4, is the smallest o—field
that contains all open sets or, as we say the smallest o—field generated by the open sets. 1t
is easy to see that such a o—field must exist: Consider the family of all o-fields containing
the open sets. This family is of course not empty because it contains & (R) the set of all
subsets of real numbers, which is a o-field. The intersection of all these o-fields is %.

Proposition 1. & is also the o—field generated by

1) all open intervals (a,b), a,b € R,

2) all closed intervals [a,b], a,b € R,

3) all semi-infinite intervals of the form (—o0,a], a € R,
)

4) all semi-infinite intervals of the form (—o0,a), a € R.

If U, V, are two sets and f : U — V a function, then, for any B € V, its inverse image
under f is defined as f~!(B) :={x € U : f(z) € B}.

Proposition 2. If ] is a set of indices (not necessarily countable) and {B;;i € I} a family
of subsets of V' then

1) f7' (UierBi) = Uier fH(By)



2) [T (NierBs) = NierfH(Bs)
2) If f(U) =V then [~1(BY) = (f71(B))".

Definition 2. A function f : R — R is Borel measurable (often we will simply call them
measurable) if for all B € &, f~!(B) € 8.

Proposition 3. f: R — R is Borel measurable iff f~1(—oc0,z| € # for all x € R.

Definition 3. Suppose (2,.%, P) is a probability space. A function X : Q — R is called
a real random variable if, for all B € £, X }(B) := {w: X(w) € B}.

Definition 4. A random variable X :  — R is called simple if there exists n € N,
ai,...,a, € Rand Ay, ..., A, € .F such that X(w) =31 a;14,(w).

The expectation of a simple random variable X = Y"" | a;14, is defined as

1=1

The expectation of a non-negative random variable X is defined as

sup{EY :Y is a simple random variable and Y < X'}.

o—field generated by a random variable: If X : 2 — R is a real random variable,
the collection of sets ¢ — {X} := {X(B) : B € #} is a o-field contained in #. (A
sub-o—field of .Z.)

If ¢ is a sigma field and C .% then we say that ¢ is a sub-sigma field of .Z#. If Y is a
random variable such that Y!(B) € 4 for any B € ¢, we say that Y is 4-measurable.

The conditional expectation of a random variable X with respect to the sub-sigma
field ¢ is defined to be a ¢—measurable random variable Y for which

This conditional expectation is denoted by Y = E[Y|¥].

Basic Properties of Conditional Expectation:

1. 9 ={0,Q}, ie. if 4 is the trivial sigma field then E[X|¥] = EX.
2. E|[E[X|¥9]] = EX.



3. It 4 C % then E[X |9 | = E[E[X|%]|4]. (This is the so-called tower property of
conditional expectation.

4. If X €% then X = E[X|¥).
5. If Y € ¢ then E[XY|¥] = YE[X|¥].

We will sketch the proof of these properties. They all involve the use of the definition
(1.3).

1. Set Y = E[X|¥]. Since Y is measurable with respect to ¢ which is the trivial o
field. This necessarily means that Y is constant because, for any z € R, {w : Y(w) <
z} € {0,Q}, i.e. Y(w) = c for some ¢ € R and all w € Q. Thus, from the definition of
conditional expectation, E[X1q] = E[Y1g]. Hence, since E[X1g] = EX, and E[Y1q]| =
¢, the result follows.

2. Again, set Y = E[X|¥]. Apply (1.3) with G = Q € 4. Then E[Y1g] = E[X1g] or
LY = EX.

3. SetY):=E[X|4], Ys := E[X|%)] and Z := E[Y|%]. We need to show that Z =Y,
a.s. and to this end it is sufficient to show that

E[Z1,4] = E[X14] forany A€ . (1.4)
However
E[Z1,] = E[Y314] because Z = E[Y3|%] and A € 4 :
E[Y;14] = E[X14] because Yy = E[X|%)] and A € 4, since A € 4 C %. (1.6)

Hence (1.4) follows from (1.5) and (1.6).

4. Set Y := E[X|¥4]. We then have E[X1,] = E[Y14] or (by the linearity of the
expection) E[(X —Y)14] =0 for any A € 4. Since X € 4 and Y € ¢ by the definition
of the conditional expectation, the set Ay = {X —Y > %} € ¢ for any k € N. We thus
have

0=E[(X =Y)14] = -P(A)

ol

whence it follows that P(Ay) = 0. This however means that
P(X =Y >0) =P (U 4) < ) P(A) = 0.
k=1

By a similar argument we show that P(X —Y < 0) = 0 and hence X =Y a.s.



5. Set Z := E[X|¥]. We will first prove that F[Y X|¢] = YE[X|¥] when Y = 15 with
B € ¢%. To this end it suffices to show that
E[1.Y E[X|¥9]] ==FE[1.YX], forany A€ 9. (1.7)
When Y = 15 the above equation becomes
E[1ang E[X|¥9]] = E[14nsX]
which holds since ANB € ¢.

1.4 Convergence Concepts for Sequences of Random
Variables

Let {X,,} be a sequence of real random variables defined on a probability space (2, %, P).
Seeing that such a random variable is in fact a measurable function from € to R (we write
X :(Q,.7) — (R,A), where £ is the Borel o-field in R) we realize that the issue of
convergence of a sequence of random variables is the same as that of a sequence of real
functions defined on an measure space.

1.4.1 Convergence in Probability and Convergence with Prob-
ability 1

Definition 5. The sequence {X,} converges in probability to the random variable X if
Ve >0

lim P(|X, — X| > ¢) = 0. (1.8)

n—oo

(Note that (1.8) is shorthand for the statement lim,, o P ({w : | X,(w) — X(w)| > €}) =
0.) To signify that X, converges to 0 in probability we often write X, 0.

Equivalently we may say that, for every € > 0, § > 0, there exists ng such that
P(| X, — X| > ¢€) < ¢ for all n > ny.

Definition 6. The sequence {X,} converges to the random wvariable X with probability
1 if there ezists a set A such that P(A) =0 and for allw ¢ A, X,,(w) = X(w).

The above is pointwise convergence for all w not in A and is usually denoted as
X, — X w.p. 1 (with probability 1) or a.s. (almost surely). Equivalently we may
write P ({w : X,,(w) = X(w)}) =1 or simply P(X,, - X) = 1.



In order to understand the connection between the two modes of convergence we have
discussed so far let us examine closely the definition of a.s. convergence. The set on which
X,, converges pointwise, i.e. the set {w: X, (w) — X (w)} can be written as

{w : Ve > 0 Ing(w, €) such that | X,,(w) — X(w)| < € for all m > ng(€)}

or, equivalently,

U N{w: [Xn(w) = X(w)| < €}

e>0n=1m=n
Let Ac .= - (_ dw [ Xm(w) — X (w)] < €}. If ¢ < €, then A, C A, Also, nothing
is lost if we let ¢ = 1/k where k € N and we can thus say that the set on which X,
converges to X is the set

tim | () (@ X () = X()] < 1)

or, equivalently, limg_, limsup,, . {|X:» — X| < 1/k}. Convergence with probability 1
is equivalent to the condition

T}LIEOP (ﬁ {1 Xm — X| > e}) = 0. (1.9)

m=n

From the above discussion we see that X,, converges in probability to X if, for every e > 0,

lim P(|X, — X|>e¢)=0 (1.10)

n—0o0

whereas X, converges to 0 with probability 1 if, for every e > 0,

lim P(sup|X; — X| >¢€) =0. (1.11)

n—oo kzn
It should be clear from the above that convergence with probability 1 is stronger: it implies
convergence in probability, while convergence in probability does not imply convergence

w.p.1. Similarly, X, converges w.p.1 to X iff lim,, . P(supys,, |Xx—X| > €) = 0. Conver-
gence with probability 1 is also referred to as almost sure (abbreviated a.s.) convergence.

Before we move further, let us consider the following examples:

Example 1: Suppose that {X,;n € N} is a sequence of independent Bernoulli random
variables with P(X, =0) =1— 1, P(X, =1) = 1. It is easy to see that X,, converges
to 0 in probability. Indeed, for any ¢ > 0, P(|X,| > ¢) < £ — 0, and hence (1.10) is
satisfied. On the other hand we can see that X,, does not converge to 0 w.p.1. Indeed, if
e € (0,1), then

{sup | X;| > e} = | J{ X =1}
k=n k=n

10



and hence, by de Morgan’s rule

-1 —2m-—1 —1
_ 1_n n m m 1 n

n n+1“m—1 m m

This being true for all m > we may let m — oo to obtain

P(sup | Xy > €) > 1
k>n

which, of course implies P(sup;s,, |Xx| > €) = 1 for all n € N and, as a result, (1.11)
is not satisfied. Let us appraise this situation: If we make n large enough we can make
the probability P(X,, = 1) arbitrarily close to zero, i.e. we can, in the limit be sure that
X, = 0. However, since P (|J;—,{Xr = 1}) = 1 we can also be sure that, no mater how
large we take n to be, there will be another 1 in the sequence. Put differently, the total
number of 1’s in the sequence is infinite with probability 1.

Example 2: Suppose now that, in the previous example, P(X,, = 1) = % Again it is
easy to see that X, converges in probability to 0. This time we will also show that it
converges to 0 w.p.1. The same arguments as above apply.

P(sup | Xy| > €) = P(U{szl}) = TrlliL%OP(U{Xk:u)

k2n k=n k=n

- offe-n)

the second equality following from the continuity of probability measure and the third
from de Morgan’s laws.

