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1. THE WIENER PROCESS AND THE BLACK-SCHOLES MODEL

1.1. Definition.

In this part we will define the Wiener process, which is the fundamental building block of
continuous-time price models. We show a construction procedure for the Wiener process based
on random walks appropriately rescaled in time and space. As a byproduct, we will revisit the Bi-
nomial implementation described at the end of the previous chapter and show that the sequence of
Binomial models and their associated option prices converge when the number of time steps become
large. The limit process of the Binomial model is the celebrated Black-Scholes model.

A stochastic process is a collection of random variables X = {X;};>( indexed by time ¢ defined
on a common sample space ) representing all possible states w of the “market" or “nature”. The
sample space is endowed with a probability measure P. We can think of a stochastic process { X; }+>¢
as a random measurement evolving in time (e.g. the price of a stock). Another natural interpretation
is to see X is as a random function: for each state of nature w € (2, we observe the random path
t — Xi(w). Let us give the formal definition of a Wiener process.

Definition 1.1. A stochastic process {W;}, defined on (€2, P) is a Wiener process if the following
conditions hold:

(1) Wo =0;

(2) The increment or change of the process during a time period [s, t], namely W; — W, with
s < t, is Normally distributed with mean 0 and variance ¢ — s;

(3) Forany 0 <ty < --- < t,, the corresponding increments W, — W, ,... . W, — W,
mutually independent;

arc

n—1

(4) The graph of the function ¢ — W, called the path of the process, is continuous with proba-
bility 1.

Notice that condition (3) means that the increments in disjoint time intervals are independent.
A process with this property is said to have independent increments. Condition (2) can be weaken
substantially. It can be shown that all what is needed is the following:

(2a) The distribution of the increment IV, — W, depends only on the time span ¢ — s;
(2b) E(W,;) = 0.

A process satisfying (2a) is said to have stationary increments.

Exercise 1. Compute the covariance function Cov (W, W) of the Wiener process W'.
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One can statistically corroborate a Wiener process by analyzing the statistical properties of a
large number of evenly spaced sampling observations W, Wsa, etc. The independence of incre-
ments can be corroborated by plotting the increments Wy — W(,_1)a against the time kA. The set
of points should be centered around the origin without any special patterns and constant variability
along time. The empirical covariance

3
[\

1
n—1

F(A) = (Wrr1a = Wia) (Wikr2)a — Wikgna)

0

e
Il

should be close to 0 and the histogram of the increments should exhibit the traditional bell-shaped
form of a Gaussian distribution.

Notice that the path of the Brownian motion should look very jagged, erratic, and non-smooth.
Indeed, if we only plot the Wiener process at times A, 2A, etc. and A is small, the change of the
process from one time step to the next can be positive or negative with the same probability. Due to
this erratic behavior, a Wiener process is a also called a Brownian motion in honor of the botanist
Robert Brown who observe for the first time a “Wiener-like" process in nature. He observed that a
pollen particle immerse in a liquid exhibit such a erratic behavior. One can modeled the position of
the particle in time as (W}', W2, W) were the W*’s are independent Wiener processes.

1.2. Construction by random walks.

In this part we give a procedure to simulate a path of the Brownian motion. Suppose that for each
n > 1, {U};>o are independent random variable with common distribution such that £(U") = 0
and Var(U") = 1. Consider the process

[nt]

1
X?’L: - n
t \/H;Uk

where [z] is the integer part of x. The above expression looks fancy, but it is easy to describe its
graph. This is a piece-wise constant process that jumps at times ¢t = 1/n,2/n, ... by the respective
sizes U'/\/n, U} /\/n, . ... In other words, the graph of X" takes the graph of the random walk
[t] U 11 , 0<t<1
X} =Y Ul=S Ul+U;, 2<t<3
k=1 : :
and shrink the time by a factor of n and the space by a factor of 1/4/n.

Notice that the increment

1s such that

EX; =0, Var(X;, -X!)=————>v—u, u<uv,



and also, X' — X! is independent of X" — X" whenever r < t < u < v. Also, for large n, X' — X}
has approximately the same distribution as X;* — X, whenever 0 < v — u = t — r. In conclusion,
for large n, X seems to have almost all conditions of a Wiener process and hence should look like
a Wiener process. Indeed, one can prove that

(1 {th}tzo =2, {Wt}t207 as n — oo.

The above result is called the Donsker’s invariance theorem. In particular, we have that for a fixed
time 1,

2) lim Eg(X7) = Eg(Wr),

n—oo

for any continuous bounded function g. Let us remark that the sequence of random variables {U}" }
might not even be defined on the same probability space and hence the expectations on the left-hand
side of (2) could actually be different for each n, and also, different from the expectation on the
right-hand side.

1.3. An application: Convergence of the Binomial model to the Black-Scholes model.

Consider a discrete-time market model with evenly spaced “trading” times 0 = t() < t; < --- <
t, = 1, where A, :=t; — t,_1 = 1/n (for simplicity, we take 7" = 1). Suppose that { S} };>¢ is the
stock price process that jumps only at times ¢; according to a Binomial model and remains unchanged
between trading times %, . . ., t,. Thus,

u, Sy, with prob. py,

and S'=5, if t€[tio1,t)

i—17

Sp =8, SI=
0 0 b { d, Sy, with prob. p,

Let us assume the CRR Binomial implementation where

1
(3) tn = = eV __+_/_

Our first task is to show that the Binomial stock prices {S}' }+>o converge to a process {.S; }+>o,

which we shall identify explicitly. Remember that the parameters (3)) are chosen so that the log return

sy
Zy = log ot S satisfies
tp—1

1 n—00
) ~  EZ) — n

1 n—00
A A Var (Z]) =% o2

The key is to observe that
[nt]

S = Soexp > ¢

k=1
In terms of the normalized log returns
N e
L NVar(Z))
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the exponent can be written as follows:
[nt] [nt]
Sz = /1 ") Z [nt] (1 n

where we used that A,, = T'/n = 1/n. In light of Donsker’s invariance theorem and (), the above
process converges to oW, + ut, . We conclude that {5} }1>¢ 2, {St}+>0 where

5) S, = SpeWrtrt > 0.

Such a process is called the Geometric Brownian motion or the Black-Scholes model, though was
originally proposed by Samuelson (1965).

If we are working with the risk-neutral probability measure (),,, then we will obtain that
n £y O'Wt+(’!’*£)t
{57 Fe=0 — {Soe 7" >0

since we saw that

One important consequence is that the CRR Binomial option prices of a simple contingent claim,
say
IL,(0) := e ""E® {® (S™) },
converges to
M(0) = "B {@ ((Spe e =27 1,
whenever ® is bounded and continuous. Above, {WW,}; is Wiener process on certain sample space
equipped with the probability measure ().

