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Models are, for the most part, caricatures of reality,
but if they are good, like good caricatures,
they portray, though perhaps in a disturbed manner,
some features of the real world.

Marc Kac
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Preface

This is a text which presents the basics of stochastic calculus in an ele-
mentary fashion with plenty of practice. It is aimed at the typical student
who wants to learn quickly about the use of these tools in financial engi-
neering, particularly option valuation, and who in the first instance can
accept (and usually prefers) certain propositions without the full math-
ematical proofs and technical conditions. Elementary ordinary calculus
has been successfully taught along these lines for decades. Concurrent
numerical experimentation, using Excel/VBA and Mathematica, forms
an integral part of the learning. Useful side readings are given with each
topic. Annexes provide background and elaborate some more technical
aspects. The technical prerequisites are elementary probability theory
and basic ordinary calculus.

OUTLINE

The sequence of chapters in this text is best explained by working back-
wards from the ultimate use of Brownian motion calculus, namely the
valuation of an option. An option is a financial contract that produces a
random payoff, which is non-negative, at some contractually specified
date. Because of the absence of downside risk, options are widely used
for risk management and investment. The key task is to determine what
it should cost to buy an option prior to the payoff date. What makes
the payoff uncertain is the value of the so-called underlying asset of the
option on the date of payoff. In the standard case the underlying asset
is a share of stock. If T denotes the payoff date, and S(T) the value of
the stock at T, then a standard European call option allows its holder
to acquire the stock, of value S(T), for a fixed payment of K that is



Xiv Preface

specified in the contract. The European call has payoff max[ST) —
K, 0] which is positive if T) > K and zero otherwise. So the be-
haviour of the stock price needs to be modelled. In the standard case it
is assumed to be driven by a random process called Brownian motion,
denoted B. The basic model for the stock price is as follows. Over a
small time step dt there is a random increment dB(t) and this affects the
rate of return on the stock price by a scaling factor o. In addition there
is a regular growth component w dt. If at time t the stock has the known
value (1), then the resulting change in stock price dSis specified by

ds(t)
S )
The change in stock price over a future period of length T, from its

initial price §(0), is then the sum (integral) of the changes over all time
steps dt

= pdt + o dB(t)

T T T
dSt) = ST) — S0) = / nwS(t) dt +/ o S(t) dB(t)
t=0 t=0 t=0

This sets the agenda for what needs to be worked out mathematically.
First the Brownian motion process needs to be specified. This is the
subject of Chapter 1. Then an integral of the form fthooS(t)dB(t)
needs to be defined; that requires a new concept of integration which is
introduced in Chapter 3; the other term, ftho wS(t) dt, can be handled
by ordinary integration. Then the value of S(T) needs to be obtained
from the above equation. That requires stochastic calculus rules which
are set out in Chapter 4, and methods for solving stochastic differential
equations which are described in Chapter 5. Once all that is in place, a
method for the valuation of an option needs to be devised. Two methods
are presented. One is based on the concept of a martingale which is
introduced in Chapter 2. Chapter 7 elaborates on the methodology for
the change of probability that is used in one of the option valuation
methods. The final chapter discusses how computations can be made
more convenient by the suitable choice of the so-called numeraire.

The focus of this text is on Brownian motion in one dimension, and
the time horizon is always taken as finite. Other underlying random
processes, such as jump processes and Lévy processes, are outside the
scope of this text.

The references have been selected with great care, to suit a variety of
backgrounds, desire and capacity for rigour, and interest in application.
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They should serve as a companion. After an initial acquaintance with the
material of this text, an excellent way to gain a further understanding is
to explore how specific topics are explained in the references. In view of
the perceived audience, several well-known texts that are mathematically
more demanding have not been included. In the interest of readability,
this text uses the Blackwood Bold font for probability operations; a
probability distribution function is denoted as IP, an expectation as E, a
variance as Var, a standard deviation as Stdev, a covariance as Cov, and
a correlation as Corr.






1

Brownian Motion

The exposition of Brownian motion is in two parts. Chapter 1 introduces
the properties of Brownian motion as a random process, that is, the true
technical features of Brownian motion which gave rise to the theory
of stochastic integration and stochastic calculus. Annex A presents a
number of useful computations with Brownian motion which require no
more than its probability distribution, and can be analysed by standard
elementary probability techniques.

1.1 ORIGINS

In the summer of 1827 Robert Brown, a Scottish medic turned botanist,
microscopically observed minute pollen of plants suspended in a fluid
and noticed increments' that were highly irregular. It was found that
finer particles moved more rapidly, and that the motion is stimulated
by heat and by a decrease in the viscosity of the liquid. His investiga-
tions were published as A Brief Account of Microscopical Observations
Made in the Months of June, July and August 1827. Later that century
it was postulated that the irregular motion is caused by a very large
number of collisions between the pollen and the molecules of the lig-
uid (which are microscopically small relative to the pollen). The hits
are assumed to occur very frequently in any small interval of time, in-
dependently of each other; the effect of a particular hit is thought to
be small compared to the total effect. Around 1900 Louis Bachelier,
a doctoral student in mathematics at the Sorbonne, was studying the
behaviour of stock prices on the Bourse in Paris and observed highly
irregular increments. He developed the first mathematical specification
of the increment reported by Brown, and used it as a model for the in-
crement of stock prices. In the 1920s Norbert Wiener, a mathematical
physicist at MIT, developed the fully rigorous probabilistic framework
for this model. This kind of increment is now called a Brownian motion
or a Wiener process. The position of the process is commonly denoted

! This is meant in the mathematical sense, in that it can be positive or negative.
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by B or W. Brownian motion is widely used to model randomness in
economics and in the physical sciences. It is central in modelling finan-
cial options.

1.2 BROWNIAN MOTION SPECIFICATION
The physical experiments suggested that:

e the increment is continuous

e the increments of a particle over disjoint time intervals are indepen-
dent of one another

e cach increment is assumed to be caused by independent bombard-
ments of a large number of molecules; by the Central Limit Theorem
of probability theory the sum of a large number of independent iden-
tically distributed random variables is approximately normal, so each
increment is assumed to have a normal probability distribution

e the mean increment is zero as there is no preferred direction

e as the position of a particle spreads out with time, it is assumed that
the variance of the increment is proportional to the length of time the
Brownian motion has been observed.

Mathematically, the random process called Brownian motion, and de-
noted here as B(t), is defined for times ¢ > 0 as follows. With time on
the horizontal axis, and B(t) on the vertical axis, at each time ¢, B(¢) is
the position, in one dimension, of a physical particle. It is a random vari-
able. The collection of these random variables indexed by the continu-
ous time parameter ¢ is a random process with the following properties:

(a) The increment is continuous; when recording starts, time and posi-
tion are set at zero, B(0) =0

(b) Increments over non-overlapping time intervals are independent
random variables

(c) The increment over any time interval of length u, from any time ¢ to
time (¢ + u), has a normal probability distribution with mean zero
and variance equal to the length of this time interval.

As the probability density of a normally distributed random variable
with mean p and variance o2 is given by

1 1 (x—u)z
exp|—=
o2 2 o
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the probability density of the position of a Brownian motion at the end
of time period [0, ¢] is obtained by substituting = 0 and o = /t,
giving

2
1 1 ( X )
exp| —= | —
Jivar Y| T2\
where x denotes the value of random variable B(¢). The probability
distribution of the increment B(t + u) — B(t) is

a 2
e M AR E

Note that the starting time of the interval does not figure in the expres-
sion for the probability distribution of the increment. The probability
distribution depends only on the time spacing; it is the same for all time
intervals that have the same length. As the standard deviation at time ¢
is v/1, the longer the process has been running, the more spread out is
the density, as illustrated in Figure 1.1.

As a reminder of the randomness, one could include the state of
nature, denoted w, in the notation of Brownian motion, which would
then be B(¢, w), but this is not commonly done. For each fixed time ¢*,
B(t*, w) is a function of w, and thus a random variable. For a partic-
ular w* over the time period [0, ¢], B(¢, »*) is a function of ¢ which is
known as a sample path or trajectory. In the technical literature this is
often denoted as t —— B(t). On the left is an element from the domain,
on the right the corresponding function value in the range. This is as
in ordinary calculus where an expression like f(x) = x? is nowadays
often written as x —> x2.

As the probability distribution of B(¢) is normal with standard devia-
tion v/ At, it is the same as that of /At Z, where Z is a standard normal
random variable. When evaluating the probability of an expression in-
volving B(t), it can be convenient to write B(f) as JALZ.

The Brownian motion distribution is also written with the cumula-
tive standard normal notation N (mean, variance) as B(t + u) — B(t) ~
N(0, u), or for any two times t, > t; as B(t) — B(t;) ~ N0, t, —
t1). As Var[B(¢)] = E[B(t)?] — {E[B(1)]}> = t, and E[B(t)] = 0, the
second moment of Brownian motion is E[B(7)*] = ¢. Over a time
step Af, where AB(1)Z B(t + Ar) — B(t), E{[AB®)?} = At. A
normally distributed random variable is also known as a Gaussian ran-
dom variable, after the German mathematician Gauss.
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Figure1.1 Brownian motion densities

1.3 USE OF BROWNIAN MOTION IN STOCK
PRICE DYNAMICS

Brownian motion arises in the modelling of the evolution of a stock
price (often called the stock price dynamics) in the following way. Let
At be atime interval, S(¢) and S(# + At) the stock prices at current time
t and future time (¢ + At), and A B(¢) the Brownian motion increment
over Ar. A widely adopted model for the stock price dynamics, in a
discrete time setting, is

S(t+ At) — S(t)

S0 = LAt + 0 AB(1)
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where 1 and o are constants. This is a stochastic difference equation
which says that the change in stock price, relative to its current value
attime ¢, [S(t + Ar) — S(¢)]/S(¢), grows at a non-random rate of u per
unit of time, and that there is also a random change which is propor-
tional to the increment of a Brownian motion over A¢, with proportion-
ality parameter o . It models the rate of return on the stock, and evolved
from the first model for stock price dynamics postulated by Bachelier
in 1900, which had the change in the stock price itself proportional to a
Brownian motion increment, as

AS(t) =0 AB(t)

As Brownian motion can assume negative values it implied that there is
a probability for the stock price to become negative. However, the lim-
ited liability of shareholders rules this out. When little time has elapsed,
the standard deviation of the probability density of Brownian motion,
V/t, is small, and the probability of going negative is very small. But
as time progresses the standard deviation increases, the density spreads
out, and that probability is no longer negligible. Half a century later,
when research in stock price modelling began to take momentum, it
was judged that it is not the level of the stock price that matters to in-
vestors, but the rate of return on a given investment in stocks.
In a continuous time setting the above discrete time model becomes

the stochastic differential equation

dS(t) J B

S0 = ndt + o dB(t)
or equivalently dS(t) = u S(¢) dt 4+ o S(¢) dB(t), which is discussed in
Chapter 5. It is shown there that the stock price process S(¢) which
satisfies this stochastic differential equation is

S(t) = SO expl(u — 301t + o B(1)]
which cannot become negative. Writing this as
S(t) = S(0) exp(ut) explo B(t) — %azt]

gives a decomposition into the non-random term S(0)exp(ut) and
the random term explo B(t) — %azt]. The term S(0)exp(ut) is S(0)
growing at the continuously compounded constant rate of p per unit
of time, like a savings account. The random term has an expected value
of 1. Thus the expected value of the stock price at time ¢, given S(0),
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equals S(0) exp(uet). The random process exp[o B(t) — %azt] is an ex-

ample of a martingale, a concept which is the subject of Chapter 2.

1.4 CONSTRUCTION OF BROWNIAN MOTION FROM
A SYMMETRIC RANDOM WALK

Up to here the reader may feel comfortable with most of the mathemat-
ical specification of Brownian motion, but wonder why the variance is
proportional to time. That will now be clarified by constructing Brown-
ian motion as the so-called limit in distribution of a symmetric random
walk, illustrated by computer simulation. Take the time period [0, T']

e . def .
and partition it into n intervals of equal length Ar = T'/n. These inter-

vals have endpoints 7;, def k At, k=0, ..., n. Now consider a particle
which moves along in time as follows. It starts at time O with value 0,
and moves up or down at each discrete time point with equal probabil-
ity. The magnitude of the increment is specified as /Az. The reason
for this choice will be made clear shortly. It is assumed that successive
increments are independent of one another. This process is known as a
symmetric (because of the equal probabilities) random walk. At time-
point 1 it is either at level /A7 or at level —+/At. If at time-point 1 it is
at v/At, then at time-point 2 it is either at level /A7 + /At = 2/ At
or at level /At — +/At = 0. Similarly, if at time-point 1 it is at level
—\/E, then at time-point 2 it is either at level O or at level —2\/5,
and so on. Connecting these positions by straight lines gives a contin-
uous path. The position at any time between the discrete time points is
obtained by linear interpolation between the two adjacent discrete time
positions. The complete picture of all possible discrete time positions is
given by the nodes in a so-called binomial tree, illustrated in Figure 1.2
for n = 6. At time-point n, the node which is at the end of a path that
has j up-movements is labelled (n, j), which is very convenient for
doing tree arithmetic.

When there are n intervals, there are (n + 1) terminal nodes at time
T, labelled (n, 0) to (n, n), and a total of 2" different paths to these
terminal nodes. The number of paths ending at node (n, j) is given by a
Pascal triangle. This has the same shape as the binomial tree. The upper
and lower edge each have one path at each node. The number of paths
going to any intermediate node is the sum of the number of paths going
to the preceding nodes. This is shown in Figure 1.3. These numbers are
the binomial coefficients from elementary probability theory.
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node index

(6,6)

(6,5)

(6:4)

(6,3)

(6,2)

(6.1)

time-points

(6,0)

0 1 2 3 4 5 6

Figure1l.2 Symmetric binomial tree

Each path has a probability (%)" of being realized. The total proba-
bility of terminating at a particular node equals the number of different
paths to that node, times (%)". For n = 6 these are shown on the Pascal
triangle in Figure 1.2. It is a classical result in probability theory that as
n goes to infinity, the terminal probability distribution of the symmetric

4 paths to node (4,3) 6
15 paths to node (6,4)
15
20
15
6
. . 1
time-points
0 1 2 3 4 5 6

Figure1.3 Pascal triangle
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Figure1.4 Terminal probabilities
random walk tends to that of a normal distribution. The picture of the
terminal probabilities for the case n = 6 is shown in Figure 1.4.
Let the increment of the position of the random walk from time-point

t to 111 be denoted by discrete two-valued random variable Xj. This
has an expected value of

E[Xi] = 3V/At + 5(=vAD) = 0
and variance
Var[X¢] = E[X;] — (E[X,])?
= E[X}] = 3(VAD? + 3(—V A1)’ = At
The position of the particle at terminal time 7 is the sum of n inde-

pendent identically distributed random variables Xy, S, e 1+ Xo +
-+ + X,,. The expected terminal position of the path is

E[S,] =E[X1 + Xz + - + X,]
=E[X ]+ E[X2] +--- + E[X,] =n0=0

Its variance is

Var[S,] = Var |:Z Xk:|
k=1

As the X are independent this can be written as the sum of the vari-
ances ZZ=1 Var[X,], and as the X, are identically distributed they have
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the same variance At, so
Var[S,] =nAt =n(T/n)=T

For larger n, the random walk varies more frequently, but the magnitude
of the increment /At = /T /n gets smaller and smaller. The graph of
the probability distribution of
def Sn - E[Sn] o Sn
O VVals,] VT
looks more and more like that of the standard normal probability distri-
bution.

Limiting Distribution The probability distribution of S, is determined
uniquely by its moment generating function.? This is E[exp(0S,)],
which is a function of 8, and will be denoted m(6).
m(©) E Elexp@(X + -+ + Xi + -+ + X, )]
= Elexp(60X1) - - - exp(0 Xy) - - - exp(6 X,,)]

As the random variables X1, ..., X, are independent, the random vari-
ables exp(6X1), ..., exp(6X,) are also independent, so the expected
value of the product can be written as the product of the expected val-
ues of the individual terms

m(®) = [ | Elexp(6 X,)]
k=1

As the X are identically distributed, all E[exp(6 X)] are the same, so
m(0) = {E[exp(6 Xi)]}"

As X} is a discrete random variable which can take the values /At
and —+/At, each with probability %, it follows that E[exp(6 Xy)] =

%exp(@«/ At) + %exp(—@«/ At). For small Az, using the power series
expansion of exp and neglecting terms of order higher than A¢, this can
be approximated by

1A+ 0V AL+ 302A0) + 31 — 0/ At + J02A1) = 1 + 362 At
SO

m(©) ~ (1+ 102Ar)"

2 See Annex A, Computations with Brownian motion.
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As n — o0, the probability distribution of §,, converges to the one de-
termined by the limit of the moment generating function. To determine
the limit of m as n — oo, it is convenient to change to In.

In[m(6)] ~ nin(1 + 162Ar)

Using the property, In(1 + y) ~ y for small y, gives
In[m(0)] ~ ni6>At

andas At =T/n
m(0) ~ exp(36°T)

This is the moment generating function of a random variable, Z say,
which has a normal distribution with mean O and variance T, as can
be readily checked by using the well-known formula for E[exp(0 Z)].
Thus in the continuous-time limit of the discrete-time framework, the
probability density of the terminal position is

1 1/ x\
NN (ﬁ)
which is the same as that of a Brownian motion that has run an amount
of time T. The probability distribution of S, = +/7T Z, is then normal
with mean O and variance 7.

The full proof of the convergence of the symmetric random walk to
Brownian motion requires more than what was shown. Donsker’s theo-
rem from advanced probability theory is required, but that is outside the
scope of this text; it is covered in Korn/Korn Excursion 7, and in Ca-
passo/Bakstein Appendix B. The construction of Brownian motion as
the limit of a symmetric random walk has the merit of being intuitive.
See also Kuo Section 1.2, and Shreve II Chapter 3. There are several
other constructions of Brownian motion in the literature, and they are
mathematically demanding; see, for example, Kuo Chapter 3. The most
accessible is Lévy’s interpolation method, which is described in Kuo
Section 3.4.

Size of Increment Why the size of the random walk increment was
specified as +/At will now be explained. Let the increment over
time-step At be denoted y. So X; = y or —y, each with probability
and

E[Xi] =3y +3(=») =0

1
2’
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Var[X,] = E[X2] — {E[X:])? = 12 4+ L(=y)? = 0% = »?

Then Var[S,] = nVar[X,] as the successive X are independent

2

2 _ T y
Var[S,] = ny Aty TE

Now let both At — 0 and y — 0, in such a way that Var[S,] stays

finite. This is achieved by choosing = <; = ¢, a positive constant, so
Var([S,] = Tc. As time units are arbitrary, there is no advantage in
using a ¢ value other than 1.

So if one observes Brown’s experiment at equal time intervals, and
models this as a symmetric random walk with increment y, then the
continuous-time limit is what is called Brownian.

This motivates why Brownian motion has a variance equal to the
elapsed time. Many books introduce the variance property of Brownian
motion without any motivation.

Simulation of Symmetric Random Walk To simulate the symmetric
random walk, generate a succession of n random variables X with the
above specified two-point probabilities and multiply these by £+/At.
The initial position of the walk is set at zero. Three random walks over
the time period [0, 1] are shown in Figure 1.5.

256 intervals on [0,1]

time-points

Figure 1.5 Simulated symmetric random walks
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10000 symmetric random walks

1.2
——cum_freq
1.0 ------std_norm_distr
512 intervals on [0,1]
o 038
[
o
]
i',' 0.6
‘@
€
3
© 04
0.2

0
P A IV INININ NN I NN PRI PP PN PN

terminal walk position

Figure 1.6 Simulated versus exact

For a batch of 100 simulated symmetric walks of 512 steps, the cu-
mulative frequency of the terminal positions is shown in Figure 1.6,
together with the limiting standard normal probability distribution.

The larger the number of simulations, the closer the cumulative fre-
quency resembles the limiting distribution. For 10 000 simulated walks
the difference is not graphically distinguishable. The simulation statis-
tics for the position at time 1 are shown in Figure 1.7.

1.5 COVARIANCE OF BROWNIAN MOTION

A Gaussian process is a collection of normal random variables such
that any finite number of them have a multivariate normal distribution.
Thus Brownian motion increments are a Gaussian process. Consider the
covariance between Brownian motion positions at any times s and z,
where s < t. This is the expected value of the product of the deviations

sample exact
mean 0.000495 0
variance 1.024860 1

Figure1l.7 Simulation statistics
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of these random variables from their respective means
Cov[B(s), B(1)] = E[{B(s) — E[B(s)]}{B(1) — E[B()]}]

As E[B(s)] and E[B(t)] are zero, Cov[B(s), B(t)] = E[B(s)B(1)].
Note that the corresponding time intervals [0, s] and [0, ¢] are overlap-
ping. Express B(¢) as the sum of independent random variables B(s)
and the subsequent increment {B(¢) — B(s)}, B(t) = B(s) + {B(t) —
B(s)}. Then
E[B(s)B(1)] = E[B(s)* + B(s){B(1) — B(s)}]
= E[B(s)*] + E[B(s){B(t) — B(s)}]
Due to independence, the second term can be written as the product of
Es, and
E[B(s)B(1)] = E[B(s)*] + E[B(s)IE[B(t) — B(s)]
=5+00=s
If the time notation was ¢ < s then E[B(s)B(t)] = . Generally for any
times s and ¢

E[B(s)B(t)] = min(s, 1)

For increments during any two non-overlapping time intervals [¢, #5]
and [f3, 4], AB(t;) is independent of A B(t3), so the expected value
of the product of the Brownian increments over these non-overlapping
time intervals (Figure 1.8) equals the product of the expected values

E[{B(2) — B(t)}{B(t4) — B(13)}]
= E[B(©2) — B(t)]E[B(14) — B(13)] =00 =10

whereas E[B(11)B(13)] = t; # E[B(1)]E[B(13)].

10
’B(s+As) I AB(t)
I AB(s) B(tran)
8
As §s+As :t :t+At fime-—>
~_" ~_"
As At

Figure 1.8 Non-overlapping time intervals
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1.6 CORRELATED BROWNIAN MOTIONS

Let B and B* be two independent Brownian motions. Let —1 < p <1
be a given number. For 0 < ¢ < T define a new process

Z) E pB(t) + /1 — p2B*(1)

Ateach t, this is a linear combination of independent normals, so Z(¢) is
normally distributed. It will first be shown that Z is a Brownian motion
by verifying its expected value and variance at time ¢, and the variance
over an arbitrary time interval. It will then be shown that Z and B are
correlated.

The expected value of Z(t) is

E[Z()] = E[pB(t) + 1 — p> B*(1)]
= pE[B(")] ++/1 — p2E[B*(1)]
=p0++1—-p20=0

The variance of Z(t) is

Var[Z(1)] = Var[pB(1) + /1 — p2 B*(1)]
= Var[pB(t)] + Var[/1 — p% B*(1)]

as the random variables p B(r) and /1 — p? B*(t) are independent. This
can be written as

2
pVarl BO)l + (V1= 07) VarlB*(0)] = p* + (1= p?) 1 =1
Now consider the increment

Z(t +u) — Z(t) = [pB(t +u) + /1 — p B*(t + u)]
—[pB(®) + /1 - p? B*(1)]
= p[B(t +u) — B(t)]
V1= p2[B*(t +u) — B*(1)]

B(t 4+ u) — B(t) is the random increment of Brownian motion B over
time interval u and B*(t + u) — B*(t) is the random increment of
Brownian motion B* over time interval u. These two random quanti-
ties are independent, also if multiplied by constants, so the Var of the
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sum is the sum of Var

Var[Z(t +u) — Z(t)] = Var{p[B(t + u) — B(t)]
+/1 = p2[B*(t +u) — B*(1)]}
= Var{p[B(t + u) — B(1)]}
+Var{y/1 — p? [B*(t +u) — B*(1)]}

2
=,02u+<\/1—,02> u=u

This variance does not depend on the starting time ¢ of the interval u,
and equals the length of the interval. Hence Z has the properties of a
Brownian motion. Note that since B(t + u) and B(t) are not indepen-
dent
Var[B(t+u) — B(t)] # Var[B(t + u)] + Var[ B(¢)]
=t4+u+t=2t+u

but

Var[B(t + u) — B(t)] = Var[B(t + u)] + Var[B(1)]

—2Cov[B(t + u), B(1)]
=({4+u)+t—2min(t +u,t)
={t4+u)+t—-2t=u

Now analyze the correlation between the processes Z and B at time .
This is defined as the covariance between Z(¢) and B(¢) scaled by the
product of the standard deviations of Z(¢) and B():
Cov[Z(1), B(1)]
VVar[Z(1)]/Var[ B(1)]

The numerator evaluates to

Cov[Z(t), B(t)] = Cov[pB(t) + /1 — p2 B*(t), B(t)]
= Cov[pB(1), B(t)] + Cov[y/1—p2 B*(t), B(¢)]
due to independence
= pCoV[B(1), B(t)] ++/1—p%Cov[B*(t), B(1)]
= pVar[B(1), B()] + /1 — p20
= pt

Corr[Z(1), B(1)] =
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Using the known standard deviations in the denominator gives

ot
Corr[Z(t), B(t)] = ——= =
) Jidi P
Brownian motions B and Z have correlation p at all times ¢. Thus if two
correlated Brownian motions are needed, the first one can be B and the

second one Z, constructed as above. Brownian motion B* only serves
as an intermediary in this construction.

1.7 SUCCESSIVE BROWNIAN MOTION INCREMENTS

The increments over non-overlapping time intervals are independent
random variables. They all have a normal distribution, but because the
time intervals are not necessarily of equal lengths, their variances differ.
The joint probability distribution of the positions at times #; and 7, is

P[B(t)) < a1, B(t2) < az]
[0 e )
x1=—00 J xp=—00 ﬁ 2 2 \/E

1 1 (xz—xl )2 dir d
X———exp| —= | —— xpdx
Vb — 21 P 2\Vn—n L

This expression is intuitive. The first increment is from position O to x,
an increment of (x; — 0) over time interval (¢; — 0). The second incre-
ment starts at x; and ends at x,, an increment of (x, — x) over time
interval (#, — t;). Because of independence, the integrand in the above
expression is the product of conditional probability densities. This gen-
eralizes to any number of intervals. Note the difference between the
increment of the motion and the position of the motion. The increment
over any time interval [#;_, #z] has a normal distribution with mean
zero and variance equal to the interval length, (#, — ;). This distribu-
tion is not dependent on how the motion got to the starting position at
time #;_. For a known position B(#;_1) = x, the position of the motion
at time #; , B(;), has a normal density with mean x and variance as
above. While this distribution is not dependent on how the motion got
to the starting position, it is dependent on the position of the starting
point via its mean.
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1.7.1 Numerical Illustration

A further understanding of the theoretical expressions is obtained by
carrying out numerical computations. This was done in the mathemati-
cal software Mathematica. The probability density function of a incre-
ment was specified as

[flu_,w_]: = (1/(Sqrt[u] = Sqrt[2 = Pi])) * Exp[—0.5 * (w/Sqrt[u]) A 2]

A time interval of arbitrary length uNow = 2.3472 was specified. The
expectation of the increment over this time interval, starting at time 1,
was then specified as

Nlntegrate[(x2—x1) = f[1, x1] * fluNow, x2—x1],
{x1, =10, 10},{x2, —10, 10}]

Note that the joint density is multiplied by (x2—x1). The normal den-
sities were integrated from —10 to 10, as this contains nearly all the
probability mass under the two-dimensional density surface. The result
was 0, in accordance with the theory. The variance of the increment over
time interval uNow was computed as the expected value of the second
moment

Nintegrate[((x2—x1)A 2) * f[1, x1] * fluNow, x2—x1],
{x1, —10, 10},{x2, —10, 10}]
Note that the joint density is multiplied by (x2—x1) A 2. The result was

2.3472, exactly equal to the length of the time interval, in accordance
with the theory.

Example 1.7.1 This example (based on Klebaner example 3.1) gives
the computation of P[B(1) <0, B(2) < 0]. It is the probability that
both the position at time 1 and the position at time 2 are not positive.
The position at all other times does not matter. This was specified in
Mathematica as

Nintegrate[f[1, x1] * f[1, x2—x1],{x1, —10, 0},{x2, —10, 0}]

To visualize the joint density of the increment (Figure 1.9), a plot was
specified as

Plot3DI[f[1, x1] * f[1, x2—x1],{x1, —4, 4} {x2, —4, 4}]

The section of the probability density surface pertaining to this ex-
ample is plotted in Figure 1.10.
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joint density

Figure1.9 Joint density

joint density for exanple

Figure1.10 Joint density for example
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The result of the numerical integration was 0.375, which agrees with
Klebaner’s answer derived analytically. It is the volume under the joint
density surface shown below, for x; < Oandx, < 0.P[B(1) < 0] =0.5
and P[B(2) < 0] = 0.5. Multiplying these probabilities gives 0.25, but
that is not the required probability because random variables B(1) and
B(2) are not independent.

1.8 FEATURESOF A BROWNIAN MOTION PATH

The properties shown thus far are simply manipulations of a normal
random variable, and anyone with a knowledge of elementary probabil-
ity should feel comfortable. But now a highly unusual property comes
on the scene. In what follows, the time interval is again 0 < ¢ < T, par-
titioned as before.

1.8.1 Simulation of Brownian Motion Paths

The path of a Brownian motion can be simulated by generating at each
time-point in the partition a normally distributed random variable with
mean zero and standard deviation /Az. The time grid is discrete but the
values of the position of the Brownian motion are now on a continuous
scale. Sample paths are shown in Figure 1.11.

512 time steps on time period [0,1]

1.2

time-point

Figure1.11 Simulated Brownian motion paths
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sample exact
mean 0.037785 0
variance 1.023773 1

Figure1.12 Brownian motion path simulation statistics

A batch of 1000 simulations of a standard Brownian motion over
time period [0, 1] gave the statistics shown in Figure 1.12 for the po-
sition at time 1. The cumulative frequency of the sample path position
at time 1 is very close to the exact probability distribution, as shown in
Figure 1.13. For visual convenience cume _freq is plotted as continuous.

1.8.2 Slope of Path

For the symmetric random walk, the magnitude of the slope of the path
is
ISk+1— Sl VAL 1
At At At
This becomes infinite as Az — 0. As the symmetric random walk con-
verges to Brownian motion, this puts in question the differentiability

1000 simulated standard Brownian motion paths

1.2
——cume_freq
1.0 -.....std_norm_distr
512 intervals on [0,1
S 08 [0.1]
s
3
g 06
o
1S
3 04
0.2
00 V © ™
» Q ’\ Nq/%q:oq/%,\,g ps '\,%NQQ/\Q '»Q’LQ%Q%N'»\/D\/ QS q/‘brbbq/%%'lza;o,b‘b

terminal position

Figure1.13 Simulated frequency versus exact Brownian motion distribution
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of a Brownian motion path. It has already been seen that a simulated
Brownian motion path fluctuates very wildly due to the independence
of the increments over successive small time intervals. This will now be
discussed further.

1.8.3 Non-Differentiability of Brownian Motion Path

First, non-differentiability is illustrated in the absence of randomness.
In ordinary calculus, consider a continuous function f and the expres-
sion [ f(x + h) — f(x)]/h. Let h approach 0 from above and take the
limit limy, | o{[ f(x + k) — f(x)]/h}. Similarly take the limit when £ ap-
proaches 0 from below, lithO{[ f(x 4+ h)— f(x)]/h}. If both limits ex-
ist, and if they are equal, then function f is said to be differentiable at
x. This limit is called the derivative (or slope) at x, denoted f'(x).

Example 1.8.1
f) &2
fx+h)— f(x) B (x +h)> —x2 B x>+ 2xh+h? —x? B 2xh + h?
h N h N h N h

Numerator and denominator can be divided by 4, since 4 is not equal
to zero but approaches zero, giving (2x + h), and

Iim (2x + h) = 2x lim (2x + h) = 2x
70 h10

Both limits exist and are equal. The function is differentiable for all x,
f'(x) = 2x.
Example 1.8.2 (see Figure 1.14)

def

fx) = x|
Forx >0, f(x) =xandif hisalso > Othen f(x +h)=x+nh

o fx4+h)—fx) x+h—x
lim =
70 h h
Forx <0, f(x) = —x,and if his also < 0, then f(x + h) = —(x + h)
. Jx+h)— fx) —(x+h)—(—x)
im = =
) h h

=1

—1
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-2 -1 1 2

Figure1.14 Function modulus x

Here both limits exist but they are not equal, so f’(x) does not exist.
This function is not differentiable at x = 0. There is not one single slope
atx = 0.

Example 1.8.3 (see Figure 1.15)
f)=clx—xi|+alx—x2|+c3|x—x3]

This function is not differentiable at x;, x5, x3, a finite number of points.

-3 -2 -1 1 2 3

Figure1.15 Linear combination of functions modulus x
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Figure1.16 Approximation of non-differentiable function

Example 1.8.4

=0
i=0

It can be shown that this function is non-differentiable at any point x.
This, of course, cannot be shown for i = oo, so the variability is illus-
trated for 317 in Figure 1.16.

Brownian Motion Now use the same framework for analyzing differ-
entiability of a Brownian motion path. Consider a time interval of length
At = 1/n starting at ¢. The rate of change over time interval [z, t + Af]
is

def B(t + A1) — B(t)  B(t+1/n) — B(1)

At 1/n

which can be rewritten as X,, = n[B(t + 1/n) — B(t)]. So X,, is a nor-
mally distributed random variable with parameters

E[X,] = n* |:B (r + %) — B(t)] =n0=0

Var[X,] = n’Var [B (z + 1) - B(t)}
n
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X, has the same probability distribution as 4/n Z, where Z is standard
normal. Differentiability is about what happens to X,, as At — 0, that
is,as n — o0o. Take any positive number K and write X, as 1/n Z. Then

PlIX,| > K]=P[|VaZ| > K]=P[Ji|Z| > K] = P [|Z| o %]
n

Asn — 00, K/\/n — 0so

Pl X, > K] = P[|Z| > £:| — P[|Z| > 0]
N

which equals 1. As K can be chosen arbitrarily large, the rate of change
at time ¢ is not finite, and the Brownian motion path is not differentiable
at ¢. Since ¢ is an arbitrary time, the Brownian motion path is nowhere
differentiable. 1t is impossible to say at any time ¢ in which direction
the path is heading.

The above method is based on the expositions in Epps and Klebaner.
This is more intuitive than the ‘standard proof’ of which a version is
given in Capasso/Bakstein.

1.84 Measuring Variability

The variability of Brownian motion will now be quantified. From #; to
tr+1 the absolute Brownian motion increment is |B(t;+1) — B(tx)|. The
sum over the entire Brownian motion path is ZZ;& |B(ty1) — B(t)].
This is a random variable which is known as the first variation of
Brownian motion. It measures the length of the Brownian motion path,
and thus its variability. Another measure is the sum of the square
increments, ZZ;(I)[B(tkH) — B(t)]*. This random second-order quan-
tity is known as the quadratic variation (or second variation). Now con-
sider successive refinements of the partition. This keeps the original
time-points and creates additional ones. Since for each partition the
corresponding variation is a random variable, a sequence of random
variables is produced. The question is then whether this sequence con-
verges to a limit in some sense. There are several types of convergence
of sequences of random variables that can be considered.® As the time
intervals in the composition of the variation get smaller and smaller,
one may be inclined to think that the variation will tend to zero. But it
turns out that regardless of the size of an interval, the increment over

3 See Annex E, Convergence Concepts.
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steps
2000
4000
8000
16000
32000
64000
128000
256000
512000
1024000

dt
0.00050000
0.00025000
0.00012500
0.00006250
0.00003125
0.00001563
0.00000781
0.00000391
0.00000195
0.00000098

limit

first_var
16.01369606
19.39443203
25.84539243
32.61941799
40.56883140
43.36481866
44.12445062
44.31454677
44.36273548
44.37481932

about 44.3

quadr_var
0.2016280759
0.1480559146
0.1298319380
0.1055395009
0.0795839944
0.0448674991
0.0231364852
0.0116583498
0.0058405102
0.0029216742

0

third_var
0.0031830910
0.0014367543
0.0008117586
0.0004334750
0.0001946600
0.0000574874
0.0000149981
0.0000037899
0.0000009500
0.0000002377

0

Figure1.17 Variation of function which has a continuous derivative

that interval can still be infinite. It is shown in Annex C that as n tends

to infinity, the first variation is not finite, and the quadratic variation
is positive. This has fundamental consequences for the way in which a

stochastic integral may be constructed, as will be explained in Chap-
ter 3. In contrast to Brownian motion, a function in ordinary calculus

which has a derivative that is continuous, has positive first variation
and zero quadratic variation. This is shown in Shreve II. To support the

derivation in Annex C, variability can be verified numerically. This is

the object of Exercise [1.9.12] of which the results are shown in Figure

1.17 and 1.18.

Time period [0,1]
steps dt first_var quadr_var third_var
2000 0.00050000 36.33550078  1.0448863386  0.0388983241
4000 0.00025000 50.47005112  1.0002651290 0.0253513781
8000 0.00012500 71.85800329 1.0190467736  0.0184259646
16000 0.00006250  101.65329098  1.0155967391  0.0129358213
32000 0.00003125  142.19694118 0.9987482348 0.0089475369
64000 0.00001563  202.67088291  1.0085537303 0.0063915246
128000 0.00000781  285.91679729  1.0043769437  0.0045014163
256000 0.00000391  403.18920472  0.9969064552  0.0031386827
512000 0.00000195  571.17487195 1.0005573262  0.0022306000
1024000 0.00000098  807.41653827 1.0006685086  0.0015800861
limit not finite time period 0

Figure1.18 Variation of Brownian motion
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19 EXERCISES

The numerical exercises can be carried out in Excel/VBA, Mathemat-
ica, MatLab, or any other mathematical software or programming lan-

guage.

[1.9.1] Scaled Brownian motion Consider the process X(1) =

[1.9.2]

[1.9.3]

def

/Y B(t/y) where B denotes standard Brownian motion, and
y is an arbitrary positive constant. This process is known
as scaled Brownian motion. The time scale of the Brownian
motion is reduced by a factor y, and the magnitude of the
Brownian motion is multiplied by a factor ,/y. This can be
interpreted as taking snapshots of the position of a Brownian
motion with a shutter speed that is y times as fast as that used
for recording a standard Brownian motion, and magnifying the
results by a factor /y.

(a) Derive the expected value of X(¢)

(b) Derive the variance of X (¢)

(c) Derive the probability distribution of X (¢)

(d) Derive the probability density of X ()

(e) Derive Var[X(t + u) — X (¢)], where u is an arbitrary pos-
itive constant

(f) Argue whether X (¢) is a Brownian motion

Note: By employing the properties of the distribution of Brow-
nian motion this exercise can be done without elaborate inte-
grations.

Seemingly Brownian motion Consider the process X(t) &
JtZ, where Z ~ N(0, 1).

(a) Derive the expected value of X(¢)

(b) Derive the variance of X (¢)

(c) Derive the probability distribution of X (¢)

(d) Derive the probability density of X ()

(e) Derive Var[X (¢ + u) — X ()] where u is an arbitrary posi-
tive constant

(f) Argue whether X (¢) is a Brownian motion

Combination of Brownian motions The random process Z(t)

is defined as Z(t) oo aB(t) — «/B B*(t), where B and B* are
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[1.9.4]

[1.9.5]

[1.9.6]

[1.9.7]

independent standard Brownian motions, and « and B are
arbitrary positive constants. Determine the relationship be-
tween « and g for which Z(¢) is a Brownian motion.

Correlation Derive the correlation coefficient between B(r)
and B(t + u).

Successive Brownian motions Consider a standard Brownian
motion which runs from time ¢ = 0 to time ¢t = 4.

(a) Give the expression for the probability that its path posi-
tion is positive at time 4. Give the numerical value of this
probability

(b) For the Brownian motion described above, give the expres-
sion for the joint probability that its path position is posi-
tive at time 1 as well as positive at time 4. No numerical
answer is requested.

(c) Give the expression for the expected value at time 4 of the
position of the path described in (a). No numerical answer
is requested.

Brownian motion through gates Consider a Brownian motion
path that passes through two gates situated at times #; and f,.

(a) Derive the expected value of B(#;) of all paths that pass
through gate 1.

(b) Derive the expected value of B(#,) of all paths that pass
through gate 1 and gate 2.

(c) Derive an expression for the expected value of the incre-
ment over time interval [, f,] for paths that pass through
both gates.

(d) Design a simulation program for Brownian motion
through gates, and verify the answers to (a), (b), and (c)
by simulation.

Simulation of symmetric random walk

(a) Construct the simulation of three symmetric random walks
for ¢t € [0, 1] on a spreadsheet.

(b) Design a program for simulating the terminal position of
thousands of symmetric random walks. Compare the mean
and the variance of this sample with the theoretical values.



28 Brownian Motion Calculus

(c) Derive the probability distribution of the terminal posi-
tion. Construct a frequency distribution of the terminal
positions of the paths in (b) and compare this with the
probability distribution.

[1.9.8] Simulation of Brownian motion

(a) Construct the simulation of three Brownian motion paths
for t € [0, 1] on a spreadsheet.

(b) Construct a simulation of two Brownian motion paths that
have a user specified correlation for ¢ € [0, 1] on a spread-
sheet, and display them in a chart.

[1.9.9] Brownian bridge Random process X is specified on ¢ € [0, 1]

as X(1) o B(t) — t B(1). This process is known as a Brownian
bridge.

(a) Verify that the terminal position of X equals the initial po-
sition.

(b) Derive the covariance between X (¢) and X (¢ + u).

(c) Construct the simulation of two paths of X on a spread-
sheet.

[1.9.10] First passage of a barrier Annex A gives the expression for
the probability distribution and the probability density of the
time of first passage, 7;,. Design a simulation program for this,
and simulate E[T} ].

[1.9.11] Reflected Brownian motion Construct a simulation of a re-
flected Brownian motion on a spreadsheet, and show this in
a chart together with the path of the corresponding Brownian
motion.

[1.9.12] Brownian motion variation

(a) Design a program to compute the first variation, quadratic
variation, and third variation of the differentiable ordinary
function in Figure 1.16 over x € [0, 1], initially partitioned
into n = 2000 steps, with successive doubling to 1024000
steps

(b) Copy the program of (a) and save it under another name.
Adapt it to simulate the first variation, quadratic variation,
and third variation of Brownian motion
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1.10 SUMMARY

Brownian motion is the most widely used process for modelling ran-
domness in the world of finance. This chapter gave the mathematical
specification, motivated by a symmetric random walk. While this looks
innocent enough as first sight, it turns out that Brownian motion has
highly unusual properties. The independence of subsequent increments
produces a path that does not have the smoothness of functions in or-
dinary calculus, and is not differentiable at any point. This feature is
difficult to comprehend coming from an ordinary calculus culture. It
leads to the definition of the stochastic integral in Chapter 3 and its
corresponding calculus in Chapter 4.

More on Robert Brown is in the Dictionary of Scientific Biography,
Vol. II, pp. 516-522. An overview of the life and work of Bachelier can
be found in the conference proceedings Mathematical Finance Bache-
lier Congress 2000, and on the Internet, for example in Wikipedia. Also
on the Internet is the original thesis of Bachelier, and a file named
Bachelier 100 Years.
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Martingales

The theory of financial options makes extensive use of expected values
of random processes which are computed in the knowledge of some
history. These are so-called conditional expectations. Martingale is the
name for a random process whose conditional expectation has a partic-
ularly useful property. The exposition here is mainly in discrete time.
Chapter 6 explains how martingales are used in the valuation of options.

21 SIMPLE EXAMPLE

To introduce the notion of a conditional expectation, consider a discrete
sequence of times at which a stock trades. Assume the simple model in
which at each trading time the stock price S can move as follows:

by factor|probability

up u p
down|d 1—p

Let S be the stock price at the close of trading time n. At the close
of time (N + 1), the price will be US, with probability p, or dS, with
probability (1 — p), see Figure 2.1.

us,
P
S
I=p
ds,
L ]
current next
trading date n trading date (n+1)

Figure2.1 Stock price tree — one period
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The expected value of S,;, given that the price at time N was S,
is pUS) 4+ (1 — p)(dS,). This expectation is taken at time n. It is a
conditional expectation, the condition being the known value of §,, and
is written as E[$,,1|$]. In this notation the condition is written be-
hind the vertical bar |. Generally, an expectation of a random process
in finance is taken as conditional upon the history of the process. This
history is formally called a filtration and is described further in the next
section.

To illustrate this numerically, suppose that u = 1.25, d = 0.8, and
p = 0.4444. If §, was recorded as 100, then S, in the upstate equals
(1.25)(100) = 125 and in the down state (0.8)(100) = 80. So

E[Shi1|Sh] = (0.4444)(125) + (1 — 0.4444)(830) = 100.

For these numbers the expected value equals the currently known
value, and the stock price process S is said to be a martingale. This
means that in expected terms there is no gain. But if p # 0.4444
then S is no longer a martingale. To be a martingale, p must be
such that E[S,,1]S] = &, for given u and d, that is, p must satisfy
puS) + (1 — p)(dS,) = S,. Dividing both sides by S, and rearrang-
ing gives that p must equal p = (1 — d)/(u — d). Indeed in the numer-
ical example, p = (1 — 0.8)/(1.25 — 0.8) = 0.4444. If the magnitude
of the up-movement were larger, say u = 0.3, and d is unchanged at
0.8, then Sis a martingale if p = (1 —0.8)/(1.3 — 0.8) = 0.4. This is
lower than the previous 0.4444 because a larger up-movement has to
happen less often in order to give the average of 100.