P(Aoeen) - H(-4) - ()

k=n k=n k=n
_ (n=1n+1)n(n+2) (m—2)m(m—1)(m+1)
n? (n+1)2 (m—1)2 m?
_ (n—1)(m+1)
Hence
Plsup X > ) = 1 DALy mol

which (according to (1.11) establishes convergence w.p.1. Unlike example 1, here we see
that the total number of 1’s in the sequence is finite with probability 1.

There is however a case where convergence in probability implies convergence with
probability 1. Suppose that {Y,,} converges monotonically to Y in probability. To start

11



with the simplest case, assume that 0 < Y,,.; <Y, for all n and Yni>0. Because of
monotonicity
sup Y,, =Y,

m>n

hence
P(supY,, >¢)=P(Y, >¢€) =0

m>n

which implies that Y, — 0 w.p. 1.

The above result generalizes immediately to the case where either Y, ; <Y, for all n

or Y, 11 > Y, for all n and Yniﬂ/ by considering the sequence Y, = |Y,, — Y. Note that
in both cases Y,, is decreasing and by definition converges to zero in probability. Hence

lim P(sup |Y,, — Y| >¢€) = lim P(]Y,, - Y| >¢) =0.
n—oo

n—oo m>n

1.4.2 Convergence in the L? sense

Let {X,}, n = 1,2,..., be a sequence of real random variables such that F|X, |’ < oo
where p > 1. We say that X,, converges to X in L? (write X, RGN X) if

lim E|X, — X[ =0.

n—oo

The case p = 2 is of particular importance and L? convergence it is often referred to as
mean square (M.s.) convergence.

It is easy to see that convergence in LP implies convergence in probability. For this we
shall need the following basic inequality (known as the Markov inequality).

Theorem 3. Let ¢ : R™ — R™ an increasing function andY a real random variable such
that E¢(|Y]) < oo. Then, for any a > 0,

Eo(lY])

P(Y|>0) < =0

. (1.12)

A particular choice of the function ¢ that is often useful is ¢(x) = z? with p > 1 which
gives a bound on the tail of the distribution in terms of its moments.

Proof: It suffices to observe that

Eo (Y1)

Elo(YN1L(Y] < )] + E[p([YDL(Y] > a)]
Elo(YN1(Y] > )]
A EL(Y] > a)] = p(a)P([Y] > a)

AVARLY,

12



where in the above inequalities we have used the fact that ¢ takes nonnegative values and
that it is increasing. 'y

Hence, applying the above inequality with ¢(z) = 2 we obtain

E|X, — X|P
< ——mMm—,

= s

P(IX, — X| > ¢) (1.13)

If X, =5 X then the numerator on the right hand side of (1.13) goes to 0 as n — oo,
hence we have P(|X,, — X| > ¢€) = 0 as n — oo for any € > 0. Thus convergence in L?
implies convergence in probability.

The relationship between convergence in LP and a.s. convergence is more complicated.
Neither one implies the other, unless certain extra conditions are satisfied.

Finally, one important result which will be used in the sequel is the following.

Theorem 4. If a sequence of random variables {X,} converges to X in probability then
there exists a subsequence ny, such that X,, — X w.p. 1.

Proof: Since X, converges in probability to X, for every k there exists ny such that
P(|X,, — X|>27%) <27k

Call Ay the event {w : | X, (w) — X (w)| > 27%}. Since >_,2, P(Axr) < Y o0, 27% < o0
the Borel-Cantelli theorem assures us that, with probability one, only finitely many of
the Ay’s will occur, i.e. that with probability 1, | X, — X| < 27% for all k > ko(w). This
insures that

Z|Xnk—X\ <oo  w.p.l
k=1

since the tail of the series is dominated by the convergent series ) -, 27%_ Thus

lim sup [ X,,, — X| < lgggogklxnm - X|=0

k—00 >k

since the series converges. [

13



Chapter 2

Martingales in Discrete Time

2.1 Adapted and Predictable processes

On the probability space (2,.%, P) suppose that there has been defined an increasing
sequence of o—fields.%, such that .%,, C Z#,,; C Z for all n. The family {%,} is called
a filtration. In practice .%, represents the information available at (discrete) time n.

e The process {X,},>0 is adapted to {.#,} if for every n X,, is measurable with
respect to .%,,. We will write X,, € .%,.

e The process {X,},>0 is predictable with respect to {.%#,} if for every n X, is
measurable with respect to .%,,_1 or symbolically X, € .%, ;.

2.2 Stopping Times

Let T" be a nonnegative, integer valued, random variable. 7" is a stopping time w.r.t. the
filtration {.%,} iff the sequence of random variables 1(T"=n), n = 0,1,2, ..., is adapted
to {Z,}. In particular, note that if 7" is a stopping time then {1(7" < n)} is also an
adapted sequence, while {1(T" > n)} is a predictable sequence. To see this, write

k=n

(T <n)=)» 1(T=k)

k=0

and observe that 1(T = k) € F#, C %, for k < n. This establishes that 1(T < n) € Z,.
On the other hand 1(7" > n) = 1—1(T" < n—1) which, in view of the above is a predictable

sequemnce.

14



Proposition 4. If S, T, are %#,—stopping times then S + T, SV T, S ANT are also
Fn—stopping times.

Proof: To prove the first statement, note that

1(S+T:n):i1(S:k)1(T:n—k:)Eﬁn.

k=0

The second follows from 1(S VT < n) = 1(S < n)1(T < n), and the fact that both
1(S < n) and 1(S < n) are in .%, since T and S are stopping times. Finally 1(S AT >
n)=1(S >n)1(T > n). [ )

2.3 Martingales in Discrete Time

Theorem 5. A process {X,} is a martingale w.r.t. the filtration {%,} if

e X, is an adapted process, i.e. X, € F,,
o E|X,| <ooVn,
o F[X, 1| =X, Vn.

Example 1: Let {Y;} be independent random variables with E|Y;| < oo for all ¢ and
consider the filtration .%,, = 0 — {Y1,Ys,...,Y,}. (This is sometimes called the natural
filtration of the process.) Let EX; = p;. The process X, = Z?:lYi — i is an ,—
martingale.

Example 2: Using the setup of the previous example suppose that, for all i, 0? =
Var(V;) < oo. The process X, = (30, Vi — w:)* — Y21, 02 is an .%,-martingale.

i=1"1

Example 3: Using again the same setup we assume that Y; has distribution F; and
Fy(s) :== [ e **dF;(x) is finite for s in a neighborhood of 0. Then

6_5 Z?:l Y;

Xp = == ,
i:lE(S)

is an .#,—martingale.

Example 4: Let {Y,,} be a Discrete Time Markov Chain with state space . and tran-
sition probability matrix P(i,7). Also suppose that f : . — R be a real function.

Then
X,=Y ( Fh) -3 P(Yk_l,ﬁfm)

k=1 jes

15



is an .#,—martingale.

Example 5: [Right Regular Sequences and Induced Martingales for Markov
Chains]| Let {Y,,} be a Discrete Time Markov Chain with state space . and transition
probability matrix P(i,7). Let f:.% — R be bounded and satisfy

fi) = Z P(i,j)f(j), VieS.

Such sequences (right eigenvectors corresponding to eigenvalue 1) are called right regular
sequences. Then

Xn = f(Yn)
is a martingale.

Example 6: The above example is a special case of the following more general class of
martingales. Let f be a right eigenvector corresponding to an eigenvalue A of P, i.e.

M) =) P)fG) . Vies.
jes

Assuming that F|f(Y,)| < oo,
X, =A""f(Y,)

is a martingale.

Example 7: [Likelihood Ratios] Let {Y,,} be an i.i.d. sequence with density g. Let f
be another density function. Then the process

v = SO0 () f(Ya)
"og(Yo)g(1) - g(Ya)

is a martingale.

2.4 Submartingales, Supermartingales, and Martin-
gale Transforms

Theorem 6. {X,,} is a submartingale w.r.t. {%,} iff

a) X, € F,
b) E|X,| < oo Vn

C) E[Xn—i-llﬁn] Z Xn; vn.
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{X,} is a supermartingale w.r.t. {%,} iff it satisfies a) and b) above and

67) E[XnJrllyn] S Xn7 Vn.

2.4.1 Convexity and Jensen’s Inequality

A function ¢ : R — R is convex iff, for every A € (0, 1) and every z1, 25 € R
P(Az1 + (1 = A)za) < Ad(z1) + (1 — A)g(z2)

It can be shown that, ¢ is convex iff for every xy € R there exists 5 € R such that
d(xo) + Bx — x0) < @(2) for all z € R.

(This result, which is in fact true for convex functions in R" is known as the supporting
hyperplane theorem.) We are now ready to state the central result about convex functions
which we shall need here:

Jensen’s Inequality Let ¢ be a convex function and X a random variable with £X < oo.
Then

9(EX) < Bg(X). (2.1)
Proof: Apply the supporting hyperplane theorem with zo = EX to obtain
O(EX)+ Bz — EX) < ¢(x) for all z € R.

Hence
P(EX) + B(X — EX) < ¢(X)

and taking expectations in the above equation establishes (2.1) since E(X — EX) =0. &

Theorem 7. Let {X,} be a martingale and g a convexr function. Then {g(X,)} is a
submartingale, provided that E|g(X,)| < occ.

