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ABSTRACT

ADVANCES AND APPLICATIONS OF STOCHASTIC ITO-TAYLOR
APPROXIMATION AND CHANGE OF TIME METHOD:

IN THE FINANCIAL SECTOR

Oz, Hacer
M.S., Department of Financial Mathematics
Supervisor : Prof. Dr. Gerhard-Wilhelm Weber

September 2013, 61 pages

In this thesis, we discuss two different approaches for the solution of stochastic dif-
ferential equations (SDEs): Ito-Taylor method (IT-M) and change of time method
(CT-M). First approach is an approximation in space-domain and the second one
is a probabilistic transformation in time-domain. Both approaches may be con-
sidered to substitute SDEs for more “practical” representations and solutions.
IT-M was most studied for one-dimensional SDEs. The main aim of this work is
to extend the theory of one-dimensional IT-M to the higher-dimensional SDEs.
After covering I'T-M for systems of SDEs with uncorrelated Brownian motions,
we also consider the systems of SDEs with correlated Brownian motions. Then,
discretization schemes are given and prepared to solve the systems of SDEs. As
for the second approach, CT-M is discussed briefly. After this, applications of
CT-M and IT-M are considered, especially, for most famous models, e.g., Cox-
Ingersoll-Ross model and Ornstein-Uhlenbeck model. As an application of IT-M,
stochastic control problems are also considered. In order to get an expression for
the gradient of sensitivity, Malliavin calculus is used. Throughout the thesis we
provide examples from the financial sector. This thesis ends with a conclusion
and an outlook to future studies.
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Oz

_ STOKASTIK ITO-TAYLOR YAKLASIMLARININ VE ZAMANI
DEGISTIRME YONTEMININ GELISTIRILMESI VE FINANSAL SEKTORE
UYGULAMALARI

Oz, Hacer
Yiiksek Lisans, Finansal Matematik
Tez Yoneticisi : Prof. Dr. Gerhard-Wilhelm Weber

Eylil 2013, 61 sayfa

Bu tezde, stokastik diferansiyel denklemlerin (SDD) ¢oziimleri igin iki farkh yakla-
sim tartigmaktadir: It6-Taylor metodu (IT-M) ve zamani degistirme metodu.
Birinci metot uzay bolgesinde bir yaklagim ve ikinci metot ise zaman bolgesinde
olasiliksal bir doniigimdiir. Her iki metot da SDD’leri ve onlarin ¢oziimlerini
daha “pratik” gosterimlerle temsil etme imkani verir. Simdiye kadar IT-M bir-
boyutlu SDD’ler i¢in yeterince incelenmigtir. Bu ¢aligmanin asil amaci bir-boyutlu
I'T-M'nun teorisini ¢ok-boyutlu SDD’lere genigletmektir. I'T-M'nu aralarinda ko-
relasyon olmayan Brownian hareketleri ile ifade edilen SDD sistemleri igin ele
aldiktan sonra, aralarinda korelasyon olan Brownian hareketleri ile ifade edilen
SDD sistemleri i¢in de ele alinmigtir. Sonra ayriklagtirma semalar: verilmistir
ve SDD sistemlerini ¢ozmek ig¢in kullanilmigtir. Tkinci yaklagim olan zamani
degistirme metodu kisaca anlatilmistir. Daha sonra, ¢ok 6nemli modeller olan
Cox-Ingersoll-Ross modeli ve Ornstein-Uhlenbeck modeli i¢in uygulamalar yapil-
migtir. IT-M’nin bir uygulamas: olarak, stokastik kontrol problemleri de ince-
lenmistir. Hassasiyet duyarliligi gradyanti i¢in bir ifade elde edebilmek i¢in Malli-
avin kalkiiliis kullanilmigtir. Tez boyunca finansal sektérden 6rnekler verilmistir.
Bu ¢aligma bir degerlendirme ve gelecek caligmalara bir bakig ile sonuclandirilmig-
tar.
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Anahtar Kelimeler: Zamani degistirme metodu, It6-Taylor agilimlar, SDD sis-
temleri, Korelasyonlu Brownian Hareketleri, Finansal matematik, Malliavin kalkii-
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CHAPTER 1

INTRODUCTION

During the past few decades, stochastic differential equations (SDEs) have become
quite popular models in a variety of areas such as financial mathematics, actu-
arial sciences, physics, biology, geology, mechanics, astronomy and other fields
of science and engineering. For example, in financial mathematics, fluctuating
stock prices and option prices can be modeled by SDEs [13], or in physics, they
are used to model the effect of thermal noise in electrical circuits and numerous
kinds of disturbances in telecommunications systems [25,34].

These random events began to be modeled with the discovery of Brownian motion
by Robert Brown in 1827. He observed the motion of pollen particles in water,
noting that the particles moved through the water. But he was not able to
determine the mechanism that caused this motion. Thorvald N. Thiele explained
Brownian motion in mathematical terms in a paper on the method of least squares
published in 1880. Independently of Thorvald N. Thiele, Louis Bachelier, a French
mathematician, modeled the stochastic process, Brownian motion, in his PhD
thesis “The Theory of Speculation” (published in 1900). Since it is historically
the first paper to use advanced mathematics in finance, he can be considered as
a pioneer in the study of financial mathematics and stochastic processes. Then,
Norbert Wiener (1894 — 1964) described Brownian motion as a continuous-time
stochastic process, which is the reason why it is also called a Wiener process.
However, the history of stochastic differential equations can be considered to
have started with the Einstein’s famous paper “On the Motion of Small Particles
Suspended in a Stationary Liquid, as Required by the Molecular Kinetic Theory of
Heat” (1905), where he presented a mathematical connection between microscopic
random motion of particles and the macroscopic diffusion equation.

In modeling of stochastic integral equations, a problem arises from the integration
based on the Brownian motion. As a consequence of irregular paths of Brownian
motion, it is nowhere differentiable. This causes that one can not apply directly
usual calculus rules and formulas to it. However, Kiyoshi Ito extended these
rules and formulas from usual calculus to stochastic processes, which is called Ito
(stochastic) calculus (1951). He published many papers on stochastic calculus
[15-19]. His famous formula, It6 Lemma, [19] helps us to solve the SDEs. There is
also other kind of stochastic calculus, Stratonovich (stochastic) calculus, prepared
by Russian physicist R.L. Stratonovich in 1966 [35]. Stratonovich stochastic



integral is the most common alternative to Ito stochastic integral. Unlike Ito
integral, it leads to the chain rule and further famous formulas of ordinary calculus
as special cases. However, in many real-world applications, such as modeling of
stock prices under the non-arbitrage principle or pricing of options [38], it is more
appropriate to use Ito calculus.

Unfortunately, many stochastic integrals can not be solved explicitly, emerging
the need of stochastic numerical integration schemes [26]. So far, different ap-
proaches are proposed to solve SDEs numerically. Discretization of both time
and space variables was proposed by Kushner (1977). But this was inefficient in
higher-dimensional cases. In 1978, Boyce suggested the simulation of general ran-
dom systems by Monte-Carlo methods. However, since this method does not use
the special structure of SDESs, it is less useful. Kushner’s Markov chain approach
was extended in higher-order approximations in 1992 by Platen.

Taylor-series expansion is one of the way for finding approximate solutions. In lit-
erature, it can be seen that various studies have been conducted on the stochastic
generalization of the Taylor formula, It6-Taylor method (IT-M). The first gen-
eralization of this extension was firstly presented by Platen and Wagner [32].
Later, Platen and Kloeden derived and investigated stochastic Taylor expansion;
for details, cf. [23]. For a further study in the light of the Platen and Kloeden,
we may refer to [41].

Moreover, there is also a probabilistic method of transformation to solve SDEs:
Change of Time Method (CT-M). History of CT-M can be considered to begin
in 1940 by Doeblin although his sealed envelope was opened 60 years after when
it was sent. CT-M was also introduced by Bochner (1949, 1955). Dambis and
Dubins-Schwarz developed a theory of random time changes for semimartingales
in the 1960s [21,33]. Johnson and Shanno [20] studied pricing of options using
time changed stochastic volatility model (SVM). German, Carr, Madan and Yor
[6] used subordinated process to construct SVM for Lévy process.

In this work, we study two different methods to solve SDEs: IT-M and CT-M.
After investigating IT-M for one-dimensional SDEs [23,41], we extend the the-
ory of IT-M to the systems of SDEs [42], which is our main purpose. In the
multi-dimensional case, correlation between Brownian motions is also taken into
account. We transform the systems of SDEs with correlated Brownian motions to
the uncorrelated case. Then, we apply [T-M. In order to get numerical solutions
of a system of SDEs, we focus on discretization schemes. After this, some basic re-
sults from CT-M are presented [1,2,36,41]. To price variance and volatility swaps,
we apply CT-M to Cox-Ingersoll-Ross (CIR) model. As for IT-M applications,
we consider CIR model, Ornstein-Uhlenbeck (OU) model and stochastic control
problems. For CIR model and OU model, we obtain discretization schemes. 1T-M
is also used to approximate state equations of stochastic control problems. Before
estimating the so-called sensitivity gradient, we apply Malliavin calculus to get
an expression for the gradient of the cost functional.

In the preliminaries, presented in Chapter 2, we give the fundamental definitions
and theorems of stochastic calculus. In Chapter 3, we explain how the It6-Taylor



schemes are constructed for one-dimensional SDEs. The [to-Taylor schemes for
the systems of SDEs and discretization schemes for both one-dimensional and
higher-dimensional SDEs are covered in Chapter 4. Chapter 5 includes the CT-
M for SDEs. In Chapter 6, after giving some applications of random time change
to SDEs, we apply I'T-M to systems of SDEs and stochastic control problems.
We derive the gradient of the cost functional by using sensitivity with the help
of Malliavin calculus. In the last chapter, we conclude and give an outlook to
future studies.






CHAPTER 2

MATHEMATICAL PRELIMINARIES

Before we start with the main topic of this thesis, we cover some basic defini-
tions and theorems of stochastic calculus [25,30]. Throughout the thesis, we let
(Q, F, (Ft)t>0, P) be a filtered probability space. Here, §2 denotes a sample space,
F is a o-algebra, (F;)i>o is a filtration and P is a probability measure [24]. We
may also restrict us to smaller time intervals [0,7] for some “maturity time”
T > 0.

2.1 Brownian Motion

Definition 2.1. A stochastic process is a collection of random variables (X : t €
T) defined on the same probability space (2, F,P).

When the parameter set T is countable, i.e., T = N = {0,1,2,...}, we say that
the process is a discrete parameter process. If T is not countable, the process is
said to have a continuous parameter process. Mostly, we take T as Ry = [0, 00).
The index t represents time, and X; can be considered as the “state” or the
“position” of the process at time t.

Definition 2.2. Brownian motion is a real-valued stochastic process (W; : t €
[0,T7]) for some T > 0 with the following properties:

e Independent increments: Forall0 <ty <t; <...<t, <T,theincrements
Wy =Wy Wy, = Weyy oo o Wy, = We
are independent.

e Stationary increments: If 0 < s < t < T, the increment W, — W, and
W;_s — Wy have the same probability law.

o Continuity of paths: P a.s. the map t — W, is continuous.

Remark 2.1. A Brownian motion is called standard Brownian motion or Wiener
process if

Wo=0 Pas, EW,)=0 EW?}=t



From now on, we assume that the Brownian motion is standard if nothing else is
mentioned.

Definition 2.3. [5,25] A standard n-dimensional Brownian motion (Zi)i>o is
an R"-valued stochastic process

Zo=(Z}7Z2,...,ZM7,

where Z! and th , for all ¢ # j, are uncorrelated Brownian motions with the
following properties of normalization:

(dZ)? = dt, dZ}dt =0, (dt)* = 0.
In fact, this implies the following rule for different components:
dZidZ] = sydt (i,j=1,2,...,n),

where 0;; is the Kronecker delta:
5 — 1if 7 =7,
Y 0if g # g

Definition 2.4. [5] A process defined as W, := (W}, W2, ..., W™ is a corre-
lated Brownian motion if

AWidW} = pydt (i,j=1,2,...,n),

for a positive semi-definite matrix p = (p;;)1<i j<n satisfying the following prop-
erty:
pi =1, and p;; = pj; € [—1,1] for all i # j.

