CHAPTER 3

Stochastic Integration

1. Motivation

Suppose A(t) is your position at time ¢ on a security whose price is S(t). If you
only trade this security at times 0 =tg < t; <ts <--- <t, =T, then the change
in the value of your wealth up to time T is given by

X(tn Z A(t:)(S(tis1) — S(t:)

If you are trading this continuously in tlme, you’d expect that a “simple” limiting
procedure should show that your wealth is given by the Riemann-Stieltjes integral:

/AdS

n—1

X(0)= T S A@)(S(ti) -
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Here P={0=ty < ---
This has been well studied by mathematicians, and it is well known that for the

above limiting procedure to “work directly”, you need S to have finite first variation.

Recall, the first variation of a function is defined to be

Viory(S) £ lim )" |S(tisr) — S(t:)] -

It turns out that almost any continuous martingale S will not have finite first
variation. Thus to define integrals with respect to martingales, one has to do
something ‘clever’. It turns out that if X is adapted and S is an martingale, then the
above limiting procedure works, and this was carried out by Ité (and independently
by Doeblin).

2. The First Variation of Brownian motion

We begin by showing that the first variation of Brownian motion is infinite.

ProPOSITION 2.1. If W is a standard Brownian motion, and T > 0 then
n—1
k+1 k
li — ) - — )| =0c0.
Jm B W (=) -w(5)| = o
k=0
REMARK 2.2. In fact

lim g’W(k:; 1) - W(E)’ =00 almost surely,

n—00 n

< t, = T} is a partition of [0, 7], and || P|| = max{t;+1—t;}.

but this won’t be necessary for our purposes.

PROOF. Since W ((k + 1)/n) (k/n N(0, 1/n) we know

E+1 C
E’W( )-w /|:13|G =
where J
C:/ v 2 Y EIN(0,1)].
[ole™*/2 - = BN (0.1)
Consequently

S o (A1) -w(®)] = G2 == e

3. Quadratic Variation

It turns out that the second variation of any square integrable martingale is
almost surely finite, and this is the key step in constructing the It6 integral.

DEFINITION 3.1. Let M be any process. We define the quadratic variation of
M, denoted by [M, M] by

n—1

[M,M](T) = lim > (A;M)?,

1Pll—0 =
=0

where P = {0 = T} is a partition of [0,7T], and A;M =

M(tiy1) — M(t:).

PROPOSITION 3.2. If W is a standard Brownian motion, then [W,W|(T) =T
almost surely.

t <t <ty =

PROOF. For simplicity, let’s assume t; = T%/n. Note
n—1 . n—1
i+ 1)T 1T\ 2
S -1 =S (ST () -7 =T
=0 =0
where T T e T
g (aw)2— L - <W<<Z+7>) —w(Ey =L
n n n n
Note that &;’s are i.i.d. with distribution N(0,7/n)? —T/n, and hence
T*(EN(0,1)* —1)
5 .

E¢ =0 and Var¢; =

n
Consequently

)n~>ooo

Var (LZ &) EN((:L 1t -

)

which shows
n—1

fﬂ(W(W)_W(ZZ))Q_T:;&’H—"%O. 0

def

COROLLARY 3.3. The process M (t) = W (t)? — [W, W](t) is a martingale.
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PROOF. We see

EW(t)*~t|F,)=E

and hence E(M(t) | Fs) = M(s). O

The above wasn’t a co-incidence. This property in fact characterizes the

quadratic variation.

THEOREM 3.4. Let M be a continuous martingale with respect to a filtration {F}.
Then EM (t)? < oo if and only if E[M,M](t) < oo. In this case the process
M (t)? —[M, M](t) is also a martingale with respect to the same filtration, and hence
EM(t)? — EM(0)? = E[M, M|(t).

The above is in fact a characterization of the quadratic variation of martingales.

THEOREM 3.5. If A(t) is any continuous, increasing, adapted process such that
A(0) =0 and M(t)? — A(t) is a martingale, then A = [M, M].

The proof of these theorems are a bit technical and go beyond the scope of
these notes. The results themselves, however, are extremely important and will be
used subsequently.

REMARK 3.6. The intuition to keep in mind about the first variation and the
quadratic variation is the following. Divide the interval [0, 7] into 7'/dt intervals of
size 6t. If X has finite first variation, then on each subinterval (kdt, (k + 1)dt) the
increment of X should be of order é¢. Thus adding 7'/0t terms of order §t will yield
something finite.

On the other hand if X has finite quadratic variation, on each subinterval
(kSt, (k + 1)6t) the increment of X should be of order v/dt, so that adding T'/dt
terms of the square of the increment yields something finite. Doing a quick check
for Brownian motion (which has finite quadratic variation), we see

E|W(t + 6t) — W (t)| = VotE|N(0,1)],
which is in line with our intuition.

REMARK 3.7. If a continuous process has finite first variation, its quadratic
variation will necessarily be 0. On the other hand, if a continuous process has finite
(and non-zero) quadratic variation, its first variation will necessary be infinite.

4. Construction of the It6 integral

Let W be a standard Brownian motion, {F;} be the Brownian filtration and D
be an adapted process. We think of D(¢) to represent our position at time ¢ on an
asset whose spot price is W(t).

LEMMA 4.1. Let P = {0 =ty < t1 < ta < ---} be an increasing sequence of

times, and assume D is constant on [t;,t;11) (i-e. the asset is only traded at times
to, - ., tn). Let Ip(T), defined by

Ip(T) = i D(t)AW + D(tp,)(W(T) = W(tn)) if T € [tn,tni1)-
=0

be your cumulative winnings up to time T. As before AW = W (tigq) — W (t:).
Then,

(4.1) EIP z+1 —ti)+D(tn)2(T_tn)

= 2[3 pey?

Moreover, Ip is a martingale and

ZfT € [tnv tn-{-l) .

n—1

= Z D(ti)Q(ti—H - ti) + D(tn)2(T - tn) ZfT S [tn; tn—i—l) .
=0

(4.2) [Ip,Ip)(T)
This lemma, as we will shortly see, is the key to the construction of stochastic
integrals (called Itd integrals).

Proor. We first prove (4.1) with T' = t,, for simplicity. Note

ZED

By the tower property
ED(t;)*(AiW)? = EE(D(t:;)*(AW)? | F,)
= ED(t:;)*E((W (tis1) — W(t;)

Similarly we compute

n—1j5—1

2(AW) +QZZED

7=0 =0

(4.3) EIp(t t)(AW)(A; W)

)? | Fri) = ED(t:)*(tig1 — L) -

ED(t;)D(t;)(A;W)(A;W) = EE(D(t:)D(t;)(A;W)(A; W) | F,)
= ED(t:) D(t;)(AW)E((W (tj41) — W(t;)) | Fr;) =0

Substituting these in (4.3) immediately yields (4.1) for ¢, = T.

The proof that Ip is an martingale uses the same “tower property” idea, and
is left to the reader to check. The proof of (4.2) is also similar in spirit, but has
a few more details to check. The main idea is to let A(¢) be the right hand side
of (4.2). Observe A is clearly a continuous, increasing, adapted process. Thus, if we
show M? — A is a martingale, then using Theorem 3.5 we will have A = [M, M| as
desired. The proof that M? — A is an martingale uses the same “tower property”
idea, but is a little more technical and is left to the reader. (I

Note that as || P|| — 0, the right hand side of (4.2) converges to the standard

Riemann integral fOT D(t)?dt. 1t6 realised he could use this to prove that Ip itself
converges, and the limit is now called the It6 integral.

