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1 Preliminaries, basic notions of probability
theory, the Borel-Cantelli Lemma

The lecture notes are supposed to be as self-contained as possible, but refer-
ences to other books will be unavoidable. References like [1] refer to the read-
ing list. The notes are subdivided into Lectures numbered 1, 2, .... Within
each lecture, there will be numbered items. I will use only one counter for
Definitions, Remarks, Theorems, Lemmas, etc. Exercises however will have
their own counter and typically contain simple technical results which the
reader is encouraged to solve herself or himself.

We start the presend section with a reminder of basic notions of proba-
bilities and events. For a more comprehensive account, the reader is referred
to [4]. Let Q, A, B be sets. Familiarity with the notations A C Q, AU B,
AN B, @ is assumed. Further

A\ B:={x € A;z ¢ B}, read “A without B”
Ab=0 \ A, read “Complement of A in ”.

The notation A® is used if Q is clear from the context. If the elements of a
set A are again sets, we call A a system or family of sets.
Let €2 be a set. A system A of subsets of (2 is called an algebra if

1. o A
2. Ac A=Al e A
3. A1, A e A= U A e A

Further, A is a sigma algebra if
4. Ay, Ay, e A= U2 A e A

The elements of a sigma algebra are called measurable sets. An algebra
formalises the intuition behind “events”. Considering sigma algebras rather
than just algebras, that is where [3| holds for countably many A, rather than
just finitely many, is important as we will see many times in this course.

Let A be an arbitrary family of subsets of 2. Then there is a sigma algebra
denoted by o(.A) so that

1. o(A) contains A,

2. if B is another sigma algebra containing A, then B contains also o(.A),
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so roughly speaking o(.A) smallest sigma algebra containing A. The sigma al-
gebra o(.A) is uniquely defined and referred to as the sigma algebra generated
by A. In Exercise you will show that this concept is well defined.

A pair (Q, A) with 2 a set and A a sigma algebra is called a measurable
space. If (€21, A;) and (€9, As) are measurable spaces, a mapping

f:Ql_>QQ

is called measurable if f~1(A) € A, for every A € A,. Since sigma algebras
can be very large, checking measurability can be a lot of work. The situation
might be easier if A, is generated by some family B of sets, that is Ay = o(B).
Then the measurability condition needs to be checked for sets in B, only, that
is, if f~1(B) € A; for every B € B, then f~'(A) € A, for every A € A,.

An important class of measurable spaces arises as follows. Let E be a
separable complete metric space. Such spaces are also called polish spaces;
if you are not familiar with these concepts, you may think of E being R?
or an open or closed subset thereof. Sets with finite or countably many
elements are also polish. The topology T of E is the family of all open sets.
We may thus consider the sigma algebra o(7) generated by this family. This
sigma algebra is called the Borel algebra denoted by Bg.

It now makes sense to consider measurable mappings

f:(,A4) — (E,Bg),

where (£2,.4) is an arbitrary measurable space and (E,Bg) a polish space
with the Borel algebra. Such a mapping is called a random variable.

Let A be an algebra on some set 2. A function P : A — [0,1] is a
probability on A if it satisfies

1. Normalisation: P(Q) =1

2. Additivity: If Ay,... A, € A, with A;NA; = @ for i # j, then
ZZ:1 ]P(Ak) = ]P’(UZ:1 Ak)-

3. Continuity at @: If Ay, As,... € A, with A; D Ay D ...and N4, = g,
then P(A;) — 0 for k — oc.

Again, the intuition behind (1,2) is clear. The continuity at & is important
for technical reasons, see also Exercise for several notions equivalent to
Additivity and Continuity at &, in case that A is a sigma algebra. It is
possible to construct examples of a function P that is additive and normalised
on an algebra but not continuous at @.

Note that algebras are very much smaller than sigma algebras, and it
is generally much easier to define a probability P on an algebra than on a
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sigma algebra. On the other hand, given an algebra A, there is a naturally
associated sigma algebra, namely o(A). The question then arises if, given
probability P on an algebra A, it is possible to extend P uniquely onto o(.A)
(i.e. define it on o(.A) without disturbing it on A where it is already defined).
The affirmative answer is the following celebrated theorem.

Theorem 1.1 (The Measure Extension Theorem, also known as MET or
Hahn-Carathéodory theorem). Let A be an algebra and P a probability on A.
Then there exists a unique probability P on o(A) with P|4 = P|4. Further,
if A€ o(A), then for any € > 0 there exist disjoint sets Ay, ..., A, € A with
P(AAU;_ Ay) < e

Sketch of a proof, see e.g. [3]. For any Y C Q, put P*(Y) =inf ) 7 P(A),
inf taken over Ay, As,--- € A, with Y C |, Ax. Now

L. P*|a=P|4 (“<” is trivial).

2. Consider the family M of sets defined as follows: a set A C € is a
member of M if VE C Q it holds that P*(E) > P*(ENA)+P*(E\ A).
One then proves that M is a sigma algebra with M D A.

3. P* is a measure on M.

4. The approximation result is relatively straightforward from the defini-
tion of P*.

O
We fix the uniqueness part, which is true under weaker conditions:

Theorem 1.2 (Uniqueness of probabilities). Let A be a family of sets which
is intersection-stable, meaning that for any two sets Ay € A, Ay € A, also
A1 N Ay € A (This is true for instance if A is an algebra.) Further, let
P, Q be two probabilities on o(A), the sigma algebra generated by A. Then if
P(A) = Q(A) for any set A € A, they agree on o(A).

For a proof see [I], Proposition 2.23.

Fix a probability space (Q2,.A4,P); we recall the definition of the integral
for a real-valued random variable f with respect to P, which we will write
as [ f(w) dP(w) or simply as [ f dP (for details of the construction, see [,
Ch.9). A random variable f :  — E is real-valued if £ = R and it is
non-negative if £ = R>y. A non-negative random variable f is simple if it
assumes only finitely many values; it can then be written as

@) =3 filla, (@), (1)
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for some measurable sets Ay,..., A,. We define [ f dP := > }_, fiP(Ay)
(the representation in Eq. is not unique but a little algebra shows that
the value of the integral is still uniquely defined). For a general non—negative
random variable f, we define

[ raei=sup [ g ap

where the sup is over all simple functions g with the property 0 < g < f.
(Given f, it is possible to construct a specific sequence {g,,n € N} of simple
functions so that g, T f and [ g, dP 1 [ f dP.)

Note that the integral of a nonnegative random variable is either a non-
negative number or infinity, but the latter possibility has to be excluded
when we define the integral of general real-valued random variables. A gen-
eral real-valued random variable can be written as f = f. — f_, where
f+ == max{f,0} and f_ = max{—f,0} are both nonnegative random vari-
ables. If [|f] dP < oo, we say that f is integrable and define the integral
of fas [fdP:= [ fy dP— [ f_ dP. Since |f| = fy + f-, the condition
J1f] dP < oo implies that both [ fi dP and [ f_ dP are finite. Hence there
can be no “oo — oco”—situation in our definition of the integral of f.

The integral we have just defined is powerful due to the following theorem,
which ultimately stems from the continuity of P at &.

Theorem 1.3. In this theorem, whenever { f,}nen is a sequence of nonneg-
ative random variables, sup,,cy fn 15 considered pointwise.

1. (Monotone Convergence) If { fu}nen is an increasing sequence of non-
negative random variables (i.e. fi(w) < fa(w) < ...), thensup, ey [ fn dP =

J sup,en fn dP.

2. (Dominated Convergence) If { fn}nen is a sequence of real-valued ran-
dom variables with the property that fsupneN |fn] AP < 0o and which
converge pointwise to a function f, then f is integrable and [ f, dP —

[ fdP.

For the rest of this lecture, fix a probability space (€2,.4,P) and a pol-
ish space (E,B) where B =Borel algebra on E. Further, let I be either
N,Z,R, R or a closed interval. We will mention when the specific choice is
relevant; think of I as a time interval.

Definition 1.4. A stochastic process is a family of functions {X,,t € I},
where X; : Q) — FE is a random variable for each t € 1.



This definition is preliminary only. They are two further ways of looking
at a stochastic process {X;,t € I}. Firstly, we may consider it as a mapping
X :Q— Flw— {X;(w),t € I} that is with values being functions from F
to I. Secondly, we may consider it as a mapping X : Q@ x [ — F, (w,t) —
Xi(w), that is with values in E while ¢ and w are arguments. We will later
settle on a more precise version of the second interpretation.