2.2 Construction of the It6 Integral

We assume a simple population growth model as

% = atNt, NO = C, (21)
where N, is the size of population at time ¢, a; is the relative rate of growth at
time ¢, and c is a given constant. In most cases, we completely do not know a,
since it is subject to some random environmental effects. For this reason, we can
write a; as

a; = r; + noise,

where r; is nonrandom function and the exact behavior of the “noise” term is not
known, only its probability distribution is known. So we can rewrite Eqn. (2.1)
as

dNy

ke (ry + noise) - Ny



or, more generally, in equations of the form
dX,
dt
where a and h are some given functions. If we denote the noise term by a
stochastic process, (& )i>0, we get

4,
dt

where &; satisfies the following properties:

= a(t, X;) + h(t, Xt) - noise, (2.2)

= a(t, Xy) + h(t, X1)&, (2.3)

(i) t; # to = &, and &, are independent (¢1,ty > 0),
(i) {&} is stationary for all ¢ > 0,
(i) E(&) =0 for all ¢ > 0.

Let 0 <ty <ty <...<t, <T for any given T' > 0, then a discrete version of
Eqn. (2.3)

Xoo1 — Xy = alty, X,)At, + h(ty, X6, AL, (v=0,1,....m—1), (2.4)

where

£V = gtu? Atu = tl/Jrl - tu-
For simplicity, we consider {,At, =: AV, = AV, . — AV, , with V}, = 0, where
(Vi)i>0 is some suitable stochastic process. It is clear that V; satisfies the assump-
tions (i)-(iii) and a Brownian motion (Z;) is the only such process with continuous
paths. So, if we replace V; by Z; in Eqn. (2.4), we get

v—1 v—1
X,/ = XO + Z a(tj, X])Atj + Z h(tj, XJ)AZJ (25)
7=0 7=0

Since the limit of the right hand side of the Eqn. (2.5) exists as At; — 0, it can
be rewritten as
t

t
X, = X, +/ a(s, X,)ds + / h(s, X,)dZ,". (2.6)

to to

The problem with this is that a Brownian motion (Z;) is nowhere differentiable,
so that we need to define

T
/ flt,w)dZy(w) forall 0<S<T.
S

Firstly, we give some definitions.

Definition 2.5. Assume C = C(S,T) to be the class of functions f with the
variable (t,w),
f:]0,00) x Q — R,

such that



(i) (t,w) — f(t,w)is (B&F)—measurable, where B denotes the Borel o-algebra
on [0, 00),

(i) f(t,w) is F;—adapted,

(iii) (fs flt,w 2dt)

Definition 2.6. Assume that (0 =1ty <t <...<t, =T) is a partition of the
interval [0,7]. A function ¢ € C is called elementary function if it is of the form

m—1
¢(t7 (,U) = €j (W)X[tj,tj+1)(t)7
=0
where the random variables e;(w) (j = 0,1,...,m — 1) are J;,-measurable and

Xlt; t;+1)(¢) 1s the indicator (characteristic) function.

Now, we can define It6 integral for elementary function as follows:

Definition 2.7. (It6 integral for elementary function ) Let (S =1 <t <
. <ty =T) be a partition of the interval [S,T], then:

m—1
/ o(t,w)dZy(w :Ze] Zy, (W) = Zy; (w)).
7j=1

Lemma 2.1. (The Ité isometry for elementary functions) If ¢(t,w) is
bounded and elementary, then it holds:

E((/ST ¢(t,w)dZt(w))2) = E(/STng(t,w)dt).

The aim is now to extend the definition of [t0 integral from elementary functions
to all functions in C. It can be done in several steps:

Step 1. Let g € C be bounded and g(-,w) continuous for each w. Then, there exist

elementary functions (¢,)ven € CV defined as ¢, (t,w) = Z;":_ll G(t5, W)Xty t540)0)
such that

T
E(/ (g—cﬁv)th) — 0 asv— o0.
s

Step 2. Let h € C be bounded. Then, there exist bounded functions (gy)ven € CN
such that g,(-,w) is continuous for allw € Q and v € N, and

T
E(/ (h—gy)th) — 0 asv— o0.
S

Step 3. Let f € C. Then there exist a sequence (hy)ven € CV such that h, is
bounded for all v € N and

E(/T(f—hv)th) — 0 asv— oc.
s



Now using these results, it is time to define Ito integral for all functions in C.

Definition 2.8. (The It6 integral) Let f € C(S,T). Then, the It6 integral
of f (from S to T') is defined by

vV—00

/ f(t,w)dZ;(w) = lim chv(t w)dZ(w),

where (¢, )ven 18 a sequence of elementary functions such that

E(/j(f(t,w) - qﬁv(t,w))zdt) 0 asv — 0.

Theorem 2.2. (The Ité isometry)

(( Tf(t,w>dZt(W)>2) 5[ : Pt
for each f € C.
Now, Eqn.(2.6), i.c

t ¢
Xt:Xto—l—/ a(s,XS)ds+/ h(s, Xs)dZs, (2.7)

to to

is well-defined and called a one-dimensional stochastic (or It6) integral equation.
Here, the coefficient functions a(t, X;) and h(t, X;) are called drift and diffu-
sion coefficients, respectively. These functions need to be sufficiently smooth
real-valued functions satisfying a linear growth bound. The first integral is the
Riemann integral and the second integral is called the [to stochastic integral.
The differential form of Eqn. (2.7),

dXt = a(t, Xt)dt + h(t, Xt>dZt (tO S t S T), (28)

is called a one-dimensional stochastic (or Ito) differential equation (SDE).

2.3 Ito Lemma

The Riemann integrals can be evaluated by using Fundamental Theorem of Calcu-
lus, Chain rule and Taylor series. For the Ito integral, it is needed to have similar
rules and formulas. However, [t0 Lemma, also called chain rule of stochastic
calculus, acts in the capacity of three calculus theorems. It is based on the sub-
stitution rule, providing a methodology for the solution of Eqn. (2.8). 1t6 Lemma
also implies that a full linearization is not generally possible if the variable of a
smooth function f is a stochastic process, but a particular quadratic term stays
as a remainder due to the processes’ uncertainity or (co-)variation.



Lemma 2.3. (The one-dimensional Ité6 Lemma [30]) Let (X;) be Ito process
satisfying Eqn. (2.8) and f : [0,00) x R — R be a given bounded function in
C?([0,00) x R). Then,

of 10°f
N (t Xt)dXt + 55

where (dX;)? = (dX;) - (dX;) is computed according to the rules

of

df (t, X;) = —(t, X;)dt + == B (t, X)(dX;)?, (2.9)

Before we give the multi-dimensional 1t6 Lemma, we need to extend the theory
of one-dimensional stochastic processes and equations to the higher-dimensional
ones. For this reason, we consider the process (X;)i>o in R%. Let (Z;)i>o be
a standard n-dimensional Brownian motion defined as Z; = (Z}, Z%,...,Z")T.
Then, the k" component of the vector-valued SDE is given by

AX} = apdt + Y hydZl  (k=1,2,....d),
=1
where ai(t,X;) and hy;(t,X;) are drift and diffusion coefficients, respectively.
We shortly put A == A, X;) = (a1(t,Xy), ..., aq(t, X)), X; = (X},..., XHT

and
hir(t,Xy) ... hi(t,Xy)

hat(£,X0) . han(t,X0)

to get the following compact matrix formulation:

Lemma 2.4. (The multi-dimensional Ité6 Lemma [30]) LetX; = (X}, ..., XH)T
be a vector-valued Ito process satisfying Eqn. (2.10). Let g : [0,00) x R — RP be
a given bounded function in C*([0,00) x R%). Then,

a R R
dg(t. %) = = (1. %) dt+z t Xo)dX; + 5 > P L (t,X,)dX}dX], (2.11)

i,j=1

where dZidZ] = 6;;dt and dZidt = dtdZ} = 0.

10



CHAPTER 3

STOCHASTIC TAYLOR EXPANSIONS

Taylor-series expansion is one of the way for finding approximate solutions. In
literature, it can be seen that various studies have been conducted on the stochas-
tic generalization of the Taylor formula. The first generalization of this extension
was firstly presented by Platen and Wagner in [32]. Later, Platen and Kloeden
derived and investigated stochastic Taylor expansion; in detail, [23]. For a further
study in the light of the Platen and Kloeden, we may refer to [41].

In the first section of this chapter, we derive deterministic Taylor expansions in
detail to find approximate solutions of deterministic ordinary differential equa-
tions (ODEs). Once we understand Taylor series for deterministic case, it is easier
to see the stochastic version of the Taylor series which we derive in the second
section to understand how stochastic integration methods are designed.

3.1 Taylor Expansions for ODEs

In this section, we review how we can obtain a deterministic Taylor expansion [23].
We consider the solution (X;) of the following one-dimensional ODE:

ax,

“L=a(t,X) (<t<T), (3.1)

with initial value X;, for some t, € [0,7], where the function «a is sufficiently
smooth and has a linear growth bound. Eqn. (3.1) can be written in the equiva-
lent integral equation form as

¢
X, = Xy, +/ a(s, X)ds. (3.2)
to

Lemma 3.1. Let £ be an operator defined as

0 0
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Then, Taylor series expansion of Eqn. (3.2) has the following form:
1
X, =Xy, + alte, Xy)(t —to) + 5£a(zﬁo,Xt0)(zt —tg)?

1
+ §£2a(t0, X))t —to) +....

Proof. Suppose f : [0,00) x R — R is a continuously differentiable function, then
the evolution of the function f is governed by

df(ta Xt) — af(ta Xt) af(ta Xt)
dt ot ox
via the chain rule. The integral form of this differential equation is

FIL X)) = F(to, Xon) +/t (% +a(s,Xs)%)ds, (3.5)

+alt, X)) (3.4)

where f(tg, X;,) is the given initial condition. By defining a linear operator

0 0
L= FTis a(t,Xt)%, (3.6)
we can rewrite Eqn. (3.5) as
t
F(tX0) = flto, Xo) + / Cf(s, X.)ds, (3.7)
to

for ty <t < T. Obviously, for f(t, X;) = X; we have Lf = a,L?f = La, ..., and
Eqn. (3.7) reduces the original Eqn. (3.2):

t
X, = Xy, +/ a(s, Xs)ds. (3.8)

to

If we now apply the relation of Eqn. (3.7) to the function f = a, we get

a(t, Xy) = a(te, Xz,) + /t La(s, Xs)ds, (3.9)

to

and substituting into Eqn. (3.8), we obtain

t s
Xy = Xto—i—/ (a(to,XtO)—f—/ Ea(z,Xz)dz)ds

to to
t t s
= Xt0+a(to,Xto)/ ds+/ / La(z, X,)dzds, (3.10)
to to Jto

which is the simplest nontrivial Taylor expansion for X;. We can also apply Eqn.
(3.7) to the function f = La, herewith getting

¢
La(t, Xy) = La(to, Xi,) +/ L2a(s, X,)ds, (3.11)
to

12



and substituting Eqn. (3.11) into Eqn. (3.10) leads to

t t s
Xe =Xy, + a(to,XtO)/ ds+£a(t0,XtO)/ / dzds

to to Jto

t s z
+ / / / L2a(u, X,)dudzds,
to Jtog Jito

for to <t < T. If we continue this procedure to infinitum, we obtain the following
Taylor series expansion for the solution of Eqn. (3.2):

1
X, =Xy, + a(tO,XtO)(t—tO)+§£a(t0,Xto)(t—t0)2

1
+ §£2a(t0, Xt0)<t — to)g + ...

3.2 Ito6-Taylor Expansions

In this section, we refer to the one-dimensional SDE (2.8):
with the integral form of Eqn. (3.12):
t t
X = Xy, —i—/ a(s,XS)ds+/ h(s, X,)dZs. (3.13)
to to

To construct Ito-Taylor Expansions for SDEs, we need to give some notations.