As a matter of an example, consider a put option with strike K. Taking ®(x) = (K —z), when
x > 0and ®(z) = K for z < 0, we conclude that the CRR Binomial prices of a put option with
strike K converges to

o2
(6) P (0) = e "7 E@ { <K — Soe"WTJF(T_T)T) } .
+
Exercise 2. Justify that the CRR Binomial prices of a call option with strike /& converges to

(7) Hcall<0) — e—TTEQ { (SOGO'WT-I-(T—%)T . K) } )
+

The formulas (6)-(7) lead to the celebrated Black-Scholes option prices, which became the gold
standard in industry.



2. INFORMATION PROCESS AND CONDITIONAL EXPECTATION

Information process plays a crucial role in defining a time-continuous model for option pricing.
For instance, the minimal requirement of a trading strategy is that at any given time, the position on
an asset is determined only by the information generated by the asset’s price up to that time.

2.1. Definition.

We fix a time horizon [0, T']. Let Z := {Z;},<r be a process defined on a sample space €2. Typ-
ically, Z is the stock prices process S := {S; }:<r itself. We first define the concept of “information
generated by Z". Notice that if we knew what the state of nature w € (2 is, then we will know the
whole path of u € [0,7] — Z,. However, by time ¢t € [0, T, all the information about the state of
nature w is contained only in the past evolution of the process Z.

If it is possible to decide whether a given event A C (2 occurred or not based upon the observa-
tion of the path of Z up to time ¢, then we say that A is part of the information generated by Z up to
time ¢. The collection of all sets A generated by Z up to time ¢ is denoted by F7Z. If A € F7, we
say that the event A is F7-measurable. The most fundamental examples of events A € F7 are of

the form
(8) A={Z,€C,.... 2, €Cp} ={weN: Z;,(w) € C,...,Z, (w) € Cr},
for “nice" sets of real numbers C,...,C, and times 0 < ¢y < --- < t,, < t. Notice however that

events such as
A:={w:sup Z,(w) > H}

u<t
belong to ]—"tZ but can’t be written in the form . In the case FZ, also denoted hereafter F%°, all
sets A € FZ are of the form

A={ZyeC} ={weQ: Zyw) € C},
for a set of real numbers C'. Notice that if 7 is constant, then

FP ={Q,0}.

Exercise 3. Suppose that Z is a continuous process (that is, the paths ¢ € [0,7] — Z;(w) are
continuous for all states of nature w € ). Does the event

A=A{w: ligl Zy(w) > 1},
belong to F7Z?

We say that a random variable X is .7-"tZ -measurable, and write X € }"tZ , if the value of X can be
completely determined from the values of Z, for u < t. The the most fundamental F7Z-measurable
random variables X are of the form

X:f(Ztlv"'aztn>7
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for a “nice" function f and times 0 < ty; < --- < t,, < t. In the case ]-"OZ , a random variable X is
measurable if

X = f(Z).
Roughly speaking, we can imagine that ar.v. X € F7Z is of the form

X = ®(Zy,u<t),

where ® is a “nice" function that assigns a real number to each function ¢ defined on [0,¢]. For
instance,
X :=sup Z,,

u<t

is F7-measurable.

The collection {F7 };<r is called the filtration generated by Z. A process H = { H; };<7 is said
to be adapted to Z or to the filtration {F7 },<r if H; is F7-measurable, for all ¢ € [0, o).

2.2. Conditional expectation with respect to a filtration.

Suppose that {X;};>¢ is the underlying information process and Y is a random variable such
that £Y? < oo. The conditional expectation of Y given the filtration ;¥ is that random variable
E (Y|F{¥) such that

(1) E (Y|FY¥) is F{*-measurable or in simpler terms, £ (Y| ;") is a function of the values of
X up to time ¢;
QY =F (Y\ff( ) is closest to Y, in a the mean-square sense, than any other ;X -measurable
variable; that is,
EY* =Yy <E{X -Y),
forany Y’ € F}~.

We can say that £/ (Y|ﬁX ) is the best predictor of Y which is a function of the values of X up to
time ¢. Another common terminology is the following:

E(Y|FY) =E(Y |Xyu<t),
which is read as the conditional expectation of Y given the values of the process X up to time ¢.

Example 2.1. Suppose that Y € F*. Whatis E (Y|F;*)?
Obviously, it is hard to solve the minimization problem of (2). It turns out that the following is
an equivalent condition:
(2) Y* = E (Y|F;*) is such that
E(Y*14) = E(Y1,),
for any A of the form A := {X,, € Cy, ..., X;, € C,} with tg, ..., t, <t and arbitrary sets
Co, ..., Ch.
The following properties are not hard to see from (2’):
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(i) E(E(Y|FX)) = EY;
(ii) Suppose that Xo = 0. The, E (Y|F) = E(Y);
(i) In general, if X = Z then E (Y| ) = E (Y|2).
(iv) EQVU|F*) =UE(Y |FX), forany U € F;*.
(v) Linearity: E(aY + bY |FX) = aE(Y; |F) + bE(Y2 | FX).
(vi) Positivity: E(Y |F{*) >0, if Y > 0.
(vii) Independence properties: If Y is independent of { X, }.<; (Which means that Y is indepen-
dent of Xy,,..., Xy, foranyty,...,t, <t) then

E(Y |F*)=EY).
(viii) Tower Property: For any 0 < s < t,
E(E(Y |F¥)|FY) = E(Y |F)).

Example 2.2. In order to get more familiar with the operation E(-|F;X), let us check (viii) above.
Since E(Y ‘]—" X)) is F2X-measurable, all what we need to show is that

77777

for all ¢y, ...,t, < s. Justify the following steps:

F)]

-----

E
E(Y1(x, ccCo...X:,eCn})
- E(E(Y {FSX)]'{XtOGCO ----- theCn})~

Recall that FZ stands for all events A which occurrence can be determined from the value of
Z. These events are of the form A = {w : Z(w) € C'} and we can say that FZ is the information

generated by Z. The class F;X U FZ denotes all the events A which belong to FX or FZ and
symbolizes all the information generated by X up to time ¢ or by Z. One can define

EY|FuF?)=E(Y|F,2),
as a random variable Y* whose value depends only on the value of X up to time ¢ or the value of Z
and such that
(2) E(Y'14)=FE(Y1,),
for any A of the form A := {X;, € Cy,..., X, € C,, Z € D} with ty,...,t, <t and arbitrary sets
Co, - ..,Cy, D. The following tower property can be deduced as above:

EEY |FXuF?)|FY) = E(Y |FY).
Exercise 4.
(1) Suppose that Y and Z are independent of {X;};>(. Show that
E(Y |FXUF?)=E(Y|Z).
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(2) Given two processes { X; }+>0 and { Z; },;>0, what is the natural definition of E(Y | F¥ U FZ)?

3. SELF-FINANCING TRADING STRATEGIES: MOTIVATION TOWARDS STOCHASTIC
INTEGRATION*

The adoption of a continuous-time stochastic model {S; };<7 for the stock, such as the Black-
Scholles model (), necessitates to redefine the fundamental concept of self-financing trading strat-
egy. Let us recall that the fundamental problems of finance, namely arbitrage-freeness, hedging and
pricing, are defined in terms of self-financing strategies.