2.2 FILTRATION

Let Xi, Xy, ..., X, ... be a sequence of random variables which mea-
sure a particular random phenomena at successive points in time. This
is a random process. The first value that becomes known is that of X;.
The information revealed by the realization of X; is commonly denoted
with a script font as J;. Subsequently the value of X, becomes known.
The information accumulated thus far by X; and X, is denoted 3,.
And so on. It is assumed that all information is kept, so there is no
less information as time goes on. This is written as J; € J, C---C I,
where the symbol is € used to compare two sets; J; C J, means
that all information in set J; is contained in set J»; it looks like the
symbol < used to compare two numbers. The increasing sequence of
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information revealed by this random process is commonly called a fil-
tration in the technical literature. Other names are: information set, in-
formation structure, history.

2.3 CONDITIONAL EXPECTATION

The concept of conditional expectation is discussed further using the
example of the stock price tree for two periods, shown in Figure 2.2.

At time 1, the history of the process at node (1, 1) is J(1, 1) = u, and
at node (1, 0) is (1, 0) = d. The expected value of the stock price at
time 2, S, taken at node (1, 1) in the knowledge of J(1, 1), is

E[SI3(, D] = pluu§] + (1 — p)ldus)]

This is a conditional expectation, the condition being that the stock
price is at node (1, 1). Similarly, taken at node (1, 0),

E[SI3(1, 0] = plud9)] + (1 — p)lddS)]

So the conditional expectation of S, E[S |history], has two pos-
sible values. As node (1, 1) is reached with probability p, and node
(1, 0) with probability (1 — p), the conditional expectation of S is
E[$]|3(1, 1)] with probability p and E[S|J(1, 0)] with probability
(1 — p). Thus the probability distribution of E[S |history] is fully

u(usS)
node (2,2)

S
node (0,0)

duS) = u(dS)
node (2,1)

d.s
node (1,0)
d(ds)
node (2,0)

discrete time-points
0 1 2

Figure2.2 Stock price tree — two periods
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specified by two values and their probabilities p and (1 — p). The con-
ditional expectation is a random variable, unlike an ordinary (uncon-
ditional) expectation which is a single number. The history up to the
point where the expectation is taken determines the possible future val-
ues to be incorporated in the conditional expectation, and this history
is random. Node (2, 2) corresponds to two up-movements. There is one
path to (2, 2) which is reached with probability p>. Node (2, 1) corre-
sponds to one up-movement and one down-movement. This has proba-
bility p(1 — p). There are two mutually exclusive paths to (2, 1), so the
probability of reaching (2, 1) is p(1 — p) + (1 — p)p. Node (2, 0) cor-
responds to two down-movements. There is one path to (2, 0) which is
reached with probability (1 — p)?. As a conditional expectation is a ran-
dom variable, its expectation can be taken. This requires knowledge of
the probabilities with which the conditions are realized. The probability
of an up-movement is P, that is the probability of getting JI(1, 1). Sim-
ilarly, (1 — p) is the probability of getting J(1, 0). Taking the expected
value of the conditional expectations E[S|J(1, 1)] and E[$|3(1, 0)]
using these probabilities performs the unconditioning, and gives the or-
dinary (unconditional) expected value of S as

PE[S[I(1, D] + (1 — PE[S[I(1, 0)]
= p{pluuS)] + (1 — p)lduS)1}
+ (1 = p{pludS] + (1 — plddS)]}
= p’u’S+ p(l — p)duS+ (1 — p)pudS+ (1 — p)d’S
= p’u’S+2p(1 — p)duS+ (1 — p)d’S
This can be readily verified by taking the (unconditional) ordinary ex-

pected value of S,. The possible values of S are d?S, udS = duS, u’S,
and the corresponding probabilities are p?, p(1 — p), (1 — p)>. Thus

E[S] = p*(U*S) +2p(1 — p)udS) + (1 — p)*(d*S)

as above.

2.3.1 General Properties

The unconditional expected value of random variable X exists if E[| X]]
is finite; then X is said to be integrable. The notation | X| stands for the
sum of the positive and the negative part of X; both parts must have a
finite integral. Let Y denote the conditional expectation of an integrable
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random variable X, Y def E[X]3J]. Then E[Y] is a single number which

equals the unconditional expected value of X

[E(EIXI3]) = E[X]]

So in reverse, [E[ X] can be expressed as E{[E[ X|3]}; an ordinary uncon-
ditional expectation isconvertedinto a conditional expectation. The lat-
ter is used when the expected value of the product of two random vari-
ables has to be determined, and where the value of one of the variables
is included in a history J. Then E[XY] is written as E{E[XY|J]}, and
if Y is known given 3, it can be taken outside E leaving E{YE[X|J]}.
Typically E[X]|J] is known and can be substituted. This is known as
computing an expectation by conditioning. It will be used in chapter 3.

Now consider the expected value of a random process X, conditioned
on the history up to time S, E[ X(1)|3(S) S < t]. If this random variable
is conditioned on the history up to a time r earlier than time S, the result
is the same as conditioning on the earlier time I only.

E[E{X(®)|3(s)}I(r)] = E[X()|3J(r)] wherer <s <t

This is known as the tower property. An equivalent way of writing
itis

[ELE(X[R2)131] = E(XI30)]

where J; and J, are two information sets, and there is less information
in set I than in set J5; in technical notation J; C J».

A random variable X, whose value is known given history 3, is said
to be measurable with respect to J. Then the expectation of X condi-
tional upon J equals the value of X, E[ X|3J] = X. In reverse, if in some
application it is known that E[ X|3J] = X, then it can be concluded that
X is independent of 3. If Z is another random variable, then a mea-
surable X in the unconditional expectation [E[Z X] can be replaced by
E[X]|J] so that E[Z X] = E[ZE[ X]|J]]. In the literature, conditional ex-
pectation [E[ X(1)|3J(S)] is also written in shorthand as Eg[ X(t)], but not
in this text.

A conditional expectation is linear. For any two random variables X
and Y and constants « and 8

\E[ax + BY|3] = «E[X|3] + BE[Y|3] \

These properties hold in a discrete- and in a continuous-time frame-
work. Derivations can be found in the references.
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24 MARTINGALE DESCRIPTION

Consider the random process X in discrete-time or continuous-time.
Suppose the value of X(S) at time S has just become known. If the
conditional expectation E[X(1)|3J(S) t > s] equals X(S) then random
process X is called a martingale. Writing X(S) = E[X(S)|3(S)] and
moving this term to the left-hand side, an alternative formulation is
E[X(t) — X(8)|3(S) t > s] = 0. For a martingale the expected value of
the increment over any future period is zero. If, on the other hand, X(S)
is greater than the expectation of the future, then the random process is
called a supermartingale. Then the present is a ‘super’ situation so to
speak relative to the future. A supermartingale ‘decreases on average’.
The reverse (<) is called a submartingale. A random process may be a
martingale under one probability distribution but not under another. To
verify whether a random process is a martingale, it must be established
that X(t) is integrable, and the filtration and the probability distribution
of X must be known.

24.1 Martingale Construction by Conditioning

A martingale can be constructed from a random variable by condition-
ing the random variable on a filtration. That turns the random variable
into a random process. Consider a discrete-time framework and a ran-
dom variable Z. Let the information available at time n be denoted Jp.
Define a new random variable X,, as the conditional expectation of Z,
given the information contained in Jp,

Xn ¥ E[Z|34] for n=0,1,2,...
This is a collection of random variables indexed by a time point, and
is thus a random process. Fix two times, the present time n and the
future time N 4 1, and consider at time N the conditional expectation of
X at future time n + 1, given the information up to the present time n,
E[Xn+1]33n]. The expression for Xy is E[Z]|3n41]. Substituting this
gives

IE[Xn—i-l |-9n] = IE‘:[E[Z|5n+l] Snl.

Using I, € Jn41, and the tower rule for expectations, the above equals
E[Z]|3,], which is X, by definition. It has thus been shown that the
X process is a discrete-time martingale. This also holds in continuous
time.
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25 MARTINGALE ANALYSISSTEPS

Verifying whether a process is a martingale is best guided by the fol-
lowing. The first step is to translate what needs to be verified in mathe-
matical terms. It is useful to draw a simple diagram of the time notation,
showing the present time-point and the future time-point. In continuous
time the notation t; and t; is self-explanatory; the notations S and t are
also useful as they are alphabetical, but t and S are counter-intuitive,
although often seen. An expression which involves the future random
value B(t), given the history of the process up to the present time S,
should be decomposed into the known non-random quantity B(S) and
the random increment [B(t) — B(S)]. Once B(t) has been decomposed
as B(t) = B(s) + [B(t) — B(s)], the increment [B(t) — B(S)] must be
treated as a single random variable. When taking terms outside the ex-
pectation operator E, it should be justified why these terms can be taken
out. There is frequent use for the expression E[e?] = eE(@+3Var@) pyg
be aware that this only holds when Z has a normal distribution. So
when using this formula one needs to justify that random variable Z
is indeed normally distributed. Also recall that the expected value of
the product of two random variables X and Y can only be written as
the product of the respective expected values, if X and Y are known to
be independent, E[ XY] = E[X]E[Y]. In particular, E[ B(S)B(t)] cannot
be written as E[B(S)JE[B(t)]. As the analysis progresses from line to
line, always repeat the condition, ‘|3(S)’ or similar, because without
that, an expectation is not a conditional expectation. Progress in sim-
ple steps. Do not jump to expressions that are not derived. If part of
the analysis entails rather long expressions, give them a name and an-
alyze them separately. Then put all the pieces together. That reduces
the chance of mistakes. Finally, write down a conclusion, in relation to
what was to be shown.

26 EXAMPLESOF MARTINGALE ANALYSIS

First some discrete time processes.

2.6.1 Sum of Independent Trials

Let X, Xs, ..., Xj, ... be a sequence of independent identically dis-
tributed random variables with mean zero. The random variable X;
could be the numerical outcome of the i " step in a random walk where
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the movement is £1 with equal probability. The position after n steps

is then §, o X1+ X5 + - - - + Xp. The filtration which contains the re-
sults of the first n increments is denoted Jp. To see whether this process
is a martingale, evaluate E[S,;1|3n]. The key is to express $,4 as the
known position §, after the first n steps, plus the unknown outcome
Xnp1 of the (n + DM step, St = Sy + Xnp1. This gives

E[S118n] = E[S + Xn1[Sn] = E[S[Sn] + E[Xn41130n]

Since J;, is given, §, is known, so E[S,|3,] = . In the second term,
Xn+1 1s independent of the outcomes that have been produced by the
first N trials, so [ Xp11]3,] can be written as its unconditional expecta-
tion, E[ Xn11|3n] = E[Xn41] = 0. Thus E[S41|3n] = S, and the pro-
cess Sis a discrete martingale. It says that ‘on average’ there is neither
increase nor decrease.

2.6.2 Squareof Sum of Independent Trials

Is § a martingale? It has to be verified whether

E[S%Hmn] = S%

Using the decomposition of S,1; = §, + X1, the left-hand side be-
comes

E[S% + 25 Xnp1 + X%Hmn]
= E[SI3n] + E[2S Xnt1130] + E[ X7, 13n]

As S, is a known value when 3, is given, this can be written as
S + 2SEXn1113n] + EIX7, [ Sn]

Since Xp4 is independent of the past, IE[X% +113n] equals the un-
conditional expectation ]E[Xﬁ +1] which is 12% + (—1)2% = 1. With
E[Xn41I3n] = E[Xni1] = 1(3) + (=1) = 0 this gives B[, ,|3n] =
S + 1. So § is not a martingale because of the presence of the term
+1. But subtracting n gives the discrete process S — n, which isa mar-
tingale, as can be shown as follows.
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For S, there are two possible values, §, + 1 with probability %, and
S, — 1 with probability 1. Thus

B[S, — (N4 DI3n]
={(S+1D' -+ DI +{(S -1 -+ D}
={S+25+1-n—1H +{F-25+1-n-1}
=S -n

2.6.3 Product of Independent Identical Trials

As above, let X;, Xa, ..., Xp, ... be a sequence of independent identi-
cally distributed random variables but now with mean 1. Define the
product M, oo X1 X,... Xp. Evaluate E[Mp1|Sn]. Write Mpyq =
Mp Xn41, the by now familiar decomposition into known and unknown.
Then

IE[Mn-i-l |-9n] = E[Man+1 |3n] = MnE[Xn+l|Sn]

as My is known when 3, is given. With E[X;11|3n] = E[Xn1] = 1,
the final result is E[Mp1]3,] = My, so the process M is a discrete time
martingale.

Now some continuous time processes.

2.6.4 Random Process B(t)

The expected value of a Brownian motion position at future time t,
taken at present time S, given the entire history of the Brownian motion
process, is E[B(1)|3(S) S < t]. Decompose B(t) into the known value
B(S) and the random increment {B(t) — B(s)}. That gives

E[BMII(9)] = E[B(s) + {B(t) — B(S)}|3(9)]
= E[B(s)|3(s)] + E[B(t) — B(s)|3(s)]

In the first term, the value of B(S), given the history to time S, is not a
random variable, but the known value B(S), so E[B(S)|3(s)] = B(S).
In the second term, the increment from S to t, B(t) — B(S), is in-
dependent of the value of the Brownian motion at time S or earlier,
because Brownian motion is by definition a process of independent
increments. Thus E[B(t) — B(S)|3(s)] is equal to its unconditional
expectation E[B(t) — B(s)] = 0. Hence E[B(1)|3(s)] = B(S), which
shows that Brownian motion is a martingale.
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2.65 Random Processexp[B(t) — 3t]

To evaluate whether E[exp[B(t) — %t]|S(S) S < t] = exp[B(s) — %S]
substitute B(t) = B(S) + {B(t) — B(S)} andt = S+ (t — ). This gives

E[exp[B(S) + {B(t) — B(S)} — 35 — 5(t — 9)II3(S)]

= exp[B(S) — 5SIE[exp[B(t) — B(S) — 5(t — 9)1II(S)]

The exponent [B(t) — B(S) — %(t — 9)] is a normally distributed ran-
dom variable because Brownian motion is normally distributed, and a
normal random variable minus a constant is also normal. Write this ex-
ponent as Y (t) &ef B(t) — B(s) — %(t — S). Use the rule for the expected
values of an exponential with a normal as exponent

E{exp[Y(D)]} = exp(E[Y (D] + ;Var[Y ()]}
E[Y(t)] = E[B(t) — B(s) — 3(t =) = —3(t — 9)
Var[Y(t)] = Var[B(t) — B(s) — 3(t — 5)]
= Var[B(t) — B(s)]
=({t-9
So
E{explY ()]} = exp[—5(t —8) + 3(t — 5)] = exp(0) = 1
Thus
E{exp[B(t) — 5tIX(S)]} = exp[B(S) — 351 = exp[B(S) — 35|

Hence exp[B(t) — %t] is a martingale.

2.6.6 Frequently Used Expressions
When ty is the present time and t the future time
E[B®)[3(t)] = B(t)

because Brownian motion is a martingale.
A Brownian motion increment starting at tyx is independent of the
history up to tx

E[B(t+1) — B(t)]I3(t)] = E[B(tk+1) — B(to)]

by the definition of Brownian motion.
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2.7 PROCESSOF INDEPENDENT INCREMENTS

It will now be shown that if a random process X has the property that
the increment over an arbitrary time interval [S, t], [X(t) — X(S)], is in-
dependent of the information up to time S, J(S), then the increments of
X over non-overlapping time intervals are independent. This property
is used in Section 4.5.

Consider the increments [ X(t;) — X(t;)] and [ X(t3) — X(t,)] over the
successive intervals [t;, t;] and [t;, t3]. These two random variables are
independent if their joint moment generating function (mgf) can be
written as the product of the individual mgfs. So it must be shown that

E[e91[X(tz)—X(tl)]+92[x(t3)—x(t2)]]

— E[e X0 Xt R[hXE) X G

This can then be extended to any collection of successive increments.

Write the left-hand side as the expected value of a conditional expec-
tation, where the conditioning is on the information up to the one-but-
last time t5, J(1y).

E{E[eel [X(t2)—X(t)+62[ X(t3)— X(t2)] 13(t)]}
— E{E[Cel [X(R)=X(t)] o[ X(t3)—X(t)] I3(t)])

Given 3(tp), e/ X@=XM] 5 known and can be taken outside the second
E, leaving

E{e(‘)l [X(t2)— Xt )]E[egz[x(ts)—x(tz)] I3(t)]) (*)

As [ X(t3) — X(ty)] is assumed to be independent of J(t,), then so is the
function e?2X®G)—X®@)] of this random variable, and

E[BQz[X(ts)— X(t)] 1X(t)] = E[GQz[X(h)—X(bﬂ]

Thus (*) becomes

(e X0 - XWIR[h X)Xt

Inside {- - -}, the term E[e?[X®)~X®)] i5 an unconditional expecta-
tion; it is a single number that can be taken outside, giving

E e01 [X(t2)—X(ty)] 1E eez[X(B)—X(Iz)]]

as was to be shown.
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2.8 EXERCISES

[2.8.1] Show that the symmetric random walk is a discrete martingale.

[2.8.2] S,T o S /(pu + qd)" where S, is the stock price process dis-

cussed in Section 2.1, and (1 — p) has been denoted q to sim-
plify the notation. ST is a process that is defined as the process
S divided by (pu + qd) to the power n. Verify whether it is a
martingale.

[2.8.3] Verify whether B(t) + 4t is a martingale.

[2.8.4] Verify whether B(t)? is a martingale. Also derive its probability
density.

[2.8.5] Verify whether B(t)> —t is a martingale. Also derive its proba-
bility density.

[2.8.6] Verify whether Z &f exp[—eB(t) — %gozt] is a martingale; @ is
a given constant. Also derive its probability density, its mean
and its variance. Construct a graph of its density for parameter
valuest = 1.5, ¢ = 0.5.

[2.8.7] If M is a martingale, show that E{M(u) — M(s)}?|3(s)] =
E[M(u)* — M(8)*[3(s)].

[2.8.8] Write a simulation program for Z o exp[—¢B(t) — %gozt] on
the time interval [0, 1] for a user specified constant ¢. Show
three paths on a spreadsheet.

29 SUMMARY

This chapter gave a brief introduction to the very basics of martingales.
A conditional expectation is a random variable, not a fixed number. An
ordinary unconditional expectation can be expressed as an iterated con-
ditional expectation. The conditional expectation of a random process
which is a martingale equals any earlier known value of the process.
Thus if somehow the expectation is known, but the earlier value is not,
then that earlier value can be found if the process is a martingale. That
is how the martingale property will be used in reverse in the valuation
of options in Chapter 6. A random variable can be transformed into a
martingale by conditioning.
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Excellent elementary coverage of discrete probability, conditional
expectations, and discrete martingales, in the context of finance, is given
in Roman. For continuous time, a good start is Lin. Other sources are
Kuo, Shreve |1, Mikosch, Brzezniak/Zastawniak. The integrability con-
dition [E[| X]|] < o0 is discussed in books on the foundations of the ex-
pected value concept. Particularly recommended are Shreve |l Sections
1.3 and 1.5, and Epps, pp. 34-36 and 56-57. The concept of a condi-
tional expectation in its full generality is complicated, but the comfort-
ing news is that it can be used without knowing the intricacies of its
specification or the details on E[|X]].






3
Ito Stochastic Integral

Chapters 3 to 5 present the concepts of stochastic calculus created by
the Japanese mathematician Kiyosi Itd! in the 1940s and 1950s. It is
the mathematics that is used for modelling financial options, and has
wide application in other fields. This chapter sets out the concept of
the so-called stochastic integral in which the integrator is Brownian
motion and the integrand is a random process dependent on Brownian
motion; Chapter 4 introduces stochastic calculus rules for manipulating
and evaluating such integrals; and Chapter 5 introduces the dynamics of
random processes which are driven by Brownian motion. A tribute to
Kiyosi Itd is presented as Section 3.11.

3.1 HOW A STOCHASTIC INTEGRAL ARISES

Consider the time period [0, T'] partitioned into n intervals of equal

length At et T /n with endpoints f;, def kAt,k =0, ..., n. These are the
times at which the market is open and trade in shares can take place.
An investor buys ¢g(#;) shares at time 0 at a price of S(#;) each. At time
t1, market trading establishes a new share price S(#;). Once this price
has been revealed the investor can change the quantity of shares held,
from ¢(#y) to g(#1). The same at the subsequent times #, through #,_;.
At time 1, the entire portfolio is liquidated as soon as share price S(z,)
becomes known. A portfolio of ¢(#;) shares is held from just after the
share price S(#;) has been revealed, to when the share price S(#;41) at
time #;; becomes known. This portfolio is worth g(#;)S(#;) at time
t and g(1;)S(tx41) at time #;4q. So from time #;, to time #;y;, with the
change in share price S(#;41) — S(#;) denoted by A Sy, the portfolio value
changes by g(#;) AS;. The gain® over all trades can then be expressed
as I, = ZZ;(]) q(tr) ASk. This expression is an example of a so-called
discrete stochastic integral. At each trading time, the quantity of shares
to be held until the next trading opportunity arises, is decided by the

! The standard Hepburn romanization (It5) is used here. Alternatives are Itd and Ito, as explained in Wikipedia.
2 To be understood in the mathematical sense, in that it can be negative as well as positive.
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investor. Some investors will buy shares and others will sell as a trade
requires two parties. The factors which an investor takes into account
in determining the shareholdings are unknown, so ¢ is a discrete-time
random process. Thus the stochastic integral is constructed from the two
random processes g and S. Note that in the expression for /,,, the upper
limit in the summation is k = n — 1, not k = n, as the share price at #,
is applicable to the shareholding set previously at #,_;. Using the stock
price dynamics of Section 1.3, AS(#;) = uS(t;) At + o S(tx) A By, gives
for a particular n,

1

3
|

I,

II
N

q(t)uS(t) At + o S(t) AB(t;)]

T
s o
—_

n—1

1Y q)SW) At +0 Y q(t)S(t) AB(t)
k=0 k=0

Increasing n makes the time step At smaller and discrete-time trading
approaches continuous-time trading. The question now is how the gain
of continuous trading can be expressed. In other words, does the corre-
sponding sequence of random variables 7, converge to a limit in some
sense.

The first term is a summation with respect to time step Af. For a
particular market realization w*, g(#;, ®*)S(#;) is a known step function
(here w is added to emphasize the random nature of ¢) which becomes
known pro gressively with 3(#;.). Itlooks like a Riemann sum, and indeed,
for each path w*, as At — 0, the expressmn Zk —0 9tk *)S(t) At
converges to the ordmary integral f _04q(t, @*)S(2) dt; this is known as
pathwise integration.?

The second term is a summation with respect to Brownian mo-
tion increment [B(#;11) — B(#)]. A first thought is to restate it as a
Riemann sum by using the mean-value theorem from calculus: ex-
pressing [B(#;+1) — B(#;)] as the derivative of B at some point in
the time interval, times the length of the interval. But B is not
differentiable so this cannot be done. Another thought is to inter-
pret Z;(l) q(t)S(t)[B(tks1) — B(tx)] as a Riemann—Stieltjes sum*
Y ico f@lg(tes1) — g()], which converges as (fx4+1 — ) — 0. Us-
ing f at the left endpoint 7, makes it match the expression for the discrete
stochastic integral. So in order to see if the Riemann—Stieltjes integral

3 See Annex B.2.2. Also Capasso/Bakstein Annex A.5.
4 The Riemann-Stieltjes integral is reviewed in Annex B, Ordinary Integration.
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can be used in this stochastic setting, it has to be checked whether B(t)
is of bounded variation on 0 < ¢ < T. It is shown in Annex C that this
is not the case. Therefore the Riemann—Stieltjes integral cannot be used
for stochastic integration of a general random integrand with respect
to Brownian motion.’ There is a need for a new concept. It turns out
that as n — 00, the sequence of stochastic integrals /,, has a limit in the
mean-square sense, and that limit is denoted fzio q()S(t)dB(t).

This construction will now be developed for the integration with re-
spect to Brownian motion of a random integrand f which satisfies the
properties specified below. The discrete stochastic integral for this is
written as

n—1
L(NHED ft. ) AB(1),

k=0

sometimes as I, for greater readability.

3.2 STOCHASTIC INTEGRAL FOR NON-RANDOM
STEP-FUNCTIONS

In ordinary calculus, the construction of a Riemann integral starts from
a partition of the domain of the variable into intervals. That also applies
here. As before, the time period [0, T] is partitioned into n intervals of

equal length At = T /n, with endpoints #; & kAt, k=0,....,n. The
simplest integrand f is a step-function whose values are non-random,
so the only random quantity is the Brownian motion integrator. This
will be considered first. In the next section the construction is repeated
for a step-function with a random level. Finally this is extended to an
integrand which is a general random process.

In the simplest case, suppose that at time 0, f is fixed for all intervals;
for#, <t < tx4 atlevel f(#). As a financial model this is not realistic
because in the setting of Section 3.1 an investor would not need to fix
all shareholdings at time 0. But this first construction is merely meant
to set out the methodology.

Step-function f (Figure 3.1) can be written with indicator notation as

S =1 Ly + -+ f@) Loy + -+ @1 Ly yn

3 For non-random integrands f of bounded variation, use can be made of the Riemann—Stieltjes integral.
See Kuo section 2.3. Lesser known conditions for the existence of the Riemann—Stieltjes integal are discussed in
Mikosch section 2.1.2.
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0=ty h I ] byt t=T

Figure 3.1 Non-random step-function f

where 1y, ;,.,) denotes the indicator function which has value 1 on the
interval shown in the subscript, and O elsewhere. Define the discrete
stochastic integral I,(f) as

n
def

1
L(f) = ) flB(ts1) — B#)]

k=0
The sum 7,(f) is a random variable. Some of its properties are now
discussed.

(i) For any constants « and $, and functions f and g which are de-
fined on the same partition, I,(ef + Bg) = o1,(f) + B1,(g). The
integral is a /inear function. This can be readily seen from

n—1

Lief +Bg) =Y _laft)+ BgtlB(t1) — B(t)]

k=0

n—1
=« Z S @)[B(trt1) — B(t)]
k=0

n—1
+B Y g Btisr) — B(n)]

k=0

If the partitions of f and g do not coincide, use the union of their
partitions.

(i1) 1,,(f) is a linear combination of independent normal random vari-
ables [ B(ty+1) — B(t;)] with constant coefficients f(#;), and is thus
anormal random variable. Its mean equals the sum of the means of
the terms, which are all zero, therefore E[1,,(f)] = 0. Its variance



It Stochastic Integral 49

is the sum of the variances of the terms, since the random terms are
independent, so

n—1

Var[L(f)] = ELL(f1= ) f(#) At

k=0

(iii) I,(f) is a discrete-time martingale. This can be shown as follows.
If the value of the integral is known on [0, ¢,] then B(z,) is the last
known position. The history is J(¢,), and

n—1 n—1
E {Z FB(t 4 1) — B(zk)ms(tn)} =Y FuBts1) — B()]
k=0 k=0

Then, using only discrete time-points

E {Z FUBtsr) — B(rkma‘s(tn)}
k=0

k=0
+ E{f @) B(tng1) — B(t)113(1)}

n—I1
=E {Z FOB ) — B(rk)u%(tn)}

In the second term, f(¢,) is known when J(z,) is given, so this term
can be written as

JO)E{B(tn41) — B(t)I3(1)} = f(1,)0 =0

That leaves

n—1 n—1
E Z fEB(try1) — B(fk)]lfs(fn)} = Z S@)B(tir1) — B(t)],

k=0 k=0

which confirms that 7,,( f) is a martingale.

3.3 STOCHASTIC INTEGRAL FOR
NON-ANTICIPATING RANDOM STEP-FUNCTIONS

Now f will be at random level f(#;, w) forf;, <t < t;1 . This function
must have the following properties:

e When the history of the Brownian motion process becomes known
progressively at each time f;, it must be possible to determine f(#;)
from this history alone. The current terminology is that f(#;) must be



50

Brownian Motion Calculus

adapted to the filtration J(#;). The value of f at #; should not depend

on values of B beyond #;. That is, it must not be possible for f to
anticipate the future beyond #;. The original terminology, coined by

1to, is that f must be a non-anticipating function with respect to the
Brownian motion process, and that terminology is used in this text.

Section 3.1 showed that this condition is typically satisfied in financial

modelling, because f(#;) is the position an investor takes in the market,

and 3(#;) describes the flow of information available to an investor.

° fzio E[ f(t, @)*] dt must be finite for finite T, the so-called square

integrability condition. The reason for this will become clear shortly.

Assume now that each f(#;, w) is continuous, and non-anticipating, and
that E[ f(tx, @)?] is finite. The discrete stochastic integral is

n—1
L(HEY ft. o) Blteyr) — Bt

k=0

Its properties are as follows:

(i1) The distribution of I,(f) is now a random mix of Brownian mo-

tion distributions, thus not normal. As each term in the expression
for 1,,(f) is the product of two random quantities, the computa-
tion of E[Z,(f)] and Var[l,(f)] is more involved and requires the
conditioning that was explained in Chapter 2.

n—1
E[L(O =B [, o)[Blisr) — Bt)]
k=0
n—1
=Y E{f(t. )[Bts1) — B}

k=0

Write E{ fi(w)[B(tx+1) — B(tx)]} as E of the conditional expec-
tation E{ fi(w)[B(tx+1) — B(#)]|3(2,)}. The increment [ B(#;41) —
B(t;)] is independent of f(#;, w). With 3(#;) given, f () is a known
number, not a random variable, so it can be taken outside [E giving
FOE[B(tr41) — B(tp)|3(t)] = f(t)0 = 0. This holds progres-
sively for each term in the summation, so E[1,(f)] = 0, the same
as in the integral of a non-random step-function.
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The expression for the variance then reduces to

E[L,(f)*]

n—1

=FE S, ) [B(tiy1) — B(t)]
k=0

n—1
XY ftw. Btwi1) — Bt)]

m=0

n—1

= Y E{f(t. 0 [B(ti1) — B}

k=0

n—1
+ Z E{f (tx, @) f (tm, ) B(tyt1) — B B(tm+1) — Btm)]}

k<m

n—1
+ Z E{f (tm, o) f (tk, [ B(tyms1) — B(tw)[B(tiy1) — Bt}

m<k

In the summation for k < m, f(t, w) and f(t,,, w) and [B(t;+1) —
B(t;)] are independent of [B(t,+1) — B(t,)] which is gener-
ated later. Thus E{f(#, ®) f(tm, ©)[B(tx+1) — Bt BEm+1) —
B(t,,)]} can be written as the product of expectations

]E{f(tk’ w)f(tm: CO)[B(tk+1) - B(tk)]}]E[B(tm-‘rl) - B(tm)]

As the last expectation is zero, the k < m summation is zero. Ex-
actly the same reasoning applies to the summation for m < k, and
for this reason the order of the terms has been written with m first.
To evaluate the terms in the first summation, conditioning is intro-
duced as in the evaluation of the mean, by writing it as [£ of the
conditional expectation, conditioned on J(#;).

E[E{ f(tx, ©)*[B(ti+1) — Bt)*13(t0)}]
= E[f(tx, o)’ E{[B(ter1) — Bt 1301
= E[f(tx, w)*] At

So

n—1
Var[1,(f)] = E[L,(f)’1 = Y EIf (i, 0)’] At
k=0
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This is the same type of expression as before, but as f is now
random its expected value is used.

By exactly the same method, the expectation of the product ex-
pression 1,(f)1,(g) can be evaluated; just change the notation of
the second f to g. The result is

n—1

E[L()I.()] = Y ELf(t)g(t)] At

k=0

(iii) I,(f) is a discrete martingale. The derivation is similar to the case
of a non-random step-function.

3.4 EXTENSION TO NON-ANTICIPATING GENERAL
RANDOM INTEGRANDS

The Ito stochastic integral for a non-anticipating general random pro-
cess will now be constructed by approximation. A result from probability
theory says that a general random integrand f can be approximated on
domain [0, T'] with any desired degree of accuracy by a random step-
function on 7 intervals of length At = T'/n by taking n large enough.®
For a particular n, the discrete stochastic integral of the correspond-
ing random step-function is as shown above. Successive doubling of
the partition produces a sequence of random variables 1,,, I»,, I4,, . . ..
The question is now whether this sequence converges to a limit in some
sense. Such a limit will generally be a random variable as the sequence
consists of random variables. There are several types of convergence of
sequences of random variables that can be considered. In the knowledge
that Brownian motion has a finite second moment, consider convergence
in mean-square.” For this type of convergence, the difference between
the values of any [, and I, is considered. This difference is squared,
[I, — I>,]?, and the expected value of this random variable is taken,
E{[1, — I,]*}. For increasing values of n, this gives a sequence of num-
bers E{[1, — I,,]*}. If this sequence tends to zero as n — oo, then the
sequence of random variables 7, has a limit, in the mean-square sense,
which is a random variable, and is here denoted as 1. The Ito stochastic
integral is defined as the limit in mean-square of the sequence of dis-
crete stochastic integrals I, of non-anticipating random step-functions
which approximate the non-anticipating general random integrand. This

6 See for example Klebaner p. 31.
7 See Annex E, Convergence Concepts.
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construction uses the concept of a norm as discussed in Annex D. Con-
sider the random step-function of Section 3.3:

f=flo,®) gy + -+ [, ©) g+
+f (-1, ) 1y

The squared norm of a random process f(n) is

T
L) = [ B
=0
where
n 2
f( S = f(t07 w)2 1[to,fl) +oet f(tk, w)2 l[lkvtk+l) +--
+ f(tn—la Cl))2 1[tn—lytn)

is without cross products as they are on non-overlapping intervals. So

n—1

T n—1
1 = / E [Z Flt, w)? lm,w} di= ELf (i, 7] At
t=l k=0 k=0

The squared norm of the corresponding random variable I,,(f™) &ef

ST ft, ) AB(t) is
|17 ™)|]* = Bl (f ™)

This was evaluated in Section 3.3 as ZZ;(') E[ f(t, ®)*] At. Thus in this
discrete setting

7N =[]

The norm of the stochastic integral and the norm of the random inte-
grand f have equal value. Note that this equality stems from different
definitions. The squared norm of / is defined as its second moment. The
squared norm of f is defined as an average of the second moment of f.
The equality of norms is known technically as an isometry, where ‘iso’
comes from the Greek isos and means equal or identical, and ‘metric’
refers to distance. It is the mathematical name for any two quantities
whose norms are equal, not necessarily those in a probabilistic setting.
The isometry between f and I,(f) is the key to constructing the Itd
stochastic integral for a general random non-anticipating square inte-
grable integrand f. This goes as follows.
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Step 1 Approximate general random f by random step-function ™

f™ is used to approximate a general integrand f arbitrarily close in
the norm of £, || f® — f|| — 0asn — oo. It can be shown that this is
equivalent to || f™ — f@V|| — Oasn — oo, where f@" is the random
step-function for the finer partition with 27 intervals.

Step 2 Write the norm for the difference of two integrals

The difference between the stochastic integrals of step-functions f
and f®" as measured by the norm of I is ||[I[f"™] — I[ f®]||. The
difference of the stochastic integrals I[ ] and I[f?"] equals the
stochastic integral with respect to the difference of the integrands,

ILF™T = ILFCPY| = ([Lf™ — £O).

Step 3 Apply the isometry

According to the isometry, ||I[f™ — f@"]|| equals || f™ — fC»||.
Since ||f™ — f@|| - 0 as n — oo, it follows that |[[I[f™ —
fC@M]|| — 0 as n — oo. Thus I[f™] is a sequence of random vari-
ables that has a limit as n — oo. This limit is called the Ito stochastic
integral and denoted I(f) = fzio f(t, w)dB(t).

The approximation of f and the corresponding discrete integral are now illustrated
for the time period [0, 4], first partitioned into n = 2 intervals, then refined to n = 4
intervals.

Norm of f The discrete approximations of f based on left endpoint values, denoted
f@ and f®, are specified below and sketched in Figures 3.2-3.4.

f(z) = f(O) 12+ f(2) 1124

O =fO) oy + fD) 1o+ fQ lps + f3) 14

[P = O =1£0) = fFD o+ [FQ) = fFO)] 134
P = fOP =1£0) = fFDP 1o+ [fQ2) = FOI 1134

n =2 partition

level £(0)
level £(2)

/ 1)

time points ----- >

Figure 3.2 Approximation of f on two intervals



It Stochastic Integral 55

n =4 partition

level £(0)

\ level £(1)
\ level £(2)

level f(3)

0 1 2 3 4
time points ----- >

Figure 3.3 Approximation of f on four intervals

as all cross products are zero since all pairs of intervals are non-overlapping

E{[f® — f9T) = E{[£(0) — F(DI* Ljp) + [f2) — FOI L34}
Then

4

12— 91 = [ [E{Lf0) — fFDF Lny) +E{LfQ2) — fFOI 1za}ldt
0

1=

2 4
= f E{Lf(0) - f(l)lz}dH-/ E(Lf2) — fG)}dr
=1 t=3

t

In the case where f is Brownian motion

2 4
1@ = fON? = f E{[B(0) — B(D))*}dt + f E{[B(2) — B3)I*} dt
=1 =3

Substituting E{[B(0) — B(1)]?} = 1 and E{[B(2) — B(3)?} = 1 gives

2 4
||f<2>—f(4)||2:/ ldt—l—/ ldt=12-1)+1(4-3)=2
=1 1

=3

Using the norm of f, the difference between these two step-functions is

172 = fOl=v2

Norm of I The corresponding stochastic integrals can be compared similarly. This is
illustrated for the case where f is Brownian motion. Figure 3.5 shows I[ f®] — I[ f©¥]
and Figure 3.6 shows I[ f® — f®].

Subinterval f(z) f(4) f(2)_f(4) [f(4)_f(2)]2
[0, D S(0) J0) fO)-7(0=0 |0 ,
[1,2) J0) S JS0)-f(1) (0 -]
[2,3) /@ ye) f@-f@=0 10 ,
3.4 /@ /G f2-/3) @ -/Gl

Figure 3.4 Difference between f approximations



56 Brownian Motion Calculus

Subinterval | 17 /®] I/ IO -111*

[0, 1) B(0).[B(1) - B(0)] B(0).[B(1) - B(0)] 0

[1,2) B(0).[B(2) - B(1)] B(1).[B(2) - B(1)] [B(0) - B(D].[B(2) - B(1)]
[2,3) B(2).[B(3) - B(2)] B(2).[B(3) - B(2)] 0

[3,4) B(2).[B(4) - B(3)] B(3).[B(4) - B(3)] [B(2) - B(3)].[B4) - B(3)]

Figure 3.5 Difference between discrete integrals

The values in the right-hand columns of Figures 3.5 and 3.6 are the same, which
confirms that

IfP1= 1P = 11f? = f9]
I[f® = f91 = [B(0) — B(DI[B(2) — B()] 1115
+[B(2) — BA)[B@A) — B(3)] 134,
I[f® — f9 = [B(0) — BOWPP[B(2) — B(DI 112,
+[B(2) - BA[B@) — BO) 134
Then
P = f9UP = BIUL = £9)1
= E{[B(0) — B(DI’[B(2) — B(DI 11,5}
+E{[B(2) — BB)’[B@) — BA)I* 13,4}
= E{[B(0) — B(DI}E{[B(2) — B(D]?}
+E{[B(2) — BO)P}E{[B4) — B3I’}
=)+ (1) =2
P = DN =vV2=11f® = 9

In summary, because the approximation of f by step-function f® is
arbitrarily close, as measured by the norm of f — f, the stochastic
integral of f can also be approximated arbitrarily close by the dis-
crete stochastic integral of £ as measured by the norm of the integral.
Clearly, for the norm of f to exist, f mustbe such that fzio E[f(t, @) dt
exists. The convergence in mean-square statement was based on
E{(I[f™] = I[f®"])?} — 0. This is the same as E{(/[ f"™ — f@M]?)}
— 0 which is the same as the squared norm of I[ f® — fC"] — 0.
Stochastic integration is said to be a norm (or distance) preserving
operation.

Subinterval | £ A fOp® L2 -1

[0,1) B(0) B(0) 0 0

[1.2) B(0) B(1) [B(0) - B(1)] [B(0) - B()L.[BQ2) - B(1)]
[2,3) B(2) B(2) 0 0

3.4 B(2) B(3) [B(2) - BG)] [B(2) - BO)][B#) - BG)]

Figure 3.6 Discrete integral of difference between approximations




It Stochastic Integral 57

Full mathematical details of the approximations and convergence in
this section can be found in BrzezZniak/Zastawniak Section 7.1, Kuo
Section 4.4, Capasso/Bakstein Section 3.1, and Korn/Korn.

3.5 PROPERTIES OF AN ITO
STOCHASTIC INTEGRAL

It can be shown that the properties of the discrete stochastic integral
for random step-functions carry over to the continuous time limit, the

stochastic integral 1(f) = [, f(, @) dB().

®

(i)

(iii)

Linearity property

T T
/ af (1, @) dB(1) + / Ba(t, ) dB(0)
=0 =0

T
_ / [@f (i, ) + Bg(t, )] dB()

=0

Distribution Properties The probability distribution of 7( f) can-
not be identified in general. In the special case where f is non-
random the discrete integral property carries over so I( f) is then
normally distributed. This is also shown directly in Section 3.7. The
expected value of an Ito stochastic integral is zero.

T
E[I(f)]=E [ /_0 f(t,w)dB(t)} =0

The variance of an It6 stochastic integral is an ordinary integral

T 2 T
Var[I(f)]=E[I(f)’]=E “/ f(t,w)dB(t)} } :/ ELf (1, w)*]dt
=0 1=0

Isometry

MartingaleProperty Random variable 7(7")is a function of upper
integration limit 7. For different 7 it is a random process which is
a martingale

T N
E [/ [t ) dB(t)|Ts(S)] = / f(t,w)dB(t) fortimesT > §
=0 t

=0

Proofs of the martingale property can be found in BrzeZniak/
Zastawniak Section 7.3, Kuo Section 4.6, Capasso/Bakstein Section
3.2, and Klebaner p. 100.
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(iv) Product Property
T

E[1(f)I(g)] = / ELf (i, )g(t, )] dr

=0
This property can also be shown directly by making use of the
following. For any numbers a and b

(a+by=da*+2ab+b* so ab=1ia+by—1ia®>—1b?
Applying the latter toa = I(f) and b = 1(g) gives
I(NHI(g) = 31N+ 1Y — 31(f) = 51(g)*

Using the linearity property, I(f)+I(g) = ftio{f(t, ) +
g(t, w)} dB(t) gives

2
1N1@ =3 { Lot o) + gt 0 dBO| = 11057 = 3187

Taken the expected value, and applying the isometry property to
each term, gives

ELU(NHI@)] = % fzioE[{f(f, o)+ g(t, w)}*]dt
—IE[1(f)?1 - 1E(9)?]
=1 [ BLf (0Pl di+ ) L Bl wP)dr

T
+ / E[f(t, w)g(t, w)]dt

=0
—3 L BLF @ P dr = 3 [L Blg(r, o) dr

T
= / E[f(t, w)g(t, )] dt

=0

The It6 integral viewed as a function of its upper integration limit is a
random process which has infinite first variation and non-zero quadratic
variation. Its paths are nowhere differentiable. This is discussed in
Klebaner pp. 101, 102.

Evaluating a stochastic integral by using its limit definition is cum-
bersome, as can be experienced by working exercise [3.9.5]. Instead, it
is normally done by a stochastic calculus rule known as Itd’s formula,
which is the subject of Chapter 4. The situation is the same as in ordinary
calculus where a Riemann integral is not evaluated by using its defini-
tion, but by using a set of ordinary calculus rules. Although conceptually
the Ito stochastic integral is a random variable, an explicit expression for
it can only be found in a few special cases. An often quoted example is
ftiO B(t)dB(t). This is first evaluated as the limit of a discrete integral in
exercise [3.9.5] and then by stochastic calculus in Section 4.4.4. When
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no closed form expression can be found, the probability distribution of
the integral can be approximated by simulation.

The integrand used in the discrete Itd stochastic integral is fixed at
the left endpoint of each time interval. Section 3.1 showed that this is
natural in a finance context as the composition of the portfolio has to be
fixed before the change in the values of the assets become known. This
makes the stochastic integral a martingale. What the situation would be
if a different endpoint were used is shown in the next section.

3.6 SIGNIFICANCE OF INTEGRAND POSITION

The significance of the position of the integrand f is now illustrated
for the case where f is a random step-function which approximates
Brownian motion. The expected value of a discrete stochastic integral
is computed using different endpoints for f. These integrals are under
different definitions.

Using the left endpoint #;, the discrete stochastic integral is L, &t

1Zo B(t) [B(tis1) — B(t)] where B(t) and [B(ti11) — B(1)] are
independent. The value of B(#;) will be known before the value of
[B(tx+1) — B(#;)] is generated. The general term in the approxima-
tion is B(t;)[B(t+1) — B(t;)]. Its expected value, taken at time #, is
E{B(#)[B(tx+1) — B(t;)]}. Conditioning on the history J; of the pro-
cess through time f;, this is written as the expected value of a con-
ditional expectation E{E(B(#,)[B(tx+1) — B(tx)]|3%)}. Position B(#) is
independent of [B(#;+1) — B(#)], and when J; is given, it is a known
number (a realization of a random variable). So the above becomes
E{B(t0)E[B(tx+1) — B(to)|3k]}. WithE[B(#x41) — B(#)|3k] = Othere-
sult is E{B(#;)0} = 0. Therefore using the left endpoint, the expected
value of the stochastic integral equals zero. (Using the result from Sec-
tion 3.3 with f = B would, of course, have given the same.)