Examples: Suppose {X,,} is a martingale. Then {X2} and {(X,, —a)"} are submartin-
gales.

2.4.2 Martingale Transforms

Let {M,} be an .%#,—martingale and {C,,} an .%,—predictable process. Set AM, = M, —
Mn—17

X, = CoMy+ > CLAM; .
k=1
{X.,.} is a Martingale Transform. Tt is easy to see that martingale transforms are martin-
gales:

17



Proposition 5. Suppose |C,,| < K Vn, where K is a positive real number. Then {X,} is
a martingale.

Proof: We first show that F|X,| < oco:

E|X,| < E|Co|E|Mo|+ E|Cy|E|AM;|
k=1

< K <E\M0\ + Y E|M,| +E]Mk1|> <00

k=1

(E|My| < oo for all k since { My} is a martingale.)

Next, check that E[X,1|-%#,] = X,. Indeed,
X1 = X + Cppa (M1 — M)
and, taking expectations,
E[Xn1|F] = E[ X + Cpp1 (Mpy1 — My) [ ] = Xy + Co 1 E[My 1 — M| 7] = 0

The second equality following from the fact that X,,,C, 1 € %,, and the last from the
fact that M, is a martingale. [

2.5 Square—integrable martingales and orthogonality
of increments

Theorem 8. Let {X,} be an F,-martingale with EX? < oo. Then, for all integers
1<Jj<k<l,

E(X—Xp)(X;,—X;)=0. (2.2)
Furthermore .
EX.=EX;+ ) E(Xi—Xi)”. (2.3)
k=1

Proof: To establish (2.2) note that
El(X, — Xp)(X; — Xi)| %] = (X; — X)) E[X; — Xi|Zi] =0 .
To show (2.3) write X,, = Xo+ > ,_,(Xx — Xj_1). Then

n n n k-1

Xp=X0+2X0 ) (X —Xpm) + ) (X = Xim)® +2) ) (X — Xm1) (X — Xjoa).
k=1 k=1 k=2 j=1

Taking expectations and using (2.2) yields (2.3). [
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2.6 The Doob—Meyer Decomposition

Theorem 9. Let {X,,} be a process adapted to %,. Then there exists an F,—martingale
{M,} and an F,—predictable process {A,} with My =0, Ag = 0 such that

X, =X+ M,+ A, . (2.4)

This dgcomposition 15 essentially unique in that if X, = Xy + ]\an + fln Vn, M, = Mn,
A, = A, VYn (with probability 1).

If {X.,} is a submartingale then {A,} is a nondecreasing process, i.e. A,y > A, Vn
(w.p. 1).
Proof: If (2.4) is true then
Xn+1 - Xn = Mn+1 - Mn + An—i—l - An

hence

E[Xpi1 — Xp|F] = E[Mypy1 — M| F] + E[An — Anl )] -
Since {M,,} is a martingale, F[M, 1 — M,|-%#,] = 0. Since {A, } is predictable, E[A, 1 —
A Z] = Anir — A, Hence,

Set
Ay = ) E[Xy|Fi] — Xiy, (2.5)
k=1
M, = Y X;— E[X}| ). (2.6)
k=1

From (2.5) you can verify that {A,} is .#,—predictable, from (2.6) that {M,} is an 7,
martingale, and adding (2.5)+ (2.6) gives

M, + A, = X, + Xo.

Note that if {X,,} is a submartingale then it is .%,—adapted and therefore the Doob-Meyer
decomposition holds with A,,, M, given by (2.5), (2.6). From (2.5) it follows that

An+1 — An - E[Xn+1|¢gzn] - Xn 2 0,

since { X, } is a submartingale.

) To §how uniqueness, suppose we also have X, = Xy + Mn + /In. Then M, + A, =
M, + A, or ) .
M, — M, =A, — A, . (2.7)
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Taking conditional expectations we get
E[M,|F,1] — E[M,|F,_1] = E[A,|Fn1] — E[A,|F0 i)
However

E[M,|%,-1] = M,,_1(martingale)
E[A,|Z-1] = M,,_1(predictable)
(The same relations hold for M, and A,.) Therefore
My —M,_1=A4,— A, . (2.8)
From (2.7) and (2.8) we get
M,y — M,_ = M, — M, . (2.9)
(2.9) holds for all n and, by induction,
M, — M, =My~ M;=0.

From (2.7) it follows that )
A, —A,=0.

)

Example: An application of the Doob—Meyer decomposition Let {X,} be an
F,-martingale. Then {X?} is a submartingale and

X2=X2+ A, + M,

where M,, is a martingale and A,, is predictable and are given by the expressions

k=1
M, = ZXIE_E[XIayk—l]- (2.11)
k=1

2.6.1 Quadratic Variation of a Martingale

Let {X,} be an .Z,-martingale. Then {X?} is a submartingale which we can decompose
into a martingale and an increasing process. This increasing process is called the quadratic
variation of X, (X). We write

X2 =M, +(X),.

From the Doob—Meyer decomposition we have

(X}, = BX3 43 Bl(Xi — Xea|Fis]

k=1
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2.7 The Optional Sampling Theorem

2.7.1 Optional Sampling Theorem for Submartingales

Let {X,,} be a submartingale w.r.t. {%,} and S, T', be stopping times such that 0 < .S <
T < m (where m is a given integer). Then

EXs < EXr . (2.12)

Proof: Write XT = XO + (X1 — X()) + - F (XT - XT_1>, or

Xr=Xo+ Y (Xp— X 1T > k) .
k=1

Similarly,
Xs=Xo+ > (Xp— Xpa1(S > k).

k=1

Taking expectations we can write
EX7 =EXo+ Y E[E[(Xy — X4 L(T > k)| Fii]] -
k=1
Note that 1(T"> k) =1 — Z,’f:_ol 1(T = i) € F,_1 and hence

Since T'> S, 1(T > k) > 1(S > k). Also E[Xy — Xi_1|-Zk_1] > 0 ({X,.} is a submartin-
gale). Hence

LT > k)E[(X), — Xj_1|Fea] = 1(S > k) E[(Xs — Xp1|Fr1] -
From the above it follows that
Xo+ Y E[(Xy — Xprt (T > k)| Fpm] > Xo+ Y E[(Xp — X4t 1(S > k)| Fra] -
k=1 k=1

Taking expectations:

> F X0+ZE[(Xk—Xk—11(SZk) ;

k=1

E|Xo+ Y (Xp— X4y 1(T > k)
k=1

or
EXr > EXg.
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2.7.2 Doob’s Maximal Inequality

Let {X,,} be a nonnegative submartingale (i.e. X,, > 0 Vn). Then, YA > 0, Vn,

AP{max Xj > \} < EX,, . (2.13)

0<k<n
Proof: Define the stopping time T" as

T min{k : X > A} if maxocg<n Xp > A
1l n if maxo<p<n X < A

Notice that { X7 > A} = {maxg<x<, Xx > A} and therefore

P{XT > )\} = P{Org?gank > )\} .

However, from Markov’s inequality
AP{Xr >} < EXrp,
while from the Optional Sampling Theorem,
EXr <FEX,.

The conclusion of the theorem follows from the above. '

2.7.3 The Optional Sampling Theorem for Martingales

Let {X,} be a martingale w.r.t. {%,}. We know that EX,, = EX,. If T is a stopping
time, under what conditions is EXr = EX,? We start with

Lemma 1. Let {X,} be a martingale and T a stopping time w.r.t. {%,}. Then, for all
n >k,
E[X,1(T = k)] = E[X;:1(T = k)] .
Proof: Indeed
E[X,1(T = k)] = E[E[X, (T = k)|.%,]| = E[I(T = k)E[X|-Z,]] = E[1(T = k)X,
[ )

Lemma 2. With the assumptions of the previous lemma

E[X1n) = EXp .
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Proof: We can write Xrn, = Y4y X31(T = k) + X,,1(T > n) and taking expecta-
tions,

n—1

EXra] = Y E[Xel(T = k)] + E[X,1(T > n)]

= > EIX, LT = k)] + E[X,1(T > n)]

k=0
= E|X, (nz_:1(T:k)+1(Tzn)>]
= EXn:Ek):(OO.

Theorem 10. Let {X,,} be a martingale and T a stopping time w.r.t. {F,}. Suppose
that P(T < o0) =1 and E[supy, | Xrpk|] < 0o. Then EXy = EX,.