We finish this lecture with an important lemma.

Lemma 1.5 (Borel-Cantelli lemma). Let Ay, Ay, ... be a sequence of mea-
surable sets and define

A, = {w € Qw € Ay for infinitely many k} = ﬂ U Ag.

neN k=n
If Y en P(Ay) < o0, then P(A;,) = 0.

Proof. P(A;,) < P(U,—, Ax) for any n, since A, C (Jp, Aj for any n.
It follows from the properties of probability (see Exercise , item [B|) that
P(Ure, Ax) < >, P(Ay). Therefore P(A;,) < > 72 P(Ag) for any n.
Taking the limit n — oo, the right-hand-side goes to zero since > -, P(A;) <
oo by assumption. O

Exercises for Section [1

Exercise 1.1. Let €2 be a set.
1. Show that the power set 2% is a sigma algebra.
2. Show that §1 NS, is a sigma algebra for any two sigma algebras Sy, Ss.

3. Show the following extension of the previous item: if {Sy,A € A} is
an arbitrary family of sigma algebras (indexed by the arbitrary set A),
then & := (1,5 Sx is a sigma algebra.

4. Let A be an arbitrary family of subsets of €. Use the previous items
to show that o(A) is well defined and unique, i.e. there exist sigma
algebras containing .4, and among these there exists a smallest possible
one.

Exercise 1.2. In this exercise, we learn a bit more about measurable func-
tions and the condition of measurability. Let (21,.4;), (2, 42) be measur-
able spaces (i.e. {215 are sets with sigma algebras A, o, resp). Consider a
function f: (24, A1) = (Qa, A2), not necessarily measurable.



1.

2.

3.

Consider the family B; of all sets of the form f~'(A) where A € Aj.
Show that B; is a sigma algebra on €. (B; is referred to as the sigma
algebra generated by f and A,.)

Consider the family B, of all sets B C €, so that f~!(B) € A;. Show
that Bs is a sigma algebra on (2s.

Conclude that f is measurable with respect to the sigma algebras
Ay, A if By from the previous item contains As,.

Exercise 1.3. Let 2 be a set, A an algebra, P: A — [0, 1] a set function.

1.

2.

Show that Additivity implies P(&) = 0.

Show that Additivity and Continuity at @ are equivalent to sigma
additivity: 1f Ay, Ao, ... is a sequence of sets in A with A; N A; = & for
any ¢ # j, and if |, A € A as well, then Y7 P(Ax) = P(U, Ax)-

Show that Additivity and Continuity at @ are equivalent to continuity
from above: If Ay, Ay, ... € A, with Ay D Ay D ... and NA; = A with
A e A, then P(A4;) — P(A) for k — oc.

. Show that Additivity and Continuity at @ is equivalent to continuity

from below: It Ay, Ay, ... € A, with A C Ay C ... and UA; = A with
A€ A, then P(A4;) — P(A) for k — oc.

Show that sigma additivity implies: if Ay, As,... € A, not necessarily
pairwise disjoint, then P(UrenAr) < Yoy P(Ak).

Show that Additivity implies that whenever Ay, A, ... is a sequence
of disjoint sets in A, we have P(A,) — 0 (in fact, P(A,) must be
summable).



2 Construction of Brownian Motion

We start our discussion of Brownian Motion with some motivation from signal
processing. Suppose we observe a function

X(@)=f@)+¢@), t=0, (2)

where f is a desired signal and ¢ is a sum of many unwanted disturbances
coming from various sources, each of them small. In reality, one never ob-
serves X at individual points in time. All measurement devices need energy,
therefore any observed quantity will always be a temporal average. For in-
stance and analog—digital converter will give you

1 [mh 1 [ 1 [nh
T, = _/ X(t)dt = _/ ft) dt+—/ §()dt = futrn,  neN,

n—1)h n—1)h n—1)h

where h is the hold time of the AD converter. If f is not too irregular, then
fn = f(nh). To analyse {r,,n € N}, introduce B(t) = f(ff(s) ds. Then
rn = 1 (B(nh) — B((n — 1)R)), so instead of investigating & we investigate B
which is a random function of time.

We will argue heuristically that B has three important properties. Firstly,
B(0) = 0 which is evident. Secondly, the perturbations giving rise to £ are
supposed to be wildly fluctuating with a correlation time much shorter than
the hold time h. Hence the values of £ on disjoint intervals should be inde-
pendent from one another and thus the same must hold for the increments
of B over disjoint intervals. The third property concerns the distribution
of the increments of B. If the statistical properties of £ are time invariant,
the distribution of B(t + s) — B(t) should not depend on t but on s only.
We assume that the increments B(t + s) — B(t) have mean zero and a finite
variance which must be a function of s, say ¢(s). Since

Bty +t2) = §\(9_)/+ B(t1 + t2) — B(t1),

S

-~

Ay Az

with A;, Ay independent, taking the variance we obtain the identity

O(t1 +t2) = o(t1) + ¢(ta), (3)

for any t1,t, > 0. This implies that ¢ is of the form ¢(¢) = at (other solutions
to Eq. exist but are not measurable so highly irregular). We can assume

a =1 (or consider ﬁB instead). We now motivate why B(t) has a normal



distribution for each t > 0 (a similar calculation gives that each increment
B(t+ s) — B(t) is normal, too, with mean zero and variance s).

where {Yy,k € N} are iid random variables with mean zero and variance
equal to one (and 2 means “both sides have the same distribution”). Hence

by the central limit theorem, B() 2y (0,%). The random function t — B(t)
is called Brownian motion. Our discussion motivates the following definition

Definition 2.1. Let (€2, A, P) be a probability space. Brownian motion is a
stochastic process {B(t),t > 0} with the properties

1. B(0) =0 a.s.

2. The process has independent increments, that is for 0 = t5 < t; <
... < t,, arbitrary, the increments {B(t;) — B(tx-1),k =1,...,N} are
independent random variables.

3. For any t,s > 0 the increment B(t+ s) — B(t) is normally distributed
with mean zero and variance s.

4. There is a measurable set A C  with P(A) = 1 so that the function
t — B(t,w) is continuous.

A word regarding the function . There cannot be such a function! Indeed
assume that (t,w) — £(¢,w) is measurable (this requires a sigma algebra on
I x € but this can be done, permitting the use of Fubini’s theorem in the

following). Then 0 = E(B(t+h)—B(t)) =E (ft+h &s ds> = tt+h E(&5) ds for

¢
any t, h which means that E(&;) = 0 for all s € I. With a similar calculation,

using the fact that nonoverlapping increments are uncorrelated, one finds
that E(£,&) = 0 whenever ¢ # s. Now assume that E(£2) = ¢ > 0. We



obtain

h=E((B(t+h) — B(t))?)

E ([M cds- [ & dr)
_E ( / o / e ds dr)
_ / - / T Eee) dsar
_ C/tt+h/t 1, ds dr

which is a contradiction, hence the assumption that E(£2) = ¢ > 0 must be
false—in fact, the variance can only be infinite.

We will soon show that Brownian motion exists using a construction
by Norbert Wiener. Many authors introduce Brownian motion differently
though, along the following lines (for more details see the appendix). (Note:
this will be added at a later stage.)

Our approach proceeds by constructing a mapping

X:Q—=C)

where (for now) I = [0,1], C(I) =continuous functions from I — R; this
space can be equipped with the topology of uniform convergence and subse-
quently with the Borel algebra related to that topology. Our mapping X will
be measurable with respect to that Borel algebra. Furthermore, the mapping
t — X;(w) will be continuous for every w by construction so property 4 of
Brownian motion will be satisfied automatically.

Our construction is fixed in the following

Theorem 2.2. Assume that there exists a probability space (2, A, P) with
real-valued random variables {Z, i, n, k € N} which are iid standard normal.
Then there exists Brownian Motion on I = Rs.