Using the right endpoint #;, define a discrete stochastic integral as

R, def Z;(l) B(t;+1)[B(ty+1) — B(t;)]. The integrand B(#;41) is now not

non-anticipating; it is not the Itd type integral and could not be used in
the setting of Section 3.1. Here B(#;1) and integrator [ B(t;+1) — B(t)]
are no longer independent. The general term in the approximation is
now B(ty11)[B(tk+1) — B(t)]. To evaluate EB(f+1)[B(ti+1) — B(t)],
decompose B(t;11) into the known value B(#;) and the random variable
B(ty+1 — B(#), as in the analysis of martingales in Chapter 2. That gives

E{(B(#x) + [B(tr1) — Bt)DIB(tir1) — B(1)}
= E{B)[B(ti11) — Bt} + E{[B(tx41) — B(1)]’}
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Integral BdB - left vs right endpoints
sample paths of one simulation

1 ——integral_left
,,,,,, integral_right

0.8

0.6

0.4

0.2

-0.4

-0.6
time partition on [0,1]

Figure 3.7 Simulated path of different integral definitions

The first term was shown above to equal zero. So the resulting expression
is E{[B(tx11) — B(t)]?} = At. Summing over all n subintervals then
gives nAt = n(T /n) = T. Thus using the right endpoint, the expected
value of that stochastic integral equals 7'. Indeed, the difference R, —
L, = ZZ;(I)[B(tkH) — B(t)][B(tx+1) — B(t;)] is shown in Annex C to
converge in mean-square to 7.

The difference is illustrated in Figure 3.7 by simulation over the time
period [0, 1] using 512 subintervals.

The terminal value at time 1 was recorded for 200 simulations. The
results are presented in Figure 3.8.

Kuo introduces the stochastic integral in Section 4.1 by asking: If one
wants the stochastic integral to be a martingale, should the integrand be
taken at the left endpoint or at the right endpoint? This is discussed for
the example [ B(t) dB(1).

integral_left integral_right

sample_mean -0.037770 0.964537
exact_mean 0 1
sample_variance 0.492436 0.498138
exact_variance 0.5 0.5

Figure 3.8 Simulation results left endpoint versus right endpoint
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3.7 ITO INTEGRAL OF NON-RANDOM INTEGRAND

The special case where the integrand is a non-random function of time,
o (1) say, arises frequently, for example in interest rate modelling. The
stochastic integral /(1) = fst:o o (s)dB(s) has

E[I(H)] =0 and Var[I()] =E[I()*] = / E[o(s)*]ds
s=0

= / G(s)2 ds
s=0

What is its probability distribution? The discrete stochastic integral of
which this /() is the limit, is a sum of many independent Brownian
motion increments each weighted by a coefficient which is a value of
the non-random function o. This discrete stochastic integral is a linear
combination of independent normal random variables, and is thus nor-
mal. The intuition is therefore that /(¢) is normally distributed. To verify
this, recall that the type of distribution of a random variable is uniquely
specified by its moment generating function (mgf). Thus the mgf of 7(¢)
needs to be derived. The mgf of a normally distributed random variable
Z which has mean zero and variance o is E[exp(AZ)] = exp(%@zaz)
where 6 denotes the dummy parameter. The mgf of /(¢) is defined as
Elexp{61(¢)}]. If this equals exp{ %GZVar[I(t)]}, then 7(¢) is normal with
mean 0 and variance Var[/(¢)], and E[exp{6(¢) — %QzVar[l(I)]}] =1.
So it needs to be verified whether this expression holds. For convenience
let the exponent be named X

X)L o11) — L0 VarlI()]  X(©0)=0

X(1) :9/ o(s)dB(s) — 192/ o (s) ds
s=0 2 s=0

Thus it needs to be verified whether E[exp{X(#)}] = 1 = exp{0} =
exp{X(0)}. If this holds then the random process exp(X) is a martin-
gale. Introduce the notation Y(t) = exp{X (t)}. To verify whether Y is a
martingale, the method of Chapter 2 can be used. Alternatively, use is
made here of Chapter 4 and Section 5.1.1, and it is checked whether the
stochastic differential of Y is without drift.

dy 1d*Y

dY = — dX + dx)?
dax 2dX2()0
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Using

dy d*Y
— =Y P
dx dax?

dX(1) = —30%c (1)’ dt + 0o (1) dB(1)  [dX(1)]* = 070 (1)*dt
gives

dY =Y [—360%0()* dt + 00 (1)dB(1)] + 3 Y070 (1)* dt
= Y00 (t)dB(t)

This is indeed without drift, so Y is a martingale. It has thus been shown
that an It0 integral with a non-random integrand is a normally distributed
random variable with mean zero and variance given by an ordinary
integral.

3.8 AREA UNDER A BROWNIAN MOTION PATH

Integral f[io B(t) dt often occurs in applications, for example in interest
rate modelling. The previous sections explained the construction of the
integral of a random process with respect to Brownian, the Itd stochastic
integral. The integral here is an integral of a specific Brownian motion
path with respect to time. This is not a stochastic integral. If a Brownian
motion path is generated from time O to time 7" then the above integral
is the area under that particular path. As the path is continuous, it is
Riemann integrable. As the path is random, so is the integral. For a
specific T the integral is a random variable. It turns out that this random
variable is normally distributed with mean O and variance %T3. The
derivation is along the lines of the construction of the ordinary Riemann
integral. As usual, discretize the time period [0, 7'] by partitioning into n

intervals of equal length Az & T'/n with discrete time-points #; = kAt,
k =0...n. For an interval from time-point #_; to f, the area under
the Brownian motion path (Figure 3.9) is approximated by the rectangle
At B(t). So

T n
/ B(t)dt = lim Y " At B(1)
t n—oo =1

=0
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ATB,

AT.(B-By)

all have level B,
all but one have level B,
etc

Figure 3.9 Area under Brownian motion path

The rectangles are:

1st AtB(t))
2nd AtB(t)) = AtB(t)) + At[B(t;) — B(t1)]

nth AtB(t,) = AtB(t) +-- -+ At[B(ty) — B(ti—1)] + - - -
+ At[B(tn) - B(tn—l)]
Position B(#;) is the sum of the increments during the preceding intervals.
The sum of the n rectangles, denoted S,,, equals

Sy & At{nB(ty) + (n — DIB(t2) — B(t)] + - - -

+ k[B(t) — B(ti-)] + -+ - + 1[B(ty) — B(tn—1)]
This is the sum of independent normally distributed random variables,
so S, is normal with E[S, ] = 0 and variance
Var[S,] = (At {Var[nB(1)] + - - - + Var[k[B(1) — B(te—1)]]
+ -+ Var[1[B(#,) — B(t,-)]1}
= (At {n?At + -+ KPAt + - + 1At}
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= (A1) Z k>
k=1

= (AtY’in(n+ DH2n + 1)
— T31
= n—36n(n +DR2n+1)

=P+ ) @+

Using [, B(r)dr = lim S,

T
IE|: / B(t)dt] =E[lim S,] = lim E[S,]=0

=0 n—oo

T
Var|: / B(1) dt] = Var[ lim §,] = lim Var[S,]
t:0 n— 00 n—odo

— lim 7% (14 ) @+ ) = 47°
Therefore

T
/ B(t)dt ~ N (0, 1T°?)
=0

As the standard deviation of the integral is \/g T3, it has the same dis-
tribution as £T3Z, where Z ~ N(0, 1) . Writing it as fzio B(t)dt ~
%T3Z can be convenient in any further analysis which uses this in-

tegral. This method is based on Epps and Klebaner. The integral is
rederived in Section 4.8 using stochastic calculus.

3.9 EXERCISES

The subject of Exercises [3.9.1], [3.9.2], and [3.9.10], is the discrete Itd
stochastic integral of a random step-function. As usual, the integral is
over the time period [0, 7| partitioned into n subintervals of equal length

T /n. The time-points in the partition are denoted #;, = k(T/n), tp =0
and 7, = T. The random step-function integrand corresponding to this
partition is denoted f and has level B(;) on the left-closed right-open
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subinterval [fy, f;11).

£ = B(t0) Lty + B Ly + -+ + B L) + -
+B(t,—-1) 1[ln—lﬂln)

n—1
= Z B(tk) l[lk»lk+1)
k=0

[3.9.1] (a) Give the expression for the discrete Ito stochastic integral
of £f™, callit I, and show that it is a martingale.
(b) Compute the variance of 1" (use the results derived earlier;
no need to rederive from scratch).
(c) As n tends to infinity, determine the limiting value of this
variance.

[3.9.2] Refine the partition by halving only the first subinterval [0, #,].

This adds just one time-point to the partition, ¢ 1 & %(T /n). The

refined partition has (n — 1) subintervals of length 7'/, and two
subintervals of length %(T /n), in total (n + 1) subintervals.

(a) Write the expression for £+ the random step-function
corresponding to the refined partition.

(b) Write the expression for the norm of the difference between
FO+Dand £ thatis || fOFD — £,

(c) Asn tends to infinity, show that the expression in (b) tends
to zero.

(d) Write the expression for the discrete stochastic integral cor-
responding to f*V; call it 1¢+D,

(e) Write the expression for the norm of the difference of the
two integrals 1"+ and 1™, that is ||7¢+D — 1)),

(f) As n tends to infinity, show that the expression in (e) tends
to zero.

(g) Having done all of the above, what has been demonstrated?

[3.9.3] Compute the expected value of the square of [ (T)déf

[T B@t)dB(1t) in two ways

(a) Using the property of It stochastic integrals.

(b) Using the closed form expression f[io B(t)dB(t) =
IB(T)* —3T.

(c) Compute the variance of /(7).
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[3.9.4] Find a closed form expression for [ t[=t,~,1 [[_, dB(y)]dB(s).

. . . . . : LY Y=lig
This expression is used in the Milstein simulation scheme for

stochastic differential equations.

[3.9.5] Specify the discrete stochastic integral which converges to

fzio B(t)dB(t). Show that the sequence of these discrete
stochastic integrals converges in mean-square to %B(T)2 —
%T. To rearrange the expressions, make use of the identity
ab = 3[(a + b)* — (a* + b*)] which comes from rearranging
(a + b)*> = a* + 2ab + b*.

[3.9.6] Derive the variance of TB(T') — ft:O B(t) dt.

[3.9.7] Derive the variance of ft:O V| B(t)| dB(t).

[3.9.8] Derive the variance of ft:o[B(t) + 11> dB(1).

[3.9.9] (a) Construct a simulation of a discrete stochastic integral for

non-random step-functions.
(b) Construct a simulation of a discrete stochastic integral for
random step-functions.

[3.9.10] Construct a simulation and analyse the convergence of 1™ as

defined in Exercise [3.9.2] for the time period [0, 1]. Initially
use the partition into n = 2% = 256 subintervals. Run at least
1000 simulations of the discrete stochastic integral for this n.
Show a chart of two typical sample paths. Show a histogram
of the terminal value of the integral, and compute the mean
and variance of the simulated values and compare these to the
theoretical values. Repeat the above by doubling n to 2!0 =
1024 then to 2048. Compare the results against the mean and
variance of

1

! 1
_ 2 _
/z:o B(t)dB(t) = 2B(l) 5

[3.9.11] Construct a simulation for the area under the path of a Brownian

motion. Show a cumulative histogram of the results and com-
pare this with the probability distribution of the area. Compare
the sample mean and variance with the theoretical values.
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3.10 SUMMARY

This chapter defined the discrete stochastic integral of the non-
anticipating random process f with respect to Brownian motion as
ZZ;& [ (e, o)[B(ty+1) — B(tx)]. The key feature is that the value of f
is taken at 7, before the Brownian motion increment [ B(t;.1) — B(t)]
over the subsequent time interval becomes known. If fzio E[f(z, w)?*]dt
exists, then any random process f (¢, ) can be approximated arbitrar-
ily closely by random step-functions, here denoted £, in the sense
that

T
/ E[f(t, ) — f™t, a))]zdt—> 0 asn— oo
t=0

The value of integral f[io E[f(t, w) — f™(t, )] dt depends on n. Re-
peating this calculation for a larger value of n (a finer partition), gives
another value of the corresponding integral. Making n larger and larger
gives a sequence of values which converges to zero. This approxima-
tion can also be written in terms of the difference between two ran-
dom step-functions, one based on n intervals, the other based on 2n
intervals,

T
/ E[ £, w) — £, w)]” dt
t=0

The expected value of the square of the difference between the dis-
crete stochastic integrals corresponding to £ and f@ is E[{I[ f™] —
1@ 1)?], which equals [ E[f"(, ) — f®)(t, w)* dt. Since by
linearity I[f™] — I[fP] = I[f™] — @], This goes to zero as
n — oo. That means the sequence I(f") has a limit, and this limit
is called the Itd stochastic integral. The stochastic integration concept
is based on closeness of random quantities in the mean-square sense.
A numerical illustration is given in Figure 3.10 for f;lzo B(t)dB(t). The
simulation compares the values of the discrete stochastic integral for
doubled values of 7, and also compares them to the simulated values of
the exact expression.

This text only covers Itd integrals with respect to Brownian motion
in one dimension, where the random integrand process f is such that
fxio E[ f(¢, w)?] dt is finite. The martingale property of the stochastic in-
tegral stems from the use of integrands which have no knowledge of the
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simuls 1000 seed_now E
nl n2 n3 n4

n 1024 2048 4096

results
mean_square_diff n_2n  0.000526  0.000232 0.000121 0.000061

% of previous 44% 52% 50%

mean_square_diff_exact_2n  0.000491  0.000246 0.000113 0.000062

% of previous 50% 46% 55%

Figure 3.10 Simulation of [, B(r) dB(t)

future (non-anticipating); these arise naturally in a finance context. When
the integrand is non-random, the stochastic integral is a normally dis-
tributed random variable®; this has many applications. The area under the
path of a Brownian motion is not a stochastic integral. Extensions to inte-
grals based on weaker conditions for the integrand are discussed in Kuo.
That book also covers stochastic integrals with respect to a continuous
time martingale which can have jumps, and multi-dimensional Brown-
ian motion integrals. Klebaner’s book uses the concept of convergence
in probability and is mathematically more advanced; Capasso/Bakstein
first use convergence in mean square, thereafter convergence in proba-
bility.

3.11 A TRIBUTE TO KIYOSI ITO

More on Itd and his work can be found on the Internet in Wikipedia. The
mathematical aspects are summarized here by Protter as The Work of
Kiyosi Ito in NOTICES OF THE AMS JUNE/JULY 2007.

8 Kuo starts with the construction of these integrals, in Section 2.3, so-called Wiener integrals.
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The Work of Kiyosi Itd
Philip Protter

The Notices solicited the following article describing the work of
Kiyosi Itd, recipient of the 2006 Gauss Prize. The International
Mathematical Union also issued a news release, which appeared in
the November 2006 issue of the Notices.

On August 22, 2006, the In-
ternational Mathematical Union
awarded the Carl Friedrich Gauss
Prize at the opening ceremonies
of the International Congress of
Mathematicians in Madrid, Spain.
The prizewinner is Kiyosi Itd.
The Gauss prize was created to
honor mathematicians whose re-
search has had a profound impact
not just on mathematics itself but
also on other disciplines.

To understand the achievements
of Ito, it is helpful to understand
the context in which they were de-
veloped. Bachelier in 1900, and
Einstein in 1905, proposed math-
ematical models for the phe-
nomenon known as Brownian mo-
tion. These models represent the
random motion of a very small par-
ticlein aliquid suspension. Norbert
Wiener and collaborators showed
in the 1920s that Einstein’s model
exists as a stochastic process, us-
ing the then-new ideas of Lebesgue
measure theory. Many properties
of the process were established

in the 1930s, the most germane
for this article being that its sam-
ple paths are of infinite variation
on any compact time interval, no
matter how small. This made the
Riemann-Stieltjes integration the-
ory inapplicable. Wiener wanted
to use such integrals to study fil-
tering theory and signal detec-
tion, important during the second
world war. Despite these problems
he developed a theory of inte-
grals, known today as Wiener in-
tegrals, where the integrands are
non-random functions. This served
his purpose but was unsatisfying
because it ruled out the study of
stochastic differential equations,
among other things.

The problem in essence is the
following: how can one define
a stochastic integral of the form
fot H,dW,, where H has contin-
uous sample paths and W is a
Wiener process (another name for
Brownian motion), as the limit of
Riemann-style sums? That is, to
define an integral as the limit of

Philip Protter is professor of operations research at Cornell University. His email address is

pep4@cornell.edu.
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sums such as ) ,_._, Hg, (W, —
W,,), with convergence for all such
H. Unfortunately as a consequence
of the Banach—Steinhaus theorem,
Wmust then have sample paths of
finite variation on compact time in-
tervals. What It6 saw, and Wiener
missed, was that if one restricts the
class of potential integrands H to
those that are adapted to the under-
lying filtration of sigma algebras
generated by the Wiener process,
and if one restricts the choice of
& € [t;, t;411) tot;, then one can use
the independence of the increments
of the Wiener process in a clever
way to obtain the convergence of
the sums to a limit. This became
the stochastic integral of It6. One
should note that Itd did this in
the mathematical isolation of Japan
during the second world war and
was one of the pioneers (along with
G. Maruyama) of modern proba-
bility in Japan, which has since
spawned some of the world’s lead-
ing probabilists. Moreover since
Jean Ville had named martingales
as such only in 1939, and J.L.
Doob had started developing his
theory of martingales only in the
1940s, 1t6 was unaware of the spec-
tacular developments in this area
that were happening in the U.S.,
France, and the Soviet Union. Thus
modern tools such as Doob’s mar-
tingale inequalities were unavail-
able to Itd, and his creativity in
the proofs, looked at today, is

impressive. But the key result re-
lated to the stochastic integral was
1t6’s change of variables formula.

Indeed, one can argue that most
of applied mathematics tradition-
ally comes down to changes of
variable and Taylor-type expan-
sions. The classical Riemann—
Stieltjes change of variables, for
a stochastic process A with con-
tinuous paths of finite variation on
compacts, and f € C! is of course

F(A) = f(Ao) + /0 FI(A) dA,.

With the It6 integral it is different
and contains a “correction term”.
Indeed, for f € C? Itd proved

FOW) = F(Wo) + /0 FIW)dW,

+3 /0 f"(Wy)ds.

This theorem has become ubiqui-
tous in modern probability theory
and is astonishingly useful. More-
over Itd used this formula to show
the existence and uniqueness of so-
lutions of stochastic ordinary dif-
ferential equations:

dX; = o(X;)dW; + b(X,) dt,
Xo = xo,

when o and b are Lipschitz con-
tinuous. This approach provided
methods with an alternative in-
tuition to the semigroup/partial
differential equations approaches
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of Kolmogorov and Feller, for
the study of continuous strong
Markov processes, known as dif-
fusions. These equations found
applications without much delay:
for example as approximations of
complicated Markov chains aris-
ing in population and ecology
models in biology (W. Feller), in
electrical engineering where dW
models white noise (N. Wiener,
I. Gelfand, T. Kailath), in chemi-
cal reactions (e.g., L. Arnold), in
quantum physics (P.A. Meyer, L.
Accardi, etc.), in differential ge-
ometry (K. Elworthy, M. Emery),
in mathematics (harmonic analy-
sis (Doob), potential theory (G.
Hunt, R. Getoor, P.A. Meyer),
PDEs, complex analysis, etc.), and,
more recently and famously, in
mathematical finance (P. Samuel-
son, F. Black, R. Merton, and M.
Scholes).

When Wiener was developing
his Wiener integral, his idea was to
study random noise, through sums
of iterated integrals, creating what
is now known as “Wiener chaos”.
However his papers on this were
a mess, and the true architect of
Wiener chaos was (of course) K.
1t6, who also gave it the name
“Wiener chaos”. This has led to
a key example of Fock spaces
in physics, as well as in filter-
ing theory, and more recently to a
fruitful interpretation of the Malli-
avin derivative and its adjoint, the
Skorohod integral.

Itd6 also turned his talents
to understanding what are now
known as Lévy processes, after
the renowned French probabilist
Paul Lévy. He was able to estab-
lish a decomposition of a Lévy
process into a drift, a Wiener pro-
cess, and an integral mixture of
compensated compound Poisson
processes, thus revealing the struc-
ture of such processes in a more
profound way than does the Lévy—
Khintchine formula.

In the late 1950s Itd collabo-
rated with Feller’s student H.P. Mc-
Kean Jr. Together 1t6 and McKean
published a complete description
of one-dimensional diffusion pro-
cesses in their classic tome, Dif-
fusion Processes and Their Sam-
ple Paths (Springer-Verlag, 1965).
This book was full of original re-
search and permanently changed
our understanding of Markov pro-
cesses. It developed in detail such
notions as local times and de-
scribed essentially all of the differ-
ent kinds of behavior the sample
paths of diffusions could mani-
fest. The importance of Markov
processes for applications, and es-
pecially that of continuous Markov
processes (diffusions), is hard
to overestimate. Indeed, if one
is studying random phenomena
evolving through time, relating it
to a Markov process is key to un-
derstanding it, proving properties
of it, and making predictions about
its future behavior.
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Later in life, when conventional
wisdom holds that mathemati-
cians are no longer so spectacular,
Itd embraced the semimartingale-
based theory of stochastic inte-
gration, developed by H. Kunita,
S. Watanabe, and principally P.A.
Meyer and his school in France.
This permitted him to integrate cer-
tain processes that were no longer
adapted to the underlying filtration.
Of course, this is a delicate busi-
ness, due to the sword of Damo-
cles Banach—Steinhaus theorem. In
doing this, Itd began the theory of
expansion of filtrations with a sem-
inal paper and then left it to the
work of Meyer’s French school of
the 1980s (Jeulin, Yor, etc.). The
area became known as grossisse-
ments de filtrations, or in English
as “the expansions of filtrations”.
This theory has recently undergone
a revival, due to applications in fi-
nance to insider trading models, for
example.

A much maligned version of the
1t integral is due to Stratonovich.
While others were ridiculing this
integral, It0 saw its potential for ex-
plaining parallel transport and for
constructing Brownian motion on
a sphere (which he did with D.
Stroock), and his work helped to
inspire the successful use of the
integral in differential geometry,
where it behaves nicely when one
changes coordinate maps. These
ideas have also found their way
into other domains, for exam-
ple in physics, in the analysis
of diamagnetic inequalities in-
volving Schrédinger operators (D.
Hundertmark, B. Simon).

It is hard to imagine a mathe-
matician whose work has touched
so many different areas of appli-
cations, other than Isaac Newton
and Gottfried Leibniz. The legacy
of Kyosi Itd will live on along, long
time.
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Thus far the discussion was about the dynamics of Brownian motion.
Usually the quantity of interest is not Brownian motion itself, but a ran-
dom process which depends on (‘is driven by’) Brownian motion. For
example, the value of an option depends on the value of the underlying
stock, which in turn is assumed to be driven by Brownian motion. To
determine how a change in the value of the stock price affects the value
of the option is a key question. Questions like these can be answered
with Ito’s formula which is the subject of this chapter. This formula is
also known as Ito’s lemma.

41 STOCHASTIC DIFFERENTIAL NOTATION

The analysis is normally done in terms of stochastic differentials, a no-
tion which will now be introduced. Consider the integral of an ordi-
nary function f of ¢, from ¢t = 0 to x, f,x:o f(¢)dt. The value of this
integral depends on the upper integration limit x, and this can be cap-

tured by writing it as G(x) o ftxzo f(t)dt. According to the fundamen-
tal theorem of calculus,! differentiating G(x) with respect to x gives
dG(x)/dx = f(x), the value of the function f(¢) at the upper integra-
tion limit = x.

Inspired by this®> it has become standard practice in stochastic
calculus to write the Itd stochastic integral 1(T) = frio f(t, w)dB(t)
in the form dI(T) = f(T, w)dB(T). It can be easily remembered by
formally performing the same differentiation operation on /(7") as for
the ordinary integral: the integral sign is omitted and ¢ is replaced by
the upper integration limit 7 — formally, because differentiation of a
stochastic integral is not an existing concept. The notation dI(T) is
used as shorthand for I(T) and it is not implied that some form of
differentiation took place. The stochastic differential notation makes
the rules of stochastic calculus easy to use. Similarly, a result stated in

! Recapped in Annex B, Ordinary Integration.
2 See Annex B, Ordinary Integration, Section Differential.
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differential form dI(T") can be written in equivalent integral form /(7")
by formally writing out an integration, and where possible perform the
integration. So

T
I(T):/ ft,w)dB(t) <& dI(T)= f(T,w)dB(T)
1=0

4.2 TAYLOR EXPANSION IN ORDINARY CALCULUS

To set the stage, recall from ordinary calculus the concept of a Taylor
expansion. Consider a function f of a smooth?® ordinary non-random
variable* x. Suppose that the value of the function at a particular point
Xo 1s the known value f(xg), and that the value of the function is to be
determined at a point xo + 4, a small distance 7 away from xy. This
value, f(xo + h), can be approximated by using the steepness of the
function at the present location x¢, as given by the slope df(x)/dx at
xo, and the rate of change in the steepness, as given by d’f(x)/dx? at
xo. For example, if f(xq) represents the position of a car at time x,
then its position at time xo + & depends on its present speed, df (x)/dx
at xo, and its present acceleration, d’f(x)/dx? at xo. It also depends
on the rate of change in the acceleration, d°f(x)/dx> at x,, but that
is a refinement that will be neglected. If f is smooth, the change in
value f(xo + h) — f(xp) can be approximated by the first two terms in
a Taylor expansion as

5 d*f (xo)
dx?

foxo 1) = oo+ 4

Here df(x¢)/dx is shorthand for df(x)/dx evaluated at x(, and simi-
larly for d? f (xo)/dx>.

It is convenient to define A f (xo) f (xo + h) — f(xo) and rewrite the
above as

df(xo)+ 12 d*f (xo)

Af(xo) =h—" e

3 Here this is shorthand for a function that is continuous in all variables, and has first and second derivatives
in each of the variables, which are continuous.
*# Also known as a deterministic variable.
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Slxgth)
slope at x,
S(xo) N h.slope
X Xgth

Figure4.1 Taylor expansion in one variable

A similar approximation exists for a smooth function g of two variables
x and y. Let
def
Ag(x0, y0) = g(xo + h, yo + k) — g(xo0, o).
then
Ag(xo, yo) =

+ [08(x0, y0)/dx]h
+ [9g(x0, yo)/dylk
+ 3[0%g(x0, y0)/0x1h?
+ 5[0%g(x0, y0)/9y*1k?
+ [82g(x0, yo)/0xdylhk (mixed second-order terms)

} (first-order terms)

} (second-order terms)

The standard Taylor expansion holds when the variables x and y are
deterministic. There is a need for a Taylor type expansion that can also
handle random variables.

43 ITO'SFORMULA ASA SET OF RULES

Typically a random process f depends explicitly on time ¢ and on some
random process X which is driven by Brownian motion, f[z, X]. For
example f could be the value of an option which is written on stock
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price X. Henceforth assume that f is smooth. An expression for the
change in f over a discrete time step At is then obtained by writing out
a formal Taylor expansion which includes all second-order terms
af af P
Aflt, X —At — AX + 1 (At
flt, X1 = o AX + 155
*f » S
At AX
8X2( X" Grox 0t X

where 0f /0X is shorthand for the derivative of f with respect to its
second argument, evaluated at the point [#, X(¢)], and similarly for the
other derivatives. Suppose X evolves according to

AX(@) = pult, X@)] At +o[t, X(1)] AB(1) *)

where u and o are given functions of + and X. Af has terms (A1)?,
AtAB(t), [AB(t)]>. Now take a closer look at their magnitude. For
very small Az, say 107, (At)? is much smaller than At, and is there-
fore considered negligeable compared to At. E[At AB(t)] =0 and
Var[At AB(t)] = (At)?, so for very small At, At AB(t) approaches
0. The variance of [AB(#)]? is 2(At)?, which is much smaller than its
expected value Ar. As At — 0, [AB(t)]*> approaches its non-random
expected value At. In the continuous-time limit, (Az)? is written as
(dt)?> =0, At AB(t) as dt dB(t) = 0, [AB(¢)]* as [dB(t)]*> = dt. That
leaves

2
dft, X] = {Z—f—l—ut X(t)]—f+ solt, X)) f} dt

+olt, X(1)] a—{( dB(t)

This is Ito’s formula. Note that in the equivalent integral form, the first
term is a time integral with a random integrand, as defined in Annex
B.2.2, and the second term is the It0 integral of Chapter 3. The easiest
way to use Ito’s formula is to write out a second-order Taylor expansion
for the function f that is being analyzed, and apply the multiplication
table given in Figure 4.2. This is also known as box calculus or box
algebra.

dt dB(t)
dt 0 0
dB(t) 0 dt

Figure4.2 Multiplication table
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Similarly, for a function of time and two processes X and Y of type
(*) driven by Brownian motions B; and B, which, in general, can be
correlated, 1t6’s formula gives

af af af
df = —dt + —dX + —=—dY
f ot + X + Y
% f % f % f
1 2 1 2
1- 2 dx 1 2y dxdy
+28X2( y+ 2aY2( y+ aXoY

Here the term %(82 f/0t>)(dt)* has already been omitted as (dr)? =
0. Similarly (3 f/0t3X)dt dX and (3% f/3t3Y)dt dY are not shown
because d X and dY each have a dt term and a dB term, so dt dX and
dt dY are zero.

If f does not depend on ¢ explicitly there is no df /dt term

of of V2 o 1

df =—dX+ —dY +5—dX 5s——=(dY

U ax ““ oy +2ax2( ) +28Y2( ) T axay
In the case of correlation, dB(t) dB,(t) = p dt. This can be seen by
using Section 1.6 and another independent B3(¢).

ABi(t) ABy(t) = AB(t){p ABi(t) + v/ 1 — p2 ABs(1)}
= p[AB(1)]* + V1 — p?> ABy(t) ABs(r)

Taking the expected value and using the independence of B} and B3 and
gives

E[AB (1) ABy(1)] = pE{[AB(1)I’} + /1 — p?E[AB (1) IE[A Bs(1)]
= p At

Figure 4.3 shows the resulting table.

A justification of Itd’s formula is given in Section 4.9. As a full rig-
orous proof is rather elaborate, many books just give plausibility argu-
ments for the simple case f[B(¢)], which is sufficient to appreciate the
basic idea. For a function of ¢ and B, f[t, B(¢)], recommended refer-
ences are BrzeZniak, Shreve Il, Kuo. Technical references are Numer-
ical Solution of Stochastic Differential Equations by Kloeden/Platen

dt dBy(t)  dBy(t)
dt 0 0 0
dB,(t) 0 dt pdt
dB,(t) 0 pdt dt

Figure4.3 Multiplication table for correlated Brownian motions
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Chapter 3, and Korn/Korn Excursion 3. Stojanovic Section 2.3 has
Mathematica simulations of Itd’s formula. For integration with respect
to a general martingale, the corresponding It6 formula is discussed in
Kuo Chapter 7.

44 1LLUSTRATIONSOF ITO'SFORMULA

In what follows f is a smooth function. For greater readability 7 is
usually not shown in the derivation steps. The key to applying It0’s
formula is to first identify the variables.

4.4.1 Frequent Expressionsfor Functions of Two Processes

Here equation (**) applies.

Sum Rule f & aX(t)+ bY(t) a and b constants
The partial derivatives are

af 9 f 0 of 0 f

a —_— = _— = b —_— =
X 9X>2 Y aY?
92 9 [d 9
f = — of =—0b)=0
aXaYy 9Xx \ oy X

3% f o (of ] @=0 % f
= — —_— = —\a) = =
aYoxX 9y \aX Y AXdY

Substituting these gives the sum rule

|dlaX +bY]=adX +bdY |

Product Rule < X(r)Y(r)
Substituting the partial derivatives

8 82 2
A _y S _y M _ S,
X 9X2 Y Y2
92 9 [d 9 92

f = — of =—X)=1= f
aXoYy  9ax \ay £D.¢ AYoX

gives the product rule

‘d[XY] - YdX—i—XdY—i—dXdY‘
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In integral form over [s <t < u]

/u dX@)Y(@)] = /u Y(t)dX(t)+/u X()dY (1)
—i—fu dX@)dY(t)

Xw) Y () — X(s) Y(s) = / ' Y()dX(1) + / ' X(1)dY (1)

S

+/u dX(@)dY()

/u X)dYt)=Xw)Y(u)— X(@s)Y(s) — /u Y(t)dX(t)

- / ' dX()dY (1)

This is known as the stochastic integration by parts formula. The first
three terms on the right are the same as in ordinary calculus. The fourth
term is unique to stochastic partial integration; when expressions for
dX and dY are substituted it becomes an ordinary integral. The product
rule can also be expressed in terms of the proportional changes in f,

X,and Y.
d[XY] Y X 1
=—dX+—dY + —dXdY
XY XY XY XY

diXY] dX  dY  dXdY

XY X Y+XY

Ratio f % X(1)/Y ()
Substituting the partial derivatives

U 1 _ =X Pf _ Of _2X Pf _-1_ 82
. aX — Y a9y T Y2 X2 — ay2 T y3 9XoY T Y2 T 3YoX
gives
1 -X 1 , 12X , =1
dF = 7dX+WdY+ 50dX) +§F(dY) +WdXdY

YX Yy Y
dx dy dy\*>  dxdy
+M1(5) 55

_ XdX Xdy X(dY)2 Xdxdy
“Yx vy v\vy
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The ratio rule is

dX dYy [(dy\> dXdY
=7 —‘7+(7)‘77

This can also be expressed in terms of the proportional changes in f,
X,and Y, as

diX/Y] _ dX _ dY  (dv\2 _
XY — X Y+(Y)

<[
~I=

4.4.2 Function of Brownian Motion f[B(z)]

This is a function f(x) of the single variable x where x = B(t).

Step1  Apply the Taylor expansion to a function of one variable, treat-
ing the random variable as if it were a deterministic variable, neglecting
terms of order greater than 2.

df—ﬂdB+2dJ;

Evaluate df /dx and d? f/dx? at x = B(t). Figure 4.4 illustrates the

meaning of df /dx evaluated at x = B(¢). The position x where the

slope is computed is given by the value of random variable B(?).
Convenient shorthand for It6’s formula applied to f[B(?)] is

df = —f dB + ——f(dB)

(dB)?

f(x)

df/dx at x = B(t)

BO

Figure4.4 Slope at B(t)
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Step 2 Apply the multiplication table
Substituting (dB)* = dt gives

df = -—fd +d—£dB

Be aware that in this expression d° f /dx* and df /dx are evaluated at
x = B(¢). In the right-hand side, the d¢ term is always put first in this
text; some authors put the dB term first.

The simplest example is f[B(¢#)] = B(t). Then df/dx =1 and
d’f/dx* = 0, giving

df = 30dt + 1dB(t) = dB(1)

as expected.
Another example is f[B(t)] = [B(t)]*. Here

d d?
af —4B3 af = 12B> (dB)?*=dt
dB dB?

df = 312B*dt + 4B* dB

Substituting f gives d[B]* = 6B% dt + 4B dB. The equivalent integral
form on [0, T'] is

T T
[B(D)]* = [BO)]*=6 / B(t)*dr + 4 / B(t)* dB(1)
=0

t=0

T
B(t)*dt + 4 / B(1)? dB(1)
=0

T
(B =6 /

t=0

[B(T)]* is a random variable whose expected value is
T T
E{[B(T)]*} = 6E {/ B(1)* dt} +4E {/ B(1)} dB(t)}
t=0 =0

In the last term, f B(t)’dB(t) is an Itd stochastic integral if
f E[B(1)°]dt is ﬁnlte As B has a mgf (derived in Annex A), all
its moments are finite. Here E[B(7)°] is a function of ¢ which is in-
tegrated over [0, 7] and is thus finite. Being an It0 stochastic inte-
gral it has an expected value of zero. In the first term, the expectation
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operator can be taken inside the integral according Fubini’s theorem to
give 6 [ E[B(1)*1d1. AsE{B(1)*} = t thisequals 6 [ 1 dt = 61T,
So E{B(T)*} = 3T?, which confirms the result for the fourth moment
of Brownian motion derived in Annex A. It is known from probability
theory that the sixth moment of a normal random variable with variance
o2 equals 15(c%)%, so E[B(¢)°] = 153, but this fact is not used above.

4.4.3 Function of Time and Brownian Motion f[t, B(t)]

This is a function of two variables ¢ and x where x = B(?).

Step1 Apply Taylor’s formula for a function of two variables, treating
the random variable as if it were a deterministic variable, neglecting
terms of order greater than 2.

df = —f dt + EF(dz)2
f

8 2

o5 dB+ 35 (dB)

2 2
" f ) 7
dtdB + 1
d10B 2350

+3 dBdt
Recall from ordinary calculus that for a smooth function of two

variables, the mixed second order partial derivatives are equal,
0% f/(0t 9B) = 3% f /(3B dt).

9 2
df = 8—J:dt + ja—];(dt) + —de+ ZaBJ;(dB)z + - aj;

dtdB

Step 2  Apply the multiplication table
Substituting (dt)? = 0, (dB)* = dt, dt dB = 0, gives

of of 9 f
= —dt+ —dB+ }—=dt
df td +E)Bd +2332d

af f af
dt + ——dB
(ar t3 aBZ> 't 3B

A much used expression is f[t, B(t)] = exp[ut + o B(t)]. This f
is a function of two variables, t and x, f[f,x] = exp[ut + ox],
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where x = B.

af af f 2f f »
— +— B+ 5 —= + ——dtdB+ 1—(dB
df = dt d 282(d) 578 dtd 23 2(d)

From the multiplication table, (d 1> =0,dtdB =0, (dB)* =

)
a = puexplut + o B] % = o exp[ut + o B]

Note that 32 f /9t is not needed since (dt)> =0, 3% f/(3tdB) is not
needed since dt dB = 0, and 3° f /3 B> = o exp[ut + o B]. Substitut-
ing these gives

df = {uexplut+oB]+ %02 explut +o Bl}dt + o explut + o B]dB
= flu+ Lo dt + o dB)

Dividing by f # 0 gives this in the rate of return form

af

7 =(u+i0?) dt +odB

4.4.4 Finding an Expression for ftio B(t)dB(t)

Consider the stochastic integral of the random integrand B(r) with

respect to Brownian motion over the time period [0, T], I(T) = &ef

fz=0 B(t)dB(t). This is an It0 stochastic integral because the integrand
B(t) is non-anticipating and

T T T2
f E[B()*]dr = f rdr = —
t=0 t=0 2

is finite. The aim is to find a closed form expression for /(7). This
proceeds as follows. Knowing that the ordinary integral [ x dx equals

1x2, suggests the use of Y(T) = def 1B(T)? as a trial solution. As Y(T) is
a function of the single variable

2

B(T),dY = ay dB+ 3 7Y (dB)2
T T B
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where dY /dB = B(T) and d*Y /dB* = 1. So dY = BdB+ 11 dT.In
equivalent integral form,

T T T
/ dy (1) = f zdi + f B(t) dB(1)
t=0 t=0 t=0

The required integral has appeared as the second term on the right.
Rearranging gives

T
/ B(t)dB(1) = Y(T) = Y(0) — 3T = Y(T) — 1T.
=0
Substituting Y(T) = %B(T)2 then gives the result

T
/ B(t)dB(t) = 1B(T)* — iT
t=0

The choice of the trial solution was a lucky one because it produced
f[io B(t) dB(t) when Ito’s formula was applied. There is another way to
find an expression for this integral. Suppose %B(T)2 is a trial solution. If
fzio B(t)dB(t) was equal to %B (T)? then their expected values should
also be equal. But E[fzio B(t)dB(1)] = 0, whereas 1E[B(T)’] = 1T.
Thus this trial solution is not the solution. Its expected value is too high
by %T. Subtracting %T gives the new trial solution %B (T)> — %T whose
expected value does equal zero, so %B (T)? — %T is the solution.

445 Changeof Numeraire

Consider dS(t)/S(t) = r dt + o dB(t). Let S*(t) & S(t)/exp(rt). The
denominator exp(rt) is the value at time ¢ of a unit savings account
compounded continuously at a constant rate r. S*(¢) is the stock price
measured in units of this savings account. The savings account is the
new numeraire, and this transformation is known as a change of nu-
meraire. The dynamics of S™(¢) is now derived from the dynamics of
S(t) by Ito’s formula. S™* is a function of the two variables ¢ and S. It’s
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formula gives

0S* 95* 928*

* 2 2
ds* = 57 dt—l— dS+2 a2 (dt) —i—2 352 (dS)
825*
dt dS
8 N
W e rseporty 2~ exp(ern)
= —rSexp(— = exp(—
or e as TP
825* 825*
—=0 (dt)*> = 0, so—— is not needed
952 ar?

dtdS =dt (rSdt +oSdB) =rS(dt)* +oSdtdB=0
Substituting the above, together with dS = rS dt + o S dB, gives

dS* = —rSexp(—rt)dt + exp(—rt)[rSdt + o S dB]
dS*(1)
S*(t)

— o dB(1)

The drift term has dropped out as a result of the discounting. The drift
of S* is the growth relative to r. As S grows at rate r, S* grows at rate
zero. S* is a martingale, as can be seen by integrating and taking the
expected value

T T
/dS*(t)Z/ S*(t)o dB(t)

=5 =5

T
S*(T) = S*(s) +/ S*(t)o dB(t)

E[S*(T)|F(s) = S*(s)
as

E[ﬁisy%nodBunfxg]:

4.4.6 Deriving an Expectation viaan ODE

Let X(¢) oo explo B(t)] so X(0) = explo B(0)] = 1. Here E[X(¢)] is
computed by solving an ordinary differential equation (ODE). The
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stochastic differential of X is

dXx d2
dX——dB 1= = (dB)?
1B + ( )

=o0XdB+ EO'ZX dt

In integral form over [0, ]

X(t) = X(0) —i—/

Lo X(s)ds + f o X(s)dB(s)
s=0 s=0

Taking the expected value cancels the Itd stochastic integral term and
leaves

E[X(1)] = X(0)+ E U %UZX(s)ds]
s=0

The last term is a double integral, and exchanging the order of integra-
tion is permitted (by Fubini). That moves E into the integrand, so

t
E[X()] = X(0) + / 502E[X (s)] ds
s=0
For convenience introduce the notation m(r) & E[X(#)]. Then

m(t) = X(0) + / 1o2m(s)ds
s=0

This is an integral equation for the unknown function m(¢) which can be
transformed into an ODE by differentiating with respect to the upper in-
tegration limit ¢, giving dm(t)/dt = —a 2m(t). This type of ODE is well
known and can be solved by writing dm(t) /m(t) = 50 2 dt. Integration
gives In[m(t)] = %O’zl‘-i- constant; ¢ = 0 gives the constant as In[m(0)]
which equals In{E[ X (0)]} = In[X(0)] = In[1] = 0 so In[m(z)] = %0‘21‘.
Thus

E[X(1)] = expl30°1]
E{explo B(1)]} = exp[507°1]
This agrees with applying the well-known formula for E[exp(Y)] where

Y is a normal random variable, E[exp(Y)] = exp{E[Y] + %Var[Y],
with E[Y] = 0 and Var[Y] = ot
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45 LEVY CHARACTERIZATION
OF BROWNIAN MOTION

How can one verify whether a given random process is a Brownian mo-
tion? Some special cases were the subject of exercises [1.9.1] to [1.9.3].
What follows here is more general.

Recall that Brownian motion B has the following properties:

(i) the path of B is continuous and starts at 0
(ii) B is a martingale, and [dB(t)]* = dt
(iii) the increment of B over time period [s, 7] is normal, with mean O
and variance (f — s)
(iv) the increments of B over non-overlapping time periods are
independent.

Now consider a given random process M that is known to have the same
first two properties as B:

(a) the path of M is continuous and starts at 0
(b) M is a martingale, and [d M (¢)]> = dt

Then it turns out that M is a Brownian motion. That means that M also
has the properties:

(c) the increment of M over time period [s, ¢] is normal, with mean 0
and variance (f — s)

(d) the increments of M over non-overlapping time periods are inde-
pendent.

Proof of Property (¢) Normality with mean 0 and variance (t — s)
can be established by showing that the moment generating function of
M (t) — M(s) equals the mgf of B(¢) — B(s). So it has to be shown that

e/ IMO-M©Ty _ ¢36%u—5)
def . o .
The proof uses f[t, M(t)] = e?M®=19’1 The line of reasoning is that if
f is a martingale, then
E{eeM(t)_%QZthNY(S)} — oIM(5)—30%
1

Writing e?M© as E{e”M®)|3(s)} and Efe~2%"|3(s)} as e 2", that
martingale property can be expressed as

E{CG[M(Z%M(&)]IS(S)} ) 4.1)
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Taking the expected value of this conditional expectation then gives the
unconditional expectation that is required.

E{GG[MU)*M(X)]} — E[E{GQ[MU)*M(””S(S)}] — e%GZ(t*S) 4.2)

Thus if f is a martingale then the increments of M have the required
normality property. Showing that f is a martingale means showing
that the change f[r, M(¢)] — f[s, M(s)] has an expected value of zero,
given J(s). An expression for this change can be found by deriving
the stochastic differential of f and writing it in integral form. The Itd
formula for deriving a stochastic differential presented thus far was
only for a function of Brownian motion, whereas here f is not a func-
tion of B but of a general continuous path martingale. It turns out that
there is also an Itd type formula for deriving the stochastic differential
of f[t, M(t)].> It is the Ito formula for B, together with its cross-
multiplication table, with B replaced by M. As f is a function of the
two variables ¢ and M(¢), that Itdo formula gives

of af L 02 f , 0*f
df = —dt + —dM + 1 dM ——dtdM
! ot + oM + 28M2( y+ oM
where
af 1 af 3% f
= __92 —~ =90 _J 02
ot 29°f oM ! IM? !

(dM)? = dt is given dtdM =0

Substituting these gives df(u) = 0f(u)dM (u). In equivalent integral
form over [s, ]

t

fle, M@)] = fls, M(s)] =6 fle, M(u)ldM(u)

u=s

Taking the expected value, given J(s), gives
t
E{flt, MDIS()} = fLs, M(s)] + GE{ f flt, M(u)] dM(u)IS(S)}
u=s
It can be shown® that the last term is zero, just like the expected value

of a stochastic integral with respect to Brownian motion, thus f is a
martingale.