3.2.1 Multiple Stochastic Integrals

Definition 3.1. [23] Form =1,2,3,...,5; € {1,2,...,m},and i € {1,2,... k},
a row vector

= (j1,J2, -, Jr)
is called a multi-index of length

l:=1a)e{1,2,...}.

For example,
1((2,0,1)) =3, 1((0,1,0,3,4)) = 5.

We note that the multi-index of length zero is denoted by v.

Let M denote the set of all multi-indices. For « € M with l(a) > 1, —a and a—
can be obtained by deleting first and last component, respectively, of «.

For example,

—(1,3,4,0) = (3,4,0) and (1,3,4,0)— = (1,3,4).

13



Definition 3.2. [23] Let f = (f(¢) : t > 0) denote any adapted right-continuous
stochastic process with left-hand limits existing. Then, we define the sets H,,,
H (o) and H 1) such that

e The set H, represent all such processes f with
| (t, w)| < oc.

e The set H (g contains all those processes f with

/t |f(s,w)|ds < o0.
0

e The set H(;) contains all those processes f with
t

/ |f(s,w)?ds < co.
0

Moreover, we define

for j € N with 5 > 2.

Definition 3.3. [23] Let #H, be a set for multi-indices o = (j1, jo, - - -, Jx) € M
with length [(a)) > 1. Assume p and 7 be two stopping times with 0 < p(w) <
7(w) < T. Then, for a multi-index & € M and a process f € H,, multiple Ito
integral I,[f(-)],- is defined recursively by

f(7), if k=0,
L (Vs = § Sy T [F(Npsds, ik > Land jiy =0,
] Lo [f()psdZE, if k> 1 and ji > 1;

i.e., integration takes place with respect to ds if j, = 0, or dZ* if j, # 0.

Here, the index i in dZ! represents different Brownian motions. If there is only
one Brownian motion, we can only say dZ,. To understand better this definition,
let us look at following examples:

LU Olus = S0,
[(1)[f(')]‘rz‘ﬂ'¢+1 = . (S)dZSl,

](0) [f(')]pJ = / f(S)dSa

p
I(O,2)[f(')]to,t:/t /tzf(sl)dslefz,
ToaolfOlue= [ [ [ 10428 a2 dss

for an appropriate process f. We note that for a simpler notation we use I;,4,. i,
taking f(t) = 1.

14



3.2.2 Ito6-Taylor Expansions for SDEs

Now, we are able to derive the Taylor series based on the solutions of SDEs, which
are called Ito-Taylor Expansions [23]. It is similar to the Taylor series expansion
for ODEs in the previous section. The only difference is the application of Ito
Lemma. For this reason, it can be considered as an extension of deterministic
Taylor series expansions.

Lemma 3.2. Let £° and L' be operators defined as

0 0 1., 0?

0. 9 o L., 0

£ _3t+a(93:+2 0x?
and 9
1.4 9
ﬁ.—hax.

Then, the Ito-Taylor approximation of Eqn. (3.13) looks as follows:

X, =Xy, + alte, Xsy)lo + hlto, Xiy) 1 + La(to, Xyy) oo + La(to, X4, 1o
+ LO(to, Xoo)To1 + LM h(to, Xiy) 111 + L2°La(to, Xty ) Tooo
+ L'L%(to, Xty) oo + LOLYal(to, Xoy) To1o + L1 L1alto, Xiy) 110
4+ LOLh(to, Xy ) Toor + L LOR(to, Xiy) 101 + LOL A (to, Xy ) o1
+ L'YLYW(to, Xy ) 111 + Ry,

with remainder

Ry = Ioooo[L7L° L0y 1 + Tro0o[L'LOLOA)w ¢ + Tor00[LOL L)y,

+ TLoo[L'L L0y ¢ 4+ Too10[L0L° L1 alsy 1 4+ Lio10[L1LOL a4 4
Ioi1o[L0L' L1 a Jto.t + Lol L Lra Jto.t + Tooo1 [L°L° LR Jto.t
1—1001[£1£o£o hltot + Loro1 [ £ 0L L hltgt + 11101[£ L'L hlig .t
1.0011[£0£0£l hltgt + [1011[£ LOLh hltgr + Lo [£ OctLth hlt +
L [LYLY LRy, 4. (3.14)

+ + +

Proof. Now, application of Lemma 2.3 to Eqn. (3.13) gives

F(6X) = flto, Xu) + / O (s, X.)ds + / 2 (s, x)ax
82
—l—/ 1 f(sX)(dXs)2

2922
= f(tU7Xto)
t 2
+/ (%(S,Xs) +G<S,Xs>%(saXs) + %hQ(SaX )g J;(S X ))ds
+/th(s,Xs)%(s,Xs)dZs. (3.15)

15



If we define the operators

o 9 1.0
0__ . - 2_
L=t T3 am

and

0

1— J—
L _h&v’

then, we can rewrite Eqn. (3.15) as

ft, Xy) :f(to,Xto)+/t£0f(s,Xs)ds+/t£1f(s,XS)dZs. (3.16)

to to

We continue with the usage of 1td6 Lemma for the terms in the integrals. In Eqn.
(3.16), if we choose f(t, X;) = X;, then Eqn. (3.16) becomes

t ¢
Xt:Xto—i—/ a(s,XS)ds+/ h(s, Xs)dZs, (3.17)

to to

which is the original SDE of Eqn. (3.13). For f(t,X:) = a(t, X;), Eqn. (3.16)
becomes

t t
a(t,Xt):a(to,Xto)—i—/ an(s,Xs)ds+/ Lla(s, X,)dZ,. (3.18)

to to

Similarly, after choosing f(t, X;) = h(t, X}), Eqn. (3.16) follows in the form

t t
h(t,Xt):h(to,Xt0)+/ th(s,Xs)ds+/ L1h(s, X,)dZ,. (3.19)

to to

Substituting Eqns. (3.18) and (3.19) into Eqn. (3.17) implies that

t s s
Xi=X, + /[a(to,XtO)—l—/ an(T,XT)dT—f—/ Lla(r, X,)dZ,]ds

to to to

t s s
+ / [h(tO,XtO)+/ ﬁoh(T,XT)dT—i-/ LYh(r, X,)dZ,)dZ,.

to to to
Similarly, we will apply It6 Lemma for f(t, X;) = L%(t, X;), f(t, X;) = Lla(t, Xy),

16



f(t, Xe) = LOh(t, X;) and f(t, X;) = Lh(t, X;) to get

t

t
X=Xy, + a(to,Xto)/ ds—!—h(to,XtO)/ dZ
to to

t s t s
+ an(to,Xto)/ / drds+£1a(to,Xt0)/ / dZ.ds
to Jto to Jto
t s t s
+ L(to, Xy,) / / drdZs + L h(to, Xy,) / / dZ.dZ,
to Jto
+ // /ﬁocﬂ zX)dz+/ L£'L0(z, X.)dZ.]drds
+ // /£°£1 (2, X.) dz+/££1 (2,X.)dZ.)dZ,ds
+ // [/ £0£0h(z,Xz)dz—|—/ L'LO(z, X )dZ, | drdZ,
to
+ / / / LOLYN (2, X, )dz + / L' (2, X, )dZ.)dZ dZ,.
to

If we continue by iterating with the functions £°L%(¢t, X;), £ L%(t, X,),
£0£1G<t, Xt), Elﬁla(t, Xt), EOEOh(t’ Xt), Elﬁoh(t, Xt), Eoﬁlh(t, Xt) and
L'L(t, X;), we obtain

X, =Xy, + alte, Xsy)lo + hlto, Xiy) 1 + L0a(to, X4y) oo + La(to, Xy, 1o
4+ L(tg, Xy ) To1 + L R(to, Xyy) 11 + L0La(ty, Xy, ) Tooo
+ L'L%(t, Xt,) oo + LOLal(to, Xoo) To1o + L1 L1alto, Xiy) 110
4+ LOLh(to, Xy ) Toor + L LOR(to, Xiy) 101 + LOL A (to, X)) o1
+ L'Lh(to, Xi) i1 + Ry,

where R; denotes the remainder term which can be expressed as in Eqn. (3.14).

Here, we note that I;,;, i, represents the nlultiple [to integrals W'ith'constant in-
tegrands and the terms I, i, [L"L? ... L%y OF Tijgy i [LVL? 0 L%y

in R; stand for the multiple It6 integrals with non-constant integrands.
O

Remark 3.1. Multiple It6 integrals appearing in the remainder terms can be shown
to converge in the mean-square limit [23]. Moreover, convergence, how well the
approximate solution converges to the true solution, can be found with the help
of the moment estimation of the product of multiple It6 integrals.
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CHAPTER 4

ITO-TAYLOR EXPANSIONS FOR SYSTEMS
OF STOCHASTIC DIFFERENTIAL EQUATIONS
AND APPROXIMATIONS

4.1 Introduction

In this chapter, Ito-Taylor expansions for the systems of SDEs are given. We
consider both the systems of SDEs with standard Brownian Motions and the
systems of SDEs having correlated Brownian Motions. We directly apply Ito-
Taylor formula to the systems of SDEs with standard Brownian Motions. But
the correlated ones are first transformed to the ones having uncorrelated standard
Brownian motions, and then It6 Lemma is applied to get the Ito-Taylor expan-
sions [42]. Finally, we give related discretization schemes to get an approximate
solution. In order to measure the order of convergence, we use special forms of
[to-Taylor expansions such as Euler scheme and Milstein scheme. Throughout
this chapter we refer to Eqn. (2.10), i.e.,

We consider now the & component of the system of SDEs given by Eqn. (4.1):
AXF = ap(t, X)) dt + > (8, X)dZ (k=1,2,...,d),

j=1
where ag(t,X;) = ax(t, X}, ..., X3) and hy; (8, X)) = hei(t, X} .0, XD).

For applying the It6 Lemma of Eqn. (2.11), welet Y, = (Y1, Y2, ..., YP)T defined
by Y;: = g(t,X;) and g(t,X;) = (¢1(t,X), ..., ¢°(t, X,))T.

Then, the component Y, is given by

agf d 8g£ ) 1 d a2g£ ] .
dY! = = dt L AdXi+ = —2 dXidX? 4.2
¢ BN +Z-Zaﬂ t 2”:18x%] taA g, ( )
where .
AX[dX] =" " hyphydt. (4.3)

1,j=1 p=1
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After substituting Eqn. (4.3) into Eqn. (4.2), we get

avi = (25 00 IS 00 Sy
F= or 2 o 2 D Pt )4+ DD v 5427 (44)
=1

i,j=1 p=1 j=1 p=1

where all derivatives of g° are to be evaluated in (¢, X;) and the Brownian motions
are uncorrelated.

4.2 Ito-Taylor Approximation for Standard Brownian Motions

In this section, we let Z; = (Z}, Z2, ..., Z™")T be a standard n-dimensional Brow-
nian motion. Eqn. (4.1) can be written in integral form as

t t
X =X, + / A(s, Xy)ds + / H(s, X,)dZs. (4.5)
to to
The system of SDEs can be classified with respect to the criterion of (non-)shared

states and (un-)correlated (or (un-)standardized) Brownian motions. We give [to-
Taylor approximation for each classification in the following subsections.

4.2.1 Completely Decoupled Systems

We consider the following system
dXF = ap(t, XF)dt + hy(t, XF)dZF (kK =1,2,...,d), (4.6)

where all equations have their own Brownian motions and their own states; this
also implies d = n.