THEOREM 4.2. If fo )2 dt < oo almost surely, then as | P|| — 0, the processes
Ip converge to a Contmuous process I denoted by

)éADwmm

This is known as the It6 integral of D with respect to W. If further

T
D(t)?dt < oo,
0

4.4 I(T)E lim
(4.4) (T) A

(4.5) E
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then the process I(T) is a martingale and the quadratic variation [I,1] satisfies
T
T) :/ D(t)*dt almost surely.
0

REMARK 4.3. For the above to work, it is crucial that D is adapted, and
is sampled at the left endpoint of the time intervals. That is, the terms in the
sum are D(ti)(W(ti_;,_l) — W(tl)), and not D(ti+1)(W(ti+1) — W(tl)) or %(D(tt) +
D(tit1))(W(tig1) — W(t;)), or something else.

Usually if the process is not adapted, there is no meaningful way to make sense
of the limit. However, if you sample at different points, it still works out (usually)
but what you get is different from the It6 integral (one example is the Stratonovich
integral).

REMARK 4.4. The variable ¢t used in (4.4) is a “dummy” integration variable.

Namely one can write
/ D(s)dW (s / D(r)dW (r

/DdW

or any other variable of your choice.

COROLLARY 4.5 (It6 Isometry). If (4.5) holds then

/DdW —E/D

PROPOSITION 4.6 (Linearity). If D1 and Dy are two adapted processes, and
a € R, then

/OT(Dl(t)—i—aDg(t))dW /D1 £y dw (¢ +a/ Do) dW (2).

REMARK 4.7. Positivity, however, is not preserved by It6 1ntegrals Namely

if D1 < Ds, there is no reason to expect fOT Dy (t) dW (t) fo Do (t) dW (t).
Indeed choosing D; = 0 and D; = 1 we see that we can not possibly have
0= fo D1 (t) dW (t) to be almost surely smaller than W (T fo Do (t) dW (t).

Recall, our starting point in these notes was modelhng stock prices as geometric
Brownian motions, given by the equation

dS(t) = aS(t) dt + oS(t) dW (t).

After constructing Itd integrals, we are now in a position to describe what this
means. The above is simply shorthand for saying S is a process that satisfies

S(T) — S(0) = /0 " sty di + /O " Sy ).

The first integral on the right is a standard Riemann integral. The second integral,
representing the noisy fluctuations, is the It integral we just constructed.

Note that the above is a little more complicated than the It6 integrals we will
study first, since the process S (that we’re trying to define) also appears as an
integrand on the right hand side. In general, such equations are called Stochastic
differential equations, and are extremely useful in many contexts.

5. The Ito6 formula

Using the abstract “limit” definition of the It integral, it is hard to compute
examples. For instance, what is

T
/O W (s)dW (s)?

This, as we will shortly, can be computed easily using the It6 formula (also called
the Ité-Doeblin formula).

Suppose b and o are adapted processes. (In particular, they could but need not,
be random). Consider a process X defined by

T T
+/O b(t)dt+/0 o(t)dW ().

Note the first integral fo t)dt is a regular Riemann integral that can be done
directly. The second integral the Ito integral we constructed in the previous section.

(5.1) X(T) =

DEFINITION 5.1. The process X is called an Itd process if X (0) is deterministic
(not random) and for all T' > 0,

(5.2) E /

REMARK 5.2. The shorthand notation for (5
(5.1) dX(t) =b(t)dt + o(t) dW(t).

T
2dt < 0o and / b(t)dt < co.
0

.1) is to write

PROPOSITION 5.3. The quadratic variation of X is
T
(5.3) [X, X|(T) :/ o(t)>dt almost surely.
0
PROOF. Define B and M by

B(T) = /O “otydt and  M(T) = /0 oty dw(t).

and let P ={0 =ty <t < -+ <t, =T} be a partition of [0,7], and ||P| =

max; t;+1 — t;. Observe
n—1 n—1 n—1 n—1
S AX)? =D (MM +) (AB)? +2> (AiB)(AM).
=0 =0 =0 =0

The first sum on the right converges (as || P|| — 0) to [M, M](T), which we know is

exactly fo 2dt. For the second sum, observe

(A;B)? = (/ s ds)2 < (max|bf2) (tiyr — ;)2 < (max|b[2)||P||(tisr — t:) .

i

Hence

’ZAB ‘ 1P| (maxb2) T L2129 o
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For the third term, one uses the Cauchy-Schwartz inequality to observe

n—1 n—1 ) 1/2 n—1 ) 1/2 1P|—0
S| < (@) T (D @) S 0 (v, M) = 0
i=0 i= i=

O

REMARK 5.4. It’s common to decompose X = B + M where M is a martingale
and B has finite first variation. Processes that can be decomposed in this form are
called semi-martingales, and the decomposition is unique. The process M is called
the martingale part of X, and B is called the bounded variation part of X.

PROPOSITION 5.5. The semi-martingale decomposition of X is unique. That
is, if X = By + My = By + My where By, By are continuous adapted processes with
finite first variation, and My, My are continuous (square integrable) martingales,
then Bl = BQ and M1 = Mg.

Proor. Set M = My — Ms and B = B; — By, and note that M = —B.

Consequently, M has finite first variation and hence 0 quadratic variation. This
implies EM (t)?> = E[M, M](t) = 0 and hence M = 0 identically, which in turn
implies B =0, By = By and My = M. (Il

As an immediate consequence, we see that the sum of an Itd integral and

Riemann integral is a martingale, if and only if the Riemann integral is identically 0.

PROPOSITION 5.6. Suppose b, o are two adapted processes satisfying (5.2), and
let X be as in equation (5.1). Then X is a martingale if and only if b is identically 0.

PRrROOF 1. If b is identically 0, then we already know that X is a martingale.

To prove the converse, suppose X is a martingale. Then the process B(T) =
fOT b(t)dt = X(T)— X(0) — foT o(s)ds is the difference of two martingales, and so
must itself be a martingale. Now the 1t6 decomposition of the process B can be
expressed in two different ways: First B = B + 0, where B has bounded variation,
and 0 is a martingale. Second B = 0 + B, where 0 has bounded variation, and B is
a martingale. By Proposition 5.5, the bounded variation parts and martingale parts
must be equal, showing B = 0 identically. (Il

PROOF 2. Here’s an alternate, direct proof of Proposition 5.6 without relying
on Proposition 5.5. Suppose X is a martingale. Then as above, the process B(T') =

fOT b(t) dt must also be a martingale, and so we must have E(B(T + h) | Fr) = B(T)
for every h > 0. Thus

/OT b(t)dt = B(T) = E(B(T + h) | Fr) = E(/()T+h b(t) dt ‘ FT)

T T+h
:/O b(t)dt+E(/ b(t)dt | Pr).

T
This implies

E(/THLb(t)dt ‘ FT) ~0,

T

for every h > 0. Dividing both sides by h, and taking the limit as h — 0 shows

0= lim E(% /TM b(t) dt ’ FT> - E(hm 1 /TM b(t) dt ’ FT)

h—0 T h—0 h Jp
- E(b(T) ‘ FT) — b(T).

Thus b(T) = 0 for every T' > 0. This forces the process B to be identically 0,
concluding the proof. O

Given an adapted process D, interpret X as the price of an asset, and D as
our position on it. (We could either be long, or short on the asset so D could be
positive or negative.)