Proof. Step 1: We start with defining for each n € N a stochastic process
{B,(t),t € [0,1]} which is continuous, piecewise linear, and with vertices at
the dyadic points of order n, that is D, := {£,k = 0,...,2"}. Let U, :=

2l k=0,...,2""'} (the “odd” pomts of order n), then D,=D,,UU,
(this union is disjoint). In the following, {Z,x;n,k € Ny} are iid standard

normal. We define B,, inductively; put By(t) = tZyo for t € [0,1]. Now
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assuming B,,_; has been defined, we set B, (t) = B,_1(t)+ F(t) for t € [0, 1],
where

0 ifteD,,

n+1

Fot)y =42 ("7, ifteU,, withk so that t = 241

linearly interpolated in between.

We note that B,,,,, = B, on D, for any m.

Step 2: Define S, := || F},||co- It follows from standard analysis arguments
that {B,,n = 1,2,...} converges uniformly if {S,} is summable, but since
the {S,} are random variables, this might happen for some w yet not for
others. We will show that {S,(w)} is summable for w in some set that has
probability one. To this end, let us define the “bad sets”

Ay = {w e Q: Sp(w) > eVE2752};

the constant ¢ will be set below. Now clearly {S,(w)} is summable if S (w) <
cVk27%/2 except possibly for finitely many k; but that means precisely: w is
not in A;,. Hence we have to show that P(4;,) = 0 or by Borel-Cantelli,
> ren P(Ax) < oo.

Now note that S, = 2~ (+1)/2 SUPg<g<on|Znk|. Therefore S, > cy/n2?
is equivalent to supy<y<on|Znk|/Vv2 > cy/n. Hence

P(A,) = P(|Z,x| > ¢v2n for some k with 0 <k <2")
< > P Zukl = cv2n)

0<k<2n

= 2""'P(|Zy 1| = cV2n).

A standard estimate gives P(|Z]| > ¢v/2n) < exp(—c?n) for any ¢ > 1 and
n large enough (see Exercise 2.1). Hence P(A,) < 2" 'exp(—c®n), and
therefore > ° /P(A4,) < oo if we set ¢ > 4/log(2) so by Borel-Cantelli,
P(A;,) = 0.

Step 3: We have constructed the process { B} on [0, 1], to get a process
on Rs, construct independent processes {BY, B ..}, each on [0, 1] and

then set
[t]-1

B(t):=BY(t—[t]))+ > BW(1)

k=1

for any ¢ € R>.
Step 4: B is now a randomly selected continuous function, but we still
have to check that the distribution of the increments satisfies properties (2,3)
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of Brownian motion. We will show the equivalent statement that for any
n € N and any numbers 0 < t; < ... < t, € R>g, the random vector X :=
(B(t1),...,B(t,)) is normal with mean zero and covariance Cov(X);; =
min{t;, ¢;} (see Exercise [2.2)).

B has the required properties on D = U,enD,, (see Exercise , and it
is easy to see that B has the required properties on D:= Unen{D +n} which
is dense in R>(. We use the following

Lemma 2.3. Let {X® k =1,2,...} be a series of (n—dimensional) Gaus-
sian random variables so that

1. X% — X almost surely,
2. Cov(X®) = T and E(X®) — p,

then X is Gaussian with Cov(X) =T and E(X) = p.

Let 0 <t; <...<t,€ R>0 and set X = (B(tl), ..., B(t,)) as discussed.
There exist 0 < tgk) < .. 1 e D with tl(k) =t for all | = 1,.
We plan to apply the Lemma to X(* (B(tgk)), . ,B( )) By cont1nu1ty

of B we obtain that X® "% X Furthermore X®) is normal with mean
zero and Cov(X®),; = mln{tz(k Ny } Applying the lemma we find that
X = (B(t1), ..., B(t,)) is normal with mean zero and covariance Cov(X); ; =
min{t;, t;}, completing the proof. H

Exercises for Section [2I

Exercise 2.1. Let X be a standard normal random variable with density
o(x) = \/%7 exp(—32?). Show that

2x
1+ 22

8(z) < P(X| > 2) < 26(z)

Hint: for a differentiable function h with the property h(z)¢(x) — 0 if
xr — 00, show that

_ / " $(2)(zh(z) — H(2)) d=.

Conclude that if the function « — zh(z) — h'(x) is positive and decreasing
for sufficiently large x, we get

) 1 /¢



for sufficiently large x, while the opposite inequality occurs if © — xh(z) —
R (x) is positive and increasing. Now consider h(z) = 1/x and h(z) = 1 as
examples.

Exercise 2.2. By reexamining the proof of Theorem[2.2/and the construction
of { B}, show that the increments of { B} have the required properties (2,3) on
the set D. (Hint: use that any t € D is in some D,,, and that B|p, = B,|p,.)

Exercise 2.3. Show that the increments of {B} have the required proper-
ties (2,3) of Brownian Motion if and only if for any n € N and any numbers
0 <t <...<t,€ Ry, the random vector X := (B(t1),...,B(t,)) is
normal with mean zero and covariance Cov(X); ; = min{t;,t;}.
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3 Scaling properties of Brownian Motion and
the law of large numbers

Definition 3.1. Consider a stochastic process {X;,t € I} and let 0 < ¢; <

... < t, be elements of I. A marginal of the stochastic process (correspond-

ing to tq,...,t,) is the distribution of the random vector (X;,,...,X;, ). A
stochastic process is Gausstan if all marginals are Gaussian distributions.

Clearly, Brownian Motion is a Gaussian process.

Lemma 3.2. If {B} is Brownian Motion and a > 0, then t — 1B(a?t) is
also Brownian Motion.

Proof. Exercise O

Theorem 3.3. Let {X;,t > 0} be some stochastic process on (2, A, IP) so that

all marginals on D = {2%, k,n € N} agree with that of Brownian Motion.

Then there ezists a measurable set A € A with P(A) = 1, and a Brownian
Motion {By;,t > 0} on (2, A,P) so that
Xi(w) = By(w) forallt € D,w e A.
Proof (sketch). For n € N put
0 ift=0,
BM(t) =4 X(t) ifte{& keN},

linear in between.

Then there is A € A with P(A) = 1 so that B™ (w) converges uniformly in
t on compact intervals, except perhaps if w € AL, The proof is exactly as in
Theorem because the successive errors

F®W =pm _ph-b  peN (4)

behave exactly like the F,, in that proof. Call the limit {B,,¢ > 0} which is
a Brownian Motion which agrees with {X} on D by construction. O

Theorem 3.4 (Time inversion). If {B;,t > 0} is Brownian Motion, then
there exists a set A € A with P(A) =1 and a Brownian Motion {X;,t > 0}

so that
B 0 ift =0,
Xi(w) = {tgl/t@) i )

for all w € A.
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Proof. For t > 0 and any w € Q we define X;(w) as in Equation (5)). In Exer-
cise [3.2| you will check that {X,¢ > 0} is a Gaussian process with E(X;) =0

and independent increments. Further, for ¢ > 0 and A > 0 we have

Cov(X(t+h), X,) = (t + h)tcov(B(HLh),B(%))
(4 h)tt%h
=1.

Hence the distribution of {X;,¢ > 0} is that of Brownian Motion. It is also
evident that ¢ — X;(w) is continuous for every w. It merely remains to
check continuity at ¢ = 0. From Theorem [3.3] there exists a set A € A with
P(A) = 1 and Brownian Motion {X,,t > 0} so that X;(w) = X,(w) for all
t € D\ {0} and w € A. Since both t — X (w) and t — X;(w) are continuous
for ¢t > 0 and D is dense in Rxg, we obtain that X,(w) = X;(w) for all t > 0
and w € A. But they also agree for ¢ = 0 by construction, finishing the
proof. ]

Corollary 3.5 (Law of large numbers).

1
lim =X (¢) =0 almost surely.

t—oo

Proof. lim;_, %X(t) = limg ,psX(1/s) = 0 by Theorem . O

Exercises for Section [3l

Exercise 3.1. Prove Lemma 3.2} If {B} is Brownian Motion and a > 0,
then ¢ — 1B(a’t) is also Brownian Motion.