3 This is discussed in Kuo Chapter 7.
6 See also exercise [4.10.11].
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Proof of Property (d) To show the independence of the increments of
process M, use can be made of the property (shown in Section 2.7)
that if an increment M (¢) — M(s) is independent of the information up
to s, J(s), then the increments of M over non-overlapping time inter-
vals are independent. The left-hand side of expression (1) is a condi-
tional expectation, thus a random variable, but the right-hand side is
non-random, so the left-hand side is not in fact random. So (1) and (2)
show that e?IM®O=M®) is independent of J(s). As e?MO=M®)] g 3 func-
tion of M(t) — M(s) it follows that M () — M(s) is also independent
of J(s).

This characterization of when a process is a Brownian motion was
established by the French mathematician Paul Lévy who did much work
on the path properties of Brownian motion. In this text it is used for
simplifying combinations of Brownian motion in Section 4.6, and in
the proof of the Girsanov theorem in Section 7.4.

References are Kuo section 8.4, Capasso/Bakstein section 4.3, Lin
section 5.7. In the latter, the analysis is based directly on the exponential
martingale e?¥()=326"

4.6 COMBINATIONS OF BROWNIAN MOTIONS

This continues the discussion of linear combinations of Brownian mo-
tions. In Section 1.6 it was shown that the linear combination of two
independent standard Brownian motions, B1(t) and B,(¢), with constant
lyl =<1,

By(t) € yBi(1) + /1 — y2 B (1)

is a Brownian motion. The proof used an elementary method. It will
now be shown again using Lévy’s characterization of a Brownian mo-
tion. This requires showing that

(@) B3(0)=0
(b) Bj is continuous and is a martingale
(c) [dB3(1))* = dt

Condition (a) is clear. Regarding condition (b), as both B; and B, are
continuous, Bj is continuous. Using times s < ¢, E[ B1(1)|3(s)] = By(s)
and E[ B,(1)|3(s)] = Bj(s). The conditional expected value of the linear
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combination is

E[B3(1)[3(s)] = Ely Bi(#) + v/ 1 — y2 Ba(1)|3(s)]
= E[y Bi()|3(s)] + E[v' 1 — y? Ba(1)|3(s)]
= yE[BI(D)IS()] + v 1 — y2 E[By(0)|3(s)]
=y Bi(s) + v 1 — y? Ba(s)
= Bs(s)
Thus (b) is satisfied. For condition (c) use dB3;(t) =y dBi(t) +
V1= y2dBy(t). Then
[dB; () = y*[dB(D) + (V1 — y?)’[dBo(1)]?
+2y+/1 — y2dB(t)dB;(t)
The last term dB(t) dB,(t) = 0 due to independence, and
[dB;(1))* = y?dt + (1 — y*)dt = dt

Thus Bj; is a Brownian motion.

The above case is special because the sum of the squares of the coef-
ficients of the respective Brownian motions add to 1, which generally is
not the case. Consider therefore an arbitrary linear combination, with
constants ojand o, of two standard Brownian motions, B;(¢) and B,(t),
which are again assumed to be independent. The aim is to replace this
by another independent Brownian motion that has a coefficient o3:

def
03B3(t) = 01 By(t) + 02 B(t)

Coefficients 0| and o, are given, and o3 has to be determined in such
a way that Bs(¢) is a Brownian motion. Thus B3(¢) must satisfy Lévy’s
conditions. Conditions (a) and (b) are satisfied as above. Condition (c)
uses

03dB3(t) = 01 dB(t) + 05 dB»(1)
Then, as dB(t) dB»(t) = 0,

2 2
[dBs(1)]? = (ﬂ) dr + (2) dr
03 03

This equals dr if
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So the condition that must hold is

2_ 2 2
oy =0 +0,

Then

B3(1) = \/h Bl(”‘f‘ﬁ By (1)

The role of o3 is now clear. It is the scaling factor that is needed to
ensure that the sum of the squares of the coefficients of the respective
Brownian motions add to 1, as in the first case. Linear combinations
of Brownian motions appear in the stochastic differential of a ratio of
random processes, as illustrated in Chapter 8. The replacement by a
single Brownian motion facilitates option valuation.

In the general case the component Brownian motions are not inde-
pendent. Consider the linear combination

def
04B4(t) = 01B1(t) + 02 Ba(t)

where By and B, have correlation coefficient p, o and o, are constants,
and oy is to be determined. The first step is to transform this into a linear
combination of two independent Brownian motions. To this end write
B; as a linear combination of B; and another independent Brownian
motion B3, using p in the coefficient of By,

Bo(t) £ pBi(t) + /1 — p2 Ba(0)

Using this expression for B; it can be readily seen that B; and B, have
correlation p.

04 B4(t) = 01B1(t) + o2[pB1(t) + /1 — p? B3(1)]
= (01 + 02p)Bi(t) + 02y/ 1 — p? B3(1)
Now applying the result for the case of independent Brownian motions
07 = (01 +02p) + (02/1 — p?)
= 012 + 2p0107 + 022
In the case of a difference of Brownian motions

def
05Bs(t) = 01 By (t) — 02 By(1)
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changing the sign of 0, in By(?) gives
052 = 012 —2p0105 + 022

The above can also be applied when the Brownian motion coefficients
are time dependent but non-random. Consider the linear combination of
correlated Brownian motions B; and B,

o3(1) dB3(1) = 01(1) dBy (1) £ 02(1) dBa(1)

Then (without reworking to a linear combination of independent
Brownian motions)

[03() dB3(1))* = [01(t) dBy(1)]* £ 204 (t)oa(t) dBi () dBo(t)
+ [o2(t) dBa (1))
= 01(1)*dt + 201(t)ox(t)pdt + oo(1)*dt

So Bs is a Brownian motion of 03(1)* = 0(¢)> & 20,1 (t)o2(t)p + o2(1)>.

4.7 MULTIPLE CORRELATED BROWNIAN MOTIONS

Stock prices are driven by Brownian motion. Creating correlated stock
prices requires correlated Brownian motions. The basic ingredients for
this are correlated normal random variables. The starting point is n
uncorrelated standard normal random variables Zy,---,Z;, -+, Z,.
From these, normal random variables can be constructed which are
correlated with a pre-specified correlation coefficient by linear com-
binations of the Z;. If the weights are denoted by 2;;, then

X, Sz Az A

X €112, +o ALt AinZy

X, déf)"nlzl+"'+)\anj+"')‘-nnZn (*)

This can be conveniently put into matrix form by letting matrix L be
the collection of weightings A;;, arranging the Z; into column vector Z,
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and the X; into column vector X.

Z X
z¥ | z, x & x,
Z, X,

Then X is the matrix product X = L-Z, where the matrix product is
denoted by the big dot. The correlation of random variables X; and
X ; must be p;;. It is the expected value of the product of the value of
X; and X, E[X; X ;] = p;;. Collecting all these into a matrix gives the
correlation matrix R

X1 X1 XiX; XX, [E[X;X,] E[X;X;,] E[XX,]
Ef X;X: X;X; XX, |=|EX;X/] E[XX;] EXX,]

XnXI Xan Xan _E[anl] E[XnX]] E[ann]

L pi; P

=|pi1 1  pin | whichis denoted R.

_pnl /Onj 1

The matrix

X\ Xi XX, XX,
X, X1 X;X; XX,
X, X1 X,X; X,X,

can also be written as the matrix product of X and its transpose X
X-X"=w-2)-(L-2)'=w-2)-Z"- LYHY=L-Zz-zZ" LT

X - X7 is a collection of random variables in matrix form. Taking the
expected value

E[X -X"1=E[L-(Z-Z"-L"]=L-E[Z-Z"]-L"
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E is taken inside as the elements of matrix L are non-random and [E is a
linear operation. E[Z - ZT] is the correlation matrix of standard normal
variables Z, and, as these are uncorrelated, this equals the identity
matrix /, leaving

EX-X"1=L-L"
Thus the matrix L of weightings must be such that
L-L"=R

Correlation matrix R is symmetric, p;; = pj;, and positive definite. This
makes it possible to decompose R into the product of a lower-triangular
matrix L and its transpose LT. This is known as the Cholesky decom-
position.

L p1j P

R=| pi 1 Pin

_pnl Pnj 1
1 0 0 0 07 [l Xa At Awm |
Ml Am 0 0 O 0 Xxn A3 Am

=21 A Az 0 0 | x |0 0 Az A

)\n] )\n2 }\;13 )\nn | 0 0 0 )\nn _

R=L-L"

Using the elements of L in (¥) then gives the correlated normal random
variables X; as

X\ =1Z, =27
Xo=MuZ +AnZ;
X3 =A31Z1 + AnZo + A3Z3

Xn=)"an1+"'+)‘4nizi+"'+)‘4nnzn
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There are efficient numerical algorithms for carrying out the Cholesky
decomposition. It can be done symbolically with Mathematica. By way
of example, for n = 2,

1 0 1 P 1 p
L= LT = L-LT=

[ﬂ 1—/)2]’ [0 l—pz}’ [Pl]
Mi=p, Mp=V1-p% Xi=2Z\, Xo=pZi+1—p>Zs,

which is the construction used in Section 1.6.

Having thus computed the lambdas from the given correlation ma-
trix R, and constructed the correlated normal random variables X;, the
correlated Brownian motions for a time step At are obtained by mul-
tiplying each X; by ~/Ar. The dynamics of the correlated stock prices
for option valuation are then given by the SDEs

ds

S—l = (r — lodydt + o1 X1/ A1
1

ds

S—2 = (r — Lod)dt + 02X/ AT
2

ds,

= lo2ydt + 0, X,/ At
n

4.8 AREA UNDER A BROWNIAN MOTION
PATH-REVISITED

Section 3.6 introduced the random variable I (7T) oo fzio B(t)dt and de-

rived its distribution. Here /(7) is analysed using the product rule. For
processes X and Y

d[ XY = X@t)dY(t)+Y@®)dX()+dX(@)dY(t)
If X(t) =t and Y (¢t) = B(t), this becomes
d[t B(t)] =tdB(t) + B(t)dt + dt dB(t)
—_——

=0
=1tdB(t)+ B(t)dt
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In equivalent integral form

T T T
/d[tB(t)]z/ tdB(t)+/ B(t)dt

=0 t=0 =0
T T

T B(T)—0B(0) = / ta’B(t)—i—/ B(t)dt
t=0 =0

T

T
I(T):/ B(t)dt = TB(T)—/ t dB(t)

=0 t=0

T T
=T f dB(t) — / t dB(t)
t=0 =0

T
= / (T —1)dB(t)
t=0

This is a stochastic integral with a non-random integrand, so random
variable /(T) has a normal distribution (according to Section 3.7). Be-
ing normal, it is fully specified by its mean and its variance

E[I(T)] =0
T
Var[I(T)] = E[I%(T)] = / E[(T — 1)’ dt

t=0

T T
:/ (T—t)2dt —/ (T—t)zd(T—t):%]ﬂ
t=0 =0

4.9 JUSTIFICATION OF ITO'SFORMULA’

The full proof of Itd’s formula, when f is a function of ¢, and of the
process X(¢) with dynamics d X (t) = pult, X(¢)]dt + o[t, X(t)] dB(t),
is quite involved and outside the scope of this text. The coverage here is
confined to a sketch of the proof for the simpler case where f is a func-
tion of Brownian motion only, f[B(#)]. Ignoring time as an explicit
variable entails no loss of generality because the term that is special in
1t5’s formula comes from the Brownian motion dependence. The appli-
cation of It6’s formula shown earlier gave the change in f as

_1df(x) df (x)
df B0 =Z—— sz(t)dtJr dx |,—p@)

dB(t)

7 Can be skipped without loss of continuity.
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Use the familiar discrete-time framework where [0, T'] is partitioned
into n intervals of equal length At = T'/n and the time-points in the

partition are denoted #; ' & Ar. Write fIB(T)] — f[B(0)] as the sum
of the changes in f over all subintervals

n—1

FIB(T)] = fIBO)] = > (f[B(tes)] — fIB(t)])
k=0

Now write the term f[B(tx+1)] — f[B(#)] as a Taylor expansion about

B[] where the derivatives are evaluated at x = B(#;)

df (x)
dx

FIB(tr)] — fIB(10)] = [B(tks1) — B(#)]

x=B(#)

2 X
+ HB(ty1) — B PELS?

x=B(t)
-+ remainder terms

Then
n—ld
B - 1BO1= Y T2 (B - B

=0 44X lx=B
n—1 d2

N s - Baor
=0 X7 lx=B@w)
n—1

+ remainder terms

Now it has to be shown that as n — oo the following three properties
hold:

T d . .. —1d
@ f_g L2 | =y dB(t) s the limit of 3375 L |,y [Btxy1) —
B(#;)] in the mean-square sense
T dz . . . —1 dZ
®) [ % ,;;(;)' v=p@ dt is the limit of 377, % 1;;(;) |X=B(tk)
[B(tx41) — B(t)]? in the mean-square sense
(©) ZZ;& remainders — 0 in the mean-square. sense

Property (a) The limit as n — oo of Y1 o[df(x)/dx]|,=sw)
[B(tx+1) — B(tx)], in the mean-square sense, is ftio[d f(x)/
dx] |x:B(,) dB(t), by the definition of the Itd stochastic integral.
The function being integrated is df(x)/dx at x = B(¢). This is being
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approximated in the discrete stochastic integral by the random step-
function df(x)/dx at x = B(t;), over the time interval [#;, #;11]. The
formal mean-square convergence formulation, with ftio(df/dB) dB(1)
denoted by 1, is

S df(x)
E [ Z dx

k=0

[B(ty+1)—Bt)] — 1 =0 as n—o00, At—0

x=B(t)

Property (b) Expression

[B(ti+1) — Bt

x=B(t)

looks like the quadratic variation expression ZZ;(I)[B(tkH) — B(t))?
which is known to converge to 7 in mean-square (as shown in
Annex C). Converging to T is the same as converging to fzio 1dt. This
suggests that

n—1 d2
Z% f(X) |lc=B) [Btes1) — Bt

2
=~ dx

may converge to i[d’f(x)/dx*]lx=psdt. The integral ftiO !
[d>f (x)/dx?]|,=pu)dt is an ordinary Riemann integral and is by
definition the limit, as n — oo, of ZZ é ; [d?f (x)/dx*]|s= B(y) At. So
to verify the anticipated result it has to be shown that

& A )
| |5

[B(ti1) — B(t)I*
x=B(t)

At
x=B(#)

converges to zero as n — oo. Expanding {...}? gives cross terms whose
expected values are zero. That leaves

k=0

_n ]ldf(x)

2 2
= dx

2

{[B(tir1) — B(t))* — At}

E i 1)

2 2
= dx

x=B(t)
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The Brownian increment after f#; is independent of the value of
d*f(x)/dx* at x = B(t;). Taking E inside the sum and using this
independence gives

S| A
e [ 10

k=0

2
} E[{[B(txs1) — B(t)]* — At}?]
x=B(t)

The second part in the product term evaluates to

E{[B(trs1) — B(t)]* — 2[B(tis1) — B(t)]* At + [At]*)
= 3(A1)> — 2 At At + (A1)? = 2(Ar)?

()

As n — 00, this — 0, and the convergence has been shown.

Property (c) The third-order term in the Taylor expansion is

ld3f(x)

6 dx3

[B(ty41) — By)]’
x=B(t)

Due to the independence of B(#) and [B(#+1) — B(#;)], its expected
value is the product

. {ld3f(x)

6 dx3

} E{[B(tx+1) — Bt}

x=B(t)

This equals zero as the third moment of Brownian motion is zero.
The fourth-order term in the Taylor expansion is

1 d4f(x)

2 [B(te41) — B(to)]*

x=B(t)

Its expected value is the product

. {Ld“f(x)

247 g4

} E{[B(tx+1) — B(t)1*)

x=B(t)

As the second expectation equals 3(At)?, the expected value of this
fourth-order term tends to zero as n — oo. This is the pattern. All
higher order terms either have expected value zero, or an expected value
that tends to zero, as all odd moments of Brownian motion are zero and
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all even moments are powers of Az, as can be seen in Annex A. There-
fore the remainder terms have no presence in the 1td formula.

410 EXERCISES

Derive the stochastic differential of the functions specified in [4.10.1]—

[4.10.7].

[4.10.1]
[4.10.2]
[4.10.3]
[4.10.4]
[4.10.5]
[4.10.6]
[4.10.7]
[4.10.8]

[4.10.9]

[4.10.10]

[4.10.11]

1By

B(t)? —t

exp[B(1)]

exp[B(t) — 1]

expl(n — %az)t + o B(t)] where i and o are constants
In[S(#)] where dS(t) = uS(t)dt + o S(t) dB(t)

1/5(t) where S(t) = S(0)expl[(1 — 303t + o B(1)]

Exchange rate dynamics. Let Q(t) denote the exchange rate
at time . It is the price in domestic currency of one unit of
foreign currency and converts foreign currency into domes-
tic currency. A model for the dynamics of the exchange rate
isdQ(t)/Q(t) = o dt + og dB(t). This has the same struc-
ture as the common model for the stock price. The reverse ex-
change rate, denoted R(¢), is the price in foreign currency of
one unit of domestic currency R(¢#) = 1/Q(¢). Derive dR(t).

Bond price dynamics. Consider the value of a zero-coupon
bond that matures at time 7. A class of models treats the
bond value as being fully determined by the spot interest
rate. The bond value at time ¢ is then denoted by P(¢, T).
A general model for the dynamics of the spot rate is dr(t) =
u(r,t)ydt + o(r, t)dB(t). Derive dP.

For a martingale M, show that [dM(t)]*> = dt means the
same as M(t)* — t being a martingale.

Stochastic integral with respect to continuous martingale M.
Following Section 3.2, the discrete stochastic integral for ran-
. . def —n—
dom step-functions f is defined as J, = Zzzé JeIM (tyy1) —

M (t)]. Show that J, is a martingale. The continuous stochas-
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tic integral J = fzio f(t,w)dM(t) is then the limit in the
mean-square sense of the sequence of J,, and inherits the
martingale property of J,. Then informally, E[dM(t)] = 0
and dt dM(t) = 0.

411 SUMMARY

This chapter explained Itd’s formula for determining how quantities that
are Brownian motion dependent change over time. It was illustrated by
many examples. It can also be used to verify whether a given random
process is a Brownian motion, the so-called Lévy characterization. This
in turn was used to combine correlated Brownian motions into a single
Brownian motion.






5

. Stochastic Differential Equations

5.1 STRUCTURE OF A STOCHASTIC
DIFFERENTIAL EQUATION

A stochastic differential equation (SDE) describes the increment of a
variable, say X, which is driven by one or several underlying random
processes. Here these sources of randomness are Brownian motion.
When there is one Brownian motion, the general specification is of the
form

dX(t) = wlt, X()]dt + o[t, X(t)]dB(t)

where  and o are known continuous functions of t and X. The ini-
tial time at which the value of the process is known is taken as t = 0,
so X(0) is known. The intuitive interpretation is that dX(t) is the
change in X over a ‘very short’ time interval dt, from t to t 4 dt, so
dX(t) = X(t + dt) — X(t). The SDE is the commonly used informal
shorthand notation for the integral expression over the clearly defined
period [0, T]

T

T T

dX(t) = X(T) — X(0) =/ wlt, X(t)]dt +/ o[t, X(H)] dB(t)
t=0 t=0 t=0
T T
X(T) = X(0) +/ wlt, X(®)]dt + / o[t, X(t)] dB(t)
t=0 t=0

It is this latter integral expression that is the exact specification of the
SDE. This is also known as a stochastic integral equation (SIE). In this
text the name SDE is used when the random process is to be determined
from the equation, while the name stochastic differential is used for the
expression that results from applying Ito’s formula to a given random
process (as in Chapter 4). The term w[t, X(t)] dt is called the drift, and
o[t, X(t)]dB(t) the diffusion. Coefficient o [t, X(t)] serves as a scal-
ing of the randomness generated by the Brownian motion. The values
of X used in the coefficients may only depend on the history (non-
anticipating property). The integral ft:() wu[t, X(t)]dt is a pathwise
ordinary integral, and ftT:o o[t, X(t)] dB(t) is an It6 stochastic integral.
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A solution to a SDE is a random process that has a stochastic dif-
ferential which has the same form as the SDE when the Brownian mo-
tion process is given. In the technical literature this is called a strong
solution, to distinguish it from a so-called weak solution which is not
discussed here. The SDE for X is often called the dynamicsof X. When
does a SDE have a solution, when is this solution unique, and how
can it be found? According to Chapter 3, the stochastic integral term
[ olt, XO1dB(®) exists if [ E{o[t, X(1)]} dt is finite. However,
as the process X is not known, this check cannot be carried out and
some other criteria are needed. If there was no random term, the SDE
would be an ordinary differential equation (ODE) for non-random func-
tion X, dX(t)/dt = u[t, X(t)]. In the theory of ODEs the conditions
for existence and uniqueness of a solution have been obtained from
successive approximations to X. A similar approach has been devel-
oped for SDEs. A unique pathwise solution X to a SDE exists if there
are positive constants K and L such that the following two conditions
are satisfied at any O <t < T for arbitrary X.

Growth condition: u(t, X)> 4+ o (t, X)*> < K(1 + x?)
Lipschitz condition: |u(t, X;) — u(t, Xo)|
+lo(t, X)) —o(t, X)| < LIX — X

The proof that these conditions are sufficient is not covered here as
it would require an elaborate mathematical detour. A nicely motivated
exposition is given in Kuo Chapter 10.

Some stochastic differential equations which are widely used in fi-
nance are now presented, showing how the solutions are found. The
uniqueness of each solution is verified in exercise [5.12.10].

5.2 ARITHMETIC BROWNIAN MOTION SDE

Arithmetic Brownian motion (ABM) is the name for a random process,
say X, specified by the SDE

dX(t) = udt + 0 dB(t) u and o known constants, and o > 0

In this model, the drift coefficient w[t, X(t)] = u, and the diffusion co-
efficient o [t, X(t)] = o, are both constant. In equivalent integral form

T T T
/ dX(t):/ udt+/ o dB(t)
t=0 t=0 t=0
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which can be written as

X(T) = X(0) = u[T = 0] + o [B(T) — B(0)]
X(T) = X(0) + uT 4+ o B(T)

As there is no unknown in the right hand side, this is the solution, as can
be readily verified by deriving dX. Solution X(T) equals a non-random
term, X(0) 4+ uT, plus a constant times the normally distributed ran-
dom variable B(T), so it is normally distributed, and can take on nega-
tive values. The distribution parameters are

E[X(T)] = E[X(0) + uT + ¢ B(T)] = X(0) + uT + o E[B(T)]
= X(0) + uT
Var[X(T)] = Var[X(0) + uT + o B(T)] = Var[o B(T)] = 0T

The mean and the variance of the position at T increase linearly with T.
This model can be a suitable specification for an economic variable that
grows at a constant rate and is characterized by increasing uncertainty.
But as the process can take on negative values it is not suitable as a
model for stock prices, since limited liability prevents stock prices from
going negative.

5.3 GEOMETRIC BROWNIAN MOTION SDE

Geometric Brownian motion (GBM) is a model for the change in a
random process, dX(t), in relation to the current value, X(t). This pro-
portional change dX(t)/ X(t), or rate of return, is modelled as an ABM.
The SDE is

dX(t)

Xt = pdt + 0 dB(t) w© and o known constants, and o > 0

Multiplying through by X(t) gives the SDE for the change in X itself
as

dX(t) = uX(t)dt 4+ o X(t) dB(t)

Drift coefficient 1 X(t) and diffusion coefficient o X(t) are both propor-
tional to the latest known value X(t), and thus change continuously. The
higher the latest X, the greater the drift coefficient. The diffusion coef-
ficient is then also greater and the random term is thus generated by a
Brownian motion with greater variance, so a greater random increment
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........ S(2)

S(0) éG.S(l).ABz

w.S(2). At

Figure5.1 Structure of GBM

is more likely. This is the standard model for the stock price process;
that random process is often denoted S.

A schematic illustration of the dynamics is now given in a discretized
time setting. Starting at time 0 with the known value $0), visualize
the increments as taking place in two steps, firstly the known growth,
secondly the random effect. S(0) moves up at a rate of ©S(0) per unit
of time. Thereafter, the Brownian motion causes a random effect, with
scaling coefficient o §0), shown vertically in Figure 5.1. The resulting
net increment is shown as a solid line. At time 1 the drift coefficient is
somewhat smaller than previously because (1) is less than $(0). The
diffusion term can be anything.

To find the solution to the GBM, a trial solution is postulated, and
1t0’s formula is applied to derive the corresponding stochastic differen-
tial. If that matches the GBM, then this trial solution is the definitive so-
lution. Notation Sis now used. The intuition for the trial solution is that
if Swere deterministic, dS(t)/S(t) would be the derivative of In[ S(t)]
with respect to S. This suggests to find an expression for the stochas-
tic differential of In[S(t)], a function of the single random variable

St).

dIn[S] ,d?In[S]
dIn[S] = —— e dS+ 2 i —— S

where

din[S] 1 d’In[S] -1 1_ 2
s s dg g @=osa
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Substituting these, together with dS, gives

dIn[S] = —(,uSdt+anB)+ sz oS dt

_udt+adB 12dt
=(u— 2 2)dt+0dB

In integral form

T T T
dIn[S(t)] :/ (n—30?) dt+/ o dB(t)
t

t=0 t=0 =0
In[S(T)] — In[SO)] = (1 — 10?)T + o B(T)
[S( )

S0)
Thus In[S(T)/S(0)] has a normal distribution with parameters

T)
E { [ 50) ” El(n — 30T+ oB(M] = (u — 10HT

] (L —10?)T +0B(T)

Var {ln [zg))“ = Var[(u — 502)T 4+ 0B(T)] = o

It is the In of the stock price that is modelled as a normal random vari-
able. Both mean and variance increase linearly with time. This is the
same as in the ABM but here for the In. Taking exponentials gives the
final expression for (T):

S

% = exp[( — —O’ )T 4+ oB(T)]

S(T) = SO0)expl(u — 30°)T +oB(T)]

Being an exponential, S(T) cannot become negative. At S(T) = X, it
has the lognormal density

1 o _l[ln(x)—mr
xovar P TIT w

where m & E{ln[S(T)]} = In[S0)] + (u — 1 o>)T and p & Stdev
{In[Y(T)]} = o+/T. So when a process is modelled as a GBM it
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cannot become negative. It can be a suitable specification for an eco-
nomic variable which cannot assume negative values and whose vari-
ability depends linearly on the level of the variable.

GBM is the traditional model for the stock price. It can be written as
S(t) = S(0)e* where X is normal with mean (u — %az)t and variance
o’t. Analyses of actual stock prices have led to other models in which
X is not normal. A nice empirical example in given in Benth, Chapter 2;
other examples are in McLeish, Chapter 4; extensive coverage is in
Epps, Chapters 8 and 9.

54 ORNSTEIN-UHLENBECK SDE
Probably the earliest recorded SDE is

dX(t) = —AX(t)dt + o dB(t)
A and o known constants, both positive

It was postulated by Ornstein—Uhlenbeck (OU) as a description of the
acceleration of a pollen particle in a liquid subject to bombardments by
molecules. X(t) represents the velocity of the particle in one dimension,
dX(t) is the change in velocity per unit of time, its acceleration. This
acceleration is modelled as being retarded by a frictional force propor-
tional to the velocity, —A X(t), plus a random perturbation B(t) with
intensity o caused by the bombardments. Extensions of this SDE are
used in interest rate modelling.

The method of solution for this SDE uses a technique from ordi-

nary differential equations to eliminate the drift. It is the transformation

Y(t) & X(t)exp(rt). Applying Itd’s formula to Y, as a function of X

and t, gives the dynamics of Y as

Y Y 192Y o, 3%
dy =
X 2 9 X2 dXot
where
oY
T = Xexp(Ah)L = YA
Y 3%Y
X = exp(At) = 0 so (dX)? is not needed

2

aX ot

is not needed

dtdX =dt(—AXdt+0dB)=0 so
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Substituting the above gives
dY = Yidt + exp(rt) dX
Substituting dX gives

dY = YA dt + exp(At)(—A X dt + o dB)
=YAr dt —AY dt + o exp(At) dB

Term YA dt cancelled by design. The result is the driftless SDE
dY(t) = o exp(rt) dB(t)

In integral form
-

Y(T)=Y0)+o / exp(At) dB(t)
t=0
To express this in terms of X, use X(T) = exp(—AT)Y(T)
T
X(T) = exp(—AT)[X(0) + o / exp(At) dB(t)]
t=0
T
= exp(—AT)X(0) 4+ exp(—AT)o / exp(At) dB(t)
t=0

The stochastic integral in the last term is normally distributed because
its integrand is non-random (according to Section 3.7). It has the same
distribution as

T
Stdev|:/ exp(kt)dB(t)] Z
t

=0

where Z is a standard normal random variable
As the first right-hand term is non-random, X(T) has a normal dis-
tribution. Given X(0), its mean is

T

E[X(T)] = E[exp(—AT)X(0)] + E[exp(—AT)o / exp(rt) dB(t)]
t=0

As the Itd stochastic integral has mean zero
E[X(T)] = exp(—=AT)X(0)

For large T the expected value E[ X(T)] approaches zero. Its variance
is

Var[X(T)] = E{[X(T) — mean]*}
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Using
T
X(T) — mean = exp(—AT)o /; 0exp()»t)dB(t)
gives
T 2
Var[X(T)] = E { [exp(—AT)a /t Oexp(kt) dB(t):| ]

T
= [exp(—AT)o ’E { / exp(kt)dB(t)]z}
t=0
.

= [exp(—AT)o / Elexp(At)*] dt
t=0

and as exp (At)? is non-random

T
=exp(—2AT)02/ exp(2xt) dt
t=0

1
= exp(—ZAT)azﬁ e><p(2)»t)|tT:0
1
= exp(—ZAT)azﬁ[exp@kT) —1]
1
= azﬁn — exp(—2AT)]

For large T the variance approaches o(1/21).

5.5 MEAN-REVERSION SDE

Mean-reversion (MR) is used for modelling random processes which
fluctuate about a mean level. The prime example is the (continuously
compounded) interest rate. Although random processes are often de-
noted by upper case letters, the lower case notation I is well established
and used here. Its SDE is

dr(t) = —A[r(t) —7]dt + o dB(t)

A, 0, and T known constants, all positive

The drift coefficient —A[r (t) — '] varies with the latest actual interest
rate r(t). If r(t)<T, the drift coefficient is positive, and there is an
upward drift; alternatively, if r(t)>T, the drift coefficient is negative
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and there is a downward drift. It is shown below that T is the long-term
mean, so I reverts to the mean, hence the name mean-reversion.
The parameter A controls how fast the drift coefficient changes.
This SDE has the structure of the OU SDE. It can be turned into an
OU SDE by the transformation X(t) &f r(t) —r, which is a function of
the single variable r. By Ito’s formula dX =dr = —A[r —T7]dt +
o dB. Substituting X gives dX = —AXdt 4+ o dB which has the
solution
-
X(T) = exp(—AT)X(0) + exp(—AT)o / exp(At) dB(t)
t=0

Using r(T) = X(T) +T and X(0) =r(0) — I gives

T
r(T) =exp(—AT)[r(0) — 7]+ exp(—AT)o / exp(At)dB(t) + 1
t=0

=r(0)exp(—AT) +T[1 —exp(—AT)]
T

+ exp(—AT)o/ exp(At) dB(t)
t=0

The stochastic integral is normally distributed as its integrand is
non-random (according to Section 3.7). And as the other terms in the
r(T) expression are non-random, r(T) is normally distributed. The
expected value is

E[r(T)] =r0)exp(—AT) +T[1 —exp(—AT)]
For large T the long-run expected value approaches I'. So " in the SDE
for r (t) is the long-run expected value to which r (1) is attracted.
The variance is

Var[r(T)] = Var[X(T) + 7] = Var[X(T)] since T is constant

Copying the variance results from the OU SDE gives
5, 1
Var[r(T)] =0 ﬁ[l —exp(—2AT)]

For large T the variance approaches o2(1/21). Note that the interest
rate can become negative under this model.
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5.6 MEAN-REVERSION WITH SQUARE-ROOT
DIFFUSION SDE

To exclude the possibility of the interest rate ever becoming negative,
the diffusion coefficient in the previous mean-reversion model is modi-
fied to o 4/r (t). The SDE is then

dr(t) = —A[(r(t) — F]dt + o/r (t) dB(t)

Now both the drift coefficient and the diffusion coefficient change con-
tinuously. It is important to realize that because a Brownian motion
path is continuous, the interest rate path must be continuous. Jumps in
the value of r are thus not possible under this model. Therefore, if r
presently has a small positive value, then further negative Brownian
motion increments cannot make it negative because I has to decrease
in a continuous fashion to zero, and then the diffusion has become zero
so it cannot go any lower. The drift coefficient is then —A[0 — ] = Al
which is positive and gives an upward drift. There is no expression for
r(t) but its probability distribution can be derived; it is a non-central
chi-square distribution. That can then be used to value products which
are based on r, such as bonds and options on bonds.

It is noted that some expositions specify the drift coefficient in the
above mean-reversion SDEs in the form [b — ar (t)]. Taking —a outside
gives —a[r (t) — b/a] which is the earlier specification with a as A and
b/a as T. Analysis of the square-root diffusion SDE is given in Cairns,
Epps, Lamberton/Lapeyre, and Shreve Il. It is generally known as the
CIR model, after its authors: Cox, Ingersoll, Ross.

5.7 EXPECTED VALUE OF SQUARE-ROOT
DIFFUSION PROCESS

The square root process for X is
dX(t) = —A[X(t) — X]dt + o/ X(t) dB(t)
with X(0) known

It is possible to determine the expected value of X(t) without knowl-
edge of its distribution, as will now be shown. In integral form over the
time period 0 < s <'t

t t t
dX(s) = —/ A[X(s) — X] ds+/ o/ X(s)dB(S)
s=0 s=0

s=0

t t
X(t) = X(O)—/ AX(s) — X] ds+f o/ X(s) dB(s)
s=0 s=0
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Take the expected value conditional upon the known initial value X(0);
for greater readability this condition is not included in the notation

t
E[X(1)] = X(O)—E{/ ALX(S) — ]ds}+E[/ o/ X(3) dB(s)}
s=0 s=0

As the expected value of the Ito stochastic integral equals zero

t
E[X(t)] = X(0) — E {f A[X(s) — X] ds}
s=0

Applying E on the right-hand side is integrating, so that term is a double
integral. The order of integration can be reversed! and moves E inside
the integral, giving

t
E[X(t)] = X(O)—/ ME[X(s)] — X} ds
s=0

This is an integral equation where the unknown function is the expected
value of X. Let this unknown function be denoted m(t). Then

t
m(t) = X(O)—/ Alm(s) — X]ds
s=0

To remove the integral, differentiate with respect to upper integration
limit t. This gives the ordinary differential equation

dm(t) - m(t) _
T = —A[m(t) — X] or d— + )\-m(t) )“X

This is a well-known ODE. The first step in solving it is to multiply both
sides of the equation by exp(At), a so-called integrating factor, giving

()Lt)J + exp(A)Am(t) = exp(At)A X

Now the left-hand side can be written as the derivative with respect to
t of exp(At)m(t)

d [exp(At)m(t)]

ADAX
at Xp(At)

! By Fubini’s theorem; see Epps Section 2.1, Klebaner p. 53.
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This can be integrated. Using S as integration variable

t t
dlexp(AS)M(S)] = / Xexp(rs)d(As)
s=0

s=0
exp(At)m(t) — exp(L0)M(0) = X[exp(At) — exp(10)]
exp(At)m(t) — m(0) = X[exp(rt) — 1]
m(t) = exp(—At)m(0) + X[1 — exp(—At)]

In terms of the original notation

E[X(t)] = exp(—At)m(0) + X[1 — exp(—Ait)]
As m(0) = E[X(0)] = X(0)

E[X(t)] = X(0) exp(—At) + X[1 — exp(—At)]

Note that no use has been made of the specific form of the integrand
of the stochastic integral. The result therefore applies not only to the
square-root diffusion interest rate model in Section 5.6 but also to the
model in Section 5.5.

5.8 COUPLED SDEs

The stock price model discussed earlier had a constant o. There is em-
pirical evidence that this is a rather strong simplification of reality, and
that it would be more appropriate to model the volatility o itself as a
random process, for example of the mean-reverting type. The full model
then comprises two coupled SDEs, driven by two Brownian motions
B (t) and B,(t) which can be correlated. A well-known model of this

type is

% = pu(t)dt 4+ /u(t) dB (t)

do(t) = —afv(t) — v]dt + B/ v(t) dB,(t)

where v is the long-run average of v(t). Numerous interest rate models
are coupled SDEs. There is usually no analytical pathwise solution for
X(t) but its distribution can be readily simulated. Recommended further
reading on this is Epps Chapter 8, and Martingale Methodsin Financial
Modelling, 2nd edition by Musiela/Rutkowski Chapter 7.
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59 CHECKING THE SOLUTION OF A SDE
Having derived that dS(t) = pS(t) dt + o S(t) dB(t) has the solution

S(t) = S(0) exp[(n — 30t + o B(t)]

it is now verified whether this expression for S(t) indeed satisfies the
SDE. To this end, derive an expression for dS(t), treating S(t) as a func-
tion of the two variables t and B(t)
S 39S L 9%S
ds(t) = — dt —dB
St) = +ogdB+ 3 B
The second-order term involving (dt)?> and the cross term involv-
ing dt dB have been omitted since these are negligible. The partial
derivatives are

—(dB)?

S

=5 = 30 expl(u— 10Dt + o BO)I(n—102) = SOk — 10?)
S

g—B = S(0)exp[(u — 10t + 0 B(t)]o = S(t)o

S
82~ 3B 3B~ = —{St)o} = 38° = St)oo = S(t)o?

’S 9 [0S 3
B

Substituting these derivatives, together with [dB(t)]* = dt gives
dS(t) = S(t)(r — 10?)dt + St)o dB + L S(t)o? dt

Grouping dt terms then gives

dS(t) = uSt)dt + o S(t) dB(t)

It has been shown that S(t) solves the SDE. Checking the solution of a
mean-reversion SDE is requested in exercise [5.12.1].

510 GENERAL SOLUTION METHODS
FOR LINEAR SDEs

The SDE dS(t)/S(t) = ndt + o dB(t), where 1 and o are constants,
was solved by taking In[S(t)] and deriving its stochastic differential
dIn[S(t)]. It turned out that this transformed the SDE in such a way
that the right-hand side contained only t and B(t), and the unknown
S(t) on the left-hand side could be written as an expression in t and
B(t). This was a lucky choice, which happened to work. Generally it is



116 Brownian Motion Calculus

not easy to find a ‘trial solution’ that produces a right-hand side with
only t and B(t). If the unknown still appears in the right-hand side of
the stochastic differential of a trial solution, then the trial solution has
to be discarded. There is a need for a more general approach.

Consider a SDE which is linear in the unknown process X and of the
general form

dX(t) = [ix(t) + nax (X1 dt 4 [o1x (1) + o2x (1) X(1)] dB(t)

where X(0) is a known constant and px(t), uox(t), o1x(t), oax (1), are
known non-random functions of time. If u;x(t) = 0 and ox(t) =0,
then X is a geometric Brownian motion. On the other hand, if pox(t) =
0 and o,x(t) = 0, then X is an arithmetic Brownian motion. This is
highlighted by writing the SDE as

dX(t) = [uix(t)dt + o1x(t) dB(t)]
arithmetic

+ [1ax (D) X() dt + oax (1) X(t) dB(1)]

geometric

This suggests expressing X as the product of two processes, geometric
Brownian motion Y and arithmetic Brownian motion Z. Process Y is
specified as

dy() _
Yo = wy () dt + oy (t) dB(t) Y(0) =1

This SDE can be solved because its drift coefficient and diffusion co-
efficient are assumed to be known. It is done as shown previously by
deriving the stochastic differential of In[Y(t)].

t t
Y() = Y(0)exp {/ [y (U) — 3ov(W?]du + f GY(U)dB(U)}
u=0 u=0

Process Z is specified as
dZ = uz@t)dt + oz(t)dB(t) Z(0) = X(0) a known constant

where ©z(1) and oz(t) can be random processes. In integral form
t

t
Z(t) = Z(0) + f Jiz(u) du + f o2 (u) dB(u)
u=0 u

=0

The drift and diffusion coefficient of Z have to be determined such
that X(t) = Y(t)Z(t). To this end write the stochastic differential of
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the process Y(t)Z(t), and equate the drift and diffusion to that of the
original X SDE:

dX®) =Y@®)dZe) + Z)dY @) +dY(@)dZ(t)
The last term is
dY () dZ(t) = [oy ()Y () dB(D)][oz(t) dB(1)] = oy(t)oz(t)Y (1) dt
and
dX(t) = Y(O)[uz®) dt + oz(t)dB()] +
+ZO[uy®OY @) dt + oy ()Y (@) dB(1)] + oy(t)oz(t)Y (1) dt
=Y(Oluzt)dt + oz(t) dB(t)] +
iy (HX () dt + oy (1) X(1) dB(t)] + oy (D)oz(D)Y (1) dt
= [YOuz®) + oy(oz(O)Y (M) + wy(t)XM)] dt +
——
ix(t) Hax(t)
+[Y()oz(t) + oy () X(H)] dB(1)
—_— =

o1x(t) oax(t)

Equating the drift coefficients gives

Y(Ouz() + oy (t)oz®OY (M) = wix(®) (GRY)

|y () = pax(®) |

Equating the diffusion coefficients gives

Y(t)oz(t) = orx(t) (5.2)

| ov(t) = oax(t) |

Substituting (5.2) into (5.1) gives

Y(Ouz®) + oy(Ooix () = pwix(t)

SO

| uz) = [ix(t) — oy (Ooix ]/ Y (1) |
Equation (5.2) gives

o1x(t)
Y(t)

oz(t) =
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Coefficients pz(t) and oz(t) have now been expressed in terms of
known coefficients, 11x(t), o1x(t), oy(t), and solution Y(t).
Example 5.10.1: Ornstein—Uhlenbeck SDE

dX(t) = —AX(t)dt + o dB(t) where X(0) is known
Here

pmix(t) =0 pax(t) = —A ox(t) =0 ox(t) =0
and

pz® =0 oz(t) =0/Y ()
The equation for Y is then

dY(t) = —AY(t)dt where Y(0) = 1

or
dyY()
Y(t)

which is an ODE with solution Y (t) = exp(—At). The expression for
Z(t) becomes

= —Adt YO0)=1

t

Z() = X(0) +/ o exp(Au) dB(u)
u=0

The product of Y(t) and Z(t) is the solution

t
X(t) = exp(—At) |:X(0) + / o exp(iu) dB(u)]
u=0
which is the same as in Section 5.4.

Example 5.10.2: Brownian bridge SDE

For t in the time interval [0, T ]
1
dXx(t) = _T—tx(t) dt + dB(t) where X(0) =0

Here

uix®) =0 pox(®) =—1/(T =1t) ox(t) =1 oox(t) =0
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and
pz(t)y=20 oz(t) = [1/Y (V)]
The equation for Y is then
1
Y(t) = —=——Y(t)dt
dY() = - Y)d

or

dyw) 1
a T — tY(t)

which is an ODE. The solution is found by separating Y and t, and
integrating

dy® L g_ [90 -1
/Y(t)_/_T—t _/ Tt

Inf[YO)]=In(T —t)+cC where C is a constant

To find c, use initial condition Y (0) = 1, giving

In[Y©O)] =In(1)=0=1In(T)+¢ c= —In(T)
In[Y(t)] = In(T —t) — In(T)
Y(U)=(T-t)/T

The SDE for Z is

1
dz(t) = 0dt + 0 dB(t)

SO
t

T
Z(t) = X ——dB(u
® <>+AﬂT_u )
The product of Y(t) and Z(t) is the solution for all t excluding T
Tt T
X() = < X(0) ~|—f — dB(u)
u

o T —U

Tt S
= = XO) + (T —t)/u_OT—_udB(u)
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As X is a stochastic integral and X(0) is constant

Tt
E[X(®)] = ?X(O)

2 t 1 ?
Var[X(1)] = (T —1t) /u:@ <T — u) du

The integral equals

T—u
1 1 (T -1t

t 1 1
—/ ﬁd(T—u):— between U =t and 0
u=o (T —U)

Tt T T

t
Var[X()] =t |1 — =
axon=i (1)
which goes to zero as t goes to T. The terminal position is non-random,
X(T)=0.

511 MARTINGALE REPRESENTATION

Suppose a random process X follows the driftless SDE dX(t) =
@(t, w)dB(t), where X(0) is known, and ¢(t, ®) is a random process
(highlighted by o in the notation). The corresponding integral expres-
sion over time period S <t < U s

dX(t) = f o(t, ) dB(t)
t

t=s =3
u

X(U) = X(9) + / o(t, ) dB(®)

t=s
Taking the expected value conditional upon history J(S) gives

u

E[XWII(S)] = X(8) + E [ /
t

- P, w) dB(t)ITs(S)]
= X(S)

as the Ito stochastic integral has expected value zero. Thus a driftless
SDE describes a martingale.

It turns out that there is also a reverse relationship. If Brownian mo-
tion is the only source of randomness, then a continuous martingale,
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say M, can be expressed as a driftless SDE driven by Brownian mo-
tion, dM(t) = h(t, w) dB(t). Often M is written as a stochastic integral

t
M@t) = EIM®)] + [  h(w, s)dB(s)

s=0
which comes from
t t
dM(s) = h(s, w) dB(s)
s=0 s=0
t
M(t) = M(0) + h(s, w) dB(S)
s=0

and using E[M(t)] = M(0). Tt is known as the martingale representa-
tion property. This only establishes the existence of the random process
h. Its proof is rather elaborate and will only be outlined later. First, some
examples.

Example 5 11 1 Earlier it was shown that the random pro-
cess M(t) = B(t)2 —1 is a martingale. It was also shown that
fs 0 B(s)dB(s) = [B('()2 —t] = 1M('[) Thus M(t) can be repre-
sented in terms 0f an Ito stochastlc integral as f 2B(s)dB(s), and
the random process h is 2B(t).