DEFINITION 5.7. We define the integral of D with respect to X by
T T T
/ D(t)dX(t) = / D(t)b(t) dt + / D(t)o(t)dW (t).
0 0 0

As before, fOT D dX represents the winnings or profit obtained using the trading
strategy D.

REMARK 5.8. Note that the first integral on the right fOT D(t)b(t) dt is a regular
Riemann integral, and the second one is an It6 integral. Recall that It6 integrals
with respect to Brownian motion (i.e. integrals of the form fot D(s)dW (s) are
martingales). Integrals with respect to a general process X are only guaranteed to
be martingales if X itself is a martingale (i.e. b = 0), or if the integrand is 0.

REMARK 5.9. If we define Ip by
n—1
Ip(T) = Z D(t:)(A; X))+ D(t,)(X(T) — X(tn)) U T E [tn,tns1),
i=0

then Ip converges to the integral fOT D(t)dX (t) defined above. This works in the
same way as Theorem 4.2.

Suppose now f(t,x) is some function. If X is differentiable as a function of ¢
(which it most certainly is not), then the chain rule gives

T
FX(T) = 70.X0) = [ o X(0)) i
T T
:/ atf(t,X(t))dt+/ D f(t X (8) 9,X (1) dt
0 0

T T
:/ 8tf(t,X(t))dt+/ O f(t, X (1)) dX(t).
0 0

It process are almost never differentiable as a function of time, and so the above
has no chance of working. It turns out, however, that for Ité6 process you can make
the above work by adding an Ité correction term. This is the celebrated It6 formula
(more correctly the It6-Doeblin® formula).

1W. Doeblin was a French-German mathematician who was drafted for military service during
the second world war. During the war he wrote down his mathematical work and sent it in a
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THEOREM 5.10 (It formula, aka It6-Doeblin formula). If f = f(¢,x) is C12
function® then

(5.4) F(T,X(T)) - £(0,X(0)) = / O (t, X (1)) dt + / 0, £(t, X (1)) dX (1)

T
+%/O D2f(t, X (t) d[X, X](t).

REMARK 5.11. To clarify notation, 9;f(t, X (¢)) means the following: differ-
entiate f(t,z) with respect to t (treating x as a constant), and then substitute
x = X(t). Similarly 0, f(t, X (t)) means differentiate f(¢,z) with respect to x, and
then substitute z = X (¢). Finally 02 f(¢, X (¢)) means take the second derivative of
the function f(¢,x) with respect to x, and the substitute z = X (¢).

REMARK 5.12. In short hand differential form, this is written as
(5.4") df(t,X()) = 0 f(t, X (1)) dt + 9, f(t, X (1)) dX (t)
1
+ SO27(6 X (1) dIX, X](6).

The term 102f d[X, X](t) is an “extra” term, and is often referred to as the Ito
correction term. The It6 formula is simply a version of the chain rule for stochastic
processes.

REMARK 5.13. Substituting what we know about X from (5.1) and (5.3) we
see that (5.4) becomes

T
f(T, X(T)) = f(0,X(0)) =/0 (Oef (£, X (1) + 0 f (2, X (£))b(1)) dt

T 1 T , 2
+ [ o x@emaw e +5 [ e xw)ow?a.

The second integral on the right is an It6 integral (and hence a martingale). The
other integrals are regular Riemann integrals which yield processes of finite variation.

While a complete rigorous proof of the It formula is technical, and beyond the
scope of this course, we provide a quick heuristic argument that illustrates the main
idea clearly.

INTUITION BEHIND THE ITO FORMULA. Suppose that the function f is only a
function of # and doesn’t depend on ¢, and X is a standard Brownian motion (i.e.

sealed envelope to the French Academy of Sciences, because he did not want it to “fall into the
wrong hands”. When he was about to be captured by the Germans he burnt his mathematical
notes and killed himself.

The sealed envelope was opened in 2000 which revealed that he had a treatment of stochastic
Calculus that was essentially equivalent to It6’s. In posthumous recognition, 1t6’s formula is now
referred to as the It6-Doeblin formula by many authors.

2Recall a function f = f(t,z) is said to be C12 if it is C1 in ¢ (i.e. differentiable with respect
to t and O;f is continuous), and C? in x (i.e. twice differentiable with respect to « and 9 f, 82 f
are both continuous).

b=0and o = 1). In this case proving It6’s formula reduces to proving

T 1T
FV (D) - Fv o) = [ roveyawo +; [ rve)ar.
0 0
Let P={0=ty <t; <--- <ty =T} be a partition of [0, T]. Taylor expanding
f to second order gives

n—1

(5.5) FW(D) = f(W(0) = D f(W(tis1)) = F(W(t:))

=0
n—1 n—1 n—1
= 3 POV + 5 3 FV )BT + 5 3 o((AV)?),
=0 =0 =0

where the last sum on the right is the remainder from the Taylor expansion.
Note the first sum on the right of (5.5) converges to the It6 integral

T
| roveyawe.
For the second sum on the right of (5.5), note
FI W (D)) (AW)? = F"(W () (tipr — ta) + f (W () [(AW)? = (b1 — t3)] -

After summing over 4, first term on the right converges to the Riemann integral
fOT f"(W(t))dt. The second term on the right is similar to what we had when
computing the quadratic variation of W. The variance of &; £ (AW)2 — (tin1 —t5)
is of order (t;41 — ti)z. Thus we expect that the second term above, when summed
over %, converges to 0.

Finally each summand in the remainder term (the last term on the right of (5.5))
is smaller than (A;W)2. (If, for instance, f is three times continuously differentiable
in , then each summand in the remainder term is of order (A;W)3.) Consequently,
when summed over ¢ this should converge to 0 (I

6. A few examples using It6’s formula

Technically, as soon as you know It6’s formula you can “jump right in” and
derive the Black-Scholes equation. However, because of the importance of Ito’s
formula, we work out a few simpler examples first.

EXAMPLE 6.1. Compute the quadratic variation of W (¢)2.
SOLUTION. Let f(t,x) = x2. Then, by Itd’s formula,
(W ()*) = df (t, W (1))
=0 f(t, W(¢
=2W(t) dW

Or, in integral form,

Ydt + O f(t, W (1)) dW (t) + %Eﬁf(t, W (t)) dt

)
(t) +dt.
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Now the second term on the right has finite first variation, and won’t affect our
computations for quadratic variation. The first term is an martingale whose quadratic
variation is fOT W (t)? dt, and so

(W2, W =4 / W(t O
REMARK 6.2. Note the above also tells you
/ W(t)dw (t) =W (T)> -T.

EXAMPLE 6.3. Let M (t) = W(t) and N(t) =
are martingales. Is M'N a mart1ngale7

SoLuTION. Note M (t)N(t) = W (t)3 — tW (t). By Itd’s formula,
d(MN) = =W (t)dt + (3W (t)? — t) dW () + 3W (t) dt

Or in integral form

MN(t) = /0 2V (s) ds + /O (3W(5)2 — 5) dW (s) .

Now the second integral on the right is a martingale, but the first integral most
certainly is not. So M N can not be a martingale. (]

W (t)2 —t. We know M and N

REMARK 6.4. Note, above we changed the integration variable from ¢ to s. This
is perfectly legal — the variable with which you integrate with respect to is a dummy
variable (just line regular Riemann integrals) and you can replace it what your
favourite (unused!) symbol.