Proof: From the previous lemma we have EX7p, = FXy Vn. Since P(T < o0) =1,
lim, oo X7an = Xp. Finally, Xra, > supy | Xrak|- Use the Dominated Convergence
Theorem to conclude that

lim E[XT/\n] = E[ lim XT/\n] = EXT .

n—o0 n—oo

2.7.4 The Kolmogorov—Doob Inequality

Theorem 11. Let X,, be a square—integrable martingale (i.e. EX?* < oo for alln). Then

EX?
P(max |X;[ >¢) < —".
0<i<n €

Proof: Define the sets A, = {|X;| < €, i« <k}, By = Ap_1 N{|Xk| > €}. Then
Q=A,UU;_, Br and

EX? = iE[Xle(Bk)] + E[X21(A,)] > i E[X*1(By)]

We have however

E[X21(By)] = E[(X, — Xk + Xi)*1(By)]
= E[(X, — X3)’1(Bi)] + 2E[(X,, — X3)1(By)] + E[X;1(By)]
> E[X?1(By)] .
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Hence

n n n

EX2> iE[X,fl(Bk)] >y E1(By) = €E[Y_1(By)] =P By)

k=0 k=0 k=0 k=0

from which the conclusion of the theorem follows immediately.
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Chapter 3

Brownian Motion

3.1 Brownian Motion

A stochastic process {W;,t > 0} is called Standard Brownian Motion if it satisfies the
following three postulates

i) P(Wy=0) =1, i.e. the process starts with probability 1 from 0 at time 0.
ii) {Wy,t > 0} has continuous paths with probability 1.

iii) The increments are independent i.e. if 0 <t; <ty <--- <t then P(W;, — W,,_, €
Hii=1,2,...,k) =[], P(W,, = W,,_, € H;) for any (Borel) subsets H; of R.

iv) For 0 < s < t, W, — W is normally distributed with mean 0 and variance t — s:

P(W,—W, € H) = —o%/20-9) e

W=l X

From the above postulates it follows that the finite dimensional distributions of the
process W; are given by

P (W, € (x1, 21 +dxq),..., W, € (xp,x, +dxy)) = f(x1, 22, ... 205t b, ... ty)dey -+ - dy,
with

f([L‘l,...,l’n;tl,tQ,...,tn)

= 1 )
(2m)n/2 \/tl(t2 —ty) - (t tno1)
1 1 i rey,
et e 2
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where 27" denotes the transpose of x = (xy,...,7,) and

th Eth th . Emlv[/tn
YX=F]| : Wiy oo o, W) = ... EWtthj .. =[tA tj} P
th Ethth e Ethth ji=1,...,n

is the corresponding covariance matrix, i.e. the finite dimensional distributions of brow-
nian motion are normal. This means that brownian motion is a Gaussian process.

3.1.1 Properties of Standard Brownian Motion

1. Markov Property. Brownian motion is a Markov process with stationary transition
probabilities

P(x,A) = PWys€ AWy =12)=PWys— W€ A—z|Wy=12x)

= PW,eA—x)= o(u)du
A—zx

where A — z is the set {y —z:y € A} and ¢(u) = \/%e—u2/2.

2. Scaling Property. V¢ > 0 {y/cWy;t > 0} 4 {Wi;t > 0}. Indeed, \/cWy. has con-
tinuous paths, stationary and independent increments, and the correct distribution.

3. Symmetry. {—W;:t > 0} < {W,:t > 0}.

4. Time reversal. {tW;,;t > 0} 4 {Wi;t > 0},

3.2 Martingales associated with Brownian Motion

It is easy to see that standard brownian motion is a martingale. If we denote by .7, :=
o{W.;0 < u < s} the history of the process up to time s then

E[W,|.Z,] = W, + E[W, — W,|.Z,| = W,

the second term in the above equation vanishing as a result of the independent increments
property.

This property, together with the optional stopping theorem allows us to compute
probabilities of reaching boundaries. Suppose that Wy = x and let a < x < b. Set
7 =inf{t > 0: W, = a or b}. Then, by the optional stopping theorem we have

EW, =EW, =x.
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However W, = al(W, = a) + b1(W, = b, and if we denote by p, = P(W, = a) (and
similarly for p,) we have ap, + bp, = x which gives (since p, + p, = 1)

_b—x

Cb—a

Pa

Similarly, one can easily show that the process S; = W2 — t is also a martingale.
Indeed,

EW? —t|.Z] = E[W,—W)?+2W (W, — W,) + W2 — t|.Z,]
= E[(W, — W,)?|.Z, + 2W,E[W, — W,|.Z,| + W2 —t
= (t—s)+0+W2—t=W?—5s

With 7 defined as before let us use the optional sampling theorem again. This time we
obtain
EW? — Bt = a?

which gives

Paa’® + ppb® — ET = 2

or ) )
(b—a:)ab—l—(:v—a)b 2B
—a
from which we obtain
ET = ab.

An important martingale associated with brownian motion is the exponential martin-
gale. Suppose here that W, is BM (1, 0?). Then, if § is any real number

1
M, := W=t with ¢(0) = ub + 59202
is a martingale. Indeed,

EI:MA%S] — E[ee(Wt_WS)_q(G)(t_s)|ﬁS]MS g MS

the last equality following from the fact that Eef(Wi=Ws) = eub(i=s)+30%%(t=s)

We have thus seen that M; is a martingale for any choice of 6. If we set 6 = 6y = —i—‘g‘
we see that ¢(fy) = 0 and thus the exponential martingale becomes et We can use
this to compute p, and p, (defined as before) when p # 0. Indeed, in this case, from the
optional sampling theorem we have

BoWr1 _ oz
E[e"™" ] =e

or

pa690a +pb690b — 690:1:
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which gives

et 02 _q

p(l - e%(b—a) B 1‘.

The optional sampling theorem can also be used to obtain the Laplace transform of the
time until we hit the boundary. Here we will assume that 4 = 0, 0 = 1 which corresponds

to q(0) = %92, in order to simplify the algebra. We start with

E [GGWT —Tq(@)] _ 69:5.

or

- paE[GGWT—Tq(Q)H/I/T = a +pr[66WT—Tq(9)|WT -
= P E[e 1O |\W, = a] + ppe” E[e 1O |W, = b).

We seem to have the problem that this is one equation and we have two unknowns,
Ele=17|W, = a] and E[e~9®7|W, = b] but in fact we can get around this problem by
setting

s=q(0) = %02.

There are two solutions to this equation,

‘91 = \/%, and 02 = —\/g
Thus, if we set f,(s) = Ele *"; W, = a] and f,(s) = Ele™*"; W, = b], we have

eV = eI L (s) 4 VP fi ()
e B = B L(s) + e i(s).

From this system we can compute f,(s), f5(s) separately, and hence also Fe " = f,(s) +
fo(s). In fact, adding and subtracting the above equations we get

cosh(zv2s) = cosh(av/2s)fa(s) + cosh(bv/2s)
sinh(zv2s) = sinh(av/2s)f.(s) + sinh(bv/2s)

or, using the fact that sinh(a — ) = sinh a cosh 8 — cosh asinh 3, we obtain
fa(s) sinh(b — a)v/2s = sinh(b — 2)v/2s
fy(s)sinh(b — a)v/2s = sinh(z — a)V2s

We thus have

sinh ((z — a)v/2s) + sinh ((b — 2)v/2s)

F(5) = fa(s) + fols) = sinh (b — a)v/2s)
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and using the formulas sinh 2a = 2 sinh « cosh «, sinh a+sinh 8 = 2 cosh (BfTa) sinh (QTW)

we obtain
cosh ((”T“ — :c) \/2_3)
cosh (b_T“\/%)

Since we can take x = 0 without loss of generality, this formula simplifies as follows

cosh (b+a V2s )
cosh ( \/%)

In particular, when b = ¢ > 0, a = —/, then

f(s) =

f(s) =

1
cosh (f \/%)

fls) =

3.3 Total and Quadratic Variation

Let f be a real function. The total variation of f over an interval [a, b] is defined by the
limit

n—o0

n—1
Vf(a,b) = lim > |f(tks) = f(te)]
0
th=a+%0b—-a), k=0,1,...,n— 1.
Remark: If f is monotonic, V f(a,b) = |f(b) — f(a)|. To give another example, suppose

f is right continuous and there exist points (countably many at the most) 7;,i = 1,2, ...,
such that f is absolutely continuous on (7}, T;41) and has jumps of size J; at T;. In that

case
f(t) Ji+ [ f(u (3.1)
a<;<t /
and
fla,b) = /|f Ndu+ D ||

a<T;<b

The quadratic variation of f is defined as
n—1
Qf(a,0) = lim ¥ |f(trr1) — f(tn)?

Suppose [ is absolutely continuous, i.e. f(t) )+ fo u)du. Then, from the mean
value theorem,

n—1
Qf(a,b) = T}LIEO; ' (t ‘*’fk)‘Q%
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where &, € (0,1). If |f/(t)] < BVt € [a,0], 0 < Qf(a,b) <lim, 00 B> 4 g 5 = 0. If f
is as in (3.1 then

Qf(a7b>: Z Jz2

a<T;<t

3.3.1 Quadratic Variation of Brownian Sample Paths
Let W (t) be a standard Brownian motion. For every fixed ¢ > 0,
2m )
: gy (A=) —
lim ; Wkt -WELD] =t wp.l (3.2)

i.e. the quadratic variation of brownian paths is QW (0,¢) = t. (The equality holds both
with probability 1 and in the mean square sense.) One implication of this is that the total
variation of the paths is infinite

on
ILm Z (W (gt) - W(ER)| =00 wop.L.
k=1

This is a consequence of the inequality

2m 2n W(ﬁt)—W(ﬂt)]Q
L) — k=1 > k=1 [ o 5
; |W(2nt) W( on t ’ max;—i,. .. an ‘W(%t) _ W(k_—nlt)l

The numerator converges to t w.p.1 as n — oo while the denominator converges to zero
since W (t) is continuous (and hence uniformly continuous on bounded intervals) w.p. 1.

To show (3.2) (with convergence in the mean square sense) consider the sum

on on
Z [W(;t)—W(%t)r -t = Z(skzn
k=1 k=1
where
t

Spom = (W(Et) —W(E21) — — .