Lemma 4.1. Let £° and L7 be operators defined as

ot — oxt 2 TP A

ij=1 p=1

and
d

) 0 )
EJ :thj@ (]:1,2,,71)

p=1
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Then, the Ito-Taylor approximation of Eqn. (4.6) can be written as:

with

Xk = Xf;) + ak(to,XfO)Io + hkk(thth;)Ik

+

Loay(to, X35 ) Too + Z L ag(to, Xf) Lo

J=1

thkk(tg, th(:))f()k —l— Z Ejhkk(to, Xt’f))ljk

Jj=1

LOL%y (to, XF ) Toon + > L7 Lo (to, X7 ) Ljoo

j=1
n

Z Eoﬁjak (to, ng))]ojo + Z ﬁjﬁpak(th Xfi)ljpo

J=1 Jp=1

L0LOhi(to, X5 ) Took + Y L7 LD (o, X§ ) Ljow

J=1

R, = Iyooo [ﬁoﬁoﬁoak]to,t + Z Liooo [ﬁjﬁoﬁoak]to,t

+

j=1

ZIOJOO L7 L0y + Z 00 [ L7 L7 L]0

Jpl

ngo]o [L°L0Lar) iy + Z w070 [ LPLOL a4

]pl

Z To;p0[ £0L7 LPak) s + Z Tipo [ £1L7 LPag) o

_],pzl ]’pvlzl

Toook[LLOLPrltge + > Tioow[£7 LOL il s

j=1

ZLW 0L Loh]s s + Z ook [CP L7 L] 4

Jpl

Zfoo]k [LOLOL g s + Z o7k [LPLOL Dk 4

Jip=1

Z Tojpk[L0L7 LP P .1 + Z Tk [£1L7 L2 P o

§p=1 Jpil=1
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Jj=1 Jp=1
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Proof. For Eqn. (4.6), Eqn. (4.4) becomes

998 K 0 1 d%g"* " 9¢" .
! (825 +;a8x1+2; 8m1x2) +; Oxi
where g(t,X;) = (X}, ..., X")T. Herewith,
dXT = ap(t, X[)dt + hy(t, X[)dZF (4.8)

and, in here, we note that ¢ and k represent the ¢*" component of the function
g(t,X;) and the &' component of the system of SDEs of Eqn. (4.8), respectively.
The integral form of Eqn. (4.8) is

t t
Xf:Xfo+/ ak(s,Xf)ds+/ hii (s, XFYdZF. (4.9)
to to

We assume the operators £° and £’ as stated in Lemma 4.1. This allows us to
express the multi-dimensional version of the It6 Lemma in a compact way:

t n t
Y/ =Y} +/ £0g5d3+2/ Ligtdz?. (4.10)
to j=1 to

Now, we apply Eqn. (4.10) to the terms in Eqn. (4.9). If we choose ¢° = a,(t, X}),
then Eqn. (4.10) becomes

t noot
ar(t, X[) = ap(to, X[ +/ Lo (s, XF)ds + Z/ Llap(s,XFdzi.  (4.11)
to j=1 “to
Similarly, for ¢° = hy(t, X!) Eqn. (4.10) becomes
t nooet
g (£, XT) :hkk(to,xt’;)Jr/ thkk(s,Xf)derZ/ L (s, XFYdZ2. (4.12)
to j=1 710

After substituting Eqns. (4.11) and (4.12) into Eqn. (4.9), we get

X=X, + /

to

t

antto, XE) + [ Las(r, Xbydr
to

n s t
+ Z/ Ejak(T,Xf)dZﬂds+/ [ (to, XF)
j=1 1o to
+ / Lo (r, XF)dr + ) / LNy (1, XF)dzi]dZF,
to j=1 to
= XF' 4+ ap(to, X{) Lo + hug(to, XF) I

t s n s
+ /[/ £Oak(T,Xf)dT+Z/ Llay(r, XF)dZI]ds  (4.13)
j=17%0

to to

t s n s
+ / [/ thkk(T, Xf)dT—FZ/ ,C]hkk(T,Xf)dZi]de
j=1 %0

to to
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We can continue with an application of It6 Lemma of Eqn. (4.10) to the functions
L0, Z?Zl Liay, Ly and Z?:1 Lihy, in (4.13) and then, to the functions
Eoﬁoak, Z?:l L’Jﬁoak, 2;21 £0£Jak, Z;‘l,pzl ﬁﬁpak, Loﬁohkk, Z;I»’pzl Dﬁohkk,

Z;L:1 LYLI hy, Zzpzl L7 LPhyy, to obtain the Ito-Taylor expansion:

th = Xt]f) + ak(to,Xfo)[O + hkk(t()aXt]Z)Ik

+ Loax(to, X5 ) Too + Z L ay(to, X3,)I;

j=1

+ LOi(to, X1 ) Lo + Zﬁjhkk(tm X )T

J=1

+ LOL(to, X[ ) Tooo + > L7 Lo (o, Xf ) Ljoo

Jj=1

+ Zﬁoﬁjak(to,Xfé))IOjO + Z ﬁjﬁp@k(tong))[ij

J=1 Jp=1
+ LOL i (to, X[ ) Took + Y L7 LD (to, X ) Ljon
j=1
+ Y LU hy(to, XE) T + Y L0 LMk (to, XF) Lk + R,
J=1 Jp=1
where R; stands for the remainder term which can be written as Eqn. (4.7).

Here, we note that I;;, ;, represents the multiple Ito integrals with constant inte-
grands, and the terms I ;, 4, [LV L% ... L%ak]to1 O Ly iy [LL2 00 L% Pl
in R; denote the multiple It6 integrals with nonconstant integrands.

O
4.2.2 Systems with Common States
Now, we consider the following system:

where all equations may have any states in common while they have their own
Brownian motions. We obtain [t6-Taylor approximation of Eqn. (4.14) in the
following Lemma.

Lemma 4.2. Let £° and L7 be operators defined as in Lemma 4.1. Then, Ito-
Taylor approximation of Eqn. (4.14) can be written as:
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th — Xti + ak<t0,Xt0)Io + hkk<t07xto)lk

—+ ank(to, XtO)IOO + Z ,Cjak(to, Xto)]jo

J=1

+ ﬁohkk(tm Xio) ok + Z ﬁjhkk(toa Xio) Lk

i=1

+  L2L%y(to, Xy ) Looo + Z L7 L0 (to, X4y ) Ljoo

j=1

+ Z L0 L7 ay(to, Xio ) ojo + Z L L ar(to, Xio)Lipo

Jj=1 J.p=1

+ LOLhy(to, Xey) ook + Z L7 L0 hyek (Lo, Xso) Lok

J=1

+ Zﬁoﬁjhkk(tmxtoﬂmk + Z L7 LP iy, (to, X ) Lipn + R,

Jj=1 J,p=1
with

R, = Ioooo[ﬁ £orl Arltot + Z 4000 Uﬁ Yo arlto t

j=1
+ Z ]Ojoo[ﬁoﬁjﬁo(lk]tmt + Z ijoo[ﬁpﬁjﬁoak]toﬂg
j=1 jp 1
+ Zfoo]o 1L0LO L arl sy s + Z w070 [LPLOL a4
Jp=1
+ Z Toipol £0L7 LPa]yy 1 + Z Ljpo[ L1270 LPag) s, .
Jip=1 J:p,l=1

+ Toook[LOLOLODiwlion + > Liooe[£7LOL Dkl

7j=1
+ Zlo]%ﬁ L7 Lk s + Z piok[LP L7 L0k 4
Jp=1
+ ZIOOJk »C L Ejhkk leot + Z p0jk [ LP L Ejhkk]tot
Jp=1
- Z Tojp[L0L7 L h)io 1 + Z Lo [ L1L7 LP Bk 4
Jp=1 Jipl=1

Proof. Tt follows a similar logic and formulation as for the completely decoupled
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systems which we studied in Subsection 4.2.1. The only difference is that the
drift and diffusion coefficients, aj and hyy, respectively, are evaluated in (¢, X;),
not in (¢, X¢), now.

]

After giving Ito-Taylor approximations for the special cases of systems of SDEs;,
i.e., completely decoupled systems of SDEs and systems with common states, we
also need to consider more general case of systems of SDEs.

4.2.3 General Case

By allowing all equations to have in common both Brownian motions and states,
we refer to the following system:

dXF = ap(t, X)) + > (£, X)dz] (k=1,2,....d), (4.15)
j=1

for which we obtain the subsequent result with the same logic as for the previous
two cases..

Lemma 4.3. Let £° and L7 be operators defined as in Lemma 4.1. Then, the
Ito-Taylor approximation of Eqn. (4.15) can be written as:

XF=XE 4 anlto, X))o+ T (to, Xi) I

j=1
+  LP%y(to, Xy ) Loo + Z L ak(to, Xy ) Ljo
j=1

+ Z ﬁohk;j(to,xto)—fog’ + Z ﬁlhkj(toa Xio )i

j=1 lj=1
+ ﬁoﬁoak(tg, XtO)IOOO + Z ,Cjﬁoak(t(), Xto)[jOO (416)

j=1

+ Z ﬁoﬁj&k(to, Xto)IOjO + Z ﬁjﬁpak(toa Xt())ijO

j=1 jp=1
+ 3 LOLODyy(to, Xog ) oos + > L1LOu(to, Xig) Lo

j=1 gl=1

+ > LOL (o, Xy ) oy + Y LML (o, Xy Iy + R,

Jl=1 Jp,l=1
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with

Ry = Ipooo [ﬁoﬁoﬁoak]to,t + Z Liooo [ﬁjﬁoﬁoak]to,t

7=1
+ ) Tojool L7 L% s + D Tnjool£PL Lo0x)s,
Jj=1 jp 1
+ ZIOOJO £ ,C £J&k tO t + Z ojo Epﬁ Ejak]tot
J.p=1
+ Z TojpolL0L7 LPay) sy 4 + Z Ljpo[£1L7 LPag) s,
jp*I jplfl
+ Zfooog [L°LO L0 + Z p00i (L7 LOL g1 4
Jp=1
+ meo] [LL'LOgli + Z pi0f (L7 L' L0 4
]l 1 ]pl 1
+ ZIOOZ] 1£0L0L hgj o + Z Lo [£PL0L R o 1
Jipl=1
- Z Lo [LOL LPhyglig o + Z Lugg [L7 L' LPhggi - (417)
Jpl=1 Jp,lr=1

Proof. We consider the integral form of Eqn. (4.15):

to

t n t
Xf:Xt’f)Jr/ ak(s,Xs)ds+Z/ hij(s,X,)dZ7. (4.18)
j=1 7%

Again, we first choose g° := a,(t,X;) to apply the It6 Lemma and, then, we let
g" = hy;(t,X,) to get

t s
X=X + /[ak<t0,xt0)+/ Loa; (7, X, )dr
to

+ Y Uak(TX)dZJ}derZ/ {hk] (to0, Xi,)

1,j=1"10

+ /ﬁhijX dT+Z/ Ll by (T, le]dZJ.

We follow the same arguments as for the completely decoupled case, with the
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only difference that aj and hy; depend on (¢,X;) now. Then,

XE=Xp o+ anlto, Xeg) o + Y hig(to, Xy )

j=1

+ Loa(to, Xpp)Too + Y Llak(to, Xiy) Lo

j=1
) Lo (b0, XKooy + Y L' (b0, Ko ) iy
j=1 1,j=1
+ Eoﬁoak(tg, Xt0>]000 + Z ﬁjﬁoak(to, th)leO (419)
j=1
+ Zﬁoﬁjak(to,xto)—fwo + Z L7 LPak(to, Xey) Lipo
j—l ‘7p—1
+ Zcﬂc%k](to,xto Tooj + Z LL Dy (to, Xi0) 10
Jj=1 7,l=1

n

+ Y LOL g (to, Xy oy + Y L LPhyy (o, Ko ) s + Ry,

gl=1 Jpil=1

where R; represents the remainder term which can be expressed as Eqn. (4.17).

]

4.3 Ito-Taylor Approximation for Correlated Brownian Motions

In the previous section, the systems of stochastic processes was driven by multi-
dimensional standard Brownian motion. However, much more realistically, there
is often a correlation between the Brownian motions. In that case, a transfor-
mation of the given systems of SDEs into an equivalent systems of SDEs driven
by standard multi-dimensional Brownian motion is very useful. In this section,
we present such a transformation method to be able to apply IT-M on the trans-
formed systems.