Roughly speaking, we can think of a self-financing trading strategy in continuous-time as the
limit of discrete-time self-financing trading strategies when the time step At between trades gets
smaller. So, in principle, the final wealth of the trading strategy can be replicated as close as we want
by taking At very small. This concept will be made precise in this part.

We consider a market with two assets: A stock with price process {S;}:>o and a money market
account for borrowing and lending money. The money market account is determined by its instan-
taneous interest rate process {r(t) };>0. The later concept means that the if we borrow (resp. lend)
x; dollars at time ¢, we shall pay (resp. received) the interest x;r(¢)dt at time ¢ + dt. Notice that the
instantaneous interest rate at a time ¢ > 0 could be unknown today at time 0. In light of this risk-free
investment, one dollar today is worth

B, = oJo r(w)du
at time ¢. Indeed, having one dollar today, one can invest it in the money market account and rolling
over the interest every time step At := ¢/n. By time ¢, the final wealth will be

E;‘::]ﬁ)(ﬂrr(%)%).

Taking logarithm and using that In(1 + =) ~ z as  — 0, we get that

lim B! = B,.
That is, having one dollar today, we can generate a risk-free wealth as close to B, as we wish by
taking a small time step A between trades. Hence, $1 dollar today is worth B, at time ¢ or the other
way around, the present value of $1 dollar at time ¢ is B, ' := e~ Jo r(wdu,

We can represent a continuous-time trading strategy or portfolio (also called dynamical portfo-
lio) by a pair of processes h := {h; := (zy,vy¢) : t < T}, where y, shall determine the number of
shares of the stock held at time ¢ and z; shall determine the money invested in the money market
account at time ¢. Then, the value of the portfolio at time ¢ is

) Vth = x; + Y.

The first natural restriction of a trading strategy is that it shouldn’t be “anticipative”. In other words,
the positions z; and y; should be determined based only upon the information available at time .
Suppose that the information is generated by a process {Z; }+>¢. Typically, {Z; };> is the stock price
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{St }+>0 itself but the minimal requirement is that {.S; }+>¢ is adapted to the filtration generated by Z
(why?). Then, we assume that

(A) {z¢}i<7 and {y; }1< are adapted to the filtration generated by {Z; };>o0.

What does a self-financing trading strategy mean? Suppose we decide to rebalance the portfolio
every At := T'/n during the time period [0, 7. Is the trading strategy {h: = (xt,y:) : t < T}
self-financing? Concretely, we want to know if the strategy that rebalances the portfolio at times
to=0,t, =T/n,...,t, =T according to hy,, ..., h, is self-financing. In order for this to happen,
the value \Znh = x4, + Y, Sy, of such a discrete-time strategy must satisfy that

‘Z:L’h = xtiq(l + r(tifl)At) + ytiflsti

foreachi =1, ..., n. Equivalently,

‘Z?h = % + Z C("151'—174(75J’—1)At + Zytj—l(stj - Stj—l)?
j=1 j=1

foreach i = 1,...,n, or what is the same,
(10) ‘th = ‘76 + Z xtjflr(tj_l)At + Zytj—l(stj - Stj71)7
t;<t t;<t

for all ¢ < T. Since the concept of trading strategy is understood as the limit of discrete-time
strategies, we should understood (I0) in the limit as the time step At between trades gets smaller and
smaller.

The above considerations suggest to define a self-financing trading strategy or portfolio as a
process {h; = (x4, ;) : t < T'} adapted to the filtration generate by Z := {Z; };<r such that the

(B) The limits

(1) /0 wyr(u)du = 1m Y "z r(ti)(t; — tio1),

tj<s
t
(i) / yudSy = 1m Y g (S, — i, )
0 t;<t
exist for any ¢t € [0,7], whenever the mesh 7 := max;(t; — t;_1) of the discrete-times

m:0=1ty <t <---<t, =T converges to 0;
(C) The process Vth = x; + 1Sy satisfies that

t t
(11) V= VO”+/ xur(u)du—l—/ YudS,y,
0 0
forallt <T.

In financial jargon, the limit process fot x,r(u)du is called the cumulative net gain in the money-
market account, while f(f Y, dS, is called the cumulative net gain in the stock. Equation 1D says
that the value of the portfolio at any time ¢ < 7' equals the sum of the cumulative net gains in the
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money market account and the stock. This is precisely consistent with the idea of a self-financing
portfolio as one where there is no infusion or withdrawn of money.

Mathematically, the limits in (B) above are integrals. The integral (i) is the well-known Riemann
integral of basic calculus, while the integral in (ii) is the so-called Riemann-Stieltjes integral of v,
with respect to .S. It turns out that in the case of processes of the form

St — SgeaWt—i-/At’
as in the Black-Scholes model, or simply when S; = W, the limit

(12) }gnZyt]l ) (St (W) = S,y (w))

does not exist for all w € €) (not even, with probability 1) in general. This fact was well-known
almost from the beginning that the mathematical foundations of Wiener process were established. It
was [t0 the first one who gave a precise meaning to the limit and created the stochastic calculus
for this type of integrals that now are commonly called 16 integrals. We shall develop the basis of
this theory in the rest of this Chapter.

4. STOCHASTIC INTEGRATION

Our goal is to give a precise meaning to the integral of a process { f; };>o with respect to the
Wiener process { W };>¢. This operator is denoted as follows:

(13) I, / fi dW.

As it was mentioned before, the natural definition of (13)) is as the limit of the Riemann-Stieljes sums
n—1

(14) I[Z’b] (f) = f ( )(Wt3+1( ) Wtj (w>)7
j=0

when the mesh 7 := max{t; — ¢;_1} of the partition 7 : t, = a < t; < --- < t,, = b vanishes.

However, such a limit does not exist in general due to the extremely erratic path behavior of . We
shall see that if f is “nice", will converge to in the mean-square sense:

2
(15) Tim E (1,,,() =17, (/) =0.
The previous mode of convergence implies in particular that for any € > 0, there exists a § > 0 such
that if the mesh 7™ < 4, then

(16) P (

L,y () = ][Z,b](f)‘ < 5) >1—c.

Coming back to the financial interpretation, we shall interpret / (f) as the gain of a trading strategy
in continuous-time, and hence, tells us that it is possible to replicate the gain within ¢ with very
high probability if the time step between trades is smaller that certain threshold 9.
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4.1. Construction and basic properties.

The idea towards (13) is to define the integral for simple processes in a natural manner and then,
consider processes that can be approximated by simple processes. Consider a process { f }c[a, as

follows:
n—1

(17) Fiw) =) &(w) 1,0, (D),
§=0

for a partition 7 : a =ty < --- < ¢, = band§; € EZV Notice that f;; = &; and thus, the later
condition means that f; is not anticipative (namely, its values at any given time depends only on the
information available at that time). For this type of processes, called simple processes, the limit of
the Riemann-Stieljes sums (14) actually exists and is given by

b n—1
(18) / JedWy = ij(w) (Wtj - Wta‘fl) :
a ]:0

Next, suppose that { f;};c[o,4 s @ process such that there exists a sequence f" of simple processes
satisfying that

b
(19) lim E/ (fe — fM)*dt = 0.

n—oo

Then, it can be proved that there exists a random variable fab f: dW, such that

b b 2

The random variable fab fi dW, is called the It6-integral of f with respect to W on [a,b]. It was
Itd the first one to identify that the following class of functions f admits the approximation by
simple functions { f"},>1:

Definition 4.1. The process f belongs to the class £2[a, b] if f is adapted to the information {F}¥ };>¢
generated by W and

b
E/ fldt < .