Example 5 11.2 For fixed T, the area under a Brownian motion path,
I(T) = ft _o B(H)dt, is a random variable. For variable T it is a random
process Wthh is a martingale (why?). Earlier it has been shown that
I(T) = ft o(T —1)dB(t), so that is its martingale representation, and
h is the deterministic function (T —t).

Example5.11.3 If the random process M is known to be a martingale
which is a function of t and random process X, whose SDE is of the
general form dX(t) = wu(t, X)dt + o(t, X) dB(t), then an expression
for h can be derived as follows. 1t6’s formula gives, in shorthand

M M ,9*M *M

dM = —dt + —dX + > dX
ot +ax +23x2( )+atax

dt dX

oM oM 3°M
= [W—f—u(t X)—+ O’(t X) 8X2i|dt

+o(t, X)W dB(t)
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As M is known to be a martingale, the drift term in its SDE must be
zero, leaving

oM
M) = X)— dB
dM(t) = o (t, )8Xd (t)
Thus
oM
h(t, a)) = O'(t, X)a—x

This has its application in the martingale method for option valuation,
where the existence of a process h implies the existence of a replicating
portfolio.

Idea of proof The full proof of the martingale representation property
is highly technical, and beyond the scope of this text. It is based on the
property that any random variable which depends only on Brownian
motion, say X, can be expressed in terms of linear combinations of
random variables of the form

t t
Z(t) = exp [—% / . #(S, w)* ds + / _04)(5, w) dB(s)}

which are the solution to the SDE dZ(t) = ¢(t, w)Z(t) dB(t) with
Z(0) = 1. In integral form

t t
dZ(s) = / ¢(S, w)Z(s)dB(s)
s=0

t
Z(t) = Z(0) + @(s, w)Z(s) dB(s)
s=0
t
=1+ ¢ (S, w)Z(s) dB(s)
s=0

s=0

which is of martingale representation form, with h(t, ) = ¢(t, w)Z(t).
Taking the conditional expectation of random variable X turns it into a
random process which is a martingale (as shown in Section 2.4).

Although the martingale representation seems intuitive, its proof re-
quires a major excursion into probability territory. Introductory refer-
ences are: Bass, Lin Section 5.8, Capasso/Bakstein Section 3.6, Bjork
Section 11.1, the source of Example 5.11.3.
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512 EXERCISES
[5.12.1] Verifying the OU solution Show that

t
X(t) = exp(—Ait) [X(O) + 0o / exp(AS) dB(S)] solves the SDE
s=0
dX(t) = —AX(t)dt + o dB(t) where X(0) is known

Hint: Introduce Z(t) o fst:o exp(As) dB(s). Then X is a function of the
variables . ..

[5.12.2] Deriving the Brownian bridge SDE

(a) Random process X is specified for 0 < t<T (strictly) as

def bl _
XOET -0 [ Z7dBs) 50 X0)=0

Derive the SDE for X.
(b) Random process Y is specified for 0 < t<T (strictly) as

def t t b
YO0 =a

Derive the SDE for Y.

[5.12.3] Solving the HW SDE.  Hull and White developed a model
for the short-term interest rate r in which the long-run mean is specified
via the non-random time-dependent function b(t)

dr(t) = [b(t) — ar(t)] dt + o dB(t) where r (0) is known.

Derive the solution by first simplifying the drift coefficient via the trans-
formation X(t) oo exp(at)r (t).

[5.12.4] Transforming the CIR volatility. Consider a function g of
interest rate I specified by the CIR model.

(a) Derive dg

(b) Choose dg/dr so the diffusion coefficient of dg equals 1.

(c) Integrate dg/dr to get an expression for g in terms of r; write r in
terms of g, and use this to write dg entirely in terms of g.
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[5.12.5] Solving the BDT SDE. Black, Derman, and Toy devel-
oped a discrete time model for the short-term interest rate . Its equiva-
lent in continuous time is

dln[r(t)] = 6(t) dt + o dB(t)
Derive the SDE for r in terms of r.

[5.12.6] Solving and verifying the solution
dX(t) = X(t)dt + dB(t) X(0) known constant

[5.12.7] Solving and verifying the solution
dX(t) = —X(t)dt + exp(—t) dB(t) X(0) known constant

[5.12.8] Solving and verifying the solution
dX(t) = mdt + o X(t)dB(t) X(0), mand o known constants

[5.12.9] Finding the variance of a square-root process. Let X be
specified by the CIR SDE. Determine the variance of X by deriv-
ing the dynamics of X(t)? and using the method and the results of
Section 5.7.

[6.12.10] Verify that the growth conditions hold for all the SDEs
discussed in this chapter, and that the Lipschitz condition holds for all
except the square-root diffusion SDE.

[5.12.11] Construct a simulation program for the mean-reversion
SDE of Section 5.5.
[5.12.12] Construct a simulation program for the square-root diffu-

sion SDE of Section 5.6.

[5.12.13] Let S(t) be the standard stock price expression 0)
exp[(,u—%az)t+aB(t)]. Verify that ftlzooS(t)dB(t) is an Ito
stochastic integral.

513 SUMMARY

This chapter introduced and solved the basic stochastic differential
equations used in finance. A general solution method was given
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for SDEs with linear coefficients. But there are few SDEs for
which a closed form solution exists. A comprehensive overview of
these is Numerical Solution of Stochastic Differential Equations by
Kloeden/Platen Chapter 3. The distribution of SDEs can be read-
ily analysed by simulation. A comprehensive reference for this is
Glasserman.






6
Option Valuation

The purpose of this chapter is to illustrate how stochastic calculus is used
in the valuation of an option. The concept of an option contract was out-
lined in the Preface of this text, and further specification is given below.!
Firstly, the so-called partial differential equation method and, secondly,
the so-called martingale method (also known as the risk-neutral method)
are discussed. Thereafter the link between these two methods is ex-
plained: the so-called Feynman—Kac representation. The key concepts
used in option valuation are the self-financing replicating portfolio and
the martingale probability (also known as the risk-neutral probability).
The essence of the martingale method can be best understood in the
simplified discrete-time one-period binomial framework that was intro-
duced in Chapter 2. The exposition in a continuous-time framework is
a logical more technical continuation. Here the notation is

S(¢) price of underlying stock at time ¢

K  strike price at which underlying can be bought or sold

T  maturity time of option contract

r risk-free interest rate

V(t) option value at time ¢

E *(t) stock price discounted by savings account, exp(—rt)S(t)
P probability distribution under which §*(¢) is a martingale
Es  expected value under IP.

In a financial market, a so-called arbitrage opportunity is a situation
where an investor can make a guaranteed profit without incurring any
risk. Such situations arise regularly and there are people who specialize
in spotting them, using sophisticated communication technology. They
then immediately initiate a trade which changes the supply-demand
situation, and restores the market price to equilibrium. Arbitrage op-
portunities are therefore very short lived. The fundamental condition for
establishing the price of an option is that it should not permit an arbitrage

I As this is not a book about options per se, it may be useful to consult an options book for further terminology,
such as the elementary introduction by Benth.
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opportunity. Absence of arbitrage is a highly realistic assumption, and
more tangible than the equilibrium assumptions in economics.

6.1 PARTIAL DIFFERENTIAL EQUATION METHOD

The value of an option on a stock is modelled as a function of two
variables — calender time ¢, and stock price S(¢) — and is denoted V (¢).
The stock price is assumed to evolve according to

% = ndt + o dB(t) where u and o are constants

Itd’s formula gives the change in the option value resulting from the
change in time, dt, and the change in S over dt, as

vV A% 192V
dV = — dt + — dS + ———(dS)?
ot +as +2as2( )
Using dS = uS dt + o S dB and dS* = 0282 dt gives
1% A% 192V
dV = — dt + —[uSdt + 0 SdB] + ———0o2S% dt
oy A1+ GglusditoSdBl+ 5000
A% A% 9%V A%
=|— S— +15282° | dr + 0S— dB
[at+“ as T 2° 352] AT

The partial differential equation method of option valuation is based
on the insight that the option and the stock on which it is written have
the same source of randomness. Thus, by taking opposite positions in
the option and the stock, the randomness of the one asset can offset the
randomness of the other. It is therefore possible to form a portfolio of
stock and options in such proportion that the overall randomness of this
portfolio is zero. Moreover, if the proportion of stock and options in
this portfolio is changed as the value of the stock changes, this portfolio
can be maintained riskless at all times.

At time ¢, form a portfolio that is long A shares and short 1 option.
The value P of this portfolio at time ¢ is

P()=AS()— V()

The minus sign comes from the fact that the option is not owned but
owed. The value of this portfolio changes according to

dP =AdS—dV

Vv EA% 9%V EA%
= AuSdt+0SdB]—|— + uS— + 1628 —|dt — 0 S— dB
Lus di+ o5 dB) [a:“‘ as 1270 52| YT 7%s

A% A% 92V vV
=|auS— — —uS— — 16?82 — | dt+ | A0S — 0 S— | dB
[“ o Mas T 2° 352] +[G ? as}
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The random term can be made to disappear by choosing X in such a way
that the coefficient

Vv
lMS—0S— | =0
aS
VvV
A= —
0S5

That leaves

v V., ,0%V
dP = |:MLS o7 ;LSaS 50°S 8S2i|dt
The portfolio is then riskless so its value must increase in accordance
with the risk-free interest rate, otherwise there would be an arbitrage
opportunity. The interest accrued on 1 unit of money over a time interval
of length dt is 1r dt. The value of the portfolio thus grows by Pr dt over
dt. Equating the two expressions for the change in the value of P gives

A% EA% 9%V
S — — — uS—S — 1628°=— | dt = Prdr
[ o=y T Tl 352] '
LS A% Sav 12S282V »
OV e 120V
2T TP es T2 0 e

Substituting P = AS — V and A = 9V /9SS gives

v v AV | 0%V v

oS — — —uS—- — 50 SW= —S-Vr
The term ©S(dV /9S) cancels, leaving

AV |, ,0%V v
— — 308 5 =rS—<—rV
ot PN N
which rearranges to
) 2Szazv GV N v _
=0 —_— ry — —_— =7
2 982 a5 ot

This is a second-order partial differential equation (PDE) in the unknown
function V. The fact that this PDE does not contain the growth rate
w of the stock price may be surprising at first sight. The PDE must
be accompanied by the specification of the option value at the time
of exercise, the so-called option payoff. For the actual PDE solution
method, the reader is referred to Wilmott and Jiang. The PDE method was
developed by Black and Scholes using key insights by Merton. Merton
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and Scholes were awarded the 1997 ‘Nobel prize’ in Economics for this
seminal work; Black had died in 1995.

The PDE derivation given here is attractive for its clarity. There are,
however, other derivations which are considered to be more satisfactory
in a technical mathematical sense.

6.2 MARTINGALE METHOD IN ONE-PERIOD
BINOMIAL FRAMEWORK

The approach is to form a so-called replicating portfolio which comprises
shares of the stock on which the option contract is based and an amount
of risk-free borrowing. If this portfolio can replicate the value of the
option at all times then the initial value of the portfolio must be the
value of the option. If that was not the case then there would be an
arbitrage opportunity in the market and the price would not be stable.
The value of the replicating portfolio is a random process whose value
is denoted V. The initial portfolio consists of « shares of initial price
S(0) = S and a loan of B, where o and f are to be determined.

V() =aS + B

During the period [0, T'], using discrete compounding at rate r for the
period, the amount 8 grows to 8(1 4+ r), and S becomes uS or dS. The
terminal value of the portfolio, V(T), is then

in the up-state: auS+ (1 +r)B = V(T)y
in the down-state: adS+ (14 r)B = V(T)gown

As V(T') must replicate the value of the option at time 7, its values will
be known in terms of the values of the underlying stock. For example,
in the case of a standard European call option with strike price K

V(T )y = max[u$ — K, 0]
V(T)down = max[dS — K, 0]
The two equations are linear in the unknowns « and §, and have the
unique solution

. V(T)up — V(T)down . V(T)downtt — V(T)upd
B u—d)S A4 nwu—d




Option Valuation 131

Substituting o and S gives initial portfolio value V(0), after regrouping
terms, as
(1+7r)—d V(T)y Lu- (1 +7) V(T)down

V() =
© u—d 1+r u—d 1+r

Note that % can also be written as 1 — %. Ifd<l4r<u

then both % and 1 — % lie between O and 1. They can therefore
be interpreted as probabilities ¢ and 1 — ¢

dif(l—i-r)—d ! _u—(1+r)

- u-—d 1=
So V(0) can be expressed as the expected value of the terminal option
values discounted by the risk-free rate
V(T)up + (1 _ CI) V(T)down

1+r 1+r

Thus the discounted option value process is a discrete martingale when
probability ¢ is used. For this reason ¢ is also known as the martingale
probability. Probability ¢ is an artificial probability and its sole use
is in the valuation of the option. It is not the real probability of an
up-movement of the stock price. Multiplying both sides of the expression
for g by S and rearranging gives (1 4+ r)S = g(uS) + (1 — g)(dS). The
left-hand side is the terminal value when an amount S is invested in
a risk-free savings account. The right-hand side is the expected value
of the stock price if the amount § is used to purchase a stock. The
equation says that the investor is, in expected value terms, indifferent
to whether the amount § is invested in a risk-free savings account or
whether it is invested in a stock. Because of this interpretation, ¢ is also
called the risk-neutral probability. It is as if the investor is indifferent
to the risk of the stock price increment, when probability ¢ is used
in the valuation of the option. That, of course, is not the true attitude
of an investor towards risk. The option value computation turns out
to be the correct one if the investor is treated as being risk-neutral,
hence the name risk-neutral probability. Probability ¢ was determined
without using investors’ views on the probability of an up-movement.
If the expectation is taken under a value that is different from ¢ then
the result is an option value that permits arbitrage. So the risk-neutral
probability is linked to the absence of arbitrage. It is now shown that the
aforementioned condition d < 1 +r < u follows from the absence of
arbitrage.

V0)=gq
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No-Arbitrage Condition Assume, without loss of generality, that S =
1. If @ and B can be chosen such that initial investment V (0) is zero, and
terminal values V(T')y, and V(T )qown are both non-negative, but either
V(T )up or V(T )gown is strictly positive, then this is a scheme which
produces a non-negative return for certain without any down-side risk.
That is an arbitrage opportunity. Restated in terms of inequalities in the

(B, @) plane
VO =a+p=0 a=-p
V(T =cu+pl+1Z0  o=-0p
V(T)aown =ad + (1 +r)Z0 o> -—1p
If (1 + r) > u then the slopes of the three lines relate as
A4 A4
d u
as illustrated in Figure 6.1. The line « = —f lies on or above the other
lines, and strictly above one of them (the area where the inequality holds

_1’

0. - axis numerical illustration
u 1.04 >1
d=1/nu 0.9615385 <l
1+r 1.05
B - axis d<u<l+r
\\ slope up-line —-1.009615
~N =—1.05/1.04
AN
\ slope down-line —1.092001
RN = -1.05/0.961538
\\
RN o=-p
\\ P 4 area where inequality holds
RS 4

N\ o =— [(1+r)/u] B up-line

. o.=—[(1+r)/d]p down-line

o values on line oo =—f are above or on the other lines
negative o is short-selling

Figure 6.1 Arbitrage opportunity
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o - axis numerical illustration
u 1.25 >1
d=1/u 0.8 <1l
1+r 1.05
B - axis d<l+r<u
N
SN slope up-line —0.840000
R NN =-1.05/1.25
~N
\\
\\\ o = —[(1+r)/u]B up-line slope down-line -1.312500
=-1.05/0.8
o=-p
", a=—[(1+r)/d]p down-line
o values on line oo = —f3 are between other lines
Figure 6.2 No-arbitrage
is indicated by an arrow). The no-arbitrage condition is that « = —f

must lie between the other two lines, as shown in Figure 6.2.
That is the convex cone spanned by the other two lines. The no-
arbitrage condition in terms of slopes is thus

IUE D (R

d — - u
The last inequality says that (1 + r) is then a convex combination of d
and u, which can be written uniquely with weightings 0 < ¢ < 1 and
(1—¢g)as 14+r=qu+ (1 —g)d. This gives the familiar expression
for the unique binomial martingale probability

+r)y—d

 u—d
Soithas been shown that the no-arbitrage conditionimpliesd < 1 4+ r <
u, which in turn implies the existence of g.
Knowing that the discounted value process is a martingale makes it

possible to determine the initial value of the option from the terminal

values of the option which are known. So the martingale concept is used
in reverse. That means that the valuation process can be carried out the

or d=(1+rN=u
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other way around, namely by first finding a risk-neutral probability, and
then taking the expected value under that probability of the discounted
terminal option value. That is the way it is done in continuous time.
One other feature has to be mentioned: the replicating portfolio must
be self-financing, which means that the change in portfolio value over
time should only come from the change in the value of the stock and the
change in borrowing. No money is withdrawn or added freely.

The above showed that a martingale probability arises in a completely
natural way. It can also be derived from the condition that the discounted
stock price process must be a martingale under discrete probability q.
The expectation of the terminal discounted stock price under ¢ is

uS ds
OETRE
Equating this to S and solving for g gives
(1+r)—d
T u—d
Using the notation [, for an expectation using probability ¢, the
martingale expression is

S| ]
E, [m S} =5

The discounted value of the self-financing replicating portfolio is also a
martingale under ¢, as can be seen as follows. The discounted terminal
portfolio value is

. V(T )up S
th -state: =
in the up-state T r au1+r+,3
V(T S
in the down-state: (Tdown = ad + B
1+r 1+r

The expectation, under probability g, of the discounted terminal port-
folio value is

v(r)| ousS adS
Eq[l+ri|_q|:1+r+'3]+(1_q)|:1+ i|

_ oauS L
B

_ oauS adS
—1 1+r 1+

d
- s
q1+r+ TP
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Substituting g = [(1 +r) — d]/(u — d) gives

V(T) 1+r)—d u-—d d
_ S S
‘1[(1+r)] w—d T o ter S Th
(I+r)—d d
— S s
« 14+r +a1+r +h
=aS+p
= V(0)

Since the terminal option values V(T') are known in every terminal state
of the market, the unknown initial value of the replicating portfolio,
V (0), and thus of the option, can be determined by turning the martingale
expression around

initial option value = [E,[terminal option value/(1 + r)]

In this simple binomial model there are two risky assets, the stock and
the option. The expected rate of return is defined as (expected terminal
value — initial value)/initial value. Under g both risky assets in the
model have an expected rate of return equal to the risk-free rate.

The binomial tree for option valuation is of such conceptual and com-
putational importance that entire books have been devoted to it: Roman
and Shreve I are particularly good introductions. The graphical expla-
nation of the relationship between the absence of arbitrage and the ex-
istence of a martingale probability is based on McLeish; an alternative
exposition is in Epps Chapter 5.

6.3 MARTINGALE METHOD IN
CONTINUOUS-TIME FRAMEWORK

In the continuous time setting, start from the standard SDE for the stock
price

das(t) _
m = ,l,Ldt +O'dB(t)

Introduce the discounted stock price

sy & S(t)
B exp (rt)
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This expresses the stock price value in terms of the savings account as
the numeraire. It6’s formula, for §* as a function of # and §, gives
ds*(t)
S*(t)

= (u —r)dt + o dB(t)

The expected growth rate of S* is (u — r), which is r less than the
growth rate of S, because it is measured against the riskless growth rate
r of the savings account. As this SDE has a drift, the process S* is
not a martingale under the probability distribution of Brownian motion
B. In the replicating portfolio of the above discrete-time model, the
discounted stock price was a martingale. That led to the discounted
replicating portfolio also being a martingale. The same recipe will be
followed here. A probability distribution can be found under which S*
is a martingale. This goes as follows. Rewrite the SDE as

dS* (1) |:;L —r
=0
S*(1)

dt + dB(t)] =olpdt + dB(1)]

where ¢ & (u — r)/o. The probability density of B(z) at B(t) = x is

1 1 ( x )2
exp| —= | —
Jivar P 2\
This can be decomposed into the product of two terms

1 [ 1 (ot 2
exp| —5 (¢ +x) } exp[ 1671 + 1]

Viv2m 2\ Vi

With y & @t + x the first term can be written as

2
1 1 ( y )
exp| —= | =
2 P72 Vi
which is the probability density of another Brownian motion, say E(t), at

B(t) = y. It defines B(t) & 1 + B(1), so dB(1) = ¢ dt + dB(t). This
is further discussed in Chapter 7. Substituting the latter into the SDE for
S* gives

as*(ty =~ as) ~
S0 o dB(t) and SO rdt + o dB(t)
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This says that under the probability distribution of Brownian motion E,
S* is a martingale. Let this probability be denoted IP.

The value of the replicating portfolio at time ¢ is denoted V (¢). The
portfolio consists of a quantity «(z) of stock S(z) and an amount B(¢)
of risk-free borrowing. The evolution of S(t) is specified by the or-
dinary differential equation dB(t) = B(¢)r dt; in rate of return form,

dp()/B(t) =rdt.
V(t)=a(t)S(t)+ B(t) where p(t)= exp(rt) BO)=1

The replicating portfolio must be self-financing, so the change in the
value of the portfolio must only come from the change in the value of
the stock and the change in the value of the borrowing. This condition
is represented by

dV(t) =a(t)dS(t) + dp(t)

The discounted value of the portfolio

e Vit
i & VO
exp (rt)
is a function of ¢ and V. 1t6’s formula gives
V™ v+ 19%v* *v*
dV* = ——dt + —dV + - dV)* + dtdv
ot oV 29V?2 @v) otoV
Substituting
V* av* R
=—rV* =exp(—-rt) —=0 dtdV=0
ot av av?
gives

dV* = —rV*dt + exp(—rt)dV
Substituting V* and dV then gives

dV* = —r[exp(—rt)V]dt + exp (—rt)[a dS + df]
Finally substituting the expression for V gives

dV* = —r exp(—rt)[aS + Bldt + exp(—rt)[a dS + rp dt]
= —rexp(—rt)aSdt —r exp(—rt)fdt + exp(—rt)a dS
+r exp(—rt)p dt
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The term with § cancels, leaving

dV* = —r exp(—rt)aSdt + exp (—rt)a dS
= a[—r exp(—rt)Sdt + exp(—rt)dS]
= a[—r exp(—rt)Sdt + exp (—rt)rSdt + exp(—rt)o S dB]
= o exp(—rt)oSdB

So the final SDE is
dV*(t) = a(t)dS* (1)

As there is no drift term, random process V*(¢) is a martingale under
P. Thus its expected value at future time 7' equals its value at time 0,
Es[V*(T)|V*(0)] = V*(0) = V(0). Writing this the other way around,
the initial value of the option is determined from

V(0) = Bl V(DI S(O)] = Ep | 34 l5150)]

In Section 6.5 this is illustrated for the valuation of some European
options. N
On 0 < < T the SDE dS*(t)/S*(t) = o d B(t) has the solution

S*(T) = §(0) exp [~10>T + o B(T)]
and using S(¢) = exp (rt)S*(¢) gives
S(T) = S(0) exp[(r — Lo)T + o B(T)]

The existence of a replicating portfolio is guaranteed by the martingale
representation (of Section 5.11), and is shown in Epps pp 265-266.
The actual expressions for « and 8 are derived in Lamberton/Lapeyre
Section 4.3.3.

6.4 OVERVIEW OF RISK-NEUTRAL METHOD

In both the discrete- and the continuous-time framework the discounted
stock price is forced to become a martingale. That produces a new
probability distribution, which is called the martingale probability or
risk-neutral probability. Using this new probability distribution, the ex-
pected value of the discounted stock price at some future time equals the
known discounted stock price at an earlier time. Then a self-financing
portfolio is formed which replicates the value of an option at all times
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in all possible states of the market. The discounted value of this self-
financing replicating portfolio is also found to be a martingale under
this new probability. Thus the expectation of the discounted value of the
replicating portfolio, at the time of exercise of the option, equals the
present value of the portfolio. As all possible values of the option at
the time of exercise are known, and the martingale probability is also
known, their expected value can be computed. At the present time, the
discounted value of the replicating portfolio equals the value of the op-
tion that is to be determined. Hence the fact that the discounted portfolio
value is a martingale makes it possible to compute this present value of
the option. The steps in the methodology are summarized below.

Table 6.1
Stock price Portfolio
Value at time ¢ S(t) V() =a)S)+ B(t)
. sy _ self-financing
Dynamics under B(t) S0 = wndt + o dB(t) AV (t) = a(t)dS(t) + dB(1)
Discounted value at time ¢t S*(¢) = exp (—rt)S(t) V*(t) = exp(—rt)V(1)
Dynamics of discounted dst) ey *
value under B(t) S = (W —r)dt o dB(r)  dV*(1) = a()dS(1)
Property S*(t) not martingale V*(t) not martingale
Dynamics of’\discounted s dE(t) dV*(t) = a(t)dS* (1) R
value under B(r) SN = a(t)o S*(1)dB(t)
S*(t) martingale V*(t) martingale
P
roperty E3[S*(T)[S(0)] = S(0) Es[V*(D)|V(0)] = V(0)

6.5 MARTINGALE METHOD VALUATION OF SOME
EUROPEAN OPTIONS

The illustration of the martingale method in continuous time starts with
two examples which only require simple integration.

6.5.1 Digital Call

The payoff of this option at exercise time 7 is a fixed amount (here set
at 1), or nothing,

1 if S(T)>K
0 otherwise

c(T)= {
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The discounted call value process c(f)/exp (rf) is a martingale under
probability P, so at time 0

c(0) B |: c(T)

exp(07) m] = exp (=rDEpllisr)=x)]

where 1 is the indicator function which has value 1 when the condition
in the curly brackets is satisfied, and O otherwise. As the expected value
is taken of a random process that is a martingale, the payoff condition
S(T) > K is now expressed in terms of that martingale S$* as $*(T) >
exp(—rT)K, and
c(0) = exp (—=rT)Es[15+1)> exp (—rT)k} ]
= exp (—rT)ﬁ[S*(T) > exp(—rT)K]

as the expected value of an indicator function equals the probability of
the indicator event. Under PP

S*(T) = S(0) exp [~10>T + o B(T)]

Now determine the values of E(T) for which S*(T') > exp(—rT)K, or
equivalently

In[S*(T)] > —rT + In[K]
In[S(0)] — 16T + o B(T) = —rT + In[K]

~ S(0)
B(T) > — {1n [7] + (r — %02) T} /0

a

B(T) > a
Then

P[S*(T) > exp(—rT)K] = P[B(T) > al

[wm [5G ]

density of §(T) at x

The integrand is now transformed to the standard normal density by the
change of variable y = x/+/T, lower integration limit x = a becomes
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y=a/vT,dy =dx//T,and

*° 1

PS*(T —rT)K] = _ 1214
[SY(T) = exp(—rT)K] fyza/ﬁmeXp[ 5y-ldy

a a
—1-N(L)=nNn(-ZL
()=~ (%)
where N(d) denotes the cumulative standard normal fyd:_oo \/%

exp [—5y?] dy.

c(0) = exp (—rT)N (-%)

The expression

“o_n[$]+(—do)T

VT oNT

is usually denoted d». The final result is

|¢(0) = exp(—rT)N(d>)|

6.5.2 Asset-or-Nothing Call

This call has a payoff equal to the value of the underlying at maturity, if
that value is not below the strike price, and zero otherwise,

o(T) = S(T) lisry=k)
As before

¢(0) = exp (—rT)Es [«(T)]
= exp (—FT) E@ [S(T) 1{5(7‘)2[(}]
= E3 [S*(T) Lis: 1)z exp (1K) ]

This expected value can be computed by using the lognormal probability
density of random variable S*(T'), but it is easier to view S*(T) as a
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function of random variable §(T) and use its density.

c(0) = E[S(0) exp[—10°T + o BT 1 3r)oa]

00 2
:/_ S(0) exp[— 2T+6ﬂﬁi/ﬂ exp|:—% (%) :| dx

density of E(T) at x

Change of variable y &y /T gives

c(0) = / S() exp [ — 50°T + a\/_y] exp [ — 3y*]dy
y=a/T

The exponent of the integrand can be rearranged to — %( y —oT)>

c(0) = S(O)/ exp [ — 2(y — o /T)?|dy
e )
This integrand is transformed to the standard normal density by z o
y—oT
e [
c(0) = S(0) exp |—5z°| dz
Z=Zlow QJT ?

where Zjow &t a/ﬁ —o+/T.
c(0) = SO)[1 — N(ziow)]
= S(O)N(—Ziow)
The expression for —zjqy is commonly denoted
der In[S)/K]+ (r +10%) T
dy =
o T

and

|¢(0) = S(ON(dy)|

6.5.3 Standard European Call

The derivation steps are the same as for the above calls. Only the inte-
gral for the expected value is somewhat more involved. As above, the
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derivation is done directly in terms of the martingale S*. That makes
the methodology compatible with option valuation when a different nu-
meraire than the savings account is used, as discussed in Chapter 8. For
the standard European call

c(T) =max[S(T) — K, 0]
=exp(rT) max[S*(T) — exp(—rT)K, 0]

and

c(0) = exp (—rT)Ep[c(T)]
= Ep{max[S*(T) — exp (—rT)K, 0]}
= Es{max[S*(T) — K*, 0]}

where K* & exp (—rT)K. The expression for c¢(0) is of the same form

as for the asset-or-nothing call, but now there is an additional term K*
in the integrand. The lower integration limit a for positive payoff is the
same as before.

c(0) =/Oo {S(O)exp[—30°T +ox] — K*}

=a

x| -4 () [

density of E(T) atx

It is convenient to write this as the difference of the two integrals
Idef/OOS(O) []2T+ ] 1 l(x)zd
= exp|—so oxX|——exp|—= | — X
) Pl N2 AW

00 2
LY K”‘—1 exp l (L) dx
? xX=a \/T\/ 27[ 2 ﬁ
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Integral I; has already been evaluated above as S(0)N(d,). Integral I,
transforms to

o 1
I=K*f exp[ — 2y*]dy
? x=a/ﬁV27‘[ [ 2 ]
- =~ (F)]
- JT

e(-3)

=exp(—rT)K N(d»)

The final result is

[c(0) = SOIN(d) — exp(—rT)KN(d) |

This is the famous Black—Scholes pricing expression for a standard
European call.

Setting K = Orecovers the pricing expression for the asset-or-nothing
call. Note that the second term in the Black—Scholes expression equals K
times the digital call price, and that the first term equals the all-or-nothing
call price. Thus a standard European call can be seen as a portfolio that
is long K European digital calls, and short one all-or-nothing call.

6.6 LINKS BETWEEN METHODS

6.6.1 Feynman-Kac Link between PDE Method
and Martingale Method

The Black—Scholes PDE is an example of a so-called parabolic PDE.
Such PDEs can be solved by a variety of classical analytical or nu-
merical methods, but there is also an altogether different method which
produces a solution in the form of an expected value. This is known as
the Feynman—Kac representation. It links the PDE method for option
valuation to the martingale method in continuous time.

Let S be the standard stock price process with SDE dS(¢)/S(t) =
udt + o dB(t). Let V be the value of an option on S which matures
at time 7. It is a function of time ¢ and S(¢), but to keep the notation
simple, its value is denoted as V(¢). As derived previously,

EAY% EAY% 02V Vv
av = |2 4 us2 L 1g2g2 di + oS> 4B
[a tuSggt o 352] AT
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Consider the discounted value of V, Z(t) def V(t)exp(—rt). It is a
function of the two variables ¢ and V, but to keep the notation simple,
its value is denoted as Z(¢). By Itd’s formula

iz =% a4+ 2% v & ! 8zz(dV)2 + 0”7 dtdv
ot Vv 29V2 3tV
Substituting
Z — yexp(—rt)(—r) % =exp(—rt) YEZ=0 didV =0
together with the expression for dV, gives
dZ = exp(—rt)(—r)V dt +
rexport) | 2 4 sV 4 222V 4y
exp(—rt) | — — + 5078 ——
P or s T2 s
+ exp(—rt) Sav dB
EXp(—rl)od ——
P 95
(rty | v+ 2y sy 2522V dr +
= exp(—r —r — —+ z0 —
P or s T27 0 s
Vv
—rt)oS— dB
+exp(—rt)o 35
If V is such that its drift coefficient equals zero,
vV Vv 3%V
—rV 4+ — 4 puS—+1o2582—— =0
Tt g TS T2 s )

av
then dZ = exp(—rt)oSﬁ dB. In integral form over the time period
[0, T']
T

Z(T) = Z() + / exp(—rt)aS(t)% dB(t)

=0
At time 0, Z(0) is a non-random value. Taking the expected value of
both sides of the equation, gives
T

E[Z(T)] = Z(0) + E { /

(—rt) S(t)a—v dB(t)}
=Oexp rt)o 35

As E of the stochastic integral equals zero, Z(0) = E[Z(T)]. With
Z(0) = exp(—r0)V(0) = V(0) and Z(T) = exp(—rT)V(T), the result
is

V(0) = El[exp(—rT)V(T)]
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This says that the initial value of the option can be determined as the
expected value of the discounted random terminal value of the option.
It was shown that the value V of an option on stock price S satisfies the
Black—Scholes PDE

AT LA 222V

—7r _— ro— =0 _— =

ot s 2 98?2

This is of the form (*) with u = r. Thus the S dynamics to be used in
the expected value expression has r as the drift coefficient instead of p

dst)

5o =" dt + o dB(1)

This is the same SDE as used in the martingale method.
The Feynman—Kac link is that

e the coefficient of the first-order partial derivative dV /4.5 in the PDE
is the drift coefficient in the martingale dynamics dS(¢t) = rS(¢) dt +
oS(t)dB(t)

e the coefficient of the second-order partial derivative 32V /35 in the
PDE contains the square of the diffusion coefficient in the martingale
dynamics dS.

So when the martingale dynamics for the underlying asset of the option
are given, the corresponding PDE for the option value can be written
down without any further derivation.

6.6.2 Multi-Period Binomial Link to Continuous

By dividing the time to maturity 7 into n time-steps At = T/n, and
repeating the binomial stock price increment, a tree like that shown in
Figure 1.2 is produced with a stock price at each node; n + 1 stock
prices at maturity. As for the random walk, it is assumed that the stock
price increments over successive time-steps are independent. There are
several choices for the tree parameters u and d. The original, and most
widely known, is

u = exp(a\/ﬂ) d= exp(—a«/E)
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It can be shown that for n — oc:

e the binomial scheme converges to the Black—Scholes PDE

e the terminal stock price converges to the standard continuous time
terminal stock price

¢ the binomial value of an option converges to the Black—Scholes value.

The binomial option value is highly non-linear in n. The convergence
pattern depends greatly on the ratio K /S, and for the above choice of u
and d it is highly irregular when K # S. This makes it difficult to fix a
suitable n. A better choice is

u = exp [a@—k%ln(%)] d = exp [—a\/ﬂ—l—%ln(%)]

Now the convergence pattern is gradual for all K/S. The convergence
from binomial to continuous is well described in Roman.

6.7 EXERCISE

[6.7.1] Futuresoption. The objectof this exercise is to use the replicat-
ing portfolio method to determine the initial value of an option
on a futures contract.

A futures contract is an agreement between two parties in which
the holder of the contract agrees to trade a specified quantity of an
asset with the writer of the contract, at a delivery date and place
specified in the contract, for a delivery price that is set when the
contract is entered into. The contract holder has the obligation to
trade. Payment takes place at delivery. This delivery price is set
such that the value of the futures contract is zero to both parties
when the contract is initiated. If F(¢) denotes the futures price
at time ¢ of a futures contract on stock price S(¢) for delivery at
T*, then F(t) = exp[r(T* — t)]S(t), the compounded value of
S. There is no initial cost when buying a futures contract. The
predetermined delivery price is also known as the initial futures
price.Under this price there exists no arbitrage opportunity. A
futures contract is traded and administered on exchanges. The
trading produces futures price at all subsequent times. As time
progresses, the asset which the holder of the future has con-
tracted, changes in value over time due to market forces. The
price for which the same asset can be bought at the original
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delivery date thus changes. Hence the futures price changes, but
the delivery price stays as fixed originally. The exchange on
which the contract is traded keeps track of these changes. An
account is kept for the value of the contract. Initially the value
of the account is zero. When a new market price for the futures
contract becomes available on the exchange, the account value
is increased (decreased) by the increase (decrease) of the current
futures price from the previous futures price. It is essential to be
clear about the distinction between the initial futures price (at
which the asset will be delivered), the subsequent futures prices,
and the value of the account. An option on a futures contract
gives its holder the option to exercise the futures contract. It
removes the obligation at the cost of the option premium. The
underlying of this option is a futures contract of equal or later
maturity than the option. At option maturity date 7' the payoff
to the option holder is the excess of the futures price F(T') over
the strike price K of the option, plus a long position in a newly
opened futures contract. As this new futures contract has zero
value, the option payoff can be specified as max[F(T) — K, 0].

6.8 SUMMARY

This chapter described how stochastic calculus is used in option valu-
ation. Two methodologies were presented, and the link between them.
Fully worked out examples were given for the martingale approach. The
stage was set for the detailed exposition of the methodology for a change
in probability in Chapter 7. The connection between the absence of ar-
bitrage assumption and the existence of a martingale probability was
shown for the discrete-time model of Section 6.2. That model was for a
market where every terminal payoff can be replicated by a self-financing
portfolio. Such a market is said to be complete, and the martingale prob-
ability is unique. A similar connection exists in the continuous-time
framework but is much more technical and outside the scope of this text.
An introduction is given in Dana/Jeanblanc Section 3.2.

The reason for discounting the stock price in option valuation deserves
some further comment. In the option valuation set up there is a risk-free
savings account, a stock price, and a replicating portfolio. The savings
account has a rate of return equal to the risk-free rate r. If there is
to be no arbitrage opportunity, then the stock price process and the
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value of the replicating portfolio must also have the same rate of return.
That is, when the value of the stock price is discounted by the savings
account its rate of return must be zero, and is thus a martingale. The
same applies to the value of the replicating portfolio. This discounting
has the effect of creating an effective interest rate of zero. This is very
clear in the one-period binomial model for option valuation. The only
assumption that is being made there is the absence of arbitrage. The
discounting in that model is not something that is imposed externally, but
follows logically from solving the two linear equations. The calculations
produce completely naturally a probability, there named ¢, under which
the stock price when discounted is a martingale. When setting out the
methodology for option valuation in a continuous-time framework, the
basic idea of using a discounted stock price is borrowed from the one-
period binomial derivation. That is why that method in continuous-time
starts by discounting the stock price. But the steps can also be carried
out in a different way, as follows.

Start from dS(¢)/S(t) = pn dt 4+ o dB(t) and decompose the drift
into its risk-free component r and the excess over the risk-free rate

(n—r)

dsto)

50 =rdt+ (u—r)dt+ o dB(t)

Girsanov

Now apply a Girsanov transformation (as described in full in Chapter 7)
to create a new probability distribution P:

oB(t) = (u — r)t + o B(1)
dB@) =" ar + aB)
o

B has picked up the excess return (. — r) per unit of risk o. The result
is
das(t)

5o =" dt + o dB(t)

This has a drift, so under P the process S is not a martingale. But dis-
counting to S*(¢) oo S(t)/ exp(rt) gives

dS*(t)

0 =odB(t)
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which is driftless, so the discounted stock price is a martingale under
P. That the drift coefficient of S for option valuation must be r can
also be seen from the Feynman—Kac representation. Discounting by the
savings account means using the savings account as the numeraire. One
can also choose another numeraire, for example the stock price. That is
not a logical choice but the methodology and the resulting option value
are the same. For each numeraire there is a corresponding probability
distribution under which all assets in the model are martingales when
expressed in terms of that numeraire. This is discussed with several
examples in Chapter 8.

Further information on the 1997 Nobel prize in Economics is given
on the Internet at Nobelprize.org. This includes the lectures given by
Merton and Scholes at the prize ceremony.



7
Change of Probability

It was shown in Chapter 6 that if the discounted underlying asset of an
option is a martingale, then the value of the option can be computed
as the expected value of the discounted option payoff. The real world
randomness of the underlying asset is not a martingale, but it can be
transformed into a martingale by the change of probability technique
applied to the driving Brownian motion. The change of probability tech-
nique is ubiquitous in financial mathematics. In order to prepare for the
general exposition of the concept, the basic idea is first illustrated for a
discrete distribution. This is followed by a continuous distribution using
the normal distribution as an example.

7.1 CHANGE OF DISCRETE PROBABILITY MASS

Consider an experiment with outcomes recorded numerically by random

variable X. Let the possible values of Xbe X; = 3,X, = 7, X3 = 11, with

equal probability p; =
The mean of X is

1
3

E[X]=33+73+113 =7
The variance of X is
Var[X] = E[X*] — {E[X]}* = 3°} + 72§ + 112} = 72 = 103

Now change the mean, while keeping the variance the same, by changing
the discrete probabilities (P, P2, P3) to (di, Oz, 03). The new probabil-
ities have to satisfy the following three equations:

Hh+p+g=1
() E[X]=3q; +7¢p + 11gs = 1 (new mean)
(i) Var[X] = 3%q; + 7’0 + 11°q3 — u*> = 103 (original variance)
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In matrix notation

1 1 1 o 1
37 11 |.|ql|= m
9 49 121 0 u? 4103

There are three linear equations in three unknowns, so there exists a
unique solution. But for the q’S to be probabilities they have to be no
less than 0 and no greater than 1. For ;© = 9 the solution is

a 0.2083
¢ | = | 0.0833
&% 0.7083

The ratios of probabilities ( to p are shown below and denoted z;.

a1/ pi 0.2083/0.3333 0.625 z)
/P2 | = | 0.0833/03333 | = | 025 | =| 2
o3/ Ps3 0.7083/0.3333 2.125 7

The first feature is that the values of z are positive. This must be so
because they are ratios of probabilities and probabilities are positive.
The second feature is that if Z is a random variable which can take
the values z;, 2, z;, then the expected value of Z under the original
probabilities p; always equals 1.

1 Q2 0

Ep[z]=%91+EP2+EP3=Q1+Q2+Q3=1

For the above example
EplZl=21p1 4+ 222 + 23p3 =(0.625)1 + (0.25)1 + (2.125)1 =1

The role of Z is to redistribute the original probability mass. For
example, the amount of probability originally concentrated at X = 3
was 0.3333 and has been changed to (0.3333)z; = (0.3333)(0.625) =
0.2083. The values of X where the probability mass is located are not
changed by this change of probability. Whether there exists a solution
depends on the target mean u that is chosen. For example 1 = 10 gives

ar 0.2346
% | =| —0.2292
&% 0.9896
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but @, is not a probability. The reason that there is no solution in this case
is that there is no  weighting of the values 3, 7, 11, that can produce
the value 10.

Now consider a function h of X. This is a random variable. To get from
an expected value of h under the original probability p, to an expected
value of h under the new probability g, multiply the original values by
z = @i/ pi and use the original probability. A subscript is now used to
refer to the probability under which the expectation is taken.

Eq[h(X)] = Ep[Z h(X)]
left-hand side: ~ h(X;)q; + h(x2) + h(X3)qs
right-hand side:  z;h(X;)p1 + Z2h(X) p2 + zsh(X3) 3

Substituting z; = ¢/ p; then shows the equality of the two expectations
Eq and Ep.

7.2 CHANGE OF NORMAL DENSITY

In the standard normal probability density, (1/+/ 2n)exp[—%xz], the
exponent —%XZ can be decomposed as —%(X — ) — ux + % w?. Thus
the standard normal density can be written as

= exp [~ — P exp [+ 3]

which is the product of a normal density with mean p and standard devia-
tion 1, and the factor exp[—uX + % w?]. This decomposition is the key to
achange of probability for normal distributions, and hence for Brownian
motions. Consider a function h of random variable X ~ N(O0, 1).
h h h :
E[h(X)] = X
[h(X)] fx . (x) N

Using the above decomposition, this can also be written as

exp [—3x?] dx where X is a value of X

/:oo h(x)\/;_n exp [~3(¢ — ) exp [-pux + 3%] dx

or as

e 1
/X:_oo {h(x) exp[—ux + 1121} N exp [—1(x — )*] dx

Now view {...} as a new function g(y) &ef h(y) exp[—uy + %,uz]. Then
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the above can also be written as

a(y) exp[ — $(y — w)?] dy

o 1
/y=_oo 2
which is the expected value of the function g of Y where Y ~ N(u, 1).
The probability distribution N(0, 1) will be referred to as I, the prob-
ability distribution N(u, 1) as IP. So there are now two expressions for
the expected value, one basgd on PP, the other based on IP. To distinguish
them, the subscripts P and [P are used.

Ep[h(X)] = f:w h(x)\/;_ﬂ exp [ — 3x*] dx
> 1
Es[g(Y)] = — Xy —w?]d

Es[9(Y)] = Ep[h(X)]
The left uses the Y density

1 1
exp[ — 3y —w?]atY =y
72l ]
and the integrand is

g(y) = h(y)exp[ — ny + 214%]

It can also be written as Ez{h(Y)exp[—unY + % 1?1}. So an alternative
way to compute the expected value of h(X) under Pisto multiply the
value of h(Y) by exp[—uY + %,uz], thenuse Y ~ N(u, 1). Note that E3
is applied to the product of two functions of the same random variable
Y, so there is no need for a joint probability distribution. The right uses
the X density (1/«/5) exp[—%xz] at X = X and the integrand is h(X).
Using fPi the computations are based on a random variable, Y, that has
its mean shifted relative to X.

7.3 CHANGE OF BROWNIAN MOTION

The probability density of Brownian motion at B(t) = X is

wme[1()]
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Using the decomposition of the previous section and replacing X by
X/+/t and p by —@+/t, where ¢ is a constant, this can be written as

fre p|:—— (Xygt)z} exp o + Lgt]

which is the product of a normal density and the factor exp[¢X + %(pzt].
The ratio of the second density to the original density at X is

e[ )] e @]

= exp[—gXx — 3¢°t]

For different values X of B(t) the right-hand side is a random variable,
say Z.