Note that Edy, =t27" —t27" = 0 and E¢; , = 3-27>"t* (fourth moment of a zero mean

normal random variable). It suffices to show that Ziil Ok 2%0. The independence of
brownian motion increments implies that

E <Z 5k,n> => El5,]=2"-3-2"" =320 asn— 0.
k=1

k=1
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Thus we have shown that (3.2) holds in the L? sense. We next show that it holds w.p. 1
as well. Fix e > 0 and let

2”
An={w > Okml > €}
k=1
Then, from Chebychev’s inequality

P(A,) < E(y iy 0kn)® _ 387

E2 E22n

and thus
n=1 n=1
Hence, for any given €, the Borel-Cantelli theorem implies that only finitely many of the

A, occur, i.e. that, for any e there exists n¢(€) such that n > ng(e) implies 37| 0pn < €.
This establishes convergence w.p. 1 in (3.2).

3.4 Gaussian Processes

A stochastic process {X;;t € R} is called a Gaussian process if, for every k and every

ty <ty < .-+ < ty, the distribution of (X, X4,,...,Xs,) is multidimensional Gauss. It
is clear that to define the joint distribution of (Xy,, X3,, ..., X}, ) it suffices to determine
the vector (m(ty), m(ts),..., m(ty)) and the covariance matrix
[ R(tit1) Rlti,ta) -+ R(tit) |
R(t27t1) R(t27t2) e R(tQatk‘)
: : : (3.3)
R(ty,t1) R(tg,t2) -+ R(tg, tr)

A Gaussian process with m(t) = 0 is called a centered Gaussian process. The stan-
dard Brownian motion is a centered Gaussian process with covariance function given by
R(t;, t;) = t; Ntj;. A Gaussian process for which m(t) = p for all ¢ and R(s,t) = r(|t — s|)
is called stationary since, in that case, (Xi,...,X;,) < (Xiyasy -5 Xy, 1) for all n,
t1,...,t,, s. The standard Brownian motion is not stationary. An example of such a
process is the stationary Ornstein-Uhlenbeck process with covariance function R(s,t) =

o2e~t=sl where a > 0.
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Chapter 4

Stochastic Integrals

4.1 L? spaces of random variables

4.1.1 A brief overview of linear spaces of random variables

Consider the family, L?, of all random variables on the probability space (§2,.%, P) that
have zero mean and finite second moment, i.e. for every X € L?, EX = 0, EX? < oo.
It is easy to see that this family is a linear space over R i.e. that it satisfies the axioms
of a real linear space. In fact, the only property that we need to check is that, if X, Y,
belongs to L? then X + Y belongs to L? as well. This however is a consequence of the
inequality || X +Y| < [| X+ ||Y|l. Thus, the finiteness of the second moment of X and Y’
implies that of their sum, X +Y. A norm is a function || - || : L? — R{ from the elements
of L? to the nonnegative reals that has the following properties

N1. (Nonnegativity) For all z € L?, ||z| > 0,
N2. |z|]| =0 iff z =0,
N3. |ax|| = |a| ||z|| for all z € L%, a € R.

N4. (Triangular inequality) ||z + y|| < ||z| + ||y||
An inner product is a function (-,-) : L? x L? — R such that

IP1.  (aX,Y) = (X,aY) = a(X,Y)
IP2. (X +Y,2)=(X,Z)+(Y,2)
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We define an inner product on L? via the relationship

(X)Y):= EXY (4.1)

A linear space on which an inner product has been defined is an inner product space. The
inner product induces a norm via the definition ||z|| = v/(z, x).
The elements x1, s, . .., x, of L? are linearly independent iff

a1y + aoxro + - -+ apx, =0

implies a; =0,2=1,2,...,n.

At this point it is customary to define the dimension of the linear space as the max-
imum number of linearly independent elements of the space. In the ordinary Euclidean
space R™ this dimension is of course n. However, since we are willing to assume that
our probability space (£2,.%#, P) is rich enough to support sequences of independent ran-
dom variables X;, we have to dispense with the requirement that our space has finite
dimension.

Note that two random variables that differ only on a set of measure 0 have to be
identified here: Indeed, if P(X =Y) = 1 then certainly F(X —Y)? = 0, hence | X - Y| =
0 which implies that X —Y = 0 according to (N2). Thus when we deal with random
variables in L? we have to think of them rather as equivalence classes.

A sequence of elements of L? {X,}, is said to converge to an element of X € L?* if
| X, — X|| = 0 as n — oo. Note that this is precisely L? convergence for the sequence of
random variables.

A sequence {X,} is Cauchy, if
| X — Xl =0 asn,m — oo. (4.2)

Clearly every convergent sequence is Cauchy since, if X,, — X then, using the triangular
inequality (N4) we have

[ Xn = Xl < [[ X0 = X[+ [[ X = X]|

and each of the two terms on the right side go to 0 as n and m go to infinity. On the
other hand, a Cauchy sequence is not necessarily convergent. While (4.2) guarantees that
the elements of the sequence approach each other more and more as m and n grow large,

there is no guarantee that the limit this sequence is approaching is actually an element
of L%

All Cauchy sequences are bounded, i.e. if { X, } is a Cauchy sequence then sup,, || X, || <
oo which means that there exists M > 0 such that EX? < M for all n € N.

The space L? is complete if every Cauchy sequence of elements of L? converges to an
element of L2
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Theorem 12. L? is complete.

Proof. We start with a Cauchy sequence X,, of elements of L?. According to the
definition we have to show that there exists a random variable X with EX? < oo such
that || X,, — X|| — 0 as n — co. Choose a subsequence n; such that ||X,, — X,|| < 273%/2
when m and n are greater than or equal to ng. This means that E(X,,,, — X,,)* < 27%.
Using Chebychev’s inequality we have

12()(nk+1 __)(nk)2

9—2k

<27k

P(|x

Nk41

— X, |>27%) <

Since - .
> P(|Xup — Xo | >27F) <> 27F < o0,
k=1 k=1

the Borel-Cantelli lemma insures that, with probability 1, only finitely many of the in-
equalities ‘Xnk . O ‘ > 27% are true. This is equivalent to saying that there exists some
ko (which may depend on w) such that, for all k& > ko, | X, ,, — Xnk‘ < 27%. Hence, w.p.
1 the series "2, | X,,_, — Xy, | converges (since it is dominated by a convergent series).
This in turn implies that the telescopic series Y o (X, ., — Xy, ) converges absolutely

Nk+1
and thus that lim;_,. X, =: X exists.

We next show that £X? < oo and hence that X is an element of L2. Fix k € N. Since

E(X,, — X,,)* <27% for all m > k, from Fatou’s lemma it follows that
Efliminf (X,, — X,,)°] <liminf E[(X,,, — X, )’ <27%*
m—0o0 m—oQ
and since lim,, ,o, X,,,, = X w.p.1 this can also be written as || X — X, ||> < 272" or

|X — X, || <2732, From the triangle inequality we then have
IXT) < 1 Xl + 2722 < 00

since X, € L?. This shows that X is also an element of L?.

Finally we have to show that || X, — X| — 0 when n — oo. Indeed, for any given
€, choose ny such that ||X,, — X|| < €/2 and N such that ||X,, — X,,,|| < €/2 whenever
m > N, n > N. Then, from the triangle inequality,

€

2

= €

€
16 = X < 1 X0 = X | + 11X, = X < 5 +
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4.2 Integration with respect to functions of bounded
variation

To understand the challenges involved in defining the stochastic integral we have to recall
first the definition of the ordinary integral. Historically, arriving at a satisfactory definition
was by no means a simple task and it has only been completed in the first two decades of
the twentieth century. Suppose that F is a function of bounded variation, f a continuous
function defined on a closed interval [a,b], and let t} := a + %(b —a),i=0,1,2,...,n.
Then the so—called Riemann—Stieltjes integral can be defined as

b n—1
[ ) =t Y e [P - )]

There is of course nothing special about the equally spaced partition we have used above
and in fact, one can show that any partition, a = ¢ < ¢} < .- < I < -+ < I =
b of the interval [a,b] will yield the same limit as n — oo, provided of course that
maxXo<i<n—1(tj, —t7) — 0 as n — oo.

Why do we require F' to be a function of bounded variation? The reason is that
functions of bounded variation correspond to signed measures. Any increasing function
F defines a measure on the real line via the relationship p(a,b] = F(b) — F(a). Think
of the measure p(a,b] of the interval (a,b] as the total mass of the interval. Since F is
increasing, the mass of any interval is nonnegative and if F' is absolutely continuous, i.e.
if F(x)— F(0) = [ F'(u)du, the derivative of F' correspond to the mass density.

Similarly, a function of bounded variation can be written as the difference of two
increasing functions Gt and G: F(x) = G*(x) — G~ (x). This representation is unique
(up to an arbitrary initial value, say G~ (—o00) = GT(—o0) = 0). Thus, if we can think
of increasing functions as mass distributions on the real line, we can think of bounded
variation as electrical charge distributions that can be positive in some places and negative
in others. In this case the signed measure p of the interval (a,b] is the total charge
of the interval (positive — negative) ie. p(a,b] = F(b) — F(a) = (GT(b) — G*(a)) —
(G7(b) — G (a)).

The real problem that presents itself when we try to define

t
/ FudW,
0

is that, since W; has paths of infinite total variation, they do not define a (signed) measure
the way a bounded variation function does, so it is not at all clear how to define the integral
and what its precise meaning would be.
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4.3 Definition of the Ito Integral

Denote by H? the set of all adapted processes on the filtered probability space (2, %, F, P)
satisfying

t
E/ Xids<oo  Vt>0.
0
(F = {#,} is the filtration and an adapted process is one for which X, € .%; for all t > 0.