We use the symbol (W;);>¢ instead of (Z;):>o in order to point out the difference
from the earlier standard Brownian motions. Now, we consider the system

dX} = an(t,Xy) + Z ha; (t, Xt)thj (k=12,...,d=n), (4.20)

j=1
where dW/dW{ = pi;dt.
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Then, the correlation matrix p can be written as:

L pi2 - pm
par 1 .. pay
pi= S . pig = pii € [—1,1]
Pnl Pn2 - 1

Here, p is positive semi-definite matrix which means that p = p? and

n

Z pijrir; = 0,

ij=1
for all x = (21,...,2,)T € R"™
By using some basic standard Linear Algebra, one can find an n X n matrix

B = (bij)liidﬁn such that
p=BBT.

Moreover, using Cholesky Decomposition [5], we make B as an upper (or lower)
triangular matrix.

Correlated Brownian motions can be interpreted as a linear combination of un-

correlated ones such that
Wt == Eztu

where Z, = (Z}, ..., Z")T and W, = (W}, ..., W™)T are a standard n-dimensional
Brownian motion and a correlated Brownian motion, respectively.
In componentwise notation,

Wtz —= ZbZ]ZtJ (Z: 1,2,...,”). (4'21>
j=1

Now, after substituting Eqn. (4.21) into Eqn. (4.20), we obtain a system of SDEs
as in Eqn. (4.15) so that we can apply a similar procedure of argumentation as
in the general case.

4.4 Discretization

Multiple Ito integrals, I;,;,. i, have to be evaluated and expressed in terms of
different random variables to construct numerical schemes. This section covers
the discretization schemes for strong Taylor approximations.

4.4.1 Discretization Schemes with Strong Taylor Approximations

In order to judge the quality of a numerical scheme, it is necessary to have some
sort of measure of how well the approximate solution converge to the true solution.
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For this reason, special forms of It6-Taylor expansions whose orders are known is
used for obtaining the solutions. We consider the strong convergence criteria of
measuring convergence.

Definition 4.1. Let XA(T) be a discrete time approximation of a continuous-
time process X and X7 be a true solution at time 7. Then, there exists positive
constant ¢, independent of maximum step-size A, and numbers Ag,p > 0 such
that

E(| X1t — XA(T)|) < cAP, VA € (0,Ap).

In this case, we say Xa(T') converge strongly with order p.
Consider an equispaced discretization to < 1o <7 < ... <7, <...<T7, =T of

the time interval [to, T]. Let A = T'/m denote the increments (step-size); then,
for all v € {0,1,...,m — 1} it holds:

Tv+1
Ioz/ ds=A=71,.1 — Ty,
Ty

I :/ dZi = ANZ/ =73 — 73

Tv+1

J
VTV+1 S . ~
IjO = / deLdS = AW,

v

Tv+1 S . . ~
Io; = / / dudZi = (AZ)A — AW,

1 |
L; = 5((AZ7)* = A),

1 |
Ij0 = loj; = Ljo; = EA((AZ])2 - A),
Ljj5 = éﬁ((AZ’Y —3A(AZ7)),

1 .
Lio0 = lojo = Looj = 6A2AZg,

where AW and AZ7 are Gaussian random variables with AZI ~ N(0,A), AW ~
N(0,2A%) and E(AZIAW) = 1A%

Now, we shall use the above relations to propose some strong approximations.

4.4.1.1 The Euler-Maruyama Scheme

The simplest example of a strong Taylor approximation X of the solution of Eqn.
(3.12) and X* of the solution of Eqn. (4.15) is the Euler-Maruyama or Euler
method attaining the order of strong convergence 0.5. In the one-dimensional
case, Eqn. (3.12), Euler scheme is of the form

X, = X, + aA + hAZ, (4.22)
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for v = 0,1,2,...,m — 1. In the multi-dimensional case, Eqn. (4.15), the &k
component of the Fuler scheme looks as follows:

XE=XEtarA+) hyAZ (4.23)

j=1

forv=0,1,2,....,m— 1.

In the cases where the drift and diffusion coefficients, a;, and hy;, respectively, are
nearly constant, this method generally gives us good numerical results. However,
whenever the coefficients are nonlinear, the method can provide a poor estimate
of the solution. So, higher-order schemes, which we introduce and evaluate in the
following subsubsections, should be used to obtain more satisfactory schemes.

4.4.1.2 The Milstein Scheme

Milstein scheme can be obtained by adding second-order terms from the Ito-
Taylor expansion to the Euler scheme, which increases the strong convergence
order from 0.5 to 1.0. In the one-dimensional case, Equ. (3.12), Milstein scheme
has the following look:

XV+1 = X,/ -+ al\ + hAZ + ﬁlhlll, (424)

for v = 0,1,2,...,m — 1. In the multi-dimensional case, Eqn. (4.15), the k'!
component of the Milstein scheme has the form

Xfo = XE+akA+> hgAZ+ > Ly I (4.25)
]:1 jl)j2:1
for v =20,1,2,...,m — 1. We note that Milstein scheme is identical to the Fuler

scheme when the diffusion term does not contain any component of the X; vari-
able.

4.4.1.3 The Order 1.5 Strong Taylor Scheme

We can get more accurate strong Taylor schemes by including further multi-
ple stochastic integrals from the stochastic Taylor approximation. In the one-
dimensional case, Eqn. (3.12), the order 1.5 strong Taylor scheme is of the form

X1 = X, +aA+hAZ+ L0+ Lralg+ L0alyg+ LOhIgy + L1 LRI, (4.26)
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for v = 0,1,2,...,m — 1. In the multi-dimensional case, Eqn. (4.15), the k!
component of the order 1.5 strong Taylor scheme is given by

1 u . .
Xerl = X,’j + akA + éﬁoakAZ + Z(hijZJ + ‘Cohkj[Oj + Ejak[jo)

j=1
+ Z L hijo Ly, + Z £jlﬁ]éhk]l%]jljéjza7 (4.27)
J1,J2=1 J1,J2,93=1

forv=0,1,2,...,m—1.

4.4.1.4 The Order 2.0 Strong Taylor Scheme

The numerical results which was given by the order 2.0 strong Taylor scheme is
better than other three method. In the one-dimensional case, Equn. (3.12), the
order 1.5 strong Taylor scheme is of the form

Xo1=X, + aA+hAZ+ L0y + Llaly + L0y
+ LOhIg + LACYRI .y + L1 L0l 00 + L£L0LYalio (4.28)
+ L'Yalo+ L£°LOhIg + L1LORI g + L£OLYRTg
+ LYCYhIgy + LA LRIy,

for v = 0,1,2,...,m — 1. In the multi-dimensional case, Eqn. (4.15), the k't
component of the order 2.0 strong Taylor scheme takes the following form:

1 “ . ,
lef-i-l = Xl}f + CLkA + §£OakA2 + Z(hijZ] + thijOj + ,C]CLkIjo)

J=1

+ Y (L gL, + LOL g, Tog, gy + L7 Lo, L0
J1,J2=1

+ £j1£j2ak1j1j20)+ Z ‘le‘chth'stljéjs (4'29)
J1,J2,j3=1

Y L

J1,32,J3,34=1

forvr=0,1,2,...,m— 1.
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CHAPTER 5

CHANGE OF TIME METHOD

With the I'T-M, we can approximate all SDEs, whose closed form or analytic
solution are not known. However, in some situations, using I'T-M is not very
useful or impractical, causing that we need another methodology. Change of
Time Method (CT-M) is one of such probabilistic methods to obtain a “simple”
representation for a given SDE (maybe with a “complicated” structure), using
the idea of changing the scales of time [4]. Scaling of time is sometimes done in a
deterministic manner, but it is more often used in a random manner. It is central
to the work of Doeblin [7]. Dambis and Dubins-Schwartz developed a theory of
random time changes for semimartingales in the 1960s [21,33]. Time change was
chosen to be a subordinator by Feller [8]. In fact, in the finance literature, the
terms time change and subordinator are sometimes used synonymously. In order
to construct stochastic volatility for Lévy processes, a subordinated process is
used [6]. In [1,3,31,37], the class of time changes are formulated. A special feature
and an advantage of CT-M consist in the possibility that the time change can be
defined by direct reference to risk, defined by a quadratic variation. Herewith,
CT-M can become a strong tool of risk management.

In this chapter, we give a brief introduction of random time change to solve SDEs.
We mostly refer to [1,37,41].

5.1 Change of Time for Martingales

Theorem 5.1. (Dambis, Dubins-Schwartz Theorem [7,21,33]) Let (M;)1>o
be a continuous local martingale on a filtered probability space (Q, F, (F)i>0, P).
Suppose the quadratic variation of M, exists and denoted by [M]; such that

lim [M]; = 00 a.s..

t—o00
Then, if we define a stopping time 7, == inf{u > 0 : [M], > t} and F; = F,,
(t > 0), the time change process Zy := M,, (t > 0) is an (F,,)-Brownian motion,
and

M, = Zpy, (t20).
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We note that the local martingale (M;);>o can be expressed by (Z;):>o and an
(F:)-stopping time since {[M]; < u} = {r, > t}.

5.2 Change of Time for It6 Integral

Definition 5.1. [14,41] Let (2, F, (F¢)t>0, P) be a filtered probability space and
I be the class of functions

which satisfy the following conditions:

® Yy =0.
e 1) is continuous and strictly increasing.

® )y — 00 as t — 0.

Obviously, if 1~! is the inverse function of ¢ € I then ¢»* € I. Each ¢ € I
defines a transformation T of C' := C([0,00)) (the set of continuous functions w
defined on [0, 00) with values in R) into itself by
™:.C — C,
w o (TYw),
where
(TYw)(t) = w(W; ") (t € [0,00)).

Here, TV is called the time change defined by ¢ € I and ¢ = 9;(w) is called
a process of the time change for w € Q. It is clear that ¥ = iy(w) € ) is an
(Fi)-adapted increasing process, so that the inverse function 1; * of 19/ is an (F;)-
stopping time for each fixed t € [0,00). We note that often in literature, the
event or scenario w is in the role of a continuous function w, indeed.

Let M, := [, h(s)dZ(s) (t > 0) be a family of It6 integrals with

¢
lim [M]; = lim [ h%*(s)ds = +oo and ¢ := inf{u > 0: [M], > t}.

t—o00 t—o00 0

Then, (B,) = (My,) is a Brownian motion. Here, the change of time is

o = = [ W)

Thus, an SDE in R! of the form

t t
X, =Xy +/ h(s, Xs)dZs +/ a(s, Xs)ds
0 0
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can be rephrased in the following way:
t
Xt — XO = B[M}t +/ CL(S,XS>dS
0

t
= Bfgh2(s,Xs)ds+/O G(S7X8)d57

with a Brownian motion (By);>o. Then, one-dimensional Ité6 Lemma takes the
form [3,41]

of

aS+,Cf)( X,)ds, (5.1

f(ta Xt) - f(07 XO) = Bfot h2(s,Xs)f(s,Xs)%ds + / (

with Lf = %h2fﬁ + af’. Now, let us verify this result.

If X, = X0+ fg h(s, Xs)dZs + f[f a(s, X;)ds, then by applying 1t6 Lemma we get:

ft, X)) — £(0,Xy) = gﬁd +/ ai( (s, Xs)ds + h(s, X,)dZy)
nghQ( , X, )ds
_ 8f Lo*f
= 0sd+ 8x2h23Xd+/_aSX
+ gi (s, Xs)dZs

t af
B Bf(f h?(5,Xs) ' (s,Xs)?ds + /(; (g + ‘Cf) (57 Xs)dS.

5.3 Change of Time for SDEs

We consider the SDE given in the following form (without drift):
dXt - h(t,Xt)dZt, (52)

where (Z;);>0 is a Brownian motion, h(t, X;) is a continuous and measurable
function, and (X¢):>o is a continuous process on [0,00). If we can solve Eqn.
(5.2), then we can also resolve the equations having drift term a(t, X;)dt by the
method of transformation of drift or Girsanov transformation. The following
theorem provides us to solve Eqn. (5.2).