Exercise 3.2. Let {X;,t > 0} be the process defined in Theorem [3.5] Show
that {X:,t > 0} (note “t > 0” here) is a Gaussian process with E(X;) =0
and independent increments.
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4 Non—differentiability of Brownian Motion

The aim of this lecture is to show that for any given 7 > 0, the probability
that Brownian Motion paths ¢t — B;(w) are differentiable at 7 is zero (al-
though the exceptional set generally depends on 7). More specifically, we
aim to prove

Theorem 4.1. Let {B;,t > 0} Brownian Motion on some probability space
(Q, A,P). Then for every t > 0 there exists A, € A with P(A;) =1 so that

B(t+h) — B(t)

D, B; := limsup =00, (6)
h10 h
B — B
D_B; := liminf (t+h) ® = —00. (7)
hl0 h

The proof will be based on the following theorem, which is interesting in
its own right (also compare with the Law of Large Numbers, Corollary :

Theorem 4.2. Let {B;,t > 0} Brownian Motion on some probability space
(Q, A,P). Then there exists A € A with P(A) =1 so that

. By (w)
lim su = 00, 8
lim inf M = —00, 9)

n—00 \/ﬁ

whenever w € A.

Using this theorem, we can make quick work of Theorem [4.1]

Proof of Theorem[.1. First note that for ¢ fixed, the process h — X (h) :=
B(t+ h) — B(t) is also Brownian Motion so we may assume that ¢ = 0. We
have

B(h
D, B(0) = limsup %

hl0
B(1

> lim sup (1/n)
n—00 /n

= limsupnB(1/n)
n— oo

— limsup B(n),
n—oo

where B(t) := tB(1/t) for all t > 0 is also Brownian Motion by Theorem [3.4
But by Theorem we have limsup,,_,.. B(n) = co (actually, the theorem
shows a stronger statement). This proves statement @ The statement
works analogously. O
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Some preparation will be necessary to prove Theorem [4.2]

Definition 4.3. Let {X,,n € N} random variables with values in (E, Bg)
and let B € EN. The event A := {w € Q,(X;(w), Xo(w),...) € B} is
exzchangeable if it is measurable and A = {(Xy1)(w), Xo@)(w),...) € B} for
any permutation ¢ of finitely many indices.

Example 4.4. The event {X,, > n for infinitely many n € N} is exchange-
able; the event {>°, |X,|27% < oo} is exchangeable; the event {X; > 10}
however is not exchangeable.

Theorem 4.5 (Hewitt-Savage Zero-One Law). If {X,,n € N} are i.i.d.
random variables and A is exchangeable, then P(A) is either zero or one.

Proof. See Breiman [I]. O
We will use the Hewitt—Savage Zero—One Law in the
Proof of Theorem[[.3. Step I: For any ¢ > 0, we define the events

A, :={w e Q: B,(w) > cy/n infly often}.

We may then write

By,
{w e Q:limsup ()

n—00 \/ﬁ

We will show (Step II) that A. is an exchangeable event of i.i.d. random
variables for every ¢ > 0, hence P(A.) = 0 or 1 by the Hewitt—Savage Zero—
One law, Theorem . The possibility P(A.) = 0 will then be excluded in
Step III. This will conclude the proof.

Step II: We can write

— OO} D mleNAl-

P({B(n) > cv/n inf'ly often}) = P({> B(k) = B(k — 1) > ¢y/n i0.})
k=1

=P({)_Xi > cv/n i0}),
. (10)

if we define Xy, := B(k) — B(k — 1) for k € N. These are independent and
identically distributed random variables, and the event A, := {> ,_, X} >

cy/n i.0.} is exchangeable. Hence P(A.) = 0 or 1 by the Hewitt—Savage
Zero—One law, Theorem [4.5]
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Step I11: We will now show that P(A.) > 0 for any ¢ > 0. Fix some ¢ > 0.
Then

P({B(n) > cv/n inf’ly often}) = P(Npen Upsn {B(k) > cVE})
= lim P(Uzn{B(k) > cVk}) (11)
> P(Uizn{B(k) > eVk}) — e,

where the latter relation holds for any ¢ > 0, provided we take n “large
enough”, meaning that for any € > 0 there exists an N, € N, and the
estimate holds provided n > N,. Since P(Upsn{B(k) > «Vk}) >
supys, P({B(k) > eVk}) we find

P({B(n) > cy/n inf’ly often}) > limsup P({B(n) > cv/n}).  (12)

n—oo

By scaling (Lemma [3.2), P(B(n) > ¢y/n) = P(B(1) > ¢) > 0 for any ¢ >
0. [l
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5 The law of the iterated logarithm

In the law of large numbers (Corollary [3.5)), we have seen that %B (t) = 0
almost surely if t — oo. In the previous lecture, we showed Theorem from
which we can conclude that \/%B (t) fails to converge if t — oo. In this lecture

we show that there is a function ¢ in between v/t and ¢ so that ﬁB (t) has
nonzero limsup and liminf. (But these have to be different; it is easy to see
that any limit of -1~ B(t) as t — oo would have to be zero.) We start with a

13 7 : ¢(t)
t — 0”7 version:

Theorem 5.1 (Law of the iterated logarithm). There is a set A € A with
P(A) =1 so that for allw € A we have

By(w)

lim sup =1

1o +/2tlog(log(1/t))

Proof. The proof will be added at a later stage. O]

Corollary 5.2 (Law of the iterated logarithm for ¢ — 00). There is a set
A e A with P(A) = 1 so that for all w € A we have

lim sup ﬂ =1
tsoo /2tloglogt
Proof. Follows from Theorem [5.1] and time inversion. O
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6 The Ito integral

We will now go back to our original motivation for constructing Brownian
Motion in Lecture [2| where we formally considered signals of the form (see
Eq.

w(t) = f(t) + &),  t=0,

where f is a desired signal and ¢ is what we can now describe heuristically as
the derivative of Brownian Motion (aka white noise). By formally integrating
Equation however we obtain the following well-defined expression

t
Xt = XO +/ f(S) ds + Bt, t 2 0, (13)
0

where B is Brownian Motion, and X can be interpreted as the integral of x
in Equation (13)).

We would like to take this a step further and, instead of an equation
like , consider a stochastic differential equation

dX;

E = f<t7Xt) + g<t7 Xt>£(t)7 t >0, (14)

with some initial condition Xy, where now f and g are functions (assumed
smooth in both arguments) and ¢ is again white noise. Again we formally
integrate Equation and obtain

t t
X=X+ [ fs.X) as+ [ gls.X) dB.
0 0

Yet now the precise meaning of this has to be clarified. If {X} is continuous
(something that would need to be established), then the first integral is well
defined as a Riemann (or Lebesgue) integral, and it would be a continuous
(even differentiable) function of ¢. The second integral however, which we
will call stochastic integral, requires more work. Stochastic integrals are of
the form fot Y; dBs where {Y'} can be a process that has, broadly speaking,
the same regularity properties as Brownian Motion. (More precise definitions
will of course follow.)

Stochastic integrals cannot be defined as Riemann—Steltjes integrals as
we will now show. Take Y = B as example. Then for a Riemann-Steltjes
integral we have

=

t
BM&M—&Q%/BA& (15)
0

iy

0
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for increasingly fine partitions 0 =ty < ... < ty = t. From the properties of
Brownian Motion, we can conclude that E( n o Bi(Bi,, — B,)) =0, so
]E( fg B dBS) = 0. On the other hand, using integration by parts (which is
permitted for Riemann—Steltjes integrals):

t t
/‘Bsst;lﬁ——/zBsdB&
0 0

and taking expectation we find E(B2) = 0 which contradicts the fact that
for Brownian Motion E(B?) = ¢. We note that E( [ B, dB,) = 0 depends
crucially on how we approximate the integral in Equation ; taking in-
stead By, (By,,, — By,) with some 7, in between #;,; and t;, we would have
]E( f(f By dBS) # 0 in general, and even the value of the integral depends
on how the 7 are chosen! The value of the Riemann-Steltjes integral would
be independent of the specific choice of the 7, but Brownian Motion is
not regular enough for a stochastic integral to have the properties of the
Riemann—Steltjes integral. We will later use (broadly speaking) the approx-
imation to define our integrals as this will give us important properties
we would not get for other choices of the 7.

We will now explain for which integrands the Ito integral will be defined.
Let (2, A, P) be a probability space and {B;,t > 0} Brownian Motion.

Definition 6.1. Let M([0,T]) be the class of stochastic processes {Y;,t €
[0,T]} with the properties

1. The mapping Y : [0,7] x Q — R, (t,w) — Y;(w) is measurable with
respect to B([0,7]) ® A,

2. B(f, Y2 dt) < oo,

3. The process {Y'} is non—anticipating, that is for any ¢ € [0,7], the
random variable w — Y;(w) is independent of the increments {B(t +
h) — B(t),h > 0}.