A process X is simple if there exists a real sequence {tx}, tx — oo as k — oo and a
sequence of random variables {F;} such that Fy € %, for all k and

ZFk ]‘[tk tht1] (t).

Also define

S: The set of all simple adapted processes,
S?: The set of all simple adapted processes in H?,

L% The set of all random variables ¢ in (£2,.%, P) such that E(¢2)'/2? < oco.

Define a norm in H? by means of

t 1/2
1X| = (E/ ngs) :
0

Theorem 13. S? is dense in H? i.e. for all X € H? there exist simple processes {X,}
such that
| X, — X|| — 0, n — 0o

We will denote the stochastic integral which we are about to define by I,(X) :=
fg X dW,, t > 0. For simple processes this task is easy. We set

X)=> X, (Wi, — W) . (4.3)

The stochastic integral defined above has the following two important properties.

Proposition 6. For X € S?, EI(X) =0 and | [(X)] = || X].

Proof:

i
L

EI(X) = E [ E [th (Wtk+1 - Wtk)| gatk} }

B
Il
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However

E [th (Wtk+1 - I/Vtk)| ytk} = thE [Wtk-H - Wtk| ﬁtk] =0

whence we obtain FI(X) = 0. To show that the isometry ||[I(X)| = || X]| holds as well,
i.e. that EI(X)?* = Efot X2ds we first note that

n—2 n—1

n—1
PX) =Y X2 Wor, = W)™ + 23 Y XX, (Wi — W) (Wi, — Wey) -
k=0

§=0 k=j+1

Taking expectations on both sides of the above equation we will have to deal with two
types of terms.
2
E[thk (Wtk+1 - Wtk) ] (4'4)

and

ElXy, Xi, Wiy, = Wy,) W, — Wa )] (4.5)

Both expectations can be computed by conditioning appropriately. (4.4) becomes

J+1

E [ E [ka (Wi, —Wtk)Q‘ﬂtk] } _ E [kaE [(th _ mk)z)%k] }
= E[X] (ther —tw)] -

ty

To compute (4.5) note that j < k hence j + 1 < k and t;4; < t;, which implies that
i, € Fy,. Hence the expectation in (4.5) becomes
b [ b [ijth (Wtj+1

= E[X,X, (W

- Vth) (Wtk+1 o Wtk)‘ytk} ]
~ W) BE[(W,, — Wtk)l Zul] =0,

J+1

the last equation following since E [(W;,,, — W) ‘ Z,] = 0. Thus we have

n—1 n—1 3
EIX) =) E[X(tiy1 —t)] =E |> Xtk —ta)| = E / X2ds (4.6)
k=0 k=0 0
since X, is a simple process. [

Proposition 7. Suppose X € H?. There exists a random variable I(X) € L?, unique up
to a null set, such that I(X,) — I(X).

Proof: Let {X,} be a sequence in S? such that X,, — X. Then ||X,, — X,,|| = 0
(Cauchy sequence in H?). From the previous proposition

(X)) = LX) | = [ (X = X[ = | X = Xinf| = 0

Hence {I(X,,)} is a Cauchy sequence in L? and, in view of the completeness of L?, there
exists a random variable I(X) € L? such that I(X,) — I(X). We have thus been able
to define the stochastic integral I(X) for arbitrary integrants X; € H? (not necessarily
simple processes) by means of approximating them by sequences of simple processes. This
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definition however would not be satisfactory if the resulting limit /(X) depended on the
approximating sequence. In other words it is essential to establish uniqueness, i.e. to
show that any other sequence of simple processes would lead to the same result. Suppose
that {X/} is another S? sequence such that X/ — X. Then

X = Xoll < [[1Xn = X[+ [[ X = X[ =0

where we have used the triangle inequality and the fact that both X,, and X/, converge in
H? to X. However, using the linearity of the integral I(X) for simple functions and the
isometry |[I(Y)]| = ||Y|| we have established for any simple process we have

11(Xn) = LX) = [ (Xn — Xp) [ = [ X0 = X[ = 0

Thus,
11(X5) = IO < [H(X5) = I(X) |+ (X)) = I(X)| = 0.

This establishes the uniqueness of the stochastic integral (X)) since it shows that /(X)) —
I(X) in L?. Finally, in order to show that EI(X) = 0 and ||[I(X)| = || X note that,
for any sequence of random variables &, — & in L?, B¢, — E¢ and ||&.] — ||€]| as a
consequence of the Dominated Convergence Theorem. [

Note that, up to this point, we have defined the Ito integral of a process X in H? for
each t. We have not however defined I;(X) as a function of ¢, i.e. as a function of the
upper limit of integration. This will be done presently. Let us see first an example.

We will compute explicitly I,(W) = fot WdW,. Since W, € %; by assumption the
integrand is an adapted process. Also Efot W2ds = f(f EW? = f(f sds = t?/2 < oo, thus
W € H?. Fix t > 0 and consider the simple functions {X,,} defined by

X,(s) =W (tha™)  forse [ﬁ (’““)t>  k=0,1,2,....2"—1.

27L ) 27L

It is easy to see that {X,,} is a sequence of adapted processes in S%. Also

W—x,| - E/(W X, (s ))st:/o B(W, — X, (s))ds

2” 1 t/2" ) t/2n
- / W (th2 " + ) — W (th2 ™))’ ds = / sds
k=0 0
1/t t2
— .| —
2 (2) 2n+1
t

W — X,.|| = = —0

Thus

which implies I,(X,,) — I;(W).
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kt

Write for simplicity t = 7.

2" —1

[t(Xn> =

(]

W (te) W (ter1) — W(t)]

o
3
|

—

Il
N —

(W2 (teir) = W2(t)] — [W2 (ki) + W2(t) — 2W (8)W (t41)]

N

n—-1

[\]
al

= Y k)~ WA0)] — 3 3 W) — W)
= %Wz(t) - % Z_ (W (trer) — W (ts))?

However the last term in the above string of equations is the quadratic variation of the
brownian motion and it converges (in L?) to t:

2n—1

2
7 Witesr) = Wt = t
k=0
Consequently
/thW = 1W2— lt
A )

The above explicit computation can be repeated for other type of integrands. It is akin
to the evaluation of integrals in ordinary calculus via approximating sequences. In practice
stochastic integrals are most often evaluated via the Ito formula (which is essentially the
stochastic counterpart of the ”change-of-variables” formula of ordinary calculus).

4.4 The Ito Formula

Suppose that X,, Y, are adapted processes in H? and Z, is an Ito process, i.e. a process
expressed as

t t
Zy = Zo + / X, dW, + / Y,ds. (4.7)
0 0

The above is also often expressed in shorthand differential form (even though it only

makes symbolic sense) as

Theorem 14. [Ito formula] Suppose f : R — R is twice continuously differentiable
and Z is given by (4.7). Then

1z) = 1z + [ rExaw.+ [ s [ st
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In order to evaluate stochastic integrals of the form fot (W, )dWS we can apply the

above formula with X, = 1, Y; = 0 which gives Z, = W;, and F(t 0)+ fo
course, f must be contlnuously differentiable in order for F” to eX1st and be contlnuous
Then the Ito formula gives

F(W,) = F(0) + / PV, + / J(W,)ds (4.9)

For instance, suppose we wanted to evaluate fg WedWs. Take f(z) = %xQ and apply

the above formula to obtain
1 t 1 [t
—Wf:/ Wdeer—/ 1ds
2 0 2 Jo

which gives the result we had obtained in the previous section.

Similarly, to compute [ e"dWW, take f(x) = e to obtain

t 1 t
eVt =1 —I—/ eV dW, + —/ eVeds
0 2 Jo

t 1 t
/ Wde =Vt -1 — —/ eWsds.
0 2 Jo

Note that the integral appearing on the right hand side of the above equation is an
ordinary Riemann integral, in view of the continuity of the paths of Brownian motion
with probability 1.

whence we obtain

We now proceed to give the proof of (4.9).

Proof of (4.9) We shall establish this special case of the Ito formula under the additional

assumption that fot [f(Ws)]ds < co. The integral fo W,)dW s makes sense as an Ito
integral since the process f(W5) is adapted to .Z; and F fo W)dWy = fo Ws)lds <
0o. Then if we set t,in) = g—ﬁ for k =0,1,2,...,2" — 1 and we define an approxnnatlng

sequence of simple processes via

Xo(s) = fFW(E™))  whens e [t,ﬁ >,t§;‘+)1) k=1,2,...,2" 1.