Theorem 5.2. [31,37] Let Z = (Z)i>0 be a 1-dimensional (F;)i>o-Brownian
motion with Zy = 0 for a given filtered probability space (Q, F, (Ft)t>0, P) and let
Xo be an (Fo)-adapted random variable. We define a continuous process V' :=
(V)0 by )

‘/tZ:XO—FZt (tZO)
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Let (¢¢)i>0 be the change of time process such that

Py = /t h™2 (v, Xo + Zs)ds (t >0).
0

If Xp =V = Xo + Z -1 and Fp = Fy-r (t = 0), then there exists an (Fh)-

adapted Brownian motion Z = (Z;)i>o such that (X, Z;) is a solution of Eqn.
(5.2) on the probability space (2, F,P).

Remark 5.1. The converse of this theorem also holds [31].

Proof. By definition of the time change, M, := Zw,:l is a martingale with quadratic

variation [M], = 1; ', where (suppressing quantifiers for the ease of notation)

= /ﬁ 2, Vi)ds = dify = b=ty Vi)dt
= h2 1/’1:, Vt d?/)t

ﬁu/@—/wm,dm

h? (s, Vi) dips
= i= [ v
Ps !

= Uy Vau)d U
» = [ RV
= d¢;1 = h2<w¢;1; sz—l)w;;ldd};l
=yt = hP(s, Vo )di,
= /Odqp;l:/o h?(s, Vy-1)dip,
= wtlz/o h?(s,V,1)ds.

Hence, 1, ! satisfies the equation

t
Yt = / h?(s, Xo + Zw;1)d5 (t>0).

0
For any ¢t > 0, we set 7, := fg h=(s, Xs)dM,. Then,

t

[Z]t = h_2(87Xs>d[M]s

t

h™%(s, Xs)h*(s, X,)ds.

t
ds =t.

I
— — S—
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This result implies that (Z;);>0 is an (F;)-Brownian motion. Since M; = Zw;1 =
X, — Xy = f(f h(s, Xs)dZs (t > 0), (Xy, Z;) is a solution of Eqn. (5.2). O
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CHAPTER 6

APPLICATIONS

This chapter covers several applications of both CT-M and I'T-M.

6.1 Applications of Change of Time Method

Sometimes, it is more useful to solve SDEs with the change of time method. For
example, CT-M can be used for Cox-Ingersoll-Ross (CIR) model when valuing
variance and volatility swaps [1]. We shall present examples in Subsections 6.1.1
and 6.1.2.

6.1.1 Cox-Ingersoll-Ross Model

Let (2, F, (Ft)i>0, P) be a filtered probability space. The CIR model is based on
the following stochastic process:

do} = k(0 — o})dt + yordZ, (t > 0), (6.1)

where oy and 6 are short and long volatility, respectively. Furthermore, k is a
reversion speed, v > 0 is a volatility parameter, (Z;);>¢ is a standard Brownian
motion.

Lemma 6.1. [1] A solution of the Eqn. (6.1) has the following form:
Jf—e_kt( —92+Z 1) + 6%,

where Z -1 1s an Fy 1= -measurable one-dimensional Brownian motion. Here, ;"
is the inverse of wt, deﬁned as:

t
by = 7_2/ (M (02 — 62 + 2,) + 02) s (1> 0).
0
Proof. We define the following process:
V=€ (o} — 6°) (t>0).
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Then, using the Itd product rule (Itd6 Lemma for the product of Tt6 processes) [30],
we obtain:

dV, = ke (o} — 0%)dt + *'do;
ke (o} — 0%)dt + e (k(0* — o7) + yordZy)
= ~eMo,dZ?
_ ,yekt /G_kt‘/t + QQdZt.
Applying CT-M to the general equation, we get
dXt - h(t,Xt>dZt,

where h(t, X;) = eFi\/e RV, + 02, X; = V; implies that Xy = 02 — 6% and
Vi =05 — 0%+ Z,-1. Then,

ekt(crt2 —02) = 03 —0*+Z -1
= o7 =¢M(og — 0>+ Z¢;1) + 6%

We note that (Z,-1) is an (F,-1)-measurable one-dimensional Brownian motion
and ;! is the inverse of ¥

t
Wy = 72/ (ekws (0[2) — 6%+ Zs) + 9262k¢5)_1d5.
0

6.1.2 Variance and Volatility Swaps

A wariance swap is a forward contract on annualized variance, the square of
realized volatility. Its payoff at expiration is given by

N(o(S) = Kear),

where V' = 0%(S) is the realized stock variance over the life of the contract,

1 /T
on(S) == T/o o2ds.

Here, K, is strike (delivery) price for variance, N is the notional amount of the
swap in dollars per annualized volatility point squared. The holder of a variance
swap at expiration gains N dollars for every point of 0%(S) — Ky.. Moreover,
the price of a forward contract P on the future realized variance is the expected
present value of the future payoff in the risk-neutral world:

Pvar = E(eiTT<0-122(S) - Kvar))v
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where 7 is the risk-free discount rate. We remark that
E(0}) = E(e (o =60+ Z°(; ")) +6°)
= ek (03 — 92) + e_ktE(ZQ("gZJt_l)) + 62
= e M(of —6%) + 6%
In fact,
1 [T
E(V) = = [ E(c})ds
T Jo

1 T

- / (7 (07 — 67) + 6%)ds
0
—ks

1 (e 2 2 2 !
= 7 _k(oo—e)—l—ﬁs

—kT
— 1(6 (05 — 6%) +60°T + %(03 — «92))

0

T\ —k
1— e—kT

= k—T(US — %) + 6%,

1—e— kT

so that Py = e "7 <T(U§ —0%) + 6% — Kvar).

A wolatility swap is a forward contract on annualized variance. Its payoff at
expiration is given by
N(UR(S) - Kvol)a

where o(95) is the realized stock volatility over the life of the contract,

1 T
or(S) =7 /Oagds.

In a similar way, a volatility swap can be studied [1]; its value (price) can be
represented by

1 — o7 2 ARe T
_ —rT 2 2 2 2T
onl = € ((—(UO —0 ) +0 ) - 2k37T2 [(26

kT

—4eFTET — 2) (02 — 67) + (2% — 3T 4 4T — 1)92}
1 — e—T 3/2
/{8(7(0’3 - 62) + 62) 1 - Kvol)-

6.2 Applications of It6-Taylor Expansions

We will consider the stochastic control problems and systems of SDEs in this
section. Before addressing the CIR model, we concentrate on stochastic control
problems.
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6.2.1 Optimal Stochastic Control with Malliavin-Based Approach

In this subsection, state equations will be approximated by IT-M. Furthermore,
the expectation of the gradient of the cost functional will be stated by Malliavin
calculus.

6.2.1.1 Introduction

Firstly, we recall some basic notations and results of Malliavin calculus. For a
detailed explanation, we may refer to [28,29,43]. Suppose (€2, F,P) is a complete
probability space.

Definition 6.1. Let H be a real separable Hilbert space with inner product
denoted by (-, ). For f := f(t) € H, welet || f|ln := /{f, f)2. Wesay that W =
(W(f) : f € H) is an isonormal Gaussian process if W is a centered Gaussian
(normally distributed) random variable (i.e., E(W(f)) = 0 with variance || f||3,)
such that E(W ()W (h)) = (f,h)x Y(f,h) € H.

From now on, we let H := L?([0,T],R™) for some n € N.

Example 6.1. The Wiener stochastic integral W (f) is defined as

W(f) ;:/0 F(s)dW, Vf €.

is an isonormal Gaussian process.

Definition 6.2. Let C*°(R") be the set of all infinitely often continuously dif-
ferentiable functions h : R™ — R such that h and its partial derivatives have
polynomial growth property. For n € N and h € C*°(R"), we denote S as the set
of all smooth random variables F': 2 — R such that

F=hW(f1),-...W(fa)),
where f; € H fori=1,2,..., n.

Definition 6.3. The Malliavin derivative D.F of a smooth random variable of
F € S is a ‘H-valued random variable given by

For example: D(W (f)) = f.
For a given p € N, the domain of D in LP(Q2) will be denoted by D'? with respect

to the norm
|F|l1p == (E(F?) + E||DF|5)"?.
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Proposition 6.2. Assume that f : R¥ — R is a continuously differentiable func-
tion with bounded partial derivatives. For a random vector F' = (F*, F? ... F*)T
with F* € DY (i =1,2,...,k), one has f(F) € D'* (p € N) and

Dt(f(F)) = Zarif(F)DtFi'

Definition 6.4. The divergence operator §, being the adjoint operator of D, is
an unbounded operator on L*([0, 7] x Q,R") with values in L*(Q) such that:

e The domain of §, denoted by Dom(d), is the set of H-valued square-integrable
random variables v € L*([0,T] x Q,R") such that there exists a constant
c(u) satisfying:

T
]E(/ DF - wdt)| < c(u)||F||z2 VF € DY
0

e If u €Dom(d), then &(u) € L?(Q) with the integration-by-parts formula

T
E(Fi(u)) = E(/ D,F - utdt) VF € D2
0

Remark 6.1. If u is an adapted process, then Skorohod integral and It6 integral
coincide:

T
d(u) = / u, dWy  Yu € L*([0,T] x Q,R™).
0

Proposition 6.3. Let F € DY? and u € Dom(d) such that
E(F? fOT lut]|3.dt) < oo, then the product Fu is Skorohod integrable:

T
S(Fu) = Fo(u) — / DF - uydt
0

6.2.1.2 Sensitivity Analysis

We consider the following system of stochastic differential equations in R™ with
an n-dimensional Brownian motion:

t t
Xt:x—i—/ A(S,Xs,u)ds+/ H(s, X, p1)dBg, (6.2)
0 0
where A(t,Xg, 1) = (ay(t, X, 1), an (X, )T, Xy = (XL .., X)), B, =
(B},...,BY = (p,...,u,)" and

han(t, X, ) oo han(t, X, 1)
hnl<t7XtaM) e hnn(taxtaﬂ)

43



For a given instantaneous cost function g and a terminal cost function f, the
sensitivity with respect to u of the expected cost functional is defined by

)= B [ ot Ko + 5051 )

Now, we introduce a stochastic optimal control problem by

minimize J(p) subject to Eqn. (6.2). (6.3)
I

There are various methods to get the numerical solutions of the problem stated
in Eqn. (6.3). A classical approach for an optimal control problem is to derive
necessary optimality conditions. Standard optimization algorithms require the
gradient computation of the cost functional given. There are some approaches for
such computations such as adjoint approach and sensitivities. We will derive the
gradient of the cost functional by using the sensitivity with the help of Malliavin
calculus.

The well-known Monte-Carlo method can be employed to simulate the sensitivity
V,J [10]. At this point, we shall use the emerging approach of Malliavin calculus
in order to get an expression for V,.J. This method is based on the integration-
by-parts formula. It can be considered as a generalization of the well-known
likelihood ratio method [10]. We can write Eqn. (6.2) as

t n t
X, ==z +/ A(s, X, p)ds + Z/ hj(s, X, p)dB,
0 = o

where h; is the 5 column of H. If we write the Jacobian matrix as Y, := V, X,

and denote the inverse of the Jacobian matrix by Z, := Y; ', then [9,10]:

t n t
Y, = I+ / A'Yds+ ) / WY dBY,

t n n t
Zi = ]I—/ ZS(A/_Z(h;y)ds—Z/ Zh;dBY,
0 1 =170

j:
. t . . n t . . .
X, = /(A+A’X8)ds+2/ (h; + W/ X,)dBI,
0 =170

where I is the (n x n)-identity matrix and X is the derivative of X with respect
. Also, A’ and h; denote the Jacobian matrices of A and h;, respectively.

Proposition 6.4. [10] We assume the following conditions (i)-(iii):

(i) The functions A and H are continuously differentiable with respect to the
variables t, x, u, and for some n > 0 and A C R"™, the Hdélder continuity
condition s satisfied such that

t — gtz i
sup lg(t,x, 1) — g(t,z, 1)|

= |7 < 00,
(t,@,p,0" ) €[0,T] X R X Ax A H—=p
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for both g = 0,A and g = O,H. Furthermore, for any u € A, the functions
A( - ), H(- - p), 0,A(,-, 1) and O,H(-, -, 1) are continuously differen-
tiable with respect to t and their first-order and second-order derivatives
with respect to x both exist and are continuous; the functions 0,A and 0,H
are uniformly bounded in (t,z, p), and the deriwatives of A, H, 0,A, 0,H
with respect to (t,x) are uniformly bounded as well.