The requirement [I| in Definition [6.1] is a technical point; the product
sigma—algebra B([0,T]) ® A is defined as the smallest sigma algebra on
[0,T] x © containing all rectangles of the form B x A where B € B([0,T))
and A € A. Basically, the condition ensures that Y2 can be integrated over
¢ and w simultaneously (as in item [I] of Definition [6.1)), and that the inte-
grals can be interchanged (Fubini-Tonelli). Exercise shows that we may
always assume that Brownian Motion is a member of M([0,T]) for any T}
in particular it satisfies property [I] in Definition [6.1 We will from now on
require all stochastic processes to have the property [T}
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Convention 6.2. A stochastic process on I is a mapping Y : [0,T] x Q —
R, (t,w) — Yi(w) measurable with respect to By @ A.

Our construction of the Ito integral proceeds in several steps.
Step I: A simple process is a process of the form

N
Y, = Z YioiLi, 40
k=1

for 0 =ty < ... < ty = T and random variables Y, ...Yy_1 with the
property that E(Y;?) < oo and Y}, is independent from { B(t;+h)— B(t,), h >
0} for each k£ =0,..., N — 1. For simple processes we define

T N
/ Y. dB, =) Yia(By — Bi,,).
0 k=1

Step II: Check that simple processes are in M([0,7]) and we have

5[ viam) =0, (16)
E((/TY; dB,)?) = ]E(/T Y2 dt). (17)

Step III: On M([0,1]) consider the norm
T 1/2
Ivi= (B v2as) "
0

Now Step II shows that for simple processes Y we have E(( fOT Y, dBS)Q) =

IY]|? so the mapping Y — fOT Y, dB; is a linear isometry.
Step IV: Suppose that Y € M([0,1]) and YV Y@ . is a sequence of
simple processes in M([0,1]) so that Y*) — Y in the ||.| norm as k —
oo. Then the integrals fOT Ys(k)st, k=1,2,... form a Cauchy sequence of
random variables in Lo(92, A, P); we call the limit fOT Y, dB;.

This finishes the definition of the stochastic integral at least for all pro-
cesses in M ([0, T]) which can be represented as limits of simple processes in
the ||.|| norm. We will now show that this is in fact all of M([0,T7).

Lemma 6.3. Every process in M([0,T1]) is the limit (in ||.||-norm) of simple
processes.
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Proof. Let Y € M([0,T]). Our goal is to approximate Y with simple pro-
cesses in the ||.]|-norm. We will first impose more assumptions on Y which
get subsequently lifted.
Step I: Assume that Y is bounded (i.e. |Y(t,w)| < C for some C and all
€ [0,T),w € Q), and further t — Y (t,w) is continuous for every w € €.
For a partition II := {(tp,...tn);0 = tp < ... < tx = T} of the interval
[0, T] with resolution |II| := max{ty —tx_1,k =1... N} we define the simple
process Yi(t,w) = Son Y (th—1,w)Ly, 4 4)- (The reader should check that
this is indeed a simple process.) If II,,,n = 1,2, ... is a sequence of partitions
so that |II,| — 0, then since Y is continuous in t it follows from standard
analysis results that

/T(Y(t,w) — Y, (t,w))> dt = 0

asn — oo. Since furthermore Y is bounded we obtain fOT(Y(t, W)=Y, (t,w))? dt <
4C and therefore by the bounded convergence theorem we get ||[Y — Y, ||* =
fo — Y, (t,w))* dt) — 0.

Step II: We drop the continuity assumption but still require |Y (¢, w)| < C.
For each n € N consider a nonnegative and continuous function ¢, on R
so that v, (¢ ) =0 1f either ¢ > 0 or t < —1/n and further [, v, (t) dt = 1.
Now put Y™ = fo Y(t — 5)Y (s,w) ds. Now Y™ is bounded (by C),
continuous, and a member of /\/l([ T)) for every n € N. (Use Fubini’s
theorem to show that Y™ ig non—anticipating.) Now for each w € € we
get from Lebesgue’s differentiation theorem (see [2], C4) that Y™ (t,w) —
Y (t,w) for almost all ¢ € [0,7]. Again by bounded convergence (over the
t variable) we get f Y™ (t,w) — Y (t,w))? dt — 0 as n — co. As in the
previous step, this implies ||[Y ™ — Y| — 0 as n — oc.

Step IIT: Finally, let Y be an arbitrary element of M([O 1]) and put Y™ :=
(Y An)V (=n). Then |Y ™| < |Y| for all n and also Y™ (¢,w) — Y (t,w) for
all t,w. Therefore ||Y(™ —Y|| — 0 by dominated convergence theorem. [J

Exercises for Section [6]

Exercise 6.1. Let (2,.A,P) be a probability space, {B;,t > 0} Brownian
motion, and M([0,T]) as defined in Definition [6.1] Show that there is a set
A € A with P(A) = 1 so that the process

. ):{Bt(w) if w e A,

0 else.
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is an element of M([0,7]). In particular, it is a stochastic process in the
sense of Convention (Hint: apply the same reconstruction process as
in Theorem and show that the process constructed in this way indeed
adheres to Convention [6.2] )

Exercise 6.2. Let (2, A, P) be a probability space, { By, t € [0,T]} Brownian
motion. For a partition IT := {(to,...tn);0 = tg < ... < ty = T} of the
interval [0, T'] with resolution |I1| := max{t; —tx_1,k = 1... N} consider the
quadratic variation of Brownian motion

N

St = Z(Btk - Btk—1)2

k=1

Show that Sy — T in Ly if |II| — 0. Compare this with the quadratic
variation of a function ¢ — f(¢) (stochastic or not) which has a continuous
derivative.
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7 Properties of the Ito integral; martingales

Let (€2, A,P) be a probability space and {B;,t > 0} Brownian Motion. Fur-
ther, let {Y;,t € [0,7]} be a stochastic process in M([0,T]). We want to
study properties of the stochastic integral fg Y, dBs, including as a func-
tion of the upper limit ¢. As one would expect, the integral is linear in Y
and also additive with regards to the time interval we are integrating over.
Furthermore, we will see (after some work) that it is a stochastic process in
the sense of definition [6.2] Here we will need to sort out an important yet
subtle technical difficulty which arises because we have defined the integral
fot Y, d By separately for each ¢ and these definitions now have to be spliced
together to form a stochastic process. Finally, we will see that this process is
a martingale, an important class of stochastic processes which we will learn
more about.

We start with the following important lemma which we have already used
and proved in the construction of the integral.

Lemma 7.1. ForY € M([0,T]) we have
T
B(( [ v dB) = IV

In particular, if Y™, n € N are elements of M([0,T]) with Y™ I-§ Y, then
iy a3 [Ty, dB,.

Elementary properties of the It6 integral are the following.
Lemma 7.2. Let X, Y € M([0,T]). Then

1. for \,u € R we have AX + pY € M([0,T]) and
T T T
0 0 0

2. for 0 < S < T we have X|ps € M([0,5]) as well as X1 €

M([S,T)), and
s T T
/ Xt dBt +/ Xt dBt - / Xt dBt,
0 s 0
3. The integral fOT X dB; is independent from {B(T +h) — B(T'),h > 0}
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The identities in items[1] and [ hold for all w in some set A with P(A) = 1
but in general, that set depends on \, i (in z'tem resp on S, T (in item @)

Proof. These identities hold for simple processes and therefore, using the
isometry, they hold for all processes in M([0,7]). Details can be found in
Exercise [T O

For the remainder of this course, we will work with a set of stochastic
processes V([0,T]) as integrands which is smaller than M([0,77]). This will
simplify the exposition.

Definition 7.3. Let V([0,77]) be the class of stochastic processes satisfying
items [I] and [2| in the definition of M([0,T7]) (see Def. [6.1)), but instead of

item [3] we have

3. for any t € [0,7] the random variable w — Y;(w) is measurable with
respect to {B(s),0 < s < t}.

We will later see that V(]0, 1) € M([0,T]).

As said, we want to establish that the stochastic integral is a stochastic
process (in fact an element of V([0, 7)) as a function of the upper integration
limit. We recall that the integral f(f Y, dB;s is constructed for each t € [0, 7]
separately. This results in a set of random variables indexed by ¢t but this will
not in general result in a stochastic process in the sense of Definition [6.2] as
will fail to have the required joint measurability in w and t. The ¢t-dependence
of the exceptional set mentioned at the end of Lemma is a related issue.
Similarly, it will be difficult to prove any regularity property in the variable
t, with w fixed, such as continuity.