REMARK 6.5. It’s worth pointing out that the It6 integral fo s)dW(s) is
always a martlngale (under the finiteness condition (4.5)). However, the Riemann
integral fo s) ds is only a martingale if b = 0 identically.

PROPOSITION 6.6. If f = f(t,x) is Cb’

MO = FW )~ [ (007 W () + 5220 W () ds

is a martingale.

then the process

REMARK 6.7. We’d seen this earlier, and the proof involved computing the
conditional expectations directly and checking an algebraic identity involving the
density of the normal distribution. With It&’s formula, the proof is “immediate”.

Proor. By Ité’s formula (in integral form)

[t W(t) = f(0,W(0))
/5‘t (s, W(s) der/afsW( ) dW (s

/82 fls,Wi(s

- / (007 (5, W () + 502 (5, W (5))) s + / 0y (5, W (5)) dW (s) .

Substituting this we see

M(t) = £(0,W(0) /afsW<>>dW<>

which is a martingale. ([

REMARK 6.8. Note we said f € C; 2 £0 “cover our bases”. Recall for Ito integrals
to be martingales, we need the finiteness condltlon (4.5) to hold. This will certainly
be the case if 9, f is bounded, which is why we made this assumption. The result
above is of course true under much more general assumptions.

EXAMPLE 6.9. Let X (t) = tsin(W(¢)). Is X2 — [X, X] a martingale?
SOLUTION. Let f(t,z) = tsin(x). Observe X (t) = f(t,W(t)), O:f = sinz,
Opf =tcosw, and 92 f = —tsinz. Thus by Ito’s formula,

AX (1) = 0L (8 W (6) db + 0, (1, W(1)) d (1) + 5021, W/ (1)) d[W, W(1)

= sin(W () dt + t cos(W () dW (t) — %tsin(W(t)) dt,

and so
d[X, X](t) = t* cos*(W(t)) dt .
Now let g(z) = 22 and apply Itd’s formula to compute dg(X (¢)). This gives
dX () = 2X(t)dX (t) + d[X, X](t)

and so

d(X(1)” ~ [X, X]) = 2X (1) dX (1

tsin(W(t))
2

= 2tsin(t) (sin(W(t)) — ) dt + 2t sin(t) (t cos(W (1)) dW (t).

[X, X] can not be a martingale. O

Recall we said earlier (Theorem 3.4) that for any martingale M, M? — [M, M]
is a martingale. In the above example X is not a martingale, and so there is
no contradiction when we show that X2 — [X, X] is not a martingale. If M is a
martingale, Ito6’s formula can be used to “prove”3 that M? — [M, M] is a martingale.

Since the dt term above isn’t 0, X (¢)? —

PROPOSITION 6.10. Let M (t fo (s). Then M? — [M,M] is a mar-
tingale.
PROOF. Let N(t) = M(t)? — [M, M](t). Observe that by It&’s formula,

d(M(t)%) = 2M( )dM (t) + d[M, M](t).
Hence
dN =2M(t) dM(t) + d[M, M|(t) — d[M, M](t) = 2M (t)o(t) AW (t).
Since there is no “dt” term and It6 integrals are martingales, IV is a martingale. [

3We used the fact that M2 — [M, M] is a martingale crucially in the construction of It
integrals, and hence in proving Itd’s formula. Thus proving M2 — [M, M] is a martingale using the
1t6’s formula is circular and not a valid proof. It is however instructive, and helps with building
intuition, which is why it is presented here.
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7. Review Problems

PROBLEM 7.1. If 0 < r < s < t, compute E(W (r)W (s)W (t)).
PROBLEM 7.2. Define the processes X, Y, Z by

X(t):/OW(t)e_Sst, Y(t):exp(/OtW(s)ds), Z(t) = tX(t)?

Decompose each of these processes as the sum of a martingale and a process of finite
first variation. What is the quadratic variation of each of these processes?

PROBLEM 7.3. Define the processes X,Y by

t t
X(t) :/ W(s)ds, Y(t) :/ W(s)dW (s).
0 0
Given 0 < s < t, compute the conditional expectations E(X (t)|Fs), and E(Y (t)|Fs).

t
PROBLEM 7.4. Let M (t) :/ W (s)dW (s). Find a function f such that
0

E(t) * exp (M(t) [ (s, W(s)) ds)
0
is a martingale.

PROBLEM 7.5. Suppose ¢ = o(t) is a deterministic (i.e. non-random) process,
and X is the It6 process defined by

t
X(t) = / o () AW ()
0
(a) Given \,s,t € R with 0 < s < ¢ compute E(eMXO=X() | 7).
(b) If r < s compute Eexp(AX (r) + p(X(t) — X (s))).
(¢c) What is the joint distribution of (X (r), X (t) — X (s))?
(d)

d) (Lévy’s criterion) If o(u) = £1 for all u, then show that X is a standard

Brownian motion.

PROBLEM 7.6. Define the process X,Y by

¢ ¢
X:/salW(s)7 Y:/W(s)ds.
0 0
Find a formula for EX (t)" and EY (t)" for any n € N.

t
PROBLEM 7.7. Let M(t) = / W (s)dW(s). For s < t, is M(t) — M(s) inde-
0
pendent of F,7 Justify.

PROBLEM 7.8. Determine whether the following identities are true or false, and
justify your answer.

(a) e*'sin(2W (1)) = 2/0 e cos(2W (s)) dW (s).

t

(b) [W(t)] = /0 sign(W (s)) dW (s). (Recall sign(z) =1 if 2 > 0, sign(z) = —1
if x < 0 and sign(z) =0 if x =0.)

8. The Black Scholes Merton equation.

The price of an asset with a constant rate of return « is given by
dS(t) = aS(t)dt.

To account for noisy fluctuations we model stock prices by adding the term
oS(t) dW (t) to the above:

(8.1) dS(t) = aS(t) dt + oS(t)dW (t).

The parameter « is called the mean return rate or the percentage drift, and the
parameter o is called the volatility or the percentage volatility.

DEFINITION 8.1. A stochastic process S satisfying (8.1) above is called a
geometric Brownian motion.

The reason S is called a geometric Brownian motion is as follows. Set Y =1n S
and observe

1 1 o2
AY (1) = g5 d8(0) = g7 415,510 = (a - 7) dt + o dW ().
If « = 02/2 then Y = 1In S is simply a Brownian motion.

We remark, however, that our application of It6’s formula above is not completely
justified. Indeed, the function f(x) = Inx is not differentiable at = 0, and Itd’s
formula requires f to be at least C2. The reason the application of It6’s formula
here is valid is because the process S never hits the point z = 0, and at all other
points the function f is infinitely differentiable.

The above also gives us an explicit formula for S. Indeed,

2

ln<§((é))) - (a - %)t oW (L),

and so

(8.2) S(t) = 8(0) exp((a - ";)t + JW(t)) .

Now consider a European call option with strike price K and maturity time 7.
This is a security that allows you the option (not obligation) to buy S at price K
and time 7. Clearly the price of this option at time T is (S(T") — K)T. Our aim is
to compute the arbitrage free* price of such an option at time ¢t < T.

Black and Scholes realised that the price of this option at time ¢ should only
depend on the asset price S(¢), and the current time ¢ (or more precisely, the time
to maturity T — t), and of course the model parameters «,o. In particular, the
option price does not depend on the price history of .S.