Z(1) o exp [ —B() — %gozt]

This ratio is called the Radon—-Nikodym derivative with respect to B(t),

and is further explained in Section 7.10. Now introduce the new random

variable B(t) & B(t) + ¢t. Then a value B(t) = x corresponds to a

value X + ¢t of B(t) If values taken by B(t) are denoted y, then y =
X + ¢t. The expression

X+t

Fml s
exp[—z(%)z]

2
) i| can then be written as

«/f\/E

which is the density of a Brownian motion. The random variable g(t) =
B(t) + ¢t has induced a new probability under which it is a Brownian
motion. Under the original probability, Eyig[ B(t)] = ¢t and Var,;, = t.
Under the new probability, Enew[g(t )] =0 and Var,, =1t. By the
change of probability, the expected value has changed but the variance
has not.

7.4 GIRSANOV TRANSFORMATION

Let ¢ be a constant, and define the random process

5 1
Z(t) < exp |:—(p B(t) — E(pzti| for0 <t <T.
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It starts at Z(0) = exp(0) = 1, and its values are non-negative. The ap-
plication of It6’s formula readily gives dZ(t) = —¢Z(t) dB(t), which
is driftless so the process Z is a martingale; values greater than 1, and
values between 0 and 1, average to Z(0) = 1. For any t, E[Z(1)] = 1.

The previous section showed that by using Z(t) a new probability P
could be created. Now define a new random process B as a drift change
to Brownian motion B for all t, under probability P.

B(t) = B() + gt
It turns out that B(t) is a Brownian motion under the new probability
distribution P which is created by Z from the original probability . This
construction is known as the Girsanov transformation, after the Russian
mathematician.
The proof uses the Lévy characterization of Brownian motion. It must
thus be shown that:

() §(O) 0and B has a continuous path
(i1) B(t) is a martingale under P
(>iii) [d B(t)]2 = dt under P. This is equivalent to B(t)2 — t being a mar-
tingale under P as shown below in the subsection “Equivalent Ex-
pression”.

Proof

() @(O) = B(0) + ¢0 = 0, and the transformation from B to Bis con-
tinuous in t. R

(i) Use EA[ 1 =Ep[Z B] If it is shown that Z(t)B(t) is a martin-
gale under P, then B(t) is a martingale under P'. To verify the
former, use the stochastic differential of Z B to derive an expres-
sion for the change in ZB over an arbitrary time period, and

check if the expected value of this change is zero. For convenience

introduce the notatlon Y(t) def Z(t)B(t) The product rule gives

dY(®) = Z(®) dB(t) + B(t)dZ(t) + dZ(t) dB(t), under P. Substi-
tuting dZ(t) = —¢Z(t) dB(t) and dB(t) = dB(t) + (1) dt gives
dY = Z[dB + ¢ dt] + B[—¢Z dB] + [—¢Z dB][dB + ¢ dt]
= Z[1 — By]dB
= Z[1 — {B + ¢t}p]dB

! This relationship is derived in Kuo p 142 and in Shreve Il p 212.



Change of Probability 157

Introduce the simplified notation

f(t) = ZM)[1 — {B(t) + pt}o]

= exp [—¢B(t) — 1’t][1 — {B(t) + ¢t}p]

This is non-anticipating as its value can be determined at any time t.
The corresponding integral expression over [t, t 4 U] is then

t+u

Y(t 4w — Y = / f () dB(s)
s=t
It can be shown that ft:tu E[ f (t)*] dt is finite 2, so [ f dBis an Ito
stochastic integral. Thus Ep[Y(t +U) — Y(1)|J(t)] =0and Y is a
martingale under PP, as was to be shown.
(ii1) Using the same approach as in (ii), introduce the notation X(t) =

B(t)2 —t, and verify whether XZ is a martingale under PP. The
product rule gives d[XZ] = XdZ 4+ ZdX + dX dZ. By Ito’s for-

mula
X X 192X 92X ~
dX = — dt + AdB+——( B+ ——=dtdB
ot B 2 9B2 atoB

= —1dt +2BdB + 12(dB)* + 0dt dB

Under probability P, dB(t) =dB(t) + ¢dt, so [dg(t)]
[dB(t)]> = dt. Bewarethat one cannot write [d B(t)]2 = dt without
going via B because this is under IP. Similarly, dt d B =dt(dB+
@ dt) = dt dB + ¢ dt dt = 0, although that term is not needed. That
givesdX = 2B dB. Then

d[XZ] = X(—pZ dB) + Z2BdB) + (2BdB)(—¢Z dB)
= X(—¢Z dB) + Z2B(dB + ¢ dt) + (2B dB)(—¢Z dB)

Using the expressions for B, and dB (under P) and rearranging
gives

d[XZ] = Z[—¢pX +2{B + ¢t}]1dB

Then substituting the expressions for Z and X, and using the same
approach as in (ii) and in footnote 2, shows that XZ is a martingale
under P.

2 This can be done analytically, or numerically with Mathematica for arbitrary values of ¢, t and u.
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This completes the proof of the Girsanov transformation for the case
when ¢ is a constant. It can also be shown to hold for the case when

¢ is a non-random function of time, and when ¢ is a random process.

Then B(t) o B(t) + fut o P(U) du. In the random case there is an ad-

ditional condition to ensure that Z is a martmgale A sufficient condi-
tion proposed by Novikov is that }Ep[ exp (2 fu _o¥(u, w)? du)] must be
finite. Other conditions can be found in the technical literature. Their
discussion is beyond the scope of this text. Clearly when ¢ is non-
random this condition is satisfied. In the literature one also sees —¢
being used, then the B(t) term in the exponent of Z changes sign.
The Radon—leodym derivative used in the Girsanov transformation
B(t) = B(t) + f _o ¢(U, w) du can be easily ‘remembered’ as the solu-
tion to the SDE dZ(t)/Z(t) = Fe(t, w) dB(t) with Z(0) = 1. When the
time term in the transformation has a positive coefficient, the right hand
side of the SDE has a negative coefficient. The Brownian paths that can
exist under P and IP are the same, the only difference is that they have
different probabilities of occurring. This is the same as in Section 7.1,
where the possible outcomes of the random variable are not changed.

Equivalent expression B(t)>—t being a martingale implies that [dB(t)]*= dt, and
vice versa. This can be summarized as B(t)?> —t < [dB(t)]?= dt. Which of these ex-
pressions is the most convenient depends on the context. The above proof of the Girsanov

transformation uses ’B\(t)z —t. It is convenient to introduce the notation X(t) &f B(t)>—t
which is a function of t and B(t). Itd’s formula gives

192X
dX——dt dB+- —— (dB)>*=—dt + 2B dB + (dB)*
ot +BB +2a|32( )? + + (dB)

Proof of = If X is a martingale then the drift of dX must be zero, thus (dB)> must equal
dt.
Proof of < If (dB)?> = dt then dX = 2B dB which is driftless so X is a martingale.

It is informative to get some practice in moving between Brownian mo-
tions B (under probability P) and B (under probability IP’) The Radon—
Nikodym derivative is always the ratio of the new probability over the
original probability, expressed in terms of the random variable which is
under the original probability.

First revisit the basic case of going from B to B via B(t) = B(t) + ot
with constant ¢. New is B under P. The probability density of B(t) at



Change of Probability 159

B(t) = yis

1 1 ( y )2
exp| —= | —=
Viv2r P12\
The original is B under IP. The probability density of B(t) at B(t) = x
is

e 1) ]

The ratio of densities is

dP 1/y)\* 1/ x\*
— =exp| —=| == exp| —= | —
ar ~ P2\ & PI72 A
This must be in terms of X. Substituting Y = X 4+ ¢t and rearrranging
gives
dP
dP
So the Radon—Nikodym derivative is

= exp [—pX — 3¢*t] at B(t) = X

dP
dP = exp [—(p B(t) — %gozt]

Now the reverse, going from B to B. New is B under P. Original is B
under P. The ratio of densities is

dP 1 ( X )2 / 1 ( y )2
—==exp|—=|— exp| —= | —=
a2\ L2\
This must be in terms of y. Substituting X = y — ¢t and rearrranging
gives

dP 1.2 B

— = €X — st at B(t) =

5 = o ley — 20t =y
The Radon—Nikodym derivative is

dp ~
55 = o0 [¢BO — o]
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dP dp dP
Next analyse the relatlonshlp between 5 and . 5

B(t). Substituting B(t) = B(t) — ot gives

is a function of

dP = a
g5 = &P [—0(BO — ¢t} — 5¢°t] = exp [0 B(O) + 5¢°1]

Then 1/dP/dP = exp[¢B(t) — 1¢’t]. So 1/(dP/dP) = dP/dP, and
note that this is expressed in terms of what is the original variable from
the perspective of using dPP/ dP, namely B(t). Now the reverse. dp/ dP
is a function of B(t) Substituting B(t) = B(t) + ¢t gives

dP
7 = P [p(BO) + ¢t} — 5¢°t] = exp[¢B() + 3¢7t]

So
dP dP
1/ == —pB(t) — 1p%t] = —
/dP exp [~¢BM) — 3¢°t] =

This is expressed in terms of variable B(t), the original when d@/ dP is
used. R

The case B(t) = B(t) — ¢t follows by changing the sign of ¢ in the
expressions above.

The most general form of the Girsanov transformation is discussed in
Shrevell Theorem 5.2.3, pp. 212-213, for a one-dimensional Brownian
motion, and in Theorem 5.4.1 pp. 224-225 for the multi-dimensional
case. Other references are Kuo Section 8.9, Lin Section 6.3, Capasso/
Bakstein Section 4.3. An interesting heuristic derivation of the Girsanov
transformation is given in Bond Pricing and Portfolio Analysisby dela
Grandville Section 16.7.2.

7.5 USE IN STOCK PRICE DYNAMICS - REVISITED

Let S* denote the discounted stock price as used previously. Under the
original probability PP

dS*(t)

w—r



Change of Probability 161

For option valuation S*(t) needs be a martingale. This is accomplished
by the Girsanov transformation

Bt) & <”T_r) t+ B(t)

so [(u —r) /o]dt + dB(t) is replaced by dg(t), and

ds*(t) =~ ~
S*—(t) = o dB(t) under P

The Radon—Nikodym derivative that creates Pis

2
zoen| (7)o (457)

This is now illustrated numerially. The parameter values are: growth
rate i = 8%, interest rate r = 5%, volatility 0 = 20%,t =1, so ¢ =
0.15 and Z = exp[(—0.15)B(1) — %(0.15)21] is a decreasing function
of B(1). On the horizontal axis of the chart are the values of B(1).
Multiplying the density of B(1) by the decreasing Z has the effect of
pulling up the original density to the left of the origin and pulling it down
on the right. The original density pivots, as shown in Figure 7.1.

new & old BM density

1.5
1.25
1
<
075
05
\
525+
4/ k\\w o
3 2 -1 1 2 3

Figure 7.1 Pivoting of Brownian motion density
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7.6 GENERAL DRIFT CHANGE

Let random process X be originally specified by

dX(t) = Morig(-) dt + Uorig(-) dBorig(t)

where B,ig is a Brownian motion under the original probability distribu-
tion Py, and (.) indicates possible dependence on t and X. Now derive
the dynamics under a new drift coefficient ptpey(.). To this end, rewrite
the drift in terms of this new coefficient as

dX(t) = Mnew(-) dt — Mnew(-) dt + Morig(-) dt + Jorig(-) dBorig(t)
= new(.) dt + [Morig(-) — Mnew()] dt + Oorig(-) dBorig(t)
= fnew(.) At + Oorig(.) {Morig(') ~ Haenl) dt + dBorig(t)}

Oorig(-)
= Mnew(.) dt + Gorig(-)[(p(-) dt + dBorig(t)]

where

déf :Uvorig(-) - Mnew(-)
Uorig(-) .

®(.)

Assuming that the Novikov condition is satisfied, apply the Girsanov
transformation

def

t
Bnew(t) = / QO() ds + Borig(t)
s=0

or
dBnew(t) = §0() dt + dBorig(t)

Biew 18 @ Brownian motion under a new probability distribution Py,
created from P, by the Radon—-Nikodym derivative

t oy 2
dPpew — exp _l/ |:I'Lor1g(~) Mnew(')] ds
dPorig 2 Js—o Oorig(-)

_ /t Morig(-) — Mnew(.)
s=0 o(.)

dBorig(S)}
The new SDE for X is

dX(t) = pnew(.) dt + 00rig(-> dByew (1)
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7.7 USE IN IMPORTANCE SAMPLING

Importance sampling can be an efficient method for increasing the ac-
curacy of a simulation. It is based on a change of probability density.
The method is illustrated for an option valuation for which the exact
value is known, so as to have a benchmark for the impact of importance
sampling. Consider the valuation of a European put option under the
martingale method

P(0) = E{exp(—r T) max[K — &T), 0]}

o
=exp(—rT) max[K — X, 0] f (x) dx
x=0

where f (X) denotes the lognormal probability density of S(T) at S(T) =
X. This integral can be approximated by simulating n values Xi, ..., X,
... %Xn of S(T) according to density f(X), computing the corresponding
put payoffs max[K — X;, 0], and taking the average

1 n

— max[K — X, 0]

ni=
An alternative way to formulate the integral is by introducing another
probability density g and writing f as (f/g)g. The integration variable
is now denoted Y to emphasize the new formulation

* f(y)
K-y, 0]— d
/y  max[K .01 By dy

As g is a probability density, this integral is the expected value of the
random variable

fFIS(T)I
max[K — &T), 0]
9[S(T)]
where density g is used in taking the expectation. This expectation
can be approximated by simulating n values vy, ...V, ..., Yy of

S(T) according to density g(x), computing the corresponding quanti-
ties max[K — vi, O1[ f(yi)/9(Vi)], and taking the average

1 & f(y;
— Zmax[K — yi,O]M
n = a(yi)
By choosing g to be the density of S(T) with stock price growth rate m
lower than r, more of the simulated (T) values will be in the money
(<K), so more positive put values are generated than when using r. The
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0.04,

0.03}

0.02}

0.01}

| ognormal densities

60

Figure 7.2  Shifted lognormal density

simulation now concentrates on the important values, and this method is
therefore known as importance sampling. Density g is changed back to
density f by multiplying it by the ratio f/gat y;, which is arealization of
the Radon—-Nikodym derivative, the random variable f[S(T)]/g[S(T)].

By a clever choice of m, the average from sampling under g has a
much lower variance than ordinary sampling under f. In the martingale
method E[S(T)] = S0)€ ". Changing r to m, this becomes En,[S(T)] =
S0)e™. A good choice of mis the one for which this expected value
equals K. That is m = In[K /$(0)]/ T. The shift in the density and the
numerical impact of importance sampling are shown in Figures 7.2

and 7.3 respectively.

ST

80 100 120 140 160

S(0)
K

T
(¢}
r

Option parameter values
out of the money

100

80 put

130 call
0.25
20.00%
5.00%

put

value

exact 0.027522
normal sampling 0.034216

importance sampling  0.027387
reduction factor

variance 183
st error 13

10000 simulation runs in Mathematica

call

value
0.022780
0.027458
0.022571

264
16

Figure 7.3 Importance sampling impact
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A method for producing a family of probability distributions that
can be used for importance sampling will now be described. Consider
a continous random variable X with probability density f(x) at X =
X; refer to this as the original probability P¢. The moment generating
function of X, using parameter 6, is

m©) & E,[¢X] = /OO &% f (x) dx

assume that it is finite. Now create a new probability distribution,
here denoted Py, from the original probability distribution P¢, by the
Radon—Nikodym derivative

dPq g €~
dP¢  m(9)

X
The corresponding new density is g(X) &t m—9) f(x).3 It is a density

because g(X) is non-negative and the area under g equals 1.

00 00 eé)x
/X:_oo gx)dx = /X:_oo @) f(x)dx

]

1
= — ex = — =
s e f(x)dx (G)m(e) 1

That is also the expected value of dPg/dP; using density f. This trans-
formation of probability is known as exponential tilting.
To illustrate, let X be standard normal. Then

1 1
m(9) = E¢[e/X] = fXI+2ValX] — g

and
% = X1
dP;

The new density, at X =y, under Py is

e&y—%ez 1 e_%yz

V2m

3 An alternative formulation is as follows. Write m(9) = €"M®! The In of the mgf is known as the cumulant
generating function, denoted ¥ () or «(6). Then g(x) = &* V@ f(x).
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The exponent rearranges to —%(y — 6)2. The transformation has in-
creased the mean from O to 6. Under Py, X ~ N(6, 1). Similarly, if
X ~ N(u, 02), then

152 2 dP _ _1p2.2
m(@) — 9/L+20 o and d]P)g — e@X on 2(9 o
f

The resulting new density is normal with mean 1 + @c2, an increase of
Hc?; the original variance o2 is unchanged.

Another example is for exponential random variable t with density
re*tat T =t. Here

o A
m@) = / e Mdt = ——
t=0 A—0

provided 6 < X, and

g, =0 (-0 [;55 ) =ewoven (o))
dIP’f_eXp n o = exp(ft)exp | In .

r—0
= exp(@t)T

The new density at T =t is

re M — ¢t e M = (o — g)e ot

dP¢ A ( )

which is again exponential with the parameter value reduced by 6.
Ordinary simulation computes an approximation of E¢[X]. Under

density g this becomes

dP; dP;y  m(6)
By | X—t here — = —~.
9[ dpg] WISTE 4R, T @

Suggestions for suitable choices of the value of 0 can be found in the
references. Thus far, g and f were densities of the same type. That need
not be the case. Density g can be a different one provided g and f assign
probability zero to the same events. Exponential tilting can be applied
to discrete distributions in the same way.

Applications include the simulation of expressions which depend on a
rare event in risk management, such as a credit default by a company, or
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an excessive loss. Such events have a very low probability and ordinary
simulation does not give enough accuracy.

A recommended first reference on importance sampling is McLeish
Chapter 5. Extensive coverage is given in Glasserman and Asmussen/
Glynn.

7.8 USE IN DERIVING CONDITIONAL
EXPECTATIONS

Conditional expectations of exponential expressions arise in options
valuation.

Example 7.8.1. The value of a standard European call is com-
puted as exp(— rT)IE [max[S(T) — K, 0] where S(T) = S0) exp[(r —
—02)T +o B(T)] B is Brownian motion under probability IP’ and Es
is the corresponding expected value. This is now expressed using the
indicator function 1 as

exp(—I DE[S(T) 1i51)> k)] — exp(—=r T)KEp[1{57)>K}]

It is known from elementary probability theory that the expected value
of the indicator function of an event is the probability of that event. Thus
the second term equals exp(—r T)K ]P’[S(T) > K, which can be readily
evaluated. The first term cannot be handled the same way as $(T) is
a random variable and cannot be taken outside E3. But the change of
probability technique can help. The expected value of a random variable,
say X, under anew probability can be written as the expected value under
the original probability P multiplied by the Radon—Nikodym derivative
that is used in creating the new probability,

Ep,_ [X] =Es [d}:gw x}

The idea now is to use the exponential expression in §(T) to create a
Radon—Nikodym derivative. Then the expected value under the original
probability can be written as the expected value under a new probability,
and then as a probability under the new probability, which can be readily
evaluated. Rewrite S(T) as S(0)exp(r T)exp[— —02T +o B(T )]. The
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term exp[— o> T + o B(T)] is the Radon-Nikodym derivative - for

dp
the change of Brownian motion By, (T) & §(T) —oT.So

exp(—I TEz[S(T) 1{51)>K)] R
= exp(—r T)S(0) exp(r T)Ez {exp [—302T + o B(T)] Lism)=)}

dPnew
= O)Es | ——1 >
S(0) u»[ & sm K}}

= S0)Ep,, [1{sm=k}]

= S(O)]Pnew[Slew(T) > K]
Now Sew(T) has to be expressed in terms of By, (T) by substituting
B(T) = Buew(T) + 0T, giving

Siew(T) = SO0) exp(r T) exp [~ 30>T + 0 {Bpew(T) + 0 T}]

= S0)exp(r T)exp [%O’QT +o BneW(T)]

The sign of %O'ZT has changed. It is now straightforward to evaluate the
first term as

S(O0)Prew {S(0) exp(r T)exp [30°T + 0 Buew(T)] > K}

Rearranging gives

K
S(O)Ppew {a Bhew(T) > In [%] —(r + %UZ)T}
As Byew(T) is normal with mean 0 and standard deviation +/T, the
resulting probability equals N(d;) where

o & 5T+ + 3007
1 =

oNT
so the first term equals S(O)N(d;). The first term could have been eval-
uated by elementary ordinary probability methods, but the purpose here
was to illustrate a change of probability technique on a standard case
from option valuation theory. The technique is particularly useful in the
derivation of probability distributions which are used in the valuation of
barrier options.

Example 7.8.2. In the above example the Radon—Nikodym derivative
was found by a simple decomposition of the stock price expression.
Sometimes a bit more creativity is required, as when computing the



Change of Probability 169

expected value of exp[B(t)] for B(T) > K where K is a constant. This
can be written as Ep . [exp[B(t) 1{g(t)-«,]]. Here a Radon-Nikodym
derivative can be constructed by rearranging the exponent.

exp[B(t)] = exp [%t — %t + B(t)] = exp [%t] exp [—%t + B(t)]
d]P)l'leW
dPorig

= exp [%t]

The corresponding change of Brownian motion is Bpey(t) o B()—t

so B(t) = Byew(t) +t. Thus

E . 1 dPnew
Poie [XPIBM) T(po)- 1)1 = exp [ 5t] Ery, | (5 liBw=K)
orig

] HE’Ipnew [I{Bnew(t)+t>K}]
]Pnew[Bnew(t) > K — t]

exp [
=exp|

1
= 1t
1
>t

and

IP>new[BneW(t) > K — t] = ]P)new[\/t_z > K — t]

t—K
:IP’new[«/t_Z <t—K]= N (7)

The final result is exp[%t] N[(t — K)/+/t]. For K = —o0 this becomes
exp[%t] which is the same as using the well-known formula for the
normal random variable B(t), exp{E[B(t)] + %Var[B(t)]}.

Example 7.8.3. Here the probability distribution is derived of the run-

ning maximum of W, where W(t) o B(t) 4+ ¢t, and B is Brownian

motion under probability distribution PP. Let

M(t) = max[W(t)] on [0, t]

denote the running maximum of W. The valuation of barrier options
makes use of the joint probability distribution of W and M in the form
P[W(t) < X, M(t) > y]. This will now be derived and entails two suc-
cessive Girsanov transformations. As W is not a Brownian motion under
probability P, the first step is to change to a probability [P under which W
is a Brownian motion. To this end, write the joint probability under PP as
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the expected value of the indicator function as Ep[1wt)<x,mt)=y}]. For
the transformation W(t) &« B(t) + ¢t the Radon—Nikodym derivative is
dP L
P = exp [—§<p T-— (pB(T)]

This produces a new probability P under which W is a Brownian motion.
Converting from expectation under Pto expectation under [P, requires
d]P’/dIP’ = 1/(dIP/d]P’) This is exp[ ©*>T 4+ ¢B(T)] in terms of B(T),

but as it will be used under P, the random variable in dPp/ dP must be
Brownian motion under IP’ which is W. Expressing B in terms of W ,
using B(T) = W(T) — ¢T gives

dp
d@ = exp [2(p2T + o{W(T) — (pT}] = exp [—%gozT + goW(T)]

dP
Ep[Liwm<x, Mmt)<y1] = Ep [d_f@ HW(t) < x, M(t) < y}]

= Ep [exp[—3¢°T + oW(D)] Lwo=xMw=y]

Use will now be made of the so-called reflection principle for a Brownian
motion.* This can be used here because W is a Brownian motion under
the prevailing probability IP. Its application replaces W by its reflection
against 'y, 2y — W, giving

Es [exp [—30°T + {2y — W(T}] 1py-wo=x.mv=y) ]

Write the indicator function as 1yw)>2y—x,Mt)<y}- A further simplifi-
cation is obtained by noting that 2y — X > Yy, and that W(t) > 2y — x
implies M(t) > y (because M is the max of W). The indicator function
is then 1ywt)>2y—x}, leaving

exp(2py)Es [exp [—%GDZT — WM} Twwz2y-x]

As the first term inside E3 is a Radon—Nikodym derivative, a further

transformation to probability PP can be made using

o = exp [—3¢*T — oW(T)]

+See Annex A, Computations with Brownian Motion.
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The corresponding Brownian motion transformation is \TV(t) o W(t) +
ot. This gives

exp 2¢Y)Es [exp [—3¢°T — oW(T)} Liwy=2y-x)]

o~

= exp(2py)Ep |:d_£Pi 1{W(t)>2y—x}j|
dP
= expQeY)Es [1wity=2y-x]
= exp(2py)PIW() > 2y — X]
To get this in terms of \TV, add ¢t , giving

expeY)P[W(t) + gt > 2y — X + ¢t]

= exp2pY)PIW(t) > 2y — X + gt]
As W is a Brownian motion under P, this probability can be readily
verified. Writing \TV(t) as Z+/t, Z standard normal, gives

PIZ > Qy — x + pt)/ V] zﬁ[z = —<2yﬁ— an}

(—2y + X — ot)
N{ A ]

The final result is
=2y + X — ot
PIW(D) < X, M(1) = y] = expCyy)N [M}
Vit
The joint probability distribution in the standard form, P[W(t) <
X, M(t) < y], can be derived from the above by noting that
PIW(t) = x, M(t) = y]+ P[W(t) =X, M(t) = y] =P[W(t) <X]
as it removes the conditioning on M. Then
P[W(t) < x] = P[B(t) + ¢t < X]
=P[B(t) < x — ¢t]
Z<(X—
_p [ = wt)]
NG

[
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gives

PIWD <x, M) 1 = N[22 - exppyn [ X2

Vi Vi

The use of the change of probability in obtaining probability distributions
for barrier options is given in Eppsand Lin.

7.9 CONCEPT OF CHANGE OF PROBABILITY

The starting point is arandom variable Z whose values are non-negative,
and which has expected value 1. This expected value can always be cre-
ated by scaling the values of an arbitrary non-negative random vari-
able by its mean. If f(2) denotes the density of Z at Z = z, then
E[Z]l=1= fzojo zf (z) dz. Consider interval A = [0, a]. Let 1 denote
the indicator variable on set A; it has value 1 on A and O elsewhere.
Then Z 1, is a random variable with values in the range [0, «]. Its ex-
pected value is E[Z 15] = fza:O zf (2) dz which is a function of upper
integration limit «. Denote it by f@(a). This function has the following
four properties:

(i) If & = 00 then P(c0) = }O zf(2)dz=FE[Z] = 1
z=0
. 0
(i) If o = 0 then P(0) = [ zf(2)dz=0

z=0

o

(iii) Forany 0 < & < oo, [ zf(z)dzis positive because z in the inte-
z=0

grand is positive by the definition of Z as a strictly positive random

variable, and f(2) is positive because it is a probability density
(iv) Function P(«) increases monotonically with «.

Thus P is a probability distribution function. The reason that E[Z] had
to equal 1 is now clear. If E[Z] # 1 then IP’(oo) would not equal 1 and P
would not be a probability distribution. The corresponding density, here
denoted g, is obtained by differentiating the distribution function with
respect to the upper integration limit o, g(o) = dIP’(oz) /da = af (a).
So @ = g(a)/f (@) is the ratio of densities at Z = «. This can also be
written as g(«) do = «f f () da] where g(o) do is a small amount of
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probability located at @ which is often denoted as d@(a), and simi-
larly f(er)de is denoted dP(«). In this notation dP(e) = o dP(«), or
o = dP(a)/dP(). As « is a value of random variable Z, this can be
written as Z = dP(«r)/dP(«). It is the ratio of a small amount of new
probability, dP, to a small amount of original probability, dPP. In the liter-
ature this ratio is named after the mathematicians Radon and Nikodym
who established a property in real analysis which was subsequently
employed in probability theory. There are several names in use. The
name Radon—-Nikodym derivative comes from the appearance of the ra-
tio as a derivative, and is used in this text. The name Radon—Nikodym
density expresss how much probability mass there is in dIP in terms
of dPP. It is also known as the likelihood ratio. But detached from this
mathematical origin, one might call it the redistributor of probability
mass.

Because the Radon—Nikodym derivative is a ratio of probability
masses, the probability of values that cannot occur must be the same
under probability distributions P and [P, otherwise there could be a situ-
ation where a positive dP is divided by a zero value of d]P’ or vice versa,
dP is divided by a zero value of dP.

In advanced probability books this is described in the following terminology:

Absol utgly Continuous Probabili ty: If forany event A, for which P[A] = 0, it follows
that P[A] = 0, then probability P is said to be absolutely continuous with respect
to probability IP. This is written as P<<P (double inequality sign).

Equwa]ent Probabllltleﬁ Ifboth? << Pand P << IP’ that is if P[A] = 0 implies
IP’[A] =0, and IP’[A] = Oimplies ]P[A] =0, then Pand P are said to be equivalent
probabilities. This is denoted as P ~ P. The corresponding probability spaces are
(2,3, P) and (2, 3, P).

Note that both probabilities are defined on the same o -algebra of events 3, that is, the
events on which the probabilities are defined are the same, but there are two probabilities
for each event. In more technical terminology: two probability measures I’ and P defined
on the same event space 3, are equivalent if they have the same null sets. From the work
of Radon and Nikodym in real analysis it can be derived that if P and [P are equivalent
probability measures on the space (€2, J), then there exists a unique random variable Z
such that for all events A € S it holds that

ﬂm:/zwzmmu]mdmﬂzflﬁz%ihq
A z z

A
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7.9.1 Relationship between Expected Values under Equivalent
Probabilities

For a function h of random variable X, the expectation under P can be
expressed in terms of the expectation under P as

~ dP dP
E@[h(X)] = f h(X)dP = / h(X)@ dP =Ep [h(X)@:|
= Ep[h(X)Z(X)]

Note that d@/ dP is a function of the single random variable X, so the
expression of which the expectation is taken involves only X. To get
the expectation of a function of a random variable under probability
P, multiply the function by random variable dP/dP, and take the ex-
pected value under probability IP. A change of probability does not affect
the value of an expectation because the random variable of which the
expectation istaken is adjusted.

In the Girsanov transformation the Radon—Nikodym derivative is an
exponential expression because it is the ratio of Brownian motion den-
sities which are exponential. If the densities in the ratio are other than
normal, then the Radon—Nikodym derivative is not necessarily exponen-
tial, as illustrated in exercises [7.10.1] and [7.10.7].

In the literature the original probability is usually labelled P. It is the
P in the familiar expression for the probability that a random variable X
takes values in a specified interval, P[a < X < b]. The new probability
is often labelled Q in the literature and the new probability of this event
is then written as Q[a < X < b]. Butin order to maintain the familiarity
with the well-established P notation, notation such as P*, P, P, is also
widely used.

7.10 EXERCISES

[7.10.1] (from Epps) Random variable X has the exponential distri-
bution with density exp(—X). Random variable Y has density
X exp(—X). Determine the Radon—Nikodym derivative, and plot
its graph.

[7.10.2] Random variable X is N(O,i) under probability PP. Let Y &f

X + . Under probability P, Y is N(O, 1). Determine the
Radon-Nikodym derivative.
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[7.10.3]

[7.10.4]

[7.10.5]

[7.10.6]

[7.10.7]

[7.10.8]

Random variable Y is N(O, 1) under probability P Let X &

Y — . Under probability P, X is N(0, 1). Determine the
Radon-Nikodym derivative.

Over the time period [0, T] the random terminal stock price
S(T) is related to the given initial stock price S(0) =1 by
S(T) = expl(n — lGZ)T] + o Bp(T)] under the original prob-
ability IP; u is the true growth rate of the stock price. Under
the risk-neutral probability P it is S(T) = exp[(r — L1oHT +
o Bs(T)] where r is the risk-free interest rate.

(a) Derive the expected value of S(T) under P,

(b) Derive the Radon—Nikodym derivative dIP’/dIP’ by which
the density of B(t) can be transformed to the density of
Ba(T).

(c) Givetheexpected value of T )under IP and then transform
this to the expected value of S(T) under PP.

Let random variable W be defined as W(t) o B(t) + ¢t where

B is Brownian motion. Specify the Radon-Nikodym derivative
Z that creates a new probability distribution P under which W
is a Brownian motion. Then use Z to compute E[W(t)] from
E[W(t)Z(t)].

Revisit Chapter 6 and show the following:
(a) Ep[Z(T)S*(T)] = S(0)

(b) Ep[Z(T)V*(T)] = V(0)

(©) Ep[Z(T)VF(T)] = E[V*(T)]

Redistribution of Poisson probability massLet random variable
X have a Poisson distribution with parameter A,
kk
P[X =k] = We—A for k=0,1,2,...
Derive the Radon—Nikodym derivative for a change of probabil-
ity from parameter A to A,. Construct a graph of the probability
masses and the Radon—-Nikodym derivative.

First passage of a barrier Annex A, Section A.4, derives the
probability density of the random time of first passage of a hori-
zontal barrier. The object of this exercise is to derive the density
when the barrier is straight with upwards slope u, starting at
level L. This can be done with a Girsanov transformation.
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[7.10.9] Bachelier type stock price dynamics Let the SDE for stock
price Sbe given by dS(t) = n dt + o dB(t), where p and o are
constant. Derive the SDE for Sunder the money market account
as the numeraire. Then turn this into a martingale by a suitable
Girsanov transformation, and specify the expression for the
Radon—Nikodym derivative. Thereafter derive the SDE for the
undiscounted stock price and solve that SDE. Finally, using
this latest stock price, derive the expected value of max[(T) —
K, 0] where K is a constant.

7.11 SUMMARY

What is generally called a change of probability measure in the liter-
ature, is a redistribution of probability mass. The best introduction to
how this works is for a discrete probability distribution, because that
has a distinct probability mass associated with each possible value of
the discrete random variable. Section 7.1 explains in a simple example
how the original probability masses p;, P2, P3, are redistributed to new
probability masses (i, ¢z, Oz. It then shows how an expected value of
a function of the discrete random variable can be computed under the
new probabilities . The numerical expected value is the same because
of the adjustment by the Radon—Nikodym derivative. If probabilities
and p are both known for all possible values of the discrete random vari-
able, then the ratio g; /p; for each i is the factor by which the original
probability mass p; is changed; it is the value of the probability redis-
tributor at i. Alternatively, if the values of the ratio are given, then the
new probability distribution can be readily computed from the original
one. This same recipe can be applied to continuous probability distribu-
tions. Let X be the random variable, f the original probability density at
X = X, and g the new probability density. The probability that X takes
a value in the interval X + AX is f(X) AX or g(X) AX. The ratio of the
new probability mass to the original is 9X) AX " which is the ratio of the

f(x) Ax’
densities at X = x, 2% Thus to use g instead of f, the density has to

be multiplied by g()(f)(;)f (X). The redistribution method can be applied
to any probability distribution, provided the range of outcomes is not
modified. A redistribution of probability does not necessarily keep the
type of density. However for some distributions it is possible to keep the
type of distribution. This is shown in Section 7.2 for a normal distribu-

tion. Because the new density and the original are both of an exponential
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form, the ratio can only be of exponential form. Section 7.3 applies this
to another normally distributed random variable, namely Brownian mo-
tion. The new random variable is connected to the original one via the
constant ¢. Section 7.4 extends this to where ¢ is a random process;
that is the so-called Girsanov transformation. The Radon—Nikodym is
a random process. Its values are positive, because otherwise it would
create a new probability density that was negative.

Further information on the Radon—-Nikodym derivative can be found
on the Internet in Wikipedia.






8

Numeraire

In Chapter 6 the savings account was used as the numeraire in option
valuation. In some applications it is advantageous to use a different
numeraire. How this works is described here.

8.1 CHANGE OF NUMERAIRE
8.1.1 InDiscrete Time

The method of option valuation on a one-period binomial tree, as de-
scribed in Section 6.2, used the savings account as the numeraire. This
produced a probability under which the price processes of all assets in
the model were martingales when their values were expressed in terms
of this numeraire. This so-called martingale probability appeared as a
natural byproduct in the derivation. It turns out that there is a direct
link between the numeraire and the martingale probability. If a different
numeraire is chosen, then a different martingale probability results. To
illustrate this, consider again the one-period binomial model, but now
use the stock price as the numeraire. This is not a natural choice, but is
used here to illustrate the change of numeraire concept. The values of
the savings account at times O and 7" are now expressed in terms of the
corresponding values of the stock price, as shown in Figure 8.1.

The martingale probability is determined from the condition that the
savings account value process, measured in terms of the stock price
as the numeraire, must be a martingale. The equation for finding this
probability p is

1+r 1+r 1
p(F)““’”( ds )‘E

The unique solution is

u(l+7r)—ud | ud —d(1+r)
P= W =adad+nr P= 0 =ad+n
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(1+r)/us

1/s
(1+1)/dS

Figure8.1 Savings account values under stock price numeraire

It is now shown that if the replicating portfolio value is expressed
in terms of the stock price as the numeraire, then that process is also a
martingale under probability p. That is the equivalent of what is shown
in Section 6.2, but using the stock price as the numeraire instead of
the savings account. At the beginning of the period, form a replicating
portfolio of o shares of unit price S, and f amount of savings account.
This initial replicating portfolio has the value V(0) = aS + . At the
end of the period, this portfolio has the value V (7). In the up-state, the
stock price is uS and the savings account value has grown to S(1 4 r)
$0 V(T )y = auS + B(1 +r). In the down-state, the stock price is dS
and the savings account value has grown to B(1 4+ r) so V(T )gown =
adS + B(1 + r). Now express the values of the replicating portfolio in
terms of the numeraire.

initially V(0)/S =[aS + Bl/S = a+ Bl1/S]

in up-state V(T)yp/uS = [auS + B(1 +r)]/(usS)
= o+ BI(L+7)/wS)]

in down-state V(T )gown/dS = [ad S+B(1 +r)]/(dS)
=a+ Bl +r)/dS)]

Note that in the above expressions the last [- - - ] are the discounted values
of the savings account. The dynamics are shown in Figure 8.2.

V(T)ypluS

V(0)/S
V(T )down/ ds

Figure8.2 Replicating portfolio values under stock price numeraire
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The expected terminal value of the discounted portfolio, using prob-
ability p, is

ofreo ()] rmnlreo (55)]
—ora[o () ra-n (5]

Carp(l) -0

The last line follows from the expression for p above, as the term in
[---] equals 1/S. Thus under probability p, the replicating portfolio
value process under the stock price as numeraire is a martingale, just as
it was a martingale under probability ¢ when the savings account was
used as the numeraire. Hence the option pricing expression under the
stock price numeraire is

@ _ V(T)up _ V(T)down
S _p[ uS }+(1 p)[ s }

The stock price process itself, expressed in terms of the stock price as
numeraire, has the constant value 1, as its initial value is S/, its up-
value uS/(uS), its down-value dS/(dS), so it is also a martingale. All
assets in this model are martingales under p, as soon as one of them is a
martingale. That was also the case under ¢g. The ratio of the probability
masses is

p ull+r)y—ud j1+r)—d u
for the up-movement - = /
q

T wu—di+n! w—a —1+r
l—p_ud—d(l—i—r) u—1+r) d

for the down-movement = =
l—q @—d)(1+r)) (u-—d) l1+r

Each equals the ratio of the numeraire, scaled by its initial value, that is,
uS/S divided by (1 4+ r)/1 and dS/S divided by (1 + r)/1. The Radon—
Nikodym derivative for expressing an expected under p as an expected
value under ¢ is a discrete random variable, say Z, with values

Zup:_: Zdown:——
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If X is a discrete random variable with values X, and X gown, then

IE':p[X] = Eq[XZ] = XupZupq + XdownZdown(1 - Q)
l1-p
1—(1 -q)
-9
= Xupp + Xdown(1 - P)

p
= Xup;q + Xdown

8.1.2 In ContinuousTime

Section 6.3 described the valuation of a European option by the martin-
gale method. In that exposition the interest rate was treated as constant.
Now consider the same valuation under a random interest rate. The initial
value of the option is

T
V(0) = Ep |:exp (—/ r(u) du) V(T):|
u=0

The expected value Es is under martingale probability @, which is the
probability distribution under which asset prices are martingales when
discounted by the savings account as numeraire. Generally the expres-
sion for the payoff at maturity also contains r, so when r is random the
expression in [- - -] is the product of two random variables, the discount
factor exp(— fuT=o r(u) du) and the terminal payoff V(T'), which are not
independent. Computing this expected value requires their joint proba-
bility distribution and is complicated. The valuation can be simplified by
using another numeraire than the savings account. If the numeraire was
the time-7 value of a non-defaultable zero-coupon bond which matures
at the same time 7 as the option, denoted P(¢, T'), then there would be a
corresponding probability distribution, known as the T -forward proba-
bility measure, here denoted P”, under which V(¢)/P(t, T) is a martin-
gale, so V(0)/P(0,T) = Epr[V(T)/P(T, T)] where Epr denotes the
expected value under P7, and P(0, T) is the time-0 price of the bond
which is observable. But as P(T, T) = 1, the valuation expression sim-
plifies to V(0) = P(0, T)Epr [V (T)]. This simplification happened by
design, namely by using a bond with maturity equal to the option ma-
turity. V(0) has the same form as the martingale expression using the
savings account, but the expectation Epr uses the different probabil-
ity distribution P”. It remains to determine this martingale probability.
There is no joint probability distribution required.
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Another example is a so-called exchange option in the standard Black—
Scholes framework. This is based on two stock prices, S| and S;, which
are driven by correlated Brownian motions. In the case of a European
call, if §1(T) > S»(T), the call holder can buy §,(T) by paying S>(T').
Thus at maturity there is the option to exchange stocks. The dynamics
of stock prices S;(¢) under P are

ds;(t)
Si(7)

where r and o; are constants, and dﬁl(t) d/éz(t) = pdt. The exchange
option payoff is c(T)% max[S;(T) — S»(T), 0]. Computing initial
option value c¢(0) = exp~"? Es[c(T)] requires the joint probability
distribution of S; and S, which is bi-variate lognormal. But the
formulation can be simplified by factoring out S>(7"). That makes
S, the numeraire and c(7)/S:(T) = max{[S\(T)/S>(T)] — 1, 0}.
Introducing random process F as the ratio of random processes S; and
Sy, F(1) & [S1(¢)/S2(2)], formulates the option valuation with F as the
underlying asset, as ¢(T')/$2(T) = max[F(T) —_1, 0]. For numeraire
S, there is a unique probability distribution, say [P, under which F is a
martingale, and also the replicating portfolio value and hence the call
value. When P has been found, the initial value of the option, in terms
of numeraire S,, can be computed as

c(0)
52(0)

—rdt +o0,dB;(¢t)

= Ex{max[F(T) — 1,01}

where Ez is under P. To find the dynamics of F' under P, apply Ito’s

formula to the ratio of the random processes S;(¢) and S»(#), giving
dF(1)
F(r)

[022 — ,00102] dt + o) dﬁl(t) — 0oy dﬁz(t)

Using Section 4.6, the Brownian motion terms can be combined into
a single new independent Brownian motion Bj(f), under the same
probability P hence the ~ notation, and

dF ()

"0 03 — pove] di + o1 B0

def .
where 02 = 02 — 2po102 + o2 In order for F to be a martingale,

its SDE has to be made driftless. This is achieved by the Girsanov
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transformation to a new Brownian motion B under probability P.
or dB(1) £ [0} — por0y] di + o dBs(1)

Then dF(t)/F(t) = ord E(t) under probability P.

8.2 FORWARD PRICE DYNAMICS

Again let P(¢, T') denote the price, at time ¢, of a non-defaultable zero-
coupon bond maturing at 7. The price of a traded asset, X (¢), expressed
in terms of this bond price as numeraire is known as a forward price,
denoted

F(t) e _X0)
PG, T)

forO<t<T

The corresponding probability measure under which F' is a martingale
is now derived for two cases.