On the other hand, for every ¢ the random variable fot Y, dB, is con-
structed by approximating Y|j 4 in M([0,t]) with ||.|| by simple processes
Y@ n € N. Yet there is freedom in chosing the {Y (™} chosing differ-
ent approximating sequences will strictly speaking result in different limits
for the stochastic integral, but any two of these must agree on a set of unit
probability. This freedom can be exploited to achieve better regularity in ¢,
essentially by controlling the regularity in ¢ of the approximating sequence
{y ™91 of simple processes. The following theorem, which we will not prove
but use extensively, explores this avenue.

Theorem 7.4. If Y € M([0,T]), then there ezists a stochastic process
{Z;,t € [0, T)} which is continuous in t for all w and so that

t
/ Y, dB, = Z,
0
for allt € [0,T), and for w € Ay, where Ay € A with P(A;) = 1.
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Note the t—dependence of the exceptional set A;.

Proof. See [5], Theorem 3.2.5. It follows from the proof that there exists a
sequence {Y™ n € N} of simple processes in M([0,7]) and a set A € A
with P(A) = 1 so that for all w € A,

t
/ Y™ dB, — Z,
0

uniformly in ¢. O

Theorem [7.4) may be seen as a generalisation of our construction of Brow-
nian Motion (Thm. [2.2) where we have constructed a sequence of simple
processes which (up to a set of measure zero) converge uniformly to Brow-
nian Motion. In the same way that Theorem proved the continuity of
Brownian Motion, Theorem [7.4] proves that the stochastic integral is contin-
uous as a function of the upper limit.

Definition 7.5. 1. A filtration (on (Q2,.A)) is a family {F;,t > 0} of
sigma algebras such that F, C F; C A for any 0 < s < ¢.

2. A stochastic process {Y;,t > 0} is adapted to a given filtration {F;, ¢ >
0} if Y} is F;—measurable for every ¢t > 0.

3. A stochastic process {M;,t > 0} is called a martingale with respect to
a given filtration {F;,t > 0} if

(a) M is Fi—adapted,
(b) E(|M,;]) < oo forall t > 0,
(c¢) E(My|Fs) = Mg for all 0 < s <t

Associated with every stochastic process {Y;, ¢ > 0} is a filtration {F;, ¢ >
0} given by F; := o{Y5; s <t} foreach t > 0. It is called the natural filtration
of Y or the filtration generated by Y. Of course any process is adapted to
its own natural filtration. The property |3| of Definition [7.3| says that any
member Y € V([0,7]) is adapted to the filtration generated by Brownian
motion. A martingale (with respect to some filtration {F}) is automatically
a martingale with respect to its natural filtration.

Lemma 7.6. Brownian motion is a martingale with respect to its natural
filtration.
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Proof. Fix t,s with 0 < s < t and let {F;} be the filtration generated by
Brownian motion. We know that E(|B;|) < oo and furthermore Brownian
motion has independent increments. This implies that B; — B, is independent
from F (this is an exercise in probability theory). Hence E(B; — B,|Fs) =0
which implies the martingale property. O]

Theorem 7.7. Let Y € V([0,T]). Then t — fOtYS dBs is a continuous
martingale with respect to the natural filtration of Brownian motion.

Proof. Let {F;} be the filtration of Brownian motion. The statement is true if
Y € V([0,T)) is a simple process (see Exercise[7.3)). Now let Y be an arbitrary
element of V([0,7]) and let Z; := fot Y; dB; (where we pick a continuous
version as per Theorem . It follows from the proof of Theorem that
there exists a sequence {Y™ n € N} of simple processes in V([0,7]) so that

the processes t — Z\") 1= fg Y, dB, are martingales, and for every t € [0, 7]
we have Zt(n) — Z; in Ly as n — oo. From the Martingale property we have
]E(Zt(n) - Zg(n)\}"s) = 0 for any 0 < s < t, but by the L, convergence, the left
hand side converges to E(Z; — Zs|Fs) in Ly as well, so this quantity must be
zero. This concludes the proof. O

Exercises for Section

Exercise 7.1. Let (Q2,.A,P) be a probability space, {B;,t > 0} Brownian
motion, and M([0,T]) as defined in Definition [6.1} If 0 < S < T, then the
definition of M([S,T]) should also be clear from a minor modification of
Definition [6.1

1. Show that the properties listed in Lemma hold if X,Y are simple
processes in M([0,T]).

2. Show that if the properties listed in Lemmahold for sequences { X, }
and {Y, } of elements in M([0,77]) so that X,, - X and Y,, — Y in the
[I-]| norm, then properties listed in Lemma [7.2] also hold for X, Y.

Exercise 7.2. Let (Q2,.A,P) be a probability space, {B;,t > 0} Brownian
motion.

1. Show that {B? —t,t > 0} is a martingale with respect to the natural
filtration of Brownian motion.

2. Show that if {Y;,¢ > 0} is a martingale, then E(Y;) does not depend
on t.
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Exercise 7.3. Let (Q2,.A,P) be a probability space, {B;,t > 0} Brownian
motion. Prove Theorem for simple processes Y € V([0,T]): The pro-
cess t — fot Y, dB; is a martingale with respect to the natural filtration of
Brownian motion.
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8 It6 processes and the Ito formula

Let (€2, A,P) be a probability space and {B;,t > 0} Brownian Motion.

Definition 8.1 (It6 processes). An [Ité process is a process {X;,t € [0,T]}
of the form

t t
Xt:X0+/ Y;ds+/ 7, dB,,
0 0

with Y, Z € V([0,7]). The first (Riemann) integral is called the absolutely
continuous part, the second (It6) integral is called the martingale part.

It turns out that X € V([0,T]) as well:

Lemma 8.2. If X is an Ité process on [0,T], then X € V([0,T]) and in
particular | X < oc.

Proof. See Exercise [8.1} m
Definition 8.3. If {X;,t € [0, 7]} is an It6 process of the form

t t
Xt:Xo+/ f. ds+/ 4. dB.. (18)
0 0

and Y € V([0,T]) so that also gY € V([0,T]), then we define the It6 integral
of Y against X as

t t t
/ Y, dX, = / Y, fs ds —i—/ Y,gs dBs. (19)
0 0 0

We see that the Ito integral of Y € V([0,7]) against an [to process X is
again an Ito process. In order to remember the formula , we may write
Equation heuristically in “differential form” as

dX; = fidt + g,d By,
and by multiplying with Y; we obtain Equation in differential form:
Y, dX, =Y, fidt + Y.g:d B;.

In Exercise [8.2] we will prove an approximation result for integrals against
[to processes, similiar to integrals against Brownian Motion.

Generalising from integration against Brownian Motion to integration
against [t0 processes is necessary when dealing with nonlinear mappings, as
we shall now explain. If {X;;¢t € [0,7]} is an It6 process (with values in
R) and A : R — R a nonlinear, differentiable function, then (subject to
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some integrability conditions) the process {h(X;);t € [0,T]} will again be
an It6 process; this is the main content of Itd’s theorem [8.4] It turns out
that in general, {h(X;)} will have a nontrivial absolutely continuous part
even if X does not have an absolutely continuous part (i.e. X is merely an
integral against Brownian Motion). This might seem counterintuitive, as
it is different from the “classical” situation where {X;;t € [0,7]} has only
an absolutely continuous part, that is X; = Xy + fot fs ds. Then by the
ordinary chain rule h(X,) = h(Xo) + [y I'(X,)fs ds, so again {h(X,)} has
only an absolutely continuous part. If {X;;t € [0, 7]} has only a martingale
part however, that is X; = Xy + fg gs dBs, then in general h(X;) is not

given by h(X,) + fot h'(Xs)gs dBs. We have already seen for example that
B2 #2 fg B, dB;,; further examples can be found in the Exercises.