THEOREM 8.2. Suppose we have an arbitrage free financial market consisting of
a money market account with constant return rate r, and a risky asset whose price
is given by S. Consider a European call option with strike price K and maturity T.

4n an arbitrage free market, we say p is the arbitrage free price of a non traded security if
given the opportunity to trade the security at price p, the market is still arbitrage free. (Recall a
financial market is said to be arbitrage free if there doesn’t exist a self-financing portfolio X with
X (0) = 0 such that at some t > 0 we have X (¢) > 0 and P(X(¢) > 0) > 0.)
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(1) If c = c(t,x) is a function such that at any time t < T, the arbitrage free
price of this option is c(t,S(t)), then c satisfies

o2x?
(8.3) Orc + redye+ 5 D2c—rc=0 x>0, t<T,
(8.4) e(t,0) =0 t<T,
c(T,z) = (z — K)T x=0.

(2) Conversely, if ¢ satisfies (8.3)—(8.5) then c(t,S(t)) is the arbitrage free
price of this option at any time t < T.

REMARK 8.3. Since a, 0 and T are fixed, we suppress the explicit dependence
of ¢ on these quantities.

REMARK 8.4. The above result assumes the following:

(1) The market is frictionless (i.e. there are no transaction costs).
(2) The asset is liquid and fractional quantities of it can be traded.
(3) The borrowing and lending rate are both 7.

REMARK 8.5. Even though the asset price S(¢) is random, the function c is a
deterministic (non-random) function. The option price, however, is ¢(t, S(t)), which
is certainly random.

REMARK 8.6. Equation (8.3)—(8.5) are the Black Scholes Merton PDE. This is
a partial differential equation, which is a differential equation involving derivatives
with respect to more than one variable. Equation (8.3) governs the evolution of ¢
for € (0,00) and ¢t < T. Equation (8.5) specifies the terminal condition at ¢t =T,
and equation (8.4) specifies a boundary condition at = 0.

To be completely correct, one also needs to add a boundary condition as z — co
to the system (8.3)—(8.5). When z is very large, the call option is deep in the money,
and will very likely end in the money. In this case the replicating portfolio should
be long one share of the asset and short e "(T—%) K| the discounted strike price, in
cash. This means that when z is very large, c(z,t) ~ z — Ke "(T=Y and hence a
boundary condition at = oo can be obtained by supplementing (8.4) with

(8.4) Jim (c(t,z) — (x — Ke"T=9)) = 0.
REMARK 8.7. The system (8.3)—(8.5) can be solved explicitly using standard

calculus by substituting y = In x and converting it into the heat equation, for which
the solution is explicitly known. This gives the Black-Scholes-Merton formula

(8.6) c(t,x) = aN(dp (T —t,z)) — Ke "T"ON(d_(T — t,))

where

(8.7) di(r,z) = g\lﬁ (111(%) + (r + %)T) ,

and

de: 1 ® 2
(8.8) Nie) / V2 gy

is the CDF of a standard normal variable.

Even if you're unfamiliar with the techniques involved in arriving at the solution
above, you can certainly check that the function ¢ given by (8.6)—(8.7) above
satisfies (8.3)—(8.5). Indeed, this is a direct calculation that only involves patience
and a careful application of the chain rule. We will, however, derive (8.6)—(8.7) later
using risk neutral measures.

We will prove Theorem 8.2 by using a replicating portfolio. This is a portfolio
(consisting of cash and the risky asset) that has exactly the same cash flow at
maturity as the European call option that needs to be priced. Specifically, let X (t)
be the value of the replicating portfolio and A(t) be the number of shares of the
asset held. The remaining X (¢) — S(t)A(¢) will be invested in the money market
account with return rate r. (It is possible that A(¢)S(¢) > X (¢), in which means we
borrow money from the money market account to invest in stock.) For a replicating
portfolio, the trading strategy A should be chosen in a manner that ensures that
we have the same cash flow as the European call option. That is, we must have
X(T) = (S(T) — K)* = ¢(T,S(T)). Now the arbitrage free price is precisely the
value of this portfolio.

REMARK 8.8. Through the course of the proof we will see that given the function
¢, the number of shares of S the replicating portfolio should hold is given by the
delta hedging rule

(8.9) A(t) = dyc(t, S(t)).

REMARK 8.9. Note that there is no a dependence in the system (8.3)—(8.5),
and consequently the formula (8.6) does not depend on «. At first sight, this might
appear surprising. (In fact, Black and Scholes had a hard time getting the original
paper published because the community couldn’t believe that the final formula is
independent of «.) The fact that (8.6) is independent of « can be heuristically
explained by the fact that the replicating portfolio also holds the same asset: thus
a high mean return rate will help both an investor holding a call option and an
investor holding the replicating portfolio. (Of course this isn’t the entire story, as one
has to actually write down the dependence and check that an investor holding the
call option benefits exactly as much as an investor holding the replicating portfolio.
This is done below.)

PROOF OF THEOREM 8.2 PART 1. If ¢(t, S(t)) is the arbitrage free price, then,
by definition

(8.10) c(t, S(t) = X (1),

where X () is the value of a replicating portfolio. Since our portfolio holds A(t)
shares of S and X (t) — A(t)S(¢) in a money market account, the evolution of the
value of this portfolio is given by

dX(t) = A(t)dS(t) + r(X(t) — A(t)S(t)) dt
= (rX(t)+ (a —r)A()S(t)) dt + o A(t)S(t) AW (t).

Also, by It&’s formula we compute

de(t, S(t)) = dye(t, S(t)) dt + Dype(t, S(t)) dS(t) + %agc@, S@))d[S, S)(t)
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1
_ (atc + S, + 50252830) dt + Oyc oS dW (¢)

where we suppressed the (¢,.5(t)) argument in the last line above for convenience.
Equating de(t, S(t)) = dX (¢) gives

(rX(t) + (a —r)A)S(t)) dt + o A(t)S(t) dW (t)
= (8,5(: + aS0,c + 3025’28&) dt 4+ OpcaSdW (t).

Using uniqueness of the semi-martingale decomposition (Proposition 5.5) we can
equate the dW and the dt terms respectively. Equating the dW terms gives the
delta hedging rule (8.9). Writing S(t) = « for convenience, equating the dt terms
and using (8.10) gives (8.3). Since the payout of the option is (S(T) — K)T at
maturity, equation (8.5) is clearly satisfied.

Finally if S(¢o) = 0 at one particular time, then we must have S(¢) = 0 at all
times, otherwise we would have an arbitrage opportunity. (This can be checked
directly from the formula (8.2) of course.) Consequently the arbitrage free price of
the option when S = 0 is 0, giving the boundary condition (8.4). Hence (8.3)—(8.5)
are all satisfied, finishing the proof. O

PROOF OF THEOREM 8.2 PART 2. For the converse, we suppose c satisfies the
system (8.3)—(8.5). Choose A(t) by the delta hedging rule (8.9), and let X be a
portfolio with initial value X (0) = ¢(0, S(0)) that holds A(t) shares of the asset at
time ¢ and the remaining X (t) — A(¢)S(t) in cash. We claim that X is a replicating
portfolio (i.e. X(T) = (S(T) — K)* almost surely) and X (t) = c(¢,S(t)) for all
t < T. Once this is established ¢(¢, 5(¢)) is the arbitrage free price as desired.