If f € £2[0,¢] for all ¢ > 0, then we just write that f € £* and say that f is It6 square-integrable.

We summarize the previous claims in the following theorem:

Theorem 4.1. If f € L£?[a, ], then there exist a random variable fab ft AW and a sequence { f™ },>1
of simple processes such that and @) hold true. Moreover, f: fidW, is identical for any se-

quence f, satisfying (I9).

The main properties of the stochastic integral are given in the following result:

Proposition 4.1. Let f, g € £?[a,b] and ¢ > 0 be a real number. Then,

12



(1) (Linearity) f (fi + cge)dW; = f frdWy + cf grdW,.
(2) (Mean and variance) E [fa ftth] =0and E {(fa ftth)2] = Ef: fAdt.

(3) (Covariance) FE [fab frdW, fab gtth} = Ef(f Jrgedt.

We finish with an important remark. It turns out that if f is left-continuous and adapted then one
can take f'(w) = fo(w)ley(t) + Z;:S‘ ft;(w) 1, 4;,1(t), and hence, the Riemman-Stieljes sums

I (f)in converges to [, (f) = fab f+ dW, in the mean-square sense .

The mean and variance formulas of Proposition are actually valid even if we have at hand
certain information of the past evolution of . Concretely, we have that

E [/:fudwu (/:fudwu)2 = E/:fidu

for any ¢y, ..., t, < s. These facts suggest that the conditioning expectation of the integral given “all"

Wiy, .., W,

...,th} =0, and I

the past information generated by W is still 0. We now introduce these properties in the following
section.

4.2. Martingales properties of the stochastic integral.

The treatment of the multi-period Binomial model showed that the concept of martingale appears
naturally in the problems of mathematical finance. For instance, a risk-neutral measure () can be
defined as a probability measure such that the discounted stock-price process

S,
S =
(1+ R)

is a martingale; namely, such that
(Sy[S5, - SF) =57,
for any 0 < ¢ < u < T'. The natural continuous-time version of the above formula is
E?(S;|S5,v<t)=5;,

for any 0 < ¢t < u, where the above expectation is the conditional expectation of S given the
information in F;". One can of course take a general informations process and define a martingale
as follows.

Definition 4.2. Let Y = {Y;};>0 and X = {X,}:>( be a stochastic processes defined on a common
sample space (2, equipped with a probability measure P. The process Y is said to be a martingale
relative to the filtration {F; };>¢ (or relative to the information generated by X) if

(1) Y; is F/*-measurable, for any ¢;
(2) E|Y;| < oo, for any t;
(3) E (Y, |FY) =Y, forall0 < s <t.
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Example 4.1. Let Y., be a random variable such that E|Y,,| < co. The process Y; := E (Y| F¥)
is a martingale relative to F;~.

The following are fundamental martingales related to stochastic integrals.

Theorem 4.2. Let f.g € L? be Ito-square integrable processes and M, = fg fsdW, and Ny =
fot gsdWs. Then,

(1) M, is a martingale relative to F)V;
(2) M? — [} f2ds is a martingale relative to F}V ;
3) M;N; — f; fsgsds is a martingale relative to F)".

Notice that the statement (1) in Theorem [4.2]is equivalent to any of the following two equivalent
statements:

(la) E [, fdWy |FV] = [, fsdW,, forany 0 < ¢ < u;
(Ib) E [[" fodW; |F}V'] =0, forany 0 < ¢ < u.

Similarly, (2) in Theorem [.2]is equivalent to any of the following two equivalent statements:

Qa) B |(fy' foaws)* = [ f2ds |7V | = (; fde5>2 — [ f2ds, forany 0 < t < u;
@b) B [ ([ foaW)* |7 | = B [f)" f2ds |7}V ] forany 0 < ¢ < w.

Exercise 5. Verify that (2a) and (2b) are equivalent.

The processes { fot f2ds}i>o is called the quadratic variation of M and is denoted by (M). It
has the property that the discrete-time quadratic variation process, defined by

™ 2
<M>t = Z (Mtk - Mtk_l) )
<t
converges to (M),, in the mean-square sense, when the mesh of the partition 7 : {p = 0 < #; <

.-+ < t, becomes smaller:

(21) lim  E((M)] —(M),)* = 0.

mesh(m)—0 ¢

Similarly, the process { f(f fsgsds}i>o is called the quadratic covariation of M and N and is denoted
by (M, N).

4.3. It processes.

Our goal in the following section is to show a chain rule for stochastic integrals. A consequence
will be that a smooth functions of an Itd integral can be expressed as the superposition of an Itd
integrals and a Riemann integral. Such processes are called 1t processes.

14



Definition 4.3. We say that { X, };>¢ is an It0 process if for all t > 0,
t t
(22) X=Xy + / [sds + / o.dWs,
0 0

for a constant X, and processes ;1 and o adapted to {]—"tw}tzo. The term fot o.,dW, 1s called the
Wiener or Brownian component of the Itd process.

The process (30) is well-defined if

t t
E{/ |,u5|ds—|—/ aids} < oo, forall t>0,
0 0

in which case one can construct { X; };>¢ to have continuous paths with probability 1.

We often write the process X in the following “differential form" and say that X has the follow-
ing dynamics

(23) dXt = /,Ltdt + Utth, XO = Q.

It is important to be conscious that (23]) has no meaning itself except as a “convenient" way to write
(30). In particular, it is wrong to interpret (23) as the differential form of the following differential

equation:
dX; AW,

7 = Mt 0y

dt dt’
where dX,/dt and dW, /dt are derivatives. Such an interpretation is wrong (and certainly, not true)
since for instance W is known to be no-where differentiable.

Nevertheless, the terminology is useful to make the following definition plausible and easy
to remember. We define the integral of a process f with respect to the Itd processes by

t t t
(24) / fsd X, ::/ fspsds —|—/ fsosdWs,
0 0 0

provided that the Riemann integral and the It0 integrals on the right-hand side are well-defined (for
instance if f is bounded).
The above definition of integral with respect to an Itd process is consistent with the Riemann-

Stieljes integral (defining the limits in a proper manner). The following result clarifies this point:

Theorem 4.3. Suppose that { f; }1>0 is adapted to W, left-continuous, and bounded on each finite-
time interval. Then, { fot fsdXs}>o in is well-defined and satisfies that, for any ¢ > 0 and

T >0,
P(sup <6)21—5,
t<T

whenever the mesh of the partition ™ : to = 0 < --- < t,, = T is smaller than certain § > 0 (which

/0 fsts - Z fti (Xti+1 - Xti)

t; <t

depends on the precision € > 0 and the time horizon T').