In the sequel we shall suppress the dependence of t,gn) on n and write simply ¢;. The
simple processes X,, are obviously adapted and belong to S?, hence we can define their

Ito integrals as
on—1

= Z FW (te)) (W (thsr) — W(ty)) -
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Let us use now Taylor’s theorem for the function F' (remember that F’ = f) to obtain

F(W(tg1)) = F(W(tx)) = fFW () (W (tepr — W(tr)) + %f’(ﬁk)(W(tkH — W (ty))*

where & is between W (t;) and W (tx41). Thus
an_1

mm::ZF (th1) = F(W (1)) —

V)
3
|

—

F (&)W (bega — W (tg))?

k=0

N | —

2"1

= FW(@)—-F ——Zf& (tra1) — W (t))?

since the first sum is telescopic. It remains to examine the limit of the second sum as
n — oo. In fact we will show that it converges in L? to % fo f'(Wyg)ds. To simplify the
notation set

on—1

¢, = Zf &) (W (tegr) — W (te))?,

o = "(Ws)d
/0 (W )ds
on 1
Uy = Y (&)t — ).
k=0

To show that @niQ) we must establish that ||®,, —®|| — 0. Using the triangle inequality

Now we have

@0 — 2l = B (S350 6 (W () = W(00))° — (s — 1))
To ease the notation define
S = [(W (t1r) = W ()2 — (bacs — 2] (4.10)

We have used the same quantities before, namely when we were trying to compute the
quadratic variation of Brownian motion. There we had seen that

By, =t2"" and  E§;, =3t227". (4.11)
Thus
@0 — w2 = B (75" (60202, ) + 28 (05" 05 F(60) 5 (€)Fkndin)

At this point we note that the second expectation on the right hand side of the above
equation vanishes. Also, since f’ is continuous on [0,¢], and therefore bounded on this
interval, say by M, we obtain the inequality

on_1
@, — W |* < Y MES, <3727 M2" = 3°M2™" — 0,
k=0
the second inequality following from (4.11). This completes the proof. [
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4.5 A more general Ito formula

Often in applications the following, more general Ito formula is useful. Suppose that
we are given a function ' : R? — R continuously differentiable with respect of its first
argument, ¢, and twice continuously differentiable with respect to its second argument, z.
If, as before, Z; is an Ito process, i.e.

dZt = Xtth "‘ }/tdt,

then the following change of variables holds

oF oF 190°F
dF(t,Z,) = Edt + gdZt 55 (dZ,)?
OF OF 10°F _, OF
= (E et ant) dt + 5, XedWe (4.12)

In integral form this can be written as

tOF OF 10%F tOF
F(t,Z) — F(0. Zy) = Y. +-——X2%)d — X, dW.,.

4.6 Multidimensional version of Ito’ s formula

Suppose f : R™ — R is a twice continuously differentiable function and X; and Ito process

described by the equation
dXt = Utdt + Utth

where

1 1,12 1m 1

m
' uy . vptovpt e vy . 1%
U = . ) Vg = . . . ) Wt =
u” ,Unl ,Un2 e nm Wwm

t t t t t

It is assumed that the processes u!, v, are adapted and that W/, i = 1,2,...,m are

independent standard brownian motions. The Ito formula is written symbolically as

df (X;) = VfdX, + %dXtT HdX, (4.13)
where
Dy f(Xy) Diaf(Xy) -+ Dinf(Xy)
oo Do f(Xy) Daf(Xy) -+ Do f(Xe)
Dnlf(Xt) Dn?f(Xt) T Dnnf<Xt)
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We thus have

t Vg

dX/HdX, = dW/VTHVAW, =) > )" i AW V.Y Hjp, Vigd W}

where in the above string of equalities we have taken into account that
AW AW} = §y;dt.

(045, called Kronecker’s delta, is defined to be equal to 1 if ¢ = j and zero otherwise.) We
can thus write (4.13) in more detailed form as

df(X)) = Y Dif(Xujdt+)  Dif(X,) Y v/dW/

+% (ZZZU?iDjkf(Xt)vfi> (4.14)

i=1 j=1 k=1
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Chapter 5

Hermite Polynomials, Brownian
Motion, and Gaussian Spaces

Let {W;;t > 0} be standard Brownian motion. For § € R define the process
Uy(0) = 3%t >0 (5.1)
Show that {U();t > 0} is a martingale.

The nth derivative of U;(#) with respect to 6 evaluated at 6 = 0 is also a martingale.
(Provide a proof or accept it as given and continue.) What are the martingales obtained
in this fashion for n = 1,2, 3,47

The Hermite polynomials are defined as follows:

m
%xQd 1.2

hn(z) == (=1)"e e -

e 2", n=20,1,2,3,.... (5.2)
(There are slightly different definitions in other areas, notably in Physics. This is the
standard definition in Probability.) From this definition we see that the first few Hermite
polynomials are

ho(z) 1

hi(z) = =z

ho(z) = 2°—1

hs(r) = 2°—3z

hy(z) = 2*—62%+3.
fa—162

Consider the expression e”*~2%" as a function of # € R.
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37 The following Taylor expansion is valid:

Consider the analytic function f(x) :=e

or, equivalently

— n! dx
which gives
oo
Ox 102 (9” n 1I2 dn _le
e —(—=1)"e?" ——e"2
Z n! (=1) dzm
n=0
or, equivalently,
o0
0z—16? "
et = — I (). (5.3)
“—~ nl

This last expression provides the generating function for the Hermite polynomials.

Consider now the related expansion

o— 1102 .
fr= a3t :ZHH”(x’t)' (5.4)

n=0

d" _Oz—1t02
e 2

. Setting A = 0v/t, y = x/+/t we have :100—%9275 =
0

Here of course H,(z,t) := ‘
0=

yA — 3A? and thus

1,92 1,2 =\ = o
P ST () = D V)

n!

Comparing with (5.4) we obtain

H,(z,t) = "2, (z/ V7). (5.5)

Now, suppose that X, Y are jointly normal random variables with mean zero, variance
1, and covariance p. Their moment generating function is given by

192 1,2
E69X+77Y — 620 +pnb+35n . (56)

The above is equivalent to writing

E[GGX—§02677Y—§7]2] _ 6p779
B 20 S L] = 23 S Elh, ()b ()] = et = 30 T
" nl " N nlm!™ " " c n!
n=0 n=0 n=0 m=0 n=0



Since the above must hold for all § and 1 we conclude that

_fonlpt it n=m
Bl (X)) = { " h o 57
In particular, when Y = X, p = 1 and the above relationship becomes
L4 g = nll(n = m) (5.8)
e 2" dr =nll(n=m). .
V2T

The normalized Hermite polynomials are defined as hy,(z) := \/Lmhn(x) and form an or-
thonormal sequence. '

Emwmwmzémmmw

Referring back to (5.1) we have
o0 n [e.e] 971» .
Ui(6) = 2% —H (Wi t) = Y —t"2h (W) V)
For instance,

Hy(Wy, t) = 2 (— —6—L + 3) = W} — 6W2t + 3t.

We have seen that, according to the Ito rule, for any twice continuously differentiable
function f,
t a t 8 1 t 82
Wi, t) = £(0,0 — f(Ws, s)dW —f(Ws,8)ds + = | —=f(Ws,s)ds.
POV ) = F0.0)+ [ SorVsjaW,+ [ Spovsis+ 5 [ 25w s

Applying the above formula to the function f(x,t) = 69%%9%’ where 6 is a given real

parameter, we obtain

t t t
Wimgtt 1~|—/ 969W5_5925dW5+/ (—%92)69%_592%3%—%/ G220 g
0 0 0

t
— 1+9/ W20 gy
0
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Chapter 6

Stochastic Differential Equations

6.1 Introduction

The evolution of many physical systems can be described by means of equations that
relate the rate of change of a quantity to the quantity itself, and perhaps other variables.
For instance, if N(f) denotes the size of a given population at time ¢ and if we assume
that the rate of change (births minus deaths) of the population depends only on the
size of the population and time, and that the functional dependence is described by a
known function, f(N(t),t), then the evolution of size of the population in question may
be described by means of the differential equation
dN(t
% = f(N(t),t), N(0) known initial value. (6.1)
Let us consider a concrete example, known as the Verhulst model of population growth.
This model assumes that f(N) := rN(C' — N) where r > 0 is a measure of the innate
ability of the population to grow, while C' > 0 is the environments carrying capacity.
When the size of a population exceeds this limit the population rate of growth becomes
negative. Thus we have the differential equation
dN(t
%:NV(C—N)7 N(0) = Ny (6.2)
(where Ny is the known initial value of the population size). This differential equation is
of the separable variables type, i.e. we may write
dN dN dN

NCo-—N M N TECw

= rCdt (6.3)

(where we have expanded in partial fractions). Integrating, we obtain

log N —log(C — N) = Ko+ rCt
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where K is an integration constant. This gives

N
C — N — 6K067'Ct
and setting K = ef0 > 0 we obtain
KC
N(t) = ———.
( ) K+ e—rCt

The value of K is determined by the requirement that N(0) = [I((—fl = Ny. Substituting,

we obtain the expression for the evolution of the population size as a function of time.

Mo t>0. (6.4)

N(t) = Ny + (C — N(])e—C’/‘t? =

Let us now consider a first, stochastic version of (6.2). Suppose that the growth
parameter 7 is no longer constant, but instead, a stochastic process r(t,w) taking non-
negative values with probability 1. Furthermore, assume that the initial population size is
a random variable Ny(w) with known distribution. (We may assume Ny and {r(¢);¢ > 0}
to be independent but this is not required by the arguments we will use.) Thus (6.2)
becomes

dN(t)
dt
(We include the usually omitted argument w to emphasize the stochastic nature of this
differential equation.) Provided that the process {r(t);t > 0} has with probability 1
integrable sample paths we can integrate (6.3) and obtain

= r(t,w)N(C' = N), N(0) = Np(w) (6.5)

N() (LU)C
No(w) + (€ = No(w))e @ Jo riwwies’

N(t,w) = t>0. (6.6)

The statistics of the process {N(¢);t > 0} can in principle be computed from those of
{r(t)}, No and (6.5). Such equations as (6.5) are usually called random differential equa-
tions. Their solution is obtained pathwise (for each w) by applying the usual techniques
of the theory of ordinary differential equations. No new concepts are necessary for their
study.