To show X is a replicating portfolio, first claim that X (t) = (¢, S(t)) for all
t < T. To see this, let Y(t) = e~ " X (¢) be the discounted value of X. (That is, Y (¢)
is the value of X (¢) converted to cash at time ¢t = 0.) By It6’s formula, we compute

dY (t) = —rY (t)dt + e ""dX (t)
=e a—7)A@)S{t)dt +e "o A)S(t) dW (t).
Similarly, using It6’s formula, we compute
d(e "e(t,5(t)) =e " (frc + 0ic + aS0yc + %0252@30) dt +e " 0pcaSdW(t).
Using (8.3) this gives
d(e "e(t, S(t)) = e " (a —r)SOycdt + e " OpcaS AW (t) = dY (t)
since A(t) = 0yc(t, S(t)) by choice. This forces

X (t) = X(0) + /0 4y (s) = X(0) + /O d(c (s, 5(5)))
= X(0) + e "e(t, S(t)) — ¢(0,5(0)) = e~ "e(t, (1)),

since we chose X(0) = ¢(0,5(0)). This forces X(t) = ¢(t,S(t)) for all t < T,
and by continuity also for ¢ = T. Since ¢(T,S(T)) = (S(T) — K)* we have
X(T) = (S(T)— K)* showing X is a replicating portfolio, concluding the proof. [J

REMARK 8.10. In order for the application of It6’s formula to be valid above,
we need ¢ € C12. This is certainly false at time T, since ¢(T,z) = (z — K)T which
is not even differentiable, let alone twice continuously differentiable. However, if ¢
satisfies the system (8.3)—(8.5), then it turns out that for every ¢ < T the function
¢ will be infinitely differentiable with respect to x. This is why our proof first shows
that c(t, S(t)) = X (t) for t < T and not directly that c(t,S(t)) = X (¢) for all ¢t < T.

REMARK 8.11 (Put Call Parity). The same argument can be used to compute
the arbitrage free price of European put options (i.e. the option to sell at the strike
price, instead of buying). However, once the price of the price of a call option is
computed, the put call parity can be used to compute the price of a put.

Explicitly let p = p(t,z) be a function such that at any time ¢t < T, p(t, S(¢)) is
the arbitrage free price of a European put option with strike price K. Consider a
portfolio X that is long a call and short a put (i.e. buy one call, and sell one put).
The value of this portfolio at time ¢ < T is

X(t) = c(t, S(t)) = p(t, S(t))
and at maturity we have®
X(T) = (S(T) — K)* — (K — S(T))* = $(T) — K .

This payoff can be replicated using a portfolio that holds one share of the asset and
borrows Ke~"7 in cash (with return rate r) at time 0. Thus, in an arbitrage free
market, we should have

c(t,S(t)) —p(t,S(t)) = X(t) = S(t) — Ke "=t
Writing « for S(t) this gives the put call parity relation
c(t,x) —p(t,z) =z — Ke "I
Using this the price of a put can be computed from the price of a call.

We now turn to understanding properties of ¢. The partial derivatives of ¢ with
respect to t and = measure the sensitivity of the option price to changes in the time
to maturity and spot price of the asset respectively. These are called “the Greeks”:

(1) The delta is defined to be 9,c, and is given by

Opc = N(dy)+aN'(dy)d — Ke ""N'(d_)d_.

where 7 =T — ¢ is the time to maturity. Recall d+ = d+ (7, ), and we suppressed
the (7, ) argument above for notational convenience. Using the formulae (8.6)—(8.8)
one can verify

1
d.=d_ = and

xo/T

and hence the delta is given by

xN'(dy) = Ke ""N'(d-),

Opc = N(d,).

5A forward contract requires the holder to buy the asset at price K at maturity. The value of
this contract at maturity is exactly S(T') — K, and so a portfolio that is long a call and short a
put has exactly the same cash flow as a forward contract.
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Recall that the delta hedging rule (equation (8.9)) explicitly tells you that the
replicating portfolio should hold precisely 0,c(t, S(t)) shares of the risky asset and
the remainder in cash.
(2) The gamma is defined to be §%c, and is given by
_ 1 (-ﬁ)
= eXp .
zoV 21T 2
(3) Finally the theta is defined to be Oic, and simplifies to
ox
Ore=—rKe " N(d_) — —_N'(d
o = <rKe T N(d-) = SN (d)
PROPOSITION 8.12. The function c(t,x) is convex and increasing as a function
of x, and is decreasing as a function of t.

d2c = N'(d.)d,

PROOF. This follows immediately from the fact that d,c > 0, 9%¢c > 0 and
8tc < 0. O

REMARK 8.13 (Hedging a short call). Suppose you sell a call option valued at
¢(t, z), and want to create a replicating portfolio. The delta hedging rule calls for
x0;¢(t,x) of the portfolio to be invested in the asset, and the rest in the money
market account. Consequently the value of your money market account is

c(t,x) —axdyc=xN(dy) — Ke ""N(d_) —azN(dy) = —-Ke ""N(d_) <0.

Thus to properly hedge a short call you will have to borrow from the money market
account and invest it in the asset. As t — T you will end up selling shares of the
asset if x < K, and buying shares of it if z > K, so that at maturity you will
hold the asset if z > K and not hold it if x < K. To hedge a long call you do the
opposite.

REMARK 8.14 (Delta neutral and Long Gamma). Suppose at some time ¢ the
price of a stock is xg. We short 9,¢(t, z¢) shares of this stock buy the call option
valued at ¢(t, xp). We invest the balance M = xo0,¢(t, z¢) — ¢(t,20) in the money
market account. Now if the stock price changes to x, and we do not change our
position, then the value of our portfolio will be

e(t,x) — Opc(t, xo)x + M = c(t, x) — x0.c(t, xo) + xOrc(t, o) — c(t, o)
= c(t,z) — (c(t, o) + (x — ) Duc(t, z0)) -

Note that the line y = c(t, zo) + (z — x¢)dpc(t, xo) is the equation for the tangent to
the curve y = ¢(t, z) at the point (xg, c(t,z)). For this reason the above portfolio
is called delta neutral.

Note that any convex function lies entirely above its tangent. Thus, under
instantaneous changes of the stock price (both rises and falls), we will have

c(t,x) — Oge(t,xo)xr + M >0, both for x > zp and z < xo.

For this reason the above portfolio is called long gamma.

Note, even though under instantaneous price changes the value of our portfolio
always rises, this is not an arbitrage opportunity. The reason for this is that as time
increases ¢ decreases since dyc < 0. The above instantaneous argument assumed c is
constant in time, which it most certainly is not!

9. Multi-dimensional It6 calculus.

Finally we conclude this chapter by studying It6 calculus in higher dimensions.
Let X,Y be Itd process. We typically expect X,Y will have finite and non-zero
quadratic variation, and hence both the increments X (¢t + 6t) — X (¢) and Y (¢ + dt) —
Y (t) should typically be of size v/§. If we multiply these and sum over some finite
interval [0, T, then we would have roughly T'/dt terms each of size dt, and expect
that this converges as 0t — 0. The limit is called the joint quadratic variation.