15



We conclude that the Riemann-Stieljes sum » , . f;,(X¢,,, — X,) can be made arbitrarily close
to fOT fsd X with arbitrarily high probability if the mesh is high-enough. When { X, };<r represents
the price process of an asset and f; represents the position in that asset at time ¢, fot fsds is interpreted
as the net gain in the stockby time ¢. For instance, suppose that

ft = yl[u,v] (t)v

where u < v are constants and y depends on the information up to time u. Then, this trading strategy
buys y units of the asset at time u, hold them until time v, and then sell them. Clearly, we expect that
the net gain at time ¢ will be

t<u
/ftht (Xt Xy) u<t<owv .
y( Xy —Xy) t>w

Indeed, if for instance ¢ > v, the Riemann-Stieljes sum takes the form
Z fti<Xti+1 - th) =Y (Xv(ﬂ) - Xu(w)) )
t; <t

where v(7) is the largest ¢; smaller than v and u() is the smallest ¢; larger than u. Since the paths
of X are continuous with probability 1, the Riemann-Stieljes sum converge to our guess of gain
i+l th)
can be interpreted as the net gain of a combination of buy-and-hold trading strategies. Concretely,

process. Such a trading strategy is called a buy-and-hold strategy. The sum Zti <T fr, (X4

this strategy changes the position in the asset at times ¢y, < --- < t,, according to f,, ..., ft,-

4.4. The Ito formula.

This section is one of the most important topics of this chapter, at least for applications in finance.
The following theorem introduces the fundamental Itd formula.

Theorem 4.4. Let X = {X,};>¢ be an Ito process of the generic form . Let f be a function that
is twice continuously differentiable. Then, f(X,) satisfies the equation:

(25) f(X)) = f(Xo) + /f $)dX, + = /f” Yods,

forallt > 0. In particular, f(X,) is also an Ité process with the representation:

t
$00) = 100 + [ {70+ et as+ [ pa.
0
Remark 4.1. The differential form of looks like
1
df(X) = f(X)dX, + 5 " (Xi)opdt,

which is why Itd formula is sometimes called a chain rule for Itd processes. It is also common to use
the terminology (dX;)? = o?dt. In that case, we can write in the following form which evokes
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a Taylor’s expansion of order 2:
1
df (Xy) = f/(Xe)d X, + §f”(Xt)(dXt)2-

One can think of (dX;)? = o?2dt as the square of the differential dX; = p;dt + o,dW,; with the
convention that (dt)? = 0 and dtdW; = 0.

Example 4.2. 1t6’s formula shows that the calculus for It6 integrals differs from the standard cal-
culus. For instance, it is not true that fot f'(Ws)dWs = f(W;) — f(W,). Rather, it is necessary a
“correction” term as follows:

/0 POV, = FOW) — F(Wo) — 5 / J (W) ds.

Hence, the following two cases follows:

t 1 t 1 t
/ WedW, = —WE — 1, / eVediW, = eVt — 1 — —/ eWads.
0 2 0 2 Jo

Example 4.3. Take f(z) = z? and X; = fot osdW. Then, becomes

t t
Xf:Q/ XSdXSJr/ d(X),.
0 0

Replacing X and (X), = fot o2ds,
¢ ¢
Xf :2/ XSO'SdWS—I—/ crfds.
0 0

Since fot X,0,dW, is a martingale, we conclude that fot osdW, — f(f o2ds is a martingale, which is
consistent with Theorem

Example 4.4. Suppose that o is a non-random function. The aim of this example is to show that
X; = fot 0s,dWy is a Normal random variable. In order to do so, we find the moment generating
function

m(t,u) = E (e"*) .

uxr

Using It6’s formula with f(x) = e"*,

t U2 t
Xt =1 + u/ "X o dW, + ?/ "X olds.
0 0

Taking expectations on both sides and using that the expectation of an Itd integral is 0 and that o is
deterministic, we get

W2 [t
m(t,u) =1+ ?/0 o?m(s,u)ds.

Writing this equation in differential form (treating u as a constant) and “separating variables",

2 2 dmi(t 2 2 2t
dm(t,u) = u;t m(t, u)dt = nT((t,’;L)) = u;t dt = Inm(t,u) — Inm(0,u) = % /o olds.
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We finally obtain that
m(t,u) = o5 Iy otds,

This is precisely the moment generating functions of a Gaussian random variable with mean 0 and
variance f(f o2ds.

Exercise 6. The goal of this problem is to show an Integration by parts formula for Itd processes.
Suppose that X; = Xo—l—fot ,usds%—fot o.dW,andY; = Yo+f(f [Lsds+f0t 7,dW, are two Itd processes.

(a) Find the following differentials:
d(X; +Yy)?, dX}?,  dY?

(b) Using parts (a) and that zy = {(z + y)*> — 2 — y*} /2, show that
t t t
(26) XY; = XoYo + / X,dY, + / YidX, + / 04 sds.
0 0 0

4.5. The Black-Scholes model and its dynamics.

As an application of Itd’s formula and due to its great relevance in mathematical finance, let us
study the dynamics of the Black-Scholes model

27) Sy = Soe”MMerHe,
where ¢ > 0 and p are constants, and W is a Wiener process. Taking f(z) = Spe” and X; =
oW, + ut, we obtain that

o

t 2 pt
Sy = So +/ Sud X, + / Syudu
0 2 Jo

t 0.2 0_2 t
:so+/ Su(u+—>du+—/ S, dW,.
0 2 2 Jo

Hence, the dynamics of the Black-Scholes model is given by
o2

An important consequence of the previous equation is that we can now formally define the
stochastic integrals with respect to .S as follows:

t t 0.2 t
G(t) = / hadS, = / 7S (‘”?) du + / haodW,.
0 0 0

Recall that, being S an It6 process, this integral will be the limit of Riemann-Stieltjes sums in the
sense of Theorem Again, in the case that S and h are interpreted as the price process of a stock
and a trading strategy, respectively, G(t) is interpreted as the gain process in the stock by time ¢. This
gain process can be realized, within any desired precision ¢ with very high probability, by running a
discrete-time trading strategy at times tp = 0 < --- < t,, = ¢ according to the positions hy,, ..., h,
with high enough trading frequency.
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It turns out that the equation (28)) characterizes the geometric Brownian motion in the sense that
the only process that satisfies (28)) is (27) as the following exercise proves:

Exercise 7. Suppose that, besides , there exists another process S such that
2
and Sy = Sp. Apply the integration by parts formula and It6’s formula to show that
d(S;1S,) = 0.
Conclude that S; = 5}, for all .

4.6. Multidimensional It6 formula.

It is useful to generalize 1t6 formula to deal with more than one Itd process and with more
sources of randomness. Suppose that W, ... W are d independent Wiener processes. We then
say that W := (W', ..., W) is a d—dimensional Wiener process. An Itd process is then defined a
process of the form

t d t
Xt:X0+/ usds+Z/ ol dWi,

where X is a constant and y and (c!,. .., o) are processes adapted to the information generated by
the processes (W1, ..., W2). It turns out that a smooth function f(X?, ..., X™) of Itd processes is
an [t0 process.