Theorem 8.4 (The It6 formula). Let {X;,t € [0,T]} be an Ité process of
the form

t t
Xt:Xo+/ fsds+/gsdB’s s € (0,77, (20)
0 0

and h : [0,T] x R — R a function with d,h,d;h,0%,h all continuous and

) Y xx

bounded. Then Y; := h(t,X;) fort € [0,T] defines again an Ité process and
almost surely for each t € [0,T):

t t
Y, =Y, +/ {&h(s,Xs) + %aﬁzh(s,xs)gg} ds+/ d.h(s, X,) dX,.
0 0
(21)

Here’s how to remember the 1t6 formula (21)), which heuristically can be
written in differential form as

1
ay, = {&h(s, X,) + éagxh@,xs) gg} ds + 0:h(s, Xs)dXs.  (22)

To obtain this formula in a formal way, use Taylor expansion to second order:

1 1
+ §8t2th(t, X,)(dt)? + §8§$h(t, X)(dX,)? + 0%h(t, X,)dtdX,.

It turns out that (dt)? and dtdX; are higher—than—first-order terms which
can be ignored when integrating over ¢, while (dX;)? is actually a term of
order dt which cannot be ignored. To see this, and to find an expression for
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(dX¢)?, we use the representation dX; = fidt + ¢;:dB; (a heuristic form of
Eq[20). This gives

(dX,)* = f2(dt)? + g2(dB,)* + 2f,9,dtd By,
dtht = ft(dt)2 + gtdtdBt

Note first that if we treat (dt)?, dtdB; and (dB;)? according to the following
multiplication table:

x dt dB,
a 0 0
dB, 0 dt,

we get dtdX; = 0 and (dX;)? = g?dt. Replacing with this in Equation
we obtain Equation (22)).

Why is it justified to treat the higher—order terms in this way upon in-
tegration? Let Il := {0 =t; < ... < ty = T} be a partition of the interval
[0,7] and write |II| := maxg—1, n |[tx — tx—1|. Now heuristically (for some
continuous function 7)

.....

T N
‘ / re dtdBy " =Y 1y (B = t)(By,, = By)
0

k=1

N
<max|By, ., = By,|- Z 74| (T — tr)-
k=1

If |II| — 0, the second term converges to fOT |r¢| dt while the first converges
to zero since the paths of B are uniformly continuous on [0, 7']. Therefore we
may set dtdB; = 0 as claimed. A similar argument holds for terms of order
(dt)?. Terms of order (dB;)? however behave differently; to analyse those
terms it is essential to assume that r € V([0, 7). Then

T N
“/ Tt (dBt>2 = Zrtk (Btk+1 - Btk)z
0
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The sum S; on the right hand side converges to fOT ry dt if |II| — 0. The

second sum Sy; converges to zero in Ly if |II] — 0, as we will now demon-

strate. We use the abbreviations Ayt := t341 — ty and Ay B := By, ., — By,;

the terms in Sy; can now be written as 7y, (Axt — (AxB)?). Using that ry,

is independent from At — (AgB)? for k= 1,..., N (since r € V([0,T7])) as
well as the properties of the increments A, B we obtain

E[ry, (Axt — (ArB)*)] =0,

2 2 e
E[Ttkrtl(Akt i (AkB)2)(Aﬂf B (AZB>2)] _ {QE [Ttk} (Akt) ifk= l,

0 else.

(24)

Therefore E[S%,] = 23 E[r2 [(Axt)? — 0 as || = 0. This demon-
strates, on a heuristic level, that (dB;)* = dt.

Proof of Ito’s theorem. The proof of It0’s theorem basically proceeds by mak-
ing the discussed heuristics rigorous. For the sake of simplicity, we will as-
sume that h does not depend on ¢t. We can also take ¢ in Equation
to be equal to T' (the proof for general ¢t € [0,7] is the same). Further-
more, there are several steps that will be relegated to the exercises. Let
I={0=ty<...<t, =T} a partition of the interval [0,T]; as before we
write |II| = maxg—1, .tk — tp—1.

Step I: Using Taylor’s theorem, we obtain

YT = YE) + Z h(th) - h(th—1)

k=1
= Yo+ Y 0:h(X0,) (X, — Xy ) (25)
k=1
1 n
+ 5 ;(ath(th) + Rk)(th - th_1)27 (26)
where for Taylor’s remainder terms we have S, := maxg|Ry| — 0 almost

surely if |II| — 0.

Step II: The sum in converges in Ly(Q, A, P) to fOT O.h(X,) dX; if
III] — 0. To show this, according to Exercise we need to prove that
the approximating process t — > ' | 9,h(Xy, )1y, 4, ,)(t) converges in the
Il norm to the process ¢t — 9,h(X};). This holds because X is continuous in
t and 0,h is continuous and bounded (see Exercise for details).
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Step III: We now consider the sum in (20):
Z h(Xy,) + Ri) (X, = Xy, )P
= Z h( Xy, ) (X, — th71)2 (27)

+ 5 ; Rk(th - thq)z (28)

To continue we need the following Lemma which we will use several times in
the following;:

Lemma 8.5. Suppose Y,,, Z,,n = 1,2, ... are sequences of nonnegative ran-
dom wariables so that E(Z,) < ( for all n and Y, — 0 almost surely as
n —oo. Then Y, Z,,n=1,2,... converges to zero in probability.

Proof. For any z,e > 0 we have

P(Y,Zy > €) = P({YoZn > €} 0 {Z0 < }) + P{YaZ0 > €} N {Z, > z})
<PY,x>¢€)+P(Z, > z)

< ]P)(Y;l-r > E) + £7
T

the last inequality following from Markov’s inequality. We may now choose
first x to make the second term small. Since Y, x converges to zero in prob-
ability, we can now render the first term arbitrarily small by chosing n large
enough. O]

We will use Lemma to show that the sum in (28) converges to zero
in probability. Since | > 0, Re(Xy, — Xi )P < Sudop (X — Xt ))?
and {S,,n € N} converges to zero almost surely if |I[I| — 0, we can apply
Lemma with Y, := S, and Z, = Y ;_ (X, — X4, _,)?, if we can show
that E(>_,_, (Xk+1 — Xt,)?) can be bounded independent of n. This is done
in Exercise by direct use of the representation of X.

Step IV: We now consider the term in , which we need to split up, using
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the representation of X

= Z th th th71)2
th+1 2
_ Z h(X,,) ( / 0" st> (29)
ti
tr41 2
Z h(X,,) ( fs ds) (30)
t

k

tr4+1 tr4+1
Z h(X,,) fy ds / gs dB,. (31)

tr tr
We first show that the terms go to zero in probability if |H| — 0. To
this end, we note that |92 h(. )| < C by assumption. Further, | ft M ds| <
f;:““| fs| ds. Finally, since the function ¢ — fo gs dB, is uniformly continuous

n [0,7], we can conclude that S, := maxk<n|ft’““gs dBs| — 0 as. if
]H| — 0. We therefore find for the thlrd term (31) that

trt1 trt1
’ Z th fs dS / gs st’

ty tg

T
< OSHZ/ £l ds < csn/ 1] ds,
k=1 "tk 0

and we can now apply Lemma ﬁ with Y,, := S5, and Z,, := fOT |fs| ds. The

same argument works for the term since the function ¢t — fot fs ds, too,
is uniformly continuous on [0, 7.
Step V: In this step, which is the most difficult part, we show that (roughly

speaking) for |II]| very small we have (Lt:“gs dBS> ftk“ 2 ds in the
sum (29). Thus we need to compare the sum (29) with

trt1 )
Z h(X:,) / g; ds. (32)
ty

But first note that the sum in display converges to = fo 2 h(X,)g? ds
almost surely if |II] — 0, which is the desired term. To show that the
difference between the sums in displays and converges to zero in
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probability, we introduce the abbreviations

t t
my ::/gg ds, M; ::/gs dB;,
0 0

tk+1 tk+1
O 1= / gg ds, A := / gs dB;.
tk tg

With this, we square the difference between the sums in and , take
the expectation, and find

(S ([an) - Eoman )
=K (Z h(X;, ) (A2 — 5k)>2
= ZE h(X0 )2 (A — 6,)%)

C (Z E(A}) 4 ijﬂ«:(é@) .