8.2.1 Dynamicsof Forward Price of a Bond

The price of a bond maturing at 75, expressed in terms of the price of a
bond maturing at the earlier time 77, is the ratio P(¢, T»)/ P(t, T1). As
the 77-bond serves as the numeraire, it is the forward price for time 7;
of the 7>-bond. This ratio is here denoted with running clock time ¢ as
F(t), where for greater readability references to the fixed maturity dates
have been omitted. For further convenience P(t, T;) is abbreviated as
P;, so

P, T P
Foy & (t, T) _ B
P, T) P

o~

The bond dynamics under P are given as dP;/P; =r(t)dt +
0;(t)dBp(t), so P; is a martingale when discounted by the savings ac-
count. Note that the bond prices are driven by the same Bp(t), only
their time dependent non-random volatilities o; () are different. By Ito’s
formula

dF _ dP dP2+(dP1)2 dP dP

F P, + P, ) P P
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Using the bond dynamics d P; / P; then gives

F ~ ~
d? = —[r(t)dt + 01(t)dBp] + [r(t)dt + 02(t)dBp] + o1(¢)* dt

—o1(t)or(t)dt
= [01(t)> — o1(t)or(t)] dt + [02(t) — 01 (1)] d Bp
= [02(t) — 01(1)][—01 () dt + dBp]

Applying the Girsanov transformation dB = —oi(t)dt +d §p gives
dF
F T [02(2) — 01()] dB

With the notation o7 (1) = oy(t) — 0(1),
dF(t) B
m = O'F(t) dB(t)

This is driftless, so F' is a martingale under the probability distribution
of Brownian motion B. The SDE is the familiar geometric Brownian
motion, now with a volatility that is time dependent, and solution

F(t) = F(0)exp |:—% / or(s) ds + / crp(s)dB(s)i|
s=0 s=0

8.2.2 Dynamicsof Forward Price of any Traded Asset
Let the dynamics of traded asset X under P be specified as

dX(t)

X0 =r(t)dt + ox(t)dBx(t)

and the bond price process as
dP,T)
P, T)

Both processes have a time-dependent non-random volatility. When dis-
counted by the savings account, exp [ fs t:Or(s)ds], both have a drift-
less SDE. This drift specification entails no loss of generality as risk-
neutrality can always be achieved by a Girsanov transformation. In
general, the above Browrli\an mo}jons By and Bp can be correlated
with coefficient p, so dBx(t)dBp(t) = pdt. As the forward price
F = X(t)/P(t, T) is a function of the two variables X and P, Itd’s

— r(t)dt + op(t) dBp(t)
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formula gives
dF _dX dP (dP\> dXdP
F X P P X P

Substituting the dynamics of X and P gives
d?F = [r(t)dt + ox(t)dBx] — [r(t)dt + op(t)dBp] +
+op(t)’ dt — pox(t)op(t)dt
= [op(t)? — pox(op()]dt + ox(t)dBx(t)

—op(t)dBp(t) @)
The two correlated Brownian motion terms will be first combined into
o (t)dB;(t) where
o) & oy (1) — 2p0x1)op(t) + op(r)?, according to Section 4.6.
Then
dF(t)
F(1)
The Girsanov transformation o (¢) dB»(t) oo [op(t)>—pox(t)op(t)]dt+
o (t)dB(t) now gives the driftless SDE
dF(t)
F(1)
So F is a martingale under the probability distribution of Bj.
Alternatively, in expression (*) the driftAterm can be remgved by a

Girsanov transformation which uses either Bp or By. Taking Bp, a new
independent Brownian motion B3 is defined by

dF(t)
F(t)

= [op(t)* — pox(t)op(t)]dt + o(t)dBi(t)

= o(1)dBs(1)

—op(1)dB3(t) £ [0p(1)* — pox(t)op()]dt — op(t) dBp(t)
giving the driftless SDE

dF' n
?(tt)) = ox (1) dBx(1) — op(r) dBs(1)

This is a geometric SDE with two driving Brownian motions which
can be solved by using In[ F'] as the trial solution. Itd’s formula gives

~

d{In[F]} = % — 2(%). As Bx and Bj are independent

dF\?* ) 5
(7) — oy (1) dt + op(t)dt
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and
1 ~
d{In[F]} = —E[Ux(f)z + op(t)?]dt + ox(t) dBx(t) — op(t) dB; (1)

For option valuation it is convenient to have a single driving Brownian
motion. This can be obtained by combining oy (¢) dB x(t) — op(t)dBs(t)
into o (¢) dB4(t) where o (¢)? =i x(t)> — 2pox(t)op(t) + op(t)*. Thus
F can be written as ;(E’) = (1) dB4(1).

This may seem a bit long, but it is intended as practice in creating

martingale dynamics for use in option valuation.

8.3 OPTION VALUATION UNDER MOST
SUITABLE NUMERAIRE

In Section 6.5 it was shown that if, under a probability IP’ a random
process S* is a martingale with SDE dS*(r)/S*(t) = crdB(t) then for a
standard European call

Es{max[S*(T) — K*, 0]} = S*(0)N(d,) — K*N(d»)
where
e In[S*(0)/K*] + $0°T
oT

This will now be used to write down the value of various options based
on a martingale F with SDE of the form d F/F = or(t) dB(t), without
the need for rederivation from basics.

dzdéfdl —O’«/T

8.3.1 Exchange Option

c(0)

S0 Es {max[F(T) — 1,01}

Here S*(T) becomes F(T) = Sl(T)/Sz(T) K* becomes 1, o°T be-
comes O'FT where JI% = 01 + 02 — 20107p. The expected value ex-

pI'CSSlOIl becomes

51(0)
$2(0)

SO 4 1,2
fln[S;(O)] +30:T

N (471) — N (472) where d1 & —y
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and
C’l; def 7 dl — o \/—
Thus

S51(0)
S$>2(0)

= S{OIN(d)) — S>(0)N(d>)

c(0) = 52(0) { N(dy) - N(dz)}

Both stock prices grow at the same rate r, thus their ratio has no growth,
and the option price is independent of r.

8.3.2 Option on Bond

c(0)
P(O’ Tl)
Here S*(T) becomes F(Ty) = P(T}, T,)/P(Ty, Ty), K™ becomes K,
02T becomes X2 = fzio or(t)* dt where op(t) défaz(t) — 01(t). The ex-
pected value expression becomes

P(0, Tz) ~
PN (@)~ N (@)

= Es{max[F(T) — K, 0]}

P(0,77) 152
~ def I PO.T)K 32
where d| = % and d2 d1

Thus
P(0, T) ~
c<0>=P(0,T1>{ o1 (@) - KN(dz)}

= P(0, )N (d) — PO, T)K N ()

Compared to the pricing expression of a standard European call on S,
the equivalent of S(0) is P(0, T»), the initial value of the underlying
bond price. The discount factor on K is P (0, T}), the random version of
exp(—rTy).

8.3.3 European Call under Stochastic Interest Rate
The SDE for stock price S(¢) under Pis
dS(t)

W = r(t)dt +USdBS(t)
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The analysis will use P(¢, T') as numeraire, where
AP, T)

PeT) =r(t)dt +op(t)dBp(t)

Assume that the driving Brownian motions are independent, dﬁs(t)

d/ép(t) = 0. The forward price of § for delivery at T is F(¢) &f

S(¢)/P(t, T). As pointed out earlier, the bond used in the forward price
must mature at the same time as the option. The SDE for F' follows from
the routine application of Itd’s formula to the ratio of random processes
S and P, as

dF -~ ~
- = op(t)* dt + o5 dBs — 0,(t)dBp
= 0,(1)[o,(t)dt — dBp] + o5 dBs
Applying the Girsanov transformation —dB(t) o o,(t)dt — dﬁp(t)
produces the driftless SDE
dF ~
? = —Up(t)dB + oy dBS
The linear combination of the two independent Brownian motions can
be replaced by a single Brownian motion W with volatility oz(t), where
2 def 2 2 . .
orp(t)” = 0,(t)” + 0§, giving
dF(t)
F(t)

Use as numeraire the bond that matures at the call maturity date, P(t, T).
Then c(t)/ P(t, T) is a martingale and

c(0) _E max[S(T) — K, 0]
PoO.T) © P(T,T)

= Epr {max|: S(T) — K,O]}
P(T,T)

= Epr {max[F(T) — K, 0]}

=op(t)dW (1)

Here S™(t) becomes F(t) = S/ P, T), K* becomes K, o>T be-
comes

T T
Zz et / or(t)?dt = / [0,(t)* + o3ldt = / o, (1) dt + 02T
t=0 =0

T
t=0
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The expected value expression becomes

In|-3Q ] +1iy2
S(0) ~ ~ ~ def [P(O,T)K 2
PO. T)N (dl) —N (dz) where d; = S
and c?z dzefc?l —opT.
Thus
_ S(0) ~y ~
c(0)= P(0,T) {7P(0, T)N (di) — KN (dz)}

= SN (di) — PO, T)K N (d>)

To go any further, the expression for the bond price volatility o, (1) must
be known, and this depends on the underlying interest rate model that
is used. By way of check, if the interest rate is constant, o,(t) = 0,
or(t) = o5, 2% = 02T, P(0, T) = exp(—rT), and the standard Black—
Scholes pricing expression is recovered.

84 RELATING CHANGE OF NUMERAIRE
TO CHANGE OF PROBABILITY

In the first part of Section 8.1 it was shown in the binomial framework that
each choice of numeraire induces its own unique probability distribution.
The expectations under these probability distributions are connected via
the Radon—-Nikodym derivative, as discussed in Chapter 7. This Radon—
Nikodym derivative can be expressed as a ratio of the numeraires, as
will now be shown.

Let N(¢) denote the value of a numeraire at time ¢. The value
of the terminal option payoff V(T') expressed in units of this numeraire
is V(T)/N(T). For this numeraire there is a probability distribution
under which the discounted V(7T') is a martingale. Now consider two
numeraires, N and Npey, With respective martingale probabilities Poig
and PP,.,,. For greater readability the conditioning is suppressed in what
follows.

| [ V(T) }_ V(0)
e Norig(T) B Norig(o)

or V()= Norig(O)Eorig |: Vi) :|

Norig(T)

IEnew |: V(T) ] = V(O) or V(O) = Nnew(O)Enew [ﬂ}
Nyew(T) Niew(0) Nuew(T)
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where Ei, and [, denote expectations under the respective probabil-
ities. Equating the expressions for V(0) gives

V(T)

Nnew (O)Enew [m

V(T
i| = Norig(O)Eorig |: ( ) i|

Norig(T)

. [ V(T) }_ Norig(©) [ V(T) }
new - orig | N7 /N
Nnew(T) Nnew(O) Norig(T)

V(T) g VT) New(T)
Norig<T) Nnew<T) N(»rig(T)
B [ V(T) }_ [ V(T) NneW(T)/Nnew(O):|
mew | 7, . | — ‘orig
Nnew(T) Nnew(T) Norig(T)/Norig(O)

The left is the expected value of V(T') based on the new numeraire Nyey,
computed under the new probability P.,,. The right is the expected value
of the same random variable V(T')/Nyew(T) multiplied by the random
variable Wm, computed under the original probability Pg,.
This random variable is the Radon—Nikodym derivative, say Z(7'), and

gives the relationship between expectations under different numeraires

as
E,.. [ﬂ} = Eorg [ﬂ Z(T)}

Writing

Nnew(T) Nnew(T)
V(T T Pnew
#dpnew = V( ) d—d orig
Nnew(T) Nnew(T) dIP)orig

Equating this to
V(T) Niew(T)/Nnew(0)
Nnew(T) Norig(T)/Norig(o)

d Porig

gives
d]P)new _ NHBW(T)/NHBW(O)
dPorig Norig(T)/Norig(O)
for going from Py to Pyey. The numeraire values at time 7 are scaled

by their initial values. A discrete example was shown in the first part of
Section 8.1.

Example8.4.1 Let X be the price of an asset under the money market
account M as numeraire; recall that dM(t)/M(t) = r(t)dt, M(0) = 1.
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As before, let P(¢, T) denote the time-¢ price of a non-defaultable zero
coupon bond maturing at 7', which evolves according to
dP(t,T)

]%LT):rOﬁh+oA0dBU)

where Brownian motion E(t) is under probability @, the probability
under which the bond price expressed in terms of M as numeraire is a
martingale. The probability which corresponds to the use of the 7-bond
as numeraire is called the 7'-forward probability measure, and is denoted
PT.

dP" P, T)/P(O,T) P(t,T)/P©O,T)

P M@®O/MO) M)
The expressions for P(t, T) and M(¢t) are

PQYU:]%QT)wp{/I[M@—%oﬂﬁﬂ¢m41/toﬂﬂd§®4
s=0 s=0

M(t) = exp |:/ r(s)dsi|
s=0

So
dpPT ! 2 ! )
ﬁ :exp{—%/ op(s) ds+/ Up(s)dB(S)}
s=0 s=0

85 CHANGE OF NUMERAIRE FOR GEOMETRIC
BROWNIAN MOTION

Let N, and N, be numeraires specified by

aNi) dt + o, dB. (1) N, (0) k
= o nown
Ni() 1231 1 1 1
dN(t
ﬂ)zmm+@wm) N,(0) known
No(2)

where By and B, have correlation coefficient p, so dB; dB»(t) = p dt,
and 1, 01, o, 02, are constants. Numeraires have to be strictly positive,
and here they are as the SDEs are geometric Brownian motion. The
corresponding probabilities under which asset prices based on these
numeraires are martingales, are denoted [P and IP,. The Radon—Nikodym

derivative for constructing P, from IP; is denoted Z(¢) &ef dP,(1)/dP(t).
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It is the solution to the driftless SDE for Z, dZ(t)/Z(t) = —¢ dB(t);
Z(1) = exp[—%gpzt — @B(¢). It is also the ratio of the numeraires scaled

by their initial values, Z(t) = %. Thus Z can be found by

(i) deriving a driftless SDE for Z of the form d Z(t)/ Z(t) = —¢ dB(t)
(i1) using the expressions for N} and N, and taking their ratio.

The derivations are as follows.

Method (i) SDE for Z 1to’s formula applied to Z as the ratio of N,
and N, gives

dz _ _dNy  dN, (dN, > dNydN,
zZ N M N, Ni N,
Substituting the SDEs for N gives

d7Z
- = —[prdt +o01dB, ()] + [2 dt + 02dB(1)] +

+o,2dt — po10, dt
= [—1 + p2 + 0f — pojoaldt — o1 dB,(t) + 02 dBs(t)
=mdt —o,dB,(t) + 02 dB,(t)

where m is shorthangi ffor the drift coefficient. To deal with the cor-
relation, write B,(f) = pBi(t) ++/1 — p2Bs(t), where Bs is another
independent Brownian motion. Then the random terms become

—01 dBl (1) +orlpdBi(t) ++/1— ,02 dB5(1)]
= [poy — 011dB,(t) + 02/ 1 — p? dB3(t)

This is alinear combination of two independent Brownian motions which
can be replaced by o B4(t) where

def
02 E [poy — o1 * + oo/ 1 — p?)? = of —2p0i10y + 05
)

d7Z m
& =mdi+odByn) =0 [— dt + dB4(t)]
O

The Girsanov transformation dBs(r) def (m/o)dt + dB4(t) turns this
into the driftless SDE d Z(t)/Z(t) = o dBs(t). Thus ¢ = —o.



194 Brownian Motion Calculus

Method (ii) Ratio  Solving the SDEs gives
Ni(1)
N1(0)

— e(#]*%UIZ)IerB, (1)

Na(1) _ ma=1od) i+ B,0)
N>(0)
SO
e(uz—%azz)l-i-Usz(f)
Z= T L v o
e(ﬂl—§01 )t+o1B, (1)
— e[(uzﬂh)*%(022*012)]1+0232(1)*01Bl(t)
In the exponent, replace o, B,(t) — 01 B1(t) by o B3(t), as in Method (i),
giving
l(a—1)—3 (03 —0P)li+0 B3(1)
But this is not yet is the standard form dP,(z)/dP(¢). The first term in

the exponent needs to be changed to —%azt. This can be done by the
Girsanov transformation

def
—1o% +0B,(t) = [(u2 — 1) — 4 (07 — 0})]t + 0B, (1)

or

t+o0B,(1)

B,(1) = {(“2 — ) =3 (ZS —of) + %¢2t:|

Then dP,(1)/dP(t) = exp[—30°t + o B4(1)] as before.

8.6 CHANGE OF NUMERAIREIN LIBOR
MARKET MODEL

This section illustrates the use of the ratio property of the Radon—
Nikodym derivative in the interest rate model known as the LIBOR
market model. LIBOR is a forward interest rate quoted at present time
t for the future period [7;, T; + 8], and is denoted here as L(t, T;). It
is defined from the prices of non-defaultable zero-coupon bonds as
P(t, T;)/P(t, T;1) = 1 + 6L(¢t, T;) where P(t, T;) denotes the time-t
price of a bond which matures at 7;. In this model there are pairs of
driftless SDEs by which the LIBORs for successive periods are re-
lated. For the purpose of this discussion these are given, and there is
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no need to know how they were derived. The dynamics for the L that is
in effect in the period [Ty, Ty+1]is dL(t, Ty)/L(t, Ty) = Ay dWy 1
where W denotes Brownian motion. The L for the preceding pe-
riod [Tn_1, Ty] is specified under a different Brownian motion by
dL(t, Ty_1)/L(t, Ty—1) = Ay—1 dWy. Each L is a martingale under its
own probability distribution. Each W is indexed by the end date of the
period during which it is in force. The aim is to express the SDE for
the earlier L in terms of the Wy of the later L (the N index is used
backwards). The link is the Girsanov transformation

AWn () € dWy 1 (1) — o) dt

The corresponding Radon—Nikodym derivative is thus

t t
Z(t) = exp [ f @(s) AW (s) — 4 f 9(s)? ds]
s=0 s=0
where random process ¢ has to be determined. This can be done by

equating two expressions for Z. One expression is the SDE

dZ(1)
Z(t)

= @) dWn41(1)

The other expression follows from Z being the ratio of numeraires

P, Ty)/P0,Ty) PO, Tyq1) P(1,Ty)

Z(t) = =
O = B Ty )/ PO. Tus) — PO.Ty) P Tnsr)

Expressing P(t, Ty)/P(t, Ty4+1) in terms of L via its definition
L(t, Ty) = 5 [P(t, Ty)/ P(t, Ty+1) — 1] gives

P(t,Ty)
P Ty TV
Then
_ PO, Ty41)
Z(t) = 7P(O, T [14+68L(t, Ty)]

where P(0, Ty.1)/P(0, Ty) is an observable constant. So

_ P(0, Tyi1)
dZ(t) = O SdL(t, Ty)



196 Brownian Motion Calculus

To express this in the formdZ/Z, P(0, Ty+1)/ P(0, Ty) is expressed in
terms of Z
PO, Ty.) _ Z()
P, Ty) 14+ 8L(t, Ty)
Substituting this, and using the SDE for L(t, Ty) gives
Z(1)

dZ(t) = ————8AyL(t, Ty)dW, t
() 182G, Tw) NL(t, Ty) dWnii(1)

dZ(t)y 8L, Ty)
Z(t) 1 +48L(t, Ty)

AndWyni1(2)

Equating the two expressions for d Z(t)/Z(t) then gives

SL(t, Twn)

LRI i

which is a random process. In Bjork, Chapter 25, it is argued that this
satisfies the Novikov condition that was mentioned in Section 7.4. So
SL(t, Ty)

dWyx(@) =dW, $)— ———
N () N+1(1) T30 To) N

Similarly, by changing N to N — 1

dWy_i(t) = dWy (1) OLU.Tv-) ,
N—1f) = N 1+ 8L Ty_) N-1

The following sequence of transformations then results in the dynamics
of all LIBORs being expressed in terms of one driving Brownian motion,
namely the terminal Wy ;.

Start with

dL(t, Ty)

=AindW
L. Ty) NAWN+1

Expressing

dL(t, Ty—1)

=Av_1dW
L(t, Ty N'1O0N

in terms of d Wy 4 by substituting

OL(t, Tn)

o N G ydt
1+ 8L(t, Ty)

dWy =dWy, 1 —
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gives

dL(t, Ty_ SL(t, T

4L, Ty-1) =An—1 |dWyy — ¥AN dt

L(t, Tn-1) 1+ 8L, Tn)

OLUTN) 5 aonrdi + o dW
1+ 8L, Ty) NAN-1 N-1aWnN11

Now expressing the preceding

dL(t, Ty—>)

——————— = An_2dWy_

L, Ty V200N

in terms of d Wy by substituting
SL(t, Ty-1)

AWy | =dWy — — N1 5 de
N N sLa, Ty ) M
and
dWy = dW OLWTv)
N N T s La, Ty Y
gives
SL(t. T, SL(t. T,
AWyoy = dWysy — —EE TN, g OEC TN, 0
1+ 68L(t, Ty) 1+ 6Lt Tn- 1)
dL(t,Ty_2) 'dW SL(t, Tn)
Lt Ty N2 T LG, Ty
SL(t, Ty_
_ L Iy-)
14+ 8L, Ty_1)
_ i SL(t, Ty_1)
S e T
OL(t, Tn)

_ O TN ol dr Ay dW
1+ 8L(z, Ty) N] tAN-2dWN

= i OL¢. T0) ——————AiAy—2dt + Ay dW
= 22 15 oL T) N-2 N-2aWnN+1

The general expression is the system of coupled SDEs

dL(t,T;) N oSL@, T
kAt L\ Z

_CE T adt 40 dW
L(t. T;) T+oLq. 1) ¢ T

i=j+1
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It is not possible to find an analytical expression for L. Their values
can only be obtained by simulation. Key references for this are Efficient
Methods for Valuing Interest Rate Derivatives by Pelsser Chapter 8, and
Glasserman.

8.7 APPLICATION IN CREDIT RISK MODELLING

In credit risk modelling, A is the rate with which defaults on payment
obligations occur. Empirical evidence suggests that A and interest rate r
are not independent. Deriving various characterizations of the default sit-
uation then requires a change to the forward probability. Let the interest
rate process r and the default intensity process A be specified as

dr(t) = k,[F — r(0)]dt + o, dW,.(t)
dr(t) = ki [x — M) dt + o, dW; (1)

where k,, 7, 0,, ks, A, 0;, are given constants. The driving Brownian
motions W, (r) and W, (r) have correlation coefficient p, and are
under a probability measure P that corresponds to using the money
market account M as numeraire. The dynamics of M are given by
dM@) =r(t)M(t)dt, M(0) = 1, M(t) = exp [f;zor(s)ds]. Now take
the bond price P(t,7T) as the numeraire. As specified earlier, the
bond price dynamics under M as numeraire has drift term r(¢)dt,
and its driving Brownian motion is the same as the one for r, so it is
under the same P. Corresponding to numeraire P(¢, T) is a probability
measure, known as the 7T-forward probability measure, here denoted
P”. What will now be derived is

(i) the expression for the Radon—Nikodym that is needed to create P”
(ii) the SDE for r and for A under P,

(i) The Radon-Nikodym derivative, here denoted Z, is the ratio of the
numeraires scaled by their respective initial values,

P, T)/P0,T)

Z =
“ M)/ M(0)
Using
;’)(((t), 77:)) = oxp {/S=o[r(S) - %%“)2] ds + /;=O UP(S)dWr(t)}
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and

—]ZZ(((I))) = exp [/Szor(s)ds]

gives

Z(t) = exp [—%/ crp(s)2 ds +/ cr,,(s)dW,(t)]
K s=0

s=0
This is the Radon-Nikodym derivative for the Girsanov trans-

formation dW7 () déde,(t) — o,(s)dt where WT(t) denotes a

Brownian motion under P7.
An alternative way to find this is to derive a driftless SDE for Z.

Write

P, T) 1

~ M@) PO,T)
where the last term is observable in the market at time 0, hence
constant, say c. Letting F(t) &ef P(t, T)/M(t), and applying Itd’s
formula gives, after simplification,

d_F = d_P — d_M =r(t)dt+o,(t)dW,(t) —r(t)dt

F P M
= Gp(t)dWr(t)
and
dZ  d(F¢) d(F)e dF
Z Fc Fc F

For dWT(t) d:ede,(t)+g0dt, the corresponding dZ/Z is

—@ dW, (1), thus here ¢ = —0,(1).

(ii) To get the SDE of r under P”, substitute dW,(t) =dW7(t) +

o,(t)dt, giving

dr(t) = k[r — r()1dt + o, [dW' (1) + 0,(t) dt]
= {k,[F — r()] + 0,0,(t)} dt + 0, dW' (1)

The drift coefficient has increased by o0,0,(1).

For the SDE of A, first deal with the correlation by writing

Wi(t) Z pW,(6) + /1= p2 W(1)
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where W is a new independent Brownian motion under P. Substituting
this gives the dynamics under PP as

dr(t) = ky [k — A(D)]dt + or[p dW, (1) + /1 — p2dW(1)]
— ko[ — MO dt + o pdW, (1) + 0,3/ 1 — p2dW (1)

Now substitute dW,(t) & dW7 (1) + o,(t) dt, giving

dM(t) = k; [k — MO)]dt + 03,p[dWT (1) + 0,(1) dt] +

+ o341 — p2dW(1)

= {ku[h — 2] + poso, (D} di + 0,pdWT (1) +
+ o341 — p2dW(t)

The two Brownian motions W’ and W are independent and can be

L . . . def
combined into a new independent Brownian motion W* by o d W*(r) =

opdWT(t) + o3\/1 — p2dW(t) where

02 = (030)* + (o3 1 — p2)?
=o7p*+07(1—p?)
=02
SO
dr(t) = [k [ — AM0)] + poro, (1)} dt + 0, AW (1)

As W*(1) has the same probability density as W’ (), both new SDEs
can be written under the new Brownian motion W7 as

dr(t) = {k,[F — r()] + 0,0,(s)} dt + o, dW' (1)
dM(t) = {k[h — M) + poroy(t)dt + o5 dWT (1)

8.8 EXERCISES

[8.8.1] For the exchange option in Section 8.3, verify ¢(0) by evaluating
E as in Section 6.5.

[8.8.2] For the option on a bond in Section 8.3, verify c(0) by evaluating
E as in Section 6.5.

[8.8.3] For the European call under a stochastic interest rate in Section
8.3, verify ¢(0) by evaluating [E as in Section 6.5.
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89 SUMMARY

This chapter showed how options can be valued by the use of a con-
venient numeraire that is different from the traditional money market
account. Each numeraire induces a corresponding probability distribu-
tion, under which asset values are martingales. It was shown that the
Radon—Nikodym derivative for changing from one probability distribu-
tion to another can be expressed as the ratio of the respective numeraires.
Option values V can generally be expressed under numeraire N in the
form

V() [V(T)]
— = Epn | ——=
N(t) N(T)

where Epv denotes expectation under the probability distribution under
which the process V(¢)/N(t) is a martingale. Evaluation of this expec-
tation can be readily done by analogy to the standard Black—Scholes
formula. Further examples of the use of a change of numeraire are given
in the following journal articles:

e Sundaram: ‘Equivalent Martingale Measures and Risk-Neutral Pric-
ing: An Expository Note’, The Journal of Derivatives 1997, Fall,
pp. 85-98.

e Benninga/Bjork/Wiener: ‘On the Use of Numeraires in Option Pric-
ing’, The Journal of Derivatives 2002, Winter, pp. 85-98.
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Annex A
Computations with

Brownian Motion

A.1 MOMENT GENERATING FUNCTION AND
MOMENTS OF BROWNIAN MOTION

The moment generating function (mgf) of a random variable X is de-
fined as the expected value of an exponential function of X, E[exp (6 X)],
where 0 (or any other letter) is a dummy parameter. This expectation is a
function of # which transforms the probability distribution of the random
variable into a function of 0. It can be used to find the moments of the
random variable, E[X¥], for k = 1, 2, ... as will be shown below. But
what makes it really useful is the property that the mgf of a random vari-
able is unique. So if in an analysis one has a particular random variable
for which the probability distribution is not known, then that distribution
can be sometimes determined by deriving its mgf and comparing it to
the mgf of known distributions. This is used in Chapters 2 and 4. That
property is also the key in showing the convergence in distribution of a
sequence of independent identically distributed random variables.

The moment property is obtained by using the power series ex-
pansion

) Lo«
exp() =1+y+ 3y 4+ -y +-
giving

Efexp (0 X)] =E [1 +0X + %(9){)2 + -+ %(OX)’C +-- }

1 1
=14 6E[X] + 592JE[X2] +t FQkE[Xk] 4.

The terms have the moments of random variable X. The kth moment
can be singled out by differentiating k times with respect to 6, and
interchanging the differentiation and [E (which is an integration)

d* (1 1, d¥
— L —O'E[ X} = —9F—TFE[Xx*
dok {k! [ ]} k! dok (X7
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That reduces the first k& terms to 0, and leaves a power series starting
with

1 k 1 k k

Fk(k — Dk =2)--- DIE[X"] = FHE[X 1 = E[X"]

All higher terms have coefficients which are powers of 6. By setting
6 = 0, these all disappear, and the result is that the kth moment of X is
the kth derivative of the mgf of X, at6 =0

d* mgf of X
E[Xf] = ————— |,
[X"] 1ok lo=0
For a vector of random variables X = (X4, ..., X,,) there is the multi-
variate mgf which uses the vector = (6, ..., 6,)

E[exp (GIXI +--+ Qan)]

Mgf of Brownian motion
The mgf of the Brownian motion position at time ¢ is

o]

2
Elexp@B(1)] = =, exp(6x) 1 exp [‘% () dx]

where x is a value of B(t)

Change of variable z o x/\/t gives
o 1
Blexp(OB0)] = [ exp0vi2)—
P 7=—00 P 21

Rearranging exponent 0/1z — 1z% to —1(z — 0./1)* + 16t gives
exp (360°1) [Z_o 7z exp (=3 — 0v/1))dz
where [ = area under a normal density = 1

Thus the mgf of B(¢) is

exp (—4:2) dz

E[exp(6 B(1))] = exp %ta

Moments of Brownian Motion

The first moment of Brownian motion is

E[B(1)] = j—e exp (%0%) = exp (%Gzt) Otatfd =0,
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which is 0, as already known. The second moment of Brownian motion
is

d
E[B(t)’] = =5 (first moment) at@ = 0

i(ﬁrst moment) = exp 192’ t +exp 192’ 010t
do 2 2

= exp (%92’) [t + (61)%]

Substituting & = 0 gives E[B(1)*] = t, as already known. The third mo-
ment of Brownian motion is

d
E[B(t)3] = E(second moment) atf =0

d 1, 2 1, 2
%(second moment) = exp 50 t)0t[t + (01)°] + exp 50 t) 20t

= exp (%9%) [301% + (61)*]

Substituting 6 = 0 gives E[B(t)’] = 0. The Sfourth moment of Brownian
motion is

d
E[B(t)*] = 3t* = o (third moment) at9 = 0.

d 1
E(third moment) = exp (59%) 0t[39t2 + (Qt)z]

+ exp <%92t) [3t2 + 29t2]

Substituting # = 0 gives E[B(¢)*] = 3¢>.
The kth moment of B(t) is

B(”k]_f Ve {l(ﬁﬂ &

For odd k this is zero, as positive values x* are cancelled against the

corresponding negative values x* in the summation. Moments for even
k can be expressed in terms of second moments. Consequently the mean
and variance completely characterize the probability distribution of a
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Brownian motion (as was already known since this is the case for any
normal distribution).

A.2 PROBABILITY OF BROWNIAN MOTION
POSITION

The position of a Brownian motion at time t is described in probabilistic
terms by

“ 1 1 ?
]P)[B(l') < Cl] = /_ mexp {—5 (%) :| dx

There exists no closed form expression for this integral but manual com-
putations can be readily carried out by transforming to the probability
distribution of a standard normal, for which numerical tables are included
in elementary books on probability. This is achieved by the change of
variable 7% /\/7 so dz = dx//T. Lower integration limit x = —oo be-
comes 7 = —oo0, upper integration limit x = a becomes z = a/4/, and

alNtooq 5
P[B(t) < a] = /X__OO FeXP —1221dz

As an example compute the probability that at time ¢+ = 0.81 the posi-
tion of the Brownian motion is no greater than 0.25. It is not relevant
whether the motion has been above this level at a prior time. Upper
integration limit a/+/t = 0.25/4/0.81 = 0.28. Looking up tables gives
P[B(t) < 0.25] = 0.6103. To get greater precision requires interpola-
tion on the table. There is an easier way. Spreadsheets have a built-in
normal probability distribution for which the mean and the standard
deviation can be specified. The answer is 0.609408. Computations of
this kind only require elementary probability theory. There exists fast
numerical algorithms for approximating the normal probability distri-
bution which can be used when the normal distribution is needed in a
computer program.

A.3 BROWNIAN MOTION REFLECTED AT THE
ORIGIN
This random process is the absolute value of a standard Brownian mo-

tion, Z(t) def | B(¢)|. Whenever the Brownian motion position is negative,
Z(t) has a positive value of the same magnitude. The value of Z(¢) is



Annex A: Computations with Brownian Motion 209

Z(t) = B(1)
Z() = B(t)
0

time axis

B(7)

Figure A.1 Reflected Brownian motion

the reflection of B(#) about the time axis whenever B(f) is negative, (see
Figure A.1).

For a new random process one usually wants to determine its probabil-
ity distribution, its probability density, the value its takes on average, and
the degree of variability about this average. To analyse a newly defined
process, give it a name, say Z(t), so here Z (t)— | B(t)|. Then determine
what values the new process can take. Here B(¢) can take any positive or
negative values, but Z can only take non-negative values. To determine
the probability distribution of Z(#) at time ¢ , the expression P[Z(?) < z]
has to be evaluated. The first step is to substitute the expression for the
new process, P[Z(t) < z] = P[|B(¢)| < z]. As the probability distribu-
tion of B(t) is known, the next step is to rearrange the above expression
in terms of this known underlying probability distribution. Once the
probability distribution of Z(¢) is known, the corresponding probability
density follows by differentiation.

Probability Distribution

The event |B(t)| < z means that the values of B(¢) lie in the interval
from —z to z. This is the same as the event of lying to the left of z, and
the event of not lying to the left of —z, as illustrated in Figure A.2.

Thus P[|B(1)| < z] = P[B(t) < z] — P[B(t) < —z]. As the density
of B(t) is symmetric about 0, P[B(t) < —z] = P[B(t) > z], which
equals 1 — P[B(¢) < z]. So

PIB()| =z] =P[B(1) =zl = {1 = P[B(t) = z]} =2P[B(t) = z] — 1

<

Figure A.2 Event diagram

-z 0 z
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Reflected Brownian motion: prob distribution at =1 & =2

1.0

0.8

=z

0.6

prob [B(t)| <

0.4

0.2

0.0
Q),Q(OQ(}QVQ‘PQ% N \’.\,\.b&\‘.o\c.b Vv r\'q’r\)b‘q,‘oq:b ™ n;.\’%.b‘n)‘.on)c.b b‘ b\’}b\‘b‘ b\b b\“b 67
N

z

Figure A.3 Probability distribution of reflected Brownian motion

The end result (see Figure A.3) is

z 1 1/ x\*

Probability Density

To derive the probability density of Z(r), differentiate its probability
distribution with respect to z. This gives the density of | B(t)| as

o[ 3(H)]

which is double the density of B(z) (see Figure A.4).

2

Expected Value

o0 1 1/ 2\
E[|B = 2 | =
[1B()I] /ZZOZ ﬁmexp[ 2(ﬁ>:|dz
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Reflected Brownian motion: prob density at r=1 & =2

0.9

prob density at z

TR NG AN I A O T N N N NN )

z

Figure A.4 Probability density of reflected Brownian motion

Note that the lower 1ntegrat10n limit is O since |B(t)| is non-negative.
Change to the new variable y z/ Vt. Then z = /ty and dz = /t dy.
The corresponding integration limits are: z = 0 gives y = 0 and z = oo
gives y = 0o. Thus

|B<r>|]—/ Jiy2

i

Knowing that [ exp(w) dw = exp(w), use the y in the integrand to create
an integrator which is the same as the exponent, namely — % y2. That gives

2 g (1)

which can be integrated, giving

1 1
i |00
5o P T3

Thus,

2
E[B®|] = \/; ~ 0.84/1

exp [— %yz] dy

«/_

exp [—%yz] dy

e¢]

1
=2V —— (0 —1).
y=0 kY, 2
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compared to E[B(#)] = 0. Symbolic integration in Mathematica con-
firms this result.

Variance

Var[Z(t)] = E[Z(t)2] — {E[Z(1)])?

=E[Z@1)*] - 2

The first term

E[Z(1)*] = «f\/_ exp |: ! (%)2:| dz.

Change of variable y = z/+/1, z = /1y, 2% = ty?, dz = J/t dy, gives

E[Z(1)*] = 1y?2

= —2t/oo y——d (exp[—1y?])

This integral is of the form fyoio g(y)df(y), where g(y) = 1/+/2m and
fO) = exp[—% y?]. Partial integration' gives

| sdrm = sms oo [ rords
y= y=

with

1 1
dg(y)=d ( —) =—d
s =) T =
Substituting f(y), g(y) and dg(y) then gives

E[Z(1)’] = —21y 152 + 21 [,2y A= expl—3>1dy

1
ex [——
P pPl—3Y

! See Annex B, Ordinary Integration.
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The integral has value 0.5 since it covers half the area under the standard
normal density. So

E[Z()*] =04 2:(0.5) =1

The final result is

L2 2 2
Var[|B@)|] = B[Z(0)"] — = =1 — = = 1(1 — =) ~ 0.361
T b T

compared to Var[B(t)] = t. Symbolic integration in Mathematica con-
firms this. Note that the second moment of the reflected Brownian mo-
tion, E[ Z(7)?], is the same as that of a standard Brownian motion, because
Z(t)* is the same as B(t)’. But the mean increases non-linearly with ¢.
This results in the variance of the reflected Brownian motion only being
just over one-third of the variance of a standard Brownian motion.

Simulation of Reflected Brownian Motion

A sample path is shown in Figure A.5.

A batch of 1000 simulations of a reflected Brownian motion over the
time period [0, 1] gave the statistics shown in Figure A.6 for the position
at time 1.

512 intervals on [0,1]
1.2

0.8 refl_BM
0.6
0.4

std_BM & refl_BM
0.2

position

-0.4

-0.6

-0.8

time points

Figure A.5 Simulated path of Reflected Brownian motion
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reflected Brownian motion 1000 runs

sample exact
mean| 0.827050| 0.7978846
variance| 0.340505 0.363380

Figure A.6 Simulation statistics

A.4 FIRST PASSAGE OF A BARRIER

Suppose there is a barrier situated at a positive level L. The time at which
a Brownian motion first reaches this barrier is a random variable, which
will be denoted 7. This time is called the first passage time or hitting
time. The event 7 <t says that the barrier (Figure A.7) was reached
by no later than time ¢. Its probability distribution P[7; < ¢] will now
be derived.

In order to make use of the known probability distribution of B(t), the
probability distribution of 77, is computed by considering the probability
distribution of B(¢r) > L, which is the event that the position of the
Brownian motion at time ¢ is above L, and conditioning on whether or
not 7; <t. The events Ty <t and T >t are mutually exclusive, and
there is no other possibility, so P[B(¢) > L] can be written as

P[B(t) = L] = P[B(#) = L|T, <t]P[T, <t]+P[B(1)
> LT, >t|P[T;>t]

barrier level L

Brownian motion path

0 ~— T time

Figure A.7 Barrier diagram
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where the condition is specified behind the vertical divider. But the event
B(t) > L that at time ¢ the motion is above the barrier can only have
happened if 7, < ¢. Thus the second term is zero. So P[B(t) > L] =
P[B(t) > L|T; < t]P[T; < t]. If the Brownian motion has reached the
barrier at some time prior to ¢, then where is it at time ¢? It can be either
above the barrier, which is the event B(t) > L, or below the barrier,
which is the event B(t)<L. The key observation now is that both events
are equally likely. This symmetry gives P[B(t) > L|T;, <t] = % Thus
P[B(t) > L] = %IP[TL < t] and the probability of interest, P[T; < 1],
equals 2P[B(t) > L]. As B(t) is normally distributed, the probability
on the right can be readily written down as

] 1/ x\
P[B(t) > L] = - \/;\/Eexp |:—§ (E) :| dx

There exists no closed form expression for this integral. Write it in
terms of the standard normal density by the transformation z = x //7.
This gives

/"o 1 1 2]d
exp[— z
=L/Vi V21

The end result is

]

P[T, <] =2P[B(t) > L] =2 / exp[—12%]dz

sl
()

The value for given # and L can be readily found on a spreadsheet.
To get the probability density of random variable 7}, differentiate
the above distribution function with respect to t, giving

le_nexp [_% (%)2} ¥ (%) - ﬁexp [_% (%ﬂ

Simulation of First Passage of a Barrier

-2

With a barrier situated at L = 0.4, the probability of a first hit by no
later than time 1 is

0.4
PT, <11=2|1=N[=2)|=2[1—-0.6554] = 0.6892
=1l [ («/T)} [ :
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From a batch of 500 simulations of a standard Brownian motion, run
over the time period [0, 1], 348 hit the barrier by time 1. That is a sample
proportion of 0.6960 compared to the exact probability of 0.6892. The
average time of first hit in the batch was 0.278163 compared to the exact
expected time of first hit of 0.267502.

A.5 ALTERNATIVE BROWNIAN MOTION
SPECIFICATION

In some expositions, Brownian motion is introduced by the joint prob-
ability distribution that is shown in the beginning of Section 1.7. What
follows here is an explanation of how that links to the original specifi-
cation of the Brownian motion density. Consider the path of a Brownian
motion which is at level x at time 7, and at level y at time (¢ 4 u), see
Figure A 8.

The increment over this time interval has the probability distribution

ar [° 1 1/ w)?
PIB(t +u) — B(t) <a] = fw:_m NN [_5 (ﬁ) } aw
(1)

Convenient notation for the above density is

2
def 1 I [ w
(u,w) = ———exp| —= (—)
/ Ju2m P [ 2 \Ju
where u denotes the time interval and w the corresponding increment.
Applying expression (1) to time period [0, ¢], and using B(0) = 0 gives

a 1 1/ x\°
P{B(1) — B(O) < a] = / o [—5 (E) } P

BM path X
y

0 t t+u time axis

Figure A.8 Successive Brownian motion movements
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pdfat¢

K x axis vertical

vertical interval length dx at x

0 t t+u time axis

Figure A.9 Probability density function

Similarly for the time period [0, ¢ 4 u]

a 1 1/ vy \
P[B(t +u) — B(0) < a] —fy_oo—mm exp [—5 ( e +u) } dy

(3

Note that (2) and (3) are expressions for the position of the motion at

different times, whereas (1) is an expression for the increment between

these times. Looking at these expressions it is not immediately obvious

how (2) and (3) relate to (1). This will now be shown. The expression

for the probability density (Figure A.9) is

f(t, x) = pdf of (position x at time ¢ | if starting position O at time 0)
1 1 ( x )2
Vivee P12\
The expression for the probability of being in a specified interval is

P[position in interval [x, x + dx] at time ¢ | if starting position O
at time 0]

2
= f(t, )y = —L—exp [—% (%) } dx

f(u,y — x) = pdf of (position is y at time (¢ + u) | if starting
position x at time ¢)

o5 (7))
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as the increment is (y — x) over time interval of length u.

P[position in interval [y, y + dy] at time (¢ 4+ u) | if starting
position x at time 7]

2
= f.y = xdy = 7 expl—4 (52) 1dy

Asevent B(t + u) — B(t) < a is determined by the two random vari-
ables B(t + u) and B(t), computing P[B(t + ) — B(t) < a] requires
the joint pdf of these two random variables. Note that the random vari-
ables B(t + u) and B(t), which each give the position of the motion,
are not independent. But the random variables which represent the in-
crements, [B(t) — B(0)] and [B(t 4+ u) — B(t)] are independent. Recall
that for any two random variables X and Y, f(y | x) = f(x,y)/ fx(x)
where

f(y | x) is the conditional pdf given random variable X has
occurred

f(x, y)is the joint pdf of X and Y

fx(x)is the pdf of X (subscripted); this is a marginal density

The joint pdf can thus be expressed as f(x, y) = f(y | x) fx(x). If X
and Y were independent then f(y | x) would be the same as the pdf of
Y, fy(y), and the joint density f(x, y) would be the product of the two
densities, fy(y)fx(x). That, however is not the case here. B(¢) plays the
role of X, B(t + u) therole of Y, and B(t + u) — B(t) < a corresponds
toy—x <aso

IE’>[B(t+u)—B(t)§a]:/OO /‘a f@, x)f(u,y—x)dxdy
y

X=—00 —X=—00

A e Y E |

1 1 ( y—x )2 e
X{———exp| —= | —— X
Ju2m P12 N g
The two terms in the integrand both involve x. At first sight this looks like
a complicated double integral, but it turns out that it can be simplified

as follows. The integration region for y is found with the help of Figure
A.10.
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y
liney-x=a
y=a— ory=x+ta
a -\
-a 0 X
areay-x<=a 1
vy = - infinity

Figure A.10 Integration region

The double integral can then be rewritten as
xX+a 1 X 2
[ ()
1 1 (y—x )2
X{——exp| —= | —— dxd
:ﬁﬂn p[ (7 ” ’

The exponent in the second term is simplified by changing to variable

def L
w = y — x. Integration limit y = x + a becomes w = a,and y = —00
becomes w = —o0, dw = dy, giving

[ sl o]

exp [—— (w//u) ] dx dw

f«/_

The w integral does not involve x and can thus be treated as a constant
in the x integral, and taken outside that integral, giving

[ e[ (2) ] o]
Al mon| () ] )
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The x integral is the area under a normal density, so equals 1,
giving

“ 2

as was to be shown.



Annex B

Ordinary Integration

B.1 RIEMANN INTEGRAL

The ordinary integral from calculus is known as a Riemann integral
(after the German mathematician Riemann, middle of 19th century). It
is the area (Figure B.1) under a function f(x).

There are two approaches to constructing this integral. They both start
from a discretization of the x-axis and approximate the area under the
function using step-functions. The simplest setting is where the function
is bounded and smooth. These methods will now be reviewed on the
example of the area under the function f(x) = x.

Consider, without loss of generality, the interval [0, 1] on the x-axis.
Divide this into n subintervals of equal length Ax = 1/n. Equal lengthis
convenient but not essential for the arguments that follow. The endpoints
of the subintervals are multiples of %:

1 1
0,... k— (k+1)—..., 1
n n

This collection of endpoints is called a partition. The word partition is
often used loosely to refer to either the set of endpoints or the collection
of subintervals.

B.1.1 Darboux Construction

The method devised by the French mathematician Darboux proceeds as
follows. Consider the area under f in the subinterval [k/n, (k + 1)/n] -
see Figure B.2. Approximate this area in the following manner. Find the
maximum value of the function f(x). In the example this is at the right
endpoint of this subinterval, x = (k 4+ 1)/n, and equals f[(k 4+ 1)/n] =
(k + 1)/n. Form a rectangle with the maximum value of the function as
the height, and the length of the subinterval, 1/n, as the base. The area
of this rectangle equals [(k + 1)/n]/n and is greater than the actual area
under f. It is an upper bound for the actual area (Figure B.3).
Similarly find the minimum value of f on this subinterval. In the
example this is at the left endpoint of the subinterval and equals k/n.
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w

0 —>X 1 Figure B.1 Area

Form a rectangle with this minimum value. The area of this rectangle
equals (k/n)/n and is less than the actual area under f. It is a lower
bound for the actual area (Figure B.4).