A different type of differential equation subject to random disturbances is an equation
of the form
dX; = f(Xy)dt + dW; (6.7)

where {W;;t > 0} is standard brownian motion. The above is to be understood as the
continuous version of the discrete recurrence equation

Xior = Xp, + (X)) +VRE, i=0,1,2,...,
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where h > 0 is a (small) discrete step, t; = ih, and {&} an i.i.d. sequence of standard
normal random variables. Equation (6.7) is to be understood in its equivalent integral
form as

t
Xt = XO + / f(Xs)dS + Wt-
0

More generally we are interested in considering Stochastic Differential Equations of
the form
dX; = b(t, Xy)dt + o(t, X;)dW,,  with initial condition X (6.8)

where b and o are appropriately smooth functions R™ x R — R. and {W;;t > 0} is
standard Brownian motion. Because of the fact that the Wiener process has sample
paths that are everywhere non-differentiable with probability 1, the above equation is a
shorthand for the integral equation

t t
Xi=Xo+ / b(s, Xs)ds —l—/ o(s, Xs)dWs. (6.9)
0 0

Here the first integral on the right hand side is an ordinary Riemann (or Lebesgue) integral
for each w, whereas the second integral is to be interpreted as an Ito integral.

It can be shown (see for instance Oksendal, 2003) than if the functions b and o satisfy
the following two conditions then (6.9) has a unique solution. Suppose that 7 > 0 and
that

1. Lipschiz Condition. There exists K > 0 such that |b(¢t,z) — b(t,y)| + |o(t,x) —
o(t,y)| < K|z —y| for all z,y € R and ¢ € [0, 7.

2. Linear Growth Condition. There exists G > 0 such that |b(t,x)| + |o(t,2)] <
G(1+ |z]) for all z,y € R and t € [0,T].

Then (6.9) has a unique solution with sample paths continuous with probability 1 in the
interval [0, 7).

The proof is based on the idea of Picard iteration, familiar from ordinary differential
equations, whose idea is to construct a sequence of processes {X[*;t € [0,T]} as follows

X} = Xo, tel0,T]

t t
X! = X0+/ b(s,Xo)ds+/ o(s, Xo)dW,, te0,T)]
0 0

' ¢ ¢
XMt = X, —|—/ b(s, XI)ds +/ o(s,X)dW,, te€l0,T], n=1,2,...,
0 0
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It can then be shown that the sequence of processes { X'} converges to a process {X;}
which is the unique solution of (6.9).

In the same spirit we would like to study the differential equation

dXt th
— =b(t, X, 1, X¢)—— 1
= b(t, X,) + ot X) (6.10)

where X is given and W, is standard brownian motion. The problem we are faced with
here is that W, has paths that are nondifferentiable, hence the way this equation is written
makes no sense. This can be circumvented if we pose the problem in its integral form

It is customary to write the above equation in differential form as follows:

Next we consider a couple of simple stochastic differential equations important in
applications.

6.1.1 Geometric Brownian Motion

Consider the stochastic differential equation
dXt B ILLXtdt + O'Xtth, Xo = Xyp.

In order to solve it we may apply the It6 rule with f(x) = logx to obtain

1) = £00) = [ (FOanx+ et ) as+ [ peciaxam,

! 1 ! 1
log(X;/Xo) = / <,u — 502) ds + / odWs = (u + §a2> t+ oW,
0 0

whence we obtain L
X, = xoe(“fia JrroW: (6.11)

It is easy to determine the distribution of X;. Noting that W; ~ N(0,¢) (i.e. normal with

mean 0 and variance equal to t) and setting a := p — %02 we see that

P(X; < x) = P(zoe™Wt < ) = P(at+oW, < log(z/x¢)) = P (Wt < %(log(w/xo) — at)) :

Denoting by ®(z) := \/% [* e 2**du the distribution function of the standard normal

distribution and taking into account that W; 2 VtZ, where Z is a standard normal
random variable, from the above equation we have

P(X,<a)=P (z < Uiﬂ(mg(x/xo) _ at)) — o (Ui\/%(log(x/xo) _ at)> C(6.12)
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If we set Fy(z) := P(X; < z) and fy(z) := LF(z), and similarly ¢(z) = L&(z) =

dx
#e’%"“g we see from (6.12) that

o) = g (L ostafzn) — ) ) = ¢ ( - tlog(e/an) — an))
1

= —— ¢
o/ 2mt

1
zov/t

—m(log(x/wo)—at)

1
fi(z) = —IO_ 27Ttefﬁ(log(z/xo)f(uféaz)tf’ x> 0. (6.13)
The above is a lognormal density. The moments are easily determined from (6.11) by
taking into account the moment generating function of the standard normal distribution,

ie. Ee? =39 Thus

EX,=F |:SL’0€( p—io )t+aWti| _ xoe(u—%az)tE [eth] _ xoe(u—%az)te%a% _ xoe,ut

EXE — B [$362<“_502>t+20Wt} _ x36<2u—a2)tE |:€20‘Wt:| _ xge(Q“_”Q)teQﬂt _ xge(zwr,ﬂ)t_
Finally,

Var(X,) = EX? — (EX,;)? = a2e@rto?t — g2t — 202 (e b 1) :

1

As a special case consider 0 = 1, u = 5, o = 1. In this case we have the stochastic

differential equation

1
dXt - §Xtdt + Xtth.

which has the solution
Xt = €Wt .

Then P(X; < x) = P(W; <logz) and

1 T~ 6 5 (logx)

V27t ’

. . . 1
The mean and variance in this case are EX; = e2! and Var(X;) = e* — €.

fi(x) =

xz > 0.
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6.2 Ornstein—Uhlenbeck Equation

This is the equation
dXt = O[Xtdt + /Bth7 XO = 29- (614)

or, equivalently, in integral form
t
Xt :x0+/ OZXSdS‘{‘BWt.
0

The solution is easy if we use Ito’s formula for the function f(x,t) = e”*xz. Note that

% = —ae "z, ? =e % and i{ = 0. Ito’s formula yields
B of af 1 82f Lof
560 - 10600 = [ (Gt + Lixsax+ 1507 Yas+ [ Loessaw,

— /t (—ae~ "X, + e “aX,) ds + /t e " BdW,
0 0
whence we obtain .
e X, —xy = / e"“BdW,
or equivalently to
X, = zoe™ + / Bet=)q,. (6.15)
Note that the above is a gaussian process Wi(‘;h mean

EX, = xye™

t t 52 /62
Var(Xt) = / 6262a(t_5)ds — 5262005/ e—2asd8 — %62(% (1 o €—2at) — % (€2at . 1) .
0 0

Also, assuming s < t,

s t
Cov (X;, X;) = Cov (/ Bea(su)qu,/ Bea(tU)qu)
0 0

s s t
v( / BeTU AW, / BTN dW, + / ﬁea““)dwu)
0 0
— QCov (/ Bea(s—u)qu’/ Bea(t—u)qu> / 52 a(s—u) ja(t—u) du
0

s 2
_ 62€a(s+t) / e—2audu _ ﬁ e (s+t) (1 . 6—2113)
0

a(s+t) (t s) ) )
2a

2a(

In general setting s At = min(s,t), sVt = max(s,t),

2
Cov (X57Xt) = g_ea(svt) (ea(sAt) _ e—a(s/\t)) '
(6]
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6.3 The Brownian Bridge Process

Suppose that Wy, t > 0, is standard brownian motion. The brownian bridge process Xj,
t € [0,1], is defined (at least informally for the time being) as the process By, conditional
on the event W; = 0. Based on this informal idea we can easily compute the joint
distribution of the process X; as follows. Thus, for 0 < t; <ty < --- < t, <1 we have
that

(X, Xu, o X)) S (Woy, Wy, W) | WA = 0.

The right hand side of the above equation is the conditional distribution of a Gaussian
vector given one of its components, hence it is again Gaussian.

Two useful characterizations of the brownian bridge process are the following.
Xy =W, —tWh, 0<t<1 (6.16)

and
1

It is easy to check that the process described in (6.16) is a Gaussian process which has the
right mean and covariance function and therefore that it is indeed the standard brownian
bridge. Regarding the SDE of (6.17) note that it can be solved through the use of an

integrating factor: Indeed, [ 1% = —log(1 — ) and el 1 = . Thus, multiplying the

equation (6.17) by %-t we obtain

1 1 AW,
—dX; + —=Xydt = ——
1—t t+(1—t)2 ! 1—t

d( 1 Xt): dw,
1—-t 1-1¢

where we have used Ito’s rule, hence

t
Ry
0

1—s

or

In the above derivation we also took into account the initial condition X, = 0. If the
process starts at time s € (0, 1) at the point X, then the solution would have been

Xt:(l—t)( Xs +/: dW“) (6.18)

1—s 1—u

To see that this is again the standard brownian bridge it is enough to note that it is a
Gaussian process with zero mean and covariance function given, when s < t, by (6.18) we

have »
1—t
EXX,=FE [XQT] +FE lXS(l —t)/ W“} :

S 1—u

93



The second integral on the right hand side of the above equation is zero by the martingale
property of stochastic integrals. Thus, in view of the fact that

T g

-9 (1 1) =),

EX,X; = s(1—1)

&S|
2
I

gives

which is the correct expression for the covariance. (Note that in the above derivation we
have also made use of the Ito isometry.)
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