(1) The (squared) matriz H satisfies a uniform ellipticity condition:
HE)(t,2,00) > e (t,2) € [0,T] x R”,
for a real number ¢ > 0.

(11i) Be f a bounded measurable function.

Then,

F) 1= (K)o ((H Y2k ]).

6.2.1.3 Approximation Procedure

We apply [t6-Taylor approximation to the quantities (X;);>0, (Y¢)i>0 and (Z¢)i>o-

Lemma 6.5. Let (X;) be the stochastic process defined in Eqn. (6.2). Further-
more, (Y;) and (Z;) denote the Jacobian of (X;) and the inverse of the Jacobian,
respectively. Then, we get the approximate solutions as:

Xf =X+ ap(0,Xo, po)lo + > huj (0, Xo, )1

j=1
+ L0, Xo, ) Ioo + Y Lax(0,Xo, 1) o
=1
Y L0, X0, ) Ioj + > L (0, X, )1
j=1 lj=1

+ L2L%x(0,Xo, 1) Tooo + Y _ L£7L%1(0, X, 11) oo

j=1

+ > LU a(0,Xo, w)ojo + Y L7 LPar(0, Xo, 1) Lipo

Jj=1 Jp=1
+ > LOLODy (0, X, ) oo + > LLO; (0, Ko, 1) T
=1 =1

D LOL (0, Ko oty D L1L g (0, Ko, 1) Ly + R

Ji=1 Jpl=1
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and
Vi =Tee + (AY)e(0,X0, ) Io + Z(h;’Ys>k£(07X07 )1
=1
+ LOAY)ke(0,Xo, 1) Ioo + Z L7 (A"Y) (0, Xo, 1) jo

j=1

+ Y LOMY )ke(0, X0, i) Iog + D LYY ) ke(0, Ko, )5

+ LOLYAY)ke(0, Ko, 1) Tooo + Y L7LO(AY)1e(0, X0, 12) Lo

j=1
+ > LOLI(AY )0, Ko, i) Tojo + D L7LP(A'Y)e(0,Xo, 1) jpo
J=1 Jp=1
+ > LOLORY ) ke(0, Ko, i) oo + D LLLO(WSY )k (0, Ko, ) T,
j*l jl*l
+ Z L£oLY h5Y o) ie (0, Xo, ) lotj + Z L£her( D5Y o) e (0, Xo, ) I + Rat,
7,l=1 7,p,0=1

where Y stands for the (k, €)™ component of the matriz (Y,)i>o and, Ry and
Ry represent the remainder terms.

Remark 6.2. Similar formulations remain valid for both (Z;);>¢ and (Xt)tzo as for
(Y¢)eo0-

Consider an equispaced discretization 0 < o< < ... <7, <...<7T7, =T of
the time interval [0, 7).

Lemma 6.6. [9,10] Let Uy be the random variable defined as Up == 6 ([H'YZXp]*)
(of Proposition 6.4). Assume that ( ! ) is R?"-valued stochastic differential

equation with Jacobian Y, and the inverse of the Jacobian is called (Zy) (t > 0).
Then, Ur is approximated by

n

T
Ur Yl g [ XY,
0

=1
n T n
m m -1 m m
Z/O (Zpﬂ(ﬂ'vi%TRﬁ(jai),S)[H (s, X3)Y [ ads,
i=1 j=1

where D, ([ZTXT] ) = le<r Z? L PGy Reia,s with Pegiar and Rgjq s are being

by some appropriate coordinates of the processes Y, and Zt, respectively.

For full details of this lemma, we refer to [9,10].
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6.2.2 Cox-Ingersoll-Ross Model

Example 6.2. (CIR model) Consider the system of Eqn. (6.1):
do? = k(0% — o7)dt + yodZ;. (6.4)
For Eqn. (6.4), Lemma 3.2 gives us the It6-Taylor approximation as
o} =05 + k(0®—05)ly+v00ly — K*(6° — 05)Ioo — kvoolhg
+ L <M - f)ﬂn + 12]11 + k(6% — o) Looo

00 2 8 2
kv ( k(6% — o} 2 k~?
+ k*yoolioo — = (—( %) - l) To10 — i1110
of) 2 8 2
k(62 — o) [+ — 4k6? v2 [ 3(4k6? — +3)
—k k)|
* [ 409 4ot * 1609 403 * oot

3
V(Y vk
+ [r‘%(z_k‘92)_z:|1101+Rt7

where R; denotes the remainder term.

6.2.3 Ornstein-Uhlenbeck Model

Example 6.3. We consider 2-dimensional version of a weakly-coupled Ornstein-
Uhlenbeck (OU) model:

dX} = ay (6, — X})dt + oy dW},
dX? = ao(0y — X2)dt + o2d W7, (6.5)

where dW'dW? = pdt, with real coefficients ay, o, o1, 09, 61, 65 > 0 and
pe(—1,1).

Then, the correlation matrix p can be written as:

(1 p\ (1 0 1 p
P=\p 1) " \p vi—p2 )0 vi—p2 )

by Cholesky Decomposition.

B (1 0 zZ}
Wt_BZt_(ﬂ 1—/)2)(23)'

So, Eqn. (6.5) becomes

Thus,

dX}! = oy (0, — Xdt + 0,dZ},
AX? = (B — X2)dt + oopdZ} + 091/1 — p2dZ2. (6.6)
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In integral form, we state Eqn. (6.6) as

¢
ththlo + a16’1/ s—al/de—l—al/dZ

to to
XE:XEO + a292/ds—a2/de+02p/ dZ! + o9\/1—p /de.

Applying the procedure of argumentation from the previous chapters, we get
X =X, + o6 — X))o+ o1l — af(61 — X, ) oo
— aqordip + of (61 — tho)looo + afo1hig0 + Ru,
XP =X, + ol — X} )y + ooply + 02\/1 — p?15
- 043(92 - Xfo)loo — papoalig — o/ 1 — p?ly
+ aj(bs — Xfo)fooo + paioalioo + /1 — p2a302100 + Ra,
with remainder terms R, and Ro.

Example 6.4. We state the 2-dimensional version of strongly-coupled Ornstein-
Uhlenbeck (OU) model:

dth = (—ozHth - Oéqu)dt + O'lthl,
dX? = (—a X} — age X2)dt + o9d W2, (6.7)
where dWdW? = pdt and 0,6, = 0.

In terms of standard Brownian motions, we write Eqn. (6.7) as
dX} = (—an X, — apX7)dt + 01dZ},
AX? = (—ap X} — anX?)dt + 09pdZ}t + 09+/1 — p2dZ2. (6.8)
In a similar way, we obtain:
X! =X, — (anX, +awpX} )+ ol — (01011 + posais)lig
+ [oai(en Xy, + 012Xy + arp(aa X, + assX;)] Too
— oga1a\/ 1 — ply — [(0431 + a120421)((111Xt10 + alQXtQO)
(1o + 06120422)(0421)(7510 + 0422X7520)] Tooo
[01(0451 + a1p001) + gap(Qrrang + 04120422)] L0

oa(o10n2 + patian)\/ 1 — p?lsgy + Ry,

+ o+ o+

and
X;=X. — (amX, + X))+ osph + 02y/1 — p2I
— (o191 + posans) 1o + [ozgl(ozHtho + O‘UXEO)
+ 0422(0421X,510 + CKQQX?O)} Iy — 02@22@%

- [(06210411 + 0622a21)(0411Xt10 + a12Xt20) + (210012

+ Oézg)(Oéle + 0422Xt20)}1000 + [01(04110421 + rpp0r91)
+ oap(anons + 0452)] Loo + 02(a120i21 + 0432) V1 — p2lh + Ra,
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where Rq; and Ry; are remainder terms.

Let cvig = a1 = gy = 1,17 = 2,01 = 0 = 1 and p = 0.6, then Eqn. (6.8)
becomes

dX} = (—2X] — X})dt + dz,
dX} = (- X} — X?)dt +0.6dZ} + 0.8dZ?, (6.9)

and we get:

X! = tho

(2X) + X2)o+ I + (5X], + 3X} ) oo — 2.6119
— 08Iy — (13X, + 8X; ) Iooo + 6.81100 + 241500 + Ry
X7 =X — (X, +X.)Io+0.6L + 0.8l — 1.6I;9 — 0.81x
+ (83X}, +2X7 oo — (8X,, + 5X7 ) ooo + 421100 + 161200 + Ry
Then, the Euler scheme reads the system of Eqn. (6.9) as:
Xooi =X, — (X2 +2X))A+ AZ',
X2, =X2— (X2 +X)A+06AZ'+08AZ> (veN).
Applying the Milstein scheme to the system of Eqn. (6.9), we obtain
Xpg =X, — (X2 +2X,)A+AZY,
X2, =X — (X2 +X)A+06AZ' +08AZ% (v eN).

Applying the order 1.5 strong Taylor scheme to Eqn. (6.9), we get:
1
X=X — (XZ+2X)A+ 5(3)(3 +5XHA? + AZY — 2,615 — 0.814,

1
X2, =X — (X2+XHAa+ 5(2)(3 +3XHA? +0.6AZ" 4+ 0.8AZ>
— 1.6]10 — 0.8[20 (l/ S N)

Finally, for Eqn. (6.9) the order 2.0 strong Taylor scheme can be reduced to:
1
X=X — (XZ+2X)A+ 5(3)(3 +5XHA? + AZY — 2,615 — 0.814,
1
X2, =X — (X2+X)A+ 5(2)(3 +3XHA? +0.6AZ" +0.8AZ%
— 1.6]10 — 0.8]20 (V € N)

6.2.3.1 Numerical Results and Implementation Details

In this part, we consider numerical examples for both the systems with uncor-
related and correlated Brownian motions. In order to implement the discrete
scheme, we use MATLAB. There are many documentations that describes the
main features of MATLAB commands related to SDE. Some numerical interpre-
tations can be found in the SDEs’ MATLAB packages [11]. However, numerical

49



examples implemented in MATLAB are mostly in the one-dimensional case. Some
coupled SDEs are considered, but having symmetric coefficients allowing easy
computations that arise from multiple Ito integrals. Our first example demon-
strates some triple SDEs having uncorrelated Brownian motions.

Example Run 1. The system of SDEs consisting of three equations proposed
in Hofmann, Platen and Schweizer [12] is considered as:

dX} = X} X2dZ},
dX? = —(X? — X3)dt + 0.3X2dZ2,
dX} = L(X}? — XP)dt,

where X}, X7 and X} represent the asset price, the instantenous volatility, and
the averaged volatility, respectively, and, Z} and Z? are uncorrelated Brownian
motions. As in [11], the Milstein scheme is obtained as:

XL, =X+ X2A21+1X( X22{(AZY) — A}

v+1
+ 03X X2/ /dzgdzj,
ty ty
X2

2a=X2 — (X2 XHA+03X2AZ% +0.045X2{(AZ")* — A},
X3, = XD + S(X2-XDA (veN).

(0%

We take a =1, T =1, X} =1, X2 = 0.1 and X3 = 0.1 as the initiation data; A
is considered as 27°.

The scheme has the double integral [’ frt ft dZ2?dZ}. In [11], this integral is
approximated by Euler method. Although itis a b1t Challenglng, we approximate
such integrals by using the following representations from [23]:

1
B=A I'=VAg, Ij= §A2,

1
Iy = SAVAg +ap), I = (\/_ & — ajo).
Here,

1 "1
CL]'() = —V 2A E _-Cji — 2\/App,ujp,
™ 2
r=1

1 1
Thie = 58%%: 5\/3(%053'1 — aj08,) + AA] 4,

1 &1
A?m ~ or Z ;(Cm‘%z’ — CjaiMjni)s
=1
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with

1 . 2 2 .
&§=xW Gi= [ Zman mi= ) Zrib

1 i I 1 &1
- ey af’i’ = —— — »—,
Hiv VApp vt b P Ty T o — 12
where j =1,2,...,m,and i = 1,2,...,p, for number p > 0 with the property
K
p=p(A) 2 5

with an appropriate constant K > 0, to ensure the convergence order of the
numerical scheme.