. . 2
Theorem 4.5. Let f(t,x1,...,2,,) be a continuous function such that %, g—ai, and 82_ g; -

are con-

tinuous. Let
X;:X5+/ u;ds+2/ cIdWI i=1,...,m,
0 ; 0
7j=1

be 1t6 processes. Then, f(t, X}, ..., X/™) is an Ité process which differential form is given by

of — Of
1 m 1 m
dFe, XE LX) = S (X X dE ;1 o

41 Zm: aQ—f(t X/} XM dX} - dXF
2ik:18xia~rk ) tor t t to

(tuthv"wXZn) dXZ

where dX! - dXF can be found as a standard multiplication operation with the following formal
multiplication rules:

(dt)>=dt-dt =0, dt-dW] =0, dWF-dW/ =0, ifk#7j, dW]-dW/ = (dW})* = dt.

Example 4.5. Let us apply 1t6’s formula to find the differential of the process Z; = tW;. Taking

f(t,x) = tz,
d(tWy) = tdWy + Widt.

Hence, Z; = tW, = fot Wds + fg sdWs,.
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Example 4.6. Let W' and W? be independent Wiener processes. Define R, = /(W})2 + (W2)2
be the distance from the origin to (1, W5). Then, we can find the differential d R, as follows:

1 /1
AR, = (Edt + Wrhaw}! + Wdef) :
t

4.7. Integration by parts and the quadratic covariation process.

Let us consider two It processes

t d t t d t

(30) Xt:Xo—i—/ ,usdsJFZ/ ol dW?, and 1@:1@+/ ﬂsderZ/ ERALED
0 =1 o 0 j=170

Then, by Itd formula,

(31) d(X,Y;) = X, dY; + YidX; + dX, - dY;.

Using the multiplication rules for differentials, it is easy to see that

d
dX, - dY, = (Z ag‘&g’) dt.
j=1
Plugging in (31)), we obtain the following integration by parts formula:
t t
(2) | Xy, = xv - XY~ [ vax,- ),
0 0

where

The above process is called the quadratic covariation of the processes X and Y.

Example 4.7. Apply the integration by parts formula to justify the following formula:

t s t
/ / py AWy ds = / (t — )y, dW,.
o Jo 0

How can you justify the previous formula in terms of a change of integration arguments (namely, a
Fubini’s formula)?

The quadratic covariation has very important properties. First, notice that

t t
(33) (V) = XY= XYy~ [ Vax,~ [ Xav.
0 0

If we approximate the last two integrals on the right-hand side using Riemann-Stieltjes sums based
on a partition 7 : to = 0 < t; < --- < t,, = t, then it can be shown that

n—1 n—1 n
XtY; - XO}/O - Z th (th'+1 - th) - Z Xti (}/ti-&-l - }/tv) = Z(Xti+1 - Xtv:)(}/ti-u - Y;z)
=0 =0 =0
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Since the Riemann-Stieltjes sums converges to the corresponding integral in the sense of Theorem
4.3 we expect that for any ¢ > 0,
< 5) >1—c,

whenever the mesh of the partition 7 is smaller than certain 6 > 0 (which depends on € > 0). Hence,
i+l Xti)(}/;i-ﬁ—l
to (X, Y’), with high probability if the mesh of the partition is small enough.

n

} <‘<X’ Y)t o Z(XtiH - Xti)(Y;fiJrl - Y;z)

=0

the discrete-time quadratic covariation ) ;" (X, —Y,,) can be made arbitrarily close

Anothet outstanding property arises when X and Y are martingales. More specifically, suppose
that 4 = /i = 0 and the ¢7’s and 57’s are Itd-square integrable processes. Then,

d t
XY, — (X,Y), = Z/ (Yol + X67) dW7,
j=1"0

which is a martingale. In fact, this property characterizes { (X, Y"), },>( as the following result states:

Proposition 4.2. Suppose that X and Y are as in with n = i = 0 and It6-quare integrable

processes o and c. Then,

(1) M, := X,Y, — (X,Y), is martingale relative to {F" } >0,
Q) IfA; = fot bsds is such X,Y; — A, is a martingale, then A, = (X,Y),, forall t > 0.

The following property is quite outstanding. It is called the Lévy’s martingale characterization
of Wiener process.

Theorem 4.6. Let { X, }i~¢ and {Y; }+>0 be continuous processes adapted to the information { F}" };>o
generated by Wiener processes W = (W1 ... W),

(1) If { X }i>0 is a martingale relative to {F}" }i>o such that (X, X), = t, for all t > 0, then X
is a Wiener process.

(2) If { X }i>0 and {Y, }i1>0 are martingales relative to {F}V }i>q such that (X, X), = (Y,Y), =t
and (X,Y), =0, forallt > 0, then X and Y are independent Wiener processes.

Example 4.8. Consider the 1t6 process
d - .
dX, = pudt + Y 6ldWy.
j=1

Applying the Lévy’s Theorem 4.6, B; := Z?Zl fot ”&—15“6g W7 is a Wiener process. Then, X admits
an It0 representation with respect to only one Wiener process (rather than d Wiener processes):

dXt = ,utdt + UsdBta
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with o; = [|64]|. As an application, suppose that b and ¢ = (6,...,5%) are constant processes.
Consider the Itd process S

d
dS, = Sibdt + S,y 67dW;.
J=1
Then, S follows that Black-Scholes model with volatility ¢ = ||| and mean rate of return p =

L 52 (see relation between and ).

4.8. Correlated Wiener processes.

Let W = (W' WW?) be a bivariate Wiener process and let {p; };>0 be a process adapted to the
information generated by W taking values in [—1, 1]. Define the processes

t t
(34) B} =W}, Bf—/ deW§+/ V1 — p2dW?2.
0 0

In light of Lévy’s Theorem[4.6] B! and B? are Wiener processes such that
t
(35) (B',B?), = / psds.
0

A pair of Wiener processes B! and B? satisfying (35) are said to be correlated Wiener processes with
(instantaneous) correlation process {p: }+>0. The transformations (34)) is a devise to built correlated
Wiener processes from independent Wiener processes W and W2,

Exercise 8. From Proposition it follows that

t+A t
E (B +ABt+A / psds “EW) = BtlBt2 _/ psds,
0 0

whenever ¢, A > 0. Use this fact to show that
tHA
B (Bl BB - )| =8 ([ pats|AY)
t
The previous exercise show that under certain regularity in p,

t+A
(36) Jim g (Bha — BH)(Bia — BY) |FY) = F | lim — psds |FY ) = py.
A0 A A—0 A

The following exercise show that we can interpret p; as the instantaneous condition correlation be-

tween the increments of B! and B? at time ¢ given the past information up to time ¢:

Exercise 9. We define the instantaneous correlation of two random variables given F}" as follows:
Cov (X, Y |FV)
v/ Var (X]FI) - Var (V7).

p (X, Y|FR") =
where, as it should be expected,
Cov (XY |FY) = B[(X B [X|FY]) (v = B[Y |7]) |7],
Var (X |FY) = B[(X - E[X|FY])* |7 ]

22



Using (36)), show that
lim p (Bl a— B Bhon — B2 |7) = p

In general, we have the following concept.