DEFINITION 9.1. Let X and Y be two It6 processes. We define the joint
quadratic variation of XY, denoted by [X,Y] by

n—1
(X, YI(T) = H}Di”rgOZ(X(tm) = X(£:)(Y (ti1) = Y (82))
i=0
where P={0=1t; <ty--- <t, =T} is a partition of [0, T].
Using the identity
4ab = (a +b)® — (a —b)?
we quickly see that
1
(9.1) [X,Y]:Z([X—FY,X—&-Y]—[X—Y,X—Y]).
Using this and the properties we already know about quadratic variation, we can
quickly deduce the following.
PROPOSITION 9.2 (Product rule). If X and Y are two Ité processes then
(9.2) d(XY)=XdY +YdX +d[X,Y].
Proor. By It6’s formula
AX+Y)? =2X+Y)dX+Y)+dX +Y,X +Y]
=2XdX +2YdY +2XdY +2YdX +d[X +Y, X +Y].

Similarly
AX —Y)2=2XdX +2YdY —2XdY -2V dX +d[X - Y,X —Y].
Since
4d(XY)=d(X +Y)? —d(X - Y)?,
we obtain (9.2) as desired. O

As with quadratic variation, processes of finite variation do not affect the joint
quadratic variation.

ProrosITION 9.3. If X is and It6 process, and B is a continuous adapted
process with finite variation, then [X, B] = 0.

Proor. Note [X + B, X £+ B| = [X, X] and hence [X, B] = 0. O

With this, we can state the higher dimensional It6 formula. Like the one
dimensional It6 formula, this is a generalization of the chain rule and has an extra
correction term that involves the joint quadratic variation.
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THEOREM 9.4 (It6-Doeblin formula). Let Xy, ..., X, be n Ito processes and
set X = (X1,...,X,) . Let f:]0,00) x R™ be C! in the first variable, and C? in
the remaining variables. Then

T N T
4 / CEOLEDY / Ouf (£ X (£)) X (1

L Z/ 9,0 £ (£, X () d[X;, X;](t).

l]l

AT, X(T)) =

REMARK 9.5. Here we think of f = f(¢,z1,...,2,
The 0; f appearing in the 1t6 formula above is the partial derivative of f with respect
to x;. As before, the 0;f and 0, f terms above are from the usual chain rule, and
the last term is the extra Itd correction.

REMARK 9.6. In differential form It6’s formula says

d(f(t, X(t) =0 f(t, X (t

dt+28f (t, X (t)) dX;(t)

+ 5 ijzn::l 8i8jf(t, X(t)) d[X“ Xj](t) .

For compactness, we will often omit the (¢, X (¢ )) and write the above as

d(ft, X(t) = atfdt+Zade Zaafd[X“X]()

i=1 i,7=1

REMARK 9.7. We will most often use this in two dimensions. In this case,
writing X and Y for the two processes, the Itd formula reduces to

d(f(t, X(t),Y (1)) = 0uf dt + 0 f dX (t) + Oy f dY (t)
+ %(ag F (X, X](8) + 20,0, 1 d[X, Y](t) + 62 d[Y,Y)(1)) .

INTUITION BEHIND THE ITO FORMULA. Let’s assume we only have two Ito
processes X, Y and f = f(x,y) doesn’t depend on t. Let P={0=1ty <t1--- <
tm = T} be a partition of the interval [0, T] and write

m—1
0) = > f&n) = f(&),
i=0
where we write & = (X(¢;), Y (¢;)) for compactness. Now by Taylor’s theorem,
Fir1) = [(&) = 0o f (&) AiX + 0y (&) AiY
b5 ()X +20.0,(6) DX AY + B (E)(AY))
+ higher order terms.

Here A; X = X (t;41) — X (¢;) and A;Y =Y (t;41) — Y (¢;). Summing over ¢, the first
two terms converge to fOT O, f(t)dX (t) and fOT Oy f(t)dY

fX(T),Y(T)) = f(X(0),Y

(t) respectively. The terms

), often abbreviated as f(¢, z).

involving (A;X)? should to fOT 92 fd[X, X] as we had with the one dimensional

It6 formula. Similarly, the terms involving (A;Y)? should to fOT 02 fdY,Y] as we
had with the one dimensional It6 formula. For the cross term, we can use the
identity (9.1) and quickly check that it converges to fOT 0,0y f d[X,Y]. The higher

order terms are typically of size (t;4+1 — t;)*/? and will vanish as || P|| — 0. O

The most common use of the multi-dimensional It6 formula is when the It6
processes are specified as a combination of It0 integrals with respect to different
Brownian motions. Thus our next goal is to find an effective way to to compute the
joint quadratic variations in this case.

We've seen earlier (Theorems 3.4-3.5) that the quadratic variation of a martin-
gale M is the unique increasing process that make M? — [M, M| a martingale. A
similar result holds for the joint quadratic variation.

PROPOSITION 9.8. Suppose M, N are two continuous martingales with respect
to a common filtration {F;} such that EM (t)?, EN(t)? < oo.

(1) The process MN —
filtration.

(2) Moreover, if A is any continuous adapted process with finite first variation
such that A(0) =0 and MN — A is a martingale with respect to {F;}, then
A =[M,N].

[M, N] is also a martingale with respect to the same

PROOF. The first part follows immediately from Theorem 3.4 and the fact that
4(MN —[M,N])) = (M+N)*~[M+N,M+N]— ((M—N)>~[M—N,M—N]).
The second part follows from the first part and uniqueness of the semi-martingale

decomposition (Proposition 5.5). O

PropOSITION 9.9 (Bi-linearity). If X,Y,Z are three Ité processes and o € R is
a (non-random) constant, then

(9.3) [X,Y +aZ] = [X,Y] +a[X, Z].

PRrROOF. Let L, M and N be the martingale part in the It6 decomposition of
X,Y and Z respectively. Clearly

L(M—&—QN)—([L,M}—&—Q[L,N])z(LM— [L,N]),
which is a martingale. Thus, since [L, M| + a[L, N] is also continuous adapted and
increasing, by Proposition 9.8 we must have [L, M + aN] = [L, M] + «[L, N]. Since
the joint quadratic variation of It6 processes can be computed in terms of their
martingale parts alone, we obtain (9.3) as desired. O

[L, M]) + a(LN —

For integrals with respect to It6 processes, we can compute the joint quadratic
variation explicitly.

ProrosiTiON 9.10. Let X1, X5 be two Ito processes 01, 0’2 be two adapted
processes and let I; be the integral defined by I;( fo o,(s (s) for j € {1,2}.
Then .

1, 12(0) = [ o1(9)0a() dlX, X5,

0
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PROOF. Let P be a partition and, as above, let A; X = X (t;41)
the increment of a process X. Since

— X (t;) denote

— n—1
d [X1, X)) = li AXy AXy,
T z; o end [, X I\PII\IEO; P

we expect that o;(¢;)A;(X;) is a good approximation for A;I;, and A; X7 A; X is a

good approximation for A;[X7, X5]. Consequently, we expect

n—1 n—1
L, L|(T)= 1 AN NI, = i ti)A; X i) A X
[ J]( ) le‘llﬂioz 1 2 \|P1|]\[g0;m( ) 102(t;) 2
T
201 0’2 [X17X2] / Ul(t)ag(t)d[Xl,XQ](t),
HPH—>0 0
as desired. 0

PROPOSITION 9.11. Let M, N be two continuous martingales with respect to
a common filtration {F;} such that EM(t)?> < oo and EN(t)? < co. If M, N are
independent, then [M,N] = 0.