We note that (j;, n;; and p;, are uncorrelated Gaussian random variables. Now,
we use the Polar Marsaglia method to generate pairs of random variables.

The following lines show the implementation of this method in MATLAB:

%Polar Marsaglia Method
function [z1,z2]= Polar
1=0.5;
while 1>0
ul = rand;u2 = rand;
vl = 2%xul - 1;v2 = 2*%xu2 - 1;
V = (v1.%v1)+(v2.%v2);
if (V<=1)&&(V>0)

break;
end
end
z1l = v1.xsqrt(-2*xlog(V)./V);
z2 = v2.*xsqrt(-2*log(V)./V).

We can approximate the iterated integral flf”“ flf dZ2dZ} as:

hApproximation of I_ij

function I_ij=ito_ij(p,Delta,G1,G2,mul_j,mu2_j,ro)

a_1j=0;

for i=1:p
[zetal, zeta2]= Polar;[etal ,eta2 ]=Polar;
a_ij=a_ij+(1/1i)*(zetal*(sqrt(2)*G2+eta2). ..
-zeta2*(sqrt(2) *Gl+etal));

end

I_ij=a_ij*Delta/(pi);

I_ij=I_ij+Deltax(G1*G2/2+sqrt(ro)*(mul_j*G2-mu2_j*G1)).
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Figure 6.1: Numerical result of Example Runl with Milstein approximation.

In Figure 6.1, we give the numerical result of Example Runl. We note that we
have completely the same results for X}, X7 and X} as in [11] with the same
initial data.

Example Run 2. (Correlated Brownian motions) We recall the strongly-coupled
OU process of Eqn. (6.7):

dX! = (—an X} — apX2)dt + o dW},
dXt2 = (—O[21Xt1 - OéQQXtZ)dt + O'QCZVVE7

where dW}!dW? = pdt and the transformed form of Eqn. (6.7) is

dX}! = (—2X} — X})dt + dZ},
dX? = (=X} — X})dt +0.6dZ} + 0.8dZ}.

Our Taylor scheme with order 1.5 gives

1 _ 1
XV—H - XV
2 _ 2
Xy+1 - Xz/

1
+ (=X2-2XHA + 5(3)(3 +5XHA? + AZY — 26119 — 0.81y,

1
+ (=X2-XDA+ 5(2)(3 +3X)A% 4+ 0.6AZ1
+ 0.8AZ% —1.66p— 0.8y (veEN).
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We compute the integrals I;y and Iy numerically as stated in the following lines:

hApproximation of I_jO and I_0j
function [I_10,I_20]=ito_jO(p,Delta,G1,G2,mul_j,mu2_j,ro)
a_10=0;a_20=0;
for i=1:p

[etal,eta2]=Polar;

a_10=a_10+(1/1i)*etal;

a_20=a_20+(1/1i)*eta2;
end
I_10=a_10*(1/pi)*sqrt(Delta*2)+2xsqrt(Delta*ro)*mul_j;
I_10=(1/2)*Delta*xI_10+(1/2)*Deltax*sqrt(Delta)*G1;
I_20=a_20%*(1/pi)*sqrt(Delta*2)+2xsqrt(Delta*ro)*mu2_j;
I_20=(1/2)*Delta*xI_20+(1/2)*Delta*sqrt(Delta)*G2.

The main file can be run as:

clf

randn(’state’,1)

T = 1; Delta = 27(-9); delta = Delta"2;
L = T/Delta; K = Delta/delta;

X1 = zeros(1,L+1); X2 = zeros(1,L+1);
X1(1) = 1;X2(1) = 0.1;

p=2;ro0=0;
for i=1:p
ro=ro+1/(ix*i) ;ro=(pi*pi)/6-ro;ro=ro/(2*xpi*pi);
end
for j = 1:L
G1 = randn; G2 = randn;

Winc?2 sqrt (Delta)*G2;Wincl = sqrt(Delta)*G1;
[mul, mu2 ]=Polar;

[I10,I20]=ito_jO(p,Delta,Gl,G2,mul,mu2,ro0);
X1(j+1) = X1(j) +(-2%X1(j)-X2(j))*Delta +...
(0.5)*(3*X2(j)+5*X1(j))*Delta2+Winc1-(2.6)*I110-(0.8)*I20;
X2(j+1) = X2(j) + (-X2(j)-X1(j))*Delta+(0.5)*(2*xX2(j)...
+3*%X1(j))*Delta”2+ (0.6)*Wincl +(0.8)*Winc2-(1.6)*I10-(0.8)*I20;
end
plot([0:Delta:T],X1,’r-"), hold on
plot([0:Delta:T],X2,’bl--")
xlabel(’t’,’FontSize’,16), ylabel(’X’,’FontSize’,16)
legend(’X"1°,°X"2°).

We can also find the exact solution of the system of Eqn. (6.7). We can rewrite
Eqn. (6.7) as
dX; = —AXydt 4 BdZs, (6.10)
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2 1 1 0
whereA:<1 1)andIB:<O'6 0.8)'

Multiplying both sides of Eqn. (6.10) by exp(tA), we get
exp(tA)dX; = — exp(tA)AX,dt + exp(tA)BdZ;. (6.11)
We can arrange Eqn. (6.11) as
exp(tA)dX; + exp(tA)AX,dt = exp(tA)BdZ,. (6.12)

It can be easily seen that the left-hand side of Eqn. (6.12) is equal to the derivative
of exp(tA)X; with respect to t. So, we rewrite Eqn. (6.12) in the following way:

d(exp(tA)X;) = exp(tA)BdZ,. (6.13)

Integrating Eqn. (6.13) over the interval [0, t], we obtain
t
exp(tA)X; — Xy = / exp(sA)BdZs.
0

The ezact solution of the system of Eqn. (6.7) is obtained in matrix formulation
as:

X; = Xpexp(—tA) + /t exp((s — t)A)BdZs,. (6.14)

We perform the exact numerical simulation for the system of Eqn. (6.7). Firstly,
we compute the matrix multiplications in Eqn. (6.14), and then we approximate
componentwise.

The Matlab code for the exact numerical solution is:

randn(’state’,1)

Jiparameters

t_start = 0; %simulation start time

t_end = 1; %simuation end time

dt = 2°(-9); htime step

tau = 1; Y%relaxation time

c =1; %diffusion constant

x0 = 1; %initial value for stochastic variable x
mu = O; Jmean of stochatic process x

yoO = 0.1; %initial value for integral x
start_dist = 0; %hstart of OU pdf

end_dist = 1; %end of QU pdf

k1=1/(1+sqrt(2));
k2=1/(-1+sqrt(2));
%time

T = t_start:dt:t_end;
Jcompute x and y
i=1;

o4



x(1) = x0;
y(1) = y0;
for t=t_start+dt:dt:t_end
s1=(0.5)*(sqrt ((k1*0.5) * (1~ (exp(-dt/k1))"2))
+sqrt ((k2x0.5) *(1-(exp(-dt/k2))"2)));
s2=sqrt (2)*(0.5)* (-sqrt ((k2x0.5) * (1-(exp(-dt/k2))"2))
+sqrt ((k1*0.5)*(1-(exp(-dt/k1))"2)));
c1=(0.25) *sqrt (2) * (-sqrt ((k2x0.5) * (1-(exp (-dt/k2))"2))
+sqrt ((k1%0.5)*(1-(exp(-dt/k1))"2)));
c2=(0.5)*(sqrt ((k2*0.5) * (1-(exp(-dt/k2))"2))
+sqrt ((k1x0.5)*(1-(exp(-dt/k1))"2)));
i=1i+1;
rl = randn;
r2 = randn;
x(i) = x(i-1)*(0.5)*(exp(-dt/k1)+exp(-dt/k2))
+y(i-1)*(0.5) *sqrt (2) * (exp(-dt/k1) -exp(-dt/k2))+. ..
(81+(0.6) *s2) *r1+(0.8) *s2*r2;
y(i) = y(i-1)*(0.5)*(exp(-dt/k1)+exp(-dt/k2))
+x(i-1)*(0.25) *sqrt (2) * (exp(-dt/k1) -exp(-dt/k2))+. ..
(c1+(0.6)*c2) *xr1+(0.8) *c2*r2;
end.

1.5

0.5} i

O | | | |
0 0.2 0.4 0.6 0.8 1

Ito—Taylor approximation for X1

1.5

0.5 i

O | | | |
0 0.2 0.4 0.6 0.8 1

Exact numerical simulation for X1

Figure 6.2: Comparison of the exact numerical solution of Run2 with Taylor
Scheme of order 1.5 for X;.
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-15 ! ! ! !
0 0.2 0.4 0.6 0.8 1

Ito-Taylor approximation for X2

05 T T T T

-15 : : :
0 0.2 0.4 0.6 0.8 1

Exact numerical simulation for X2

Figure 6.3: Comparison of the exact numerical solution of Run2 with Taylor
Scheme of order 1.5 for Xs.

In Figures 6.2-6.3, we compare the obtained results. It can be easily seen that
the approximate solution and the exact solution are almost the same.
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CHAPTER 7

CONCLUSION AND OUTLOOK

In this study, the solutions of SDEs were studied and discussed by means of two
different methods of transformations. The first one, based on the idea of finding
an approximate solution, is I'T-M. Since the Ito-Taylor expansion is the stochastic
version of Taylor series expansion for ODEs, we have firstly got solutions for ODEs
by discretization. Then, by using the similar terminology as in the case of ODEs,
we obtained the Ito-Taylor approximation for one-dimensional SDEs.

As for the deterministic case, there also exists a multi-variable version of the
It6 calculus which means that we can extend the theory of the I'T-M from one-
dimensional SDEs to systems of SDEs. We classified those systems of SDEs
by cases with respect to the criterion of (un-)correlated (or (un-)standardized)
Brownian motions. For the systems of SDEs with standard Brownian motion,
we considered states and Brownian motions with respect to shared and non-
shared cases. After obtaining [to-Taylor expansions in each cases with standard
Brownian motions, we focused on the systems of SDEs with correlated Brownian
motions. Since it is not possible to apply directly It6 Lemma to the systems of
SDEs with correlated Brownian motions, it is needed to transform them to ones
having standard Brownian motion to obtain the It6-Taylor approximation. Then,
in order to get the approximate solutions of SDEs and systems of SDEs, related
discretization schemes were given. We considered strong convergence criterion to
approximate the true solution.

As a second way of finding solutions of SDEs, we proposed a probabilistic method
of representation: CT-M, which can be regarded as a standard tool for building
financial models. The idea was to change the scales of time before applying the
Ito Lemma to SDEs, so that we could more easily get representations of the
solution for SDEs. Additionally, CT-M, by definition, keeps tracks of financial
risk.

After that, we gave some applications of both IT-M and CT-M. We obtained the
discrete forms of some well-known financial models such as CIR model and OU
model. For CIR model, we also used CT-M, which is helpful, e.g., for pricing
variance and volatility swaps.

Also, we used the Ito-Taylor theory to get approximate solutions of stochastic
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control problems. When computing the derivative of the cost functional, we
benefited from Malliavin calculus. As for future work, deep relations of Malli-
avin calculus with control problems could be worked out. Moreover, Ito-Taylor
approximation procedure can be considered for nonlinear stochastic control prob-
lems [40] and hybrid systems [22]. Discrete forms of the state equations may be
obtained by methods presented in this thesis. The It6-Taylor approximation pro-
vides the needed linearization and discretization. In fact, we could proceed to use
IT-M in the financial context of stochastic control, e.g., in portfolio optimization.
Finally, we may use CT-M for those problems, too, and could also permit the
existence of fractional Brownian motions [27,39] that we can back to Brownian
motions through our transformation approach.
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