Definition 4.4. Let p = [p*/ ]j j—1 be ad x d matrix of adapted processes taking values in [—1, 1].
We say that a d-dimensional process B = (B*,..., B%)T of It6 processes are correlated Wiener
processes with correlation matrix p if each B® is a Wiener process, and if for each 1, j,

t
(B 85), = [ pliis
0
or equivalently, if
dB!-dBl = pdt.
We remark that p has some constraints. Concretely, for each ¢, p; is a symmetric nonnegative

definite matrix such that p** = 1, forany i = 1,...,d.

Example 4.9. Let W = (W', ..., W49) be d—dimensional Wiener process and consider a d x d

matrix 3 = [6% ]Zl ;=1 of processes adapter to F W . Denote 6% the i""-row of 3 which is assumed to

be nonzero for each i. Define the Itd processes

d t 1
B'=)" / —— 6 AW

Using the multiplication rules for differentials and Lévy’s theorem we can easily see that B =

(B',..., B is a correlated Wiener process with correlations
i (g T
Pl — o7 (61)
=
5% 1le2

The following result provides a devise to construct correlated Wiener processes from indepen-
dent Wiener processes (the analog to the construction in (34)) above):

Proposition 4.3. Let W = (W,... W% be d—dimensional Wiener process and let p = [pi’j]i i1
be a d x d symmetric (non-negative definite) matrix of adapted processes. Then, there exists a d X d

. o _iind
lower triangular matrix ¥ = [6"7]; j—1 of adapted processes such that

I

M

p:

Furthermore, the processes

d t
Bi:Z/O ghlldwi, i=1,...,d,
j=1

are correlated Wiener processes with correlation matrix p.
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4.9. The generalized multidimensional Black-Scholes model.

First, consider the following generalized Black-Scholes model for the price process of an asset:
(37) S, = Syedo Hodst [ 7sdWs.

Applying Itoo, it is clear tha S satisfies the dynamics

2
dSt = St { (/Lt + ) dt + O-tth}

Let us briefly digress on the financial interpretation of o and p. Notice that the log returns of the

Spin t+A t+A
In =4 :/ USdWS+/ Jsds.
St ¢ ¢

asset are

Then,

S 1 S
,ut_in_n@AE{ g;A ftW}, of = hmo AVar{ g;A ftW}

Hence, we can say that y,; is the instantaneous mean rate of return at time ¢ conditional on the past

information, while o; is the instantaneous volatility at time ¢ conditional on the past information.

We can generalize (37) to cope with mutiple assets. Suppose that there are [V assets in the market
with price processes given by the dynamics:

t d t
(38) Si = Sk exp { / pids +> / (}gfdwg},
0 =10

driven by a d-dimensional Wiener process W = (W, ... W) (uncorrelated). We first notice that
each asset stock price process S’ is of the form (37) with instantaneous conditional mean rate of
return 47 and instantaneous conditional volatility

Also, from Examples [4.9] it follows that the log returns of asset ¢ and j at time ¢ has instantaneous

correlation
i 1 ainT
pid — Iy (0'{)
= =
[ErailicAln

In other words,

S
t+A t+A
Cov{ln S ,In G

a

EW} -Var{ln Ztta

ivj — |
py = lim

A—0 .
N
\/ Var { In "
t

S]

.7-"W}.
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5. STOCHASTIC DIFFERENTIAL EQUATIONS

5.1. Existence and properties.

In this part we study a d-dimensional vector X; := (X}, ..., X™)T of Ito processes that satisfies
the following system of equations:

t d t
(9 Xi—ui+ / i (s, X)ds + 3 / o5, X)AWI,  foralli—1,....d
where
th Iul ol gld
Wt — ) ﬂ(t,I) - ) O'(t,l') - y
Wtd ,Ud O_n,l7 L ’a_n,d

are respectively a d-dimensional Wiener process, a d x 1 vector of functions in [0, 00) x R?, and a
n X d matrix of functions in [0, 00) x R<. It is convenient to write (39) in the following form

t t
(40) X = xo—l—/ ,u(s,Xs)ds—i—/ o(s, Xs)dWs.
0 0
If there exists a process X satisfying (#0), we say that this process is a (strong) solution to the
following stochastic differential equations (SDE):
(41) dXt = M(t,Xt)dt+O'(t,Xt> th,

with initial condition Xy = 4. The functions ;. and o are respectively called the drift and the
diffusion terms of the SDE.

The next result gives sufficient conditions for the existence and uniqueness of the solution.

Proposition 5.1. Suppose that there exists a constant K such that the following conditions holds for
all x,y,t:

(i) Lipschitz conditions:
|t ) — pty)l| < Kllz—yll, and [o(t,z) —o(t,y)|| < K|z —yl;
(i1) Linear growth condition:
[t )| + lot, )| < K (1+ [|lzf]).

Then, for any x, there exists a unique solution to with initial condition Xy = xo . Furthermore,

this solution satisfies the following properties:

(@) B[ X:|* < Ce“ (1+ ||laol*) ;
(b) {X;}iso is adapted to {F}¥ }1>o with continuous paths;
(¢) Foranyt < T and set C,

(42) P(XreC|F")=P(XreClX,).
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Example S.1. Consider the following SDE:
(43) dSt = Stbdt + StUth,

where b and o are constants. This equation is essentially the same equation as in (28)). As in Section
. 50 S, = SpeeWit(b="/2)t js a solution by Itd’s formula. In Exercise , it is shown that the solution
is unique. Alternatively, uniqueness is a byproduct of the previous theorem since the coefficients:

u(t,z) =bx, o(t,x)=tz,
satisfy the Lipschitz and linear growth conditions.
The condition (#2) is called the Markov property. Intuitively, this property means that the future

statistical behavior of the process depends on the past ;" only through the present value of the
process. The following are equivalent formulations of the Markov property (42)):

(1) For “any" function f and 0 < ¢ <T"
(44) E(f(Xr) |F") = BE(f(X2) |1 X,);
(2) Fort <ty <---<ty,andsets C1,...,C,,
P(Xy, €Ci,....X,, €Co|FY)=P(Xy, €Cy,.... Xy, € Co|Xy);

(3) If Y is a random variable whose value depends only on { X, : u > t} (the “future" path of
X) then

EY|F") = EX[X):;
(4) For each (t,z) € [0,00) X R, let (€, P, ,) be a probability space equipped with a Wiener
process {W5"}.~¢. Suppose that { X"}, is a solution of the following SDE:
(45) dXP" = p(s, XP")ds + o (s, XE*)dWE*, s>t
(46) X =z

We say that { X}, starts at time ¢ at the value x according to the drift 4 and diffusion o.
Then, X has the Markov property (42)) if and only if

(47) E(f(Xr)|F") = Pr(t. X),
where Fr(t,z) = E;, ( f (X;x)) and E; , denotes the expectation with respect to P ,.
Notice that in light of (44) and (@7),
Fr(t,z) = E(f(Xr) [ X: = 2).