The second equality follows as in Equation because the terms under the
sum are uncorrelated (see also Exercise E the important point here is that
the discrete—time stochastic process {d_,_, 92, h(Xy, ) (A7 — 0x),n € N} is a
Martingale). For the remainder of step V, we assume that |m;| < L, |M;| < L
for all t € [0,7] and all w € Q. (This restriction will be removed in step VI.)
We may now estimate Y ,_, 07 < maxy 0y - my which goes to zero almost
surely because the process t — m; is uniformly continuous. By bounded
convergence, it also goes to zero in expectation. For the first term on the
last line of display we have (using the Cauchy—Schwartz inequality)

(33)

Z]EAi < E(ml?x A7 - Z A?)
k=1 k=1

(35)

Since maxy, A} goes to zero almost surely (because the process t — M, is
uniformly continuous) it also goes to zero in expectation by bounded conver-
gence, and the remaining task is to demonstrate that E(>";_, A?)? remains
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bounded as |II] — 0.

B(Y AL = 3 3 BAIA;
k=1

k=1 I=1
= iEAi + QZTL: zn: EAZA?.
k=1 k=1 l=k+1

Note that we have encountered the first term on the right hand side al-
ready in Equation but now we merely need to show that this term is
bounded. But this follows from the first inequality in as max A? < [?
and E(>")_ A}) fo ) ds (this follows from the deﬁmtlon of the It6 in-
tegral, see Lemma . For the mixed term, we note that if [ > k then
E(A; M, M,,) = E(A;M?) by the martingale property. Hence

E(ARAY) = E(AR(M;

tit1

+ Mt2l Y 2Mtl+1Mtl))

= E(AY(MZ,, — M),
and therefore
3T E(AAY) =) E(AYM: = M)
k=1 1=k+1 k=1
<207 "E(A})
k=1

T
= 2L2/ E(g?) ds.
0

Step VI: 'We now remove the condition that m and M are bounded and
define

Z h( X, ) (A2 = 6), (36)

This is the quantity investigated in Step V, see Equation , but for M, m
bounded. In order to apply the results from Step V, we introduce stopping

times
Ty, :=inf{t € [0,T],|M;| > L or |my| > L},

and let K ) be as in Equation (3 , but with M, m replaced with { M7, ,t €
[0,7]} and {mr7,,t € [0,T]}, respectively. Then Step V can be applied to

KT(LL) since M 7, is now a bounded Martingale, with m_,r, also bounded (see
Exercises for more details on this step).
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Now

P(| K| > ¢) = P({|Kyn| = e} N{TL > T}) + P({|K,| > c} N{T, <T7})
=P{|K"| >} n{TL > T}) + P({|K,| > c} n{T, < T})
<P(KM| > e)+P(Ty < T),

where we use that K,SL) = K, if m, M do not reach their bounds and the
stopping never happens. But applying Step V to K}SL), the first term goes to
zero with |II| — 0 while the second term goes to zero if L — oo since M, m
have bounded paths with probability one. O

Exercises for Section

Exercise 8.1. Prove Lemma [8.2 It may help to prove the lemma for the
absolutely continuous part and the martingale part separately, and by taking
Y, Z to be simple processes first. Also note the general fact that if a sequence
{fn} of random variables is measurable with respect to some sigma algebra
G and converges in Ly to some f, then also f is measurable with respect to

Gg.

Exercise 8.2. Show the following Lemma: If {X} is an It6 process of the
form and {Y® n € N} is a sequence of processes in V([0,7]) so that
Y™ converges to Y and also Y™ g converges to Yg in the ||.| norm, then

fOT Yt(") dX, converges to fOT Y, dX; in Ls.
Note:

Exercises discuss some applications of the Ito formula, while Exer-
cises 8.9| fill in bits of the proof of the Ito formula.

Exercise 8.3 (A stochastic differential equation). Let {B;,t > 0} be Brow-
nian motion on some probability space (€2, .A,P). Find the Itd6 process
{X},t > 0} that solves the stochastic differential equation

dX, = (-B? + 2t*B? — t)X,dt — 2t B, X,d B,

with initial condition X, = 1. (Hint: Apply Ito’s theorem to X; = exp(o(t, By))
and try to find ¢.)

Exercise 8.4. Let {B;,t > 0} be Brownian motion on some probability
space (92, A,P).
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1. Find a function ¢ so that the process t — X; := exp(B; — ¢(t)) can be
written as an Ito—process without absolutely continuous part (i.e. up to
a constant, { X} is a stochastic integral).

2. Use the first item to prove that E(X;) = exp(—¢(0)) for all ¢ > 0.

Exercise 8.5. To complete Step II of the proof of the Ito6 formula, show
that the approximating process t — Y ¢ | 0.h(Xy) 1Ly, 1,,,)(t) converges in
the ||.|| norm to the process t — 9,h(X;). (Hint: because X is continuous in
t and 0,h is continuous, this holds pointwise for all ¢,w. Now use that 0,h
is bounded.)

Exercise 8.6. In Step IIL, show that E(>",_ (Xy+1 — Xx)?) can be bounded
independent of n. Hint: use the representation of X.

Exercise 8.7 (More on martingales). In this exercise, we find the reason
why the cross terms in Step V of the proof of [t6’s theorem cancel.

1. Let {M;,t > 0} be a martingale with respect to some filtration {F;,t >
0}, and suppose that E(M?) < oo for all £ > 0. Show that

n—1

n—1 2
I Z My, — Mtk] B ZE I:Mthrl - Mtk]2
k=0 k=0

for any partition 0 =t; < ... <t, € R.

2. Let {B:,t > 0} Brownian motion, {F;,¢ > 0} the filtration generated
by Brownian Motion, and g € V([0,T]). Put M, = fot gsdB, and show
that V; = M? — [} g2ds is a martingale w.r.t. {F;,t > 0}. (Hint: Prove
this first for g € V([0, T]) simple.)

Exercise 8.8 (Stopped martingales). In this exercise, we learn how a mar-
tingale can be stopped to give a bounded martingale. We will consider the
discrete time case first. You might want to read a little bit on “Optional
Stopping” of martingales (e.g. Breiman).

Let {M,,n € N} be a martingale in discrete time, with respect to some
filtration {F,,n € N}. That is E(|M,]) < oo, M, is F,, measurable for all
n € N, and E(M,,|Fy) = My, if & < n. Further, a stopping time is a random
variable T':  — N so that the event {T' < k} € Fj for all k € N.

1. Show that the event {T" > k} € Fj for all k € N.

2. Prove that Mr,, is F,-measurable for all £ € N. (Hint: Show that
every random variable Y can be written as ZZ:1 Ylr—iy + Y1rsny,
apply this with Y = Mr,, and use the previous item).
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3. Prove that E(Mpa,|Fr) = Mpag for all & < n. (Hint: Use the repre-
sentation in item [2| with Y = Mpa, — Mrpag).

4. Prove that E(|M,|- Ly, >21) = E([Mran| - Liatpn, >e) for all z > 0.
(Hint: Use the representation in item 2| with Y = (|M,| — |Mzanl) -
]1{|MT/\’IL|>x}>'

Exercise 8.9 (Stopped martingales in continuous time). In this exercise, we
show that the results of the previous exercise hold in continuous time. Let
{M;,t > 0} be a continuous martingale w.r.t. some filtration {F;, ¢ > 0}.
Now, a stopping time is a random variable 7" : {3 — R so that the event
{T <t} € F, for all t > 0. You can use without proof that the mapping
w — Mp)ae is measurable with respect to A.

1. If T is a stopping time that assumes only countably many values, prove
for all t > s > 0 that

IE<]\4T/\1E|~F‘s) = MT/\s
and for all ¢ > 0 and z > 0 that
]E(|Mt| ) ]l{|MTAt\>I}) > IE(|]\4T/\t| ’ ]l{|MTAt\>CE})
(Hint: Use the results of the previous exercise).

2. If T is a stopping time, show that for each n € N,

k kE—1
if

g —
n AL

k
<T< —
= on

is a stopping time assuming only countably many values.

3. If T is a stopping time and S™ defined as in the previous item, show
that Mgm),, — Mra, almost surely if n — oo. (Hint: Use continuity.)

4. Conclude from the other items that if T is a stopping time, then
{Mrp,t > 0} is a martingale w.r.t. {F;, ¢ > 0}, that isforall 0 < s <t

E<MT/\t|fs) - MT/\s

(Hint: The idea is to apply the first relation in item [1| to the stopping
times S and take the limit. But item [3| only gives you a.s. conver-
gence. You need the second relation in item |1 to conclude that the
random variables M) 5, are uniformly integrable; check the references
on probability theory, e.g. Breiman, for this concept.)
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