REMARK 9.12. If X and Y are independent, we know EXY = EXEY. How-
ever, we need not have E(XY | F) = E(X | F)E(Y | F). So we can not prove the
above result by simply saying

(9-4) E(M()N(t) | F) = E(M(t) | Fo)E(N(t) | Fs) = M(s)N(s)

because M and N are independent. Thus M N is a martingale, and hence [M, N] =0
by Proposition 9.8.

This reasoning is incorrect, even though the conclusion is correct. If you’re not
convinced, let me add that there exist martingales that are not continuous which
are independent and have nonzero joint quadratic variation. The above argument,
if correct, would certainly also work for martingales that are not continuous. The
error in the argument is that the first equality in (9.4) need not hold even though
M and N are independent.

PROOF. Let P = {0 =ty < t; < ---
AZ'M = M<tz+1)

< t, = T} be a partition of [0,T],
— M(t;) and A;N = N(t;11) — N(t;). Observe

n—1 n—1
(9.5) (Z AM A, N) = B (AM)*(AN)?
1=0 1=0
n—1j5—1
+ QEZ]Z:AiM AiNA;M AN .
j=0 i=0

We claim the cross term vanishes because of independence of M and N. Indeed,
EAMA;NA;MA;N = E(AiM AjM)E(AiN AjN)
= E(AiME(AjM | .th))E(AiNAjN) =0.

Thus from (9.5)

n—1

n—1 2 n—1 _
E(; AM AZ-N) —E ;(AZ—MF(AZ-N)? < E(max (A; M) )(; )

As ||P|| = 0, max; A;M — 0 because M is continuous, and Y ;(A;N)? — [N, N|(T).
Thus we expect
n—1
E[M,N|(T)? = lim E( AMAN) 0,
[M, N|(T) o Z
finishing the proof. ]

REMARK 9.13. The converse is false. If [M, N] = 0, it does not mean that M
and N are independent. For example, if

t
M(t) = / 1w ey <0y AW (s)

then clearly [M, N] = 0. However,

t
and N(t) = / Liw(s)>0) dW (s),
0

t
M(t)+ N(t) = / 1dW(s) = W(t),
0
and with a little work one can show that M and N are not independent.

DEFINITION 9.14. We say W = (Wq, W, ...,

Brownian motion if:

W) is a standard d-dimensional

(1) Each coordinate W; is a standard (1-dimensional) Brownian motion.
(2) If i # j, the processes W; and W; are independent.

When working with a multi-dimensional Brownian motion, we usually choose
the filtration to be that generated by all the coordinates.

DEFINITION 9.15. Let W be a d-dimensional Brownian motion. We define the
filtration {F}V} by

With {FV'} defined above note that:

(1) Each coordinate W; is a martingale with respect to {FV}.
(2) For every s < t, the increment of each coordinate W;(t) —
pendent of {FV}.

REMARK 9.16. Since W; is independent of W when ¢ # j, we know [W;, W;] =0
if i # j. When ¢ = j, we know d[W;, W;] = dt. We often express this concisely as

Wi (s) is inde-

6For this step we need to use lim| p| 0 E(--+) = Elim p|o(---). To make this rigorous we
need to apply the Lebesgue dominated convergence theorem. This is done by first assuming M and
N are bounded, and then choosing a localizing sequence of stopping times, and a full discussion
goes beyond the scope of these notes.
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An extremely important fact about Brownian motion is that the converse of
the above is also true.

THEOREM 9.17 (Lévy). If M =
such that M(0) =0 and

(Mq, My, ..., My) is a continuous martingale

d[M;, M;](t) = 1(=yy dt
then M is a d-dimensional Brownian motion.

PrOOF. The main idea behind the proof is to compute the moment generating
function (or characteristic function) of M, in the same way as in Problem 7.5. This

can be used to show that M () — M (s) is independent of Fy and M (¢t) ~ N(0,tI),
where I is the d x d identity matrix. (]
EXAMPLE 9.18. If W is a 2-dimensional Brownian motion, then show that
t t
Wi(s) Wa(s)
dW1 (S) + dW2 (S) 5
o (W) o (W)

is also a Brownian motion.

PRrROOF. Since B is the sum of two Itd integrals, it is clearly a continuous
martingale. Thus to show that B is a Brownian motion, it suffices to show that
[B, B](t) = t. For this, define

_ [T WAls) . an _ [T Wa(s) 5
XO= [, gy M) end Y= ) ave)
and note
d[B,B](t) =d[X + Y, X + Y|(t) = d[X, X](t) + d[Y, Y](t) + 2d[ X, Y](t)
_(n(@®)? 2(t)? _
~ (fwe * fae) 0=
So by Lévy’s criterion, B is a Brownian motion. (Il

EXAMPLE 9.19. Let W be a 2-dimensional Brownian motion and define
X =In(|[W|?) = m(W2 +W2).
Compute dX. Is X a martingale?

SoLuTION. This is a bit tricky. First, if we set f(x)
then it is easy to check

= In|z|? = In(2? + 23),

8f—|2% and  O2f +92f =
Consequently,
2W4(t) 2Ws(t)
X(t) = W 1% .
dX(t) TGE dWi(t) + TGE dWs(t)

With this one would be tempted to say that since there are no dt terms above, X is
a martingale. This, however, is false! Martingales have constant expectation, but

2 2
x] + x5

1

) dxry dzs

) dyy dys

7// In(t y1+y2))exp< ;

_ 2., .2 yi+ 95 t—00
—lnt—i—— ln(y1 +y2) exp| ————=) dy; dys —— 0.
2 R2 2

Thus EX (¢) is not constant in ¢, and so X can not be a martingale. O

REMARK 9.20. We have repeatedly used the fact that It6 integrals are martin-
gales. The example above obtains X as an It6 integral, but can not be a martingale.
The reason thls doesn’t contradict Theorem 4.2 is that in order for Itd integral
fo ) to be defined, we only need the finiteness condition fo 5)%ds < oo
ahnost surely However, for an It integral to be a martingale, we need the stronger
condition E fo 5)2ds < oo (given in (4.5)) to hold. This is precisely what fails
in the previous example. The process X above is an example of a local martingale
that is not a martingale, and we will encounter a similar situation when we study
exponential martingales and risk neutral measures.

EXAMPLE 9.21. Let f = f(t,x1,...,24) € C? and W be a d-dimensional
Brownian motion. Then It6’s formula gives
AW (1) = (9 WD) + S AF W )dt+23 F(EW (@) dWi(1)

i=1
Here Af = Z'li 02 f is the Laplacian of f.

ExaMPLE 9.22. Consider a d-dimensional Brownian motion W, and n Ito
processes X1, ..., X, which we write (in differential form) as

dX;(t) dt+ZoZk ) AW (t

where each b; and o0; ; are adapted processes. For brevity, we will often write b
for the vector process (b1,...,b,), o for the matriz process (0, ;) and X for the
n-dimensional It process (X1,..., X,).
Now to compute [X;, X;] we observe that d[W;, W;] = dt if i = j and 0 otherwise.
Consequently,
d

Z i k051 (k=1} dt =
k,l=1

d[X;, X;]

d
Z i k()i (t) dt .
=1

Thus if f is any C1? function, Itd formula gives

d(f(t,X(t))) (6tf+2b8f>dt+zmﬁfdw Za”aafdt

z]l

where

N
Q; 5 (t) = Z Uz’,k,(t)aj,k(t)
k=1

In matrix notation, the matrix a = oo”, where o7 is the transpose of the matrix o.
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