On this subinterval the difference between the upper rectangle and the
lower rectangle equals 1/n%. Now sum over all subintervals. That gives a
so-called upper Darboux sum, denoted U (n), and a lower Darboux sum,
denoted L(n), where n is a reminder that they are based on n subintervals.
In the example

enlk-i-ll n—1 1
Un) £ n22(k+1)——( —)

k=0

ekl 1T 1
L )_k Onn_nzgk_2<l n)
(both sums were computed in Mathematica). Summed over all subin-
tervals the difference between the upper sum and the lower sum is
U(n) — L(n) = 1/n. It is the shaded area shown in Figure B.5.

Now the partition is refined. This is done by splitting subintervals,
for example by halving all the existing subintervals. It creates additional

f(x) =x

actual area
under f \

0 / 1
left endpoint k/n \
right endpoint (k+1)/n
subinterval [k/n, (k+1)/n]

Figure B.2 Subinterval
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f(x) =x

max value
0 1
Figure B.3 Upper approximation
f(x) =x
min value
0 1

Figure B.4 Lower approximation

endpoints and keeps the existing partition points (see Figure B.6). Re-
fining the partition makes the upper sum decrease, and the lower sum
increase, both get closer to the actual area under f. This can be seen
directly from the example by substituting 2n for n in the expressions for
U(n) and L(n), as well as from the following close up of the subinterval
[k/n, (k+ 1)/n].

Repeated refinement of the partition keeps decreasing the value of
U(n) and increasing the value of L(n). The minimum value of U(n) over
all possible partitions is called the upper Darboux integral, and is denoted
U(f). Similarly the maximum value of L(n) over all possible partitions
is called the lower Darboux integral, denoted L( f). A lower sum is never

f(x) =x

Figure B.5 Upper and lower approximation
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upper rectangles lower rectangles difference
original refined original refined original refined

Figure B.6 Refinements

greater than an upper sum, U( f) > L(f). (To be mathematically correct,
the word ‘minimum’ should be replaced by ‘greatest lower bound’ and
‘maximum’ by ‘least upper bound’!). If U(f) = L(f) then that value is
defined as the value of the integral. In the example, U(f) and L(f) can
be readily found as the limit for n — oo of U(n) and L(n).

Un) = %(1 + 1/n) tends to the value % but ‘never gets quite that low’.
Similarly
L(n) = %(1 — 1/n) tends to the value % but ‘never gets quite that high’.

With U(f) = L(f) = 1 the value of the integral is 1. How both U(n)
and L(n) tend to the value % is illustrated in Figure B.7.

Thus it has been shown, by using the Darboux construction of the in-
tegral, that fyxzo xdx = % This is correct as the area is half of a rectangle
with sides of length 1. The maxima of f on the respective subintervals
form a step function which approximates the function f from above, the
minima form a step-function which approximates the function f from
below.

B.1.2 Riemann Construction

The method originally devised by Riemann takes the value of the func-
tion at an arbitrary point & in the subinterval, k/n < & < (k+ 1)/n
(note that the endpoints are included). In the above example this gives
f (&) Ax = f(&)/n as the approximation of the area. Then, as before,
sum over all subintervals. That gives the so-called Riemann sum, de-
noted R(n). In the example, R(n)déf ZZ;(]) f(&)/n. Now successively

! See below in section "Sup and Max”.
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val ue of sum

@
<
< PS -
0.52¢ * e o o . .
0.51
' ' s ' —n
22 24 26 28 30
0. 49
0. 48 L o s a7
a - -

Figure B.7 Convergence

refine the partition. If R(n) converges to a limit as n — oo, then that

limit is defined as the value of the integral fxl:() f(x)dx. To illustrate on
the example, take &, as the midpoint (see Figure B.8) of the subinterval
k/n, (k+1)/n] so

&k

_ K/n 41k + /)

2

with £ (&) = &.

Then, according to Mathematica, the Riemann sum equals

n—1

Z Ex Ax=
k=0

"X_ik/n+[(k+ D/nl1_1

= 2 n 2

f(x) =

midpoint value

&

Figure B.8 Midpoint approximation

X
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In this special example the value of the Riemann sum does not depend
on n. The limit equals %, which is the value of the integral, as above.
As for any &, the value of the function f(&;) lies between the ‘max’ and
the ‘min’ of f, the value of a Riemann sum lies between those of the
upper and lower Darboux sums, so both methods give the same result.
The value of the integral does not depend on the position of & in the
subinterval.

B.2 RIEMANN-STIELTJES INTEGRAL

Integration in the familiar sense is computing an area under a curve.
In a wider sense it is an averaging process where values of a func-
tion f are weighted by the length of subintervals. More generally, the
weighting associated with each subinterval needs not be its length. The
‘importance’ of a subinterval can depend on where on the x-axis the
subinterval is located. In general the weighting can be given by another
function g(x). Here the integral can also be constructed by both the Dar-
boux method and the Riemann method. To illustrate how the integral
arises, consider a horizontal metal bar of unit length with a variable
cross-section. Its volume up to a cross-section at distance x from the
left is given by g(x), an increasing function of x. Suppose the (physical)
density of the metal is not constant but given by f(x) at position x. To
compute the total weight of this bar, conceptually create a partition of n
subintervals as described above. The volume of the metal bar over the
subinterval

L] e s (5= 6)

Following Darboux, the weight of this section of the bar lies between

(5] (57) < ()]
ol (S (57) -+ G

As before, sum over all subintervals, and find the lowest and highest
value of these sums over all possible partitions. If these are equal then
that value is defined as the Riemann-Stieltjes integral, co-named af-

ter the Dutch mathematician Stieltjes, and is denoted fxlzo f(x)dg(x).

and
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Being constructed from the path x, this construction is known as path-
wise integration. The Riemann—Stieltjes integral is a generalization of
the Riemann—integral. In the case where g(x) = x it reduces to a Rie-
mann integral. To numerically illustrate the Riemann—Stieltjes integral,
consider | 120 x d(x?). The integrator which provides the weighting is
the function g(x) = x2. Constructing the value of the integral from its
definition follows the same steps as for the Riemann integral above. The
only difference is that the max and the min of the integrand f(x) = x
are now multiplied by the change in x? over a subinterval instead of by
the change in x. Using the same notation as above

n—1 2 2
def k+1 k+1 k 2 1 1
U = B — — | — = - — — —_—
() Z n |:( n > (n) :| 3 6n? * 2n

k=0
n—1 2 2
defx~ Kk | (k+1 k 2 1 1
TOED I (=) |=5-=-=—
() ;n[< n) (n>:| 3 6n?2 2n

(both according to Mathematica). The difference between the upper
sum and the lower sum is U(n) — L(n) = 1/n. Again U(f) and L(f)
can be found here by letting n — oo, giving U(f) = L(f) = %,so this
is the value of the integral (Figure B.9). Thus it was shown by using
the definition of the Riemann—Stieltjes integral that fxlzox d(x?) = %
This example is illustrated in Figure B.10 for n = 50, designed in
Excel.

value of sum

0.69Ff -~ =« .
0.68
0.67
0.66

0.65 N

= n
20 22 24 26 28 30

Figure B.9 Convergence
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Riemann-Stieltjes: Integrator g, Upper sum U, Lower sum L

value of g, L, U

0.7000

0.1000 - X position

g(x) incr

Figure B.10 Riemann-Stieltjes schematic

This example was convenient because it can also be written as a
Riemann integral since d(x?) = 2x dx and can thus serve as a check.

1 1 1 2
/ xd(x2)=f x2xdx=2f x2dx = =.
x=0 x=0 x 3

=0

For the Riemann—Stieltjes integral fx]:o f(x)dg(x) to exist, the integra-
tor g(x) must be of bounded variation on [0, 1]. This is discussed in the
next section.

B.2.1 Bounded Variation Condition

This section discusses why the integrator in a Riemann—Stieltjes integral
must be of bounded variation. Using a partition of 0 < x <1 into n
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equal subintervals, and the formulation using the intermediate points
k/n <& < (k4 1)/n, the sum

S(n )di‘“Zf@k)[ (ki) -8 (%)]

is an approximation to the total weight of the bar in the above example.
Repeated refinement of the partition produces a sequence of such sums. If
that sequence converges to a limit, then the Riemann—Stieltjes integral
is defined as that limit, and is denoted fxlzo f(x)dg(x). For the limit
to exist, a condition on the variability of the function g(x) must be
satisfied, as will now be explained. Refine the n-partition by halving all
subintervals. This gives a partition with 2n subintervals. All points of
the original partition have been kept, and n additional endpoints have
been created. For convergence to hold it must be true that the absolute
difference of the sums corresponding to these partitions, | S(n) — S(2n)|,
can be made arbitrarily small for sufficiently large n. The sums S(n) and
S(2n) can both be expressed in terms of the refined partition,? that is,
with k running from 0 to (2n — 1).

2n—1 k 1 k
S0 =3 16 [g( N —gﬁ)}

2n—1 k
S(2n) = Z f(nk)[ (T - gZH)]

where 7y, is in a subinterval of the refined partition. The absolute differ-

ence is
2n—1 k+1 k
; [f@k) - f(nk)] [g(7> —8 (E)]

Using the well known inequality |a + b| < |a| + |b| gives

1S(n) — S2n)| =

2n—1

k+1 k
S(n) — S@2n)| < ; £ (&) — f(o)l ’g(7> —g(ﬁ)‘

2 This is a technical point that is explained in the Bartle reference mentioned at the end of this Annex.
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If f(x) is a continuous function, then | f (&) — f(nx)| can be made ar-

bitrarily small (< €) so
k+1 k
§ 2n § 2n

Then |S(n) — S(2n)| can only be arbitrarily small if the sum
Zigl |gl(k 4+ 1)/2n] — g(k/2n)| is a finite number, for any partition,
that is, the sum must be bounded. The largest of these sums over all
possible partitions is known as the variation of the function g(x); more
precisely, it is the least upper bound of these sums, that is defined as
the variation. Thus for this Riemann—Stieltjes integral to exist the inte-
grator g(x) must be of bounded variation on 0 < x < 1. In the case of
g(x) = x, the Riemann—Stieltjes integral becomes an ordinary Riemann
integral. The sum becomes

2n—1

2n—1

IS(n) —S@n)| <€y
k=0

k+1 &k 2l 1
P R S Rt
= 2n 2n = 2n 2n

So for an ordinary Riemann integral the condition is always satisfied.

B.2.2 Random integrand

The above is now used to define fti() f(t, w)dtwhere f(t, w)isarandom
process whose paths are continuous. For a fixed path o, let

def

n—1
NOEDIFICROIESS
k=0

where #;, = k(T /n) and t; < 7% < t;+1. Because the time interval [0, T']
includes the end points, each path f (¢, w) is uniformly continuous. That

area G(x)

/- area f(x).dx

1
0 X X+dx ----> X

Figure B.11 Area increment
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means that for any small € > 0 there exists a small §(¢) which depends
only on €, such that for |, — #1| < §(€)

|f(t2’ 6()) - f(th (,())l <e€
This §(¢) is the same for all choices of 7, and #;. Then
[S(n) — S2n)| <eT

which can be made arbitrarily small by choice of €. On any path w, S(n)
is a Cauchy sequence and converges in probability, according to section
E.4. The limit is denoted [, f(r, w)d.

B.3 OTHER USEFUL PROPERTIES
B.3.1 Fundamental Theorem of Calculus

Consider the ordinary integral of a function f(¢) fromOto x, ftxzo f@)dt.

The value of this integral depends on the upper integration limit x,

and this can be captured by writing its value as G(x) o f;x:o f(@)dt.

Differentiating G (x) withrespectto x givesdG(x)/dx = f(x), the value
of the function f(z) at the upper integration limit + = x. The fact that
dG(x)/dx = f(x) comes about because f(x) is the rate at which this
area is increasing. This can be demonstrated as follows (Figure B.11).
Suppose for purpose of illustration that f is a positive function. G(x)
is the area under the curve from r = 0 to r = x. G(x + Ax) is the area
under the curve from¢ = 0tot = x + Ax. Then G(x + Ax) — G(x) =
f(x) Ax. Dividing by Ax and letting Ax go to zero gives the definition
of dG(x)/dx on the left-hand side, and leaves f(x) on the right hand, so
dG(x)/dx = f(x).

B.3.2 Use in Deriving Probability Density Function from
Probability Distribution

For a continuous random variable, the probability density function (pdf),
here denoted f, is found by differentiating its probability distribution
F(x) o fyx:_ « J(y)dy withrespect to upper integration limit x, f(x) =
dF(x)/dx. This is because the pdf is defined as that function f which
makes it possible to express F(x) as the integral of f. That is, the
probability distribution F is the starting point. In more complicated
cases, the upper integration limit is not x itself, but a function of x, say
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a(x),so F(x) & fyaix_)oo f(y)dy. To get the first derivative of F(x) with
respect to x, the chain rule of differentiation then has to be applied. First
differentiate with respect to upper limit a(x) treated as a variable, say
call it b = a(x). That gives d F(x)/db = f(b) = fla(x)]; the variable
y of the integrand f(y) is replaced by upper integration limit a(x). This
is then multiplied by the derivative of a(x) with respect to x, provided
a(x) is an increasing function of x, as is often the case. The final result
is
dF(x) da(x)

I = fla(x)] I

In the case where a(x) is a decreasing function of x, use |da(x)/dx|.

B.3.3 Integration by Parts

Let i(x) be a function which has a continuous first derivative dh(x)/dx
on the interval a < x < b. Consider the integral with respect to x of
this first derivative, fxb:a [dh(x)/dx]dx. The Fundamental Theorem of
Calculus says that the value of this integral is

h(x) [X=0 = h(b) — h(a).

Now let 4(x) be the product of the functions f(x) and g(x) which have
continuous derivatives df(x)/dx and dg(x)/dx. By the chain rule of
differentiation

dh(x)  dfix) dg(x)
dx  dx g(x)—l—f(x)w.
Then
b b
/ dz(x) dx:/ [Mg(xﬂ_ f(x)M} dx=f(x)gx) [i=
x=a X r=a dx dx

Rearranging gives

b q b d
/ J;(X)g(x)dx = f(0)glo) [ — f £ B8Y gy
X=a X X=a d-x

Writing [df (x)/dx]dx as df (x) and [dg(x)/dx]dx as dg(x) gives

b b
| smare = rwew iz - [ rwdge.
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\ VNN

0 1/4 1/3 3/8 1/2

Figure B.12 Towards upper bound

Omitting the arguments, x gives a compact way of writing the expression
for integration by parts which can be easily remembered

b b
f g df =fg = —/ f dg

B.3.4 Interchanging the Order of Integration (Fubini)

Let f be a continuous function of variables x € [x, x;]and y € [y;, y2].
Consider the double integral || yyiyl [/ Xixl f(x,y)dx]dy. The firstintegra-
tion is the inner one with respect to x, and the result is a function of y.
This is then integrated with respect to y by the outer integral. A theorem
by Fubini says that the order of integration and the integration limits can
be interchanged to [2 [/ Vyz 5, f(x, ¥)dyl dx for smooth enough func-
tions that are typically encountered in applications. This property is used
in the main text when expected value operator [E, which is an integration,
is moved inside an integral. One says that this is justified ‘by Fubini’.

B.3.5 Sup and Max

In the review of integration, the function L(n) = %(1 — %) appears,
where n is a positive integer. For n = 1,2,3,4, ... this has the val-
ues 0, 1. 1/3,3/8,.... (see Figure B.12). As n increases, the values of
L(n) get closer and closer to . But however large n is, L(n) will never
be exactly equal to 5.

What is the maximum value of L(n)? Suppose that it is x. As L(n)
never equals %, its maximum can only be strictly less than % So it is
possible to find another integer value n* > n such that L(n™) = x*.
Thus x cannot be the maximum. This reasoning shows that the set of
values L(n) has no maximum. What it does have is upper bounds. All

numbers >1 are upper bounds. Since L(n) will never be greater than

2

%, the upper bounds that are greater than % are of no interest. The only

useful upper bound is the smallest of all possible upper bounds. That is
called the least upper bound or supremum, abbreviated lub or sup.
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Similarly the function U(n) = %(1 +1/n) does not have a minimum.
But it is bounded below by lots of numbers <1 <5, but the ones that are <%
are are all too small. The only lower bound that is of interest is the one
that ‘just fits’. That is called the greatest lower bound or infimum, and
abbreviated glb or inf.

The least upper bound is less than every other possible upper bound.
The greatest lower bound is greater than every other possible lower
bound: sup > inf. The greatest lower bound and the least upper bound
of a set always exist, whereas the minimum and the maximum may not
exist. That is why in Mathematics sup and inf are used in situations that
involve greatest and smallest. For everyday use one can think of sup as
a maximum and inf as a minimum.

B.3.6 Differential

The first derivative (slope) of a function f(x) is denoted as df(x)/dx, or
as f’(x), or as dy/dx when the function value is denoted as y = f(x). It
is tempting to think of the latter as the ratio of two quantities dy and dx
which can be used separately; but that is not correct; dy/dx is simply
another notatlon for f'.If Ax denotes a change in x, then the differential
is defined as A y f (x) Ax. This is the change on the vertical axis when
moving along the slope f’(x). It is not the change in the value of the
function f itself, unless f happens to be the 45° line, so f'(x) = 1. The
use of the term differential in stochastic calculus is inspired by this, but
now the symbol d in the left-hand side of an equation denotes the change
in the value of a function resulting from changes in d in the right-hand
side.

B.4 REFERENCES

Riemann integration is explained in numerous books on calculus and
real analysis. The exposition in Brennan Chapter 7 is splendid. Also
recommended is Basic Elements of Real Analysis by Protter. The most
comprehensive coverage of the RS integral is given in the mathematical
classic The Elements of Real Analysis by Bartle, Chapter VI. A useful
discussion on the limitations of the RS integral is given in Kuo Chapter 1.
Klebaner Chapter 1 recaps various concepts from calculus which are of
direct relevance to stochastic calculus.



Annex C

Brownian Motion Variability

C.1 QUADRATIC VARIATION

Partition the time period [0, T] into n intervals of equal length

At = T/n. The time points in the partition are ty LTk At. The sum
of the squared Brownian motion increments over these intervals is

E;é[B(tkH) — B(t)]?. This is a random variable. Over the inter-
val [tg, ter1], E{[B(ts1) — B(t)]>} = At which is the same for all
intervals. That suggests that the sum of [B(tx;;) — B(tx)]*> over all
intervals may converge to ZE;(I) At in mean-square, that is, that

E;é[B(tkH) — Bt)]? = T as n — oo, so At — 0. This will now
be shown in two ways, first heuristically.

C.11 Heuristic Explanation

As the sum of the squared increments is a random variable, it is natural
to analyze its expected value and its variance.

n—1 n—1

E{Y [B(tkir) — Bl p = Y E{[B(tks1) — Bt}
k=0 k=0

n—1
= M —td=T
k=0

Var{ZE;(]) [B(txs1) — B(tx)]?} can be written as the sum of the variances
of the terms, as the Brownian motion increments over non-overlapping
time intervals are independent. Writing A B(ty) for B(tx.1) — B(tk), and
using the second and the fourth Brownian motion moment

Var{[AB(t)1*} = E{[AB(t)]*} — [E{[AB(t)]*}?
= 3(At)? — (A1)? = 2(At)?

n—1 n—1

n—1
> Var([B(ts1) — Btol’} = > 2(At)> = > 2n(At)* = 2T At
k=0 k=0 k=0
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As At = 0, Var{ N [B(tes) — B(tk)]z} — 0and Y1 [B(tr) —

B(tc)]*> homes in on the fixed value T.

C.1.2 Heuristic Explanation of [dB(t)]? = dt

The quadratic variation property is also the explanation for the notation
[dB(t)]?> = dt which is used in the application of It5’s formula. Consider
A B(ty) over the finite interval At

E{[ABt)I*} = At Var{[AB(t)]* = 2(At)®

For very small At, the order of magnitude of (At)? is negligible com-
pared to the order of magnitude of At. Thus the variance of {A B(1)}? is
much smaller than the expected value of [AB(t )]?. As the time interval
becomes infinitely small, [AB(t)]? is written as [dB(t)]? and At as dt.
So the random quantity [dB(1)]? approaches the non-random dt. This is
commonly written with an equality sign, but must be understood in the
mean-square sense.

C.1.3 Derivation of Quadratic Variation Property

The heuristic explanation above gives some feel for the quadratic vari-
ation property of Brownian motion. Now follows the complete deriva-
tion of the convergence in mean square of ZE;é[B(tk+l) — B(t)]? to

E;é At, that is, to T as N — oo. To recap what this means, take the
difference between the left and the right, Zﬂ;é[B(tk+1) - Bt —T.
Square this difference, to get [ZE;(; [B(txs1) — B(tw)]?> — T1. Then take
the expected value of this expression

n—1 2
E [Z[B(tkm — Bto)]’ — T}

k=0

If this — 0 as n — oo, there is convergence in mean-square. This will
now be shown. The notation is somewhat cumbersome but the derivation
is not conceptually complicated.
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Step 1 Replace T by ZE_I At. That brings all terms under the sum-

mation sign ZE;&, and changes E{...} to

n—1 2
E [Z[B(tkm — Bl - At}

k=0

Carefully observe the expression of which the expected value is to be
taken. Inside [...] is a sum of n terms, and [...]% is the square of this sum
of n terms.

Step 2 Expand the square and apply E. The resulting expression
consists of full square terms ([B(txy) — B(t)]*> — At)? and cross
terms ([B(tcs1) — B(t)]* — AD([B(tm+1) — B(tm)]* — At) where m #
K. The two parts of a cross term are independent random variables, so
the expected value of a cross term can be written as the product of the
expected value of each of the parts. As these are each zero, what remains
is the expected value of the full square terms. So the expected value of
the square of this sum of n terms can be written as the expected value
of the sum of n squares:

n—1 2
E [Z([B(tkm — BtI* — At)}
k=0

n—1
=E{> (B(tq1) — Bt - At)2]
k=0

Taking E inside Y p—,, the right-hand side is Y p—g E{([B(tky1) —
B(t)]* — At)}.

Step 3 Expand the square in the expression on the right, and apply E.
Expanding the term in the sum gives

E{[B(tcs1) — Bt)1*} — 2E{[B(tis1) — B(t)]*} At + (At)?

For the first term, use E[B(t)*] = 3t so E{[B(tws1) — B(t)]*} =
3(At)%. In the second term, E{[B(tx;;) — B(t)]*} = At. Putting it
together gives 3(At)? — 2 At At + (At)? = 2(At)?> = 2(T/n)%. Sum-
ming over all terms gives ZE;(I) 2(T/Nn)?> = n2(T/n)?> = 2T?/n which
tends to zero as N — o0. So it has been shown that the sum of the squared
increments convergences in mean square to T.
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C.2 FIRST VARIATION

Another measure of the variability of a Brownian motion path is the sum
of the absolute values of the increments, Zﬂ;é |B(tkr1) — B(ty)|. Itisthe
length of a Brownian motion path. The analysis that follows is aimed
at finding a bound on this. The method of analysis is not particularly
intuitive. The first step is to analyse the quadratic variation, then use the
resulting property to analyse the total increments.

Step 1 Find a bound on the term |B(txy;) — B(ty)|? in the quadratic
variation. Find the largest of the absolute increments, denote it
bdéfmax|B(tk+1 — B(tk)| where max is over all k. Then |B(txy;) —
B(t)|* = |B(tks1) — B(t)l|B(tky1) — B(t)| is no greater than
bIB(tkt1) — B(twl.

Step 2  Sum over all n terms.

n—1 n—1
> " 1B(t1) — B> <b Y [B(tcs1) — Bt
k=0 k=0

since b is not a function of k. The sum on the right is the first variation.
Rearrange in terms of this first variation

n—1 n—1
> 1Bt — Bt = Y [B(tsr) — Btl*/b
k=0 k=0

The right hand side is a lower bound for the first variation on the left.

Step 3 Analyse what happens to this lower bound as N — oo. The
denominator b goes to zero because as Brownian motion is continu-
ous, B(tky1) will be arbitrarily close to B(ty) for sufficiently large n.
The numerator Zrk];(l) |B(tes1) — B(ty)|? is the quadratic variation of the
Brownian motion which tends to T. Therefore the right-hand side be-
comes unbounded and since this is a lower bound on the variation on
the left, it has been demonstrated that Brownian motion has unbounded
variation.
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Norms

The construction of the stochastic integral uses approximations of ran-
dom variables and random processes. This Annex explains how the
closeness of these approximations can be expressed. The notion of dis-
tance between objects is derived from the fundamental concept of a
normwhich is the generalization of the concept of length, and expresses
a magnitude.

D.1 DISTANCE BETWEEN POINTS
D.1.1 OneDimension

Consider an arbitrary point X on the real line. The magnitude of X is
denoted |X|, and is called modulus X (Figure D.1). It is a function of X
defined as

def Xif X >0
IX| = :
—X otherwise

so |X| is always > 0.

FigureD.1 Modulus X

Given the notion of magnitude, the distance between two points X and
Yy, denoted d(X, V), is defined as

d(x, y) = [x — |
It is a function of X and y. For example, d(3, —=2) = |3 — (—2)| = |5] =
5,andd(—=3,-7)=| -3 — (=7)| = 4| = 4.
D.1.2 Two Dimensions

Consider the point X in two dimensional space (Figure D.2), with coor-
dinates X; and X;, X = (X1, X2).
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Xz

(111

0 X1

FigureD.2 Point in two dimensions

The straight line from the origin to point X is known as a vector.
For the triangle under the arrow, Pythagoras proved that the square of
the length of the vector equals the sum of the squares of the two sides
adjacent to the 90° angle. Based on this, the length of vector X is defined

as ./ X12 + X%. This is a measure of the magnitude of the vector. Once
the length has been defined, the concept of distance follows. Let y be
another point whose coordinates are Yy; and Y,. The distance between
points X and Y can then be defined as

dx, y) E Vi — yi? + (6 — y2)?

That is the distance light travels between X and y. For example, if X =
(I, Dand y = (4,3) then d(X, y)> = (4 — 1)> + 3 — 1)’ so d(X, y) =
3.6. There are several other ways in which length can be defined.

A second way to measure length is |X;| + |X;|. The distance between
X and Y is then

def
dox, Y) = X = nil + % — ¥
This is the distance a car travels from X to y in Manhattan. Now d(X, y) =
4—-1/4+13—-1]=5.
A third way to measure length is max(|X; |, |Xz|). The distance between
X and Y is then
def
d(x, y) = max{|x; — yil, X2 — Yal}

Here d(X, y) = max{3, 2} = 3.

D.1.3 n Dimensions

The above can be extended to nN-dimensional space where an object X
is called a point or vector, specified by its n coordinates Xy, ..., X. The
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length (magnitude) of this vector can be defined as a generalization of
Pythagoras, by the square root of the sum of the squares of the coordi-

nates of X, /Y i, X?. The distance between vector X and Y can then be
measured by

dix,y) =

Similarly the n-dimensional equivalents of the other distances can be
used. What is most suitable depends on the application at hand.

D.1.4 Properties

Although the distances corresponding to these different definitions are
different (3.6;5;3), it can be shown that they all have the following
properties:

(1) d(x,y) =0

(2) d(x, y) = 0 if and only if the coordinates of X equal those of y

(3) d(x, y) = d(y, x), the distance measured from a to b is the same as
measured from b to a

(4) d(z,y) <d(z x) + d(X, y), in the case of three vectors X, VY, Z
this property is called the triangle inequality and can be seen in
Figure D.3.

The length as described above measures the magnitude of an object. In
general the term normis used for this, and is denoted by ||.||. Once a norm
of an object has been defined, the distance between objects follows, so a
norm is the fundamental concept, and distance (or metric) is the derived

FigureD.3 Distance triangle
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concept. The norm of object X is a function ||.|| which is defined by the
following properties:

M 11x] = 0.

(2) ||X|| = 0 if and only if all its coordinates are zero.

(3) For any number A, AX is the object whose coordinates are a multiple
A of the coordinates of X. Its norm is ||AX|| and equals |A] ||X]||, the
value of the norm of X multiplied by the absolute value of A. Thus
=xX[I = [[=1xX]| = [ =1 [IX]] = [IX]].

(4) For two objects X and Yy, X + VY is the object whose coordinates
are the respective sums of the coordinates of X and Y. For this,
X+ Il < [IXI + [1yll

The properties of anorm induce the properties of adistance thatis derived
from it. For the examples given earlier, the norms in N-dimensions are
labelled and defined as

Xl = /] + -+ X
X[ = DXi] =+ = [Xnl
[X[loo = max{[Xi[, - -, [Xn[}

D.2 NORM OF A FUNCTION
D.2.1 OneDimension

Consider a function f which is defined at discrete points Xj, i = 1...n.

A norm can be defined for f analogous to the length of vector X above,
def

as || f|| = 1/Zin:1 f(x)2. If f can take values for all X in an interval

[a, b] then the discrete sum is replaced by an integral, and that norm is

[| f1] & v/ fxbza f (x)? dx. The difference between functions f and g can

then be expressed by

b
[f—all =\//_ [f(x) —g()]?dx

This measures the average difference between the two functions. In this
definition, the value of the difference at any particular X is not the decisive
consideration. All positions are equally important.

There are other ways in which the norm of a function can be defined
(Figure D.4). For example, the maximum absolute value of f on [a, b]
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0 >t T

FigureD.4 Max norm of function

can be viewed as a measure of the magnitude of this function. This

def
defines the norm as || f || = maxa<x<b| f (X)|.
The difference between two functions f and g is then

1T — 9l = maxa<x<p| F(X) — g(X)|

It is where they are farthest apart, regardless of which function is
the largest at the point X where this maximum difference occurs
(Figure D.5).

So just as in the case of points, once a norm has been defined, a
difference can be constructed.

D.2.2 Two Dimensions

Let f be a function of variables X; and X,. It f can take values for
a < X; <bandc < X, <d, then a norm can be defined as

|f||dif\// / f (X1, X2)? dx; dx,
Xp=C J X =

FigureD.5 Max norm of difference of functions
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D.3 NORM OF A RANDOM VARIABLE

In probability theory, a random variable X is simply a different name for
a function that takes the outcome w of an ‘experiment’ and assigns it a
numerical value X(w). If X is a discreterandom variable which can take
numerical values X;, with discrete probabilities pj, i = 1....n, then its
norm is defined by using the above concept of the norm of a function, but
now with each possible value weighted by the likelihood that it occurs

def
IXI =

Y ox2p = vVEX?)
i=1

It is a measure of the magnitude of the random variable. As E(X?)
captures the variability of X, the definition of the norm says that the
greater the variability of the random variable, the greater its magnitude.
If X is a continuousrandom variable then the summation sign is replaced
by an integral and the norm is

11X dzf// X2g(X) dx
X=—00

where X denotes a value of random variable X and ¢ denotes the proba-
bility density of X at X = X. With this definition, the difference between
two random variables X and Y, which is itself a random variable,
can then be expressed by || X — Y|| = /E[(X — Y)?2]. Actually comput-
ing the value of || X — Y|| requires knowledge of the joint probability
distribution of X and Y. The concept of convergence in mean-square
of a sequence of random variables X,, to a limit random variable X,
is defined as E[(X;, — X)?] — 0 as n — oo. This can be equivalently
expressed in terms of norms as || X, — X|| — 0 when n — oo.

D.4 NORM OF A RANDOM PROCESS

A random process has two dimensions, time t and outcome w. Its norm
is defined using the above concept of the norm of a function in two
dimensions, with each outcome weighted by its likelihood dP(w) (as for
the norm of a random variable).

.
||f||d=ef\// / f(t. w)? dP(w) dt
t=0 Jallw
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The inner integral is the summation over all possible values a random
variable can take at time t, weighted by their probabilities; the second
integral is the summation over all times, that is over the entire collection
of random variables that make up the random process. As the inner
integral is an expected value, the norm is commonly written as

T T
||f||déf\// E[f(t, Pldt or ||f||2d=ef/ E[F(t, )] dt
t=0 t=0

It can be shown that this definition satisfies the specification of a norm
mentioned previously. For fixed t*, f(t*, @) is a random variable with
squared norm E[ f (t*, )?]. The squared norm of random process f on
[0,T] is the continuous sum (integral) of all these. Divided by T it is the
average of the squared norms of random variables f(t*, w).

Examplel In the discussion of stochastic integration it says that a gen-
eral random integrand f can be approximated with any desired degree
of accuracy by a random step-function f™ on a partition of n intervals,
by taking n large enough. The closeness of the approximation f®™ to
the actual function f is measured by this norm. It is convenient to use
its square

"ﬂm—fH2=iK;E{Kfkaw)—fa¢mf}dt

For f™ to approximate f with any desired degree of accuracy, the above
expression should go to zero as n becomes very large.

Example 2 For any fixed t, B(t) is a random variable with squared
norm || B(t)||> = E[B(t)?|| = t. Brownian motion as a random process
has squared norm

T T
/‘Mmez/tngz
t=0 t=0

This is the average of the squared norm of random variables B(t). A
non-anticipating step-function approximation of the Brownian motion



246 Brownian Motion Calculus

level B(ty)

t t tier

subinterval

FigureD.6 Approximation of Brownian motion path

path (Figure D.6) has squared norm

1 At (k+1) At
/ E[B(0 At)]* dt +---+f E[B(kk At)]*dt + - - -
t

=0 t=Kk At
n At
+ f E[B((n — 1) AD)]* dt
t=(n—1) At

Using

(k+1) At (k+1) At
/ E[B(k At)]>dt = / k At dt = k(At)?
t

—k At t=k At
gives

[0+ 1+-+n-DlAt? =tn-Dn(X)Y’ =11-1)T?

As N — oo, the squared norm of the approximation converges to the

squared norm of the process it approximates, %Tz.

D.5 REFERENCE

An excellent systematic compact exposition of norms with complete
proofs is given in Lectures on Real Analysisby Yeh Chapter 4: Section I
introduces the concept, Section II applies it to vectors in N-dimensions,
and Section III applies it to continuous functions. This is highly recom-

mended mathematical reading.
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Convergence Concepts

Consider an experiment which is repeated under identical conditions.
Let the numerical outcomes of these trials be recorded by the sequence
of random variables X;--- Xj---Xpn---. These random variables
are independent and identically distributed. A key question is whether
there exists another random variable X which is the limit of this sequence
in some sense. Recall that a random variable is a function defined on
a sample space €2 of points w. So Xp(w) and X(w) are the values of
random variables X, and X when outcome w occurs, that is, Xn(w) and
X(w) are the values of functions X and X when the function argument
is w. This is the same as in ordinary calculus where a function f of
argument Yy produces the value f(y). Convergence is about comparing
Xn(w) and X(w) for various w. This can be done in several ways.

E.1 CENTRAL LIMIT THEOREM

The Central Limit Theorem (CLT) is one of the most remarkable re-
sults in probability theory. It says that the sum of a large number of
independent identically distributed random variables has a probability
distribution that is approximately normal. The probability distribution of
these X; need not not specified; only the mean E[X;] = u, and the vari-
ance Var[X;] = o2 are needed Let random variable S, record the sum
of the first n outcomes, 81 X1 4+ -4+ X; + -+ + Xp. Then its mean
is E[§]=E[X;+ -4+ Xp] = E[Xl] + -+ E[Xn] = nu. Its vari-
ance is Var[§,] = Var [Xi+ - -+ Xp] which equals Var[X;]+ --- +
Var[ Xp] because the random variables in the sum are independent. As
all Var[X;] = o2, Var[S,] = no?. The standard deviation of S, is thus
o 4/N. Note that if the number of terms n in the sum §; is increased, both
the expected value and the variance of §, increase linearly with n. That
suggests expressing §, on a scale which corresponds to its rate of growth.
To this end, deduct from §, its expected value, and divide that difference
by its standard deviation. That gives the so-called standardized random
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variable Z

wf S —E[S] S -—nu

" ValS] | oun
It is called standardized because its expected value is 0 and its standard
deviation is 1, as can be seen as follows:

S U | _ _
E[Zn]—E[ oo i|—0\/ﬁ{E[S1] nut =0

B S-nu] (1 o,
Var[Zn]_Var[ o/ i|_(a\/ﬁ) Var[&]_mna =1

The expected value and variance of Z do not change as n changes.

Conducting an experiment N times generates a particular sample of
values for the random variables X;, and a corresponding value of Z,,. If
the experiment is conducted another n times, another sample of n values
is produced, and hence another value of Z,. Repeating this produces a
large number of sample values Z,, which can be arranged into a cumu-
lative histogram. The Central Limit Theorem says that for a ‘large n’,
this histogram resembles the shape of the standard normal distribution
function. The probability distribution of Z,, converges to the standard
normal distribution as N — oc. This property comes as no surprise if the
individual X have a normal distribution, as the scaled sum then also has
a normal distribution. But even if the individual distributions do not re-
semble a normal distribution at all, the scaled sum is still approximately
normal. The CLT serves as a simple device for making probabilistic
calculations about sums without having to know much about the proba-
bilistic nature of the individual random variables. The CLT can also be
expressed in terms of the average X values, Xy,

S—-nu S/n-—p  S/n—pn  Xo—p
o./n o4/Nn/n a/4/N o/4/n
Described here is the standard CLT. Its proof is found in the probability

books given in the references. More technical versions of the CLT exist
for when the X; are not identically distributed.

Zn:

E.2 MEAN-SQUARE CONVERGENCE

Mean-square convergence refers to what happens to the expected value
of the squared difference between random variable X, and random
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variable X, as N — oo. The difference between Xn(w) and X(w) can
very with w. For some w, Xp(w) and X(w) are ‘very close’, for other w
they are ‘not so close’ . But all the squared differences together must
have an average that goes to zero as N — oo. This can only be verified if
the limiting random variable X is known. That is usually not the case and
the equivalent condition is limp_, o E[(X,; — Xn+1)2] = 0. Other names
are L2 convergence and convergence in quadratic mean (q.m.). Common

shorthand notation is X, - X, Xn % X, Xn i X. In Chapter 3 it
is used in the construction of the Itd stochastic integral.

Two other types of convergence are outlined below. These are used in
the technical literature.

E.3 ALMOST SURE CONVERGENCE

This is a concept from advanced probability theory that is used in some
expositions of stochastic calculus. The initial position of Brownian mo-
tion is then specified as P{w; B(0, w) = 0} = 1, or B(0) =0 a.s., the
path continuity as P{w; B(., ®) i s continuous} = 1, and similar state-
ments for other properties. It can be introduced as follows.

In ordinary calculus, consider a sequence of ordinary functions fj,
whose values fn(X) depend on index n. If the sequence fn(X) con-
verges to another function f(x) for all values of X, this is known as
pointwise convergence. For example, if fo(X) =1 —x"/(1 —x) and
f(x)=1/(1 = x) for —3 <X < 1, then limp_, fa(X) = f(x) for all
X. If this same concept were applied to random variables, then X, would
be converging to X for all w. It turns out that this is not possible. There
are always some w for which there cannot be convergence. But if the set
of these w has probability zero then these @ ‘do not matter’. A sequence
of random variables X; - -- X, ... converges almost surely to a random
variable X if for an arbitrarily small positive €

Plo: lim [Xn(@) - X(@)| <€] =1

This is about the set of all w for which Xp(w) — X(w) as N — oo.
Convergence need not take place on a set that has probability zero
of occurring, hence the qualification ‘almost sure’ rather than ‘sure’.
Almost sure convergence can be seen as the probabilistic version of
pointwise convergence. X,(w) need not be arbitrarily close to X(w) for
all w, as N — oo but the collection of w for which there is no close-
ness must have probability 0. Alternative notation is to write the event
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limp_ o0 [ Xn(w) — X(w)] < € as limp_, oo Xp(w) = X(w) and its proba-
bility as Plw : limp_ o0 Xp(w) = X(w)] = 1, or as X,(w) - X(w) and
Plw : Xh(w) — X(w)asn — oo] = 1. This type of convergence is also
known as convergence almost everywhere. Common shorthand notation
is Xy, 2% Xor limp_—, o Xn = X a.s. (the reference to w is often omit-
ted).

Almost sure convergence is a probability of a limit.

E.4 CONVERGENCE IN PROBABILITY

This is another advanced probability concept that is used in some
stochastic calculus books.

For an outcome w for which X(w) is not arbitrarily close to X(w)
it holds that | X,(w) — X(w)| > €. The set of all such outcomes w is
{w : | Xn(w) — X(w)| = €}. This set is also known as a tail event. The
probability of this tail event is P[{w : | Xpn(w) — X(w)| > €}] and de-
pends on N. What happens to this probability as N — oo is the limit
limp_ o P[{w : [ Xn(w) — X(w)| > €}]. The tail event is often written
without w as | X, — X| > €, and its probability as P[| X, — X| > €]. A
sequence of random variables X;, X ..., X, converges in probability
to a random variable X if for any € > 0

lim P[{w : [Xs(@) — X(w)| > €}] =0
n—o0o
which is equivalent to
r]lirn Pl{w : [ Xp(w) — X(w)| <€}] =1
—>00

In other notation, it is the limit of the sequence of numbers p, where

pn € Pl{o : [ Xn(w) — X(@)] = €}]

Common shorthand notation for this is X, i) X.
Convergence in probability is a limit of a sequence of probabilities.

E5 SUMMARY

e Almost sure convergence requires Xp(w) — X(w) to get small for al-
most all w.

e Convergencein probability requires the probability of this difference
to get small. Hence Convergence in probability is less demanding
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than Almost sure convergence. One says that Convergence in proba-
bility is the weaker of these two types of convergence. If AlImost sure
convergence is true then Convergence in probability is also true.

Mean-square convergence implies Convergence in probability and
this in turn implies Convergence in distribution.






Answers to Exercises

CHAPTER 1
Answer [1.9.1] Scaled Brownian Motion

Let X(1) & JcB(t/c). As B(t/c) denotes the position of the Brownian
motion at time ¢/c, its variance equals ¢/c. Since X(¢) is a positive
multiple +/c of a Brownian motion, it can assume any values from —oo
to 0o. The expected value of X(¢) and its variance can be computed
without first working out the probability density of X ().

(a) The expected value of X(r) is E[X()] = E[/cB(t/c)] =
VEE[B(/c)] = /c0 =0,

(b) The wvariance of X(z) is Var[X(¢)] = Var[/cB(t/c)] =
(ﬁ)zVar[B(t/c)] =c(t/c)=t. So the scaled Brownian mo-
tion has the same mean and variance as Brownian motion.

(c) To derive P[X(¢) < x] first replace X(¢) by its definition, P[ X (¢) <
x] = P[\/cB(t/c)] < x]. Next rearrange the inequality to get a ran-
dom variable on the left for which the distribution is known

PIVeB(9H)] < x] =PIB(}) < ]

P R R g
X < = — - —
[X(1) < x] /y:_oo Todon exp 2[ '_t/c] y

(d) To derive the probability density of X(¢), differentiate the probabil-
ity distribution with respect to x. That gives the expression for the
integrand with y replaced by the upper integration limit x //c, times
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this upper limit differentiated with respect to x. The density of X (¢)
at X(t) = x is

L[t [x/ﬁ]z d(x/ /)
Vit T\ 2LVl )

1 1 [ x T
= exp| —=|—
Jivam U\ 2l
which is the same as a Brownian motion density.

(e) Check if the variance over an arbitrary interval equals the length of
the interval and is independent of the location of the interval.

Var(X(r + u) — X(0)] = Var[ JeB(4) — JeB(H)]
= cVar[B(=*) — B(})]

As B((t +u)/c) — B(t/c) is the movement from time ¢/c to time
(t + u)/c, its variance equals the length of this interval,

Var[ B(1H4) — B(4)] = &
Thus
Var[X(t +u) — X(t)] = % =u

(f) This variance is independent of 7 so X(¢) is indeed a Brownian
motion. As the scaled process X has the same probability distribution
as Brownian motion, Brownian motion is said to be statistically self-
similar.

Answer [1.9.2] Seemingly Brownian Motion

Let X(1) & 7. /7 where Z ~ N(0, 1).

(@) E[X(1)] = E[ZV1] = VIE[Z] = /10 =0

(b) Var[X(1)] = Var[Z /1] = (V1)*Var[Z] =11 =1
Expected value and variance over time period [0, ] are the same as
for Brownian motion.

(c) Probability distribution of X ()

PIX(1) < x] =PIZVi <x] =P[Z < ]

x/NEq -
= exp(—5y")dy
/yzoo 2w 2
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(d) Probability density of X () at X(t) = x

e (] 2 oo (A5 oo

(e) For any two times ¢ and 7 + u

Var[X(t + u) — X(t)] = Var[Z1 + u — Z/1]
= Var[Z(vt + u — V/1)]
= (W1 +u — 1) Var[Z]
= (Wi+tu— i3
=t+u—2Vt+uvt+t
=2t+u— 1?2+ ut

(f) For a Brownian motion Var[B(t + u) — B(t)] = u. This is not the
case here, so the process X(t) is not a Brownian motion. It just
seemed that it might be.

I ncrements of X

The value of Z is the same for all 7, so X (¢) is a non-linear function of ¢.
For example, if Z = 0.2 then X(t) = 0.24/¢. Consider the increments
of X over adjacent non-overlapping intervals [#;, t,] and [#;, #3]

X(t) — X (1) = Z(Jt, — V1) X(t3) — X(n) = Z(V13 — /1)
Their covariance is

Cov[Z(V1, — V1), Z(V13 — V/12)]
= (Vi — V1) (/15 — V1)CoVI Z, Z]
= (Vi — VW5 — V)1 #0

Brownian Motion | ncrements

Each increment is generated by its own Z;. These Z; are independent.

B(n) — B(t)) = Z1\/t, — 1 B(3) — B(ty) = Zo\/tz — I
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Their covariance is

Cov[Zin/t2 — t1, ZoN/13 — 1] = /12 — ti3/13 — 1]CoV[ Z,, Z5]
= A hiA R0 =0

as Cov[Z,, Z»] = 0 due to independence of Z; and Z,.

Answer [1.9.3] Combination of Brownian Motions

E[Z(t)] =E[aB(t)— /BB*(1)]
=ElaB(1)] — E [VBB*(1)]
= aE[B(1