We can interpret as follows. Given the past information ", the future evolution of the process
is the same as if the process starts at time ¢ at the value X; (independently from whatever happen
with the process before time ¢). It is useful to see the system (45}46) as a black box which input data
are the initial position = and time ¢, and the final product is a realization of the stochastic process

{ X0 st
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In the case that the coefficients of the SDE are time independent,
(48) dX; = p(Xy)dt + o(X;) dWy,
the solution will be time-homogeneous and the Markov property will reduces even further:
(49) E(f(Xr)|7") = E(f(X1)|X:) = Fro(0, X),
where Frp(t, z) is as in (7).
Example 5.2. Let {S;};>( be the solution of under a probability P. Then,
E(f(Sr)|F") = Fr-(0,5,),
where Frr_,(0,2) = Eg, (f(X%ft)) and {X %"} 5 is the solution of the SDE
dX?" = X%*bdu+, X2 o dW>*, s> 0
Xg v = 7.

As before, XO% = z exp{oW?2?® + (u — 0?/2)s}, where W% is a Wiener process. Then,

F}%«Lx):l%w{f<xg%#z+wfﬁmxr%»}_
Of course, we could use the same Wiener process W, that drives S, and the expectation under P:

FT—t(O, l’) =F <f (l'@UWTft-i-(,u—az/Q)(T_t))) ‘

5.2. Feynman-Kac stochastic representation of PDEs.

The Feyman-Kac theorem provides a connection between two types of problems: a Partial
Differential Equation (PDE) and a Stochastic Differential Equation (SDE). The below version gives
a “stochastic representation” for the solution of a PDE:

Theorem 5.1. Consider the following setting:

(1) Let F' : [0,T] x R — R be a continuous solution to the following PDE with boundary

conditions:
OF OF 1, PF
(51 F(T,z) = ®(x),

for given functions o, |1, and P.
(2) For each (t,z) € [0,T] x R, let (., P: ) be a probability space equipped with a Wiener
process {Wh*} 5o and let { X"} 4> be a solution of the SDE:

(52) dX0" = p(s, XE)du + o (s, XP¥)dWE®, s >t
(53) XM=z
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Suppose also that o (s, X1*) %—f(s, X5 s Ito square-integrable for each t, x. Then, F(t, ) satisfies
the stochastic representation:

(54) F(t,x) = By, [@ (X37)]
where E , is the expectation under P, ;.

Example 5.3. Though its apparently complex form, the previous theorem has important applications
in finance. For instance, suppose that one wishes to determine the value F'(t,x) where F is the
solution of (50H5I). One method is to use the stochastic representation of the previous theorem. It
turns out that it is not hard to write a computer program that generates realizations (simulations) of
a process { X!} e, 1) satisfying (at least approximately) —. Suppose that we have at hand
such a program and that we generate /V realizations of the process. Let us denote v, . . ., vy the final
value X;”C for each of the /V realizations. Then, in light of and the Law of Large Numbers, we
can approximate F'(t, ) by

LN
F(t,x) ~ Nka.

k=1

The verification of Theorem [5.1]is actually quite illustrative. These are the main steps:

(1) Applying 1t6’s formula, the process Z, = F(s, Xﬁm) has the following differential form,
where we have dropped the superscript (¢, x):
OF (s, Xs) OF (s, X5) 19F%(s, X,) 5
fry d dXS - dXS
o T o M e G
OF (s, X;) 0F(s,Xs) 1 , O*F (s, Xy)

— ) X T2y o (s, X,) T b d
{ SR ma s LA T ’
N 0F (s, Xy)

ox
The terms in the second line vanish since £ solves (50).
(2) Integrating from s = ¢ to s = 7" and using (51)) and (53)), we have

dF (s, X5)

o(s, Xs)dWs.

/ T aF(gg}—Xs)a(s, X,)dW, = / 4. = P(T.Xr) - F(t.X) = 9(Xr) ~ F(t.0).

(3) Taking expectation both sides, this simplifies to
Et o [®(X7)] = F(t,2) = 0,
which is (54).

The representation of Theorem [5.1|can be extended to cover other PDE. The following is partic-
ularly useful in finance:

oF oF 1, OF -
(56) F(T,2) = B(),
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for given functions o, p, ®, and a constant r. Suppose that {X’*}>, is a solution to equations
(521{53). In this case, the trick is to consider the process Z, = e "9 F(s, X’*) on the interval
set,T].

(1) Applying the product formula and It6’s formula,
dZy = e "CDAF (5, X,) + F(s, X,)d(e "7Y)

e [OF (s, X,) OF(s, X,) 1 02 F (s, X,)
— o rls=t) ) 27\ As) 2\ s) ) Z 2 TS LR
e { 5 + (s, Xs) e +20 (s, Xs) 2 rF(s,Xs) ¢ ds
F(s, X
+e—T<H>—a (s, S)O(S,Xs)dws.

ox
Clearly, the term in the second line vanishes.
(2) Integrating from s = ¢ to s = T  and using and (53), we have

T
/ eT(St)%U(S,XS)dWs = G*T(T*t)(I)(XT) _ F(t, x)
¢ T

(3) Taking expectation both sides,
F(t,z)=e "TVE, , [®(X7)].

Exercise 10. Show that if r in (59) is time dependent, then the Feynman-Kac representation takes
the form
F(t,z) = e~ "0, [$(X7)].

The following Feynman-Kac formula begins with a SDE X starting at ¢ = 0 and shows that the
function F'(t,x) = E (f(Xr)|X; = z) satisfies a PDE.

Theorem 5.2. Let W be a Wiener process under a probability measure P. Suppose that X satisfies
the following equation

t t
X: =X, +/ w(s, Xg)ds —l—/ o(s, Xs)dWs, t>0.
0 0
Define the function

F(t,z) = E(® (X7)| X, =2), (t,z)€[0,T] xR,

. . . . 2 . .
which we assume is continuous in [0, T] X R and such that %—I;, g—i, and %TE exist and are continuous

in (0,T) x R. Then, F satisfies the PDE with the boundary condition (51)).

The verification of the above version is also relevant. By definition, the process Z; = F'(t, X;)
is the conditional expectation
By the Markov’s property of X, this is the same as
Zy=E(®(Xp)|RY),
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and hence, Z is a martigale relative to {F; };>o. On the other hand, applying It6’s formula,

OF (t, X OF (t, X, 1 OPF(t, X
dZ, = dF(t, X,) = {% +oplt, X)) — (ax ), 50, Xt)_a(ﬂ t) } dt
OF(t, X
—+ #U(l‘:?Xt)th.

Since Z, is a martingale, the only possibility is that the first term on the right-hand side of the above
equation vanishes. Since this holds true for any (¢, X;), we conclude that F'(¢, z) satisfied (53). Also,
clearly F(T,z) = E (@ (X7) | Xy =2) = ®(x).
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